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Abstract

Dealing with missing data poses a challenge as the quality of data is a significant element
when applying machine learning classification algorithms. Thus few methods have been
utilised to deal with such an issue prior to building classification models. Multiple impu-
tation has emerged as a more advanced technique for data recovery as it provides a best

reflection of the uncertainty inherent in missing data.

This research develops methods to integrate multiple imputed data with ensembles of clas-
sifiers for standard data and time series. It further proposes a new method for evaluating
imputation for standard data based on dissimilarity measure and a novel multiple imputa-
tion for univariate time series. The study investigates the performance of chosen standard
and time series classifiers when missing data increases. For both types of data, we initially
simulate a series of increasing missing data completely at random. Then missing data are
recovered using single and multiple imputation methods. After that, multiple imputed data
are employed to build our bagging and stacking ensembles. Various ensemble approaches

are implemented then compared and tested with other competitive approaches.

The results show that the proposed methods improve the classification accuracy for most
algorithms tested for both standard data and time series. One of the key findings is that even
with a higher level of missing data, the ensemble approaches can obtain good performance,
comparable to complete data or even better in some cases. The empirical evaluation shows
that, for most algorithms except Random Forest, the ensemble approaches outperform
the competitive methods in most scenarios of increasing uncertainty. Our methods and
statistical analysis are evaluated on data missing completely at random, but the same

experimental scenarios could be used for other types of missing data.
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1 Introduction

1.1 Background

Many real-world datasets have missing or incomplete data [46, 48, 146]. Since the accuracy
of most machine learning algorithms for classification, regression, and clustering could be
affected by the completeness of datasets, processing and dealing with missing data is a
significant step in data mining and machine learning processes. Yet this is still under-

explored in the literature [120, 31, 136, 135, 54, 87, 133].

Generic strategies have been commonly used to handle incomplete data in different fields
[86, 109, 56, 63]. Omne popular approach is to exclude missing records and carry out the
analysis on complete data. This is called Complete Case Analysis and it is common due
to its simplicity. However, it is not advised if the missing rate is equal or more than 5%.
Another approach is to recover missing values using imputation methods prior to modeling
and this is strongly recommended in the literature [116, 86, 26, 69]. The imputation can
be categorised as single or multiple depending on how many datasets are generated after

applying the imputation model.

Single imputation means that a missing value is estimated with one value from the distribu-
tion of known data. It ranges from a simple method such as mean to a more sophisticated
one such as that built based on machine learning algorithms. However, such single imputa-
tion methods have been criticised widely in the literature [63, 119, 18, 50]. This is because

they do not reflect the uncertainty in the data and may introduce bias in the analysis.

For regression problems specifically, where missing data has been more widely studied [86,

69, 70, 142, 109], Multiple Imputation (MI) [110] has shown advantage over other methods
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[86, 139]. In multiple imputation, each missing value is estimated by multiple plausible
values randomly generated from multiple imputation models. This produces variability
from both within imputation and between imputation. The method was proven to produce

valid statistical inferences and reflect the uncertainty of the missing data.

For regression, Rubin [110] proposed rules for combining multiple imputed data. The rules
estimate parameters of interest associated with variances from each of the imputed data.
Then these estimates are combined (averaged) into a single one also with one variance.
However, an approach is needed to successfully combine the multiple imputations in the
context of data mining algorithms. Particularly, it seems timely to experiment with powerful
concepts such as ensembles of classifiers for the combination of multiple imputed values in

the context of classification algorithms.

The aim of this work is therefore to conduct a thorough investigation of how to effectively
apply MI to classification algorithms, and particularly how to effectively combine the mul-
tiple imputations with the classifiers. In doing this, we focus on both standard data as
presented in a tabular format, but also Time Series (TS) data which is often analysed in
classification and requires also good methods for handling missing value. In both scenarios,
we propose an ensemble that combines multiple datasets produced by MI, we call this a
Multiple Imputation Ensemble (MIE). This is the most intuitive way in machine learning
to combine the results of different classifiers produced by different imputations. To fully
develop our method, we investigate combinations of different ensemble mechanisms with

MI methods to achieve best results.

To evaluate our proposed method, MIE, as effectively as possible, we produce simulated sce-
narios of increasing uncertainty in terms of missing data for both standard and TS datasets.
For standard datasets we also experiment with missing data affecting both attributes and
records, and different types of attributes. Hence our evaluation is then as thorough as

possible.

Chapter 1 Aliya Aleryani 2
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For the standard data, we create an experimental environment using datasets selected from
the university of California Irvine (UCI) Machine learning repository [85]. For each dataset,
we use a mechanism called Missing Completely At Random (MCAR) to generate missing
data through removing the values of chosen attributes and records with a variable probabil-
ity. Therefore, we produce several experimental datasets which contain increasing amount

of data MCAR distributed in the main dimensions of the dataset.

In those scenarios, we investigate how increasing the amount of missing data affects the
performance of competing approaches for handling missing data. For this we evaluate

comparatively single, machine learning and multiple imputation approaches.

We implement ensembles in java using a number of standard classification algorithms avail-
able through Weka [146], such as Random Forest (RF) [22], Support Vector Machines
(SMO) [75], Naive Bayes (NB) [82], C4.5 [102], and PART [52].

Performance of different approaches are compared using appropriate statistical tests. We
compare different missing data approaches in the context of a number of well known classifi-
cation algorithms. We also include in the comparison classification algorithms with internal

mechanisms for handling missing data.

On the other hand, Time series (TS) data are like any other real-world data that may have
missing values. This may occur during recording data, which may be caused by technical or
human faults. The presence of missing data is also an issue here because some time series

transformers as well as classification algorithms need the data to be complete.

The generic strategies for handling missing data discussed earlier may be also applied to
time series. However, given the temporal order of time series, imputation methods that
take into the account the inter-time correlation are preferable. A number of time based
imputations (Single/Multiple) have been developed and achieved good results compared

with generic imputation methods. However, for univariate time series particularly, some

Chapter 1 Aliya Aleryani 3
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multiple imputation packages may not be directly applicable since they are designated for

multivariate data. Hence, tackling this issue is timely and important.

For TS data, we extend the approach we proposed for standard structured data in which
we combined multiple imputation with ensembles to fill missing values [7], to develop a
new method, MIE-TS. We also propose an additional multiple imputation method based

on interpolation.

Datasets are collected from the UEA & UCR Time Series Classification repository [15].
First, we simulate missing sub-sequences under Missing Completely at Random mechanism
(MCAR), though in this case the missing data are contiguous values of the TS. We create
again scenarios of increasing missing data for robust evaluation. Then we use a number of
single/multiple imputation methods to recover the data while introducing uncertainty in
the process, reflected in the multiple values imputed. The imputed TS are then used to
build our ensembles. We build ensembles using a number of standard/time-based classifi-
cation algorithms. We use the same classifiers mentioned above except Naive Bayes which
is replaced by K-nearest neighbour (IBk) [2]. For TS classifiers, we employ Time Series
Combination of Heterogeneous and Integrated Embeddings Forest (TSCHIEF) [123] with a
collection of other classifiers such as Random Interval Spectral Ensemble (RISE) [51], Time
Series Forest (TSF) [40], Bag of Symbolic-Fourier Approximation Symbols (BOSS) [117],
and Proximity Forest (PF) [88]. The different approaches are compared using appropriate

statistical tests.

1.2 Motivation

In the early stages of data mining as a recognised field of research, Fayyad et al. [49]
investigated the problem of missing and noisy data in the context of data mining and the
need for statistical methods to handle this issue. Pyle [98] further explained the necessity for
treating this issue in the phase of data preparation. Since it is believed that the completeness

of a dataset can vastly impact most data mining algorithm, preprocessing and dealing with

Chapter 1 Aliya Aleryani 4
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missing data may be a significant step in the Knowledge Discovery and Data Mining (KDD)

process.

Some strategies have been devised to handle incomplete data as discussed in [63, 86, 56].
In particular, for regression, where missing data has been more widely studied (e.g. [70]),
multiple imputation has more advantageous than other methods [86, 142, 139, 68] because
of its ability to reflect uncertainty. However, much work is still needed to effectively adapt
such approaches in the context of data mining tasks such as classification. Hence, effective
approaches to apply multiple imputation to classification algorithms would be timely and
their robust evaluation in the context of classification algorithms is important and may

bring insights that are widely applicable.

In the literature, studies on the effect of missing data on classification have been confined
mostly to standard data [48, 138, 44, 135, 57]. Additionally, several experiments have been
conducted on relatively small or medium size datasets [89, 134, 135, 57]. This is also true
for time series datasets, which are growing and becoming an interesting field of research
thanks to the efforts made by Bagnall et al. [14, 11] and others. Time series may require
different imputation methods that take account of the specific characteristics of the data,

but those methods are not well developed, particularly for univariate time series.

On the other hand, the power of the ensemble approach to perform extremely well if it
is able to inject sufficient diversity was proven in many studies for both standard data
[147, 21, 41, 42] and time series [13, 123, 51, 117, 40]. However, for standard data, the
diversity injected by multiple imputation in combination with the one produced by an
ensemble has not been widely investigated. For instance, in the literature, to our knowledge
only a few papers [135, 32, 136] have proposed methods to combine multiple imputation
with ensembles. Recent work [149] has integrated a set of single imputation methods with

an ensemble in the context of standard data.

For time series classification, the ensemble also empirically outperforms many individual

time-based classifiers. However, multiple imputation for time series was seldom studied in
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the context of ensemble learning. For instance, a study was conducted for a forecasting task
combining single time based imputation with an ensemble [10]. Another approach [93] pro-
posed an ensemble to combine multiple imputations generated by Gaussian mixture models,
which could be applied on classification or clustering tasks. More studies are required to
study the variability that multiple imputation injects and how that may create increase
diversity for classification ensembles. Experiments with several ensemble algorithms will

help establish best practice.

1.3 Research Questions

The research questions we aim to answer are:

1. How does increasing missing data affect the performance of classification algorithms?
To study that, we will create robust experimental scenarios of increasing missing data.
We will concern ourselves with data MCAR, as that is the missing data mechanism
which is safer from the point of view of unbiased analysis. We will then examine how
different algorithms deteriorate with increasing missing data. We will consider the

performance on different competing approaches including;:
(a) Complete case analysis
(b) Building models with missing data
(c) Single imputation

2. Does the spread of missing data in attributes/records have an effect on performance?
For this, our experimental scenarios will contain a mixture of data missing from at-
tributes/features and from records/objects, to understand how the spread of the prob-

lem along the main data dimensions/size affects the quality of the algorithms.

3. Can multiple imputation with ensembles improve the performance of a classification

algorithm in the context of increasing missing data? To test this we can utilise all
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scenarios and apply a number of classification algorithms performing extensive evalu-

ation, including by the use of statistical significance testing.

4. Does the type of data (i.e. categorical, discrete, continuous, and mixed type), for
standard (structured) data, affect the algorithms performance in the context of missing

data?

1.4 Aims and Objectives

The goal of this research is to develop sophisticated methods that combine the power of mul-
tiple imputation with classification algorithms to deal with increasing scenarios of missing
data. Our hypothesis is that MI combined with ensembles may improve the predictive per-
formance of classification algorithms in the context of increasing MCAR data. We focus on
multiple imputation for classification but postulate that if the approach is proven suitable,

then multiple imputation for clustering may also be worthwhile as future work.

As we aim to improve the classification accuracy when missing data is encountered first in
standard data and then on Time Series data, we concern ourselves with standard datasets
with different sizes from the UCI repository [85] as these are commonly used when testing
the performance of imputation for classification tasks. Given the fact that imputation is
time consuming, we do not use much larger datasets as the cost of imputation in terms of
time and memory may be very high. However, we believe that experimenting with larger
datasets may be worth doing as a future work. A discussion of this is provided in Section
7.1. Furthermore, we study the performance of well-known standard classifiers that are
commonly employed for these types of data. We, therefore, do not examine deep learning
neural network classifiers in this research, as they are believed to be more efficient with very

large datasets. Again, this can be considered in further research.

Moreover, we restrict our experiment to univariate time series available from UCR/UEA
repository [15] that are extracted from devices such as (sensors, appliances) as those com-

monly encounter missing data. The minimum requirements for a dataset to be applicable
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for our approach are as follows. First, we collect complete time series datasets, i.e. have no
missing values in their origin. Second, our experimental set up involves generating a num-
ber of missing subsequences (consecutive datapoints). These subsequences vary in length
and must not overlap. Therefore, we choose time series with an adequate length. In our
experiment, the minimum length of time series is 144. Finally, time series must have a
range of values so that the imputation can be applicable to recover the simulated missing

data.

Our specific objectives to achieve the overall aim are as follows. Each of these steps will be

repeated for standard data and time series data:

1. Choose datasets of various sizes with different types and number of features to provide
a suitable test bed for our approaches, including a study of database characteristics

and the effect of missing data.

2. Produce a mechanism for generating MCAR data from the datasets chosen. This
should include scenarios of increasing challenge in terms of the size of the missing

data.

3. Generate imputed datasets from the previous step using simple as well as multiple
imputation methods such as Fully Conditional Specification algorithm (FCS) [77] and
Expectation-Maximization with Bootstrapping algorithm (EMB) [68] for data with
MCAR.

4. Apply a number of classification algorithms and observe their performance when the

missing data increases.

5. Propose a method to combine the multiple imputed datasets using ensemble tech-

niques.

6. Check the quality of the imputation methods using dissimilarity measures.
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7. Evaluate and compare the proposed methods against other methods to establish the
effectiveness of simple and Multiple Imputation for classification algorithms in the

context of increasing missing data.

1.5 Contributions of the Proposed Work

This research provides several contributions including extensive experiments with increasing
missing data under MCAR assumption; novel methods for combining multiple imputation;
evaluation method for checking the quality of imputation; and imputation method for uni-

variate time series. The following summarises the contributions of this research:

1. We conducted and published an investigation into increasing missing data scenarios
for standard datasets, and the impact on the performance of classification algorithms.
This used 17 datasets of different types and sizes, collected from the UCI repository.
We introduced different scenarios of missing data under MCAR, common methods
for handling missing data and classification algorithms. We found that complete
case analysis has a detrimental effect because it renders analysis infeasible for many
datasets as missing data increases, particularly for high dimensional data. We found
that increasing missing data does have a negative effect on the performance of most
algorithms tested. Dealing with the missing data by preprocessing strategies resulted
in a significant deterioration in performance. This work was published in the Hybrid

Artificial Intelligent Systems conference, 2018 [6].

2. We have contributed a robust experimental setup using 20 benchmark datasets from
the UCI Machine Learning repository. For each dataset, we have introduced increasing
amounts of data Missing Completely At Random (MCAR). Our scenarios of increasing

missing data are made available in [4] for researchers.

3. First dealing with standard data, we have proposed three multiple imputation en-
sembles (MIE) to combine MI as follows. Some of those methods, e.g. our stacking

ensembles are completely novel in the context of MI:
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e Our first proposed method is a homogeneous bagging ensemble. This combines
multiple imputed data as inputs, then a number of classifiers (same algorithm) are
built for each imputed dataset; then the predictions are combined by a majority

vote.

e Our second method is a heterogeneous bagging ensemble which also takes mul-
tiple imputed data but uses a different type of classifier for each dataset. A

majority vote is again employed to combine the multiple predictions.

e Finally, we build a stacking ensemble which has two layers. The first trains
heterogeneous classifiers on the multiple imputations, while the second layer
trains a meta classifier on the output of the first layer. This is novel in the

context of MI and ensembles.

e We also propose a novel evaluation measure for diagnosing the quality of the
imputation based on Gower’s distance. The method compares imputed data

points with their original counter parts.

We found that, for standard data, our proposed MIE outperform others, particularly
as missing data increases. The proposed homogeneous bagging and stacking ensembles
along with the evaluation by Gower’s distance was published in SN Computer Science

journal, 2020 [7].

4. We then extended the previous approach for multiple imputation with ensembles to

univariate time series (MIE-TS). As part of this:

e A simulation of missing consecutive sub-sequences under MCAR was carried out
then we use a number of single/multiple imputation methods. Again we make

these experimental scenarios available at [4].

e The imputed data are used to build homogeneous bagging and stacking ensembles
employing standard and time series classifiers which follow the same themes as

the previous work.
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e A novel multiple imputation for univariate time series data, a variation of inter-

polation, is developed and integrated with ensembles.

Different approaches are compared and tested using a number of statistical tests. Our
findings show that the combination of multiple imputation and ensemble improves the
performance of the majority of classifiers tested in this study, often above the perfor-
mance obtained for the complete data, even under increasing missing data scenarios.

This work is submitted to the Knowledge Based Systems journal, 2021 [5].

1.6 Thesis Outline

The thesis is organised as follows: this chapter served to set out the thesis 1. The literature
survey which is the background to all our work is discussed in Chapter 2. The research
design and methodology is shown in Chapter 3. An investigation of the impact of missing
data on the accuracy of classification algorithms is explained in Chapter 4. Chapter 5
demonstrates the proposed method for multiple imputation with standard data followed by
time series data in Chapter 6. Finally, the conclusions and future work are discussed in

Chapter 7.
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2 Literature Review

2.1 Introduction

Machine learning algorithms, particularly those developed for classification tasks, accom-
plished notable successes in various application domains such as pattern recognition, bioin-
formatics, medical diagnosis, marketing, spam detection and more. As data are collected
from a variety of sources, understanding data is one of the early phases in machine learning
and data mining process. As this research concerns classification with missing data for
specific types of data, this chapter first defines the types of data we will focus on. Then, it
discusses the problem of missing data, and how it may affect the performance of the clas-
sification algorithms. Furthermore, it reviews popular methods for missing data handling
along with classification algorithms and ensemble methods as those may form part of our

approach to handling missing data in classification.

2.2 Data Representation and Type

Data are one of the most essential components for machine learning tasks and can be
categorised as: structured, unstructured and semi-structured. Structured data (relational
data) is represented in a tabular format such as a relational database. On the other hand,
unstructured data has no specific format and a good example for this type is text data.
On the other hand, semi-structured data has no tabular format but contains some tags or
markers to separate semantic elements. It is often known as self-describing data, e.g. JSON
data. For machine learning problems, there are numerous real-world datasets available for
use, for example, those are available in the UCI repository [85]. The majority of these are

structured data. Nevertheless, this is not the case for some datasets, particularly those
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extracted from sensors, devices, which may be Time Series data, and hence do not comply
with the characteristics of structured data. These raw Time Series data can be structured in
some way (e.g. by extracting features) so that one can apply classification machine learning
algorithms. This is because standard machine learning classification algorithms require a
dataset to be in a certain form, i.e. a table of columns and rows. This research focuses
on those two types of data to which machine learning classification algorithms are readily

applicable: standard data and structured time series.

2.2.1 Standard Data

Let SD be a labelled (structured) dataset sampled from a distribution D, then SD =
{X1,X2,..., XN} is aset of X (where X represents a case/instance/example). Each X; con-
sists of an m-dimensional vector X; =< x;1, z;2, ..., Tim >, where x; denotes feature/attribute
values and each case is associated with a class label y;. The aim of classification is to distin-
guish to which class an unlabelled instance belongs to. Features within a standard dataset
have a data type which may be numerical attributes (integer, real), or categorical (binary,
ordinal, nominal). A dataset therefore can have numerical attributes, categorical attributes
or mixed type attributes. It may occur that one or more features have missing values which
pose further challenges to the preprocessing phase which is discussed later in this Chapter.
The class attribute may contain a binary value (one of two values) so in this case a problem
is treated as a binary classification or it is multi-classification problem otherwise. Numerous
classification algorithms as well as ensembles are proposed to classify such data and they

are also explained next in this Chapter.

2.2.2 Time Series (TS)

For TS, often a dataset has to be transformed into a structured dataset prior to applying
classification algorithms. However, TS differs from a standard classification problem as the
features have an ordered sequence. That is a time series, T'S, consists of m ordered real val-

ues denoted as T'S; =< t;1, o, ..., tiym > where m is the length of the series (number of obser-
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vations). A TS dataset, T'SD, is a set of T'S and is denoted as T'SD = {T'S1,T'Ss, ..., TSy}

where each T'S is represented as a case (row) and associated with a class label y;.

TS can be categorised as univariate or multivariate depending on the number of measure-
ments/variables in the first place. For example, TS of ordered values from one variable is

called univariate otherwise it is categorised as multivariate.

Standard machine learning algorithms may not be ideal for raw TS data since most classifiers
cannot capture the high correlation between consecutive time points. Therefore, some
researchers proposed a variety of approaches to transform TS in some ways so that they
can extract discriminated features and hence apply standard classifiers. On the other hand,
in the past two decades, a considerable amount of TS classification research has focused
on developing time based classifiers that employed similarity measures while most recent
work has focused on embedding transforming mechanisms within the classification process

[12, 117, 51].

2.3 Algorithms for Classification of Standard Data

We focus on the following well known classification algorithms, some of which have been
identified as top data mining algorithms [148, 152]: Decision Trees (C4.5), Naive Bayes
(NB), PART, Support Vector Machines (SVMs) and Random Forest (RF).

2.3.1 Decision Trees (C4.5)

C4.5 is one of the most influential decision tree algorithms. The algorithm was written and
further modified by Quinlan [102, 99, 100]. It is widely used in machine learning problems as
it can deal with different types of numerical attributes and categorical attributes as well as
missing values. Given a training set, C4.5 is a recursive algorithm which splits the training
data according to some criterion. If the stopping criteria is met then recursion stops. This
may be when all cases or a majority of cases belong to the same class. Then a leaf node

is created and labelled with the majority class. Otherwise, C4.5 continues to build the
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decision tree by choosing the best attribute to split data, i.e the attribute with the highest
gain ratio. Gain ratio (GainRatio) measures how good a split is for an attribute, A, in
terms of creating the best possible entropy. Best entropy will be achieved by the split that
produces the more pure nodes in terms of class labels. To calculate the GainRatio, entropy
and information gain must be computed first. The entropy for a dataset with C' classes is

calculated as:

Entropy = — Z P(x;)logy P(x) (2.1)
i=1

where p; denotes the probability that a case, x; belongs to class i. The information gain

(InfoGain) measured the difference between entropy before and after split based on a given

attribute.

Therefore, GainRatio is defined as:

InfoGain

GainRatio =
Entropy

(2.2)

After splitting the data on the best attribute A, the process of tree building is then repeated
on each subset till every leaf node in the tree is assigned to a class label. Finally, the
algorithm performs an optimization process called, tree pruning, if required to improve the
generalization of the decision tree. This process reduces the large sized tree and hence
avoids overfilling. The details of how C4.5 deals with missing data are provided in more

detail in Section 2.7.

2.3.2 Naive Bayes

Naive Bayes algorithm [73] is based on the Bayes theorem of probabilities with the assump-
tion that the features are independent of one another. The classifier computes the posterior

probability for each class then makes a prediction for the class with the highest probabil-
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ity. Although the assumption of independence may be unrealistic (hence the name), the
algorithm has some advantages due to its simplicity and speed and has shown effectiveness
in some problems [148, 73]. Furthermore, Naive Bayes can handle different data types as
well as dealing with binary and multiclass problem. It generally works by ignoring missing

values.

2.3.3 PART

PART is a rule-based algorithm developed by Frank and Witten [52]. It combines two
approaches, C4.5 and RIPPER, with the latter extracting rules after building a partial
C4.5 decision trees. PART obtains more accurate rules than the initial rules generated
from C4.5 and RIPPER. First, PART splits the data as C4.5. Then, it expands subsets
based on low entropy which most likely result in creating small (partial) sub-trees. The
process is repeated recursively until subsets are expanded to a leaf. Finally, a general
best leaf is chosen as a rule which should contain as many instances as possible. Similar
to previous algorithms, it can deal with different types of attributes and internally treats

missing values, which is further discussed in Section 2.7.

2.3.4 Support Vector Machines

SVMs is a statistical based classifier developed by Vapnik et al. [20, 36, 144]. It can be used
for classification and regression. SVMs maximise the margin between the hyperplanes that
separates the classes. The decision function is determined by a subset of training samples
known as the support vectors and this results in reducing memory requirements. The
algorithm also utilises a mechanism called the Kernel trick to solve problems for non-linearly
separable classes. That is, a kernel function maps the original data to a higher dimensional
space without calculating the coordinates of original data in that space. The data is then
linearly separable in the higher (transformed) space. Furthermore, the algorithm can handle
numerical attributes and transform nominal values to numerical then normalise both during

classification process. The algorithm does not have a mechanism to deal with missing
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values internally. However, some SVMs implementations use imputation methods to recover

missing data, which is explained in Section 2.7.

2.3.5 Random Forest

Random Forest [22] is an ensemble algorithm which produces multiple decision trees and
can be used for classification and regression. It is a robust algorithm that produces high
classification accuracy in many problems [45, 106, 94, 97, 74]. This is because random
forests use a bootstrap technique which randomly splits training features to a number of
subsets with replacement. A Random Forest then builds a tree for each subset and may
end up by growing hundreds of trees depending on the number of samples. To classify a new
instance, the classifier aggregates the decisions of individual trees based on the majority
vote. Random forest has advantages over a single decision tree because it builds diverse
trees which may help to decrease bias and variance of the classification. The algorithm can
handle different data types and treat missing values internally, and this is explained later

in Section 2.7.

2.4 Time Series Classification (TSC)

Classifying TS data can be achieved by applying two different classification schemes: stan-
dard classification algorithms which required the data to be transformed and T'S based algo-
rithms. Time based classifiers consider the temporal nature of the data. Extensive studies on
TSC by many researchers have been conducted in the past two decades [78, 105, 145, 14, 11].
TSC algorithms can be categorised based on the techniques used to find the discriminat-
ing features as follows: distance based, intervals based, dictionary based, shapelets based,

hybrid and deep learning.
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2.4.1 Distance based

Distance based algorithms are those that compute similarity metrics between series then
integrate the distances with a distance based classifier. A good example for this type which
is the benchmark for TSC is dynamic time warping combined with 1-nearest neighbor
(DTW_INN) [14]. Proximity Forest (PF) [88] is the state of the art under this category
[15].

2.4.2 Dictionary based

TS can be transformed to a dictionary (sequence of words) by using a sliding window mecha-
nism. That is, the real values of each subs-series (window) are represented as a symbol which
will then form a word. The frequency of these sub-series then determines the class. Bag
of Symbolic-Fourier Approximation Symbols (BOSS) [117] and Word Extraction for Time

Series classification (WEASEL) [118] are examples of dictionary based classifiers.

2.4.3 Interval based

This refers to algorithms that extract features from intervals of each series then classification
is performed on these transformed features. Determining the length of the interval and
summary statistics to be calculated are the core factors for this approach. Time Series
Forest (TSF) [40] and Random Interval Spectral Ensemble (RISE) [51] are examples of

interval based classifier.

2.4.4 Shapelet based

A shapelet is a sub-series of contiguous values which is representative of a class. First step
is to create a number of candidates, then only the best shapelets are chosen to transform
the TS by calculating the distances from a series to each shapelet. Shapelet Transform

Classifier (STC) is one of the most accurate shapelet transform classifiers [14].
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2.4.5 Hybrid based

It is also called model based. It is an ensemble of different models where each model can be
produced from different TS classifiers. Hierarchical Vote Collective of Transformation-based
Ensembles (HiveCote) [13] and Time Series Combination of Heterogeneous and Integrated
Embeddings Forest (TSCHIEF) [123] are the most accurate classifiers as reported in the

UEA & UCR time series classification repository [15].

Next is a description of a collection of the state of the art time series classifiers [15] in which

this research focuses on.

