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Abstract
Diabetes mellitus is a set of metabolic illnesses characterized by abnormally high blood sugar
levels. In 2017, 8.8% of the world’s population had diabetes. By 2045, it is expected that this
percentage will have risen to approximately 10%. Missing data, a prevalent problem even in
a well-designed and controlled study, can have a major impact on the conclusions that can be
derived from the available data. Missing data may decrease a study’s statistical validity and
lead to erroneous results due to distorted estimations. In this study, we hypothesize that (a)
replacing missing values using machine learning techniques rather than the mean value and
group mean value and (b) using SVM kernel RBF classifier will result in the highest level
of accuracy in comparison to traditional techniques such as DT, RF, NB, SVM, AdaBoost,
and ANN. The classification results improved significantly when using regression to replace
the missing values over the group median or the mean. This is a 10% improvement over
previously developed strategies that have been reported in the literature.
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1. INTRODUCTION

Recently, the proposal of Artificial Intelligence (AI) has invaded human lives as an intelligent
solution to many complex problems [1]. AI is based on analyzing behaviors represented by data
to make the next decisions. However, the application of AI to resolve a problem faces many
possible drawbacks such as the loss of data linked to certain behaviors or features [2,3]. In fact,
missing data produces many problems, particularly during the data analysis stage. The incomplete
data minimizes the statistical and analytical power, which leads to the potential refusal of the null
hypothesis if the test is wrong. Additionally, missing data may lead to bias in the estimation of
the parameters. There is a problem when the sample does not represent the study. All of these
issues lead to uncertainty about the truth of the data as well as unreliable outcomes of the studies.
A number of statistics deal with missing data. These techniques are frequently used to test classic
statistical hypotheses. However, it has not been sufficiently investigated how the analysis of deep
observation, which is one of the techniques of machine learning for the new generation, impacts the
performance of predicting the missed observation.

Machine learningmethodologies, such as support vector machines (SVM), artificial neural networks
(ANN), random forest (RF), and principal component analysis (PCA) [4], cannot be used for pro-
cessing and decision-making if the data are incomplete. Hence, data recovery is of high importance
to facilitate the right outcomes.

1.1 Motivation

Missing data (as well as missing value) is generally defined as a data value for a variable in the
observation of interest that is not saved. Missing data, a prevalent problem in almost all studies,
can have a major impact on the conclusions that can be derived from the data. Missing data may
decrease a study’s statistical validity and lead to erroneous results due to distorted estimations. In
fact, missing data may be quite problematic. To begin with, most statistical processes automatically
reject situations with missing data when there is insufficient data to complete the analysis. Second,
due to the little amount of input data, the analysis may run but the conclusionsmay not be statistically
significant. Third, if the studied instances are not a random representative sample of all cases, the
results may be erroneous and misleading.

1.2 Contribution

In the field of statistics, the handling of missing data is a critical issue. When the data contains
missing values, existing machine learning methods [5], have been ineffective primarily because
they classify data (a) without providing replacement values for missing values, or (b) by simply
replacing missing values with the mean value. We have developed a missing value strategy based
on machine learning methodology. We have further optimized the data set by selecting the optimal
classification model from a set of nine classification models to improve classification accuracy.
In this study, we hypothesize that (a) replacing missing values using machine learning techniques
rather than the mean value and group mean value, and (b) using SVM kernel RBF classifier will
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result in the highest level of accuracy compared to traditional techniques such as DT, RF, NB, SVM,
AdaBoost, and ANN. The following are the contributions of this work:

1. The design of a new framework based on machine learning techniques instead of median and
group median methodology;

2. The optimization of the machine learning framework by selecting the best classification model
among nine classifiers; and

3. The demonstration of a real improvement of 10% in classification accuracy compared to
current state-of-the-art techniques by using SVM kernel-RBF.

1.3 Paper Organisation

The rest of this paper is organized as follows: Section 2 presents the literature review, section 3
presents the theoretical model, section 4 presents results and discussion including dataset descrip-
tion, and the conclusion is presented in section 5.

2. LITERATURE REVIEW

Missing data or absent data is defined as the value of data that is not available (blank) or missing for
some variables. This problem has a significant impact on the results that can be extracted from the
data. Thus, primarily in medical research, several studies have focused on processing the missing
data, determining the effect of missing data, identifying the type of missing data, and finding the
mechanism to eschew or handle the missing data [? ].

