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Abstract: Data completeness is one of the most common challenges that hinder the performance of
data analytics platforms. Different studies have assessed the effect of missing values on different
classification models based on a single evaluation metric, namely, accuracy. However, accuracy on
its own is a misleading measure of classifier performance because it does not consider unbalanced
datasets. This paper presents an experimental study that assesses the effect of incomplete datasets on
the performance of five classification models. The analysis was conducted with different ratios of
missing values in six datasets that vary in size, type, and balance. Moreover, for unbiased analysis,
the performance of the classifiers was measured using three different metrics, namely, the Matthews
correlation coefficient (MCC), the Fl-score, and accuracy. The results show that the sensitivity of
the supervised classifiers to missing data differs according to a set of factors. The most significant
factor is the missing data pattern and ratio, followed by the imputation method, and then the type,
size, and balance of the dataset. The sensitivity of the classifiers when data are missing due to the
Missing Completely At Random (MCAR) pattern is less than their sensitivity when data are missing
due to the Missing Not At Random (MNAR) pattern. Furthermore, using the MCC as an evaluation
measure better reflects the variation in the sensitivity of the classifiers to the missing data.

Keywords: data quality; data completeness; missing patterns; imputation techniques; supervised;
classifiers; performance measures

1. Introduction

With the increasing value of data in all business fields, data quality is considered to be
a major challenge, especially when it comes to analytics. Data analytics platforms (DAP) are
integrated services and technologies that are used to support insightful business decisions
from large amounts of raw data that come from a variety of sources. Learning about the
quality of these data is one of the most important factors in determining the quality of
the analytics delivered by these platforms. Data quality is measured through different
dimensions [1]. Among these dimensions, data completeness is the most challenging.
Completeness, as a data quality dimension, means the dataset is free of missing values
(MVs or NAs). The causes for missing data are known as the missingness mechanisms
(MMs). These mechanisms can be categorized into three classes: Missing Completely at
Random (MCAR), Missing at Random (MAR), and Missing Not at Random (MNAR) [2].
In the case of MCAR, values are missing independently of any other values, whereas in
MAR, values in one feature (variable) are missing based on the values of another feature.
In MNAR, values in one feature (variable) are missing based on the values of the same
feature [3]. It has been shown in different studies that when missing data comprise a large

Big Data Cogn. Comput. 2023, 7, 55. https:/ /doi.org/10.3390/bdcc7010055

https://www.mdpi.com/journal /bdcc


https://doi.org/10.3390/bdcc7010055
https://doi.org/10.3390/bdcc7010055
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/bdcc
https://www.mdpi.com
https://orcid.org/0000-0002-2590-0000
https://doi.org/10.3390/bdcc7010055
https://www.mdpi.com/journal/bdcc
https://www.mdpi.com/article/10.3390/bdcc7010055?type=check_update&version=1

Big Data Cogn. Comput. 2023, 7, 55

20f19

percentage of the dataset, the performance of the classification models, which can give
misleading results, is affected [4]. Numerous techniques are presented in the literature
to deal with missing values, ranging from simply discarding these values by deleting the
whole record, to using different imputation methods (IMs) such as the K-nearest neighbor
(KNN) algorithm, mean, and mode techniques [2,3,5-12]. Selecting the best method for
handling MVs is dependent on an extensive analysis of the performance of each method.
Different measures are used to evaluate these methods, such as accuracy [13], balanced
accuracy [14], Fl-score [15], Matthews correlation coefficient (MCC) [16], Bookmaker
Informedness [17], Cohen’s kappa [18], Krippendorf’s alpha [19], Area Under ROC Curve
(AUC) [20], precision, recall and specificity [21], error rate [22], geometric mean, and
others [23]. Most research in this area has focused on studying the effect of the IMs on
different classifiers [24-27]. Though most of these studies concluded that the choice of the
IM influences the performance of the classifiers [28,29], few of them took the properties
of the datasets, such as size, type, and balance, into consideration when reaching this
conclusion. The work in [30] considered the properties of the datasets when analyzing the
relationship between the IMs and the performance of different classifiers. However, this
analysis is based on the accuracy of the classifiers as a single evaluation metric. Accuracy,
by itself, can be a misleading measure in some cases as it does not consider the unbalancing
factor in the datasets. Different evaluation metrics need to be considered since most of
the real-life datasets in different domains are unbalanced [31]. This paper presents an
in-depth study of the sensitivity of five main classification models, namely, decision tree
(DT), support vector machine (SVM), naive Bayes (NB), linear discriminant analysis (LDA),
and random forest (RF), to different ratios of MVs with respect to the MMs, IMs, and the
properties of the datasets. The analysis was conducted using six datasets that vary in their
type, size, and balance as a baseline for the performance of the classifiers. We generated
missing values with gradual ratios using two different MVs techniques (MCAR and MNAR)
and imputed them using three IMs (KNN, mean, and mode). The evaluation was carried
out using three different evaluation metrics—the accuracy, the Fl-score, and Matthews
correlation coefficient (MCC)—to better reflect the sensitivity under both cases of balanced
and imbalanced datasets [32]. The motivation of this study stems from the need for an
investigation of the effect of the imputation techniques on the data quality with regard
to the classification process and when considering the properties of the datasets along
with the evaluation criteria. Therefore, the main contribution of this paper is providing
an in-depth analysis of the impact of missing values on the classification models with
regards to missingness mechanisms, imputation methods, different ratios of missing values,
and dataset features such as size and data types, and whether the dataset is balanced.
Furthermore, the analysis considered multiple evaluation metrics to accurately judge the
results. The rest of this paper is organized as follows: the studies related to our work are
described in the Section 2. Section 3 presents the techniques used to handle missing values.
Then, the evaluation metrics used are described in the Section 4. This is followed by the
Section 5, which describes the datasets, the experimental framework, the results, and the
discussion of the results. Finally, the Section 6 summarizes the findings of the paper.