PF [88] is a distance based TS ensemble of proximity trees. It adapts the idea of a deci-
sion tree but perform a different test procedure. Furthermore, a reference and similarity
measures are attached to each branch of the internal node of a proximity tree. Starting
from the root, each node is recursively created till reaches to the leaf. The algorithm then
randomly selects a distance measure from a collection of 11 measures used such as Fuclidean
distance, Move-Split-Merge, Longest common subsequence, Edit distance with real penalty,

and different variations of Dynamic time warping.

BOSS [117] is a dictionary based ensemble consists of multiple BOSS models. That is
each BOSS model is performed in three stages. First, a sliding window approach is used to
divide a series to intervals of predefined length. Next, each interval is normalised to have
a standard deviation of 1. Finally, the symbolic fourier approximation (SFA) transformer
is applied to convert each interval values to a sequence of symbols (SFA word) and then
produce BOSS histogram. BOSS classifier is next built based on 1-nearest-neighbour (1-NN)
and the BOSS model.

TSF [40] is an interval based ensemble of trees. At each node, a TS tree samples random
intervals of each series. Then summary statistics such as mean, standard deviation and
slope are computed for each interval. These new features are employed to build the decision

trees. To determine the best split, the entropy gain and a distance metric are computed.
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That is, the best split is the one with the highest entropy. To classify a new instance, a

majority vote method is used to assign the class.

RISE [51] is an alternative to TSF which is also an interval based ensemble. The difference
between RISE and T'SF is the number of intervals per tree and the type of features extracted.
RISE uses one interval for each tree. For each interval, it employs transformers such as
autoregressive coefficients, autocorrelation coefficients, and power spectrum coefficient for
feature extraction. These features are combined then to form a new dataset which is used

to build a decision tree. Majority vote is used here to classify a new case.

TSCHIEF [123] is a heterogeneous ensemble classifier that builds a forest of trees. The
algorithm follows the same mechanism of constructing a tree which starts from the root
then down to the leaf. Next, at each node, the algorithm incorporates different types of
splitting functions employed for TS such as TS similarity measures, dictionary-based, and

interval-based representations.

2.5 The Problem of Missing Data

Many real-world datasets have missing or incomplete data [46, 48, 146]. The UCI reposi-
tory, which is one of the biggest sources for machine learning datasets, has many incomplete
datasets. The issue of missing data was firstly addressed in the context of data mining by
Fayyad et al. [49]. Soon after, the necessity for treating this issue in the phase of data
preparation was investigated by Pyle [98]. The completeness of a dataset can vastly im-
pact most data mining algorithms. This is because missing values may occur in important
(informative) features in a dataset which may lead to deterioration in the classification per-
formance. Additionally, some classification algorithms cannot treat missing data internally
while some implementations require that data are complete. Furthermore, the choice of
the appropriate handling methods can be crucial since some may produce invalid or inac-
curate results. Thus handling missing data during the preprocessing phase is becoming a

fundamental step in the Knowledge Discovery and Data Mining (KDD) process.
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Similarly missing data may be encountered in TS [68, 69, 9, 17]. This may occur during
recording data, which may be caused by technical or human faults. The presence of missing
data is challenging because it does not only affect the classification but also the representa-
tions/transformations of the TS. Some classification algorithms can also deteriorate when
the rate of missing values is high [43] while others may not be applicable when data has
missing values [11]. Therefore, the data needs to be recovered by applying appropriate

methods.

When talking about missing data, both the patterns in missing data and the mechanisms
that generate the missing data are of importance. The patterns are concerned with which
values are missing. The mechanisms, on the other hand, are concerned with why data is

missing.

2.5.1 Missing Data Patterns

Horton et al. [70] have categorised the patterns of missing data into monotone and non-

monotone.
1. Monotone patterns

Monotone patterns of missing data imply that the same data points have missing
values in one or more features, so specific points are affected by missing data. It often
happens in some longitude or measurements studies. For instance, if a student drops
a course before taking any exam, he or she probably has no credit for Examl, Exam2,
...etc. In that scenario, lets assume that F;, F;,1 are the features where Examl and
Exam?2 are stored respectively. If we have such a pattern where F;, F; 1 are missing,

we say that the missing pattern is monotone.
2. Non-Monotone patterns

Non monotone pattern can be categorised into univariate and arbitrary [46]. Uni-

variate patterns of missing data are those where the same data points have missing
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values in one or more features. For instance, If D is the original dataset, Fi, Fs, ..., F),
are the features and n is the total features number, we can say that the patterns
of missing values are univariate if the missing values encountered are identical in all
data points. On the other hand, data is said to have arbitrary missing patterns if the

missing values are randomly spread among the data points.

For this research, we examine both patterns i.e. for the standard datasets we focus on
non-monotone patterns so the missing data affects multiple data points with no particular
relation between data missing for different attributes for the same data points. However,

for the TS, we consider monotone patterns.

2.5.2 Missing Data Mechanisms

Little and Rubin [86] have defined missing data based on the mechanism that generates
the missing values into three main categories as follows: Missing Completely at Random
(MCAR), Missing at Random (MAR), and Missing not at Random (MNAR). The cate-
gorisation is important because it affects the biases that may be inherent in the data, and

therefore the safety of approaches such as imputation.
1. Missing Completely at Random (MCAR)

Missing Completely at Random (MCAR) occurs when the probability of an instance
missing for a particular variable is independent of any other variable and independent
of the missing data. It can be said that for MCAR missing data is not related so
missing or to any other factor known or unknown in the study. This represents the

safer environment for imputation to operate.
2. Missing at Random (MAR)

Missing at Random (MAR) occurs when the probability of an instance having a miss-
ing value for an attribute may depend on the known values of other attributes but not

on the value of the missing data itself. There are some inherent biases in data MAR,
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but it may be still safe to analyse this type of data without explicitly accounting for

the missing data.
3. Missing not at Random (MNAR)

Missing not at Random (MNAR) happens when the probability of the instance having
a missing value depends on unknown values. This is also termed a non-ignorable
process and is the most difficult scenario to deal with and required a further sensitivity

analysis.

2.6 Mechanisms Employed in Data Mining

Since missing data can be encounter in any type of real-world datasets, a number of com-
mon methods have been widely employed based on the nature of the data. For instance,
for standard datasets, which are widely spread, numerous methods have been applied to
deal with missing data. However, for TS data, methods that utilise time correlation are

specifically designated to deal with incomplete data.

2.6.1 Mechanisms for Incomplete Standard Data

In practice, there are four popular approaches that have been used to deal with incomplete
data: complete analysis, statistical imputation methods, machine learning algorithms for
imputation and having algorithms with mechanisms to deal with missing data. The first
three approaches rely on preprocessing of the data to either remove or replace missing values.
The last approach passes the missing value to the algorithm, relying on the algorithm itself

to produce models taking account of the missing data.

Complete Case Analysis

In ‘Complete Case Analysis’ only complete data is passed to the algorithms. This will work
well when algorithms cannot handle missing data and is the default in many statistical

packages, but it should be only used when missing data is under the MCAR assumption
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[86]. It also results in decreasing the size of data and the information available to the models
and may bias the results [125]. As the uncertainty increases, particularly in a dataset with
high dimensionality for which data sparsity may be more problematic, classification may
become infeasible due to insufficient information enfolded in the data passed to the analysis,

as we found in previous work [6].

Statistical Imputation

A second approach is Statistical Imputation. The approach showed superior improvement
than complete case analysis in many studies [119, 142]. Again this helps with algorithms
that cannot handle missing data as imputation means that missing values are replaced prior
to the analysis [86]. Mean or median imputation is commonly used with numerical instances
and mode imputation with nominal instances. However, such simple imputation methods
have been criticised widely [63, 119, 18, 50], because they do not reflect the uncertainty in

the data and may introduce bias in the analysis.

On the other hand, multiple imputation [109], a more sophisticated method, replaces missing
values with a number of plausible values which better reflect the uncertainty in the missing
data. The technique has proven its usefulness in the context of statistical studies [86,
70, 16], but some challenges may be encountered when the missing mechanism is MNAR.
In such cases additional analysis may be required [27]. Given the multiple imputation
effort, the technique may have higher computational complexity. A method for combining
the results of the analysis on multiple datasets is also required. For regression analysis,
Rubin [109] defined some rules to estimate parameters from multiple imputation analysis.
For application to data mining algorithms, good methods for pooling the analysis may be
required and those are what we try to explore in this study via ensemble techniques. For
classification particularly, a study proposes to average multiple imputed data into a single
data then build classifiers [135]. Other methods [135, 32, 136] combine multiple imputed

datasets with an ensemble approach as this achieves better performance.
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Model based imputation

Model based imputation with either regression or classification models can also be used for
missing values [101, 100, 114, 119, 71]. In regression-based imputation, for example, an
attribute with missing values is treated as a dependent variable and other attributes in the
dataset are used to impute the missing data for that attribute [119, 90]. One drawback
under this approach is that different regression equations must be computed based on the
available data. However, sometimes important attributes that should contribute to the
equation may also have missing values. As a result, the fitted model may be poor. Another
possible disadvantage is that this method assigns one value for each missing cell which
does not reflect the uncertainty of missing data. For classification, an algorithm such as
Random Forest [22, 23] can be employed to impute missing data by building a classification
and regression tree (CART). First, it replaces missing values by the median if they are
numeric or mode if they are categorical then adjusts the imputation by using the proximity
from Random Forest algorithm. As a result, the continuous attributes are imputed by the
weighted mean of complete records and the categorical attributes by the nominal with the
highest mean proximity. Again this method does not reflect the uncertainty as it produces

single imputed data.

Finally, a number of algorithms (e.g. C4.5 [101], PART [52], and RF [80]) have been
constructed to cope with missing data, that is, they can develop models in the presence of
incomplete data. A detail of the internal mechanism for these algorithms are discussed in

Section 2.7.

2.6.2 Mechanisms for Incomplete Time Series

Some researchers may apply complete case analysis though it is not recommended for TS
problems [68]. Others may use imputation methods used for standard data such as mean
imputation, KNN imputation, or other forms of machine learning imputation. However,

these do not preserve the temporal structure of TS which may lead to inappropriate anal-
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ysis. On the other hand, a number of simple time based imputation methods such as
Last Observation Carried Forward (LOCF) [122, 150], Next Observation Carried Backward
(NOCB) [47] may be used. Nevertheless, both methods have a drawback as they do not
introduce variability because of the assumption that change is nonexistent between two
time points. Other popular method, which is more common particularly in TSC, is inter-
polation. In this approach the missing value is replaced by the average between one value
or more before that missing value and one value or more after it, depending on the type of
interpolation which can be linear, spline or cubic interpolation [121]. On the other hand,
multiple imputation is also applicable to TS data although there is a lack of such meth-
ods that are designated for TS. For example, for multivariate T'S, one can use the method
based on Expectation-Maximisation with Bootstrapping [69]. However, no such method are

proposed for univariate TS.

2.7 Classification Algorithms with Missing Data

Here we explain how the aforementioned standard classification algorithms and their im-

plementations in Weka, our platform of choice, can treat missing values.

C4.5 was modified by [100, 101] to treat missing data using fractional method in which
the proportion of missing values of an attribute are used to modify the information gain
and split ratio of the attribute’s gain ratio. After making the decision for splitting on an
attribute with the highest gain ratio, any instance with missing values of that attribute is
split into several fractional instances which may travel down different branches of the tree.
When classifying an instance with missing data, the instance is split into several fractional
instances and the final classification decision is a combination of the fractional cases [58].

The implementation of C4.5 in Weka, which is J48, uses the fractional method [59].

Naive Bayes, as well as its implementation in Weka, ignores features with missing val-
ues thus only the complete features are used for classification [29, 82]. Therefore, it uses

complete case analysis instead of handling missing data internally.
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PART, as well as its implementation in Weka [59], is capable of treating missing data
when constructing a partial tree as C4.5 does. At the time of building the tree, a fractional
weight is assigned to an instance with missing values are assigned that is proportional to
all training examples and may travel down different branches of the tree. When testing an
instance, the same strategy applied to each rule then the weight of that instance is reduced

before going to the next rule [52].

SMO (Sequential Minimal Optimization) is the modification of the SVMs implemented
in Weka that solves the problem of Quadratic Programming (QP) when training SVMs in
higher dimensions without extra storage or optimization calculations. Although SVMs do
not deal with missing values [83], the SMO implementation performs simple imputation by
globally replacing the missing values with the mode if the attribute is nominal or with the

mean if the attribute is continuous [59].

Random Forest, including its implementation in Weka, uses the fractional method [80]
for missing data in a similar manner to C4.5. We found out in our previous study [6] that
Random Forest outperforms other algorithms when increasing uncertainty, thus we choose

it in this study as our benchmark algorithm.

2.8 Multiple Imputation (MI)

Multiple imputation reflects the uncertainty as it produces analysis based on a number of
plausible values for a missing value, although the technique may have higher computational
complexity. Although multiple imputation has proven its usefulness in the context of sta-
tistical studies [70], some challenges may be encountered when the missing mechanism is
MNAR, for which additional analysis is required [27]. Since MI has become an attractive
method to address missing data for researchers, a number of MI methods have emerged. A

discussion of these methods will be provided next.
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2.8.1 Multivariate Imputation by Chained Equations (MICE)

Fully Conditional Specification (FCS) is a method of MI that has firstly developed by Ken-
nickell [77]. The method defines a conditional density function to specify an imputation
model for each missing predictor (variable) one by one, then iterates the imputation over
that model. Multivariate Imputation with Chained Equations (MICE), an algorithm de-
veloped by Buuren [26], is based on FCS but the imputation can be also applied for data
that has no multivariate distribution. For each variable with missing values, the algorithm
starts by identifying an imputation model for each column with missing values. After that,
the imputation will be performed based on random draws from the observed data. The
process is repeated based on the number of iterations set-up and the number of variables

with missing values.

2.8.2 Expectation-Maximisation with Bootstrapping (EMB)

Honaker et al [69] have developed EMB algorithm for handling missing data that combines
EM algorithm with a bootstrapping approach. The EM algorithm is an iterative approach
developed by Dempster et al. [38] that can be applied in the presence of missing data.
Starting with the Expectation and then the Maximisation step, the algorithm aims to
estimate the model parameters (posterior) by iterative performing the following. Firstly,
in the Expectation step (E-step), the likelihood function is evaluated by considering the
current estimate of the model parameters. Second, in the Maximisation step (M-step),
the parameters are updated to maximize the likelihood function. Next E-step updates the

parameters from M-step to determine the new distribution.

On the other hand, bootstrapping is a mechanism used to estimate a sample distribution
from original data with or without replacement. EMB works by repeatedly drawing a
bootstrap with replacement from the original data M times, for the M required imputations;
then, EM is run which firstly assumes a particular distribution, then initialises mean and

variance values for the missing data in each bootstrap generated. Then the likelihood
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function is estimated by considering the current estimate of the model parameters (mean
and covariance). Then the parameters are updated to maximise the likelihood model. The

expectation and the maximisation steps are repeated until the values converge [68].

2.9 Ensemble Learning

An ensemble is a technique for combining models used in machine learning. It was intro-
duced by Tukey [137] when he built an ensemble of two different regression models. Since
then it has been then broadly studied and reviewed in classification tasks [147, 21, 41, 42].
The idea of an ensemble is to induce a set of base learners (classifiers), then their predictions
are aggregated in some way to obtain a better classification. This can have advantages over
relying on a single model as a combined model may be more precise and accurate. Fur-
thermore, Breiman [21] has explained the usefulness of ensembles with unstable classifiers
that are easily affected by changes to the training data such as decision trees and neural

networks.

An ensemble can be categorised according to the underlying machine learning algorithms
used into two main types: homogeneous and heterogeneous. A homogeneous ensemble is
constructed from learners of the same type, e.g. a set of decision trees. On the other hand,
when the strategy is to combine different types of learners such as decision trees, neural

networks or Bayesian networks then we have a heterogeneous ensemble.

2.9.1 Ensemble Structure

According to the usefulness of an ensemble technique, a number of ensemble architectures
have been proposed in the literature [24, 67]. Rokach [107] has further summarised the

basic components of an ensemble for classification problems as follows:

1. Training set: A dataset, which contains a number of instances (records) in which each
instance represents a set of input attributes (features) along with the class attribute

(target), used to train the base classifiers.
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2. Inducer: The role of the inducer is to form the relationship between the features and

the target.

3. Generator: This component is responsible for generating a diverse ensemble by pro-

ducing a pool of different classifiers.

4. Combiner: This is for aggregating predictions made by multiple classifiers.

2.9.2 Ensemble Methods

In general application, the aim of constructing an ensemble is to achieve a classification
accuracy that is greater than any of the individual learners. Thus, the individual learners
are expected to be accurate with an error rate better than random guess, and diverse so two
classifiers provide different errors when predicting a new instance. A number of methods
for constructing a diverse ensemble have been developed [21, 33, 53, 41]. Below is an

explanation of the most popular ensemble methods which are bagging and stacking.

Bagging

Bagging, (also known as Bootstrap Aggregation), is a common ensemble method that can be
applied to classification and regression problems [101, 41]. It is used to reduce the variance
between models by generating additional training sets from the original data [101]. It is one
such method where a proportion of data points are randomly chosen with replacement by
using bootstrap mechanism which generates multiple training sets; each has approximately
63% of the training data points [101, 130]. Then a same base learner (e.g. decision trees)
is run in parallel on these training sets. As a result, an ensemble of different models will be
generated. To make the prediction for new unseen data, the final decision is the average of

the individual predictions obtained from the different models [101, 41].
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Stacking

In the context of ensemble learning, meta-learning is the process of learning from the mul-
tiple learners and their outputs on the original training data. Such method is efficient when
individual classifiers mis-classify the same patterns [108]. The method was introduced by
Wolpert [147] and refers to a construction mechanism that uses the output of classifiers in-
stead of the training data to build the ensemble. A stacking ensemble can be implemented
in two or more layers. In the first layer, a number of base learners are trained on the entire
training set then produce level-0 models. Then the predictions of the individual models are
used as input attributes (meta-level attributes) to the ensemble. The target of the original
training set is appended to the (meta-level attributes) to form a new set of predictions,
level-1 model. This set is used to train a meta classifier in the ensemble. The meta classifier
can be trained based on the predicated class label or the probabilities generated from level-0

models [131]. This model is used to estimate the final prediction in the ensemble.

2.9.3 Combining Methods

As mentioned early in Ensemble learning Section that the purpose of an ensemble is to
obtain an accurate prediction, thus numerous methods for combining different classifiers
and their outputs have been examined by researchers (e.g. [8, 96, 147, 30]). Rokach [107]
has further categorised the methods of combining individual models into the following two:

weighting methods and meta learning.

when constructing an ensemble using for example, Bagging and Boosting algorithms which
are mainly manipulating the training data, the results of each classifier can be combined by

using weighting methods such as majority voting and performance weighting.

1. Majority voting:
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Majority voting is a weighting method in which the class label is obtained based on
the highest number of votes among classifiers [8]. Below is the general notation for

majority vote:

Class(z) = arge,edom, max(z 9(ye(z), ci)) (2.3)

where x denotes an instance to be classified by a classifier ¢, i number of classifier
, Yr(x) is the classification of the k_th classifier and g(y,c) is an indicator function

defined as:

1 =c
g(y,c) = { . Y , (2.4)
Yy F£c

. Performance weighting;:

In this method, each classifier assigns a weight that is proportional to its accuracy

that has been achieved on a validation set [96].

(1-E;)

o= —m—— 2.5
2]21(1_Ej) 25

where F; is a normalization factor which is based on the performance evaluation of

classifier 7 on a validation set.

2.9.4 Ensemble Diversity Measures

According to Hansen and Salamon [64], the diversity and accuracy of the individual clas-

sifiers are two conditions that must be satisfied to obtain a good ensemble, in terms of

accuracy, and this has been widely discussed in the literature [37, 151, 91]. Construct-

ing an ensemble of different members types such as decision trees, neural networks, rule,

...etc. allows the ensemble to understand a classification problem from different perspec-
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tives. Furthermore, Hu [72] has stated that the errors obtained from diverse classifiers are
uncorrelated. Thus, Kuncheva and Whitaker have summarised various measures of diver-
sity and their correlation to the ensemble accuracy [84]. Brown et al. [24] have divided two

types of diversity measures: pairwise and non-pairwise as follows:
1. Pairwise measures:

Pairwise measures are used to compute the distance between two classifiers in the en-
semble. Kuncheva and Whitake [84] have recommended the disagreement and double
fault measures. The disagreement measure [66] is used to calculate the proportion of
instances in which one classifier correctly classifies but its counterpart miss-classifies

to the total number of instances. The equation for this is:

DZ‘SZ'J' = (26)

where m;; is the number of cases in which both classifier i and classifier j are correct

while mz represents the number of instances that are incorrectly predicted by both

G
classifiers. Similarly, m;; and m,; is the number of cases in which one classifier has

correctly classified but its counterpart has misclassified these instances.

Double-fault measure [60] is defined as the ratio of the instances that have been in-

correctly classified by two learners:

Dfi ;= (2.7)
M + M5 + Mmaj + my;

2. Non-Pairwise measures:
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They can be used to calculate the correlation of the classifiers with the averaged
output such as entropy measure [37]. The diversity among classifiers for an instance

zj 1s identified as:

N
1 1
E:—E—'Z-L—l- 2.
Nj:l (L—[L/2]) mln{ (Z])7 (Z])} ( 8)
where E ranges between 0 if they are not different and 1 if classifiers are extremely
diverse, [(z;) denotes the number of classifiers that correctly classify an instance z;j,

L denotes the total number of classifiers, N indicates the total number of cases as in

the notation below:

N = NOO —|—N01 +N10 + Nll (29)

where N and N% indicate the instances that are correctly and incorrectly classified
by a pair of classifiers C; and Cy, respectively, N'© indicates the cases that are cor-
rectly classified by C; but misclassified by Cy, and N indicates the cases which are

correctly predicted by Cs but misclassified by Cj.

2.10 Evaluation

Here we summarise common methods for checking the quality of the imputation as well as

the classification.

2.10.1 Evaluating Imputation

Buuren [140] summarised the ways of evaluating the imputation based on their ability to
obtain statistical valid inferences from incomplete data into four metrics as follows: raw
bias, coverage rate, average width and root mean squared error. Raw bias simply computes

the difference between the estimated (imputed) value and the real value with closer to zero
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being better. Coverage rate (CR), on the other hand, is the percentage of the confidence
interval (CI) that has the real value. For example, if the interval is 95%, then a good CR
should be near 95%. Similarly, the average width (AW) concerns the length of the CI. That
is a good AW of the CI should be as small as possible. On the other hand, root mean
squared error (RMSE) is the square root of the mean of the squared differences between

the imputed and the real value of a variable and calculated as:

i (Imputed; — Actual;)

N

RMSE = (2.10)

i=1
Others use graphical representations such as Histograms, or density and quantile-quantile
plots to illustrate the observed and the imputed data [1] while some suggest the use of
numerical comparisons such as means and standard deviations to present the differences

between the known and the imputed data [65].

2.10.2 Evaluating Classification

For classification tasks, a confusion matrix is used to measure the performance of the clas-
sifier. It summaries the number of true positives (TP), true negatives (TN), false positives
(FP) and false negatives (FN). TP indicate the number of positive cases classified correctly,
TN the number of negative cases classified correctly, FP the number of negative cases incor-
rectly classified as positive, and FN the number of positive examples incorrectly classified

as negative.

A number of metrics can be calculated from the confusion matrix. The accuracy, for exam-
ple, is one of the common metrics that obtains the percentage of correctly classified cases.

It can be calculated as follows:

TP+TN
TP+TN+ FP+ FN

Accuracy = (2.11)
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Other metrics can also be extracted from the confusion matrix. These include recall, pre-
cision, specificity, F-measure and AUR curve [113]. The choice of an appropriate metric

depends on the type of problems one aims to solve.

2.11 Related Work

MI has been studied in the context of statistical analysis [115, 114, 109]. After that, it has
been widely applied in many fields such as in survival analysis [76, 141], epidemiological and
clinical trials [128, 81], medical studies [111, 139, 3], and longitudinal studies [69, 126, 95].
However, the application of MI with ensemble learning for classification is relatively rare in
the literature. In the following two sections we provide a summary of the relevant studies

that proposed methods for imputation for the standard/TS data.

2.11.1 Imputation for Standard Data

This section reviews a few published papers that proposed (single/multiple) imputation
using machine learning approaches followed by others studied the impact of imputation on

classification algorithms.

Silva-Ramirez et al. [124] proposed a method for simple imputation based on a Multi-Layer
Perceptron (IMLP) and a method for multiple data imputation that combines a Multi-Layer
Perceptron and k-Nearest Neighbour (k-NN algorithm to impute missing data (MIMLP).
The problem under consideration was monotone MCAR missing data. The methods were
compared with the traditional imputation methods such as mean, Hot-deck, and regression-
based imputation. The results showed that the MIMLP method performed best for numeric
variables while the IMLP method performed better with categorical variables. Imputation
by MLP methods offered some advantages for some datasets though statistical test for

significance were not performed.

Liu et al. [87] proposed a credal classification method with adaptive imputation for incom-

plete pattern. In credal classification objects can belong to multiple classes and meta-classes.
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The method performed in two stages. First, if the class is non ambiguous, then a case/record
is classified based on the available information. However, when the record is hard to clas-
sify then it goes to the second step which involves imputation and later classification. In
the imputation phase, Self-Organized Map (SOM) is utilised in combination with k-NN to

obtain a good classification accuracy while reducing computational burden.

A correlation-based low-rank matrix completion (LRMC) method was developed by Chen
et al. [32]. The method first applies LRMC to recover missing data. A weighted Pearson’s
correlation followed by K-Nearest Neighbour (k-NN) search is used then to choose the most
similar samples. Additionally, an ensemble method was proposed to integrate multiple
imputed values for a specific sample to improve imputation performance. The proposed
method was tested on both traffic flow volume data and benchmark datasets. Further
investigation was conducted to test the performance of the imputation in the classification
tasks. Their proposed correlation-based LRMC and its ensemble learning method achieved
better performance than traffic low imputation methods such as temporal nearest average
imputation (TNAI), temporal average imputation (TAI), probabilistic principal component

analysis (PPCA), low-rank matrix completion (LRMC).

A new hybrid technique based on a fuzzy c-Means clustering algorithm, mutual information
feature selection and regression models (GFCM) was developed by Sefidian and Daneshpour
[120]. The proposed work aimed to find a set of similar records with high dependencies
for a missing record and then apply regression imputation techniques within the group to
estimate missing values for that record. The results showed statistical significant differences
in most cases in comparison with mean imputation, kKNNI, MLPI [124], FCMI [103], and
TARI [143].

Tran et al. [135] proposed a method that introduces multiple imputation with an ensemble
and compared the proposed method with others that use simple imputation. Ten datasets

were collected from UCI repository. The ensemble achieved better classification accuracy
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than the other methods. However, they only applied C4.5 as a classification algorithm and

used one method to perform multiple imputation on relatively small datasets.

Garciarena and Santana [57] studied the relationship between missing data patterns and
different imputation methods using ten datasets from the UCI repository and a set of four-
teen different classifiers such as logistic regression, decision trees, support vector machines,
neural networks, and k-NN. The result shows that the performance of individual classifiers is
statistically different when using various imputation methods. They uncovered that the key

to selecting proper imputation methods is to check first the patterns of missing data.

Tran et al. [136] further proposed methods incorporating imputation (single/multiple) with
feature selections and clustering to improve classification accuracy and also the computa-

tional efficiency of imputation.

2.11.2 Imputation for Time Series

A summary of recent studies proposed time based imputation methods for TS data and

comparisons with other common methods.

Bashir and Wei [17] used a vector auto-regressive model-imputation (VAR-IM) algorithm
to recover incomplete multivariate TS data. The algorithm combines an Expectation and
Maximisation (EM) algorithm with the prediction error minimization (PEM) method. They
carried out experiments on electrocardiogram (ECG) data. The method was compared with
complete case analysis, linear regression substitution, Multivariate Auto-Regressive State-
Space (MARSS) and expectation maximization algorithm (EM). The algorithm obtains

significantly better results only when the rate of missing values is above 10%.

