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Preface

On 4 July 1985 in Cambridge (UK), six classification societies gave birth to the
International Federation of Classification Societies; the Società Italiana di Statistica
(SIS) played an active propulsive role in the IFCS constitution. During the 30
years of the IFCS life, many other classification societies from all around the
world have joined the IFCS. Through the active participation of its members, the
SIS has actively and enthusiastically contributed to the IFCS growth. In 1997 the
first conference of the Classification and Data Analysis Group of the SIS was
hosted by the University of Chieti-Pescara. Following this long story of presence,
in the occasion of IFCS’s 30th birthday, under the IFCS presidency of Maurizio
Vichi, the Classification and Data Analysis Group of the SIS and the Department
of Statistical Sciences P. Fortunati of the Alma Mater Studiorum University of
Bologna were proudly willing to organize the IFCS conference in Bologna. The
conference organizer was Angela Montanari (University of Bologna) and Francesco
Palumbo (University of Naples Federico II) served as chair of the scientific program
committee. The conference was held between 5 and 8 July 2015.

Scholars from many different countries attended the conference. The commit-
ment of the local organizing committee and the earnestness of the Scientific Program
Committee ensured a successful and worthwhile conference. We are grateful to the
members of the Scientific Program Committee: A. Cerioli (ClaDAG, Italy), D. Choi
(KCS, Korea), C. Cuevas Covarrubias (SOLCAD, Mexico), N. Dean (BCS, UK),
A. Ferligoj (SSS, Slovenia), P. Giudici (ClaDAG, Italy), C. Hennig (BSC, UK), T.
Imaizumi (JCS, Japan), B. Lausen (GfKl, UK), P. McNicholas (CS, Canada), M.
Nadif (SFC, France), A. Okada (JCS, Japan), I. Papadimitriou (GSDA, Greece),
J. Pociecha (SKAD, Poland), A. Sbihi (MCA, Marocco), B. Scotney (IPRCS,
Ireland), F. Sousa (CLAD, Portugal), D. Steinley (CS, USA), I. Van Mechelen
(VOC, Belgium), and J. Vermunt (VOC, the Netherlands). IFCS has long-standing
tradition of cooperation and exchange with other scientific statistical societies; in
occasion of the IFCS conference in Bologna, V. Esposito Vinzi (France) and P.
Groenen (the Netherlands) were invited to join the Scientific Program Committee
as delegates of the ISBIS and IASC societies, respectively.
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vi Preface

More than 200 contributions were organized into specialized sessions, con-
tributed paper sessions, and one poster session. Moreover, five keynote lectures were
given by eminent colleagues on different topics of data analysis and classification.
The opening plenary session was devoted to the IFCS birthday celebration and a
special session celebrated the 25th anniversary of the publication of the book on
Generalized Additive Models by Hastie and Tibshirani.

Thanks to the collaboration with the publisher Springer and to its interest and
attention to the IFCS activities during these 30 years, according to the longly
consolidated tradition, the present post proceeding volume has been edited after
the conference.

The scientific community unanimously considers data science as one of the most
promising fields where to direct scientific research in the next years. However,
already in occasion of the fifth IFCS conference, which was held in the year
1996 in Kobe (Japan), the related proceedings volume was entitled Data Science,
Classification, and Related Methods (Hayashi et al. eds; Springer Japan, publisher).
To emblematize the line of continuity along the IFCS, in occasion of the 30th
birthday conference, we have decided to entitle the volume Data Science: Innovative
Developments in Data Analysis and Clustering. The volume is a collection of full
papers submitted after the conference. Papers were selected after a peer-review
process, according to the high-quality standards of the series.

