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ABSTRACT

Real-world data are commonly known to contain missing values, and consequently
affect the performance of most machine learning algorithms adversely when employed
on such datasets. Precisely, missing values are among the various challenges occurring
in real-world data. Since the accuracy and efficiency of machine learning models
depend on the quality of the data used, there is a need for data analysts and researchers
working with data, to seek out some relevant techniques that can be used to handle these
inescapable missing values. This paper reviews some state-of-art practices obtained in
the literature for handling missing data problems for machine learning. It lists some
evaluation metrics used in measuring the performance of these techniques. This study
tries to put these techniques and evaluation metrics in clear terms, followed by some
mathematical equations. Furthermore, some recommendations to consider when dealing
with missing data handling techniques were provided.
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1. INTRODUCTION

In general terms, missing values, also referred to as missing data, are the values not
stored or captured for some variables of interest [1]. In using machine learning (ML)
algorithms for predictive models, it is common to find some missing values in the
dataset given or obtained. The missing values considered in this paper do not include a
scenario where the number of observed cases of a feature(s) is significantly lower than
the number of observed cases in other features in the dataset. This type of scenario is
referred to as an imbalanced class or data. The category of data considered in this study
is a balanced dataset with missing values in some features of the data. These missing
values are also referred to as item non-response in survey data [2, 3]. Figure 1 is an
example of such type of missing data which contains a dataset for employees with 1000
cases and 6 features [4].

It is to be noted that, among missing data handling methods, deletion methods (either
listwise or pairwise deletion) are not the only option, and sometimes not the best option.
This is because they can introduce bias in the estimates if the missing values are not
missing completely at random (MCAR) and can reduce statistical power [1, 5].
Additionally, since missing values carry relevant information for the prediction task, it
is good to impute the missing values rather than deleting them. Furthermore, some
decision tree methods such as random forests have a built-in method of handling
missing values, treating the missing values as an attribute (see Section 3 for that).

In one way or the other, these missing values must be handled to help the ML
algorithms perform optimally. It should be noted that the missing data handling
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considered in this study is within the scope of supervised learning methods. Handling
missing values is one of the processes in data preparation in ML. Data preparation or
pre-processing takes a considerable amount of time in modeling and prediction process
because real-world data could contain missing values, outliers, conflicting data or noise.
Hence, the need for data pre-processing to resolve these data issues to ensure that the
data used for modeling, and predictions are of good quality. The accuracy and
efficiency of ML models depend on the quality of data used for the analysis.

Some of the factors responsible for these missing values could be due to the way the
data is captured or some malfunctions in the equipment. It could also be because of
changes in experimental design during the process of collecting data, or the method
used in merging of several datasets. Refusal of the respondents to respond to certain
questions, or some variables not being measured due to some damages in the specimen
used could also be a factor. The need to handle these missing values becomes highly
important in ML models when the variables containing them contribute substantially to
the performance of the ML algorithms. Hence, the demand to find a way of handling
such missing values.

The rest of this paper is organized as follows: Section 2 focuses on the three types of
missing data mechanism. Section 3 is on the explanation of some techniques for
handling missing data. Section 4 reviews some evaluation metrics for measuring the
performance of the missing data techniques. Section 5, outlines some discussions and
recommendations observed while writing the paper.

2. MISSING DATA MECHANISM

Data missingness is generally categorized into three types [6], which are missing
completely at random (MCAR), missing at random (MAR) and not missing at random
(NMAR), which is also called missing not at random (MNAR). Let X be the data matrix
(e.g., Figure 1) that contains both the observed and missing values, X, be the set of
observed values, X,,;ss be the set of missing values, R is the indicator matrix for the
missing values, with

R — 1, if X;j is missing 1
710, if X;jisobserved )

wherei represents the i*" case and j represents the j** feature, and ¢ is a vector of some
unknown parameters of the missing data model that relates the data matrix, X, to the
indicator matrix,R. Brief explanation of these three categories is given below
concerning these defined variables.

2.1 MCAR
In missing completely at random (MCAR), the probability of the missing data in a case

does not depend on the observed or known values nor on the missing values of that
case. That is,

Prob(R = 1|X,¢) = Prob(R = 1|¢) for all X,¢ (2)

Missingness obtained when data are missing by design, equipment failure, or when
samples are lost in transit is classified as MCAR.

972



Luke Oluwaseye Joel, Wesley Doorsamy, Babu Sena Paul

For example: if a missing value for an individual in the salary variable of the dataset,
in Figure 1, does not depend on whether the person is a male or female, nor on the team
the person belongs to, nor on whether the person is categorized as senior management
or not, nor on the bonus percentage of the person, nor his/her first name, nor on the fact
that information is missing from the person’s record in any of the variables in the
dataset but it depends on other parameters that are not captured in the dataset.

First Name Gender Salary Bonus % Senior Management Team
¢] Douglas Male 973608 6.945 TRUE Marketing
1 Thomas Male 61933 NaN TRUE NaN
2 Maria Female 130590 11.858 FALSE Finance
3 Jerry Male NaN 9.34 TRUE Finance
4 Larry Male 101004 1.389 TRUE Client Services
5 Dennis n.a. 115163 10.125 FALSE Legal
6 Ruby Female 65476 10.012 TRUE Product
7 NaN Female 45906 11.598 NaN Finance
8 Angela NaN NaN 18.523 TRUE Engineering
9 Frances Female 139852 7.524 TRUE Business Development
10 Louise Female 63241 15.132 TRUE NaN
11 Julie Female 102508 12.637 TRUE Legal
12 Brandon Male 112807 17.492 TRUE Human Resources
13 Gary Male 109831 5.831 FALSE Sales
14 Kimberly Female 41426 NaN TRUE Finance
15 Lillian NaN 59414 1.256 FALSE Product
16 Jeremy Male 90370 7.369 FALSE Human Resources
17 Shawn Male 111737 6.414 FALSE na
18 Diana Female 132940 19.6082 FALSE Client Services
19 Donna Female 81014 1.894 FALSE Product
20 Lois NaN 64714 4.934 TRUE Legal
21 Matthew Male 100612 13.645 FALSE Marketing
22 Joshua NaN 90816 18.816 TRUE Client Services
23 NaN Male 125792 5.042 NaN NaN
24 John Male 97950 13.873 FALSE Client Services
25 NaN Male 37076 18.576 NaN Client Services
26 Craig Male 37598 7.757 TRUE Marketing
27 Scott NaN 122367 5.218 FALSE Legal
28 Terry Male 124008 13.464 TRUE Client Services
29 Benjamin Male 79529 7.008 TRUE Legal

Figure 1. Example of a Dataset with Missing Values [4].

2.2 MAR

Data that are missing at random (MAR) when the probability of the missing data in a
case does depend on the observed values but not on the missing data of that case. That
1S,

Prob(R = 11X, ) = Prob(R = 1|X,ps, @) forallX,iss, @ (3)

It should be noted that both MAR and MCAR are said to be ignorable missing data
mechanisms [6, 7], due to the randomness contained in their missing data. MAR is a
weaker assumption than MCAR. That is, MAR is more general, and a more realistic
case of MCAR. For example: if a missing value for an individual in the salary variable
of the dataset, in Figure 1, depends on the fact that the person is a female, because of
some permissions of leave given to the female employees in the company which the
male counterparts are not entitled to.