2. Related Work

There is a limited number of studies that examine the effect of missing values on the
behavior of the classifiers based on the properties of the datasets and using several criteria.
In [30], the authors provide an extensive analysis of the behavior of eleven supervised clas-
sification algorithms: regularized logistic regression, linear discriminant analysis, quadratic
discriminant analysis, deep neural networks, support vector machine, radial basis function,
Gaussian naive Bayes classifier, gradient boosting, random forests, decision trees, and
k-nearest neighbor classifier, against ten numeric and mixed (numeric and categorical)
datasets. They deduced that the behavior of the classifiers is dependent on the missing data
pattern and the imputation method that is used to handle these values. Authors in [33]
investigated the influence of missing data on six classifiers, Bayesian classifier, decision
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tree, neural networks, linear regression, K-nearest neighbors classifier, fuzzy sets, and fuzzy
logic. They used accuracy as a metric to evaluate the performance of the classifiers on ten
datasets. They reported that as the percentage of missing values increases, the performance
of the classifiers decreases. Among the classifiers, naive Bayesian has the least sensitivity to
NAs. In [34], the authors show the effect of missing data on two classifiers, the deep neural
network and the Bayesian probabilistic factorization, using two datasets. They judged
the performance using different evaluation metrics: the coefficient of determination (R2),
the mean absolute error (MAE), the root mean square deviation (RMSD), the precision,
the recall, the F1-score, and the Matthews correlation coefficient (MCC) were calculated.
They concluded that the degradation of the performance was slow when there was a
small ratio of NAs in the training dataset and accelerated when the NA ratio reached 80%.
Another study [35] presented the influence of missing data at random on the performance
of the support vector machine (SVM) and the random forest classifiers using two different
datasets. The accuracy metric was used to validate the results and the study concluded
that the performance of the classifiers was reduced when the percentage of MVs was over
8%. The problem of missing data using the transfer learning perspective, the least squares
support vector machine (LS-SVM) model, is handled in [36] using seven different datasets.
Besides this approach, the authors used other techniques such as case deletion, mean, and
KNN imputation techniques. The results were validated using the accuracy metric. They
proved that LS-SVM is the best method to handle missing data problems. A comparative
study of several approaches for handling missing data, namely, listwise deletion(which
means deleting the records that have missing values), mean, mode, k-nearest neighbors,
expectation-maximization, and multiple imputations, is performed in [37] using two nu-
meric and categorical datasets. The performance of the classifiers is evaluated using the
following measures: accuracy, root mean squared error, receiver operating characteristics,
and the Fl-score. They deduced that support vector machine performs well with numeric
datasets, whereas naive Bayes is better with categorical datasets. In [38], they provide a
comprehensive analysis to select the best method to handle missing data through 25 real
datasets. They introduced a Provenance Meta Learning Framework which is evaluated us-
ing different evaluation metrics, namely, true positive rate (TP Rate), precision, F-measure,
ROC area, and the Matthews correlation coefficient (MCC). They concluded that there is
no universally single best missing data handling method. Other studies have handled the
missing values problem using deep learning models, such as the work presented in [39],
which used an artificial neural network (ANN) to handle the completeness problem. Few
studies have investigated the relationship between the classifiers’ sensitivity to missing
values and imputation techniques under the case of imbalanced and balanced datasets
using different evaluation metrics to verify the results.