Che et al. [31] proposed a deep learning method (GRU-D) which was based on Gated Re-
current Unit (GRU) models. The method can capture missing values in T'S by incorporating
masking and time intervals inside the GRU; then it trains all models using back-propagation.
The method was compared with machine learning models and RNN models. The former,

missing values are imputed first using mean, kNN, interpolation and multiple imputation

Chapter 2 Aliya Aleryani 38



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

methods then models are trained with Support Vector Machines (SVM) and Logistic Re-
gression (LR). The latter uses RNN with mean imputation. The proposed work provides
significantly better results compared with the two competing methods. Experiments were

conducted on synthetic and healthcare TS data.

Rawassizadeh et al. [104] developed an algorithm (Ghost) that recovers off-period segment
of incomplete TS data. The algorithm aims to find data segments that have a prior and
posterior segment match to those of the missing data. They also proposed a caching ap-
proach that minimises the search space and improves the computational complexity. Their
imputation method was compared with missForest [127], Multiple Imputation with Diag-
nostics (mi) [129], MICE [26] and Amelia [69] on five real-world datasets. Ghost showed

significant better results compared with the competitive methods used.

Mikalsen et al. [93] proposed a TS cluster kernel (TCK) for multivariate time series (MTS).
The method uses Gaussian mixture models (GMM) to handle missing data. Then an en-
semble approach is built to combine multiple GMM to construct a final kernel. Experiments
were conducted on one synthetic datasets and real-world datasets from UCI [85] and UEA
& UCR Time Series Classification repository [15]. Increasing scenarios of missing values
were introduced under MCAR, MAR and MNAR assumptions for the synthetic dataset
while MCAR was adapted for two TS datasets. The method was tested for complete and
incomplete T'S. l-nearest neighbour classifier (1-NN) was chosen to evaluate TCK, LPS,
dependent DTW (DTW-d), independent DTW (DTW-i) and fast global alignment kernel
(GAK) for multivariate TS. The method was tested for complete and incomplete TS and
shows a competitive performance for the former while it performs better than others in the

case of missing data.

Andiojaya and Demirhan [10] proposed a bagging ensemble to improve current TS imputa-
tions. The method combined block bootstrap methods and missingness patterns preserving
schemes for TS forecasting. The T'S imputations chosen are linear and Stineman interpo-

lation, Kalman filtering, and weighted moving average. The mechanisms for missing data
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generation considered are missing completely at random MCAR and missing at random
MAR. The dataset selected for the study is M3-Competition used for a forecasting compe-
tition. The proposed work with Kalman filters with auto-arima obtained a smaller error

than the current imputation methods.

2.12 Summary

In this chapter, literature on the problem of missing data for classification is reviewed. We
start by introducing the types of data we will work with as it is important to understand this
first. We then review a number of very important classification algorithms for both types
of data (standard/TS) as we will utilise those for our experimentation. We next discuss the
problem of missing data in classification including an explanation of the difference between
missing data patterns and mechanisms. After that, we discuss the common approaches for
handling missing data for both types of data. This is followed by an explanation of how

some classification algorithms deal with missing data internally.

After that, multiple imputation technique is discussed including the most popular impu-
tation methods as we will employ it to develop our method. Furthermore, we provide a
description of the ensemble technique that involves a review of the most common ensemble
methods and the different ways of combining models. Furthermore, a summary of some
diversity measures is provided as diversity is a key element to attain a good ensemble. We
then discuss the different evaluation methods for assessing the performance of classifica-
tion/imputation. Finally, a survey of the related studies that covered multiple imputation

and classification with missing data in both types of data is provided.
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3 Methodology

3.1 Research Design and Methods

This chapter explains the research design and methodology employed to achieve the re-
search’s aim. Before designing the main structure of this study, it is worth mentioning
the fundamental phases that need to be taken when assessing the performance of a clas-
sification algorithm. Particularly, we need to explain how to generate the missing data
to fit our research questions; how to recover missing data using imputation methods; and
then how to build and evaluate classification models. The main phases include, but are
not limited to: data collection, missing data generation, data imputation, classification and

evaluation.

In the first phase, the collected datasets (standard/TS data) are described in Section 3.2.
Then, the mechanisms used for generating missing data are explained in Section 3.3. After
that, Section 3.4 details out the different data imputation methods used for data recovery.
This is followed by the classification phase which involves the application of the classification

algorithms as discussed in Section 3.5.

After that, we explain our proposed methods for combining multiple imputation with en-
semble techniques for both experiments (standard/TS). We also illustrate the specific frame-

works for each method as shown in Section 3.6.

Next, the evaluation method employed for assessing the classifiers’ performance including

the appropriate statistical tests for each data are presented in Section 3.7 and 3.8.
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Finally, a novel method for checking the quality of the imputation for standard data as
well as the method utilised for TS data are explained 3.9 followed by a summary in Section

3.10.

3.2 Datasets

As we carried out the experimentation in both the standard datasets and TS, we collect

appropriate datasets for each as follows:

3.2.1 Standard Datasets

For the standard datasets, a collection of 20 benchmark datasets were obtained from the
UCI machine learning repository [85]. The datasets have different sizes and feature types
(numerical real, numerical integer, categorical and mixed) as shown in Table 3.1. Datasets
are ordered based on increasing number of features then instances. Therefore, the largest
dataset in terms of number of features is Isolet while ForestCoverType has the largest
records (more than half million records). On the other hand, PostOperativePatient is the
smallest in both features and instances. Most datasets are binary classification problems
while the rest are multi-class where the most classes belongs to Isolet. Moreover, 10 datasets
are numerical (integer, real); 5 datasets are categorical; and the rest are mixed type. They
were all complete datasets, that is they have no missing values, except PostOperativePatient

dataset where three records with missing values have been deleted.

3.2.2 TS Datasets

On the other hand, TS datasets are collected from UEA & UCR Time Series Classification
repository [15]. The datasets have different sizes and they are all of numerical real type.
Again, they were all complete datasets, that is, they have no missing values. Details of each

datasets are explained next.

1. The PowerCons:
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Table 3.1: The details of the standard datasets collected for the experiments. The #
symbol next to the dataset denotes that it has come with a separate test set.

No. | Dataset #Features | #Instances | #Classes | Feature Types

1 PostOperativePatient | 8 87 2 Integer, Categorical
2 Ecoli 8 336 8 Real

3 Abalone 8 4177 3 Integer, Real and Categorical
4 TicTacToe 9 958 2 Categorical

5 BreastTissue 10 106 6 Real

6 Statlog 20 1000 2 Integer, Categorical
7 Spect # 22 276 2 Categorical

8 Flags 30 194 8 Integer, Categorical
9 BreastCancer 31 569 2 Real

10 Chess 36 3196 2 Categorical

11 Connect-4 42 67557 2 Categorical

12 ForestCoverType 54 581012 7 Integer, Categorical
13 ConnectionistBench 60 208 2 Real

14 HillValley # 101 606 2 Real

15 UrbanLandCover # 148 168 9 Integer, Real

16 Epileptic 179 11500 5 Integer, Real

17 Semeion 265 1593 2 Categorical

18 LSVT 309 126 2 Real

19 HAR # 561 10299 6 Real

20 Isolet # 617 7797 26 Real

Data represents the electric power consumption from an individual household for a
period of one year. It is binary classification problem. Data recorded from April to
September is classified as warm season while those from October to March are cold
season. The sampling rate is ten minutes (6 readings for each one hour) so the series

length is 144.
2. HouseTwenty:

The dataset is for house number 20 collected from Personalised Retrofit Decision
Support Tools for UK Homes using Smart Home Technology (REFIT). This is a binary
classification problem where the household aggregate usage of electricity is classified
as class 1 while the aggregate electricity load of tumble dryer and washing machine
is classified as class 2. Data are collected at approximately 6-8 second interval. The

length of series is 2000.

3. RefrigerationDevices:
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This dataset is part of government sponsored study called Powering the Nation. The
data aims to reduce the UK carbon footprint resulting from electricity use. The data
contains readings from 251 households, sampled in two minute intervals over a month.
Each series is length 720 (24 hours of readings taken every 2 minutes). Classes are

fridge/freezer, refrigerator and upright freezer, hence it is a multiclass problem.
4. Farthquakes:

The dataset is taken from Northern California Earthquake Data Center and also
available in [15]. This classification problem involves predicting whether a major
event is about to occur. A positive case is the one where a major event (reading
over 5) is not preceded by another major event for at least 512 hours. A case with a

reading below 4 is a negative case. The length of the series is 512.

3.3 Missing Data Generation

We perform two missing data simulations based on the type of datasets. For the standard
datasets we randomly select a percentage of features then remove data on different prede-
fined ratios. Thus the pattern of missing data is non-monotone. However, for TS dataset, as
the collected data is a univariate data, we remove a number of consecutive values generating

a monotone patterns of missing data.

3.3.1 Non-Monotone Patterns for Standard Data

To create scenarios for testing with increasing missing data, some values in the training
sets are removed completely at random as follows: Firstly, 10% (then 20%, 50%) of the
attributes are randomly selected to remove data with the following chosen rates 5%, 15%,
30% and 50% of the records, respectively. We repeat the process of selection and removing
five times so different features/records may be affected by missing data each time. As a

result, 12 artificial datasets are produced from each of the original datasets each time and
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those have multiple levels of missing data. In total, we generate (20%12*5= 1260) datasets.

Table 3.2 summarises the experimental scenarios artificially created.

Table 3.2: Experimental scenarios with missing data artificially created for standard

data where MD denotes missing data.

Scenario %Features selected %Records affected by MD

Scel 5
Sce2 15
Sce3 10 30
Sced 50
Sceb 5
Sceb 15
Sce7 20 30
Sce8 50
Sce9 5
Scel0 15
Scell 50 30
Scel2 50

3.3.2 Monotone Patterns for TS Data

For TS dataset, we remove sequences of consecutive values on the training set to create
artificial datasets with missing data. We generate five scenarios of increasing missing value
removal for each of the training datasets, assuming data are not recorded for a period of time.
For each scenario and in each case in the training set, we simulate 5 sequences of missing
values (consecutive observations) of different lengths with no overlap assuming missing data
occurs completely at random (MCAR). Since the original datasets are sampled at different
rates, we perform different simulations of increasing missing data for each individual dataset

as follows:

For PowerCons dataset, since the data are recorded every 10 minutes (series length 144), we
generate 5 sequences of missing values in all of the five scenarios as follows: First scenario
begins with simulating 30 minutes of missing data as the smallest sequence of missing

observations, which is equivalent to 3 missing observations. So we remove 5 sequences
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which can be between 3 and 6 in length. The length of the missing sequence is increased for
each scenario as shown in Table 3.3. For example, in the second scenario, the 5 sequences
removed are between 3 and 12 in length while in highest scenario (scenario 5) the length of
missing consecutive observations are between 3 and 30. The percentage of missing values

in the TS ranges between 15% in scenario 1 to 45% in scenario 5.

For HouseTwenty dataset, data are recorded every 6-8 seconds, which equates roughly
to 7 datapoints collected in one minute (series length 2000). Starting by simulating 10
minutes of missing data as the smallest sequence of missing observations, equal to 7 missing
observations. 5 sequences are removed which can be between 7 and 140 in length in scenario
1. Again, the length of the 5 missing sequences is increased in each scenario which ranges
between 7 and 420 in the high scenario. The percentage of missing values in the TS ranges

between 10% in scenario 1 to 40% in scenario 5.

For RefrigerationDevices dataset, data are recorded every 2 minutes for 24 hours (720
observations). We begin with simulating 10 minutes of missing data as the smallest sequence
of missing observations, equal to 5 missing observations. So for the first scenario, 5 sequences
are removed which can be between 5 and 30 in length. Again, the length of the 5 missing
sequences is increased in each scenario which ranges between 5 and 180 in the high scenario.
The percentage of missing values in the TS ranges between 12% in scenario 1 to 43% in

scenario 9.

For Earthquakes dataset, data are recorded every one hour (series length 512). Starting
from simulating 5 hours of missing data as the smallest sequence of missing observations
which is equal to 5 missing observations. So for the first scenario, 5 sequences are removed
which can be between 5 and 20 in length. Again, the length of the 5 missing sequences
is increased in each scenario which ranges between 5 and 140 in the high scenario. The
percentage of missing values in the TS ranges between 12% in scenario 1 to 45% in scenario

5.
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Table 3.3: Experimental scenarios for generating missing consecutive observations for
each TS dataset where MS denotes the missing sequences, %MD denotes the percentage

of missing data.

No. | Dataset Scenario | Period MS max. length | %MD
1 30 min - 1 hour 1*6=6 15
2 30 min - 2 hour 2*%6=12 24
1 PowerCons 3 30 min - 3 hour 3*%6=18 32
4 30 min - 4 hour 4*6=24 39
5 30 min - 5 hour 5%6=30 45
1 10 min - 20 min 20*7=140 10
2 10 min - 30 min 30*7=210 18
2 HouseTwenty 3 10 min - 40 min | 40*7=280 25
4 10 min - 50 min 50*7=350 32
5 10 min - 60 min 60*7=420 40
1 10 min - 1 hour 1*30=30 12
2 10 min - 2 hour 2*30=60 21
3 RefrigerationDevices | 3 10 min - 3 hour 3*30=90 28
4 10 min - 4 hour 4*30=120 35
5 10 min - 6 hour 6*30=180 43
1 5 hour - 20 hour | 20 12
2 5 hour - 50 hour 50 25
4 Earthquakes 3 5 hour - 80 hour | 80 34
4 5 hour - 110 hour | 110 40
5 5 hour - 140 hour | 140 45

3.4 Data Imputation

Again here, based on the dataset used for the experiment (i.e. standard/TS), a number of

common approaches for imputation are employed for data recovery.

3.4.1

Imputations for Standard Data

The following are the well known (Single/Multiple) imputation methods we utilise to recover

missing data for standard data. The first three methods produce single imputation while

the rest generate multiple imputed data.

1. Building models with missing data (MD)
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In Section 2.7 we discussed that the chosen algorithms have their own way of dealing
with missing data internally. We therefore pass all the data including missing data to

the algorithms without preprocessing.
2. Simple Imputation (SI)

To test simple imputation, the numerical attributes are replaced with their mean and
the categorical attributes with their mode (most frequent value). Then the produced

datasets after imputation are employed for classification model building.
3. Random Forest Imputation (RFI)

We utilise a RF imputation package (missForest) [127] implemented in R to replace
missing values using a RF algorithm. The algorithm starts with filling incomplete
data by median if they are numeric or mode if they are categorical. Then it updates
missing values by using proximity from RF and iterates the imputation a number of
times. Finally, the imputed value for an attribute with missing values is the weighted
average of non missing values if it is numeric or the mode if it is nominal. We set
up the number of iterations to perform the imputation to 5 and the number of trees
that grow in each forest to 300. Also this package has come with an argument called
(parallelize) to run the imputation in parallel. We set up this to “forests” for large

datasets in terms of number of records and “variables” for high dimensional datasets.
4. MICE

We use the package, MICE [26] implemented in R, which is an implementation of
Multivariate Imputation with Chained Equations (MICE) to generate five imputed
datasets. We set the predictive mean match (pmm) as the imputation method, the
number of iterations to perform the imputation to 20 and the number of the imputed
datasets to 5. The package can run the imputation in parallel via multiple cores using
parlmice function and hence it allows to speed up the process. We set the number of

cores to 5 and cluster type to “FORK”.
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5. EMB (Amelia)

We also apply Amelia package [69] implemented in R, which is an implementation
of the Expectation Maximisation with Bootstrap algorithm (EMB) to produce five
imputed datasets. The package also can perform the imputation in parallel using

(parallel) argument. We utilise “multicore” option to set up the parallel backend.

3.4.2 Imputations for TS

We use a number common imputation methods including single and multiple to replace
missing values. Furthermore, we propose a novel multiple imputation based on interpolation
which is described later in Section 6.2. All these methods except MICE are designated to
deal with the temporal nature of T'S. These are Last Observation Carried Forward (LOCF)
[122], linear interpolation (INTERP), MICE [26] and EMB (Amelia) [69].

1. LOCF

This is the most simple method as it simply replaces a missing datapoint with the

last observed value in the series.
2. Interpolation

This common imputation is used for T'S where missing data points are estimated from
the observed data. We use a linear interpolation where the mean before and after the

missing observations are computed to replace the missing value.
3. MICE

We use the package, MICE [26] to generate five imputed datasets. We set the random
forest as the imputation method, the number of iterations to perform the imputation
to 20 and the number of the imputed datasets to 5. MICE does not take account
of values before and after the current value to perform the imputation so it may
be not strong for T'S. Also, it cannot be directly applied for univariate data as the

implementation requires more than one attribute. To solve this, for each TS with
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missing values, we attach an arbitrary variable denoted the time stamp so in this case

we can apply the imputation.
4. EMB (Amelia)

Similarly, we apply EMB as implemented in (Amelia) package [69], to produce five
imputed datasets. The algorithm has parameters associated with T'S data such as lag
and lead which indicate columns in the data that should have their lag/lead included
in the imputation model. Similar to MICE, an arbitrary attribute is added to each

incomplete TS so that we can run the algorithm.
5. A Novel Multiple Interpolation (MINT)

This proposed method is a variation of linear interpolation. That is, the missing
values are imputed using simple linear interpolation. Each of the interpolated values
then is modified by randomly adding or subtracting a random value drawn from the
truncated normal distribution [25]. The draw is repeated multiple times (5 times)
so in this case multiple datasets are generated. The method is further explained in

Section 6.2.

3.5 Classification Algorithms

For standard data, we apply five standard classification algorithms including Random Forest
(RF), Support Vector Machines (SMO), Naive Bayes (NB), C4.5 (J48). All these classifiers
are implemented in Java through ( Weka version 3.9) [146]. We adapt the default parameters
for all classifiers used as presented in Table 3.4. We provide earlier an explanation of how

these classifiers work in Section 2.3 and how they deal with missing data in Section 2.7.

For TS data, on the other hand, we utilise a number of standard/TS classification algo-
rithms. We use the same standard classifiers mentioned above except NB which is replaced
by K-nearest neighbour (IBk). For TS classifiers, we employ Time Series Combination of

Heterogeneous and Integrated Embeddings Forest (TSCHIEF), Random Interval Spectral
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Table 3.4: The details of weka classifiers’ parameters and their default values used for

this study.

No. | Classifier | Parameter | Description Default value
C The confidence factor used for pruning 0.25

1 48 M The minimum number of instances per leaf 2
N Number of folds for reduced error pruning 3
Q Seed for random data shuffling 1

2 NB - - -
C The confidence factor used for pruning 0.25

3 PART M The minimum number of instances per leaf 2
N Number of folds for reduced error pruning 3
Q Seed for random data shuffling 1
C The complexity parameter 1
L The tolerance parameter 0.001

4 SMO P The epsilon for round off error 1.0E-12
A% The number of folds for the internal cross-validation | -1
K The kernel to use (The polynomial kernel) PolyKernel
calibrator The calibration method to use Logistic
P Size of each bag as a percentage of training size 100
I The number of trees in the random forest 100
-num-slots Number of execution slots 1

5 RF K Number of attributes to randomly investigate 0
M Minimum number of instances per leaf 1

Minimum numeric class variance proportion
\Y% . . . 0.001
of train variance for split

S The random number seed to be used 1

Ensemble (RISE), Time Series Forest (TSF), Bag of Symbolic-Fourier Approximation Sym-
bols (BOSS), and Proximity Forest (PF). Details of the classifiers are provided in Section
2.4. tsml jar file [15, 14] is utilised to apply these classifiers which are also implemented in

Java.

3.6 Proposed Multiple Imputation Ensembles

We proposed three methods to combine MI with ensemble techniques: two variations of bag-
ging ensembles (homogeneous/heterogeneous) and a novel stacking ensemble. Our methods
are first applied on standard data then it is extended for TS. For both data types, our
ensemble for MI works as follows: We first generate a series of increasing missing data

under MCAR assumption. We then impute the artificial training datasets and generate
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five imputed datasets using two different MI techniques: Multiple Imputation by Chained
Equations (MICE) and Expectation-Maximisation with Bootstrapping (EMB) as described
in Section 2.8. The settings used for MICE [26] and EMB (Amelia) for both (standard/TS)
data are explained earlier in Section 3.4. After that, these imputed datasets are employed

to train classifiers and build our Bagging and Stacking ensembles.

For standard data, our ensembles are implemented in Java using the aforementioned stan-
dard classification as discussed in Section 3.5. The experimental work proposed for standard

data is further explained in Chapter 5.

For TS, we build ensembles applying a number of standard/TS classification algorithms
as mentioned earlier in Section 3.5. The experimental work proposed for TS is further

discussed in Chapter 6.

3.6.1 Bagging Ensemble

We build two types of Bagging ensemble: homogeneous and heterogeneous. For the homo-
geneous ensemble, we train same type classifiers on the imputed datasets while different
types classifiers are used for the heterogeneous ensemble. In both types, we then combine
the predictions of the models obtained from a separate test data using a majority vote
method. This method aggregates the predictions from the individual models and chooses
the class that has been predicted most frequently as the final prediction, as illustrated in

Figure 3.1. Therefore, the Bagging ensemble is evaluated using a hold-out test set.

3.6.2 A Novel Stacking Ensemble

On the other hand, Figure 3.2 represents the construction of our Stacking ensemble showing
two layers. The first one involves the multiple imputed datasets trained by a number of
learners (heterogeneous classifiers) to generate different models. The models are tested
then against a separate test set to make a new dataset of predictions. This new dataset

is combined with the actual class of the test set to construct the (level-1) dataset which is

Chapter 3 Aliya Aleryani 52



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

Training set
with MO

Multiple imputation

Data pre-processing

Imputed
data 1

Ensemble of classifiers

Majority vole

Final prediction

Figure 3.1: The bagging ensemble framework takes imputed datasets as inputs to
train different classifiers Cq, ...,C, in layer 1. The predictions made by individual
classifiers, Py, ...,P,, are combined by the majority vote method.

used as an input for the second layer. In this layer we train a meta classifier and then we

evaluate the performance of the ensemble using 10-fold cross-validation.
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Figure 3.2: The stacking ensemble framework takes imputed datasets as inputs to
train classifiers Cq, ...,C,. The predictions made by individual classifiers, Py, ...,Py,
are used to form a new data to be used to train a meta classifier in the second layer.

3.7 Evaluation Metric for Classification

We use the classification accuracy as the metric for our comparisons of performance. Accu-

racy is a well known measure that have been commonly used in data mining. It obtains the
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percentage of true predictions (correctly classified instances). The formula for calculating

the accuracy is explained in Section 2.10.2.

For each classifier and for each scenario of introducing uncertainty, we compare between all
the approaches, i.e the classifier with a combination of the imputation methods including
the proposed method, looking for differences in the algorithms’ performance. This allows
us to understand how increasing missing data affects the performance of the classification
algorithms. We applied our proposed method for the imputation on the training set. We
then use these imputed training set to build the classifier/ensemble. We next evaluate the

performance on the separate test set.

3.8 Statistical Tests

We employ a number of statistical tests to evaluate the performance of the proposed works.

For each study, we apply a set of appropriate tests as follows:

3.8.1 Standard Data Classification

We use the classification accuracy as the metric for our comparisons of performance. We
compare between all the approaches looking for differences in the algorithms’ performance
on each scenario separately. To achieve that, we perform two different statistical tests when

evaluating the performance of classifiers over the datasets as follows:
1. Friedman Rank Sum test

When performing multiple comparisons over multiple datasets, i.e the classifier with
a combination of the imputation methods, we use the method described by Demsar
[39, 55], including the Friedman rank test with Iman Davenport’s correction and the
post hoc Nemenyi test which is represented as a Critical Difference (CD) diagram,
with a significance level of @ = 0.05. We performed the test for each scenario and for
each classifier separately. The Friedman rank sum test checks whether the different

imputation approaches for a classifier perform equally or there is a difference in the

Chapter 3 Aliya Aleryani 55



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

performance. To detect the difference, the test computes the rank of the classifiers on

each dataset separately then averages them over the multiple datasets.
2. Wilcoxon Signed Rank test

Wilcoxon Signed Rank is a non-parametric statistical test used for performing pairwise
comparison [39]. The test checks whether there is a difference in the performance of
the classifier under two different imputation methods. We use a control algorithm,
the performance of the classifier on simple imputation, with a significance level at

o = 0.05.

3.8.2 TS Classification

Similarly, for TS experiment, we use the classification accuracy as the metric. First we ap-
plied Friedman rank sum test for multiple comparisons over multiple datasets, i.e the clas-

sifier with a combination of the imputation methods. We use the following two tests:
1. Friedman Rank Sum test

Again here we start with the Friedman rank sum test with Iman Davenport’s correc-
tion [39, 55] to check for differences in the performance also with a significance level

at @ = 0.05. The test compares the mean ranks of the classifiers on multiple datasets.
2. Friedman Aligned Rank post hoc test

As the test shows significant difference, we proceed with post hoc test to check which
algorithm performs better than a control algorithm. We use LOCF as a control as it
is the simplest imputation for TS. We perform Friedman’s Aligned ranks post hoc test
with the control algorithm and Finner’s correction to correct the p-values for multiple
testing [55]. Again, we perform the test for each scenario of each classifier separately

and with a significance level at o = 0.05.
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3.9 Evaluating Imputation Methods

In this study, in order to investigate which method produces the best imputation, we propose
the use of dissimilarity, as used in the context of clustering algorithms [34, 28, 62], to evaluate
the quality of imputation methods. In this context, we will be measuring which imputation
method produces the more similar/dissimilar data in comparison with the original data.
For standard data, we use Gower’s Distance while Dynamic Time Warping is employed for

TS.

3.9.1 Gower’s Distance for Standard Data

Dissimilarity is a numeric measurement of the degree of difference between data points.
We check the quality of the imputation by comparing each imputed data point with its
original counterpart. In that way we can measure the dissimilarity between each pair of
points (original/imputed). We can then aggregate dissimilarity across the whole dataset
to arrive to a measure of quality of the imputation, with imputations that produce points
closer to the original being considered better than those where the dissimilarity is greater.
Our novel method for the use of Gower’s Distance as a dissimilarity measure to evaluate

the imputation is described later in Section 5.3.1.

3.9.2 Dynamic Time Warping for TS

We propose the use of the Dynamic Time Warping (DTW) measure to evaluate the quality
of the different imputation methods used in this work. The measure [112] was originally
applied on speech recognition problems and was then employed for TS mining applications
[79, 132, 19]. DTW is a distance measure that finds the optimal alignment path between two
series. The optimal alignment minimises the sum of distances between aligned series. We
can measure the quality of the imputation by comparing each imputed series with its original

counterpart. In that way we can asses the similarity between two series (original /imputed).
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We can say then that two series are similar if the normalised cumulative distance is small

(close to 0) and different otherwise. This is further explained in Section 6.4.2.

3.10 Summary

This chapter starts by identifying the main phases one may go through before evaluat-
ing a classifier’s performance, specifically when testing its performance on an imputation
method. Next, a description of the data collected for both experimental setups is explained.
Next, the mechanism used for generating missing data are detailed out, followed by meth-
ods that we will use to compare to in order to establish whether our approach improves

performance.

After that, an explanation of the proposed works for combining MI with ensemble techniques
for both standard and T'S data is provided as illustrated in frameworks 3.1 and 3.2, including

the imputation and classification phases as well as the combination methods.