2.3 NMAR

These are missing data that are neither MCAR nor MAR. That is, the probability of
missingness in a case depends on either the missing values or on both the missing and
observed values for that case. That is,

Prob(R = 1|X, ) = Prob(R = 1| Xpiss, ) for all Xpiss, @ (4)
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or
Prob(R = 1|X, ) = Prob(R = 1|X,ps, Xops, @) for all X, ¢ (5)

The case of missing data in NMAR seems more problematic, and an unbiased
estimation of these missing data can only be obtained by modeling of these missing
data. NMAR is also known as a non-ignorable missing data mechanism [6, 7], that is
the missingness is not random. For example: if a missing value for an individual in the
team variable of the dataset, in Figure 1, depends on the fact that such person’s first
name is missing from the dataset or that both the first name is missing, and the person is
a female who probably has gone on maternity leave.

3. TECHNIQUES FOR HANDLING MISSING DATA

This section explains the various techniques that have been used in handling missing
data in ML algorithms as well as relevant literature in which they have been used. The
list (see Figure 2) is not exhaustive, and this field of missing data handling is still
evolving. Generally, there are two notable methods of handling missing values in ML
algorithms: by deletion or imputations. However, as mentioned in the introduction of
this paper, some decision tree methods have a built-in method of treating the missing
values as an attribute. In the deletion techniques, the data scientist either delete the
missing values by listwise or pairwise deletion. The other way is by using imputation
techniques, where the missing values are replaced with some other values according to
the various methods that are used. These imputation methods could be classified into
single, multiple, model-based, machine learning, or optimization algorithm imputations
(see Figure 2). It is good to note that some of the model-based imputation methods are
also single-imputation, such as regression, K-Nearest Neighbor and hot-deck
imputations. LOCF, in Figure 2, means last observation carried forward and NOCB
means next observation carried backward.
Let X denote a dataset with several observations as given below

(‘\'11 X1 Xig -+ Xyj
Xo1 X9 Xoz -+ Xyj

X=|X31 X3 X3z --- Xg; (6)
\Xii X Xig - Xy)

The value i is the number of cases and j is the number of independent attributes.
Hence, X;; is the value of the i*" case with the j** feature. This can also be represented

in terms of row and column. So, X;; is the value at the i*" row and j**column.
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Missing Data Handling Techniques

Deletion Built-in
- i
#Listwise Deletion Imputation [ Decision Tree Methods ]
*Pairwise Deletion %\
Single Multiple Model-Based Machine Learning Optimization Algorithm
Imputation Imputation Imputation Imputation Imputation
*Regression
*Mean *Genetic
. . *K-Nearest Neighbor *Artificial Algorithm
Median . Neural
*Mode ot Deck Networks *Particle
*Maximum *Dee Swarm
LocE Likelihood leam‘:’ng Optimization
*NOCB *Expectation *Matrix
\ / \ Maximization / Completion

Figure 2. Types of Techniques for Handling Missing Data

3.1 Listwise Deletion

This is the removal of all cases with missing values in at least one of the independent
features. It is also called complete-case analysis method [1, 5, 8]. For example, if Xy, is
a missing value in the 1% case and k' feature, then all the data in the 1 case,
Xi1,...,X1; will be removed from the dataset. An advantage of the listwise deletion is its
convenience. For data that are MCAR, this method produces unbiased estimates of
means and variances [9], otherwise the estimates are biased [5]. However, the
disadvantage of listwise deletion is reduction in the effective sample size which, in turn
causes a reduction in statistical power.

3.2 Pairwise Deletion

Pairwise deletion [1], also known as available case method [6, 10], removes all cases
containing missing values in the independent features as the need arises. For example, if
X1) is a missing value in the 1% case and k*" feature, then 1% case will be removed from
the dataset when conducting analysis that involve the k" feature. Unlike the listwise
deletion that removes all the cases containing the missing values before the analysis,
pairwise deletion removes the cases containing the missing values only when the
affected features are to be used in analyses [11]. Pairwise deletion allows you to use
more of your data than the listwise deletion. One disadvantage of using pairwise
deletion is that the correlation matrix may not be positive definite [1]. It could produce a
situation where one or more variables are linear combination of some other variables in
the dataset. Another disadvantage is the lack of consistency in its analyses because each
analysis will make use of different subsets of the dataset which will give different data
sample sizes.
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3.3 Mean Imputation

The mean imputation method [5] calculates the average values of all the non-missing
values of each independent feature and imputes it for each feature’s missing values [9].
Let Xp,, be the missing value for the ht* case, where h < i, and in the k" feature, then
the mean value to be imputed will be

Xng=———" @)

where the value, I, is the set of the independent feature indices that are not missing
and ny is the total number of cases in which the k" value is not missing. Although this
method is easy and simple to implement, it works only if the feature considered is not
nominal and the missingness assumption is MCAR [7]. Some disadvantages of the
mean imputation are overestimation of the sample size, underestimation of the variance,
and correlation could be negatively biased [5, 12]. Despite these disadvantages, the
mean imputation still performed better than other imputation techniques in some cases.
For example, in [13], the following univariate imputation methods: Mean, Median, Last
Observation Carried Forward, Kalman Filter, Random, and Markov imputations were
used to handle missing data in short-term monitoring (less than 24hours) of air
pollutants. And the study found out that the mean imputation with two others - Random
and Markov’s methods outperformed the remaining univariate imputation methods
recording the lowest error and highest R? (coefficient of determination) values for all
the four periods of missingness considered.

3.4 Median Imputation

This method [13] substitutes the middle value of the non-missing independent features
for each feature’s missing values. The median imputation is preferred over the mean
when outliers are present in the dataset [14]. Let X, be the missing value for the ht"
case, where h < i, and in the k*" feature. To find the median imputation, first, the non-
missing values, X;j;,X;j,...X;; in the feature which contains the missing value (but
excluding the missing value) will have to be ordered from the lowest to the highest, and
the middle value will be selected. The imputed value after sorting the data in the
specific feature containing the missing value in ascending order will be

th
Xpk = (nk2+1) value (8)
for odd numbers, and

ﬂ) thvalue+(n—k+ 1)thvalue)

th=((2 .

9

for even numbers. n, is the total number of cases in which the k" value is not
missing. However, for a feature containing integer values, Equation (5) must be rounded
up or down depending on the resulted value from the calculations. In [14], the author
compared four imputation methods namely mean, median, linear regression, standard
deviation, for handling missing data with different percentages of missingness and
found out that the median imputation outperformed the remaining three methods.
3.5 Mode Imputation
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In this method [8], the missing values of a feature are replaced by the most frequent
non-missing value of that feature. Let Xy, be a missing value for the h* case, where
h <i and in the k" feature. Then, the most frequently occurring value among the non-
missing values of that feature, X;y, Xoy, ... Xix, 1S used to replace all the missing values of
that feature. The mode imputation is common for categorical features, though it can also
be used for numeric features. Although this method is easy and fast to use but it could
change the statistical nature of the data [15]. It is highly biased when applied to
numerical data. Another challenge in using this method is when this mode value is not
unique. In this case, the researcher must decide whether to use the first occurring mode
value or the others. In [8], the author compared the performance of different ML
classification algorithms based on some methods used in handling the missing data.
Although the study focusses on the performance of the various ML classification
algorithms used, but the result shown in the paper gives insight into the performance of
the techniques used in dealing the missing data. Out of six methods used to handle the
numeric data, mode imputation is one of the two that outperformed the remaining four
methods. While for categorical data, only two methods were used to handle the missing
value: listwise deletion and mode imputation. The later performed better than the
former.