3. Missing Values Imputation Techniques

Numerous techniques exist in the literature to handle missing values. Among these
techniques, we used three simple baseline imputations, namely, the KNN imputation,
the mean, and the mode as imputation techniques. They were used individually and in
combination, based on the nature of the dataset at hand. The main reason for choosing these
techniques is that they represent the main two different approaches for imputation. The
mean and median are forms of central tendency measures, whereas the KNN imputation is
a mining technique that relies on the most information from the present data to predict the
missing values [40]. The advantages of the chosen imputation techniques are considered to
be that they are simple, faster, and can improve the accuracy of the classification results.
However, the disadvantages of the KNN method are its difficulty in choosing the distance
function and the number of neighbors, and its loss in performance with a complex pattern.
Furthermore, the disadvantages of the mean method are that the correlation is negatively
biased and the distribution of new values is an incorrect representation of the population
values because the new distribution is distorted by adding values equal to the mean [11].
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3.1. KNN Imputation Technique

This is also known as the Hot Deck imputation method [6]. This method replaces
missing data with the nearest value using the KNN algorithm. One of the advantages of
the KNN imputation method is that it can be used with both qualitative and quantitative
attributes [7,41], it does not require creating a predictive model for each attribute having
missing data, it can easily handle instances with multiple missing values, and it takes into
consideration the correlation of the data [9]. Selecting the distance method is considered to
be challenging.

3.2. Mean Imputation Technique

This method replaces the missing values in one column with the mean of the known
values of that column. It works with quantitative attributes [7,41,42]. However, although
the mean imputation method has a good experimental result when it is used for supervised
classification tasks [9], it is biased by the existence of the outliers, hence leading to a biased
variance [43].

3.3. Mode Imputation Technique

This method replaces the missing values in one column with the mode (most frequent
value) of the known values of that column. It works with qualitative attributes [7,41]. The
disadvantage of this method is that it leads to underestimation of the variance [44].

4. Classification Models Evaluation Metrics

Evaluation metrics for classification algorithms can be categorized into three groups:
(i) basic measures, (ii) derived measures, and (iii) graphical measures. The basic measures
are those taken from the confusion matrix which are: true positive (TP), true negative (TN),
false positive (FP), and false negative (FN). Derived measures are those calculated from
the four basic previous measures, such as precision, recall, and Fl-score. The graphical
measures are graphical displays of the derived measures, such as the ROC curve [23].
Among these groups, the work conducted in this paper uses three of the derived measures,
namely, the accuracy, F1-score, and Matthews correlation coefficient (MCC).

4.1. Accuracy

This is the most popular and simple evaluation measure that shows the degree of
closeness between the calculated value to the actual one [45]. Equation (1) [46] is used for
both binary and multi-class classification.

Accuracy = (TP + TN)/(TP + FP + TN + FN) )

The worst value is 0 and the best value is 1. Accuracy is beneficial when the target
class is well-balanced (all classes in the dataset have the same proportion), but it is not a
suitable option when the target class is unbalanced (has more observations in one specific
class than the others) [47].

4.2. F1-Score

Also called F-measure, this is the harmonic mean of precision and recall and is calcu-
lated as depicted in Equation (2) [46].

F1-Score = TP/(TP + 1/2(FP + FN)) )

The worst value is 0 and the best value is 1. The usage of Fl-score with binary
classes [17,46,48-51] and multi-class [45,52-57] classification has been addressed in the
literature. Equation (2) is used to easily calculate the F1-score for binary classification. In
the case of multi-class classification, F1-score is not calculated as an overall score; instead, it
is calculated for each class separately [45]. After deriving F1-score for each class, micro- or
macro-weighted averages are calculated. The micro-weighted average takes into account
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the distribution of data with the F1-scores of each class [45,57], whereas the macro-weighted
average simply means averaging all F1-scores of the multiple classes regardless of the data
distribution [58]. This makes it less informative with unbalanced data. For the purpose of
this paper and to solve the unbalanced data issue, the micro-weighted average is used with
multi-class cases.

4.3. The Matthews Correlation Coefficient (MCC)

This measures the differences/correlation between actual values and predicted values.
Equation (3) [43] is used with binary and multi-class classification with some modifica-
tion [45].

(TP+TN) — (FP+FN)

cc —
MCC = TP FP) = (TP + EN) » (TN + EP) * (TN + FN)

®)

The worst value is —1 and the best value is 1. Although accuracy and Fl-score are
more popular measures, they may give misleading results, especially with imbalanced
datasets [59]. However, this is not the case with MCC. MCC is not biased because of the
unbalanced datasets issue [60]. As presented in [17], the four basic measures of a confusion
matrix should be calculated with respect to each other to have higher informative rates,
such as true positive rate (TPR), true negative rate (TNR), positive predicted value (PPV),
and negative predicted value (NPV). Based on these rates, having high accuracy means
high TPR and PPV, or high TNR and NPV, whereas a high F1-score means high PPV and
TPR. A high MCC means that all four basic rates are high. This means that MCC is more
complete, reliable, and informative as it takes into consideration all four rates, rather than
two rates, as in the case of Fl-score and accuracy [17]. MCC generates a high score only if
the classifier is able to correctly predict the majority of the positive data instances (TPR)
and the majority of the negative data instances (TNR), and correctly make the most positive
predictions (PPV) and most negative predictions (NPV). In addition, MCC is unaffected by
class swapping (where the positive class is renamed as negative, and vice versa), whereas
F1-score is affected by this problem. Moreover, F1-score is independent of the number of
samples correctly classified as negative, which make it less informative [48].