The bagging framework takes the multiple imputed data as inputs to train classifiers, stan-
dard classifiers for standard data and standard and TS classifiers for T'S. Then the pre-
dictions are combined by majority vote. The ensemble is evaluated by employing a hold
out test test. On the other hand, the stacking framework takes the imputed data to train
heterogeneous classifiers. After that, it exploits the predictions of the produced models to
construct a new set which then is employed to train a meta classifier. The ensemble is

evaluated by using 10-fold cross validation.

We then present the evaluation methods used to assess the classifiers’ performance along
with the appropriate statistical tests. Finally, we introduce some novel methods for checking
the quality of the imputations for both standard data and T'S data. Our methods are based

on the concept of dissimilarity as used in clustering, for example.
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racy of Classification Algorithms

4.1 Introduction

In this chapter we want to deliver an understanding of how the different methods for han-
dling missing data affect the accuracy of data mining algorithms when the uncertainty
increases, i.e. the amount of missing data increases. This was our preliminary research,
before we settled on multiple imputation to tackle the problem of missing data in classifi-

cation.

We create an experimental environment using the university of California Irvine (UCI) Ma-
chine learning repository [85], by removing data from a number of UCI datasets completely
at random (MCAR). We select increasing number of attributes at random to remove data
from and we also increase the number of records at random from which we remove data
within the attributes selected. Therefore, we produce a number of experimental datasets
which contain increasing amounts of data MCAR. We study the performance of classifi-
cation algorithms in the context of increasing missing data under different preprocessing
scenarios. In particular, we investigate how increasing the amount of missing data affects
the performance for complete case analysis, and single imputation for a number of classifi-
cation algorithms. We also compare that to the performance of algorithms with an internal

mechanisms to handle the missing data, such as J48, and RF.

The rest of this chapter is organised as follows: Section 4.2 presents our experimental en-

vironment including the datasets, missing data generation scheme, the competing methods
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and the classification algorithms. Section 4.3 explains the evaluation methods followed by
an analysis of the results in Section 4.4. A discussion of the results is in Section 4.5 and

finally the summary is provided in Section 4.6.

4.2 Experimental Set-up

This section describes the datasets collected for the experiment followed by the mechanism
used for generating missing data. Then the competing methods for coping with missing

data are provided along with the classification algorithms chosen for this study.

This study involves less datasets, less scenarios of missing data generation and less classifi-
cation algorithms than those discussed in Chapter 3 as it was our preliminary research and
we then expanded on our experimental setup. In particular, here we use the same standard
datasets as those described in 3.2.1 except for Abalone, Connect-4 and ForestCoverType.
Therefore, 17 datasets are employed for this experiment. The details of each dataset were

explained earlier in Section 3.2.1.

Furthermore, here we generate 9 scenarios of increasing missing data under MCAR assump-
tion. Data values are then removed completely at random as follows to generate increasing
amounts of missing data. First, 10% (then 20%, 50%) of the attributes are randomly se-
lected then missing values are artificially generated by removing values randomly in 5%,
30% and 50% of the records, respectively. As a result, nine artificial datasets are produced
for each of the original datasets with multiple levels of missing data. In total, we generate
(17%9) = 153 artificial datasets. Table 4.1 summarises the experimental scenarios artificially

created.

For testing the models, 10-fold cross-validation was used and performed 10 times. All results

reported represent the average of the 10 experiments with 10-fold cross-validation.
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Table 4.1: Experimental scenarios with missing data artificially created where MD
denotes missing data.

Scenario %Features selected %Records affected by MD

Scenario 1 5
Scenario 2 10 30
Scenario 3 50
Scenario 4 5
Scenario 5 20 30
Scenario 6 50
Scenario 7 5
Scenario 8 50 30
Scenario 9 50

In the complete case analysis, all the incomplete records are omitted. This often results in
datasets that are too sparse to be used for classification. The datasets that are left with

enough records for classification are considered feasible.

To test simple imputation, the numerical attributes are replaced with their mean and the
categorical attributes with their mode (most frequent value). Then the produced datasets

after imputation are used for classification model building.

Moreover, here we choose four standard classification algorithms. These involve Random
Forest (RF), Support Vector Machines (SMO), Naive Bayes (NB), and C4.5 (J48). The
default options for each are adapted for classifying the data. Furthermore, the mechanism
each classifier employed to handle missing values internally is previously discussed in Section
2.7. Additionally, we use the baseline classifier (majority class model) to compare the chosen
classifiers with. We utilise its implementation in Weka [146], (ZeroR), which computes the

most frequent class as a baseline accuracy.

4.3 Evaluation

The classification accuracy is used as a metric for our experiment. To further compare per-

formance of the classifiers, we compute the average of the percentage difference in accuracy
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between a classifier obtained with the original (complete) datasets and the datasets with

increasing missing data as follows:

%Diff = (((Acc-Sce; — Acc-Orgj)/Acc-Org;) = 100) (4.1)

where Acc_Sce; represents the classifier accuracy for a specific scenario, in our experiment
we have 9 scenarios, and Acc_Org; represents the classifier accuracy of the corresponding

original dataset.

We also perform two different statistical tests when evaluating the performance of classifiers

over the datasets as follows:

1. We compare multiple classifiers over multiple datasets using the Friedman rank sum
test and the post hoc Nemenyi test [39] which is presented as a Critical Difference

diagram, with a significance level of oo = 0.05.

2. When comparing differences in accuracy between the original data and artificial data
for each scenario we utilise Wilcoxon Signed Rank test using the method described

by Demsar [39] with a significance level at @ = 0.05.

4.4 Results

Table 4.2 shows the average accuracy of classifiers and standard deviation for each of the
original complete datasets along with the baseline (majority class model) accuracy. Models
perform better than the majority class model (used as a baseline) in most of the datasets
except PostOperativePatient and BreastTissue, where default accuracy is similar or slightly
better than that obtained by the models. This implies that those two problems may be
hard to classify. Specifically, SMO achieved a better accuracy on 8 datasets then RF was
the best for 6 datasets. ZeroR was the best on two problems then J48 on one dataset while
NB was the worst among all. J48 and RF were better than ZeroR on 15 datasets then SMO

on 14 while NB was better than the baseline on 12 datasets.
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Table 4.2: The average accuracy of classifiers and standard deviation (as error bars)
for each of the original (complete) datasets along with majority class (ZeroR). The

value in bold denotes a better accuracy.

Dataset ZeroR J48 NB RF SMO
PostOperativePatient | 79.42+1.66 | 68.54+5.69 69.57+8.35 | 62+11.31 71.1747.46
Ecoli 42.564+1.18 82.54+5.79 85.4445.29 | 64.27+£3.71 86.49+5.59
TicTacToe 69.94+4.31 85.614+3.19 69.64+4.4 | 96.7£1.85 98.33+1.28
BreastTissue 95.50+6.38 | 95.10+6.9 91.814+9.04 | 95.45+5.64 64.84+8.24
Statlog 65.9143.22 71.33£3.11 75.16+3.5 76.05+3.37 | 75.10+3.44
Flags 20.63+0.52 62.05+10.69 | 50.1£9.09 | 58.34+9.5 46.65+9.58
BreastCancer 88.614+4.17 93.01+3.5 92.76+3.39 | 96.52+2.41 | 97.54+1.88
Chess 66.914+2.2 99.44+0.37 | 87.79+1.91 | 99.224+0.45 95.86+1.33
ConnectionistBench 61.264+9.62 73.61+£9.34 67.71+8.66 | 83.9+8.35 76.60+8.27
Spect 79.42+1.66 81.69+6.23 76.14+£7.69 | 81.81+6.49 83.61£6.07
HillValley 48.66+5.72 50.334+0.55 49.92+4.4 | 58.96+6.19 64.84+12.66
UrbanLandCover 56.61+4.87 79.943.99 81.924+4.02 | 86.6+4.01 85.4043.5
Epileptic 32.9+1.53 49.52+1.25 43.841.24 | 70.06+1.73 | 27.244+0
Semeion 90.08+0.24 95.13£1.75 92.1941.98 | 96.64+1.23 98.15+1.14
LSVT 74.90+£11.26 | 74.39+£12.99 | 54.33+12.7 | 82.69+9.59 84.37+9.09
HAR 54.624+1.37 95.10+0.7 75.00£1.73 | 98.05+0.38 98.48+0.33
Isolet 14.56+1.23 83.754+1.38 85.044+1.17 | 94.00+0.88 96.81+0.59

Furthermore, a comparison of the classifiers is illustrated in Figure 4.1 which presents the
average accuracy of classifiers and standard deviation (as error bars) for each of the original
complete datasets along with the baseline majority class model accuracy. Datasets are or-
dered in terms of increasing the number of features then records. The average performance
of all classifiers on Ecoli, Flags, Chess, UrbanLand, Epileptic, HAR and Isolet are remark-
ably better than ZeroR. These datasets, except Chess, are multi-class problems. Moreover,
the performance of the classifiers achieved a better accuracy than the baseline for the high
dimensional datasets as in UrbanLand, Epileptic, HAR and Isolet. Overall, SMO was a
competitive in almost all datasets except in Epileptic where it was the worst compared to
all classifiers including the baseline. RF was a second best followed by J48 while NB was

the worst.

The Friedman test is used then to check for difference in the accuracy between the classifiers
obtained on the complete datasets. This will enable us to say whether the classifiers perform
equally or there is a difference in the performance, considering all the datasets. When the

resulting p-value is < 0.05 we can say there is at least one classifier that performs signifi-
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Figure 4.1: The average accuracy of classifiers and standard deviation (as error bars)

for each of the original (complete) datasets along with majority class.

cantly different than the others so we proceed with Nemenyi test. The Critical Difference
diagram for the Nemenyi test is shown in Figure 4.2. The Figure illustrates that SMO and

RF behaved better than J48 and NB although there is no statistical differences within each

group.

4.4.1 Analysis of Complete Case

The datasets that are not feasible for classification after removing missing records are
marked with X whereas the feasible are marked with v as shown in Table 4.3. Datasets are
ordered by increasing number of attributes (dimensionality) and then number of records.
Only two low dimensional datasets are feasible for classification in all scenarios: Ecoli and
TicTacToe. In contrast, datasets with increasing dimensionality are not feasible for classifi-

cation when increasing the amount of missing data due to widespread sparsity. For example,
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Figure 4.2: Critical Difference diagram shows the statistical difference between the
classifiers. The bold line connecting classifiers means that they are not statistically
different.

HillValley, UrbanLandCover, Epileptic, Semeion, LSVT, HAR and Isolet all become mostly
infeasible.

Table 4.3: The artificial datasets with different scenarios of missing data that are not
feasible when applying the classification algorithms are marked with X.

Scenario

[\V]

Dataset

PostOperativePatient
Ecoli

TicTacToe
BreastTissue
Statlog

Flags

BreastCancer

Chess
ConnectionistBench
Spect

HillValley
UrbanLandCover
Epileptic

Semeion

LSVT

HAR

Isolet
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XAXCALLNNRNSNNRNNS R
XXX X AXLLLNLLLNNNY N

AN N N N N N R S S N
XXX XAXACNNNNNCNNN

O™ ™ ™X™X XXX AXCANNNSNNNN|@»
O[> J|J™X™XBXXXAEXAXAANNILNN o
DX XXX XXXXXIACXXNN\N|O
CU 33 XX XXX XXXXXLCAUNNN] >
RO |3 3} MW M ™X XXX XXX XX X|©

—_
(@)}
—
[N}
—_
ot
=
[N}

Figure 4.3 illustrates the range of accuracy of the classifiers and standard deviation for the

datasets that are feasible for classification. Box plots for the all algorithms applied when
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increasing missing values affected 10% of features (top), 20% of features (center), and 50%
of features (bottom) along with complete data shown as (0%). In scenario 1 of the first plot,
the average accuracy and the standard deviation are nearly equal to those on the original
data. Similarly, same picture occurs for the first scenario of missing data for 20% and 50%
of features. However, with a decreasing number of feasible datasets, the standard deviation

increases and the classifiers’ performance deteriorate as we increase missing data.
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Figure 4.3: The average accuracy of classifiers and standard deviation (as error bars)
for all artificial datasets in all scenarios of missing data including the original (complete)

datasets when applying complete case analysis.

Table 4.4 shows the average %Diff in accuracy between classifiers obtained with the orig-
inal (complete) data and the datasets with increasing missing data for the different data
handling approaches and algorithms. For complete case analysis, the deterioration in accu-
racy reached more than 18% for J48, RF, and SMO in different scenarios. However, Naive
Bayes behaved better gaining 2% in some scenarios. We do not produce statistical analysis
due to the small number of datasets that produce a feasible classification with complete

analysis.
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Table 4.4: Average %Diff in Accuracy with respect to complete data.

Wilcoxon

Signed Rank is used to test statistical significance with significant results marked by *.

Complete Case Simple Imputation Algorithms Only
Sce# | J48 NB RF SMO J48 NB RF SMO J48 NB RF SMO
Sce 1 | -3.27 0.26 -2.28 | -2.07 | -0.54* | 0.01 -0.10 | -0.57* | -0.19 0.05 | -0.41* | -0.59*
Sce2 | -6.88 | -3.92 | -12.08 | -8.00 | -0.57 0.11 -0.82 | -1.34 | -0.38 0.22 -0.72 | -1.38
Sce 3 | -1.82 | -3.81 2.82 -4.04 | -0.96*% | -0.30 | -1.10* | -2.03* | -0.64 | -0.48 | -1.33* | -2.04*
Sce 4 | -11.50 | -9.43 | -14.29 | -6.75 | -0.83* | -0.17 | -0.56 | -1.05* | -0.53 0.00 | -0.66* | -1.08*
Sce 5 | -8.99 | -10.01 | -11.26 | -12.97 | -1.24* | -0.14 | -1.62* | -2.26* | -0.56 0.00 | -1.50*% | -2.31*
Sce 6 | -8.35 | -16.03 | -6.58 | -12.03 | -1.62* | -0.84 | -2.31* | -3.07 | -0.99 | -0.78 | -1.85* | -2.95
Sce 7 | -6.80 -4.11 -4.27 -1.14 | -1.27* 0.22 -2.03* | -1.39 | -1.02%* 0.10 -1.94% | -1.25
Sce 8 | -3.64 | -2.30 | -8.75 | -14.04 | -3.86* | -1.41 | -5.11* | -5.11*% | -2.56* | -1.15% | -4.78% | -5.04*
Sce 9 | -18.17 | -2.10 | -4.31 | -13.83 | -5.59* | -2.67* | -6.94% | -5.71*% | -3.95% | -1.42* | -5.85* | -5.82%

4.4.2 Analysis of Simple Imputation

Table 4.4 also shows the average of all the percentage differences in accuracy (%Diff) be-
tween a classifier obtained with the original (complete) datasets and the imputed data
for each scenario and each algorithm. %Diff increases when missing data increases in all
classifiers, however simple imputation performs much better than complete case analysis.
Accuracy decreased in a small range between [-0.54%, -5.59%)] for J48 and by -6.94% for
RF in the worst case. For NB, the differences with the original data where smaller with a
maximum deterioration of -2.67%. SMO sees deterioration of up to 5.71% in the scenarios
of most missing data. We applied the Wilcoxon Signed Rank test to check statistical signif-
icance over the differences. Significant values are marked with (*) and tend to be those for
the higher scenarios, except for SMO where the differences are more often statistically sig-
nificant. From this we can conclude that simple imputation may work well for low amounts
of missing data, and is beneficial over complete case analysis, but performance deteriorates

significantly when the amount of missing data increases.

We also applied the Friedman test described by Demsar [39] and found statistically signif-
icant differences over multiple datasets in all scenarios except scenario 9 so we proceeded
with the Nemenyi Test. We perform the post test between the classifiers over the im-
puted datasets for each scenario separately. The resulting Critical Difference diagrams in

most scenarios in Figure 4.4 show that RF and SMO outperform J48 and NB. RF seems
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to outperform SMO as the amount of missing data increases but not significantly. There
is no statistical difference between RF, SMO, and J48 in most scenarios. Overall, RF

was the most accurate classifier when the uncertainty increases and Naive Bayes was the

worst.
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Figure 4.4: Critical Difference diagrams show the statistical significant differences
between classifiers using simple imputation. We exclude scenario 9 where all classifiers
are not statistically different with the Friedman test.

4.4.3 Analysis of Building Models with Missing Data

In Section 2.7 we discussed that some of this algorithm have their own ways of dealing

with missing data. We therefore pass all the data including missing data to the algorithms
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without preprocessing. We again compare (%Diff) in accuracy between a classifier obtained
with the original (complete) datasets and the models built with missing data and show
results in Table 4.4 with statistically significant differences marked by (*). %Diff increases
when missing data increases in all classifiers. However, for J48 in most of scenarios the
deterioration is within a small range [-0.19%, -3.95%] and similarly for RF [-0.41%, -5.85%).
NB only ignores the missing values when computing the probability and the differences
ranged between [+0.22%, -1.42%]. SMO uses (mean/mode) imputation so behaves similarly
to the imputed data performance in Table 4.4. In scenarios 8 and 9, the accuracy of all
classifiers are statistically different from the classifiers’ accuracy for the original datasets.
Thus, the capabilities of classifiers dealing with missing data seem to deteriorate when the

ratio of missing data increases.

As before we apply the Friedman test and Nemenyi post test. The resulting Critical Differ-
ence diagrams in most scenarios show that RF and SMO outperform J48 and NB. However,
there is no statistical difference between all classifiers in scenario 9 whereas no statistical sig-
nificant between RF, SMO and J48 and between NB and J48. SMO was the most accurate
classifier in the first six scenarios, however, when increasing missing data RF outperforms
other classifiers and Bayes was the worst in all scenarios. Figure 4.5 represents the Critical

Difference diagrams of all scenarios.

4.5 Discussion

With complete data, NB and J48 perform worse than SMO and RF. Complete case analysis
results in many datasets becoming infeasible for analysis due to sparsity of the data for the
algorithms we tested, thus it is not recommended if missing values are spread among records
in high dimensional data. Simple imputation works well for low amounts of missing data
but not when the amount of missing data increases substantially (scenarios 8 and 9), as the
performance of all classifiers becomes statistically significantly worse than classifying with

complete data. RF and SMO behave better than J48 and NB in all scenarios (including
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Figure 4.5: Critical difference diagrams show the statistical difference between clas-
sifiers with no preprocessing of missing data, excluding scenario 9 where all classifiers
are not statistically different.

when complete data is available). The capability to cope with missing data for RF by using
fractional method when uncertainty increases seems to outperform the SMO handling of

missing data using mean/mode but not significantly.

4.6 Summary

This chapter provides an investigation of how the classification algorithms behave when

increasing the uncertainty. The experimental set up explains datasets used for the exper-
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iment. Then the mechanism employed to generate increasing scenarios of missing data is
presented. After that, a number of methods for dealing with uncertainty are discussed
followed by the chosen classification algorithms. Next, the results and analysis of the dif-
ferent approaches used along with the pairwise and multiple comparisons statistical tests

are summarised.

Our findings show that the accuracy deteriorates for most classifiers when increasing per-
centages of missing data are encountered. Complete case analysis is not recommended if
missing values are spread among Features/Records in high dimensional data. Simple im-
putation may help when a dataset has low ratio of missing values but not with increasing
uncertainty. When applying the algorithms without preprocessing, again the trend is for
some deterioration in performance with increasing missing data with those differences be-
coming statistically significant for the higher scenarios. So overall, we expect models to
become worse as the amount of missing data increases though different algorithms do not

perform significantly differently under those scenarios.

Next chapter expands on our imputation to include multiple imputation that combines
models generated from multiple imputed datasets with data ensemble techniques to improve

the performance of data mining classification algorithms for data with missing values.
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5 Multiple Imputation Ensembles for

Standard Data (MIE)

5.1 Introduction

MI is a promising method that has been used to replace missing values by randomly drawing
several imputed values from the distribution of unknown data [86, 109]. Unlike in simple
imputation, the uncertainty is reflected as the imputation process will result in various
plausible values. MI is well investigated in regression problems. However, research is still
needed to adapt MI for application in classification problems. In this context, an ensemble
of classifiers is a powerful technique that has shown excellent performance for many clas-
sification problems, especially if it produces diverse models. Thus, exploiting the diversity
generated from multiple imputation in combination with an ensemble is a promising area

for classification tasks.

Therefore, in this chapter, a thorough investigation is conducted on how to effectively apply
MI for classification algorithms. We propose an ensemble that combines multiple models
produced by MI, and we investigate the ways for combining different ensemble mechanisms
with MI methods to achieve best results. Our proposed method, MIE, is evaluated and
compared with other alternatives under some simulated scenarios of increasing uncertainty
in terms of missing data. For this, we propose a robust experimental setup using 20 bench-
mark datasets from the UCI Machine Learning repository. For each dataset, we use a
mechanism called Missing Completely at Random (MCAR) to generate missing data by
removing the values of chosen attributes and instances with a variable probability. There-

fore, we produce several experimental datasets which contain increasing amount of data
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MCAR. In those scenarios, we investigate how increasing the amount of missing data af-
fects the performance of competing approaches for handling missing data. They include
the algorithm’s internal mechanism for handling missing data, single imputation, machine
learning imputation and our proposed MIE. We also explore different methods to ensemble
the results obtained from the different imputed values, as the ensemble represents a method
for combining the evidence from the different models to arrive a final classification which
should encompass the degree of missing data. Furthermore, we propose the use of dissim-
ilarity to assess the quality of the imputation. We also evaluate the MIE performance by
comparing classification accuracy on the complete and imputed data. Moreover, we use the

accuracy of simple imputation as a benchmark for comparison.

The rest of this chapter is organised as follows: Section 5.2 presents the proposed method
to combine MI with data ensemble techniques (MIE) for standard data. Next is a detailed
description of the experimental design including data preparation, comparative methods
to the new method and evaluation, which is provided in Section 5.3. Then Section 5.3.1
presents the proposed method for assessing the quality of the imputation. After that, a
summary of the results is given in Section 5.4, followed by statistical analysis in Section 5.5.
Next, an evaluation of the imputed data is presented in Section 5.6. This is followed by an
analysis of the elapsed time for running imputation/classification in Section 5.7. Finally,
Section 5.8 provides a discussion followed by a summary of the whole chapter in Section

5.9.

5.2 Proposed MIE Methods for Standard Data

In Section 3.6, we provide a description of the proposed method to integrate MI with
ensemble techniques for standard data, and we discussed data imputation methods as well as
the classifiers employed to build the ensemble. Furthermore, an explanation of the different

ensemble approaches, which involve the type of classifiers used as well as the combination
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methods are given in Section 3.6.1, and 3.6.2. Below is a brief summary of the proposed

MIE for standard data.
1. Proposed homogeneous bagging ensemble (Hom)

The first approach is to employ the multiple imputed datasets as inputs to train ho-
mogeneous classifiers then generate different models. Majority vote is used to combine
these models as described in Section 3.6.1. On our results, such models are referred to
as MICE-Hom and EMB-Hom, depending on the method to perform the imputation

in the first place.
2. Proposed heterogeneous bagging ensemble (Het)

This approach follows the same manner as the homogeneous bagging ensemble except
that here we train heterogeneous classifiers on the imputed data. Similarly, models
are combined by majority vote as presented in Section 3.6.1. Models are referred to

as MICE-Het and EMB-Het based on the imputation adapted.
3. A new stacking ensemble (SE)

This is a novel approach to combine MI and ensemble. The stacking performs clas-
sification on two layers. The first trains heterogeneous classifiers on the multiple
imputations, while the second layer trains a meta classifier on the output of the first
layer. Detailed information of the stacking structure is provided in 3.6.2. These are

referred to as MICE-SE and EMB-SE depending on the MI method.

5.3 Experimental Design

Here is a description of the experimental set up including data preparation, the current
methods used to recover the missing data and the evaluation methods employed to evaluate

the classifier /ensemble.
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First, we conduct our experiment on the 20 datasets collected from UCI repository as
described in Section 3.2. We first solved the problem of the sparse datasets we have,
LSVT and ForestCoverType. LSVT has five attributes with zero values so we deleted those
features. On the other hand, we transform ForestCoverType by taking the attributes that
represent Wilderness_Area (4 binary columns) and Soil_Type (40 binary columns) then
reducing each to a single column with multiple values. So the first new column has a
numerical value of (1 to 4) which represents the presence of a particular area while the
second indicates the soil type with a value (1 to 40). Additionally, we followed Clark et al.
[35] mechanism of treating Abalone as a 3-category classification by grouping classes 1-8, 9

and 10, and 11 on so that we can improve the classification process.

Some datasets are provided with separate training and testing sets. The rest have been
partitioned using Stratified RemoveFolds filter in weka to retain the class distributions with
a ratio of 70% training and 30% testing, except ForestCoverType, our largest dataset, where

60% of data is used for training and 40% for testing.

Then we generate various scenarios of increasing missing data on the training sets. The

mechanism we follow was previously explained in Section 3.3.1.

After that, as we mention earlier in Section 3.4.1 a few common methods that handle missing
data, those produce a single imputed data are employed to compare with the proposed work.

These are listed below.
1. Building models with missing data (MD)

Such models are referred to as J48-MD, NB-MD, PART-MD, SMO-MD and RF-MD

based on the classifier tested.
2. Simple imputation (SI)

In our results the models with simple imputation are referred to as J48-SI, NB-SI,

PART-SI, SMO-SI and RF-SIL.
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3. Random forest imputation (RFI)

For our results, the models that used RFT are referred to as J48-RFI, NB-RFI, PART-
RFI, SMO-RFI and RF-RFIL.

Finally, we compare between all the approaches looking for differences in the algorithms’
accuracy on each scenario separately. Again, we applied our proposed method for the
imputation on the training set. The imputed training set then used to build the classi-

fier/ensemble. After that, we evaluate the performance on the separate test set.

Our experiments were carried on high performance computing cluster supported by the

research and specialist computing support service at the University of East Anglia.

5.3.1 A New Method for Evaluating Imputation

We mentioned earlier in Section 3.9.1 that dissimilarity functions are well known measure-
ments in the context of clustering algorithms as they compute the difference between data
points. Therefore, we instead propose to utilise a distance measure to assess the quality
of the imputation methods. As we have different data types in our datasets, i.e. numeric,
categorical, mixed, we use the weighted overall dissimilarity formula proposed by Gower
[62], the Gower Coefficient, to compute the distance dis(a,b) between each data point, a,
in the original dataset and the corresponding data point, b, in the artificial dataset after

performing MI as follows:
N .
Zf:l w%)dzs%)

dis(a,b) =
Z}Vzl wéjlj)

(5.1)

where N denotes the total number of features in a dataset, w is the assigned weight to a
feature (we set w=1 for each feature) and f is a feature which can be either numerical or

categorical.

Before we apply the formula to measure distance, we standardise each numerical attribute,
f, into a comparable range using the standardised measure, z_score, to avoid attributes

with a larger range having a bigger effect on the distance measurement. For this we use the
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following equation:

/

x = z(xg) = (xp —my)/sg (5.2)

where x denotes a value in an attribute, m the mean of attribute and s is the mean absolute

deviation for that attribute. Then we compute the distance, disg{), as follows:

disgfb) = |2op — Tpy (5.3)
The contribution of each categorical attribute to the overall dissimilarity disg{) = 0 if x4y
and xps are identical otherwise disfl{,) =1.

The overall aggregated dissimilarity function remains in the same range [0,1]. Finally, we
average the distance of all records to obtain the mean distance between the original and

imputed data.

5.4 Results

Table 5.1 shows the mean accuracy and the standard deviation of the classifiers (J48, NB,
PART, SMO and RF) obtained on the testing sets by training on the original data with
no missing values. Those classification results for the complete data are used then as
the benchmarks to study how missing data affects the accuracy and performance of the
algorithms when various methods for dealing with missing data are used. The RF classifier
performs better than other classifiers in nine of the datasets. Then SMO is the second
best classifier, working best on five datasets out of twenty, while J48 and PART work
best on three datasets each. The performance of NB is the worst compared to the other

classifiers.