3.6 Last Observation Carried Forward

This method [1, 13, 16], Last Observation Carried Forward (LOCF), replaces the
missing values in a feature with the last observed value of that feature. This is a
common imputation method for a longitudinal or time-series dataset, in which variables
are repeatedly measured over a series of time-points [16]. Let Xp; be the missing value
for the h" case, where h < i, and in the k*"* feature. Then, the X, will be replaced by
Xnr-1, 1f it exists. However, if X,,_; does not exist, that is, it is also a missing value,
then Xj,,_, will be used to replace the missing values - Xp;_, and Xj,. This forms the
pattern of LOCF method. Although this method is easy to understand and apply but it
produces a biased estimation and underestimates the variability of the estimated result
[16]. The following studies have criticized the use of LOCF method for handling
missing values [16, 17].

3.7 Multiple Imputation

The multiple imputation (MI) method [18, 19, 20, 21, 22] produces a range of m
possible values, m > 1, called the imputed data, from the existing data, which is then
analysed using some standard statistical methods to obtain the most suitable set of
values for the missing data. The MI method contains three (3) steps namely:

e The Imputation step: This is where m,m > 1, copies of the missing data are
created or produced using appropriate model that incorporates a random
variation and fits the distribution assumptions of the data. One of the popular
methods is to use linear regression imputation using

Xmiss = bo + b1X1 + bzXz + b3X3 + SE (10)
where X,, X,, X;are fully observed variables, X,,;ss, contains the missing data, E
i1s a random value drawn from a standard normal distribution with a mean and

standard deviation of 0 and 1, respectively, and s is the error term estimates of
the standard deviation.
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e The analysis step: In this step, some statistical analyses are carried out on the m
imputed dataset produced in the imputation step.

e The pooling step: This step combines the m sets of estimation results into a

single set of results. This is done using Rubin’s rule [6]. The variance for the
pooling can be calculated as:

For within-imputation variance

m

1
Varyin = EZ s? (11)

i=1

and for between-imputation variance

1 < _
Varyew = mz:(ﬁi - ,3)2- (12)
=1

The total variance could be calculated as

Vartotal = Varwith + Varbtw + Va::tw (13)

which gives the following formula

Varioar = %i s+ (1+2) (==5) i(ﬂi -B)’ (149
i i=1

=1

and the estimated standard errors will be

m m

Stdarror = |- 57+ (14 2) (=) > (8- B’ (15)

i=1 i=1

where s; is the standard error in the i*" dataset, ; is the estimated parameter for it"

dataset of m samples, and 8 is the mean of ;.

The MI method helps to restore the natural variability of the missing values,
produces valid statistical inference, and generates appropriate results in the presence of
a high volume of missing values [18, 19, 22]. It is flexible and can be used for MCAR,
MAR and MNAR data missing mechanism. In [19], the author described the context
and situations for which MI method is appropriate. The author emphasized that the goal
of MI is to provide statistically valid inference in a situation where the end-users and
database constructors are distinct entities [20] and where the missing data could not be
traced to any admissible reason. In [18], the author provided the theory and the
implementation of the MI method using Alzheimer’s disease as a case study. The study
also discussed the increasing use of MI methods in commercial and free software. Some
of these software packages [18] that support and implement MI methods are, the list is
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just a few: STATA [23], S-PLUS [24], AMELIA [25], IVEware [26], SPSS [27, 28],
and SAS [29].

There are two most popular implementations of the MI method in the literature: (1)
Multivariate imputation by chained equation (MICE) [30-34] for fully conditional
specification (FCS) approach to MI and (2) AMELIA [25, 35, 36] for the joint modeling
(JM) approach to MI method. In the FCS approach, the MI method imputes the missing
data on a variable-by-variable basis [10, 37, 38]. In contrast, in the JM approach, the MI
method imputes the missing variables based on the assumptions of multivariate
normality and linearity [39, 21, 40]. These adopted assumptions in the JM approach are
relaxed in the FCS approach which consequently gives the FCS approach a great deal of
flexibility, appropriate coverage, popularity, and yields estimates that are generally
unbiased [30, 38, 41-43]. In [44], the author compared the accuracy of four techniques
for handling missing data in mental measurement questionnaires. The methods were
direct deletion, mode, Hot-deck, and multiple imputation by absolute deviation
imputations. The study found that the multiple imputation method performed best than
other methods because the biases obtained in it are the smallest in all the proportion of
missingness considered.

3.8 Regression Imputation

This is also called conditional mean imputation [7] or predictive mean imputation [9].
In this technique, missing values are replaced by predicted values a using regression
model on non-missing values of the other features [7, 9]. Each missing value is taken as
a target variable and the other attributes taken as independent features. Let Xj, be the a
missing value for the i" case, where h < i, and in the k' feature, then the regression
imputed value will be

Xnk = Bo + P1Xi1 + B2 Xiz+... +P3X;3 (16)

These methods are based on the assumptions that there is a linear relationship
between the features. However, if the assumption does not hold true, that is, if the
relationship is non-linear, this method will introduce biases into the dataset. In [45], one
of the four methods used in handling missing data on crop yield dataset from the
National Agricultural Statistical Survey (NASS) barley crop yield in 1997, United State
of America, was regression imputation. Kernel smoothing, universal kriging, and
multiple imputation methods were the other three. The result of the study showed that
regression imputation and multiple imputation methods outperformed the remaining two
methods.

3.9 Hot-Deck Imputation

This method uses values from among the most similar cases of non-missing data to
replace the missing values [9, 46, 47]. Let X;,,, be a missing value for the i*" case, where
h <i, and in the k*" feature, then the Hot-Deck imputation is calculated using the
following

Xnk = ka,
where

p = argmin Z ok (Xnk — Xu )? (17)
ke I(non—missing)

The value,oy, is the standard deviation of the k" non-missing feature. Although this
method preserves the sample distribution [12] for the substituted missing data, it might

979



A Review of Missing Data Handling Techniques for Machine Learning

alter the relationship between the features. Hot-deck imputation is suitable for handling
missing values where listwise deletion, mean, or median imputation will not work well
[5]. Generally, this method is divided into the random hot-deck and the sequential hot-
deck methods [47, 44]. Unlike regression imputation, hot-deck imputation does not
depend on model fitting to impute the feature, hence it is likely not affected by model
misspecification [47].

3.10 K-Nearest Neighbor Imputation

This is also known as distance-function matching [12]. This method [48] makes a
random selection of values from its k nearest or closest similar cases and the one with
the smallest distance is taken and used in replacing the missing value [5, 48, 49]. Let
Xnx be a missing value for the ht" case, where h < i, and in the i*" feature, using a
simple distance function, the missing value can be obtained as follows:

Xnk = Xqo q = mgn d( Xnk, Xpk ) (18)
and d(Xpy, Xpx ) could be

d(th,ka) = 2 | Xnk — Xik | (19)
i € KNN(X)
or

d( Xk Xpi ) = 2 (Xnk — Xik )? (20)
i€ KNN (X)

where K-NN (Xy;,) is the index of the k™ closest cases of X;; from the non-missing
features. This method is different from others in that an actual value is imputed and not
a constructed value as in regression imputation. When there is no prior knowledge about
the data distribution, K-nearest neighbor imputation is the appropriate choice to go for.
KNN imputation method is a function of the choice of distance measure used. The
literature contains many different distance metrics [50] that can be used. Some KNN
extensions are sequential KNN [51], interactive KNN [52, 53], and the combination of
KNN and local-least square model [54-56].