5. Experimental Analysis

Our target was to study the effect of missing values in binary and multi-class classifica-
tion. Therefore, five diverse classifiers, selected based on how they work, were investigated
in this task: decision tree (DT) and random forest (RF) follow the decision tree manner;
support vector machine (SVM) follows linear algorithms that separate between classes
with a hyperplane; naive Bayes (NB) works using the probabilistic technique; and linear
discriminant analysis (LDA) discriminates between classes by maximizing the distance
and minimizing the scale between them. The classifiers were tested against six complete
datasets to provide a baseline for the unbiased performance. Then, the classifiers were
evaluated again on the six datasets when having gradient ratios of MVs generated using
two types of MMs. The MVs were imputed with IMs that are known to be appropriate for
each classifier. MVs were generated using two MMs: MCAR and MNAR, and imputed
using two IMs: KNN and the mean (and mode) imputation techniques. For a more accurate
measure of the changes in the performance of each classifier, three evaluation metrics were
used: accuracy, Fl-score, and MCC. The full descriptions of the datasets, experimental
steps, and results are presented below.

5.1. Datasets

In our experiments, we used a collection of six complete (with no missing val-
ues) datasets that were obtained from UCI Machine Learning Repository [61-63] and
Kaggle [64—66]. As shown in Table 1, the datasets vary in terms of their size and type, and
whether they are balanced. There are two numeric datasets, two categorical datasets, and
two mixed (numeric and categorical) datasets. One of the datasets is balanced (all classes
have the same proportion) and the rest are imbalanced (classes are not represented equally).
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Table 1. Description of the datasets.

% of
Dataset Name Size Features Data Type Classes Type No. of Balanced Dominated
Classes
Class
Iris [61] 150 Numeric Multi-class Balanced -
Car Evaluation [64] 1728 7 Categorical Multi-class 4 Imbalanced 68%
Bank 4521 17 Mixed Binary class 2 Imbalanced 88.5%
Advertising [62] y =
Bank 10,127 21 Mixed Binary class 2 Imbalanced 84%
Churners [65] ! y ?
Nl[lé;"ry 12,960 9 Categorical Multi-class 5 Imbalanced 26%
Dry . .
13,611 17 Numeric Multi-class 7 Imbalanced 33%
Beans [66]

5.2. Experiments Framework

The behavior of the six classifiers was examined through 630 experiments to reflect
their sensitivity to different datasets, MMs and IMs. Three groups of experiments were
used. Group A was the baseline experiment where the classifiers were evaluated agents of
the complete datasets, Group B was the MCAR experiments, and Group C was the MNAR
experiments. In Groups B and C, each experiment was executed three times, as each yielded
a different performance; however, the reported performance of each experiment was not
significantly different, and the average performance is reported. All the experiments
were conducted using the R tool. Group A comprised 30 experiments, an experiment for
each of the five classifiers on the six datasets (five classifiers x six datasets), without any
missing values, to report the baseline performance using accuracy, F1-score, and MCC
metrics. In Group B, the MCAR pattern was used to generate the missing values with five
different ratios (10-50%) in each dataset. A total of 300 experiments were conducted: the
five classifiers on the six datasets for each of the five ratios of generated MVs, using two
different IMs (five MV ratios x six datasets x five classifiers x two IMs). Group C also
included the same 300 experiments as used in Group B; however, the MNAR pattern was
used to generate the missing values in the six datasets. The performance of each classifier
was evaluated using accuracy, F1-score, and MCC metrics for comparison with the baseline
performance. Figure 1 presents a general description of the three groups of experiments.

Baseline Evaluation

10% > oT
20%
—N
MCAR B0 Ssom
40% q
50%

>

000

7

0% | | p
o ; » DA
For each - ﬂ)/'ll > RF
us0%y

Dataset

Percentages

of MVs Evaluation

MVs Generation Imputation Classification

Figure 1. The framework of the three groups of experiments A, B, and C.

5.3. Experimental Results

This part comprises three subsections. The first subsection presents the results of the
Group A experiments where the baseline performance of the five classifiers is reported.
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The two other subsections depict the results of experimental Groups B and C in twelve
column charts, six in each section, to show the performance of the five classifiers against
the datasets when using two different imputation techniques, KNN and the mean (mode),
with different ratios of missing values.

5.3.1. Baseline Performance

Table 2 shows the performance of each of the five classifiers on the six datasets without
any missing values to report the baseline performance using accuracy, F1-score, and MCC
metrics. The following are some observations from the baseline evaluation in Table 2:

Table 2. The baseline performance of the classifiers evaluated by three measures.

