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Abstract: Missing data is an important problem in the analysis and classification of high dimensional data. The aim of this study is to
compare the effects of four different missing data imputation methods on classification performance in high dimensional data. In this
study, missing data imputation methods were evaluated using data sets, whose independent variables between mixed correlated with
each other, for binary dependent variable, p=500 independent variables, n=150 units and 1000 times running simulation. Missing data
structures were created according to different missing rates. Different datasets were obtained by imputing the missing values using
different methods. Regularized regression methods such as least absolute shrinkage and selection operator (lasso) and elastic net
regression were used for imputation, as well as tree-based methods such as support vector machine and classification and regression
trees. At the end of simulation, the classification scores of the methods were obtained by gradient boosting machine and the missing
data prediction performances were evaluated according to the distance of these scores from the reference. Our simulation
demonstrates that regularized regression methods outperform tree-based methods in classifying high dimensional datasets.
Additionally, it was found that the increase in the amount of missing values reduced the classification performance of the methods in

high dimensional data.
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1. Introduction

Dealing with missing data is a crucial aspect of statistical
analysis. In statistical studies, missing values occur when
observations for a variable cannot be obtained due to
various reasons (Jadhav et al, 2019). The presence of
missing data is a common issue in clinical research and
can significantly affect the data analysis process.
Understanding the source and structure of missing data
is crucial. Naive analyses, such as complete-case and
available-case analysis, can cause bias, loss of efficiency,
and unreliable results (Enders, 2022). When dealing with
missing data, it is advisable to make use of any available
partial information to estimate the missing values and
analyze the complete dataset. This approach is more
preferable than excluding the missing units from the
analysis, as it helps to preserve the integrity and
completeness of the data (Rubin, 1988; Little and Rubin,
2019).

Missing data, which negatively affects statistical analysis
processes, is also an important problem for researchers
dealing with classification problems in high dimensional
data. When training a model, several commonly used
classification methods are unable to deal with missing
values in the training data (Deng et al,, 2016). Therefore,
it has become imperative to research and develop
appropriate imputation methods for missing values in

the training data to enhance the overall performance of
the classifier on test data. Many of the methods that
handle missing data are not suitable for high dimensional
data because of their theoretical structure. Tree-based
and regularized regression-based methods are
remarkable in studies on missing values in high
dimensional data (Yin et al,, 2016; Zhao and Long, 2016).

The objective of this research is to assess the impact of
regularized regression imputation methods, such as least
absolute shrinkage and selection operator (lasso) and
elastic net regression, and tree-based missing data
imputation methods, such as support vector machine
(SVM) and classification and regression trees (CART) on
the classification performance by gradient boosting
machine (GBM) in simulated high dimensional data.

2. Materials and Methods

In this section, we first described the theory of
imputation methods and GBM structure. At the end of
this section, we gave information about the simulation
algorithm.

2.1. Regularized Regression Models

Regularized regression is a statistical technique that is
quite similar to ordinary regression, whether it is linear
or logistic. The main difference between the two lies in
the fact that regularized regression adds an extra
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constraint, which has the objective of shrinking the
values of unimportant regression coefficients towards
zero. This technique is particularly useful when dealing
with high dimensional datasets. In such situations,
regularized regression helps in avoiding overfitting,
which can occur when the model is too complex and
captures the noise present in the data. By shrinking the
coefficients, regularized regression allows the model to
focus on the most relevant predictors, thereby improving
its generalization performance on new, unseen data (
Przednowek and Wiktorowicz, 2013; Patil and Kim,
2020).

2.1.1. Lasso regression

Lasso regression is a technique used in linear regression
to reduce the complexity of models when working with
high dimensional datasets. The lasso regression, also
known L1 regularization, works adding a penalty term to
the cost function. This penalty shrinks some variable
coefficients to zero, selecting only the most significant
features, and induces a sparse solution (Breiman, 1995;
Tibshirani, 1996).

2.1.2. Elastic net regression

Elastic net regression is a general regularization
technique that combines L1 and L2 regularization
techniques for feature selection and reduction. The
regularization term L2, also known as Ridge regression,
suggests keeping the coefficients small but not zero,
which in turn reduces the coefficients of less significant
features. Thus, some coefficients shrink to exactly zero,
while others shrink towards each other. This allows for
variable selection and reduces the complexity of the
model ( Zou and Hastie, 2005; Friedman et al.,, 2010).