In [49], the author compared some imputation methods for handling missing scores
(data) in biometric fusion. The study focused on multibiometric systems, which is the
fusion of multiple biometric information sources. This is because multibiometric
systems perform better in recognition than uni-modal systems. The imputation
techniques used for this study were K-nearest neighbor (KNN), the maximum
likelihood-based, Bayesian-based, and multiple imputation (MI) methods. The
experiments performed by the authors for the imputation of missing scores at a different
rate of missingness showed that the KNN-based imputation method outperformed
others. Also, in [57], the author compared the following imputation methods - mean,
median, predictive mean matching, KNN, Bayesian linear regression, non-Bayesian
linear, and random sample imputations - for handling missing numeric data. The study
found that KNN imputation method performed the best.
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3.11 Maximum Likelihood

This method employs all available cases of a given data to construct some parameters
that would maximize the probability of those values that have been observed [7, 49].
This is accomplished by making use of a formula that gives the probability of the data
as a function of both the data and the parameters to be estimated. Let X be the complete
data as shown in the matrix above, with the associated probability density f(6 V X),
where 6 is the unknown parameter. If X, and X,,;; represent the observed and missed
data respectively, then X = (X,ps, Xmiss)- Hence, the objective of this method is to
maximize the likelihood

g(GI Xobs) = f( 9|Xobs»Xmiss ) dXomiss (21)

Xmiss

if X is continuous. And if X is discrete, the equation becomes

961 Xops) = > F(01Xons, Xmiss) (22)

Xmiss

To get the overall likelihood, the products of the likelihoods of all cases is taken. If
there are m cases with complete data and n —m cases with missing data, then the
likelihood function to be maximized, to get the maximum likelihood of 8, for the whole
dataset is

L) = | [ £ | [ a61ons 23)
i=1

m+1

where [] is a repeated multiplication. For parameter under the missingness mechanism
of MAR and MCAR, this method gives unbiased estimates and standard errors [7]. The
maximum likelihood imputation performs better in larger datasets than in smaller
samples [6] and it is sensitive to the choice of initial starting values [7].

3.12 Expectation-Maximization

This method generalises the maximum likelihood estimation to the incomplete dataset
[1, 7]. It attempts to find the unknown parameters @ that maximizes the log probability
density g(6 Vv X,ps) of the observed data. It predicts the missing data using some
assumed values from the parameters [7]. Then, it updates the parameters using the
predictions. The process is repeated until the sequence of parameters converges to the
maximum likelihood estimates. Basically, Expectation-Maximization (EM) method has
two steps [1, 7], the E-step (predicting the missing values) and the M-step (estimating
the parameters). The EM algorithm is as seen in Algorithm 1.

Algorithm 1 EM Algorithm

Start with initial guess 0 for @
Compute Q(f. 6'))
Estimate 7Y = arg maxs Q(,0)

Stop when the likelihood converges
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EM assumes MAR data missing mechanism and its convergence to a local maximum
of the likelihood function is said to be guaranteed. However, its convergence rate
depends on the fractions of missing data. Low missingness produces fast convergence,
while high missingness produces slow convergence.

In [58], the author employed six imputation methods for handling the missing data in
air quality, Malaysia. The imputation methods are mean, median, EM, singular value
decomposition (SVD), KNN, and sequential K-nearest neighbor (SKNN) imputation
methods. Using the correlation coefficient, the index of agreement and the mean
absolute error as evaluation metrics, the study found out that EM is one of the three best
methods for all the eight monitoring stations considered, the other two were KNN and
SKNN.

3.13 Artificial Neural Network

Artificial Neural Networks (ANN) refers to a computing system inspired by how
biological neural network systems, such as brain, process information [59]. ANN is also
known as neural nets or neural networks or artificial neural systems. Just as the human
or biological neural network contains many interconnected neurons, the ANN also
consists of multiple layers of simple processing elements called artificial neurons that
are interconnected to perform the function of collecting inputs and generating output
[59, 60]. With the great potential of ANNSs to process information with high speed in a
massive parallel implementation, the use of ANN in several discipline and applications
has increased over the years [61]. Particularly, in the imputation of missing values for
machine learning.

In [62], the author proposed a mechanism for processing missing data by neural
networks. Neuron’s response in the first hidden layer was replaced by its expected
value. The study noted that, this method does not require complete data for its training.
That is, it trained neural network on datasets with only incomplete samples. The method
was compared with other imputation methods for incomplete data in the literature, using
7 different datasets, and it gave better results than them. In [63], the author proposed an
imputation method that uses an auto-encoder neural network. The auto-encoder was
trained using the training data, without the missing values, to be better equipped to
predict the missing values. Afterwards, the trained autoencoder was used to predict
missing values, using the training data with missing values, with the idea that a good
choice for replacing each missing value will be the one that can reconstruct itself by
means of the auto-encoder. The method was compared with eight other imputation
methods using fourteen different datasets and eight classification techniques. The results
[63] showed that the performance of the proposed method is noticeably better than other
methods for higher missing rates.

3.14 Deep Learning

Deep Learning (DL) [64, 65] is a subset of machine learning that has several layers
(excluding the input and output layers) of ANNs that carry out the machine learning
process. DL, also called deep neural network or deep nets, is an ANN with multiple
hidden layers. With the multiple layers in DL, there is an advantage of performing
complex tasks that often require extensive feature engineering and better self-learning
capabilities. This also goes for its ability to handle missing values [66-71] in datasets.

In [66], the author used a DL method, with 15 hidden layers using Rectified Linear
Unit as the activation function, for the imputation of missing data in attention-
deficit/hyperactivity disorder (ADHD). The imputed datasets were used to distinguish
youths with ADHD from those without it. A dataset of 1220 youths recruited in
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Northern Taiwan was employed for the study with 799 youths having ADHD and 421
without ADHD. The performance of the DL method used was evaluated using support
vector machine classifier, and the study found out that the result of the classifier on the
imputed dataset (which is 89% accuracy) is the same as the result of the classifier on the
original dataset (without missing values). This shows that the DL imputation method
does not introduce any bias toward the data when imputing the missing values.

In [67], the author proposed an imputation method based on DL for imputing missing
traffic data. Specifically, the authors used denoising stacked autoencoder (DSAE) for
the DL architecture which consist of a denoising autoencoder (DAE) and stacked
autoencoder (SAE). The study treated the traffic data (including both the observed and
missing values) as a single data and conducted the complete data restoration using this
method. Data from Caltrans Performance Measurement System (PeMS) was used and
the results from the study showed that, at different missing rate, the errors were kept at a
stable level.