The volume is made of 27 contributions organized in three parts including
contributions on:

• Classification methods for high-dimensional data
• Clustering methods and applications
• Multivariate methods and applications

Bologna, Italy Angela Montanari
Napoli, Italy Francesco Palumbo
Roma, Italy Maurizio Vichi
November 2016
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Missing Data Imputation and Its Effect
on the Accuracy of Classification

Lynette A. Hunt

Abstract Multivariate data sets frequently have missing observations scattered
throughout the data set. Many machine learning algorithms assume that there is no
particular significance in the fact that a particular observation has an attribute value
missing. A common approach in coping with these missing values is to replace
the missing value using some plausible value, and the resulting completed data set
is analysed using standard methods. We evaluate the effect that some commonly
used imputation methods have on the accuracy of classifiers in supervised leaning.
The effect is assessed in simulations performed on several classical datasets where
observations have been made missing at random in different proportions. Our
analysis finds that missing data imputation using hot deck, iterative robust model-
based imputation (IRMI), factorial analysis for mixed data (FAMD) and Random
Forest Imputation (MissForest) perform in a similar manner regardless of the
amount of missing data and have the highest mean percentage of observations
correctly classified. Other methods investigated did not perform as well.

1 Introduction

Many of the multivariate data sets collected today would have unobserved or
missing observations scattered throughout the data set. These missing values
can have no particular pattern of occurrence. Despite the frequent occurrence of
missing data, many machine learning algorithms assume that there is no particular
significance in the fact that a particular observation has an attribute value missing:—
the value is simply unknown, and the missing value is handled in a simple way.

With many classification algorithms, a common approach that is used is to
replace the missing values in the data set with some plausible value and the
resulting completed data set is analysed using standard algorithms. The procedure
that replaces the missing values using some value is known as imputation.

L.A. Hunt
University of Waikato, Hamilton, New Zealand
e-mail: lah@waikato.ac.nz

© Springer International Publishing AG 2017
F. Palumbo et al. (eds.), Data Science, Studies in Classification, Data Analysis,
and Knowledge Organization, DOI 10.1007/978-3-319-55723-6_1
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4 L.A. Hunt

Some algorithms treat the missing attribute as a value in its own right, whilst
other classifiers such as Naïve Bayes ignore the missing data:—If an attribute is
missing, the likelihood is calculated on the observed attributes and there is no need
to impute a value. Decision trees, such as C4.5 and J48 [12, 13, 23], cope with
missing values for an observation by notionally splitting the observation into pieces
with a weighted split, and sending part down each branch of the tree.

However, the effect the treatment of missing values has on the performance of
classifiers is not well understood. The estimation of the missing values can introduce
additional biases into the data depending on the imputation method used and affect
the classification of the observations.

This paper analyses the effect that several commonly used methods of imputation
have on the accuracy of classification when classifying data that has a known
classification. In Sect. 3, we review the mechanisms that can lead to data being
missing, and in Sect. 2, we review the basic strategies for handing missing data. In
Sect. 5, the imputation methods considered in this paper are examined and in Sect. 6,
the effect the imputation methods have on the classification accuracy of several data
sets is assessed.

2 Missing Data Mechanisms

The treatment of missing data indicators as random variables which were subse-
quently assigned a distribution was proposed by Rubin [16]. Depending on the
distribution of the indicator, three basic mechanisms were defined by Rubin [16]:

1. Missing completely at random (MCAR).
If the missingness does not depend on the values of the data, either missing or

observed, then the data are MCAR.
2. Missing at random (MAR). If the missingness depends only on the data that are

observed but not on the components that are missing, the data are MAR.
3. Not missing at random (NMAR). If the distribution of the missing data depends

on missing values in the data matrix, then the mechanism is NMAR.

Knowledge of the mechanism that led to the values being missing is important in
choosing an appropriate analysis to use for the data [10]. Hence it is important to
consider how the classifier handles the missing data to avoid bias being introduced
into the knowledge induced from that classifier.

3 Strategies for Handling Missing Data

There are several basic strategies that can be used to deal with missing data in
classification studies. Some of these methods were developed in the context of
sample surveys and can have some disadvantages in classification.
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3.1 Complete Case Analysis

Complete case analysis (also known as elimination) is an approach in which
observations that have any missing attributes are deleted from the data set. This
strategy may be satisfactory with small amounts of missing data. However with large
amounts of data, it is possible to lose considerable sample size. The critical concern
with this strategy is that it can lead to biased estimates as it requires the assumption
that the complete cases are a random subsample of the original observations. The
completely recorded cases frequently differ from the original sample.

