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Abstract—Many real-world datasets suffer from the problem
of missing values. Imputation which replaces missing values with
plausible values is a major method for classification with data
containing missing values. However, powerful imputation meth-
ods including multiple imputation are usually computationally
intensive for estimating missing values in unseen incomplete
instances. Rule-based classification algorithms have been widely
used in data mining, but the majority of them are not able
to directly work with data containing missing values. This
paper proposes an approach to effectively combining multiple
imputation, feature selection and rule-based classification to
construct a set of classifiers, which can be used to classify
any incomplete instance without requiring imputation. Empirical
results show that the method not only can be more accurate than
other common methods, but can also be faster to classify new
instances than the other methods.

I. INTRODUCTION

Classification is a major task in data mining [10], which

includes two main phases: a training phase and an application

phase. The training phase constructs classifiers which are

then used to classify new instances in the application phase.

Classification has numerous applications in computer science,

engineering, medicine, etc. There are still open problems, and

one problem is incomplete data [8].
Missing values are an unavoidable problem in many real-

world datasets [13]. For instance, 45% of the datasets in the

UCI Machine Learning Repository [12], which is a popular

benchmark database for data mining, have missing values [8].
Missing values lead to serious issues for classification. One

of the most serious issues is that almost all classification

algorithms cannot directly work with datasets which contain

missing values. In addition, missing values usually result in

big classification errors [8].
A common approach to tackling missing values is to utilise

imputation methods to substitute missing values with suitable

values. Imputation methods can generate complete data which

can be then utilised by any classification algorithm. Simple

imputation methods such as mean imputation are often fast,

but inaccurate. In contrast, powerful methods such as multiple

imputation are often accurate, but computationally expensive

[15]. Therefore, how to effectively and efficiently use imputa-

tion should be investigated.
Rule-based classification algorithms have been widely used

in data mining. The key reason is that rule-based classifiers

are easy for people to understand and interpret, and have

comparable performance to other classifiers [4], [7], [16].

However, the majority of rule-based classification algorithms

cannot directly work with incomplete data. In order to deal

with missing values, they must to be combined with imputation

to generate complete data from incomplete data. The problem

is that simple imputation methods such as mean imputation

result in big classification error, but powerful (effective) im-

putation methods such as multiple imputation [17] are very

computationally expensive. It is not straightforward how to

combine rule-based classification algorithms and imputation

in a way that is both effective and efficient, particularly in the

application phase.

Feature selection is the process of selecting suitable feature

subsets from original features. Feature selection is able to

improve classification, but it is usually applied to datasets

without missing values [18], [19]. This paper shows a method

to use feature selection to improve classification with datasets

containing missing values.

Ensemble learning is the process to build multiple classifiers

instead of a single classifier for classification tasks, and has

been proven to be able to improve classification accuracy [6].

Ensemble learning has also been applied to incomplete data

by building multiple classifiers, which can be then utilised to

classify new incomplete instances without requiring imputa-

tion [3], [11], [14]. However, when incomplete data contains

numerous missing values, existing ensemble methods cannot

work well, and require a large number of classifiers. This paper

also shows how to construct a small number of classifiers

which can directly classify incomplete instances, and perform

very well even when incomplete data has numerous missing

values.

A. Research goals

This paper proposes a method which combines imputation

and rule-based classification in an effective and efficient way,

exploiting the power of two well-known techniques: ensemble

and feature selection. It uses multiple imputation to build a

novel ensemble of specialised classifiers enhanced by feature

selection, and then uses the ensemble to efficiently classify

new instances without the need of imputation. The proposed
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method is compared with common methods for classification

with incomplete data to address the following objectives:

1) Whether the proposed method can be more accurate, and

can be faster than using imputation both in the training

phase and the application phase; and

2) Whether the proposed method can be more accurate,

and can be faster than existing ensemble methods for

classification with incomplete data.

B. Organisation

The remainder is organized as follows. Section II shows

related work. The proposed method is shown in Section III.

Experiment design is presented in Section IV. Results and

analysis are shown Section V. Section VI states conclusions

and proposes future work.

II. RELATED WORK

A. Imputation for Classification with Incomplete Data

The purpose of imputation is to substitute missing values

with suitable values. Imputation can generate complete data

that then is able to utilise by any classification algorithms.

Therefore, imputation is one of the most common ways to

tackle classification with data containing missing values [8].