In [68], the authors proposed the generative adversarial multiple imputation network
(GAMIN) for highly missing data. That is, for 80% and above missing data. The
generative adversarial network (GAN) [69] is a popular DL approach for missing data
imputations for large datasets. However, among other changes done in GAMIN, the
authors incorporated the unconditional generator directly into the imputation process,
used a different confidence prediction method, a new loss function was used to train
GAMIN and the mask of missing data itself was utilized instead of the mask generation.
The results of the study, for both modified National Institute of Standards and
Technology (MNIST) and CelebFaces Attributes (CelebA) Datasets, demonstrated the
better performance of the proposed method as compared to the method used in [72, 73].

3.15 Genetic Algorithm

Genetic Algorithm (GA) is a population-based optimization algorithm, inspired by the
biological evolution process [74, 75]. GA, proposed by J.H. Holland [76, 77], has the
following basic elements, namely, chromosome representation, fitness selection, and
biological-inspired operators (which are selection, mutation, and crossover). In form of
strings, the collection of chromosomes is called a population which will be initially
created randomly. This represents different points in the search space with their
associated objective and fitness functions. A few of the "fittest" strings are selected into
the mating pool, and the biologically inspired operators are applied on these strings to
produce a new generation of strings [74, 78, 79]. This process is repeated until a
satisfactory termination condition is reached, or a desired number of generations is
obtained. GA imputation method has been used to address the three types (MCAR,
MAR NMAR) of missing values mechanism and different types of variables in the
literature [80-85].

In [80], the author proposed a method for imputing missing data based on GA and
Information Gain (IG). While GA was used to generate optimal sets of missing values
in the dataset, IG was used to measure the performance of each solution. The authors
indicated that the imputation method is suitable for large dimensional search spaces
with a higher rate of missing values. Comparing this proposed method with some
existing single and multiple imputation techniques, using 5 different datasets, the study
reported that the proposed method outperformed others. In [81], the authors proposed a
combination of GA and Asexual Reproduction Optimization (ARO) algorithm. The
combined algorithm was used to evaluated on Pima and Mammographic mass datasets,
The performance was compared with other imputation techniques namely Mean, KNN,
support vector machine (SVM) and it was found that it outperformed them. The
combined proposed algorithm took less computational time than the basic GA.
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3.16 Particle Swarm Optimization

Particle swarm optimization (PSO) algorithm is an evolutionary optimization algorithm
proposed by [86]. The algorithm simulates the social behaviour of animals, such as
insects, birds, and fishes, in their search pattern for food. This pattern keeps changing
and updating according to the learning experiences of each member of the swarms [86,
87]. PSO has been employed in the imputation of missing data by different authors. In
[88], the author proposed a missing data imputation method based on the PSO algorithm
to minimize the error function obtained from the covariance matrix of the complete
record (excluding the missing data) and the covariance matrix of the total records
(which include the imputed data). The PSO algorithm was also used to minimize the
error function derived from the determinant of these covariance matrices. The algorithm
[88] stops when these two errors become acceptably small across to consecutive
iterations. Similarly, in [89], the authors used the PSO to minimize these two mentioned
error functions. However, the two imputation methods proposed by this study [89]
involved PSO, evolving clustering method (ECM) and a modified version of
autoassociative extreme learning method (MAAELM). The proposed imputation
methods were tested on twelve different datasets and were compared with other hybrid
imputation algorithms. One of the proposed methods, PSO + ECM, performed better
than other existing algorithms in six out of the twelve datasets were used while the
second one, PSO + ECM + MAAELM, performed better than other algorithms in nine
out of twelve datasets used.

In [90], the missing values in the heart disease dataset were handled by an imputation
method based on Fuzzy C-Means and Particle Swarm Optimization (FCMPSO). The
study showed that the performance of the Decision tree, which is the classification
method used, was increased after the application of FCMSPO for missing data
imputation.

3.17 Matrix Completion

The matrix completion method, proposed by [91], operates with some assumptions on
the data matrix to create a well-posed problem. The assumption could be that the data
matrix has a maximal determinant, positive definite or low rank [92]. If it is assumed
that the data matrix is low rank, the entries are correlated. Hence, the missing entries
could be recovered in a convex optimization context if there is sufficient observed
entries [91, 93]. The formula for this recovery method is given as [94]:

Minimise rank(M)
subject to Po(M) = Po(X), (24)

where M is the optimization variable, X is the matrix to be estimated, 2 is the set that
contains the positions of the available observations in the matrix X, and P, is the
orthogonal projector into the subspace of matrices that vanish outside of 2. However,
for entries on 2 that are sampled uniformly at random [91], the solution for equation
(24) is obtained by solving the convex relaxation equation [94]

Minimise ||M]||.
subject to Pq(M) = Py(X), (25)

IM||. denotes the nuclear norm of the matrix M. The following literature [95-99] are
existing theory on matrix completion with different assumptions.

984



Luke Oluwaseye Joel, Wesley Doorsamy, Babu Sena Paul

3.18 Decision Tree Method

Decision Tree [100-104], such as Random Forest [105], is a popular supervised learning
algorithm that is used to build both classification and regression models. The method
splits the given dataset into subsets (called decision nodes) based on the level of the
significance of the attributes. The most significant predictor is known as the root node.
The nodes which cannot be split further are called terminal or leaf nodes. The splits
follow a set of if-else conditions, and the classification is done according to these
conditions. Some attribute selective measure used in decision trees are Entropy,
Information gain, Gini index, Gain Ratio, Reduction in Variance and Chi-Square. Aside
from the fact that decision trees are easy to read and interpret, it also has a good way of
handling missing values and outliers [101-103]. Hence, the presence of missing data
and outliers have little influence on decision tree’s data. Decision trees algorithms have
an advantage of performing well in handling the MCAR, MAR values, and to some
appreciable level in NMAR values [105]. The method performs the missing values
estimation task by building a tree-like structure for each feature containing the missing
value entries, and the missing values of each feature are filled by using its
corresponding tree [101].

4. EVALUATION METRIC FOR MISSING DATA HANDLING
TECHNIQUES

A vital step to take after employing the techniques for dealing with missing values,
mentioned in Section 3, is the evaluation of the imputation methods used. There are two
dimensional aspects to evaluating these missing data imputation techniques: (1)
evaluation of imputation quality; and (2) evaluation using downstream prediction tasks.
The two dimensions are discussed in the sub-sections below. The list is not intended to
be exclusive.

4.1 Imputation Quality

The purpose of using imputation quality metrics is to compare the predicted values with
the actual values to know how close the prediction is to the actual. In this section, some
imputation quality metrics are selected and explained. More of these evaluation metrics
can be seen in the following literature [106-109].

4.1.1 Root Mean Square Error

Most studies [13, 110, 111, 112] employed the root mean square error (RMSE) to
measure the imputed and observed data difference. The RMSE represents the standard
deviation of the difference, and it given as

n

1 ,
RMSE = | E(X;’bs _ ximputedys (26)

i
i=1

RMSE represents the quadratic mean of the imputed and observed data differences.
The value of RMSE is always non-negative and a lower value is better than a higher
value. One major disadvantage of RMSE is that it is sensitive to outliers.
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4.1.2 Root Mean Squared Percentage Error

The root mean squared percentage error (RMSPE) is the RMSE expressed as a
percentage. It is given as

; 2
100 o []xebs — xR
RMSPE = - | (27)

x|

One prominent advantage of RMSPE is the scale-independent property [113], hence
it can be used to compare forecast performance across different datasets. Smaller values
of RMSPE indicates better performance of the imputation methods used.