2.2. Tree-Based Models

Tree-based models are a type of machine learning
algorithm that can also be applied for high dimensional
data and fall under the category of nonparametric
models. These models operate by dividing the feature
space into smaller, non-overlapping regions. The
partitioning process is done in such a way that the
response values within each region are similar to each
other. Overall, tree-based models are a powerful tool for
solving a wide range of supervised learning problems,
including regression and classification tasks (Chang and
Chen, 2005; Clark and Pregibon, 2017).

2.2.1. Support vector machine

SVM is a popular machine learning algorithm used for
classification and regression analysis. SVM works by
finding the best possible boundary that separates data
points into different classes. It tries to maximize the
margin between the classes, which is the distance
between the boundary and the closest data points. SVM is
particularly useful when working with high dimensional
datasets and can handle both linear and non-linear data.
It is also known for its ability to deal with noisy data and
outliers (Cortes and Vapnik, 1995; Hastie et al.,, 2009).
2.2.2. Classification and regression trees

CART is a decision tree algorithm that can be utilized for
both classification and regression tasks. The data is

divided into subsets by this algorithm in a recursive
manner, depending on feature values. This process
continues until a stopping criterion, such as reaching a
maximum depth or minimum number of samples per leaf
node, is met. At each split, the algorithm determines the
feature that can separate the data into various classes or
produce the smallest residual sum of squares for
regression (Breiman, 2017; Loh, 2011).

2.3. Imputation Algorithm for Dealing with Missing
Data

Let’s consider a data set X consisting of n rows and p
columns, where each row represents an observation and
each column represents a variable denoted by xq, ..., .
We assume that the first ¢t variables have missing. We use
the notation x,p, ; to represent the observed components
and Xp; to represent the missing components for
variable j where n,y; and np;; represent the number
of samples, respectively. The collection of p — 1 variables
in X, excluding x;, X_j=
(xl, X1, Xjp1 e X X4 1) ...,xp). Let Xobsj‘_]- and

Xomis;—j be the components of X_; that correspond to the

can be denoted as

complement data of x,ps; and x,p; (Deng et al, 2016;
Stekhoven and Bithlmann, 2012).
All the imputation methods employed in the study run
based on a particular algorithm. The algorithm can be
described as follows (Zhang, 2016; Zhang et al., 2021):
1. Sort X in descending order based on the amount
of missing values.
2. Use mean imputation to make an initial guess
for any missing values and update X matrix (X)

Fit a model (xobsj~ 5 Obsj,_j).

Update variable j of X (X « x])
Repeat steps 3-5 forj = 1,2, ..., t.
7. Obtain ultimate imputed dataset ( Xnew X)

2.4. Gradient Boosting Machine
GBM is a type of machine learning algorithm that uses an
ensemble of decision trees to make predictions. It is a
powerful and popular method for both regression and
classification tasks, and is known for its ability to handle

3
4. Predict x5, ; using Xmisj,_]- and obtain X ;.
5
6

complex datasets with high accuracy (Schapire, 2003;
Tian et al, 2020). GBM algorithm works by iteratively
adding decision trees to a model, with each subsequent
tree focusing on the errors made by the previous tree.
This allows the model to gradually improve its
performance over time, leading to highly accurate
predictions (Nawar and Mouazen, 2017; Zhang et al,
2019). Any arbitrary loss function L(.,.) can be used
here.