Fig. 1 presents the main steps of applying imputation for

classification with incomplete data. In the training phase, an

imputation method is used to transform incomplete training

data into complete training data, which is then utilised by an

classification algorithm to build a classifier. In the application

phase, complete instances will be directly classified by the

learnt classifier. To classify an incomplete instance, first, it

is put into the imputation method to produce an imputed

instance, which is then classified by the learnt classifier.

Fig. 1. Using imputation for classification with incomplete data.

Imputation can be categorised into single imputation and

multiple imputation[13]. Single imputation estimates one value

for each missing value. Multiple imputation estimates a set

of values for each missing value. For example, kNN-based

imputation is a popular single imputation method which esti-

mates missing values in an incomplete instance by the average

of k nearest instances [1]. Multiple imputation using chained

equations (MICE) is a powerful multiple imputation method

which uses regression methods to estimate missing values [17].

Both single imputation methods and multiple imputation

methods have been widely applied to classification with

incomplete data [15]. Multiple imputation methods usually

obtain better accuracy than single imputation methods since

multiple imputation methods can reflect the uncertainty of

missing data better than single imputation methods. Nev-

ertheless, multiple imputation methods are frequently more

expensive than single imputation methods because multiple

imputation methods have to estimate multiple values for each

missing value rather than one value as single imputation

methods [15].

B. Rule-based Classification

Rule-based classification refers to any classification scheme

which uses IF-THEN rules for class prediction. Rule-based

classification methods have been widely applied because they

are easy to understand and interpret. Moreover, rule-based

classifiers can be comparable to other methods such as de-

cision trees, and can rapidly classify new instances [4], [7].

A rule-based classification scheme consists of there main

components: a rule induction algorithm, a rule ranking mea-

sure and a class prediction algorithm. The rule induction

algorithm refers to the process of constructing relevant IF-

THEN rules. The rule ranking measure is used to evaluate

the quality of each rule and rank them. The class prediction

algorithm is used to predict the class of a new instance based

on the rules along with their rankings from previous steps [16].

There are two main approaches to extracting rules. One

approach is to extract rules from a decision tree by building

a decision tree which is then transformed into a set of rules

[7]. Another approach is to extract rules directly from data by

using the “separate-and-conquer” strategy to gradually extract

rules for each class label [4].

C. Feature Selection

The purpose of feature selection is to select suitable feature

subsets from original features. Thanks to removing redundant

and irrelevant features, feature selection is able to result in

more accurate and simpler classifiers compared to using all

features. However, feature selection is a NP-hard problem

since the number of feature subsets is 2n, where n refers to the

number of original features [19]. Moreover, feature selection

is mainly utilised for complete data, but it is seldom utilised

for incomplete data.

Feature selection consists of a measure technique and a

search technique. The measure technique is used to evaluate

the goodness of feature subsets. The search technique is used

to search for feature subsets. The quality of feature selection

strongly depends both of the techniques [19].

Measure techniques for scoring feature subsets can be

divided into filter techniques and wrapper techniques. A filter

technique utilises a measure like information gain to score

feature subsets, which is independent from any classification
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algorithm. A wrapper technique utilises a classifier to score

feature subsets. Wrapper techniques are often more accurate,

but more expensive than filter techniques [19].

Search techniques for exploring feature subsets can be

categorised into tradition search techniques and evolutionary

search techniques. Sequential forward and backward selection

are two common traditional search techniques. Recently, evo-

lutionary techniques such as genetic algorithms (GAs), particle

swarm optimisation (PSO), and differential evolution (DE)

have been widely applied to feature selection [19].

D. Ensemble Learning for Classification with Incomplete
Data

Ensemble learning is a learning technique which constructs

multiple classifiers instead of a single classifier for a classifi-

cation task. Experiments show that an ensemble of classifiers

can often perform better than any single classifier [6].

Ensemble methods also have been applied to classifica-

tion with datasets containing missing values. In [3], [11],

an ensemble of neural networks is constructed to deal with

missing values. The ensemble can directly classify incomplete

data, but it cannot work well when the incomplete data

contains numerous missing values. Learn++MF builds a set of

classifiers for incomplete data in [14], where a single classifier

is build on a subset of training data by randomly selecting a

feature subset. To cover almost all missing cases, Learn++MF

needs to construct a huge number of classifiers. Although the

proposed method can classify incomplete instances without

requiring imputation, it possibly takes time to find suitable

classifiers for each incomplete instance.