4.1.3 Mean Squared Error

Mean Square Error (MSE) is the average squared difference between the imputed and
observed values. It is given as

n
1 )
MSE = — E (XPbs — x[mPuredy? (28)
i=1

The value of MSE is always non-negative and the values closer to zero are much
preferable. MSE has a higher unit order than the error unit, this is due to the square of
the error. MSE has low reliability [109], it might give different results for a different
fraction of the dataset.

4.1.4 Mean Absolute Error

The average or mean of all absolute errors. It is denoted by MAE, and it is one of the
top three evaluation metrics popularly used in literature [114]. It is given as

n
1 .
MAE = E Z|Xiobs _ Xilmputed| (29)
i=1

The MAE seems to be the most intuitive evaluation metric because it takes the
absolute difference between the actual and the predicted or imputed data. Also, due to
the use of absolute value, there is no indication of over-performance or under-
performance of the model in MAE [115]. It is robust to outliers.

4.1.5 Mean Absolute Percentage Error

The mean absolute percentage error (MAPE) is the MAE expressed as a percentage.
MAPE also has an intuitive interpretation, like MAE, since percentages are easy to
understand. It is one of the top three evaluation metrics popularly used in the literature
[114]. It is given as
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X'imputed|

100 < [X27 — x|

MAPE = 2
n L X205

i=1

(30)

Like MAE, MAPE has the advantage of the absolute value used in the formula. It is
robust to outliers. However, unlike the MAE, MAPE could be undefined if the actual
value is zero, grow unexpectedly large if the actual value is minimal, and it is biased if
the predicted value is less than the actual value [115].

4.1.6 Mean Absolute Scaled Error

The mean absolute scaled error, MASE, is the mean absolute error of the imputed or
predicted values divided by the mean absolute error of the naive prediction. MASE was
proposed by [113] to be the standard evaluation measure for comparing forecast
accuracy. It is given as

1 .
1 Z?:1|Xiobs _ Xitmputed|

MASE = 1L (31)
1 n obs obs
T L X" - X725

The limitation associated with MAPE does not affect MASE. Some of the favourable
properties of MASE are scale invariance, predictable behaviour as the actual value tends
to 0, easy interpretation, and the ability to penalize both negative and positive predicted
values as well as large and small predicted values equally [113]. MASE is robust to
outliers.

4.1.7 Mean Relative Absolute Error

The mean relative absolute error (MRAE) is the mean absolute error divided by the total
absolute error of the simple predictor. The MRAE expresses how large the MAE is
compared to the total size of the observed data. The formula is given by

MRAE = * i x> — X, | (32)
n

where X is the mean of the data. The MRAE is fairly robust to outliers but sensitive
to values that are zero or almost zero. It could be undefined if the predicted value is
equal to the actual value [109, 113].

4.1.8 Coefficient of Determination (R?)

The coefficient of determination, denoted by CoD or R?, is the square of the correlation
(that is, how strong a linear relationship of two variables is) between predicted values
and the actual values [13]. It is also known as the "goodness of fit". The formula is
given as

: 2
n obs imputed
P (X0 - X )

CoD=1- —
?:1(Xi0bs_ X)

(33)

987



A Review of Missing Data Handling Techniques for Machine Learning

where X is the mean of the data. The values range from 0 to 1. And a higher R? is an
indicator of a better performance than a lower R2. The coefficient of determination
metric is a widely used evaluation, but it is limited to size differences between the
imputed and observed data [116].

A properties’ summary of the evaluation metrics presented above can be seen in
Table 1. In [117], five distance measures were used to evaluate the performance of the
missing data handling techniques. In [13], five evaluation metrics namely Root Mean
Square Error (RMSE), Absolute Bias, Percent Absolute Error in Means, R? (coefficient
of determination), and Mean Absolute Error were used to evaluate the performance of
the missing data handling techniques. The metric used for evaluation in [45] was the
mean absolute prediction error only. While in [110], the evaluation metrics used were
RMSE, unsupervised classification error (UCE), supervised classification error (SCE)
and execution time. However, in [8], the author employed some -classification
algorithms to evaluate the performance of the techniques used in handling the missing
data.

Table 1: A Summary of the Evaluation Metrics

S/N  Evaluation  Performance Value Sensitivity to Scale
Metrics Outliers Dependency

1 RMSE Small value indicates Yes No
better performance

2 RMSPE Small value indicates Yes No
better performance

3 MSE Small value indicates Yes No
better performance

4 MAE Small value indicates No No
better performance

5 MAPE Small value indicates No Yes
better performance

6 MASE Small value indicates No No
better performance

7 MRAE Small value indicates No Yes
better performance

8 CoD Value near 1 indicates No No
better performance

4.2 Imputation Evaluation Using Downstream Prediction Tasks

The purpose of using downstream prediction tasks is to evaluate the accuracy of the
imputed data after the missing data imputation process. Some downstream prediction
metrics are selected and explained in this sub-section.

4.2.1 Confusion Matrix

A confusion matrix [118] (see Figure 3), also called an error matrix, is a table used to
describe the performance of a classification model on the imputed data after the
imputation process. The matrix is divided into four parts namely True Positive (TP),
False Positive (FP), False Negative (FN), and True Negative (TN). TP values are
obtained when the classification model, after the imputations, predicts an observation
belongs to a class and it does belong to that class. FP values are obtained when the
model, after the imputations process, predicts an observation belongs to a class while it
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does not belong to that class. FN values are obtained when the model, after the
imputations, predicts an observation does not belong to a class while it belongs to that
class. TN values are obtained when the model, after the imputations, predicts an
observation does not belong to a class and, in truth, it does not belong to that class.

TUAL

Positive (1) Negative (0)
v
2 P FP
2 S (Type 1 error)
c
o —
o o
z S
= g FN N
) (Type 2 error)
z

Figure 3: Confusion Matrix for Prediction on the Imputed Data

The errors incur when the classification model predicts positive based on the imputed
data whereas the actual situation is negative are called type-1 errors. While the errors
incur when the classification model predicts negative based on the imputed data
whereas the actual situation is positive are called type-2 errors. Depending on the
problem at hand, type-1 errors could be more of a concern than type-2 errors or vice
versa [118].

4.2.2 Recall, Precision and Accuracy

From the confusion matrix, the following terms namely recall, precision, and accuracy
can be identified and used to evaluate the performance of the imputation methods used.

Recall, also called sensitivity or True positive rate, is the percentage of the total relevant
outcome correctly predicted or classified by the algorithm based on the imputed data
after the imputation process. Recall should be employed when the costs of FN is high.
The formula for recall is given in Equation (34).

TP _ TruePositive
TP+ FN  TotalActualPositive

Recall = (34)

Precision, which is also called Positive Predictive Value (PPV), is the fraction of
positive predictions that are correct based on the imputed data after the imputation
process. Precision should be employed when the costs of FP is high. The formula is
given in Equation (35).

TP TruePositive

TP + FP - TotalPredictedPositive (35)

Precision =

Accuracy is the fraction of the total number of predictions that were correctly predicted
based on the imputed data after the imputation process. The formula for accuracy is
given in Equation (36).