Then we test the performance of multiple classifiers on multiple datasets using Friedman
test [39] to check which classifiers outperform others. The test shows a significant difference

(p-value < 0.05) in performance so we proceed with post hoc test, Nemenyi test. The
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Table 5.1: The mean accuracy of the classifiers and standard deviation for the com-
plete datasets obtained based on test set. A best accuracy values for each dataset are

in bold.

Dataset J48 NB PART | SMO | RF
PostOperativePatient | 71.43 | 64.29 | 71.43 | 60.71 | 64.29
Ecoli 82.14 | 83.04 | 82.13 83.04 | 80.89
Abalone 63.43 | 58.91 | 62.21 65.23 | 65.36
TicTacToe 84.33 | 72.73 | 88.09 98.75 | 95.17
BreastTissue 65.71 | 57.14 | 62.86 57.14 | 64.57
Statlog 72.37 | 76.28 | 69.97 76.27 | 74.95
Spect 66.84 | 64.71 | 65.24 67.91 | 69.95
Flags 57.81 | 48.44 | 53.13 35.94 | 60.00
BreastCancer 95.24 | 93.65 | 92.06 97.88 | 95.98
Chess 99.25 | 88.08 | 98.97 95.40 | 99.06
Connect-4 79.31 | 72.11 | 78.39 76.06 | 81.94
ForestCoverType 93.71 | 62.16 | 91.4 71.70 | 96.58
Connectionist Bench 72.46 | 69.57 | 65.22 81.15 | 84.35
HillValley 48.15 | 51.44 | 48.15 53.08 | 56.71
UrbanLandCover 67.65 | 77.91 | 69.83 74.56 | 81.30
EpilepticSeizure 48.53 | 43.33 | 49.62 27.52 | 68.17
Semeion 92.84 | 91.34 | 98.49 | 97.74 | 95.40
LSVT 66.67 | 51.19 | 97.62 | 76.19 | 85.71
HAR 93.85 | 75.85 | 94.47 98.31 | 97.95
Isolet 83.45 | 82.36 | 82.81 95.83 | 93.97
Overall average 75.26 | 69.23 | 76.10 74.52 | 80.62

Critical Difference diagram as a result of applying Nemenyi test is shown in Figure 5.1.
The figure illustrates that RF behave significantly better than PART and NB although
there is no statistical differences within each group, i.e. no statistical significant between
RF, SMO and J48. Similarly, the performance difference for J48, PART, NB and SMO is

not statistically significant.

In order to understand how different algorithms behave under different imputation regimes,
we begin by investigating each algorithm separately. In particular, we apply our proposed
methods that combine MI with ensemble techniques, MIE, along with the comparative
approaches as mentioned in Section 5.3. We therefore study the performance of the internal
mechanism of the algorithms for handling missing data (e.g for MD, J48-MD, NB-MD,
PART-MD, SMO-MD and RF-MD), the simple imputation (J48-SI, NB-SI, PART-SI, SMO-
ST and RF-SI), the RFI imputation (J48-RFI, NB-RFI, PART-RFI, SMO-RFT and RF-RFT).

Our proposed MIE methods are represented by the combination between MI methods with
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Figure 5.1: Critical Difference diagram showing statistically significant differences
between classifiers. The bold line connecting classifiers means that they are not statis-
tically different.

homogeneous bagging (MICE-Hom, EMB-Hom), heterogeneous bagging (MICE-Het, EMB-
Het) and stacking ensembles (MICE-SE, and EMB-SE). The detailed results for each dataset

can be found from the author.

5.4.1 Classification Results by Classifiers

Here is a summary of the results for each classifiers combined with the proposed ensembles

and the comparative approaches separately.

For J48, Table 5.2 shows the mean accuracy and standard deviation for all datasets obtained
on test set for all the approaches along with its accuracy on complete data. For all scenarios
of missing data, MICE and EMB combined with ensemble methods (i.e. MICE-Hom, MICE-
Het, MICE-SE, EMB-Hom, EMB-Het and EMB-SE) obtain excellent results with accuracy
better than or comparable to the accuracy for the complete dataset, even in the highest
scenarios for missing data. Best performance was for the stacking ensembles (MICE-SE and
EMB-SE) followed by the heterogeneous (MICE-Het and EMB-Het) then EMB-Het. J48-
MD, J48-RFI and MICE-Hom are similar to complete data but deteriorate slightly when

increasing uncertainty while J48-SI was the worst.
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The mean accuracy and the standard deviation for NB along with the different approaches
are presented in Table 5.3. Results show that the stacking ensemble approaches (MICE-SE
and EMB-SE) followed by the heterogeneous approaches (MICE-Het and EMB-Het) im-
prove the performance of NB drastically and up to 10% compared with complete data and
even when missing values increase. Other approaches act in a similar manner to each other
and to complete data. It is notable that, even in the highest scenario of missing data and re-

gardless of the imputation adopted, NB has a resilient behaviour towards uncertainty.

For PART as shown in Table 5.4, again the stacking ensembles (MICE-SE and EMB-SE)
and the heterogeneous approaches (MICE-Het and EMB-Het) produce a better accuracy
in all scenarios of missing data compared to complete data even in the highest scenario of
missing data. EMB-Hom was comparable to complete data, while MICE-Hom, PART-RFI
and PART-MD behave the same with deterioration when missing data increases. PART-SI

was the worst.

Table 5.5 presents the results for SMO with the different approaches. The performance
of the classifier combined with the heterogeneous bagging (MICE-Het and EMB-Het) and
the stacking ensembles (MICE-SE and EMB-SE) achieve improvements compared with
the complete data in all scenarios of increasing missing data. Omn the other hand, the
homogeneous bagging (MICE-Hom and EMB-Hom) and SMO-RFT are competitive to each
other where the later performed better in the highest scenario of missing data. For all
scenarios, SMO-MD and SMO-SI are almost a match to each other and close to complete

data for low and moderate rates of missing values.

For RF as shown in Table 5.6, the homogeneous ensemble EMB-Hom appeared to be similar
to the complete data in most cases while it decreased in the highest scenarios of missing
data. Other approaches seemed to have a small difference in the accuracy. However, the
stacking approaches (MICE-SE and EMB-SE) performed worst than complete data in all

cases.

Chapter 5 Aliya Aleryani 80



Dealing with Missing Data and Uncertainty

Multiple Imputation for Classification

JUDISHIP 9Yj) pue T:H::OU uﬁ.ﬁﬂv sjosejep @pwﬁngOO o[} IOJ UOIIRIASOD pIepUR]IS PUR KF[ JO AdeInooe uroul UL :¢°S °2l9qel

99°LL 90°LL GL°LL ST AL €9°6L VL €L 0S°€L 6T ¥0°€L ¢l

€€°8L 8L'8L LL°8L 66°8L €99 vyl 167 ¥8°€L 1E7L 1T

8¢°08 v.°08 6V°6 10°08 69 €66 AN 9€'6L a8'7L 0T

60°T8 80°T8 88°6. 76°6. TL°9L PE 6L 1€°GL 1¢°GL €9°6 6

V6L TL°64 L0°6L €8°8L 8€°9L LCTVL eVl €6°€L VavL 8

G9°08 G108 L9°6L 07°6L GC9L ya6L LE°GL 0T"¢L 10°GL L (92°6L)
708 19°08 1264 €L°6L 8C'9L ¥9°GL 09°¢L 1T°6L 6€°6L 9 8Vl
G808 98°08 ¢€'08 G0°08 6€°92 18L°GL 7964 €1°6 61°GL g

1¢°08 ¥€°08 Gg'6L 9¢°64 98°G. 0¢'GL 80°G 98'7L €0°6 ¥

19°08 10°T8 €9'6. 88764 86°GL 0¥°GL 0¥°GL G967 06'7L €

VE'1I8 G9°08 ¥8°6L €6°6L 1T°94 69°GL 69°CL yC 6L €¢'6L 4

Ig°18 G018 ¥8°6L 7208 L0°9L L9°GL [ 0€°6L 1e°6L 1

HS-dINH | HS-ADIIN | 1°H-GINT | °H-HDIIN | WOoH-gINA | WOoH-ADIIN | IAY-8¥[ | IS-8F[ | QIN-8¥V[ | #9298 | @391duwop
"PIOQ UI 8I€ OLIRUSIS [ord I0] Son[es AOvINDOE 1S9¢ 19 1S9} UO paseq paurejqo soydeoidde

81

Aliya Aleryani

Chapter 5



Dealing with Missing Data and Uncertainty

Multiple Imputation for Classification

02°'8L 11°82 GL'LL QT 2L 6769 ¥5°69 6069 20°69 G 0L 4!

V¥6L 98°64 LL°8L 66°8L 2969 £8°69 20°69 €469 Gc 0L 1T

€E'18 GE'18 67°6L 10°08 6469 1€°0L 8169 16°69 €0°0L 0T
9€°'18 7018 88°6L €6°6L 10°0 G1°0L L€°69 1€°0L €1°0L 6

11°08 Iv°08 L0°6L €8'8L V.69 €469 G€'69 76°69 99°69 8
LV°1I8 ¢C'18 L9°6L 1764 16°69 G869 ¢9°69 P1°0L 20°0L L (€2°69)
€418 LIS 1,764 €L°6L 06°69 12°69 0569 90°0L 06°69 9 aN
c9'18 9’18 cE08 G0°08 3669 96°69 9469 70°0L 68°69 g

cE'18 qr'18 G486 9¢°6L 8169 L9'69 7569 3669 ¥.°69 ¥

8G'I8 cy'18 £€9°6L 88°6L £€6°69 8869 8169 2L0°0L 60°0L €

[45%4°] €818 78°6L €6°6L €8°69 ¢6°69 0869 20°0L 66°69 (4
7818 0818 78°6L ¥¢ 08 9L°69 16°69 LL°69 7669 16°69 !

AS-dINH | HS-HOIIN | 1°H-GINJ | 1°H-ADIIN | WOH-gINA | WOoH-ADIIN | IAY-9N | IS-N | QIN-N | #°9°§ | @jo[dwo)

wvguﬁOHQgﬁ JUDISHIP 93 pue QHQHS—OU @wmﬂv sjosejep QPQMQQHOO o[} I0J UOIIRIASD pIepUR]S puR (N JO AdeInooe meotr T, :¢'G 919elL

"PIOQ UI 9I® OLIBULIS DL I0J SoN[eA ADRINIIR )S9¢] ')oS 199 UO paseq paure}qo

82

Aliya Aleryani

Chapter 5



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

L8704 994 GL°LL GT°LL 18°G. 96°cL G8'cL 69T G8'€L 4!
07°84 L6°LL LL°8L 66°8L VL LL 667 61°7L V1'€L 0c'7L 1T
[441)] 08°6L 676 10°08 VaLL 69°7.L c6'vL 6LV, LG°GL 0T
c0'18 cE08 88°6L £€6°6L ¥9°LL VEGL 1T°6. €CGL LG°GL 6
Y16 1€°8 L0°6L €8°8L CC'LL E€LTVL YevL 0V"€L 81°GL 8
8€°08 17°6.4 L9°6L 0¥°6L L9°LL G97L Ge'gL 0C°SL 0¢°6L L (01°92)
€G°08 108 1L°6L €L°6L 9C’LL PEGL ¥9°GL 60°GL Gg 6L 9 Tavd
69°08 L2308 cE08 G008 G'LL 0y°GL €9°GL 6€°GL L6°GL g
¥S°08 98°6L GG°6L 9C 6L €9°9L E€V°GL 8L €6°VL 6¢°GL ¥
80°08 GL°6L €9°6L 88°6L VELL 09°GL Y€ GL 86°V.L c9°GL €
6.°08 08°6L ¥8°6L €6°6L LT°LL GE'GL 09°¢L €18l L9°GL (4
c0'18 ¢6°08 V864 ¥Z 08 TT°LL 9Y"GL 96°¢L 0§°¢L 88°GL !
AS-dINA | HS-HDOIN | 1°H-GINd | 1°H-IDIN | WOH-gINT | WIOH-ADIIN | I4Y-TUVd | IS-TUVd | JIN-TUVd | #°9§ | @j9[dwop

"PIOQ UI 8I€ OLIRUSIS [ord I0] Son[es AOvINDOE 1S9¢ 19 1S9} UO paseq paurejqo soydeoidde

JUSISHIP 93 pue AQQHSMOU #w.ﬂﬁv sjosejep @uQMQQHOU 9lJ I0J uorjerAsp prepuris pue VI JO AdeInooe weour OUL ¥'G °2Il9qel

83

Aliya Aleryani

Chapter 5



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

C¢C'8L 18°LL GGL°LL ST AL 99°€L 6T°€L 0¢°GL Gc'eL 9¢°€L ¢l
G164 CcC'6L LL°8L 66°8 LTV 6L [ 19'7L 887 1T
¢6°08 9T'I8 6V°6 10°08 ov'GL 07°94 91°g. 91°6. 1¢°GL 0T
67°1I8 91’18 88°6. €6°6. €79 G794 €6°GL 66°GL €179 6
¥6°6.L VL°6L L0°6L €8°8L V'Sl ¥6°GL 1676 00°62 867 8
€T'I8 €6°08 L9°6L 0¥°6L L0°9L 10794 ¥8GL ¥0°GL 8¢ 6L L (eevL)
6018 IT°18 1264 €L°6L ¥8°GL P1°9L 0092 8L°CL 1276 9 OIS
Gc'1s £€6°08 ¢€'08 G0°08 Gc9L ¥€94 09°64 66°GL ¢C 9L g
18°08 ¥6°08 05°62 9¢°64 G€9L 06°G4 8€°9. 6€°GL G¥°G.L ¥
1218 1718 €9'6 88°6. 1€°9L ¥C 9L L9 €4°6 99°6. €
VL'I8 PS18 ¥8°6L €6°6L ¢l'9L LC°9L VLGl 19°GL GLGL [4
19°18 LETY ¥8°6L ¥Z 08 GE'9L 16792 C6°GL 09°62 L9 !
AS-dINA | HS-HOIIN | 1°H-GINd | 1°H-ADIIN | WIoH-gINT | WIOH-ADIIN | I4Y-OINS | IS-OINS | AIN-OINS | #92§ | @191dwop
"PIOQ UI 8I€ OLIRUSIS [ord I0] Son[es AOvINDOE 1S9¢ 19 1S9} UO paseq paurejqo soydeoidde
JUOIOPIP o) pue (UWIN[0D JSI) sjoseiep 030[dI0D o1} I0] UOIIRIAOD pIepue)s pue OJNS JO ADRINDOR UROW O], :G°G 9[qeL

84

Aliya Aleryani

Chapter 5



Dealing with Missing Data and Uncertainty

Multiple Imputation for Classification

€97L 98 7L 9L°LL GT'LL €L°8L C8LL LG°8L 9L°LL 68°LL 4!

00°GL L9VL 8L°8L 00°6 88°6L 96°8L 6€°6L GG'8L 96°8L 1T

G9°9L 06°GL 676 10°08 1.°08 ¢y 08 c1'08 89°6L Gc'08 0T

9¥°9L G8°GL 88°6L ¥6°6L T1.°08 67°08 0208 G6°6L L€°08 6

Gy 6L LE°GL 80°6L P8°8L 70°08 80°6L 18°64 9€°6L 17°6. 8

86°GL Ve GL 89°6L 1764 67°08 208 6¢°08 6L°6L G8°6L L (29°08)
¢0°9L G€9.L CL6L VL°6L G6°08 ¥°08 €€°08 1€°08 8.°08 9 J4
86°GL G9°GL cE08 90°08 98°08 9408 19°08 L208 89°08 g

G0°9L E€V°GL GG°6L 9¢ 6L ¥€°08 16°6 G0°08 656 £€6°6L ¥

Ve GL 96°GL €9°6L 88°6L 99°08 ¢0°08 81°08 96°6L 1€°08 €

GT°9. 16764 G8°6L ¥6°6L 18°08 9¥°08 ¢E 08 60°08 18°08 (4

€1°9L 16°G G8°6L 7208 08°08 99°08 ¢L 08 €1°08 L3208 !

AS-dINA | HS-HOIIN | 1°H-GINd | 1°H-ADIIN | WIoH-GINT | WOH-ADIN | 14Y-dY | IS-AY | AIN-dY | #92§ | 9191dwop

sotproIdde WOIOPIP O} pue (UWM[0D ISIT) sjoseiep 9301dUI00 O} I0] UOTJRIAOD PIRPUR]S PUR 1 JO ADRINDOR UROW T, :9'G 9[qR],

"PIOQ UI 9I® OLIBULIS DL I0J SoN[eA ADRINIIR )S9¢] ')oS 199 UO paseq paure}qo

85

Aliya Aleryani

Chapter 5



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

5.4.2 Classification Results by Data Type

Furthermore, we analyse the efficiency of the imputation method based on different data
types and we relate this to the performance of different classifiers. We do this separately
for each classification algorithm. We present box plots showing the range of accuracies
(max, min, median and any outliers) obtained for all the datasets of a given data type. The
different scenarios in terms of % of missing data are represented in the x-axis. The grey
box plot in each graph represents the accuracy on the complete dataset, before any data is

removed.

Figure 5.2 shows the range of accuracies as box plots for the J48 algorithm applied on
numerical (top), categorical (center), and mixed (bottom) datasets. On numerical datasets
(the plot on the top), there are four clear methods that stand out as the median value
for (MICE-Het, EMB-Het, MICE-SE and EMB-SE) was much higher than that of other
methods and of the complete data for all levels of missing data. Also, the maximum
accuracy of those increased by about 10% compared with the complete data also for all
levels of missing data. The EMB-Hom method also shows some improved performance
though not so marked. The other methods perform similarly to one another and to the

complete data.

For the categorical data (center plot), a similar pattern for median accuracy is observed
with (MICE-Het, EMB-Het, MICE-SE and EMB-SE) showing best median performance,
with some but not so marked improvement for maximum accuracy too. Overall median
accuracy of most approaches decreased with increasing uncertainty but for EMB-SE and
MICE-SE it was both higher than the complete data and that the other methods for most

scenarios.

On mixed datasets (right plot), the median accuracy of all approaches seemed to be similar
to the complete data but the maximum average accuracy increased when applying MICE-
SE and EMB-SE. Outliers, represented by dots in the plot, were presented in all methods

tested for mixed data.
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Figure 5.2: The performance of different approaches for the J48 based on the different
data types.
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For the NB algorithm, similar results are shown in Figure 5.3. However, for NB, again
(MICE-Het, EMB-Het, MICE-SE and EMB-SE) show performance improvements both in
terms of maximum and medium average accuracies with respect to the mixed datasets while

the rest are similar to complete data for all data types.

For PART, shown in Figure 5.4 the median accuracy of PART-MD, PART-SI, PART-RFI,
MICE-Hom and EMB-Hom deteriorated for numerical datasets in comparison with the
original data while the performance improves when MICE-Het, EMB-Het, MICE-SE and
EMB-SE are applied. On categorical datasets, all different methods helped to keep per-
formance similar to that of the complete data for low % of missing values but not when
increasing the uncertainty. The performance of EMB-Hom, MICE-SE and EMB-SE were

the best on both categorical and mixed data.

For SMO, shown in Figure 5.5 the median accuracy all methods on numerical datasets were
similar to each other and to the complete data while the minimum accuracy of MICE-Het,
EMB-Het, MICE-SE and EMB-SE increased by up to 10% compared with the completed
data. Similarly, all approaches tested on the categorical data were relatively close. On mixed
datasets, the median accuracy of the classifier seemed to be equal to the complete data but
the maximum accuracy increased when applying MICE-Het, MICE-SE and EMB-Het and
EMB-SE.

Finally, the performance of RF with respect to different data types is shown in Figure 5.6.
All approaches tested where relatively similar so for this algorithm the method of imputation
produced minor or no improvements. MICE-SE and EMB-SE improved on maximum aver-
age accuracy for the categorical data but did not perform so well when increasing missing

data was present. For the mixed data all approaches seemed similar.
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Figure 5.5: The performance of different approaches for the SMO based on the dif-

ferent data types.
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Figure 5.6: The performance of different approaches for the RF based on the different
data types.
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5.5 Statistical Analysis

5.5.1 Friedman Test

For each of the classifier/imputation methods studied, we applied Iman Davenport’s cor-
rection of Friedman’s rank sum test [39, 55] to compare the performance of the imputation
methods including our proposed approach. The test detects the difference between the dif-
ferent methods by comparing the mean ranks of the classifiers on a number of datasets as
follows: with 9 algorithms (i.e. variations on imputation regimes) and 20 datasets, F it is
distributed according to the F distribution with 9 - 1 = 8 and (9 - 1)*(20 - 1) = 152 degrees

of freedom. If we use a significance level of & = 0.05, the critical value of F is 2.

So far we have used the Friedman test to compute the average ranks. The test also gives us
the ability to compute a p-value, to discern if the algorithm performs significantly different
to others according to the average rank obtained. Tables 5.7, 5.8, 5.9, 5.10, and 5.11
present the p-values resulting from application of the Friedman test for each scenario and
each algorithm, and shows that the performance of the different imputation methods when
combined with a given classifier were significantly different. The symbol * denotes that the
test was significant p < 0.05. J48, NB, and PART were statistically different when different
imputation methods were applied in all scenarios tested. The performance of SMO was

significant in most cases while RF was the same in most of the cases.

For the J48 algorithm, Table 5.7 summarises the mean rank for the different imputa-
tion/ensemble methods on each of the artificial datasets in each scenario separately. Hint:
lowest rank means better performance. On average, for J48 the stacking ensemble with
EMB (EMB-SE) obtained a better rank, hence better overall classification accuracy, with
MICE-SE second best. This is followed by the heterogeneous approaches (MICE-Het and
EMB-Het) as they achieved a similar performance to the stacking ensembles. Other ap-

proaches have similar performance to each other while J48-SI was the worst.
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Similar results were obtained for the NB as illustrated in Table 5.8. In each case the
EMB-SE algorithm produced the best performance in terms of ranking and hence overall
accuracy on different datasets followed by MICE-SE. Similarly, the heterogeneous ensembles
(MICE-Het and EMB-Het) are competitive to the stacking approaches. The homogeneous
approaches (MICE-Hom and EMB-Hom) behave in a similar manner as NB-MD and NB-SI
while NB-RFI was the worst.

PART obtained similar results to the J48 and NB algorithms as shown in Table 5.9. In
each scenario the EMB-SE algorithm produced the best performance in terms of ranking
and hence overall accuracy on different datasets. The heterogeneous ensembles (EMB-Het)
then (MICE-Het) are the second best. Other approaches are relatively similar while SI was

the worst.

Similar to the previous algorithms, For SMO, EMB-SE algorithm was the best followed by
MICE-SE as presented in Table 5.10. The heterogeneous ensembles (EMB-Het and MICE-
Het) were a close match to MICE-SE. The rest approaches were similar while ST was the

poorest.

Table 5.11 shows the results for the different approaches for the RF. EMB-Hom was the
best in most scenarios followed by RFI as a second best. The heterogeneous approaches
and MICE-Hom were close to RFI. Other approaches have a similar performance whereas
the internal mechanism of RF for handling MD showed worse performance than others in

most cases.
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5.5.2 Wilcoxon Test

We also used the Wilcoxon signed rank test [39] for pairwise comparison with a control
algorithm. We chose the performance of the classifiers applied to data imputed by SI as
a control as this is a form of naive imputation which may be frequently used and is often
used as a control against new data imputation methods. For each dataset, the test first
computes the difference in accuracy of the two approaches (i.e. SI vs other approaches).
After that, it ranks the absolute difference then signs the rank. The test hypotheses (both
null hypotheses and the alternative hypothesis) for Wilcoxon concerns the median of the
difference in accuracy. Null hypothesis denotes that the median difference is equal to zero
while the alternative hypothesis assumes that the there is a difference in the performance.
The test statistic Wis computed as the smaller of total of the positive ranks and the total of
the negative ranks. For 20 datasets and at a significance level of o = 0.05, the critical value
of Wis 52. MI combined with an ensemble in the case of the J48 algorithm (i.e. EMB-Hom,
MICE-Het, EMB-Het, MICE-SE and EMB-SE) was statistically significant better than the
control (p-value < 0.05) in all cases as shown in Table 5.12. On the other hand, MICE-Hom
models and J48-RF1 were significantly different in a few scenarios. The internal mechanism

of J48 for handling MD was not different than SI.

Table 5.12: The performance of J48 on different imputation/ensemble methods along
with proposed approach resulting from Wilcoxon signed rank test. The symbol (+%)
indicates that the approach is significantly better than the control while (=) denotes
that the performance is similar to the control.

Sce# | J48-MD | J48-RFI | MICE-Hom | EMB-Hom | MICE-Het | EMB-Het | MICE-SE | EMB-SE
1 — — — e e e I X I X
2 = + % + % + ¥ + % +* + ¥ + ¥
3 = + ¥ + ¥ + ¥ + ¥ + ¥ + * + *
4 — — — ¥ * e I * e e
5 = + ¥ + ¥ + ¥ + ¥ + ¥ +* +*
6 = + % + % + ¥ + % +* + * + *
7 = = = + ¥ + ¥ + ¥ + ¥ +*
8 — — — e e I * e e
9 — — — e I X e e e
10 = = = 4 ¥ T ¥ * T * T *
11 — I X — e I X e I X I X
12 = + % + % + ¥ + % +* + ¥ + ¥
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For NB, when comparing with the control, as shown in Table 5.13, we can see that only the
combination between MI and heterogeneous bagging and stacking (MICE-Het, EMB-Het,
MICE-SE and EMB-SE) performed statistically differently from the control while other
methods showed no difference.

Table 5.13: The performance of NB on different imputation/ensemble methods along
with proposed approach resulting from Wilcoxon signed rank test. The symbol (+%)
indicates that the approach is significantly better than the control while (=) denotes
that the performance is similar to the control.

Sce# | NB-MD | NB-RFI | MICE-Hom | EMB-Hom | MICE-Het | EMB-Het | MICE-SE | EMB-SE
1 = = = = + * + * +* +*
2 — — — — 4 * 4k 4k 4k
3 — — — — 4 ¥ 4 ¥ 4 ¥ 4 ¥
4 = — — _ 4 * 4k R R
5 — — — — 4 ¥ 4 ¥ 4 ¥ 4 ¥
6 = — — _ 4 * 4k S S
7 — — — — 4 ¥ 4 ¥ 4 ¥ 4 ¥
8 = — — _ 4 * 4k 4k 4k
9 — — — — 4 ¥ 4 ¥ 4 ¥ 4 ¥
10 = = = — 4% e R T*
11 4+ * = = — + * 4k e T
12 + * = = = + * + * 4 * 4k

For the comparison of PART with the control, as shown in Table 5.14, the combination
between MI with ensembles (EMB-Hom, MICE-Het, EMB-Het, MICE-SE and EMB-SE)
were better than the control in all cases. On the other hand MICE-Hom, PART-RFI and

the internal method were significantly different to the control in a few scenarios.

For SMO, the performance for the EMB-SE approach is better in most but not all cases and
similarly for MICE-SE, as illustrated in Table 5.15. SMO-RFI was better than the control
only when the ratio of missingness increases. The EMB-Hom method was significantly

better than the control when low missing values were encountered.

For RF, Table 5.16 presents the comparison with the control and shows some improvements
when EMB-Hom was used. For all other approaches to missing data there appears to be

little difference.
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Table 5.14: The performance of PART on different imputation/ensemble methods

along with proposed approach resulting from Wilcoxon signed rank test. The symbol

(+*) indicates that the approach is significantly better than the control while (

denotes that the performance is similar to the control.