Datasets Metrics DT SVM NB LDA RF
Iris MCC 96.73% 93.61% 96.73% 93.32% 93.61%
F1 97.80% 95.60% 97.80% 95.60% 95.60%
ACC 97.78% 95.56% 95.56% 97.78% 95.56%
Dry Beans MCC 89.51% 91.00% 87.45% 87.86% 90.72%
F1 91.30% 92.50% 89.50% 89.70% 92.30%
ACC 91.31% 92.53% 89.54% 89.72% 92.31%
Bank MCC 30.92% 33.53% 31.32% 45.04% 35.91%
F1 94.57% 94.74% 91.12% 94.57% 94.51%
ACC 89.90% 90.19% 84.52% 90.19% 89.90%
Churners MCC 74.99% 64.34% 52.33% 60.17% 83.33%
F1 78.91% 67.00% 58.94% 64.86% 85.36%
ACC 93.35% 91.31% 87.99% 90.16% 95.69%
Car MCC 83.68% 90.90% 12.62% 79.86% 88.27%
F1 92.30% 95.60% 20.60% 90.00% 94.40%
ACC 92.29% 95.57% 20.62% 89.98% 94.41%
Nursery MCC 95.89% 99.96% 26.95% 92.72% 97.39%
F1 97.20% 99.98% 25.90% 94.40% 98.20%
ACC 97.19% 99.97% 25.87% 94.39% 98.23%

e  Asstated in the literature [48,67,68], MCC is a more informative measure for classifier
performance on imbalanced datasets, and therefore it provides a less truthful per-
formance than both the accuracy and the F1-score, which report over-optimistic and
inflated results.

e  Though the impact of the imbalanced data on the performance of all classifiers is clear,
it decreases dramatically on small, mixed, and imbalanced data, such as that of the
Bank dataset.

e  The performance of the naive Bayes classifier decreased dramatically for the categorical
imbalanced datasets because Gaussian naive Bayes treats categorical data as if they
are normally distributed; however, the data are made of up 0s and 1 s, which makes it
a non-sensible model with categorical datasets. In comparison with the other datasets,
NB reported low performance ranging from 12% to 26% within the car and nursery
datasets under different evaluation metrics. So, NB was excluded from experiments
when dealing with categorical datasets.

5.3.2. Missing Values with MCAR Pattern
MCAR—Imputed with KNN

Figure 2a—c show the sensitivity of the five classifiers when using the KNN imputation
technique on the six datasets with different ratios of NAs (10-50%). Generally speaking,
and apart from the size of the datasets, the performance of the five classifiers degrades as
the NA ratio increases. It was observed that the percentage of this degradation differs from
one dataset to another according to two factors: the size of the dataset and the type of the
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dataset. The size of the dataset is not a factor with mixed datasets, but it can be taken into
consideration when dealing with numeric datasets; for example, the degradation in the
performance of all classifiers in the Iris dataset is higher than the degradation in the Dry
Beans dataset due to the size factor. The size of the dataset is also a factor within categorical
datasets; as shown in Figure 2a, the degradation of the classifiers in the Car dataset is
higher than the degradation in the Nursery dataset. In terms of the dataset type, it can be
said that all classifiers are highly sensitive to the NAs in categorical datasets. This is clear
in Figure 2a. The NB classifier was excluded from the categorical datasets experiments
because it is not a sensible model for categorical data. However, this cannot be noted in
the numeric and mixed datasets as they do not give a clear performance for the classifiers.
When using different evaluation metrics, i.e., MCC, Fl-score, or accuracy, it was noted that
the variation in the degradation ratios of all classifiers was smaller within numeric datasets.
Within the Dry Beans dataset, DT, SVM, NB, LDA, and RF degraded by 3.63%, 2.80%, 2.18%,
3.46%, 2.53%, respectively, when evaluated by MCC; by 3%, 2.30%, 1.77%, 2.88%, 2.08%,
and 3.15% when evaluated by F1-score; and by 2.35%, 1.87%, 3.19%, 2.14% when evaluated
by accuracy. However, for categorical datasets, the degradation ratios in the performance
of all classifiers were much higher when measured using the MCC than those reflected in
either Fl-score or accuracy for the same datasets. This means that MCC provides a more
informative evaluation of the classifiers’ sensitivity to missing values. This is obviously
clear with the SVM, which was degraded by an average of 71% when measured by MCC,
whereas it was degraded by an average of 35% and 42% when measured by the F1-score and
the accuracy, respectively, as shown in Figure 2a—c. Furthermore, within mixed datasets,
the variation in the degradation ratios of all classifiers evaluated by MCC was clearly much
higher than that of degradation ratios measured by the accuracy metric. This variation
can be seen within all classifiers, especially DT and RF (Figure 2a,b), which degraded by
around 43% when measured by MCC and by 8% when using the accuracy metric. This
variation is due to an imbalanced dataset issue. Furthermore, SVM degradation shown in
Figure 2a for the Bank dataset was much higher than its degradation shown in Figure 2c.
The variation in the degradation ratios between MCC and F1-score cannot be reported
within large mixed datasets, as they both give closer results. However, MCC reported
higher degradation ratios within small mixed datasets (the Bank dataset).