2 _ TP +TN _ CorrectPredictions
CUraY = TP Y FP+FN+TN _ TotalPredictions

(36)
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4.2.3 Fl-score

Fl-score is the harmonic mean of recall and precision. For a balance between precision
and recall, F1-score is needed. This is essential for a problem seeking to achieve a good
recall and precision. Obtaining a high recall means you have low precision and vice
versa. Hence, the F1-score shows the predictive power of the classification model on the
imputed data, after imputations on the dataset. The formula for Fl-score is shown in
Equation (37).

2 * Recall * Precision

F1-— = 37
score Recall + Precision (37)

4.2.4 Receiver Operating Characteristic

The Receiver Operating Characteristic (ROC) curve shows the performance of the
classification model on the imputed data at all different thresholds. It is graph plotted

between the TP rate ( s ) at the y-axis and FP rate ( 7 ) at the x-axis. The ROC
TP+FN FP+TN

curve is better calculated using the Area under the curve (AUC) plot. This AUC ROC
plot is most popular because it checks the curve of different machine learning models
using different thresholds. It is scaled variant and focuses on the quality of the model’s
prediction.

5. CASE STUDIES OF THE MISSING DATA HANDLING
TECHNIQUES

The techniques discussed in Section 3 have been applied in different fields of study.
Table 2 shows some case studies where these missing data handling techniques have
been used and the different metrics employed in evaluating the performances of the
imputation techniques/methods. The best imputation method reported by each of the
studies is also mentioned.

Table 2: A Summary of the Missing Data Handling Techniques

S/N Citation Case Study Metrics Number of Best
Used Imputation Imputation
Methods Method
Used
1  Malarvizhiand UK Census Accuracy 4 Median
Thanamani [14] Report in 2021 and
Standard
deviation
2 Jadhav et. al. Wine Dataset, NRMSE 7 KNN
[57] Glass
Identification,
Concrete
Comprehensive
Strength, Indian
Liver Patient
Dataset, Seeds
Dataset
3 Ding and Ross  Biometric Fusion =~ ROC 7 GMM-
[49] KNN
4 Leet.al. [119] Healthcare RMSE, Exe- 4 EM
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10

11

12

13

14

15

16
17

Cihan et.
[120]
Hadeed et.

[13]

Xu et. al. [44]

Krishna and
Ravi [88]

Salleh and
Samat [90]

Gautam and
Ravi [89]

Shahzad et.
[80]

Priya and
Sivaraj [83]

al.

al.

al.

Priya et. al. [82]

Noei and
Abadeh [81]

Duan et. al. [67]

Xu et. al. [121]

Sefidian and
Daneshpour
[122]
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Dataset
Veterinary Da-
taset

Air Pollutants Da-
taset

Mental
Measurement
Boston Housing,
Forest Fire, Auto
mpg, Body Fat,
Pima Indians, Iris,
Spectf, Wine,
Banking
Bankruptcy
Datasets.

Heart Disease
Classification

Boston Housing,
Forest Fire, Auto
mpg, Body Fat,
Pima Indians, Iris,
Spectf, Wine, and
Banking
Bankruptcy
Datasets.

Labor, Echocardi-
ogram, Cylinder
Bands, Mammo-
graphic Mass, and
Colic-Horse Da-
tasets

Microarray
Classification
Engineering
Students Weight,
Housing and
Adult Datasets
Pima Indians and
Mammographic
Mass Datasets
Traffic Data

Adult Datasets
Iris, Wine, Glass,
Haberman,
Wholesale Cus-
tomers, Chess,
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cution time
RMSE, Exe-
cution time,
SCE, Accu-
racy, Recall,
Precision,
Kappa
Absolute Bi-
as, PAEM,
R2?, RMSE,
MAE

AD, RMSE,
ARE

MAPE

Accuracy,
Precision,
ROC
MAPE

Accuracy,
Precision,
Recall, f-

measure,

ROC

RMSE

Accuracy

Accuracy,
ROC

RMSE,
MAE, MRE
Accuracy
RMSE,
MAE, R?

14

(o))

missForest

Markov,
Random,
and Mean
MI

PSO

FCMPSO

PSO +
ECM
+

MAAELM

GA

DRAGEL

GA

ARO

DSAE

MIAEC
GFCMI



A Review of Missing Data Handling Techniques for Machine Learning

and Adult Da-
tasets.

The following is the list of abbreviations used in Table 2 that were not in the paper
before. Normalized RMSE (NRMSE); KNN imputation via Gaussian mixture model
(GMM-KNN); supervised classification error (SCE); Percent Absolute Error in Means
(PAEM); Absolute deviation (AD); Average relative error (ARE); Fuzzy C-Means and
Particle Swarm Optimization (FCMPSO); evolving clustering method (ECM); modified
auto-associative extreme learning machine (MAAELM); dynamic Bayesian genetic
algorithm (DBAGEL); genetic and Asexual Reproduction Optimization (ARO); mean
relative error (MRE); denoising stacked autoencoder (DSAE); missing value imputation
algorithm based on the evidence chain (MIAEC); Grey based Fuzzy c-Means and
Mutual Information (GFCMI).

6. DISCUSSION

In this section, some discussions and recommendations are outlined. First, it should be
noted that the choice of the techniques to employ in dealing with any missing data, in
each problem, depends on the nature of the missing data. Whether the missingness
mechanism is either MCAR, MAR or MNAR. The listwise deletion method is unbiased
for MCAR missing mechanism but gives inefficient results for all the missing data
mechanism. All the techniques examined so far generate biased results for MNAR
missing mechanism, and this can only be addressed by considering some additional
information.

Second, it is advisable to use all the available data when performing missing data
analyses. That is, the use of listwise or pairwise deletion should be highly discouraged.
This is because all data provided are usable, none should be discarded, and each carries
some information that could contribute meaningfully to the analysis. However, the
deletion method might be used in a special situation when the data size is huge and the
missing data is very small (say, less than or equal 1%). For example, listwise deletion,
as mentioned before, reduces sample size and statistical power greatly, thereby
increasing standard and type II error. Similarly, the use of single imputation methods
should be discouraged. This is because most of the single imputation methods are
biased under MCAR mechanism, and they fail to produce correct standard errors for
hypothesis testing.

Third, a good and clear understanding of the different evaluation metrics’ statistical
properties is needed to select the appropriate measures for the performance of the
different imputation methods that might be used in handling the missing data. This is
important because each metric has some disadvantages that could lead to inaccurate
performance measurements. Table 3 shows some advantages and disadvantages of each
of the missing data handling techniques.

Table 3: Advantages and Disadvantages of Missing Data Handling Techniques

S/N  Imputation Advantages Disadvantages
Method
1 Listwise - It is easy to implement. - May cause bias in the
Deletion estimates.

- Appropriate for a small number
of missing values and large - It requires a large data sam-
dataset. ple to be used.
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2 Pairwise

Deletion
3 Mean
4 Median
5 Mode
6 LOCF
7 MI
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- It is easy to implement.

- Appropriate for a small number
of missing values and large
dataset.

- It is easy to implement.

- Appropriate for a small number
of missing values.

- It is easy to implement.

- Appropriate for a small number
of missing values.

- It is easy to implement
- Suitable for categorical data.

- Appropriate for a small number
of missing values.

- It is easy to understand and
implement.

- Appropriate for time-series data.

- Appropriate for a small number
of missing values.

- It restores the natural variability
of the missing values.