Existing ensemble methods for classification with incom-

plete data can address missing values to some extent. However,

they require building a large number of classifiers, and cannot

work well when datasets contain numerous missing values.

Therefore, how to effectively use ensemble techniques for

classification datasets containing missing values should be

further investigated.

III. THE PROPOSED METHOD

The proposed method has four key ideas. The first idea

is to only use imputation in constructing the training data,

but not to use imputation in the application phase. Multiple

imputation produces sufficiently high quality imputed data,

but multiple imputation is too expensive to use during the

application phase. However, there is often no constrain on

the training time so that the use of multiple imputation is

feasible during training. The second idea is to use feature

selection to not only further improve the training data by

removing redundant and irrelevant features, but also to reduce

the number of missing values in the instances in the application

phase. The third idea is to identify patterns of missing values

in the training data, and then build a classifier for each such

pattern. These classifiers enable us to classify many new

incomplete instances without requiring imputation. Finally,

rule-based classification algorithms, which often only include

a small number of features, are used to construct the classifiers.

Therefore, the classifiers are tolerant of even a large number

of missing values.

The proposed method has two phases: a training phase

and an application phase. The training phase builds a set

of classifiers that is then utilised to classify new incomplete

instances without using imputation in the application phase.

Fig. 2 shows the main steps of the proposed method.

Fig. 2. The proposed method.

In the training phase, firstly, the incomplete training data

is put through multiple imputation to construct an imputed

training dataset that no longer has any missing values. After

that, a feature selection method is used to remove redundant

and irrelevant features and generate a training dataset with only

relevant features and no missing values. We also remove the

same redundant and irrelevant features from the original train-

ing data to generate an incomplete selected training dataset

that still contains missing values. This incomplete selected

training data is then searched to find all “missing patterns ”.

A missing pattern is a set of features such that there is at least

one instance in the training dataset, which contains missing

values for exactly the features in the pattern. Subsequently,

we construct a separate training dataset corresponding to each

missing pattern by removing the features in the pattern from

the imputed selected training dataset. Each of these training

datasets is then put into a rule-based classification algorithm

to construct a classifier.

In the application phase, a complete instance will be directly

classified by all the learnt classifiers, and then a majority vote
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is used to decide a final class label. To classify an incomplete
instance, the proposed method first searches for all suitable

classifiers which do not require features that are missing in

the incomplete instance. Subsequently, the incomplete instance

is classified by the suitable classifiers, and then a final class

label is decided by using a majority vote. In the rare cases

when there are no suitable classifiers, the method uses mean

imputation to construct a complete vesion of the instance.

IV. EXPERIMENT DESIGN

A. Comparison Methods

To investigate the effectiveness and efficiency of the pro-

posed method, it is compared with two common approaches

to classification with datasets containing missing values. The

first compared method uses imputation in both the training

phase and the application phase as shown in Fig. 1. The

second compared method is Learn++MF in [14], which builds

multiple classifiers in the training phase, and does not require

imputation in the application phase.

B. Datasets

The experiments evaluate the proposed method on five

datasets. Table I shows main characteristics of the datasets:

the number of instances, the number of features, the number

of classes, and the proportion of incomplete instances which

include at least one missing value.

TABLE I
BENCHMARK DATASETS

Name #Instances #Features #Classes
Incomplete

instances (%)
Arrhythmia 452 279 16 85.11

Horsecolic 368 23 2 98.1

Housevotes 435 16 2 46.67

Mammographic 961 5 2 13.63

Ozone 2536 73 2 27.12

None of the datasets was originally separated into train-

ing and test sets. Furthermore, some of them have a small

number of instances. Therefore, 10-fold cross validation is

utilised to separate the datasets into training sets and test sets.

Because 10-fold cross validation is a stochastic technique, it

is performed 30 times on each dataset. Consequently, for each

dataset, 300 pairs of training and test sets are used to compare

the proposed method and the benchmark methods.

C. Parameter Settings

1) Imputation: kNN-based imputation and MICE are used

in the experiments. These imputation methods are chosen to

represent two groups of imputation including a single impu-

tation method and a multiple imputation method, respectively.

kNN-based imputation with k=1 is utilised because it is fast

and non-parametric. MICE in R [2] is used for MICE’s

implementation.