Let n and p indicate the number of observations and
independent variables, respectively; y; € R% denotes the
dependent variable value of each observation (a=1 for
regression, a=2 for classification) and {(x;,y;)|x; €
RP,y; € R*}, denotes the training set. According to
(Elith et al., 2008) the GBM algorithm can be described as
follows:
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1. To begin, the weak classifiers must be initialized
by solving the equation 1 below, where y denotes the
step size:

; " (1)

Fo(x) = argminy )" LOY)
i=

2. Starting from first iteration m = 1, and up to a
maximum of M iterations for learning:
a. The pseudo-residuals is computed for i=
1,2, ...,n as follows (equation 2):
o [aL[yi.Fm_1<xi)]] @
o OFm_1(xp)
b. We need to train a new base model h,,(x;)

using the revised dataset {x;, 7;;, }/=,. Then the parameter
¥m is defined to solve the optimization problem as follow
(equation 3):

; " (3)
Ym = argmlnyz. IL[yiva—l(xi)
i=
+ Yhm (x)]
C. At last, we get our final strong classifier
(equation 4):
En (%) = Fp (%) + Yihin (%) (4)

2.5. Performance Evaluation Criteria

The performance of missing data imputation methods in
predicting original their impact on
classification was assessed using the area under the
receiver operating characteristic (ROC) curve (AUC) and
F1 score. AUC measures model separability, ranging from
0 to 1, with higher values indicating better performance.
(Hanley and McNeil, 1982; Fawcett, 2006). The F1 score,
which balances precision and recall, is particularly useful
when false positives and false negatives carry similar
consequences, with higher scores indicating a more
balanced model (Tharwat, 2021).

2.6. Simulation

Statistical analysis of the study was performed using R
software, version 4.2.3 (R Foundation for Statistical
Computing, Vienna, Austria). Most existing MI methods
rely on the assumption of missing at random (MAR), i.e.,

values and

missingness only depends on observed data; our work
also focuses on MAR. We set the sample size to n=150
and included p=500 predictors in simulated dataset. The
dataset contains a binary outcome y, which is fully
observed, and X = (X;,X,) = (xl, ...,xp). Firstly, a set of
p—10 X1 =
(xll_, ) xp) were created by drawing from a multivariate

independent variables denoted as
standard normal distribution with a mean vector of
(0,...,0)p—10 and the correlation matrix was defined as
the absolute values of its all off-diagonal terms were a
maximum of 0.7. We randomly selected 50 variables (Xs)
from X;. We also generated a separate group of 10
variables called X, = (x1,:---'x10) from a normal
distribution (X, ~sz(,u2,022)), where u, is a linear

combination of X and ¢ is equal to 1.5. To produce a

binary outcome, certain values were randomly generated
and divided into two groups depending on whether they
were below or above the median value. These values
were generated from a normal distribution(Np(,u,az)),
where u denotes linear combination of X and o2 is equal
to 5. Then missing values with MAR mechanism were
created in (xl’, ...,xlo), resulting in approximately 10%,
20%, 30%, 40% and 50% missing rates per variable.
Thus, datasets with different missing rates were
obtained. Missing values were imputed using lasso,
elastic net, SVM and CART. To assess the classification
performance of the methods, complete (reference) and
imputed datasets were initially split into training and test
subsets using a 70:30 ratio, selected randomly. The
models were trained using training sets, while test sets
were utilized to obtain AUC and F1 values of the models.
Missing data prediction performances were evaluated
according to the distance of these values from the
reference. The processes were repeated 1000 times..

3. Results

The performance evaluation of the imputation models
was done by AUC and F1 values. Performance metrics
were calculated as median (25th - 75th percentiles) and
presented visually using forest plots. Hence, the
evaluation process identified the methods that exhibited
comparable performance and generated results in
proximity to the ones derived from the reference dataset.
The reference data set provided median values of 0.945
and 0.902 for AUC and F1 values, respectively. The
imputed datasets had the following median ranges for
AUC and F1: 0.945-0.946 and 0.900-902 for the 10%
missing rate; 0.943-0.944 and 0.898-900 for the 20%
missing rate; 0.931-0.940 and 0.884-897 for the 30%
missing rate; 0.928-0.937 and 0.885-889 for the 40%
missing rate; 0.903-0.927 and 0.857-880 for the 50%
missing rate. The performance of imputation methods
was also assessed based on their AUC and F1 values. The
median ranges for these values were as follows
respectively: for the lasso, 0.925-0.945 and 0.880-0.900;
for the elastic net, 0.927-0.946 and 0.880-0.900; for the
SVM, 0.903-0.945 and 0.857-0.902; for the CART, 0.908-
0.945 and 0.868-0.898 (Table 1).