2.1 The Effect of Missing Data

For many years it has been known that the rate of missing data is an essential problem in actual
clinical experiments. Missing data has always been a strong challenge in clinical studies. The
process of decision-making depends on the accuracy of the information. This accuracy is strongly
based on the wholeness of the data from the data source. Nevertheless, in actuality, data tends to
be both deficient and conflicting. Sometimes, data may be absent or entered incompletely, thereby
negatively and passively affecting the data quality [7,8]. Medical records are the most important
sources for clinical research, yet it is almost impossible to obtain data sets without losing values in
actual clinical databases. For researchers, the major challenges of missing data include decreasing
the statistical accuracy of a study, generating biased estimates, and finding incorrect results [8-10].

2.2 Types of Missing Data

According to previous studies, missing data is divided into three types which depend on the cause
of the missing data [11,12]: missing completely at random, missing at random, and missing not at
random.
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1. Missing completely at random (MCAR): When the missing data does not depend on the
probability of a particular value that is assumed to be received or the set of observed responses,
this is called missing completely at random. Missing completely at random is a perfect but
illogical presumption for many studies. Data missing via design due to machine failure,
are considered to be missing completely at random. The data that are missing completely
at random have the statistical benefit of the analysis remaining fair exemplifies techniques
to deal with MCAR imputation K-nearest neighbors, statistical analysis of data set, and the
identification of similar assets from a data set population [13].

2. Missing at random (MAR): This is a more effective supposition for many studies. When the
missing data does not depend on the probability of a particular value that is assumed to be
received but depends on the set of observed responses, this is considered missing at random.
As there is no bias in randomness, it can be concluded that there is no trouble from data that
is missing at random. Therefore, missing at random does not mean that the missing data can
be ignored. If the missing variables are missing randomly, we would suppose the probability
of the variable missing in each case to be conditionally independent of the variable which
is present or is expected to be obtained in the future, given the history of cases that have
previously obtained the variable. It is used to deal with MAR by identifying similar assets
from a population of data set. Statistical analyses methods are used to identify data possessing
the same characteristics.

3. Missing not at random (MNAR): If the properties of missing data are not like the properties of
data missing completely at random or the properties of data missing at random, then they are
missing not at random. When data are missing not at random, there are problems. Creating
a model for missing data is the only way to obtain a fair approximation of the variable in
this case. The model can then be combined with a more complex model to estimate the
missing values. The techniques used to deal with MNAR utilize machine learning approaches
to imputing data.

2.3 Mechanisms to Eschew or Handle the Missing Data

The best way to deal with missing data is to make improvements in the data collection process so
that the problem can be prevented through good study planning and careful data collection [11,14].
There are two ways to handle the missing data: deletion and imputation. Although deletion is
simpler than imputation, it is not the ideal solution to deal with the missing data because deletion
eliminates the responses with missing values. This causes biased estimation. In addition, when
there are many responses that have missing values, this leads to standard errors due to reduced
sample size. The imputation solution is used more frequently than deletion. Using easy to complex
imputation techniques, this solution exchanges the missing data with alternative values [15,16]. It
is irrational to think that this will delete all missing data from the study. Therefore, it is important
to understand the methods used to address the type of missing data [17].

Many techniques of handling the missing data have been developed, several of which we examine
throughout this study. First andmost commonly, the listwise or case deletion technique deletes those
cases that contain missing data and analyzes the remaining data. Listwise deletion has become the
first choice for analysis in most statistical programs. Many researchers agree that listwise deletion
is likely to generate bias in the estimation of the parameters. However, listwise deletion generates
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fair estimates of the parameters when the missing completely at random assumption is satisfied.
When the missing at random or missing not at random assumptions are satisfied, listwise deletion
may produce bias in the estimates [18]. Additionally, in a big sample, listwise deletion may be a
logical choice. Otherwise, listwise deletion is not a logical choice of technique.

The second technique is pairwise deletion. This technique deletes data only based on the particular
assumption that specific data is needed but missing. Existing data is used in the statistical analysis
if data is missing elsewhere in the data set. The pairwise deletion technique keeps more data than
the listwise deletion technique because it uses all data set. This technique has the following issues:
the model parameters will depend on various sets of data with various statistics such as the size
of the sample and standard errors, and it can generate a specific non-positive correlation matrix
which is likely to prevent further analysis [19]. When the missing at random or missing not at
random assumption is satisfied, the pairwise deletion technique may produce fair estimates, and the
compatible techniques are included as covariates. However, when there are many missing data, then
the analysis will be incomplete.