MCAR Imputed with Mean (and Mode)

The numeric datasets were imputed using only the mean imputation technique,
whereas the mixed datasets were imputed using both the mean and the mode impu-
tation techniques. The classifiers behaved differently from one dataset to another as the
NA ratio increased, as shown in Figure 3a—c. As in the KNN imputation technique, the two
main factors to consider when evaluating the classifiers’ sensitivity to NAs are the size and
the type of the datasets. Regarding the size factor considered with the numeric datasets,
where the sensitivity of the classifiers to missing values decreased as the size of the dataset
increased, the sensitivity of DT, SVM, NB, LDA, and RF within Iris and Dry Beans datasets
evaluated by MCC was around 20%, 15%, 18%, 18%, and 15%, and 8%, 7%, 6%, 1%, and
6%, respectively. The size had no effect with mixed datasets; for example, the sensitivity of
all classifiers within the bank dataset was around 1% or less, whereas the sensitivity of DT,
SVM, NB, LDA, and RF within the Churners dataset evaluated by F1-score was around
36%, 38%, 21%, 28%, and 31%, respectively. In terms of the dataset type factor, there were
no observations to be noted, however, the sensitivity of the classifiers can be reported for
each dataset separately, e.g., for the Bank dataset, the classifiers were moderately sensitive
to NAs when measured by MCC. DT, SVM, NB, LDA, and RF degraded by around 0.31%,
10.55%, 4.29%, 7.89%, and 8.92%, respectively. However, the classifiers were robust to
the existence of NAs in the same dataset when measured by Fl-acore and accuracy. DT,
SVM, NB, LDA, and RF degraded by around 0.36%, 0.35%, 0.07%, 0.23%, and 0.19%, and
0.75%, 0.64%, 0.09%, 0.51%, and 0.38%, respectively. On the other hand, in the Churners
dataset, all classifiers showed high sensitivity to the NAs when measured by either MCC
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or Fl-score, whereas they showed less sensitivity when measured by the accuracy metric
(Figure 3a—c). Evaluating the performance using different evaluation metrics, we made the
same observation as in the first group of experiments when using the KNN imputation
technique. The variation in the degradation ratios of all classifiers using the MCC metric
was moderately higher than that of the F1-score and accuracy metrics within the numeric
datasets (Figure 3a—c). In the mixed datasets, the degradation ratios evaluated by MCC
were much higher than the degradation ratios evaluated by accuracy (Figure 3a—c). This is
because of the imbalanced datasets issue, and was obvious with all classifiers. DT, SVM,
NB, LDA, and RF were degraded by 35%,31%, 28%, 26%, and 30%, respectively, when
measured using MCC, and were degraded by 7%, 5%, 5%, 4%, and 6%, respectively, when
evaluated by the accuracy metric. The results of MCC and F1-score metrics within large
mixed datasets could not be noted generally; however, the variation in the performance
between them could be noted and reported within small mixed datasets.

100.00% Z
80.00%
60.00%
40.00%
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(a) MCC.
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Figure 2. Performance of the five classifiers on the six datasets with different ratios of MCAR MVs
imputed using KNN.
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Figure 3. Performance of the five classifiers on the six datasets with different ratios of MCAR MVs
imputed using mean/mode.

5.3.3. Missing Values with MNAR Pattern
MNAR—Imputed with KNN

Figure 4a—c represent the performance of the five classifiers when using the KNN
imputation technique to handle the missing values synthesized using the MNAR pattern,
with different ratios of NAs (10-50%), in the six datasets. Generally, the classifiers’ perfor-
mance was affected differently from one dataset to another as the NA ratio increased. The
sensitivity of the five classifiers to the missing values was evaluated with regard to the size
and type of the datasets. The size factor was reflected in only two cases. The first case was
with the numeric datasets, where the sensitivity of the classifiers clearly decreased as the
size of the dataset increased; for example, the sensitivity of DT, SVM, NB, LDA, and RF
within the Iris and Dry Beans datasets evaluated by accuracy was around 31%, 29%, 29%,
35%, and 24%, respectively, and 12%, 11%, 23%, 22%, and 8%, respectively. The second
case was with the mixed datasets under certain conditions, i.e., missing data should be
synthesized using the MNAR pattern and imputed by the KNN imputation technique to
be evaluated by MCC (Figure 4a). In terms of the type of dataset, the classifiers were highly
to moderately sensitive with categorical datasets with different ratios. All classifiers were
degraded by around 28% to 70% when the NA ratio increases from 10% to 50%. DT, SVM,
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LDA, and RF were degraded by around 30%, 65%, and 70% when evaluated by MCC,
F1-score, and accuracy, respectively. In contrast, the sensitivity of the classifiers ranged from
low to high with numeric datasets. The degradation ratio of classifiers ranged from around
10% to 50% (Figure 4). When the NA ratio increased, RF degraded by around 8% and 25%,
depending on the size of the dataset. Furthermore, SVM degraded by 11% and 30%. For
mixed datasets, the sensitivity of the classifiers differed based on the evaluation metric used,
as each metric reports different sensitivity ratios. When using different evaluation metrics,
it was clearly noted that the degradation ratios of all classifiers evaluated by the MCC
metric were much higher than the degradation ratios evaluated by F1-score or accuracy
metrics. This is because MCC considers the imbalanced datasets issue when evaluating
the sensitivity. This could be clearly seen within mixed and numeric datasets, where the
degradation ratios of all classifiers within the Iris dataset measured by MCC were much
higher than the degradation ratios evaluated by F1-score or accuracy. The variation in the
degradation ratios for all classifiers was closer in categorical datasets when evaluated by
F1-score or accuracy metrics (Figure 4b,c). In the case of mixed datasets, the classifiers
had lower sensitivity to NAs when evaluated by the accuracy metric (Figure 4c), whereas
high sensitivity was reported for all classifiers in the mixed datasets when evaluated by
MCC (Figure 4a). The sensitivity of the classifiers evaluated by F1-score is reported for each
dataset separately (Figure 4b). Whereas all classifiers were robust against the existence of
NAs in the Bank dataset, DT, SVM, and RF degraded by less than 1%, and LDA and NB
degraded by around 3%. By comparison, the Churner dataset reported moderate to high
sensitivity with all classifiers. DT, SVM, NB, LDA, and RF reported degradation ratios of
22%, 15%, 6%, 10%, and 27%, respectively.