)

Sce# [ PART-MD | PART-RFI | MICE-Hom | EMB-Hom | MICE-Het | EMB-Het | MICE-SE | EMB-SE
1 = = = + * +* +* + * + *
9 +* — — +>|< +* +* +* +*
3 = = = +* +* +* + * + *
4 — — — +>|< +* +* +* +*
5 + * = = + * +* +* +* +*
6 — — — +>|< +* +* +* +*
7 = = = + * +* +* + * + *
8 +* — — +>|< +* +* +* +*
9 = = = + * +* +* + * + *
10 = = = _|_* +* +* +* +*
11 = + * = + * + * +* +* +*

Table 5.15: The performance of SMO on different imputation/ensemble methods

along with proposed approach resulting from Wilcoxon signed rank test. The symbol

(+*) indicates that the approach is significantly better than the control while (=)

denotes that the performance is similar to the control.

Sce# | SMO-MD | SMO-RFI | MICE-Hom | EMB-Hom | MICE-Het | EMB-Het | MICE-SE | EMB-SE
1 = = = = + * +* +* +*
2 = = = = +* +* +* +*
3 = +* = +* +* +* +* +*
4 = +* = +* +* +* +* +*
5 — — — — 4 ¥ 4 ¥ 4 ¥ 4 ¥
6 = = = = +* +* +* +*
7 = +* = +* +* +* +* +*
8 = +* = = +* +* = +*
9 — — — — 4 ¥ — 4 ¥ 4 ¥
10 = = = = 4k — 4% 4k
11 = = = = + * +* = +*
12 = T * = — - E T -

5.6 Quality of the Imputed Data

Here we evaluate the quality of imputation methods used, i.e. how far is the imputed data

from the real data. We used Gower distance as explained in Section 5.3.1 to compute the

mean dissimilarity between the imputed and the original data. We divide our analysis by

the feature type (i.e. numerical, categorical or mixed) as imputation may work differently
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Table 5.16: The performance of RF on different imputation /ensemble methods along
with proposed approach resulting from Wilcoxon signed rank test. The symbol (+%)
indicates that the approach is significantly better than the control while (=) denotes

that the performance is similar to the control.

Sce# | RF-MD | RF-RFI | MICE-Hom | EMB-Hom | MICE-Het | EMB-Het | MICE-SE | EMB-SE
1 = + * = + * = = = =
2 = = = + * = = = =
3 = = = + * = = = =
4 = = = + * = = = =
5 = — = — = — = =
6 = = = + * = . = =
7 = — = — = — = =
8 = = = + * = . = =
9 = — = — = — = =
10 = = + * + * = = = —
12 = + * = = = = = =

for different data types. The number of datasets in each group are 10, 5 and 5, respec-

tively.

The three plots at the top of Figure 5.7 represents the mean dissimilarity between the
real and the imputed values using EMB, MICE, RFI and SI with respect to the numerical
datasets. In most of the scenarios, RFI produced imputed data closer to the real data as
the mean dissimilarity was very close to 0. EMB was a close match to RFI followed by
MICE. However, imputed data by SI was the worst as it was further from the real data
specially with increasing uncertainty. With respect to the categorical data, the plots in the
middle of the figure show that the mean dissimilarity for all imputation methods devised
were close to each other and to the real data though EMB produced the best performance
for most scenarios. In the case of categorical data, all methods tested were efficient in terms
of recovering missing values. On the other hand, different imputation methods behave
differently with the mixed data type as shown at the bottom of the figure EMB produced
data that was more similar to the real data as the mean dissimilarity did not exceed 0.1 in
the worst case. RFI became second best followed by MICE. Again the SI was the worst in

all cases.
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Figure 5.7: The mean dissimilarity between the original and imputed data-points as
a result of applying different imputation methods on numerical datasets where different
percentage of features affected by missing data at different levels. The first row rep-
resents numerical data, the second represents categorical data and the last represents
mixed data.
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5.7 Elapsed Time Analysis

Here we report on the elapsed time for running the imputation/classification algorithms to
give some idea of the computational burden of multiple imputation. We first compute the
time elapsed for performing one imputation for one dataset using each imputation method.
For simplicity, we choose the highest scenario of increasing missing data (scenario 12). As
MICE and EMB performed 5 imputation, we compute time per one imputation to make it
comparable to SI. Figure 5.8 shows the imputation time in minute for each of the 20 datasets
(data are ordered with respect to increasing training size) and are represented in (x-axis).
For most datasets, the time for running MICE, EMB and RFI were close to each other
while SI was the fastest among all methods. However, for LSVT, which is a sparse dataset
with less instances, MICE required approximately 36 minutes to perform the imputation
followed by EMB and RFI where each took 8 minutes to perform the imputation. On the
other hand, for the datasets with large number of features and training samples such as
Isolet and HAR, the imputation running time for MICE increased up to 668 minutes while
the longest running time for EMB was 421 minutes and 360 minutes for RFI. However,
RFI was the slowest for Epileptic while other imputation were close to each other. For our
largest dataset, ForestCoverType, RFI required more time as it took around 519 minutes
followed by MICE wile EMB was close to SI. We can say that for data with large number
of records and less features such as ForestCoverType, RFI seemed to be the slowest while
SI was the fastest followed by EMB as a second best. On the other hand, EMB, MICE and

RFT show a slow running time for high dimensional data such as for Isolet and HAR.

We next compute the elapsed time for running classifier/ensemble approaches. We use
RF as a benchmark to compare elapsed times for running the different classification ap-
proaches using alternative imputation methods. Here we consider the time for running the
classifier /ensemble only (imputation time not included), that is to say, once the multiple
imputation is obtained, we measure the time in producing a classification either by applying

a single or multiple imputation approach. Naturally, the multiple imputation approach re-
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Figure 5.8: Elapsed time (in minutes) for running the imputation for each dataset

using each method.

quires building multiple classifiers and ensembling them. To provide a better visualization,
we choose a sample of 10 datasets that are varying in number of features/records. The
datasets include LSVT, UrbanLandCover, ConnectionistBench, HillValley, Semeion, Isolet,
HAR, Epileptic, Connect-4 and ForestCoverType. Figure 5.9 illustrates the running time
(in minutes) and the accuracy for the different RF approaches (RF-MD, RF-SI, RF-RFI,
MICE-Hom, EMB-Hom, MICE-Het, EMB-Het, MICE-SE, EMB-SE) including the accu-
racy of RF on the complete data (Original) for each of the 10 datasets. The figure shows
that time for running classification for the different approaches for most datasets were quite
similar to each other. For LSVT, EMB-Het showed an improvement in the accuracy with-
out increasing the running time compared with the accuracy of RF on complete data while
EMB-Hom performed better than other approaches for UrbanLandCover and Epileptic with
a slight difference in classification time. On the other hand, for Semeion and Isolet, the en-
semble approaches (EMB-Hom, MICE-Het, EMB-Het, MICE-SE and EMB-SE) produced
a good accuracy compared with other approaches with similar running time. On the other

hand, the running time for all ensemble approaches (MICE-Hom, MICE-Het, EMB-Hom,
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EMB-Het, MICE-SE and EMB-SE) for ForestCoverType took a long time and reached 185
minutes in the worst case and showed no improvement in the performance. Same picture
emerges for Connect-4 but the classification time increased slightly and up to 10 minutes
for MICE-SE and EMB-SE. For the rest of the datasets the classification time for all ap-
proaches were close but the accuracy in some cases became worse than the the accuracy of

RF obtained on complete data.
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Figure 5.9: Elapsed time (in minutes) for running the different approaches for RF on
10 datasets versus the accuracy.

We also compute the running time for classifier/ensemble approaches for J48. Again, we
use J48 as a benchmark to compare elapsed times for running the different classification
approaches using alternative imputation methods. We also choose the same 10 datasets

and the same scenario of missing data (scenario 12). Figure 5.10 illustrates the classifica-

Chapter 5 Aliya Aleryani 107

AR



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

tion time (in minutes) and the accuracy for the different J48 approaches (J48-MD, J48-SI,

J48-RFI, MICE-Hom, EMB-Hom, MICE-Het, EMB-Het, MICE-SE, EMB-SE) including

the accuracy of J48 on the complete data (Original) for each of the 10 datasets. The fig-

ure shows that classification time for the different approaches in most datasets were quite

similar to each other. In all datasets except ForestCoverType and Connect-4, the ensemble

approaches (MICE-Het, EMB-Het, MICE-SE and EMB-SE) showed an improvement in the

accuracy compared with the accuracy of J48 on complete data, with a slight increase in

the classification time. On the other hand, the running time for all ensemble approaches

(MICE-Hom, MICE-Het, EMB-Hom, EMB-Het, MICE-SE and EMB-SE) for ForestCover-

Type increased and showed no improvement in the performance.
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Figure 5.10: Elapsed time (in minutes) for running the different approaches for J48

on 10 datasets versus the accuracy.
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Finally, we represent classification time for the RF approaches (RF-MD, RF-SI, RF-RFI,
MICE-Hom, EMB-Hom, MICE-Het, EMB-Het, MICE-SE, EMB-SE) including the accu-
racy of RF on complete data (Original) versus the size of training datasets. Again here we
use the same datasets and the same scenario of missing data (scenario 12). Figure 5.11 illus-
trates the datasets ordered based on increasing number of training size and the classification
time (in minutes). The figure depicts that for most datasets and most RF approaches, the
classification time for the different approaches were closely match to each other and to the
original data. The classification time increased slightly for MICE-Het and EMB-Het for
the large data size as in Isolet, Epileptic and Connect-4. For instance, the classification
time for both MICE-Het and EMB-Het for Isolet did not exceed 5 minutes while they took
around 8 minutes for Epileptic and 10 minutes for Connect-4. On the other hand, for
ForestCoverType, MICE-Het was the slowest as the time for running classification reached
to 185 minutes followed by MICE-Hom as the second slowest then EMB-Het. Likewise, the
time for running the stacking ensembles (MICE-SE and EMB-SE) was approximately 120
minutes. However, the classification time for RF-MD was close to 13 minutes and RF-SI

was close to the classification time of RF with original data.

5.8 Discussion

In this study, we investigate how different classification algorithms behave when using var-
ious methods for missing value imputation. We propose our MIE approach to improve
classification with missing data and compare it with other methods for dealing with miss-

ing data.

For J48, NB, PART and to a large extent for SMO, the proposed EMB-SE produced the
best performance for most levels of missing data with MICE-SE being a closed second. For
high levels of missing data SMO worked well with RFI. For the RF algorithm, however,

EMB-Hom produced the best performance in most cases. The differences in performance
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Figure 5.11: Elapsed time (in minutes) for running the different approaches for RF
on 10 datasets versus the training size.

were statistically significant in all cases for J48, NB, PART and in the majority of cases for

SMO. For RF, they were statically significant in some scenarios only.

On the other hand, when comparing different approaches with a control method for impu-
tation in the form of SI, we found that in most cases the proposed MIE techniques that
rely on heterogeneous bagging and stacking (MICE-Het, EMB-Het, MICE-SE and EMB-
SE) obtain statistically significantly better classification accuracy than the control when
working with J48, NB, and PART. This was also true for SMO in the majority of scenarios
but not for RF where EMB-Hom showed more significant improvements, consistently with

our previous results.

It is not possible to directly compare our results to others working on related work due
to different datasets and experimental setup. However, some comparisons are possible.
For example, our findings, particularly for J48, are consistent with similar work done by

Tran et al. [135] where they combined data imputed by MICE with an ensemble by using
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the majority vote method. Their proposed work achieved an improvement in terms of the
classification accuracy. In our work we obtained further improvements on accuracy when

using EMB imputation and stacking ensembles (MICE-SE and EMB-SE).

We proposed the use of dissimilarity to assess how far is the imputed data from the real data
so that we can relate this to the performance of the algorithms. For numerical data RFI
seems to perform best particularly for growing percentages of missing data. For categorical
data EMB appears best by a very small margin, except for the highest missing data scenario.

For mixed data EMB seems always best.

However, from further analysis of performance on each data type we can see that the
imputation that recovers data best does not necessarily lead to a better classification per-
formance. From the box plot analysis, we find that for all algorithms and data types except
for RF, MICE-Het, EMB-Het, MICE-SE and EMB-SE produce consistently better perfor-
mance than the others, hinting at the fact that the ensemble plays a big part in producing
good results. For RF again most methods seem to perform similarly though EMB-Het
and MICE-Het are still consistently good performers. This indicates that the ensemble in
itself produces improvements irrespective of the quality of the imputation. As RF is al-
ready an ensemble algorithm, the advantages of MI for RF appear less obvious than for the

others.

Finally, we provide analysis of the elapsed time for running the imputation/classification
algorithms. First, for the imputation, the fastest imputation in terms of running time is SI
and other imputation methods are close to SI for most datasets. The exception to this is
when MICE is applied to large datasets in terms of both features/records (Isolet and HAR)
and the same can be observed for EMB and RFI. On the other hand, RFI showed slow
running time for the largest dataset (ForestCoverType) in terms of the training size. When
analysing the classification time for RF approaches versus the accuracy, for most datasets, all
approaches require relatively small running time except for Forest CoverType where running

time for MICE-Hom, MICE-Het, EMB-Hom, EMB-Het, MICE-SE and EMB-SE are higher
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than the rest of the approaches. RF approaches show different behaviour for the different
datasets as they obtain an improvement in accuracy for some data while in some cases they
were worse than the performance of RF on complete data. However, for J48, in most cases
MICE-Het, EMB-Het, MICE-SE and EMB-SE show an improvement compared with the
performance of J48 on the complete data with a close running time. For ForestCoverType,
again MICE-Hom, MICE-Het, EMB-Hom, EMB-Het, MICE-SE and EMB-SE require a long
running time without improvement in accuracy. Finally, when illustrating the running time
for RF approaches versus the training size, we can say that increasing training size eventually
increases the classification time for all ensemble approaches as the running classification time
reaches the maximum for ForestCoverType. Thus, for large datasets, where the cost of an
ensemble is much higher than a single classifier, it may be required to use some strategies
when building the ensemble to maintain the efficiency and scalability. For example, using
multiprocessing or threading mechanism when building the ensemble may be useful to reduce

the time complexity.

5.9 Summary

In this chapter, we explain our experimental design to apply our method that combines MI
using ensemble methods. Starting by identifying the three proposed approaches, we then
explain the experimental set up including data preparation, the alternative approaches em-
ployed for dealing with missing data to compare with the new approaches and the evaluation

of classification/imputation.

After that, for each classifier, overall results are summarised then a breakdown analysis
based on the data types is given. Additionally, proper statistical tests are conducted to

check for differences in the classifiers’ performance.

One of our important findings is that even in scenarios of increasing uncertainty, it is possible
to obtain results similar or in some cases better than those obtained with the complete data,

if the right imputation technique is used. This is an important finding as reasoning with
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missing data becomes then a lesser problem in the context of MCAR data. In this sense our
proposed MIE methods, particularly those using stacking as the ensemble method produce

consistently good results.

Although multiple imputation may consume time and memory particularly with large
datasets, its advantages in terms of representing the uncertainty as well as the ability to
introduce diversity for the ensemble classifiers enables us to improve classification accuracy
for scenarios with large levels of missing data and for most classification algorithms tested.
If an algorithm such as RF is used, then the imputation method appears less relevant, al-
though a poor imputation method like SI can produce deteriorated performance particularly

for mixed data.

In next chapter, we extend the proposed work for T'S data. We will investigate the applica-
tion of MI with ensemble as the ensemble methods have been also applied in TS classification

and produce a good performance.
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6 Multiple Imputation Ensembles for

Univariate Time Series (MIE-TS)

6.1 Introduction

The growing sources of TS data plays a big role to the remarkable development of TS
analysis as well as TSC. TS are often extracted from devices such as sensors, appliances,
accelerometers, ...etc. Such devices may experience technical issues while recording that
could lead to TS ending up with missing values. This is crucial as it may affect the quality
of the data and consequently the performance of the learning algorithms. Hence, recovering
such data is an important process so that TS can be analysed safely and correctly. In prac-
tise, numerous time-based imputation methods have been developed and used for handling
missing data. Nevertheless, most TS imputation techniques do not reflect the uncertainty,

particularly those designated for univariate series.

In this chapter, we therefore contribute to develop a time-based data recovery method then
utilise that to improve TSC with incomplete data. We first propose a novel time-based
imputation method that incorporates uncertainty, i.e. produces multiple imputed data. We
then extend the approach we proposed for standard data MIE [7] as explained in Chapter
5. That is, we combine multiple imputation with ensembles to fill missing values for TS.
For TS we, therefore, also propose to incorporate two approaches: multiple imputation
and data ensemble techniques for recovering missing data. First we simulate missing sub-
sequences under Missing Completely at Random mechanism (MCAR), though in this case
the missing data are contiguous values of the T'S. Then we use a number of single/multiple

imputation methods. The imputed TS are used then to build our ensembles. We build
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ensembles using a number of standard classification algorithms. Furthermore, we employed

the TS classifiers. The different approaches are compared using appropriate statistical tests.

Finally, an evaluation of the imputation is conducted using Dynamic Time Warping.

6.2 A Novel Multiple Interpolation (MINT)

Interpolation is a popular method used to replace missing values and it is commonly utilised

in TS due its simplicity. On the other hand, MI is more advance and strongly recommended

imputation technique due to its ability to capture the uncertainty. To attain the advantages

from both, we expect that incorporating the two techniques could yield a simple but an

efficient imputation model. Therefore, our proposed scheme of the multiple interpolation is

achieved by three main stages: missing data generation, data recovery, and adding random

noise.

1. Missing Data Generation

First, we create artificial training set as follows: For ecach case (sample) in the training
set, we generate 5 sequences of missing values (consecutive observations) of different

lengths under MCAR assumption.
. Data Recovery

Second stage is the missing data recovery. Incomplete values are imputed using simple
linear interpolation. This method computes an average between the values before the

missing data and the value after.
. Random Noise

Finally, each of the interpolated values is modified by randomly adding or subtracting
a random value drawn from the truncated normal distribution [25]. That is the random
values are limited to a relatively small value within a given interval or threshold. We
limited the lower bound for the random value to —(10% of interpolated value) while the

upper to +( 10% of interpolated value). Finally, the draw is repeated multiple times
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(5 times) so in this case multiple datasets are generated. These datasets have slightly
different values for the imputed datapoints as a result of the randomness injected.
Hence we propose this method to impute the data multiple times, but injecting some

randomness in each imputation.

Details of the missing values generation mechanism were previously presented in Section

3.3.2 and the proposed imputation is further discussed in 6.4.1.

6.3 Proposed MIE-TS for Univariate Time Series

We propose two different methods to combine multiple imputation with ensemble techniques
for TS: homogeneous bagging and stacking. We use our new imputation method, MINT,
along with two different well established MI techniques: MICE and EMB (Amelia). Again,
here we study the performance of a number of standard/TS classifiers as mentioned earlier
in Section 3.5. The description of the proposed method to combine MI with ensemble
techniques, data imputation methods and the standard/TS classifiers utilised to build the
ensemble for TS was provided in Section 3.6. Section 3.6.1, and 3.6.2 explains the different
ensemble approaches, which involve the type of classifiers used as well as the fusion methods.

The proposed MIE-TS approaches for TS are:
1. Homogeneous bagging ensemble (Hom)

We build the homogeneous bagging ensemble for each standard classifier separately.
On the other hand, TSCHIEF is chosen as time-based classifier to build the bagging
ensemble. For both types, to construct the bagging ensemble, imputed datasets are
trained by a same type classifier then models are tested against separate test sets.
The final class is assigned based on a majority vote as described in Section 3.6.1. On
our results, such models are referred to as MICE-Hom, EMB-Hom, and MINT-Hom

based on the imputation utilised to perform the imputation in the first place.

2. Stacking ensemble (SE)
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To build the stacking ensemble by using the standard classifiers, heterogeneous clas-
sifiers are employed to classify the imputed data in the first level of the stack. After
that, a new set of predictions is constructed to train a meta classifier. The ensemble
is evaluated using 10-fold cross validation. However, for TS classifiers, heterogeneous
TS classifiers are also used to train imputed datasets. Next, the predictions are used
to form a new dataset in the second layer. As this set is not a form of TS, we use
RF to train this set. Again here, we evaluate this ensemble using 10-fold cross valida-
tion. The stacking framework is provided in 3.6.2. These are referred to as MICE-SE,
EMB-SE and MINT-SE depending on the MI method.

6.4 Experimental Set-up

A detailed description of the datasets used in this work and our mechanism for generating
missing data were previously explained out in Section 3.2.2. Here we explain how data are
prepared and list out the imputation methods used to recover the missing sub-sequences
followed by the evaluation method for assessing classifier/ensemble. Finally, the design for
the proposed new imputation is further explained. This is followed by the method used for

checking the quality of the imputation.

First, all TS datasets have come with a separate single test set. We resample the data so
that the majority of the samples are taken as a training set while the rest are held as a
test set. We do this as follows: for each dataset, we combine the training and testing sets
into one dataset. Data are then randomised and 70% of samples are selected as a training
set while the remaining are selected for the test set. We repeat the partition with different
random seed for 5 times. As a result, we produce 5 training and testing sets from each

dataset.

We then generate missing consecutive observations (monotone patterns) under MCAR as-
sumption for each datasets separately. The details of this mechanism were provided earlier

in Section 3.3.2.
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After that, we use the following imputation methods as comparative approaches to compare
against the proposed method. All these methods except MICE can deal with TS. These
are Last Observation Carried Forward (LOCF), linear interpolation (INTERP), MICE and

EMB (Amelia). Detailed information of these were explained earlier in Section 3.4.2.

Finally, all the approaches are compared against both the complete data and a control
algorithm to detect differences, if any, in the algorithms’ performance on each scenario
separately. The proposed method for the imputation as well as the competing methods
are applied on the training set and then we use these imputed training set to build the

classifier /ensemble. We finally evaluate the performance on the separate test set.

Similarly to the previous work on MIE, the MIE-TS experiments were carried on a high
performance computing cluster supported by the research and specialist computing support

service at the University of East Anglia.

6.4.1 Multiple Interpolation (MINT) Set-up

Each sample (case) in the training datasets are first imputed using simple linear imputation.
Then, each of the imputed values is updated by randomly adding or subtracting from a
random value generated from a truncated normal distribution. To generate random values,
we use the truncnorm [92] package built in R with parameter settings as follows: We set the
parameter associated with the random value generated to 1 and the lower bound to —(10%
of interpolated value) while the upper to +( 10% of interpolated value). We inject this value
to add some randomness to the imputation so in this case the uncertainty of the estimated
(imputed) value is taken into consideration. We set the threshold to restrict the generated
random value between £ [10% of interpolated value] so the random effect is within a small
range. The process of updating the imputed data are repeated to produce 5 imputed
datasets. These multiple imputed datasets are used then to build our bagging/stacking

ensembles.
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6.4.2 Evaluating Imputation Method

We propose the use of the Dynamic Time Warping (DTW) measure to evaluate the quality
of the different imputation methods used in this work. The measure [112] was originally
applied on speech recognition problems and was then employed for TS mining applica-
tions [79, 132, 19]. DTW is an elastic distance measure that finds the optimal alignment
path between two series. The optimal alignment minimises the sum of distances between
aligned series. We can measure the quality of the imputation by comparing each imputed
series with its original counterpart. In that way we can asses the similarity between two
series (original/imputed). We can say then that two series are similar if the normalised
cumulative distance is small (close to 0) and different otherwise. Before we apply DTW to
measure distance, we normalise original and imputed series into a comparable range using

the normalisation measure, z_ score.

To understand the formula of DTW, assume A = [a1, as...,a;] denotes the imputed series
and B = [by, by..., bj] denotes the original series where i = {1,2,..., N} and j = {1,2,..., M}
are the indices of A and B, respectively. First, we use Euclidean distance to compute local
cost matrix between each pairs of a; and b; which will be used then to construct warp curve
(k). Given ¢, the average accumulated distortion between the warped TS A and B is

calculated as follows:

dy(A, B) = Sfe_1d(¢a(k), o (k))mg(k) /My (6.1)

where ¢, and ¢, remap the time indices of A and B respectively. my (k) is a per-step weight-
ing coefficient and My is the corresponding normalization constant. We set the default
parameters for the dtw package in R written by Giorgino [61] so in this case it computes
a global alignment with no windowing. The parameter, stepPattern which specifies the

transitions allowed while searching for the minimum distance path, is set to symmetric2.
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The parameter associated with the local distance function between two series, dist.method,

is set to the Euclidean distance.

As we generate 5 missing subsequences for each case. For the single imputation approach,
we compute the normalised distance between each of theses missing chunks with its original
counterpart separately then we average the results. Similarly, we first repeated the same
calculation for each of the multiple imputed series separately then we compute the overall

average distance for all the 5 imputed series.

6.5 Results

Table 6.1 shows the mean accuracy and the standard deviation of the classifiers (RF, SMO,
IBk, J48, PART and time TSCHIEF) obtained on the testing sets by training on the original
data with no missing values. The classification results for the complete data are used then
as the benchmarks to study how missing data affects the accuracy and performance of
the algorithms when various methods for dealing with missing data are used. TSCHIEF
obtained the best classification accuracy on all the datasets followed by RF and then SMO
as second and third best, respectively. The performance of J48, PART is relatively similar

and IBk is the worst in most cases.

6.5.1 Classification Results

To understand how different algorithms behave under different imputation regimes, we
began by investigating each algorithm separately. In particular, we applied our proposed
methods that combine MI with ensemble techniques, MIE-TS, along with our multiple
interpolation method MINT as well as the comparative approaches as described in Section
6.4. We therefore study the performance of Last Observation Carried Forward (LOCF),
interpolation (INTERP) and our proposed MIE-TS methods which are represented by the
combination between MI methods with bagging (MICE-Hom, EMB-Hom and MINT-Hom)
and stacking ensembles (MICE-SE, EMB-SE and MINT-SE).
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Table 6.1: The mean accuracy of the classifiers and standard deviation for the com-
plete datasets obtained based on test sets. The best accuracy values for each classifier

are in bold.

No. | Dataset Classifier | Mean+SD
RF 99.92+0.26
SMO 99.8440.37

1 PowerCons 1Bk 93.11+1.24
J48 97.54+1.64
PART 97.70£1.58
TSCHIEF | 99.5040.75
RF 87.794+4.97
SMO 76.32+7.55

2 HouseTwenty 1Bk 68.55+6.26
J48 70.06£6.73
PART 70.40+9.88
TSCHIEF | 97.36+1.69
RF 58.2+4.16
SMO 35.614+2.49

3 RefrigerationDevices | IBk 42.51£2.44
J48 46.2+3.13
PART 45.96+4.18
TSCHIEF | 72.96 +2.13
RF 79.21£0.92
SMO 69.1443.05

4 Earthquakes 1Bk 72.71+4.30
J48 67.724+4.84
PART 68.48+2.81
TSCHIEF | 79.87+0

6.5.2 Classification Results by Datasets

1. PowerCons

For PowerCons dataset, for most scenarios of missing data reflected in Table 6.2, EMB

and MINT combined with both ensemble methods (i.e. EMB-Hom, EMB-SE, MINT-

Hom and MINT-SE) and any of the algorithms gives excellent results with accuracy

better than or comparable to the accuracy for the complete dataset, even in the

highest scenarios for missing data. The best combination overall appears to be MINT-

SE, but there are small differences with others. Best overall classification results are

obtained with RF, SMO and TSCHIEF, though it is notable that algorithms like IBk

(and to some extent also J48 and PART) improve their performance considerably

with the introduction of the missing data accompanied by the MI approaches to deal

Chapter 6

Aliya Aleryani

121



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

with it. Relatively similar poorer performance was observed for INTERP and LOCF

approaches while MICE approaches and particularly MICE-Hom showed deterioration

in the highest scenarios of increasing missing values.