3.2 Available Case Analysis

Available case analysis is another approach that can be used. As this procedure
uses all observations that have values for a particular attribute, there is no loss
of information as all cases are used. However, the sample base changes from
attribute to attribute depending on the pattern of missing data, and hence any
statistics calculated can be based on different numbers of observations. The main
disadvantage to this approach is that the procedure can lead to covariance and
correlation matrices that are not positive definite, see, for example, [7]. This
approach is used, for example, by Bayesian classifiers.

3.3 Weighting Procedures

Weighting Procedures are another approach to dealing with missing data. This
approach is frequently used in the analysis of survey data. In survey data, the
sampled units are weighted by their design weight which is inversely proportional
to the probability of selection. Weighting procedures for non-response modify the
weights in an attempt to adjust for non-response as if it were part of the sample
design.

3.4 Imputation Procedures

Imputation procedures in which the missing data values are replaced with some
value is another commonly used strategy for dealing with missing value. These
procedures result in a hypothetical ‘complete’ data set that will cause no problems
with the analysis. Many machine learning algorithms are designed to use either a
complete case analysis or an imputation procedure.
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Imputation methods often involve replacing the missing values with estimated
values based on information that is in the data set. Many of the imputation
methods are restricted to coping with one type of variable (i.e. either categorical
or continuous) and make assumptions about the distribution of the data or subsets
of variables. The performance of classifiers with imputed data in unreliable, and it
is hard to distinguish situations in which the methods work from those in which
they fail. When imputation is used, it is easy to forget that the data is incomplete
[6]. However, imputation methods are commonly used in classification algorithms.
There are many options that are available for imputation.

Imputation using a model-based approach is another popular strategy for han-
dling missing data. A predictive model is created to estimate the values to be
imputed for the missing values. With regression imputation, the attribute with
missing data is used as the response attribute, and the remaining attributes are
used as input for the predictive model. Maximum likelihood estimation using the
EM algorithm [5] is one of the recommended missing data techniques in the
methodological literature. This method assumes that the underlying model for the
observed data is Gaussian.

Rather than imputing a single value for each missing data value, multiple
imputation procedures are also commonly used. With this method, the missing
values are imputed with values drawn randomly (with replacement) from a fitted
distribution for that attribute. This is repeated a number, N, of times. The classifier
is applied to each of the N “complete” data sets and the misclassification error
is calculated. The misclassification error rates are averaged to provide a single
misclassification error estimate and also estimate variances of the error rate.

Iterative regression imputation is not restricted to data having a multivariate
normal distribution and can cope with mixed data. For the estimation, regression
methods are usually applied in an iterative manner where each iteration uses one
variable as an outcome and the remaining variables as predictors. If the outcome has
any missing values, the predicted values from the regression are imputed. Iterations
end when all variables in the data frame have served as an outcome.

4 Methods Used to Deal with Missing Values

The methods used in this paper for imputing the missing values are now described.

4.1 Mean and Median Imputation

Imputation of the missing value by either the mean, median or mode for the attribute
are commonly used imputations. These types of imputation ignore any relationships
between the variables. For mean imputation, it is well known that this method of
imputation will underestimate the variance covariance matrices for that data [17].
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The authors [10] also point out that with mean imputation the distribution of the
“new values” is an incorrect representation of the population values as the shape of
the distribution is distorted by adding values at the mean. Both mean and median
imputation can only be used on continuous attributes. For categorical data, the mode
is often imputed whilst using either mean or median imputation.

4.2 Hot Deck Imputation

Hot deck imputation is another imputation method that is commonly used, espe-
cially in survey samples, and it can cope with both continuous and categorical
attributes. Hot deck imputation involves replacing the missing values using values
from one or more similar instances that are in the same classification group.
There are various forms of hot deck imputation commonly used. Random hot deck
imputation involves replacing the missing value with a randomly selected value
from the pool of potential donor values. Other methods known as deterministic
hot deck imputation involve replacing the missing values with those from a single
donor, often the nearest neighbour that is determined using some distance measure.
Hot deck imputation has an advantage in that it does not rely on model fitting for
the missing value that is to be imputed and thus is potentially less sensitive to model
misspecification than an imputation method based on a parametric model. Further
details on hot deck imputation can be found, for example, in [2].