MNAR—Imputed with Mean (and Mode)

The mean (mode) imputation technique was used for the four datasets, mixed and
numeric, to handle missing data synthesized by the MNAR pattern through different NA
ratios (10-50%); Figure 5a—c. All classifiers behaved differently from one dataset to another
as the NA ratio increased. The two main factors to consider when evaluating the classifiers’
sensitivity to NAs are the size and the type of the datasets. The size factor was only reflected
in two cases: first, the numeric datasets, where the sensitivity of the classifiers decreased as
the size of the dataset increased. The size was not a factor with mixed datasets; however, it
was reflected with mixed datasets within specific circumstances, which was the second case.
NAs should be synthesized by the MNAR pattern to be imputed with the mean (mode)
imputation technique and evaluated by MCC (Figure 5a). In terms of the dataset type, the
sensitivity of the classifiers to the NAs with numeric datasets ranged from low to high
sensitivity. Some classifiers drastically degraded as the NA ratio increased. SVM, NB, and
LDA degraded by around 69%, 93%, and 97% respectively (Figure 5a). The sensitivity of
the classifiers within mixed datasets ranged from low to moderate sensitivity, mainly when
evaluated by Fl-score or accuracy metrics (Figure 5b,c). When using the three evaluation
measures, MCC, Fl-score, and accuracy, and as reported in each of the above experiments,
the degradation ratios of all classifiers evaluated by MCC were much higher than the
ratios evaluated by either F1-score or accuracy metrics (Figure 5b,c). The sensitivity of the
classifiers within large-size numeric datasets evaluated by MCC is somewhat close to their
sensitivity when evaluated by either F1-score or accuracy metrics, whereas the small-size
numeric dataset reported higher sensitivity using MCC compared to using Fl-score or
accuracy. Within mixed datasets, the sensitivity of the classifiers was robust or has low
sensitivity when evaluated by the accuracy metric (Figure 5c). DT, SVM, NB, LDA, and
RF degraded by around 2%, 2%, 1%, 3%, and 3%, respectively. Whereas the F1-score
metric reported different sensitivity values with each of the mixed datasets (Figure 5b), the
sensitivity of the classifiers with the Bank dataset did not exceed 2%. By comparison, with
the Churner dataset, DT, SVM, NB, LDA, and RF degraded by 11%, 12%, 4%, 12%, and 16%,
respectively. The MCC metric reported moderate to high sensitivity with mixed datasets
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Figure 5. Performance of the five classifiers on the six datasets with different ratios of MNAR MVs
imputed using mean/mode.

Table 3. Summary of the five classifiers” performance with respect to the properties of the datasets
and the two imputation techniques.

Imputation Pattern Criteria Mixed Numeric Categorical
Method Dataset Dataset Dataset
. YES (with
Dataset Size NO YES MCC Only)
MCAR " | .
No Genera No Genera Highly
KNN Dataset Type Observation Observation Sensitive
. Yes (with
Dataset Size MCC Only) YES NO

MNAR Moderate to

High
Sensitivity

Differs Based = Low to High

Dataset Type 1o Metric Sensitivity
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Table 3. Cont.

Imputation Pattern Criteria Mixed Numeric Categorical
Method Dataset Dataset Dataset
Dataset Size NO YES N.Ot
Applicable
MCAR
Dataset Tvpe No General No General Not
yp Observation Observation Applicable
Mean :
. Yes (with Not
DatasetSize  \1cc Only) YES Applicable
MNAR
Low to Low to High Not
Dataset Type Moderate Sensitivit Applicable
Sensitivity y pp

5.4. Discussion of the Results

This section summarizes and frames our findings of the depicted results of all experi-
ments. To evaluate the overall effect of the MVs on the performance of the classifiers with
regards to the MMs, IMs, size, and the type of the datasets, two groups of heat maps were
generated to reflect the difference in the average performance of each classifier from its
baseline. This difference was calculated using Equation (4).