Table 6.2: The mean accuracy and standard deviation for classifiers on complete

dataset (first column) and other approaches obtained based on test sets for the different

approaches for PowerCons. Best accuracy values for each scenario are in bold.

Classifier Sce | LOCF INTERP | MICE-Hom | MICE-SE | EMB-Hom | EMB-SE MINT-Hom | MINT-SE
RF 1 99.3440.37 | 99.4440.38 | 99.5£0.75 99.5+0.75 | 1000 100+0 100+0 100+0

2 99.17£0 99.3440.37 | 99£1.49 99+1.37 1000 1000 100+0 1000
(99.92+0.26) 3 99+0.91 9940.38 96.33+1.73 98.17£1.99 | 100+£0 99.5£0.75 100+0 99.5£0.75

4 98+1.83 98.8310.46 | 95.83£1.32 97.5£0.83 | 100£0 99.5£0.75 100+0 99.83+0.37

5 96.5+2.79 | 98.67£0.75 | 94.33£1.6 96.83+1.49 | 99.83+0.37 | 99.17£0.59 | 99.83+£0.37 100+0
SMO 1 99.1£0.48 | 98.834+0.46 | 99.17+1.02 99.83+0.37 | 100+£0 100+0 100+0 100+0

2 99.3440.37 | 99.17+0 96.8342.07 99+1.37 99.67+0.45 100+0 100+0 100+0
(99.840.37) 3 97.17£1.73 | 9910.38 91.5+3.45 97.67£3.08 | 98.83+0.95 99.5+1.12 99.5+0.45 100+0

4 96.17+1.92 | 98.84+0.75 | 90+2.89 97.67+1.24 | 99.540.75 99.83+0.37 | 99.5£0.75 100+0

5 95.83+1.18 | 98+1.26 85.8444.25 96.33+1.51 | 99.34+0.37 | 99.5+1.12 98.5+1.49 99.83+0.37
1Bk 1 96.5£2.85 | 96.331+2.01 | 96.83+2.16 99.67£0.75 | 96.33£2.01 1000 96.51+2.16 100+0

2 97+2.48 97£1.73 95.67+1.09 99.17£0.84 | 96.17£1.39 | 99.67+£0.75 | 96.83£1.37 100+0
(93.11+1.24) 3 95.17£2.73 | 95.33£2.68 | 92.17£1.39 98.17£1.49 | 92.83£2.61 99.83+0.37 | 95.674+2.59 99.83+0.37

4 93+1.92 94.67£1.73 | 90.67+3.6 97.67£1.09 | 92.543.06 99.83+0.37 | 95.03£2.18 99.83+0.37

5 93.5£2.46 | 94.5£3.37 | 89.83+£2.16 95.83£1.18 | 91.67£5.65 99.83+0.37 | 93.8313.62 99.67+0.45
J48 1 95.83+£1.32 | 96.33+2.18 | 97.84+1.26 99.17+1.18 | 99£0.91 100+0 96.33+1.92 100+0

2 95+2.82 96.67+2.12 | 97.83+0.74 99+1.49 99.5+1.12 100+0 97.33£1.6 100+0
(97.541.64) 3 94+2.24 95.334+3.1 | 95.83+3.59 97.17£2.68 | 99£1.09 99.33£0.91 | 96.5+1.61 99.5+0.75

4 93.67£1.92 | 94.5+4.19 | 94.83+2.46 97+1.51 99.33+0.7 99.17+1.44 | 97.1743.26 99.83+0.37

5 91.17+£3.51 | 954+2.12 91.67£1.67 96+1.8 98.33+£2.83 | 98.83£0.95 | 96+1.61 100+0
PART 1 97.17£2.25 | 98.34+1.18 | 96.33+£2.47 99.17£1.18 | 99.331+0.7 1000 98.34+1.18 1000

2 96.5£1.9 97.5£1.56 | 97.33£1.9 99+1.49 99.67+0.45 1000 97.5%£1.56 1000
(97.70+1.58) 3 92.83£2.74 | 97+2.09 95.17£2.39 97.17£2.68 | 99.67+£0.75 | 99.33+0.91 | 97.83+1.4 99.5£0.75

4 95+3.12 9612.46 94.6712.09 96.67£1.56 | 99.67£0.75 99.17£1.44 | 98+1.92 99.83+0.37

5 93.67£1.92 | 93+3.61 89.67+3.1 96+1.8 99.5+1.12 98.83£0.95 | 96+3.03 100+0
TSCHIEF 1 99.5+0.75 | 99.5+£0.75 | 97.5+1.56 99.45+0.48 | 99.33+0.7 99.17+0 99.5+0.75 98.89+1.27

2 9940.7 99.33+0.7 | 95.8441.18 98.61£0.48 | 99+0.7 99.45+0.47 | 99.33+0.7 99.45+0.48
(99.50+0.75) 3 97.83+£1.73 | 98.83+1.26 | 93.54+1.49 96.67+1.44 | 97.67+0.91 98.61+0.48 | 98.67+1.39 99.17+0.84

4 97.17£1.92 | 98.67+£1.39 | 91.5+2.46 95.83+£1.67 | 97.67+£0.69 | 98.89+1.27 | 99+1.09 98.89+0.48

5 95.17£1.71 | 97+0.95 88.67+3.51 93.89£3.47 | 96.17+1.26 | 99.724+0.48 | 98.17+1.09 98.61+1.27

2. HouseTwenty

A similar picture emerges from the HouseTwenty dataset results shown in Table 6.3.
TSCHIEF was the best among all classifiers with a performance up to 10% higher
than RF. EMB-Hom was the best for RF (all scenarios), EMB-SE was best with
SMO, J48 and PART for most scenarios and MINT-SE showed advantage for IBk and
higher missing data scenarios with SMO. In terms of classification performance, again
RF showed the best performance overall and for all scenarios except for scenario 1

in which J48 /SMO performed better. Again LOCF, INTERP and MICE approaches
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performed worse.

Also again for this dataset, MI combined with stacking ensem-

bles produced better classification accuracy compared to the benchmark data for all

scenarios, showing remarkable improvement for the higher missing data scenarios.

Table 6.3: The mean accuracy and standard deviation for classifiers on complete

dataset (first column) and other approaches obtained based on test sets for House-

Twenty. Best accuracy values for each scenario are in bold.

Classifier Sce | LOCF INTERP | MICE-Hom | MICE-SE | EMB-Hom | EMB-SE MINT-Hom | MINT-SE
RF 1 88.68+£3.53 | 90.57+4.62 | 88.3+2.8 86.79+4 90.944+3.1 | 89.06+5.4 89.81+3.15 89.06+£4.7
2 88.68+£3.27 | 89.06+£2.46 | 88.68+£4.22 82.64+£6.18 | 90.57+4.22 | 86.79+7.43 | 90.57£3.78 | 88.3£2.8
(87.79+4.97) 3 88.68+£2.31 | 88.68+2.67 | 88.3+4.89 84.53+4.09 | 90.94£3.1 | 88.68+4.99 | 89.06£3.37 87.174+3.87
4 87.93£2.15 | 89.06%£2.07 | 84.91£2.31 81.51£7.94 | 89.43+5.1 | 83.4+7.23 89.06£4.7 86.79+5.17
5 85.66+4.92 | 88.3+5.4 80.38+4.35 80.75+4.88 | 89.81+5.1 | 82.64+8.79 | 89.81+4.34 | 84.15+9.11
SMO 1 73.58%6.11 | 74.72+£5.1 | 71.32£8.48 88.3+£3.63 T7.74+7.11 91.32+3.68 | 74.72+5.1 90.19+3.37
2 72.08£8.79 | 72.45+6.35 | 69.43+£7.23 86.04+4.13 | 76.6£2.54 89.06+4.88 | 72.45+6.35 87.93+3.43
(76.3247.55) 3 66.41+4.09 | 67.92+6.11 | 67.17+4.74 85.2845.88 | 75.09+2.46 | 90.19+4.88 | 67.92+6.11 88.68+4.22
4 69.81+4.62 | 64.9£10.04 | 69.43+£8.27 82.64+5.72 | 78.11+4.34 | 86.79+3.53 | 64.9£10.04 86.79+4.99
5 59.24+5.44 | 65.2849.01 | 63.02£7.73 84.15+2.86 | 74.72+3.91 86.7946.11 65.28+9.01 87.92+6.62
1Bk 1 70.56£5.76 | 70.94+5.44 | 67.17£3.16 85.66£1.03 | 67.17£2.15 | 86.844.81 71.7£4.62 88.681+1.89
2 66.41£6.45 | 65.66+5.06 | 64.53£5.72 81.89+6.62 | 63.77£4.3 84.91+5.34 | 66.04+4.62 88.3+4.7
(68.55+6.26) 3 67.92£5.5 70.94£8.29 | 67.92£5.5 82.64+5.24 | 70.19£5.87 | 85.66+£4.92 | 71.32£8.16 86.04+3.91
4 67.924+3.53 | 67.92+6.4 | 64.15£3.77 81.13+6.67 | 66.04+4.99 | 83.77£7.62 | 67.17£6.75 86.41+5.06
5 61.51£4.13 | 68.68%3.15 | 66.04£5.5 82.27£6.06 | 69.43£6.98 | 82.27£8.07 | 69.43+£4.88 86.41+6.17
J48 1 66.79£2.53 | 74.34+£5.1 | 71.32+£4.3 87.17£4.09 | 73.96+6.17 | 91.32+3.68 | 73.58+4.22 89.43+4.13
2 74.34£8.91 | 68.3£7.23 | 65.28%3.91 86.04+3.16 | 76.23+4.13 | 89.06+4.88 | 67.92+7.31 86.79+4.81
(70.06+6.73) 3 70.94+6.88 | 69.81+£6.4 | 76.23£8.5 85.28+5.57 | 80+2.53 90.19+4.88 | 69.81+6.4 89.44+2.53
4 72.08+£8.79 | 76.6+£7.38 | 71.32£8.69 80.38+4.54 | 78.87+6.17 | 87.55+4.13 | 76.6+7.38 85.66+7.26
5 68.68+7.62 | 69.05+5.9 | 67.93£3.53 84.15+3.43 | 76.98+4.3 86.79+6.11 | 70.94+8.61 88.3+5.88
PART 1 67.924+7.06 | 75.47+7.31 | 73.96£4.09 85.6645.43 | 75.85£5.57 | 89.43+5.76 | 73.59£5.5 89.431+4.13
2 73.58£8.54 | 75.47£6.11 | 66.79£6.34 84.15£4.92 | 77.74£6.98 | 87.93+6.06 | 75.47£6.11 87.17£4.5
(70.40+9.88) 3 66.04£8.12 | 68.68+7.62 | 78.49+5.27 84.9+6.4 81.51+£4.5 90.57+4.62 | 69.06+£7.96 88.68+£2.67
4 70.94£8.18 | 76.6£6.88 | 74.72£7.62 80.76+£3.63 | 81.13£5.82 | 86.42+£5.4 | 76.6+6.88 85.28+7.36
5 69.05+11.45 | 70.56+7.62 | 67.17£6.48 82.64+3.63 | 78.11+6.88 | 86.04+6.34 | 72.45+9.49 88.3+£5.88
TSCHIEF 1 97.74+2.06 | 97.36+1.69 | 97.74+1.58 96.67+3.06 | 96.98+1.69 | 96.78+2.91 97.74+1.58 98.00+2
2 97.36+£1.69 | 97.36+£1.69 | 97.74£1.58 98.00+2 96.61£2.07 | 98.00+0 97.36+1.69 98.00+2
(97.361.69) 3 96.61£2.07 | 96.98+2.15 | 97.74+1.58 98.67+1.15 | 97.36+1.69 | 97.33+£1.15 | 96.98+2.15 97.33+2.31
4 96.98+£2.15 | 97.74£1.58 | 97.73+£2.07 98.00+2 97.36+1.69 | 97.33£1.15 | 96.61£2.07 98.00+2
5 95.09£2.86 | 97.36+1.6 | 97.36+£2.15 96.78+3.98 | 97.36+2.15 | 96.78+3.98 | 96.23+2.31 98.00+2

3. RefrigerationDevices

Table 6.4 shows the result of the algorithms applied to RefrigerationDevices dataset.
This dataset appears harder to classify as the benchmarks results showed for the clas-
sical classifiers. It is a multi-class dataset, which may explain some of the classification
difficulty. However, TSCHIEF performed considerably well as the performance was
14% higher than RF for the complete data. Furthermore, the performance for the
stacking ensembles (MICE-SE, EMB-SE and MINT-SE) improved where the missing

rates are lower. On the other hand, the other approached seemed to have similar
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performance. For the RF algorithm, the stacking ensembles (MICE-SE, EMB-SE and

MINT-SE) performed substantially worse than their bagging counterparts. For the

SMO algorithm, stacking ensembles (MICE-SE, EMB-SE and MINT-SE) performed

better than others in all of the scenarios.

For IBk, performance for the stacking

approaches (MICE-SE, EMB-SE and MINT-SE) was the best. Finally for J48 and

PART stacking approaches were better. TSCHIEF was the best for this problem. RF

was the second best performer and did show slight deterioration with missing data.

Again, MI combined with stacking ensembles produced better classification accuracy

compared with the benchmark data for all the other algorithms.

Table 6.4: The mean accuracy and standard deviation for classifiers on complete

dataset (first column) and other approaches obtained based on test sets for Refrigera-

tionDevices. Best accuracy values for each scenario are in bold.

Classifier | Sce | LOCF INTERP | MICE-Hom | MICE-SE | EMB-Hom | EMB-SE | MINT-Hom | MINT-SE
RF T | 55.76=1.19 | 57.52+0.59 | 56.88=2.11 | 48.16+2.44 | 57.52+1.53 | 47.6£5.00 | 57.28=1.48 | 50.56+3.52
2 | 56.32£3.00 | 55.92£2.79 | 56.96£2.72 | 48.8£5.16 | 56.56£0.61 | 49.12£6.43 | 56.4+1.74 17.52£3.56
(58.204.16) || DASSELIS [559242.02 | 56.4%2.23 | AT44EH38 | 5632236 | 49.652.26 | 5592246 | AT92%0.95
1 | 56.48£1.84 | 56.4£2.61 | 56.64=2.17 | 47.68£6.67 | 56.08£2.32 | 45.84%5.39 | 56.72+1.97 | 50.72£3.17
5 | 56.08£2.46 | 57.12£1.04 | 56.48£3.83 | 47.92+3.36 | 56.4£2.3 17984329 | 57.84+1.85 | 49.92£5.57
SMO T | 36£3.93 | 34.88+£2.79 | 36.24=2.31 | 54.96+4.96 | 36.96+150 | 55.2=3.31 | 34.88+2.64 | 56.32+1.97
2 | 34.48+3.95 | 35.043.86 | 34.88+2.96 | 54.5645.5 | 34.56+3.52 | 56.16+3.88 | 35.2+3.68 52.48+4.25
(35.6142.49) | 2| BVOSFLA8 3598527 | 36055330 | 54.8853.86 | 7.92E3.96 | 54724405 | 35.52%3.14 | 538TE5S
4 | 33.36£2.48 | 37.4443.6 | 34.08+3.03 | 55.84+2.05 | 37.1242.99 | 53.0414.42 | 37.28+3.83 | 55.68+4.19
5 | 34.72+1.86 | 36.08£2.05 | 37.04£3.27 | 53.244.34 | 36.64L1.71 | 53.6813.10 | 35.84t1.19 | 56.08+2.32
IBk 1 | 43.44£1.8 | 43.1242.7 | 43.76=1.49 | 48.48£3.42 | 43.36+2.38 | 46.72£3.19 | 43.52£1.78 | 52.08+3.43
2 | 42146 12.64+£3.58 | 41.04=3.14 | 49.76£3.72 | 30.92£3.13 | 50.32+5.23 | 42.16+3.28 | 48+4.13
(125142.40) | 3| STO2EL3E [A02AET6L | 3TSIE215 | AT.GS43.78 | 37.0043.14 | 49.92%2.09 | A0.GAEL19 | 47044233
4 | 364=1.5 | 38.64£1.8 | 38.24=1.34 | 49.6£5.99 | 36.8=1.41 | 46.56£3.51 | 39.12£2.58 | 49.68+2.55
5 | 36.32£1.48 | 37.76£2.65 | 37.12£1.61 | 49.2+3.61 | 34.8£0.69 | 47.6812.3 | 37.84£3.21 | 49.28+4.86
J48 T | 43.640.80 | 46.8+2.14 | 50.64£1.60 | 54.56+3.88 | 51.36+2.41 | 54.32+3.14 | 49.4442.81 | 54.4+2.53
2 | 45.44+3.11 | 42.96£2.57 | 50.48£2.73 | 56.8+5.13 | 50.16£2.66 | 55.28+4.73 | 40.36£2.71 | 51.36+3.23
(624313) |2 45.6£1.72 | 46.4+3.3 10.3612.27 | 55.92+3.09 | 51.1242.99 | 55.84+2.24 | 47.4442.39 | 52.96+4.93
1 | 46.88+2.39 | 47.04£2.48 | 50.24+2.27 | 54.3242.44 | 51.44£3.98 | 54.16+1.64 | 40.44:2.51 | 54.814.09
5 | 45.2842.25 | 44.4842.12 | 49.36+3.38 | 55.1244.28 | 51.4444.98 | 54+1.96 19.76£3.98 | 56.24+4.03
PART T | 46.08£3.27 | 48.16£2.46 | 47.84£2.66 | 51.04+4.1 | 50.08£2.85 | 50.56+4.28 | 51.04£2.38 | 52.24+3.42
2 | 4525264 | 45.28£3.95 | 49.44=1.8 52.24£4.16 | 49.92+2.64 | 53.52+4.01 | 50.48£2.67 | 50.4+4.84
(45.06.04.18) | 5| A2 S8EL61 [ 43284246 | ISASE173 | 5088334 | 5048247 | 53.84%2.75 | 19365332 | ISSSEL31
1 | 48.64£1.12 | 45.52£2.30 | 49.44=3.34 | 50.8£2.87 | 52.96£0.92 | 51.6£2.94 | 50.32£2.96 | 51.44+£2.36
5 | 44.4852.61 | 45.6£5.57 | 48.32£2.79 | 51.52+2.18 | 52.242.03 | 52+3.45 51.28+3.75 | 52.88+4.17
TSCHIEF | I | 69.28+1.78 | 68.88£3.34 | 68.4+3.84 78.13+1.01 | 68.5+3.3 79.2+1.06 | 69.6+£2.83 79.3312.2
2 | 64.88+2.22 | 64.56+2.39 | 64.4+2.77 75.47+3.72 | 66.242.2 77.6+1.83 | 65.7+3.14 76.93+2.01
(7206£2.13) | 2| 0304EA53 [ 6248513 [ 6184500 76.27L1.15 | 65.944.12 | 75.73£1.97 | 63.214.86 74.67+1.89
4 | 60.48+2.16 | 59.68+3.03 | 60.9+5.25 75.07+0.92 | 63.841.48 | 72.27£1.80 | 63.5+1.8 73.47+2.05
5 | 58.06+4.42 | 57.92£3.51 | 58+£3.71 70.27£1.22 | 63.154.06 | 69.3352.34 | 57.914.78 71.6£2.77
4. Earthquakes
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Table 6.5 shows the result of the algorithms applied for Earthquakes dataset. This

dataset shows again strong performance for TSCHIEF as well as all the SE variants

for the classical classifiers. The performance for TSCHIEF was resistant to missing

data in this particular dataset. For the RF algorithm, EMB-Hom seems to perform

well for a number of scenarios. For the SMO algorithm, stacking ensembles (MICE-

SE, EMB-SE and MINT-SE) performed better than others in all of the scenarios.

For IBk, a mixture of stacking ensembles performs well for most scenarios. Finally,

for J48 and PART, the stacking approaches also perform better for most scenarios.

Again, MI combined with stacking ensembles produced better classification accuracy

compared with the benchmark data for most classical algorithms and MI combined

with bagging ensembles improved the accuracy slightly over the benchmark for RF.

Table 6.5: The mean accuracy and standard deviation for classifiers on complete

dataset (first column) and other approaches obtained based on test sets for Earthquakes.

Best accuracy values for each scenario are in bold.

Classifier | Sce | LOCF INTERP | MICE-Hom | MICE-SE | EMB-Hom | EMB-SE | MINT-Hom | MINT-SE
RF 1 | 79.48+0.58 | 79.48+0.99 | 79.614058 | 78.31+15 | 79.8740.46 | 79.61+1.5 | 80+0.29 77.66+2.19
2 | 79.61+0.36 | 79.6140.74 | 79.6140.58 | 79.22+1.95 | 80+0.29 78.3121.93 | 79.09+1.74 | 76.23£2.81
(70.21£0.02) | 2| [O-T4E0 54 0085 | SO.74E071 | T8 H4E162_| 80.74F0.29 | T8 I8E262 | OGIE0FS | T8 3IEL5
1 | 79.61=0.74 | 79.7420.29 | 79.74£0.29 | 78.18£1.69 | 79.87+0 T7.27E2 79.8720 78.7£2.18
5 | 80.39+0.85 | 79.35:£0.06 | 79481058 | 78.44%2.18 | 79.87=0 80.73+2.14 | 70.741029 | 78.740.71
SMO 1 | 69.87£2.46 | 70.6513.98 | 72.08%0.8 79.87+0 73.12£1.75 | 79.87+0 70.65£4.19 | 79.87+0
2 | 70.65=3.00 | 71.3£1.07 | 74.68£3.15 | 79.87+0 76.23%2.5 | 79.87+0 73.1243.97 | 79.87+0
(69144305 | 2| 1013291 [ 013264 [ 7351217 | 79.8720 74201126 | 79.87%0 70131234 | 79.48=0.87
4 | 68.05%4.67 | 68.31£5.32 | 71.95+0.71 | 79.87+0 74.03£3.11 | 79.87+0 6857498 | 79.87+0
5 | 66.2322.47 | 66.49+1.40 | 72.73%2.15 | 79.87%0 75.45+2.77 | 79.87%0 66.75=1.74 | 80+£0.29
IBk 1 | 77.53+2.81 | 77.53+£3.13 | 78.57+1.95 | 79.2240.8 | 77.79=1.68 | 79.22+1.95 | 76.49+3.93 | 78.83£1.18
2 | 77.7952.22 | 75.84+5.04 | 7857%1.52 | 79.74+1.86 | 79.3520.85 | 78.7=1.07 | 77.27=2.70 | 77.63+1.02
(r2714430) | 2| (100317 [ TTAEATL [ 7T8355099 | 7857TE152 | 79.6150.36 | 78315250 | T.ISH351 | 7844125
4 | 76.36%64 | 75.197.65 | 80+0.29 7805148 | 79.87%0 7857166 | 754557.73 | 79.48+1.03
5 | 79.35-0.54 | 79.74+0.96 | 79.2240.92 | 7857+1.9 | 79.8750 80+2.36 79.871.03 | 77.9220.8
J48 1 | 69.87£3.45 | 70.1342.43 | 75.8443.96 | 79.87+0 75.3312.43 | 79.74£029 | 74.55£2.12 | 79.87+0
2 | 69.61=2.77 | 70.394.32 | 75.46%2.4 78.06£1.00 | 76.7522.45 | 79.87%0 76142212 79.87+10
(677244.80) | 5| [BOAELTS [ TI3E281 | TASIEALS [ TSTE1I6 | T6.7542.22 | 79.8740 7467E152 | 79.87+0
4 | 71.3%3.88 | 71.60£2.00 | 75.84£1.68 | 79.48£0.58 | 77.01£2.68 | 79.87+0 74035347 | 79.35£0.85
5 | 70.39£4.44 | 70.9145.06 | 75.1942.36 | 79.87+0 75.97£1.65 | 79.87+0 72214572 | 79.87+0
PART 1 | 71.56+3.77 | 70.3943.6 | 75.32+2.94 | 79.61+0.36 | 76.142.53 | 78.31+1.63 | 74.93£3.60 | 78.96:£0.99
2 | 71.04%3.17 | 69.8742.5 | 75.19£351 | 7844148 | 75.3222.97 | 79.87%0 73.9+4.32 79.2240.92
(68.4sk2.81) | 5| T0F200 | TLGOEL5 | 75.97E2.05 | T85TEL3S | 7572425 | 79.48T0.87 | T3OIELIS | T9.09%1.07
4 | 731232 | 67.66£4.67 | 79.09%2.45 | 78.31£15 | 7441£6.5 | 79.3520.54 | 73.9%2.45 79.74+1.86
5 | 68.745.65 | 70.65:1.86 | 73.9+3.74 79924145 | 77.924248 | 79.61+1.76 | 74.1643.35 | 78.83=0.74
TSCHIEF |1 | 79.87£0 | 79.87+0 | 79.87+0 79.87+0 79.87+0 79+0.4 79.87+0 79.66+0.36
2 | 79.87£0 | 79.87£0 | 79.87=0 79.87+0 79.87+0 79.4320.77 | 79.87%0 79.87+0
(ros7e0) || 79-8TE0 | 79.87E0 | 79.8750 79.3220.60 | 79.87+0 79.87+10 79.8720 70.46=2.6
1 | 79.87x0 | 79.87£0 | 79.87=0 79.66£0.36 | 79.87+0 79.87+0 79.87=0 79.4520.37
5 | 798720 | 79.87%0 | 79.87%0 80.14:£0.97 | 79.8720 79.87=0 79,8720 78.99+0.76
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6.6 Statistical Analysis

6.6.1 Friedman Rank Sum Test

For each classifier and for each scenario, we perform a number of statistical tests as follows:
First we applied Friedman rank sum test with Iman Davenport’s correction [55] for multiple
comparisons (i.c the classifier with a combination of the imputation methods) over multiple
datasets. The Friedman rank test checks whether the different imputation approaches
perform equally or there is a difference in the performance. To detect the difference, the
test computes the rank of the classifiers on each dataset separately then averages them over

the multiple datasets. Then it computes the test statistic as follows:

With 8 algorithms (the combination of a classifier with the imputation methods) and 4
datasets, F is distributed according to the f distribution with 8—1 = 7and (8—1)x(4—1) =
21 degrees of freedom. The critical value of F at a significance level of & = 0.05 is 2.49. The
p-value calculated by using the F(7,21) distribution is shown in Table 6.6. The table also
illustrates the mean rank for each algorithm. The symbol (%) next to the p-values denotes
that at least one classifier behaves statistically different than the others (p-value < 0.05).

A lower rank means that the algorithm performs better than others.

Consistently with the previous analysis, we see that the lowest ranks for each algorithm
often go to SE approaches except for RF for which the EMB-Hom approach has the lowest
rank. For SMO, IBk, J48, and PART, the test showed statistical difference in most scenarios
of missing data as the p-value is < 0.05 (shown in the first column of Table 6.6). The mean
ranks for MINT-SE followed by EMB-SE were the best for SMO and J48 while EMB-SE
was the best for IBk and PART then MINT-SE as a second best. LOCF was the worst in

most cases for those algorithms.

For RF, the test reveals significant differences in most scenarios of missing data. The mean
ranks for the bagging ensembles (EMB-Hom followed by MINT-Hom) appeared to be the

best. Other approaches behaved relatively equal. MICE-SE was the worst.
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On the other hand, the test shows no significant difference in the performance for TSCHIEF.
Although, the mean ranks for the stacking approach for MINT were the best followed by
EMB then MICE as a second and third best, respectively. Other approaches had close

ranks while poor mean rank were associated with LOCF and MICE-Hom.

Table 6.6: The average rank of all algorithms in combination with different imputation
methods and of our proposed approach on all datasets for all scenarios of missing data as
resulting from Friedman test. The value in bold indicates that the algorithm performs
better than others.