The third technique is mean substitution; the losing data value placed by the variable mean for that
identical variable. This allows the data to be used even if there is missing data. Using the mean
in mean substitution is a reasonable estimate for selecting an observation randomly from a normal
distribution. However, for missing data that are not completely random, particularly if there is a
large variance in the number of missing data for diverse variables, the mean substitution technique
may produce bias in the estimates. In addition, this technique does not add new data but only raises
the data set. This results in minimizing the errors [20]. Generally, mean substitution is not accepted.

The fourth technique is regression imputation; by substituting the missing data with estimated val-
ues, this technique keeps all situations by predicting missing data from other available data and then
filling in the missing data with a possible value. After filling in the missing data by this technique,
the data set is analyzed by the standard statistical techniques for whole data. This technique has
many advantages because the imputation keeps more data than the listwise or pairwise deletion
techniques and eschews major changes in the standard deviation or the distribution shape. However,
similar to mean substitution, when missing data are replaced by regression that is predicted from
other variables, no new data is actually added while the data set is raised and the standard error is
minimized.

The fifth technique is maximum likelihood; this technique has been utilized by many studies to
handle the missing data. The maximum likelihood technique uses a spotted sample drawn from a
multivariate normal distribution. By using the obtainable data, the parameters are estimated. Then,
it is easy to estimate the missing data based on the estimated parameters. If there is missing data but
the data is comparatively complete, then the correlations between the variables can be calculated
by the maximum likelihood technique. So, by performing the conditional distribution of the other
variables, the missing data can be estimated [21].

The sixth technique is expectation maximization. Similar to the maximum likelihood technique,
expectation maximization is applied to produce a new data set. By using the maximum likeli-
hood technique, all missing data are filled with estimated data. The expectation maximization
technique starts with expectation. First, the parameters are estimated, such as using the listwise
deletion. Next, the results are applied to generate a regression equation. Then, this equation is
applied to complete the missing data by using maximization. Again, with the new parameters,
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the expectation is performed and a new regression equations are generated to handle the missing
data. The expectation and maximization steps are repeated until the parameters are stabilized. The
expectation maximization technique has both advantages and weaknesses. The main advantage
of the expectation maximization technique is the creation of the new sample size with no missing
values. For each imputed value, a random disturbance is incorporated to detect the unreliability
related to the imputation. In addition, the expectationmaximization technique has someweaknesses,
as it may take a long time, particularly when there is a massive portion of losing data. As well, it is
very difficult for extraordinary statisticians to agree. This technique may produce biased parameter
estimates and may estimate the standard error incorrectly [21].

The seventh technique, multiple imputations, is a good technique for dealing with missing data.
With the multiple imputations technique, instead of replacing missing data with one value, the
missing data are substituted with a set of logical data. This technique starts with a forecast of the
missing values by the current values using else variables [22]. Then, the forecasted data complete
the missing data to produce an imputed data set from a full sample size. Then, various computed
data sets are generated by repeating this process. After the imputed data set is created, it is analyzed
by standard statistical analysis tools to obtain complete data. Various analysis results are produced.
Thence, all analysis outcomes are merged to produce one overall analysis outcome. The advantage
of the multiple imputation technique is that it can resolve the normal disruption of the missing data.
Including uncertainty due to missing data leads to a valid statistical conclusion. Multiple imputation
has overcome uncertainty associated with the missing data estimation to generate a valid statistical
conclusion. In addition, multiple imputation has overcome a small sample size or a large number
of missing data to produce adequate results. Multiple imputation can be used easily with the new
statistical tools, even though the statistical principles of this technique may be difficult to understand
[22].

The last technique is sensitivity analysis. This technique determines how the uncertainty in the form
result can be assigned to various sources of uncertainty in its inputs. While analyzing the missing
data, extra assumptions about the causes for the missing data are produced. These assumptions can
often be applied in standard statistical analysis. However, the assumptions cannot be validated with
certainty. Thus, the National Research Council has suggested that sensitivity analysis be performed
to assess the strength of the outcomes with the deviations from the missing at random assumption
[23].