4.3 kth Nearest Neighbour Imputation

The kth nearest neighbour algorithm is another method that can be used for
imputation of missing values. This approach can predict both categorical and
continuous attributes and can easily handle observations that have multiple missing
values. This approach takes into account the correlation structure of the data. The
algorithm requires the specification of number of neighbours, k, and the distance
function that is to be used. The algorithm searches through the entire data set looking
for most similar instances.

4.4 Iterative Model-Based Imputation

EM based stepwise regression imputation was proposed by Templ et al. [20] as a
method for handling missing data. This technique for coping with missing values is
an iterative model-based imputation (IRMI) that uses standard and robust methods.
This algorithm has the advantage that it can cope with mixed data. In the first
step of the algorithm, the missing values are initialised either using mean or KNN
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imputation. The attributes are sorted according to the original amount of missing
values. After the attributes are sorted, we have

M .x1/ � M .x2/ � M .x3/ � � � � � M
�
xp
�

(1)

where M
�
xj
�

represents the amount of missing values for attribute j and where xj is
now the jth column of the data matrix. The algorithm proceeds iteratively with one
variable acting as the response variable and the remaining variables as the predictors
in each step of the algorithm.

The authors [20, 22] compared their algorithm with that of IVEMARE [14], an
algorithm that also performs iterative regression imputation. IRMI has advantages
over IVEWARE with regard to the stability of the initial values, the robustness of the
imputed values and the lack of requirement at least one fully observed variable [22].
With IRMI imputation, the user can also use least trimmed squares (LTS) regression
(see, for example, [15]), MM estimation ([24] and M estimation [8]).

4.5 Factorial Analysis for Mixed Data Imputation

Imputation of missing values for mixed categorical and continuous data using
the principal component method “factorial analysis for mixed data” (FAMD)’
was proposed by Josse and Husson [9]. See also [3]. This algorithm imputes the
missing values using an iterative FAMD algorithm that uses the EM algorithm or a
regularised FAMD algorithm where the method is regularised.

4.6 Random Forest Imputation

Random forest imputation was proposed by Stekhoven and Bühlmann [19] as a
method to deal with missing values with mixed type data. This approach uses an
iterative imputation scheme in which a random forest is trained on the observed
values in the first stage, the missing vales are predicted and then the algorithm
proceeds iteratively. The algorithm begins by making an initial guess for the missing
values in the data matrix. This data matrix is the imputed data matrix. The guesses
for the missing values could be obtained using mean imputation or some other
imputation method. In the first stage, a random forest is trained on the observed
values. The missing values are then predicted using the random forest that was
trained on the observed values, and the imputed matrix is updated. This procedure
is repeated until the difference between the updated imputed data matrix and the
previous imputed data matrix increases for the first time for both the categorical
and the continuous types of variables. For continuous variables, the performance of
the imputation is assessed using a normalised root mean squared error [11], and for
categorical values, the proportion of falsely classified entries over the categorical



Missing Data Imputation 9

missing values is used. Good performance of the algorithm gives a value that is
close to 0 and bad performance gives a value close to 1. The algorithm proposed by
Stekhoven and Bühlmann [19] is implemented in the R package MissForest [18].
This package also gives an estimate of the imputation error that is based in the out-
of-bag error estimate from random forest.

5 The Analysis

Four classical machine learning data sets listed in Table 1 were taken. Note that the
prostate cancer data set of [4] listed in [1] contained the information collected from
506 individuals; however, there were some missing values for some observations.
This paper reports a complete case classification of the 12 pretrial attributes where
individuals who had missing values in any of the pretrial attributes were omitted
from further analysis, leaving 475 of the original 506 individuals.