2) Rule-based Classification: PART [7] and JRip [4], which

are two well-known rule-based classification algorithms, are

used in the experiments. WEKA [9] is used to implement the

classification algorithms.

3) Feature Selection: The experiments use a wrapper

method to perform feature selection. A rule-based classifier

is utilised to score feature subsets. Every serach method is

able to use to explore feature subsets, but DE is used in the

experiments because it is a powerful search technique and

not complicated, so it is easy to understand and implement.

DE’s parameters for feature selection are set as follows. The

population size is set to 50, and the number of iteration is set

to 100. The crossover rate is 0.25, and the mutation factor is

1. The threshold θ , which is utilised to decide whether or no

a feature is chosen, is set as 0.6

V. RESULTS AND ANALYSIS

A. Classification Accuracy

Table II shows the mean along with the corresponding

standard deviation of the proposed method and the compared

methods over the 300 pairs of training sets and test sets.

“MICEFs” refers to the proposed method as presented in

Fig. 2. “MICE” and “kNN” refer to the compared method as

shown in Fig. 1 by utilising MICE and kNN-based imputation,

respectively. “Learn++MF” refers to the compared method in

[14].

On each dataset, classification accuracy is the average of

accuracy over 30 times using 10-fold cross validation. The

Friedman test [5], which is a popular non-parametric tests for

multiple comparison, is used to statistically test whether hav-

ing significantly difference in classification accuracy. The test

shows that there exist differences in all datasets. Consequently,

a post-hoc procedure using the Holm procedure [5] is used

to perform pairwise comparisons. In Table II, “T” columns

present significance test of the previous column against the

proposed method, where “+” means the proposed method is

significantly more accurate, “=” means no significant differ-

ence, and “-” means significantly less accurate.

As can be seen from Table II that the proposed method

(MICEFs) can achieve significantly better classification ac-

curacy than the other methods in almost all cases. MICEFs
achieves significantly better classification accuracy in nine

cases and similar classification accuracy in one case compared

to MICE. MICEFs also achieves significantly better classifica-

tion accuracy in eight cases and similar classification accuracy

in two cases compared to kNN and Learn++MF.

To confirm whether MICEFs is really significantly more

accurate than the other methods, we do Friendman’s test on

the accurates of all algorithms in all cases. Table III presents

the ranking of the algorithms by Friedman’s test (smaller

means better). It is clear from Table III that MICEFs is the

best algorithm, followed by MICE, kNN and Lean++MF.

Moreover, we carry out post-hoc tests to perform pairwise

comparisons. Table IV presents pairwise comparisons by Holm

which is a post-hoc procedure . It is also clear from Table IV
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TABLE II
CLASSIFICATION ACCURACY AND STANDARD DEVIATION.

Dataset Classifier MICEFs MICE T kNN T Learn++MF T

Arrhythmia
PART 68.15±2.77 64.06±1.89 + 63.76±2.04 + 63.43±3.24 +

JRip 70.51±1.69 68.81±2.06 + 68.99±1.93 + 65.17±1.98 +

Horse-colic
PART 84.89±0.81 79.25±1.77 + 79.23±1.32 + 76.23±1.60 +

JRip 85.55±0.66 85.06±0.69 + 84.92±0.94 + 80.03±1.56 +

Housevotes
PART 96.13±0.41 95.72±0.79 + 95.74±0.63 + 92.13±0.53 +

JRip 95.82±0.47 95.52±0.54 + 95.63±0.39 = 92.44±0.91 +

Mammographic
PART 82.15±0.56 81.52±0.70 + 81.45±0.59 + 77.87±2.09 +

JRip 82.56±0.59 82.49±0.53 = 82.68±0.75 = 79.73±1.27 +

Ozone
PART 97.11±0.02 95.86±0.44 + 95.24±1.15 + 97.11±0.02 =

JRip 97.07±0.06 96.16±0.45 + 96.03±0.52 + 97.06±0.06 =

that MICEFs is significantly more accurate than each of the

other algorithms.

TABLE III
THE RANKING OF THE ALGORITHMS BY FRIEDMAN’S TEST

Algorithm Ranking
MICEFs 1.15

MICE 2.60

kNN 2.7

Learn++MF 3.55

TABLE IV
PAIRWISE COMPARISONS BY

HOLM’S TEST

Algorithms Holm
MICEFs vs. Learn++MF 0.0083
MICEFs vs. Knn 0.0100
MICEFs vs. MICE 0.0125
MICE vs. Learn++MF 0.0167

Knn vs. Learn++MF 0.0250

MICE vs. Knn 0.0500

Bold values indicate the significant dif-
ference.