After evaluating the effectiveness of all imputation
techniques, considering AUC and F1 values, it was
noticed that, all demonstrated good
performance and were very close to the reference at 10%
and 20% missing rates. However, the performance of the

methods

methods began to decline after the 20% missing rate. The
regularized regression models performed slightly better
than tree-based methods at the missing rate of 30%.
Although the performance of the SVM method did not
change at the missing rate of 40%, the performance of
other methods decreased. However, regularized
regression methods maintained their superiority over
tree-based methods. As the rate of missing data increased

to 50%, the differences in performance between
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regularized regression methods and tree-based methods
became more pronounced, with the former being closer
to the reference than the latter. As a result, the tree-
based methods moved further away from the reference
as the rate of missing data increased, while the
regularized regression methods showed more robustness
in handling the missing data and produced better results
(Figures 1 and 2).

Hierarchical clustering analysis, based on AUC and F1

values for all missing rates, was applied to determine the
relationships among the methods and which methods
were close to the reference. As shown the dendrogram
graph in Figure 3, it was observed that the lasso and
elastic net methods clustered together with the
reference. However, the SVM and CART methods have
formed a distinct cluster, separate from the others
(Figure 3).

Table 1. Classification performances of the imputation models according to varying missing rates

Missing Rate

Method %10 %20 %30 %40 %50
Reference  0.945 (0.916 - 0.970) 0.945 (0.916-0.970) 0.945(0.916-0.970) 0.945 (0.916-0.970) 0.945 (0.916 - 0.970)
Lasso 0.945 (0.912-0.970) 0.944 (0.914-0.966) 0.940 (0.909 - 0.966) 0.935(0.902 - 0.964) 0.925 (0.887 - 0.955)

(&)

5:’ Elasticnet 0.946 (0.912-0.966) 0.944 (0.912-0.966) 0.940 (0.905-0.966) 0.937 (0.901-0.964) 0.927 (0.885 - 0.956)
SVM 0.945 (0.913-0.970) 0.943 (0.911-0.966) 0.931 (0.897 - 0.958) 0.928 (0.888-0.958) 0.903 (0.854 - 0.939)
CART 0.945 (0.913-0.968) 0.944 (0.911-0.968) 0.937 (0.904-0.966) 0.933 (0.897 - 0.960) 0.908 (0.865 - 0.946)
Reference  0.902 (0.865-0.933) 0.902 (0.865-0.933) 0.902 (0.865-0.933) 0.902 (0.865-0.933) 0.902 (0.865 - 0.933)
Lasso 0.900 (0.864 - 0.933) 0.900 (0.865-0.932) 0.897 (0.857-0.929) 0.889 (0.850-0.923) 0.880 (0.837 - 0.915)

= Elasticnet 0.900 (0.864-0.930) 0.900 (0.864-0.931) 0.895(0.857-0.929) 0.889 (0.852-0.929) 0.880 (0.837-0.913)
SVM 0.902 (0.864 - 0.933) 0.898 (0.857 - 0.930) 0.884 (0.846 - 0.917) 0.885 (0.842-0.919) 0.857 (0.815 - 0.897)
CART 0.898 (0.865 - 0.929) 0.898 (0.863 - 0.933) 0.895 (0.857 - 0.927) 0.889 (0.851-0.920) 0.868 (0.818 - 0.902)

METHOD
Missng rate: 10% |
Lasso e o
Elastic net '¢.
SVM
CART L e o
Missng rate: 20% :
Lasso '_¢—l
Elastic net e |
SVM ——
o CART —-——
S| Missng rate: 30% 1
< Lasso I——O-:—l
Elastic net o
SVM ——T
CART >
Missng rate: 40% N :
Lasso >
Elastic net O
SVM o
CART <>—
Missng rate: 50% N 1
Lasso W |
Elastic net —< ]
SVM % |
CART - ,
0.800 0.850 0.900 0.950 1.000

Reference 25th percentiles
= = = Reference 50th percentiles
--------- Reference 75th percentiles

Figure 1. Forest plot that displays the AUC values of the methods.
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Figure 2. Forest plot that displays the F1 values of the methods.
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Figure 3. Dendrogram showing the relationship among the imputation models by AUC and F1 values.