For each data set, missing values were created such that the probability p of an
attribute being missing was independent of all other data values where p D 0:10,
0.20, 0.30 and 0.50. This was repeated 20 times. The missing values generated in
this fashion are missing completely at random, and the missing data mechanism is
ignorable [10]. As some of the amounts of missing data are fairly extreme, it should
be a good test of the types of imputation and the effect on the accuracy of a classifier.

The missing values in each data set were imputed using mean imputation,
median imputation, k nearest neighbour (kNN) imputation with k D 5, hot deck
imputation (HotD), iterative regression imputation (IRMI), the principal component
method “factorial analysis for mixed data” (FAMD) and random forest imputation
(MissForest). The missing values were imputed using the R packages VIM [21],
HotDeckImputation, missMDA and MissForest. For data sets containing mixed
data, the mode was imputed for the categorical attributes when using mean
imputation for the continuous attributes.

The resulting “complete” data sets were analysed using the WEKA [23] experi-
menter with ten repetitions of tenfold cross-validation using several commonly used
machine learning classifiers listed in Table 2. The mean percent of observations

Table 1 Datasets analysed

Number Number Type Number

Datasets of observations of attributes of attributes of classes

Fisher’s Iris data 150 4 Continuous 3

Pima Indian data 768 8 Mixed 2

Prostate cancer data 506a 12 Mixed 2

Wine data 178 13 Continuous 3
a This paper analyses the 475 complete cases
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Table 2 Classifiers used

Classifier Function

JRip Uses a Ripper algorithm for fast efficient rule induction

J48 Implements C4.5 [12] decision tree learning

Naïve Bayes Implements the standard probabilistic Naïve Bayes classification

Logistic Builds linear logistics regression models

IBk k nearest neighbours classifier

Logistic model trees (LMT) Builds logistic model trees

Fig. 1 Comparison of the imputation methods for Fisher’s Iris data

correctly classified was recorded for each of the four amounts of missingness and
each of the datasets analysed (see Figs. 1, 2, 3, 4).

It can be seen in Fig. 1 that, as the percentage of missing values increased,
imputing the missing values in Fisher’s Iris data using mean, median, KNN and
IRMI imputation resulted in a decrease in the percentage of observations that were
correctly classified. However with this data set, using FAMD, MissForest and Hot
Deck imputation gave similar percentages of the observations correctly classified
regardless of the amount of missingness in the data. The percentage correctly
classified using FAMD, MissForest and Hot Deck imputation was similar to that
for the complete data.

Figure 2 shows that mean, median and KNN imputation had similar percentages
of observations correctly classified for each of the four missing data percentages,
with lower percentages correctly classified as the amount of missingness in the data
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Fig. 2 Comparison of the imputation methods for Pima Indian data

Fig. 3 Comparison of the imputation methods for prostate cancer data
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Fig. 4 Comparison of the imputation methods for wine data

increased for all the classifiers applied. FAMD, MissForest and Hot Deck imputation
had similar mean percentages of the observations correctly classified regardless
of the amount of missingness in the data. Overall for the Pima Indian data, the
imputations using IRMI, FAMD, MissForest and Hot Deck gave consistently the
highest mean percentage of observations correctly classified, with the percentage
correctly classified similar to that for the complete data.

It can be seen in Fig. 3 that FAMD, MissForest and Hot Deck imputation
had similar mean percentages of the observations correctly classified regardless
of the amount of missingness in the data with the percentage of observations
correctly classified similar to that for the complete data. Figure 4 shows that IRMI,
FAMD, MissForest and Hot Deck imputations had similar mean percentages of the
observations correctly classified regardless of the amount of missingness in the data,
with the percentage correctly classified similar to that for the complete data.

6 Discussion

For all datasets analysed, we see that mean, median and kNN imputation have a
similar mean percentage of observations correctly classified. We also see that the
percentage of observations correctly classified when using the mean, median or
kNN to impute the missing observations decreased as the percentage of missing
data increased. In general, hot deck, IRMI, FAMD and missing Forest imputation
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had the highest mean percentage of observations correctly classified, and performed
in a similar manner regardless of the amount of missing data imputed.