Classifier Sce P-value LOCF INTERP MICE-Hom MICE-SE EMB-Hom EMB-SE MINT-Hom MINT-SE

1 0.020* 6.13 4.00 5.00 6.88 1.75 4.63 2.38 5.25

2 0.047* 4.38 4.00 4.00 6.88 1.75 5.63 3.25 6.13

RF 3 0.022* 4.38 3.50 4.50 7.25 1.88 5.38 3.00 6.13
4 0.001* 4.50 3.75 4.88 7.25 2.25 6.75 1.63 5.00

5 0.090 4.25 4.00 6.00 7.00 2.75 5.00 2.25 4.75

Avg rank  4.73 3.85 4.88 7.05 2.08 5.48 2.50 5.45

1 0.000* 7.00 6.88 6.00 3.25 3.63 1.88 5.50 1.88

2 0.000* 7.00 5.88 6.75 3.50 4.75 1.50 4.38 2.25

SMO 3 0.000* 7.00 6.13 6.25 2.88 4.25 1.75 5.50 2.25
4 0.000* 7.00 5.88 6.50 3.00 4.38 2.13 5.50 1.63

5 0.000* 7.75 5.88 6.00 3.63 4.00 2.13 5.63 1.00

Avg rank 7.15 6.13 6.30 3.25 4.20 1.88 5.30 1.80

1 0.000* 6.00 6.75 4.88 2.38 6.75 2.00 5.63 1.63

2 0.005* 4.88 5.63 6.50 2.25 6.25 2.00 5.75 2.75

Bk 3 0.014* 6.88 5.75 5.88 2.75 5.50 2.38 4.50 2.38
4 0.024* 6.13 5.63 5.75 3.25 5.75 2.63 5.25 1.63

5 0.031* 6.50 4.75 6.75 3.63 5.50 1.88 4.00 3.00

Avg rank  6.08 5.70 5.95 2.85 5.95 2.18 5.03 2.28

1 0.000* 8.00 6.13 5.25 2.13 4.50 2.13 6.13 1.75

2 0.000* 7.00 7.00 5.75 2.75 4.00 1.50 6.00 2.00

748 3 0.000* 7.25 7.38 5.25 2.75 3.75 1.63 6.13 1.88
4 0.000* 7.75 6.63 6.00 3.00 3.50 2.00 5.38 1.75

5 0.000* 7.50 6.75 6.50 2.88 3.75 2.25 5.13 1.25

Avg rank  7.50 6.78 5.75 2.70 3.90 1.90 5.75 1.73

1 0.000* 7.50 6.13 6.50 2.63 4.00 2.50 5.25 1.50

2 0.000* 7.50 6.50 6.50 3.00 4.00 1.13 5.00 2.38

PART 3 0.000* 8.00 6.75 5.50 3.25 3.25 1.50 5.00 2.75
4 0.000* 7.25 6.88 6.00 4.25 2.75 2.00 5.13 1.75

5 0.000* 7.25 6.75 7.00 3.38 3.00 2.25 4.88 1.50

Avg rank  7.50 6.60 6.30 3.30 3.40 1.88 5.05 1.98

1 0.937 3.88 4.63 5.63 3.88 5.13 5.25 3.63 4.00

2 0.404 5.63 5.25 6.00 3.88 5.00 3.13 4.75 2.38

3 0.845 5.75 5.13 5.38 4.25 4.00 3.00 4.63 3.88
TSCHIER 4 0.855 5.88 4.62 5.38 4.13 4.38 3.50 4.88 3.25
5 0.690 5.88 4.63 5.38 3.88 4.13 3.50 5.63 3.00

Avg rank 540 4.85 5.55 4.00 4.50 3.68 4.70 3.39

6.6.2 Friedman’s Aligned Ranks Post Hoc Test

As the test shows significant difference, we proceed with post hoc test to check which

algorithm performs better than a control algorithm. We use LOCF as a control as it is

Chapter 6 Aliya Aleryani 127



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

the simplest imputation for TS. We perform Friedman’s Aligned ranks post hoc test with
the control algorithm and Finner’s correction to correct the p-values for multiple testing
[55]. Again, we perform the test for each scenario of each classifier separately. Table 6.7
shows the average accuracies for the multiple datasets over each scenario. The symbol (x)
next to the average shows that test was significant (p-value < 0.05) the performance of the

algorithms is better than the control.

For SMO, J48 and PART, the stacking ensemble (MINT-SE, EMB-SE and MICE-SE)
performed statistically better than the control in most cases. The performance of bagging
ensemble (EMB-Hom) was significantly better than the control for some high scenarios of
missing data in J48 and PART. The performance of the other approaches seem to be equal

to the control.

For RF, although the test did not show significant difference, the performance of RF with
EMB-Hom and MINT-Hom showed improvement in comparison with the control. Similarly
for IBK and TSCHIEF where the performance of MINT-SE followed by EMB-SE and
MICE-SE was better than the control. Again, other approaches behave in a same manner

as the control.

6.7 Quality of the Imputed Data

Here we present the quality of imputation methods used, i.e. how far is the imputed data
from the real data. We used the cumulative normalized distance obtained from applying
DTW as explained in Section 3.9 to compute the mean dissimilarity between the imputed
and the original series. Figure 6.1 represents the cumulative normalised distance shown as
(mean dissimilarity) between the real and the imputed series for each datasets separately.
For each TS (case) of the imputed dataset, we compute the normalised distance between the
imputed data and its original counterpart. Finally, we average the distance of all records to
obtain the overall average distance. For the multiple imputation, MICE, EMB and MINT,

again we compute the normalised distance between each of the individual imputed datasets
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Table 6.7: The average accuracies of all algorithms in combination with different
imputation methods on all datasets for all scenarios of missing data resulted from the
post hoc test, Friedman Aligned ranks test with a control (LOCF). The value in bold
indicates that the algorithm performs better than the control. The symbol (*) shows
that the difference is statistically significant.

Classifier | Sce | LOCF | INTERP | MICE-Hom | MICE-SE | EMB-Hom | EMB-SE | MINT-Hom | MINT-SE
1 80.82 81.75 81.07 78.19 82.08 79.07 81.77 79.32
2 80.95 80.98 81.06 77.42 81.78 78.56 81.52 78.01
RF 3 80.58 80.90 80.19 77.15 81.75 78.99 81.15 78.23
4 80.51 81.01 79.28 76.22 81.35 76.50 81.41 79.01
5 79.66 80.86 77.67 75.99 81.48 77.31 81.81 78.19
1 69.64 69.77 69.70 80.74 71.96 81.60 70.06 81.60
2 69.14 69.49 68.96 79.87* 7177 81.27* 70.19 80.07*
SMO 3 67.35 68.08 67.07 79.43%* 71.53 81.07* 68.27 80.50%*
4 66.85 67.37 66.37 79.01%* 72.19 79.88% 67.56 80.59*
5 64.01 66.46 64.66 78.39%* 71.54 79.96* 66.59 80.96*
1 72.01 71.98 71.58 78.26 71.16 78.19 72.05 79.90
2 70.80 70.29 69.95 77.64 69.80 78.40 70.58 78.46
1Bk 3 69.57 70.98 69.19 76.77 70.00 78.43 71.45 77.84
4 68.42 69.11 68.27 76.61 68.80 77.18 69.19 78.85
5 67.67 70.17 68.05 76.47 68.94 77.45 70.24 78.32
1 69.02 71.90 73.91 80.19* 74.91 81.35* 73.48 80.93*
2 71.10 69.58 72.26 80.20%* 75.66 81.05* 72.68 79.51%*
J48 3 71.05 70.71 74.06 79.27* 76.72 81.31%* 72.11 80.44%*
4 70.98 72.46 73.06 77.80%* 76.66* 80.19%* 74.31 79.91*
5 68.88 69.86 71.04 78.79% 75.68 79.87* 72.23 81.10%*
1 70.68 73.09 73.36 78.87* 75.34 79.58% 74.48 80.16*
2 71.58 72.03 72.19 78.46%* 75.66 80.33* 74.34 79.20*
PART 3 67.94 70.16 74.53 77.88% 76.85* 80.81%* 72.47 79.04%*
4 71.93 71.45 74.48 76.64 77.04 79.14%* 74.71 79.07*
5 68.98 69.95 69.77 77.35% 76.94% 79.12% 73.47 80.00%*
1 86.52 86.32 85.67 88.53 86.13 88.54 86.59 88.97
2 85.18 85.24 84.32 87.98 85.46 88.62 85.53 88.56
TSCIEF 3 84.18 84.41 83.12 87.73 85.08 87.88 84.59 87.65
4 83.36 83.91 82.26 87.14 84.56 87.09 84.64 87.45
5 82.3 82.88 80.47 85.27 83.97 86.42 82.87 86.80

and the original data. Finally, we average the distances of all TS of all imputed datasets to

obtain the overall mean distance between the original and imputed data.

The figure shows that LOCF was the closest to the real data for PowerCons followed by
INTERP and MINT while EMB and MICE appeared to have larger (similar) distances from

the real series.

For HouseTwenty, INTERP and MINT appeared to have smaller distance from the real

data followed by LOCF as a second best while EMB was further from the real data.

For RefrigerationDevices, LOCF was the most similar to the real data in the lower scenarios

and MICE in the higher scenarios. Similarly, for Earthquakes MICE was similar in most
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Figure 6.1: This figure presents the cumulative normalised distance (mean dissimi-
larity) between original and imputed sequences obtained from applying DTW for each

dataset separately.

scenarios followed by LOCF. INTERP and MINT were close match and again EMB is the

worst.

So for all datasets, LOCF produced imputed data closer to the real data as the mean
normalised distance was very close to 0 followed by INTERP, MINT and MICE. EMB
appears to have larger distances from the real series. For LOCF, INTERP and MINT,
increasing the amount of missing data seems to have a relatively small effect on the distance
between the original and imputed data. However, for EMB, the distance become higher

when increasing missing data and similarly for some scenarios of MICE.
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Figure 6.2 shows the imputed series and the missing subsequences along with the original
one, for one case of the PowerCons dataset, ordered from the top (low) to bottom (high)
scenarios of missing data. Imputed series by LOCF and INTERP have a linear pattern
which does not reflect any of the fluctuation of the original T'S. MINT looks a similar to
INTERP but has some fluctuation, as we build that into it. MICE and EMB show similar
fluctuation to the original but imputed datapoints are in a different range. For instance,
in most scenarios, LOCF, INTERP and MINT are close to the center of the original series
while some subsequences imputed by MICE and EMB appear to be far from the original

series.

6.8 Discussion

We investigated the performance of a number of standard classification algorithms as well
as a TS classifier on univariate TS with missing data. We created an experimental setup for
generating missing data as sequences (consecutive observations) under MCAR assumption.
We then implemented our proposed imputation method to generate multiple imputations
using simple interpolation. We also proposed bagging and stacking ensembles to combine
the multiple imputed data. We compare our proposed work with a number of imputation

used for T'S. We tested the performance of different approaches using statistical tests.

In most scenarios of missing data, we found that the classifiers with the different approaches
to multiple imputation performed better than the baseline accuracy obtained by creating a
model on the complete dataset. This was quite a remarkable finding. Algorithms with dif-
ferent imputation approaches showed a significant difference in their performance and from
a control imputation method (LOCF). Furthermore, some classifiers performed statistically

better than a control (simple imputation by LOCF) when a post hoc test was applied.

The multiple comparison test for the different imputation approaches showed that there was
a significant difference in the performance. For SMO, IBk, J48 and PART, different impu-

tation approaches behave differently in all scenarios of missing data. Significant differences
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Figure 6.2: This figure presents one case from PowerCons which indicates the missing
sub-sequences in each of the different scenarios along with the applied imputation

methods as well as the original series.

were detected when comparing the different imputation approaches for RF in most cases.
Moreover, for SMO, IBK, J48 and PART, the mean ranks for stacking ensemble (MINT-SE
and EMB-SE) were better than other approaches while the bagging ensemble (EMB-Hom
and MINT-Hom) was the best for RF. Similarly, TSCHIEF performed better with stacking
ensemble (MINT-SE and EMB-SE) than other approaches though the difference was not

significant. From this, stacking ensembles emerge as a solid option.
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The post hoc test for comparing the classifier with a control algorithm (LOCF) also showed
significant results for most classifiers. Particularly, for SMO, J48 and PART, the stacking
ensemble performed significantly better than the control in almost all cases and the bagging
ensemble with EMB imputation performed better for increasing uncertainty scenarios in J48
and PART. Other approaches seemed to have equal performance as the control. For RF, our
proposed method for imputation combined with bagging ensemble (MINT-Hom) as well as
EMB-Hom showed improvement compared with the control (LOCF) though the difference
was not significant. The stacking ensemble (MINT-SE) was better than the control for
TSCHIEF and IBk.

When analysing how well, or how closely, the different imputations reproduced the missing
data in terms of distances we found that LOCF and MICE were best followed by MINT.
However, on visualising the imputations it was clear that LOCF did not reproduce well
the variability of the data. INTERP and MINT were better at capturing some variability
while still remaining close to the original data, whereas MICE and EMB reproduced much
variability but sometimes far away from the original data. This is interesting as reproducing
the missing data more closely in terms of distances does not necessarily lead to the best
classification results by itself, as we observed with the LOCF method. Hence, the variability
in the data introduced by the multiple imputation approaches do seem to help in getting
better classification results, as already remarked, often better than the original data. Our
own multiple interpolation approach (MINT) may represent a good compromise for vari-
ability while staying reasonably close to the real data, and that may be the reason why it

emerges as a winner in combination with the stacking ensembles for many algorithms.

Diversity and accuracy of individual classifiers are two conditions that must be satisfied to
obtain a good ensemble. We postulate that the multiple imputed data, injects the diversity
that leads to good results. For example, the stacking approaches of SMO, J48, and PART
perform significantly better than the control and that may be due to the diversity injection

of the multiple imputation. In fact, the stacking ensemble combines the diversity produced
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from the multiple imputation with the diversity produced from the heterogeneous classifiers.
For the bagging approaches, as the multiple imputed data are trained by homogeneous

classifiers, the ensemble may not be as diverse so the improvement is not as significant.

As a summary, our methods for ensembles enables us to produce accuracies that are similar
and sometime even better than accuracies obtained for the complete dataset. The com-
bination of our proposed MINT as the imputation and stacking ensemble enhances the
classification results for most classifiers and most scenarios compared with the benchmark
data, even in scenarios of considerable percentages of missing data. Also, our proposed
method for the imputation combined with the bagging ensemble (MINT-Hom) performs
better than other comparative methods for RF, the one algorithm where MINT-SE is not
the overall winner. Therefore, our findings have implications for the safe analysis of TS data
in the context of missing sequences of data, even when multiple sequences are missing. We
have proposed a good multiple imputation tool which together with the stacking approach

provides a safe approach to analyse TS data even in scenarios of high uncertainty.

Future work could consider improving our method for multiple imputation (MINT) for
univariate T'S by incorporating different interpolation methods. It could also include work

on multiple imputation for multivariate TS data.

6.9 Summary

This chapter demonstrates our experimental design for applying MI in combination with
ensemble methods to classify TS with missing data. We first propose a new multiple im-
putation based on interpolation for univariate TS. We then select a number of ensemble
approaches to examine how standard/TS classifiers behave with different imputation meth-
ods. Next, we explain the experimental set up including data preparation, the competing
approaches used for dealing with missing data to compare with the new approaches as well
as an explanation of the new imputation. Finally an evaluation of classification /imputation

is provided.
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After that, we summarise the results for each dataset separately. Then, two statistical tests
are performed to detect differences in the classifiers’ performance. Results illustrate that
our proposed ensemble approaches for TS data work as good as when they are applied for
standard data. This is consistent with the current TSC literature where an ensemble proves
its usefulness and attains a better performance comparing with single model. Furthermore,
our findings show that the variation produced from a multiple imputation model integrated

with an ensemble gives better results than those generated from a single model.

We can conclude that combining such powerful techniques helps to achieve a better classifi-
cation performance for most classifiers used in this work although for some the performance
are not statistically significant. Therefore, this indicates that there is a room for further

investigation and possible improvements.
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7 Conclusions and Future Work

This study primarily aims to experimentally investigate the application of multiple im-
putation for classification with incomplete data. As we mentioned in Chapter 1, such a
method has not been widely studied in the context of classification, so our focus has been
to investigate possible ways to integrate multiple imputation with ensemble techniques, as
ensembles often show significant improved performance compared with a single classifier.
We propose a method that profits from the advantages of multiple imputed data and the
uncertainty reflected. As one key element of an ensemble is to combine different models
using a fusion method, we therefore make use of this factor to combine different models and
hence generate robust predictions. By doing so, we expect that our method may improve
classification with missing data. We begin with an overall view of the thesis and then look

at more specific conclusions. Our entire research is summarised next.

First, in Chapter 1, we developed some research questions namely:
1. How does increasing missing data affect the performance of classification algorithms?
2. Does the spread of missing data in attributes/records have an effect on performance?

3. Can multiple imputation with ensembles improve the performance of a classification

algorithm in the context of increasing missing data?

4. Does the type of data (i.e. categorical, discrete, continuous, and mixed type), for
standard (structured) data, affect the algorithms performance in the context of missing

data?

We also proposed specific objectives for carrying out our experimentation in order to answer

the predefined questions and achieve our goals.
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We next reviewed the current literature that covered the problem of missing data for classi-
fication task as discussed in Chapter 2. Our review of the literature uncovered that, despite
some attempts to address the problem of missing data for classification task, the majority
of work mostly focused on standard data [48, 138, 44, 135, 57] and was conducted on mod-
erate size datasets [89, 134, 135, 57]. We also found out that there were very few efforts
in evaluating the different ensemble methods. For example, there were some good work for
investigating multiple imputation with ensembles for standard data in [135, 32, 136] and
for time series in [93]. This led us to believe there was scope for further work in this area.
On the other hand, we discovered that there is a lack of multiple imputation methods for
univariate time series although some methods exist for multivariate data. Thus there is
a need to investigate multiple imputation with various ensemble approaches and this was

what we aimed to achieve through this thesis.

In Chapter 3, we then designed a methodology for carrying out our experimentation. This
methodology was devised for both standard and TS imputation. It comprised of a framework
for missing data creation/ imputation / classification and evaluation. We also explained in

more detail the structure of the new ensemble approaches.

After that, in Chapter 4, we investigated the common approaches for handling missing data
and how they may affect the performance of the classifiers. We tested our initial research
question by looking at how complete case analysis, simple imputation and building models
with missing data, performed for scenarios of increasing missing data. The experimen-
tal results showed that the methods used produced deteriorated performance as missing
data increases. Furthermore, we answered the second research question by experimenting
with data of different sizes in terms of feature/records to study the effect of the spread of
missing data in features/records along with data dimension/size. Our findings confirmed
that, besides the remarkable decrease in the accuracy obtained when applying complete
data analysis, the spread of missing data often made the classification unfeasible due to the

amount of data lost. On the other hand, simple imputation and building models with miss-
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ing data produced significant worse performance particularly for higher scenarios of missing

data. This supported the need for further work on robust multiple imputation.

We next carried out an extended experimentation to investigate the efficiency of our pro-
posed method for multiple imputation with ensembles for standard data in Chapter 5. Here
we answered the third research question regarding the ability of the proposed method to
improve performance. We answered this by implementing various ensemble approaches,
combined with different imputation methods and comparing their performance. Our find-
ings showed that for most classifiers used, our approaches obtained excellent classification
results even when missing data increases. Hence we can say that multiple imputation makes
most of the algorithms tested resilient to data MCAR by combining powerful MI techniques
with ensembles. We also tested here our last research question related to the effect of the
type of data on the algorithms performance as follows: We first checked the quality of the
imputation for the numerical, categorical and mixed data separately and then linked that to
the approaches’ performance. We found out that for all data types and algorithms tested,
except RF, the multiple imputation methods combined with the heterogeneous and stacking
approaches produced consistently better performance than the others. We can say that the
type of data does not affect the performance of the algorithms. Instead, the ensemble in

itself obtained improvements regardless of the quality of the imputation.

Finally, in Chapter 6, an extension was performed to further investigate the usefulness
of our approaches for time series data. Here we also tested our third research question
by repeating the same steps we followed for standard data. Our findings confirmed that,
for most algorithms tested, again our method helped to improve the classification results.
Moreover, we found out that our own multiple interpolation approach (MINT) integrated

with ensembles delivered a good performance for most algorithms.

After extensive experiments more specific conclusions from our experimental chapters are

as follows:
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e In Chapter 4, we investigated how chosen standard classification algorithms behave
when we encounter increasing missing data for 17 standard datasets. After generating
increasing scenarios of missing data, we then studied the classifiers’ performance based
on the most common approaches for handling missing data. We initially considered
the performance on complete case analysis, building models with missing data and
single imputation. Our findings showed that the accuracy for most classifiers are
affected when increasing percentages of missing data are encountered. For instance,
for complete case analysis, when missing data spreads among features/records, we
either ended up with infeasible classification or decreasing the classification accuracy
in the best case as a result of reducing data size. This implies that the spread of missing
data, particularly for sparse data or data with less records, may be problematic for
such a method. When applying the algorithms without preprocessing, a deterioration
in performance was detected as missing data increases with those differences becoming
statistically significant for the higher scenarios. Simple imputation, on the other hand,

may help for low percentage of missing values but not when increasing the uncertainty.

e An extended experimentation for standard data was carried out as presented in Chap-
ter 5 to involve more scenarios of missing data, 20 standard datasets and advanced
machine learning based imputation, Random Forest imputation (RFI) in addition to
simple imputation and building models with missing data. Moreover, it contains the
proposed method (MIE) to integrate multiple imputation with ensembles including
the following: homogeneous bagging ensemble (Hom), the heterogeneous bagging en-
semble (Het) and the stacking ensemble (SE). For most classifiers tested and for all
scenarios of missing data, our findings showed that the heterogeneous bagging ensem-
ble and the stacking ensemble obtained excellent results with accuracy better than or
comparable to the accuracy for the complete dataset, even in the highest scenarios
for missing data. On the other hand, the homogeneous bagging ensemble and RFI
are competitive to each other for most classifiers, while for a small number it seemed

to lead to small differences in accuracy. However, for RF, the homogeneous ensemble
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appeared to lead to similar performance to the complete data in most cases while
performance decreased in the highest scenarios of missing data. As RF' is an ensemble
algorithm, multiple imputation was less advantageous compared with its benefits for
other classifiers. Furthermore, there were some cases where the ensemble approaches
do not achieve a better classification accuracy compared with those obtained from
complete data. For example, for Connect-4 and ForestCoverType datasets, most of
the ensemble approaches showed no improvement in the performance. That is, for
J48 and PART, all the ensemble approaches (MICE-Hom, EMB-Hom, MICE-Het
and EMB-Het) did not improve the classification accuracy while the homogeneous
approaches (MICE-Hom and EMB-Hom) for NB and SMO did not improve the accu-
racy, particularly in the highest scenario of missing data. On the other hand, for RF,
none of the ensemble approaches obtained good accuracy on the following datasets:

ConnectionistBench, HillValley, Connect-4 and ForestCoverType.

e In Chapter 5, a breakdown analysis based on the data type (numerical, categorical
and mixed) was performed to understand the effect of data type on the classifiers’
performance, in particular, in relation to the quality of the imputation. We can
conclude that whether the imputed values are close to or far from the actual values,
this does not necessarily lead to better classification performance. From the box plot
analysis as illustrated in Figs. 5.2, 5.3, 5.4, 5.5, 5.6, our findings also showed that
for all algorithms and data types except for RF, MICE-Het, EMB-Het, MICE-SE
and EMB-SE obtain consistently better performance than the others. We can say
that the ensemble has a big impact in producing good results. For RF, on the other
hand, most approaches have similar performance though EMB-Het and MICE-Het
are still consistently good performers. Again the ensemble in itself helps to attain

improvements irrespective of the quality of the imputation.

e For TS experiment as presented in Chapter 6, a collection of standard/TS classifiers

and a novel imputation method were used to investigate the performance of our own
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method (MIE-TS). We can summarise that our method achieved better performance
for T'S data. That is, the results produced from the new approaches were similar and
sometime even better than accuracies obtained for the complete datasets. For most
classifiers and most scenarios, the combination of our proposed time based imputa-
tion, MINT, and the stacking ensembles improved the classification results compared
with the benchmark data. This was true even in scenarios of higher percentages of
missing data. Furthermore, our proposed method for the imputation combined with
the bagging ensemble (MINT-Hom) performed better than other comparative meth-
ods for RF, the one algorithm where MINT-SE is not the overall winner. We can
conclude that the proposed stacking ensemble yields a safe approach to analyse TS

data even in higher scenarios of missing data.

e Both studies, MIE and MIE-TS, included an extensive evaluation including statistical
tests that involved multiple comparisons and comparing against a control algorithm.
For MIE and for most classifiers, the proposed EMB-SE produced the best perfor-
mance for most levels of missing data with MICE-SE being a closed second. The
differences in performance were statistically significant in the majority of cases. On
the other hand, when comparing different approaches with a control method for impu-
tation in the form of SI, we found that in most cases the proposed MIE techniques that
rely on heterogeneous bagging and stacking produced statistically significantly better
classification accuracy than the control. For MIE-T'S and for most standard classifiers,
significant differences were obtained when comparing the different approaches. More-
over, the ranks for stacking ensembles were better than other approaches. Similarly,
TSCHIEF and RF performed better with stacking ensembles though the difference
was not significant. Additionally, when comparing the classifier with a control algo-
rithm (LOCF), significant results were produced for most classifiers. The stacking
ensemble performed significantly better than the control in almost all cases. Other
approaches seemed to have equal performance as the control. For RF, our proposed

method for imputation combined with bagging ensemble (MINT-Hom) and the EMB-
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Hom approach showed improvement compared with the control though the difference
was not significant. The stacking ensemble (MINT-SE) was better than the control
for TSCHIEF and IBk.

In conclusion, we have proposed good methods for combining multiple imputation
with ensemble techniques for standard data, MIE, and time series, MIE-TS. Both are
empirically investigated, extensively evaluated and statistically tested. Our findings
show a significant improvement for most classifiers and for most scenarios of increasing
missing data. Therefore, we can validate our hypothesis, stated in Section 1.4, that
multiple imputation with ensemble can improve classification algorithms even when

missing data increases.

7.1 Future Work

As future work, we believe that there is a room for improving classification with missing
data by combining imputation with ensemble methods. For example, for the imputation, as
multivariate time series are arising and becoming an interesting field of research, applying
multiple imputation in combination with ensembles may be worth further investigation as
our finding of the new time based imputation for univariate data was insightful. Further-
more, experimenting with injecting various ranges of the random noise may produce more
variability and hence obtain a more competitive performance. On the other hand, with re-
gards to the proposed ensemble method, we can suggest two ways for further improvement
as follows: first, to enhance some of the proposed ensemble approaches such as the homo-
geneous ensemble in order to obtain significantly better results, we may first experiment
with increasing the number of imputed datasets. Second, we may need to develop a model
selection strategy to choose the more diverse imputed datasets, then build the ensemble.

These recommendations can be applicable for both standard/TS data.

For the very large datasets, tackling the issue of missing data prior to performing classifica-

tion may be worth investigating. We could extend our work to involve much larger datasets.

Chapter 7 Aliya Aleryani 142



Multiple Imputation for Classification: Dealing with Missing Data and Uncertainty

We may also experiment with deep learning neural network classifiers as they perform well
with very large training samples. We could further improve our approach to maintain the
efficiency and scalability. Moreover, we could explore ways to improve classification with
missing data and compare them to our approach. On the other hand, we may investigate
other strategies used to improve classification accuracy. For example, we could investigate
how increasing training size such as oversampling or data augmentation techniques may

improve the classification performance.

There is also further work that could be carried out in producing similar research in the

context of data MAR and MNAR, instead of MCAR which has been our focus.
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