S=B--Y g 4

where S is the sensitivity of a classifier, B is the baseline performance of the classifier, n
is the number of ratios of MVs, i is the missing ratio, and a is the performance measure.
Figures 6 and 7 represent this sensitivity in two sets of heat maps for the MCAR and MNAR,
respectively, using small (s) and large (L) datasets. From the two groups of figures, the
following findings can be deduced:

e Inall cases, the performance of all classifiers was affected by the MVs for all datasets.
The sensitivity of all classifiers to MVs was better reflected by the MCC than the
accuracy and Fl-score. This is obvious for the small datasets with mixed features;
the accuracy and Fl-score both show that there is no variation in the sensitivity of all
classifiers, as shown in Figure 6¢,d for the F1-Score and Figure 6e,f for the accuracy.
However, the MCC shows that the SVM is the most affected, followed by the RF and
then the LDA (Figure 6a,b).

e  For the effect of the MMs, there was a noticeable difference between the sensitivity of
the classifiers with each mechanism; these were more sensitive in the case of MNAR
(Figure 7) than in the case of MCAR (Figure 6). This can be clearly observed in the case
of large numeric and small mixed datasets.

e  For the effect of the IMs, the pattern of the sensitivity is very similar in the case of
MCAR. However, the classifiers show higher sensitivity with the KNN imputation
(Figure 6a,c,e) than with the mean/mode imputation in Figure 6b,d,f. This implies that
for a dataset with MVs due to MCAR, it would be advisable to use the mean/mode
IM to ensure a performance that is almost near to the baseline. In the case of MNAR,
the two IMs show different sensitivities, which imply the total dependency on the size
and the type of the dataset.

e  For the type of dataset, all classifiers show high sensitivity with categorical datasets;
DT, SVM, LDA, and RF degraded by around 49%, 55%, 42%, and 52%, and 18%, 21%,
16%, and 20%, within the Car dataset when imputed by KNN and evaluated by MCC
and F1-score, respectively. The sensitivity ranged from moderate to low with numeric
and mixed datasets depending on the evaluation metric; DT, SVM, NB, LDA, and RF
degraded by around 0.31%, 10.55%, 4.29%, 7.89%, and 8.92%, respectively, within the
Bank dataset when evaluated by MCC, except for the case when MNAR data was
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imputed with the mean/mode, when numeric datasets showed the highest effect, as
shown in Figure 7b,d f.

e Inthe MCAR, DT among the five tested classifiers was the most sensitive to the MVs
for all datasets, except the categorical data where the SVM was more sensitive as it
showed more degradation in its performance from the baseline. The less sensitive
classifiers were NB, LDA, and RF (Figure 6).

e Inthe MNAR, NB and LDA were the two most sensitive classifies, especially in the
case of using the mean/mode IMs (Figure 7b,d,f).
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Figure 6. Classifier sensitivity of the five classifiers on different sizes and types of dataset with
MCAR MVs.
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Figure 7. Classifier sensitivity of the five classifiers on different sizes and types of dataset with
MNAR MVs.

6. Conclusions

It is widely known that improving and maintaining data quality is an important
challenge, especially for ensuring the output quality of data analytics platforms. Thus,
this paper investigates the influence of having incomplete data, with different ratios of
MVs and different patterns (MCAR and MNAR), on five classifiers tested against six
different datasets through 630 experiments. To better judge the accuracy of the results,
three evaluation metrics, MCC, accuracy, and F1-score, were applied. The results can be
summarized into five main findings. First, the sensitivity of the classifiers increases as the
percentage of MVs increases. Second, the sensitivity of the classifiers to MVs that result
from the MCAR pattern is lower than its sensitivity compared with the MNAR pattern.
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Third, the best imputation method in most cases is the mean (and mode) when there are
MVs with the MCAR pattern; however, this is dependent on the size and type of dataset
when there are MVs with the MNAR pattern. Fourth, in all the experiments conducted
during this study, the MCC evaluation metric was the best measure as it gave more reliable
and informative results. This is because MCC considers the imbalanced dataset factor
when evaluating the classifiers. On the other hand, F1-score and accuracy metrics gave
misleading results that did not reflect reality. Fifth, the most sensitive classifiers in the
case of MCAR are DT and SVM, whereas NB, LDA, and RF are less sensitive. In contrast,
in the case of MNAR, NB and LDA are more sensitive to NAs. Although the machine
learning models proved our theory that the existence of NAs somehow affects the models’
performance, we will use deep learning models such as convolutional neural networks
(CNNSs) in our future works to obtain a clearer picture of the effect of missing values on
different learning models.
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