4. Discussion

As the field of health continues to evolve, it is anticipated
that accurate estimation of missing data will become even
more critical to prevent information loss. As high
dimensional data containing numerous patient details
continue to increase, the incidence of missing data is
expected to rise. Therefore, it will be essential to develop
techniques to estimate missing data with minimum error
to ensure that the models created with this data are as
accurate and effective as possible. Schafer and Graham
(2002), indicated in their study with real data that if
missing observations are deleted from the data set, the
statistical power decreases and erroneous inferences are

obtained, especially as the missing rate increases.

Therefore, it is recommended to use appropriate methods
to handle missing data rather than simply deleting them
from the dataset. Liu and De (2015), suggested that the
foremost consideration in building an imputation model
is to ensure compatibility, failing which, efforts should be
directed towards enhancing the predictive accuracy of the
imputation model.

The increase in the missing rate directly affects the
effectiveness of imputation techniques. The higher the
missing rate, the more challenging it becomes to impute
the missing values accurately. Qin et al. (2007), showed
that an increase in the rate of missing data decreased the
accuracy of estimating missing values. Choudhury and Pal
(2019), reported that the rise in the rate of missing data
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has a detrimental impact on the effectiveness of
imputation methods on classification performance, as also
found in our study. Furthermore, in our study, although
the change in the number of observations and the
increase in dimensionality had some impact on the
performance of the methods, it was observed that they
did not alter the overall performance ranking. Therefore,
fixed values for the number of observations and variables
were used.

As known, choosing a proper method plays a crucial role
dealing with missing data process. Since data structures
vary in each dataset, the answer to the question “which
method for which dataset” changes. Slade and Naylor
(2020), conducted a comparison of the parametric and
tree-based imputation methods in the MICE package of
the R program. They performed this comparison on a
simulated dataset for the regression problem. Their
analysis revealed that both parametric and tree-based
methods had similar error values and performance.
However, the random forests method, which is one of
tree-based methods, had the narrowest confidence
interval as compared to the other methods. Lavanya et al.
(2019), indicated that the lasso imputation method is a
highly effective approach to address the challenges
associated with missing data in high dimensional
datasets. Pefla et al. (2019), demonstrated using a real
data set that imputation methods such as ridge and lasso,
which are based on regularized regression, can estimate
missing values with a very low error.

There are only a limited number of studies in the
literature that examine the effect of missing data
imputation methods on classification performance with
different performance evaluation criteria. Liu et al
(2020), conducted a research study analyzing the impact
of missing rate on the accuracy of classification. The study
revealed that as the rate of missing data increases, the
rate of correct classification decreases. Acuna and
Rodriguez (2004), found that the imputation method did
not significantly affect classification accuracy. However, in
their studies, they only used basic and simple imputation
methods and worked with datasets that had relatively
small amounts of missing data (i.e., between 1% and
20%). Farhangfar et al. (2008), evaluated the effect of
some tree-based imputation methods on classification
performance on missing data sets with missing rates
ranging from 5% to 50%. According to their report, when
dealing with data with over 10% missing data, imputation
methods tend to improve classification error more than
simply ignoring the missing data. However, there is no
universally accepted method which could be considered
as the best. In our study, we examined the effects of
imputation methods on classification performance in high
dimensional data, unlike previous literature. Our study
revealed that, at lower missing rates, there wasn't a
notable variation in performance between the methods in
terms of their impact on classification performance.
However, as the missing rate increased, tree-based
methods were observed to be less effective as compared

to the lasso, and elastic net methods that are based on
regularized that these
regularized regression methods performed better than
tree-based methods as the missing rate increased.

regression. It was noted

5. Conclusion

In this study, the impact of various imputation methods
on classification performance in high dimensional data
was evaluated. Our simulation results indicate that
regularized regression methods outperform tree-based
methods in improving classification on high dimensional
data. In the field of data analysis, there are various
techniques employed to address the issue of missing data.
However, certain methods may not be efficient in
handling high dimensional data due to their underlying
theoretical framework. As a result, it is crucial to carefully
select the appropriate method to avoid information loss
that is common in high dimensional data and to enhance
the accuracy of predictive models.
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