- It incorporates the uncertainty
nature of the missing data.

- It produces a valid statistical
inference.

- It produces unbiased estimates
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- Not appropriate for a large
number of missing values.

- It reduces statistical power.

- May cause bias in the
estimates

- It requires a large data sam-
ple to be used.

- Not appropriate for a large
number of missing values.

- It reduces statistical power

- May cause bias in the
estimates

- Leads to an underestimate
of the errors

- May cause changes in the
co-variance and variance.

- Not appropriate for a large
number of missing values.

- May cause changes in the
co-variance and variance.

- May cause bias in the
estimates.

- It favors most frequent
value.

- May cause changes in the
co-variance and variance.

- May cause bias in the
estimates.

- May cause bias in the
estimates.

- It underestimates the
variability of the results.

- It is difficult to implement.
- It requires

large sample size to produce
stable estimates

- It gives slightly different
estimates each time.
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9

10

11

12

13

Regression

Hot-Deck

KNN

Maximum
Likelihood

EM

ANN

of all parameters.
- It is robust.

- It is suitable for small sample
size or a high number of missing
data.

- It maintains the sample size of
the data.

- It reduces the standard error.

- It better approximates the
standard deviation of the imputed
values.

- It preserves the population
distribution.

- Smaller bias for linear
relationship between the
variables.

- It preserves the population
distribution.

- It can handle any types of
missing data.

- It is easy to implement

- It produces unbiased parameter
estimates and standard errors.

- It is robust.

- It is suitable for a high number
of missing data.

- It is guaranteed to converge to a
local maximum.

- It generally outperforms popular
single imputation methods.

- It produces unbiased parameter
estimates and standard errors.

- It is robust.

- It is suitable for a high number
of missing data.

- It is suitable for a high number
of missing data.

- It is adaptive to interactions and
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- It requires large sample size
to produce stable estimates.

- May not work when there
exists no correlation among
the features.

- It is difficult to implement.

- It requires large sample size
to produce stable estimates.

- It could be computationally
expensive with more
variables.

- It requires large sample size
to produce stable estimates.

- It is difficult to implement.

- The covariance matrix may
be indefinite.

- It requires large sample size
to produce stable estimates.

- Might take a long time to
converge.

- It is difficult to implement.

- It requires large sample size
to produce stable estimates.

- It is model specific.

- It is difficult to implement.

- It requires large sample size
to produce stable estimates.
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nonlinearity.

- It produces unbiased parameter
estimates and standard errors.

- It can handle any types of
missing data.

- It is robust.

- It needs little domain knowledge
to impute the missing data.

- It is guaranteed to perform well
in most problems.

14 DL - It is suitable for a high number - It is difficult to implement.

of missing data. . .
- It requires large sample size

- It is adaptive to interactions and to produce stable estimates.
nonlinearity.

- It produces unbiased parameter
estimates and standard errors.

- It can handle any types of
missing data.

- It is robust.

- It needs little domain knowledge
to impute the missing data.

- It is guaranteed to perform well
in most problems.

15 GA - It 1s suitable for a high number - It is difficult to implement.

of missing data. . .
- It requires large sample size

- It is adaptive to interactions and to produce stable estimates.
nonlinearity.

- It produces unbiased parameter
estimates and standard errors.

- It is robust.

- It is guaranteed to perform well
in most problems.

- It can handle any types of
missing data.

16 PSO - It is suitable for a high number - It is difficult to implement.

of missing data. . .
- It requires large sample size

- It is adaptive to interactions and to produce stable estimates.
nonlinearity.

- It produces unbiased parameter
estimates and standard errors.
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- It is robust.

- It is guaranteed to perform well
in most problems.

- It can handle any types of
missing data.

17  Matrix - It 1s suitable for a high number - It is difficult to implement.

Completion  of missing data. _ .
- It requires large sample size

- It is adaptive to interactions and to produce stable estimates.
nonlinearity.

- It produces unbiased parameter
estimates and standard errors.

18  Decision - It can handle any types of -Itis difficult to implement.

Tree missing data. . .
- It requires large sample size

- It is adaptive to interactions and to produce stable estimates
nonlinearity.

- It is suitable for a high number
of missing data.

- It produces unbiased parameter
estimates and standard errors.

- It is guaranteed to perform well
in most problems.

Fourth, some practical steps in deciding which missing data handling techniques to
use are as follows: (i) Check the percentages of the missing values in each dataset
variable and determine the level of importance of the variables containing the missing
values. This can be done by looking into the correlation between the independent and
target variables. (ii) If a variable(s) is not important to the analysis and it contains some
missing values, then it can be deleted (that is, pairwise deletion). However, if a
variable(s) is important and contains missing values, then the consideration on which
imputation techniques to use is needed. (iii) Select at least any three imputation
techniques of interest to test on the dataset and the one which best satisfies the
following criteria - unbiased estimates, retains the sample size and reduces standard
errors - should be taken. While some of the imputation techniques mentioned above
readily meet these criteria, others could also meet these criteria in specific situations.

Sixth, recent research is coming up with some state-of-art methods, such as artificial
intelligence (like neural networks) or optimization algorithms (like GA and PSO) or the
combination of both, for the approximation of missing data [81, 123-125]. These
methods are increasingly being used to handle missing data because they perform
appreciably well in highly non-linear scenarios.

Seventh, in Table 4, a summary of the missing data handling techniques, mentioned
in Section 3, based on their suitability of the data types and missing data mechanism
they can handle, is given.
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Table 4: A Summary of the Missing Data Handling Techniques

S/N  Imputation Method Suitable Data Types Suitable Missing
Mechanism

1 Listwise Deletion Numerical/Categorical MCAR

2 Pairwise Deletion Numerical/Categorical MCAR

3 Mean Numerical MAR

4 Median Numerical MAR

5 Mode Numerical/Categorical MAR

6 LOCF Numerical (Time series) MAR

7 MI Numerical MAR, NMAR

8 Regression Numerical MAR

9 Hot-Deck Numerical MAR

10 KNN Numerical MAR

11 Maximum Likelihood Numerical MAR, NMAR
12 EM Numerical MAR, NMAR
13 ANN Numerical/Categorical MAR, NMAR
14 DL Numerical/Categorical MAR, NMAR
15 GA Numerical/Categorical MAR, NMAR
16 PSO Numerical/Categorical MAR, NMAR
17  Matrix Completion Numerical/Categorical MAR, NMAR
18 Decision Tree Numerical/Categorical MAR, NMAR

7. CONCLUSION

This study reviews some techniques employed in handling missing data in Machine
learning projects. It has been established that missing data handling techniques,
specifically the imputation methods, are useful and relevant in all fields — engineering,
healthcare, e-commerce, finance etc. It is good to note that there is no single best way to
handle missing data. Experimentation of different techniques is necessary to decide
which technique is best for a particular missing data problem based on the evaluation
metrics employed.

However, since each of these missing data handling techniques discussed above have
assumed some statistical properties or the other, it should be noted that some model-
based, artificial intelligence or optimization algorithm imputations are less biased and
produced less errors than most other methods. The lack of use of these high performing
imputation methods may be due to poor familiarity and some misconceptions of
researchers about them. It could also be due to their computational complexity and lack
of programming tools or packages to implement the algorithms compared to other
missing data handling techniques.
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