In summary, the proposed method can be more accurate

than the both benchmark methods.

B. Computation Time

Table V shows the computation time of the proposed method

and the compared method (in millisecond) to classify all

instances in the application phase.

As can be seen clearly from Table V that the proposed

method is remarkably faster than the other methods. MICEFs
is thousand times faster than MICE because MICEFs does

not have to spend time to substitute missing values when it

classifies incomplete instance. In contrast, MICE has to spend

a long time to substitute missing values before classifying the

instance. MICEFs is also much quicker than kNN because

kNN also has to spend time to estimate missing values in

the application phase. Learn++MF does not spend time to

estimate missing values in the application phase, although it

is still slower than MICEFs. The underlying reason is possibly

that MICEFs uses feature selection to remove redundant and ir-

relevant features, so it often generates more compact classifiers

than Learn++MF. Furthermore, by removing redundant and

irrelevant features, MICEFs reduces the number of incomplete

instance, so it takes less time to search for suitable classifiers.

In summary, the proposed method can not only be more

accurate, but can also be faster than the other methods.

C. Further Analysis

In order to know how MICEFs can achieve better classi-

fication accuracy than the other methods, we further analyse

classifiers evolved by MICEFs. Fig. 3 shows the percentage

of missing patterns reduction by using feature selection. As

can be seen from Fig. 3, feature selection can remarkably

remove missing patterns in training data. For example, feature

selection can reduce more than 50% missing patterns in the

Horsecolic dataset. Therefore, MICEFs only needs to build a

small number of classifiers, but it still can classify incomplete

instances without requiring imputation.

Fig. 3. Percentage of missing patterns reduction by using feature selection.

Fig. 4 shows the percentage of the learnt classifiers which

are used to classify each incomplete instance. In training

phase, MICEFs only constructs one classifier for each missing

pattern. However, it is clear from Fig. 4 that more than 50%

of the learnt classifiers are used to classify each incomplete

instance. The underlying reason is that rule-based classification

algorithms can implicitly remove redundant and irrelevant fea-

tures. Therefore, rule-based classifiers can be used to classify
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TABLE V
COMPUTATION TIME (MILLISECOND).

Dataset Classifier MICEFs MICE kNN LearnMF

Arrhythmia
PART 3.4× 101 7.5× 107 4.9× 102 3.6× 103

JRip 2.0 2.3× 105 2.1× 101 1.6× 101

Horse-colic
PART 1.0 2.6× 106 1.2× 101 1.1× 101

JRip 6.0 2.5× 106 9.0 2.1× 101

Housevotes
PART 6.0 4.6× 105 9.0 2.4× 101

JRip 5.0 5.1× 105 1.0× 101 2.7× 101

Mammographic
PART 1.0 2.6× 105 1.7× 101 4.0

JRip 4.0 1.9× 105 3.2× 101 7.0

Ozone
PART 2.7× 102 1.2× 109 1.3× 103 2.9× 105

JRip 1.3× 103 1.4× 109 1.5× 103 6.9× 104

incomplete instances, which contain missing values in the

removed features. In other words, a rule-based classifier for

one missing pattern can be used for other missing patterns.

By building a set of classifiers, MICEFs can not only classify

incomplete instances without imputation, but can also obtain

better accuracy than the other methods.

Fig. 4. Percentage of classifiers used to classify each incomplete instance

VI. CONCLUSIONS

This paper proposed an approach to constructing a small

number of specialised effective classifiers for incomplete data.

The proposed method uses multiple imputation to provide a

high quality training data, which then is further improved

by feature selection. Subsequently, it builds one classifier

for each pattern of missing values identified in the training

data. The method can use this set of classifiers to directly

classify incomplete instances without the need for expensive

imputation. Empirical results demonstrate that the proposed

method is more accurate and faster than using imputation

in both the training and application phasees. Furthermore, in

comparison to existing ensemble methods, the new method

can achieve better classification accuracy, and can classify new

incomplete instances more quickly.

The method used a wrapper feature selection, future work

could investigate using filter feature selection. The method was

evaluated using PART and JRip, but there are other rule-based

classification algorithms that could be explored in future work.
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