The investigations have shown that the type of method used for imputing missing
values in a data set can have an effect on the accuracy of classification. Future
research needs to be undertaken on the effect of imputation on the accuracy of
classification on data that has more than three classes.
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On Coupling Robust Estimation with
Regularization for High-Dimensional Data

Jan Kalina and Jaroslav Hlinka

Abstract Standard data mining procedures are sensitive to the presence of outlying
measurements in the data. Therefore, robust data mining procedures are highly
desirable, which are resistant to outliers. This work has the aim to propose
new robust classification procedures for high-dimensional data and algorithms
for their efficient computation. Particularly, we use the idea of implicit weights
assigned to individual observation to propose several robust regularized versions of
linear discriminant analysis (LDA), suitable for data with the number of variables
exceeding the number of observations. The approach is based on a regularized
version of the minimum weighted covariance determinant (MWCD) estimator and
represents a unique attempt to combine regularization and high robustness, allowing
to down-weight outlying observations. Classification performance of new methods
is illustrated on real fMRI data acquired in neuroscience research.

1 Robustness and Regularization of Classification Methods

Classification methods (classifiers) have the aim to automatically assign new data to
one of K groups (K � 2) based on decision rules constructed over a training data
set. Sensitivity (non-robustness) of standard classifiers to the presence of outlying
measurements (outliers) in the data has been repeatedly reported as a serious
problem [3] and robust classification methods have been proposed as alternatives,
which are resistant to the presence of outliers [8].

Linear discriminant analysis (LDA) as a standard (supervised) classification
method assumes the data in each group to come from a Gaussian distribution, while
the covariance matrix ˙ is the same across groups. Its pooled estimator denoted
by S is singular for high-dimensional data with n < p or even n� p. For such data,
which commonly appear in a variety of applications (e.g., in medicine, molecular
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genetics, chemometrics, or econometrics), regularized versions of LDA have been
proposed to avoid the curse of dimensionality. They have become popular tools with
a clear comprehensibility.

One common approach to regularized LDA is known as shrunken centroid
regularized discriminant analysis (SCRDA) [4]. In this context, regularization brings
benefits from both the computational and statistical point of view [13], which is
true for n < p, as well as for n > p with a relatively small n [5]. Its results may
be superior to approaches based on a prior dimensionality reduction performed by
selection of the most relevant variables.

However, regularized versions of LDA are sensitive to the presence of outlying
values in the data. Unfortunately, most robust versions of LDA, which have been
proposed within the framework of robust statistics, are computationally infeasible
for n < p [3, 8]. Xanthopoulos et al. [19] estimated high-dimensional covariance
matrices allowing for measurement errors in the observed data. The resulting
estimates are robust (insensitive) only to noise, but not robust to the presence of
outliers. Robust procedures for high-dimensional data have been considered for
regression models, including the proposal of a canonical correlation analysis [18]
or partial least squares [7]. In the context of estimating a covariance matrix ˙
of multivariate data, nonparametric correlation coefficients have been investigated
by Croux and Öllerer [2] under the assumption that ˙�1 is sparse, which allows
interesting applications in the area of graphical modeling. None of these approaches
however exploits the idea of coupling the robustness with regularizing the estimated
covariance matrix.

This paper exploits principles of robust statistics with the aim to propose new
robust classification methods for high-dimensional data. We work with methods
which are robust in terms of the breakdown point, which can be characterized
as a global measure of robustness of an estimator against severe outliers in the
data [9]. Methods with a high breakdown point are commonly denoted as highly
robust. We presented a detailed overview of regularized versions of LDA in [11],
however without considering robustness aspects. On the other hand, our previous
work [10] on robust classification methods cannot be applied to high-dimensional
data. Only the current paper exploits a unique coupling of regularization for n� p
and statistical robustness, which is based on implicit weighting, and thus ensures a
high breakdown point.

In Sect. 2 of this paper, several new robust regularized methods for high-
dimensional data are proposed based on down-weighting less reliable observations.
The following Sects. 3 and 4 illustrate various methods on two real data sets and
bring a detailed discussion of the results. Finally, Sect. 5 concludes the paper.