Finally, after reviewing all these previous studies, we conclude that the optimum solution formissing
data is to increase the collection of the data during the study design. Techniques or mechanisms to
handle the missing data should only be used after all efforts have been made to minimize the amount
of missing data. It is difficult to determine whether the multiple imputations technique or the full
maximum likelihood technique is better; however, both are superior to the traditional techniques.
Both techniques have optimal performance with big data sets. Multiple imputation is a perfect
technique to use when analyzing samples with missing data [11].

3. PROPOSED MODEL

Ourmain approach is to replace the dataset’s missing values that are needed for building themachine
learning models using machine learning itself. It is known that replacing missing values is crucial
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for obtaining good metric scores in the construction of machine learning models. Therefore, to
obtain better results, we need to replace these missing values. So far, some commonly used classical
techniques for replacing the missing values are to use the median, the mode, or the mean. However,
our approach is to try to use machine learning to replace missing values before building the machine
learning models. We compare the built models’ metric values with those based on the classical
techniques for replacing missing values.

Therefore, our methodology is to replace the missing data values of a specific column or feature
based on the data of the other features through classification or regression predictions. Basically, if
one feature is missing some values, our methodology uses the other columns or the other features
to train a new model to replace the missing data by prediction. This target feature will be used as
the Y matrix. On the other hand, the columns will represent the X matrix. Then, we train a machine
learning model just on the X values targeting the Y column in order to build a model to predict the
missing values later. After replacing the missing values, we build another machine learning model
in order to predict the initial target column.

Thus, in order to replace missing values through machine learning models, our approach is based on
choosing the best model from the following regressors: Decision Tree, Random Forest, LAssoCV,
Ridge, ElasticNetCV, and LinearRegression.

We compare these regressors using the following metrics:

First, the Mean Absolute Error (𝑀𝐴𝐸) is a measure of errors between paired observations express-
ing the same phenomenon.

𝑀𝐴𝐸 =

∑𝑛
𝑖=1 𝑦𝑖 − 𝑥𝑖

𝑛
(1)

Where:
𝑀𝐴𝐸 = mean absolute error,
𝑦𝑖 = prediction,
𝑥𝑖 = true value,
𝑛 = total number of data points.

Second, the Root Mean Square Error (RMSE) or the Root Mean Square Deviation (RMSD) is the
standard deviation of the residuals (prediction errors). Residuals are a measure of distance from
the regression line data points; RMSE is a measure of how spread out these residuals are. In other
words, it indicates the level of data concentration around the line of best fit. Root Mean Square
Error is commonly used in regression analysis to verify experimental results.

𝑅𝑀𝑆𝐷 =

√∑𝑁
𝑖=1(𝑥𝑖 − 𝑥𝑖)2

𝑁
(2)

Where:
𝑅𝑀𝑆𝐷 = root-mean-square deviation,
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𝑖 = variable 𝑖,
𝑛 = number of non-missing data points,
𝑥𝑖 = actual observations time series,
𝑥̂ = estimated time series.

Therefore, after trying different regressors and comparing them based on the MAE and the RMSE
metrics, we begin the classifiers model-building phase. In this phase, we use the completed filled
data to train different models for the initial model-building. After building the classifiers, we use
the accuracy metrics to choose the best classifier.

Then, we repeat the classifiers model-building based on the mean and the median techniques in
order to compare themwith the machine learning technique. We can prove that the machine learning
technique is better at replacing the missing values.

The proposed classical techniques were motivated by the principle of statistical measurements in-
tegrated into a classification framework. However, we have developed a missing value strategy
based on machine learning methodology. We have further optimized the data set by selecting the
best classification model from a set of nine classification models to improve classification accuracy.

In this section, the theoretical model of the proposed contribution is shown. TABLE 1 illustrates
the four phases of this model. The proposed machine learning scheme for missing data recovery is
presented in FIGURE 1.

3.1 Phase 1: Applying Group Median to Replace Missing Values Methodology

In this phase we take the following steps:

1. Replace all the missing values in the diabetic dataset with the group median and create a new
dataset of Diabetic1.

2. Apply classifiers to Diabetic1 in which the Outcome column is the target column.

3.2 Phase 2: Applying Mean to Replace Missing Values Methodology

In this phase, we repeat these steps to replace the mean methodology.

3.3 Phase 3: Apply Machine Learning to Replace Missing Values Methodology

In this phase, we apply the machine learning replacing values methodology to the Insulin column
through the following steps:

1. Drop the Outcome column.

523



https://www.oajaiml.com/ | December-2022 Ines Rahmany, et al

2. Create a new dataset D1 containing only the lines with non-missing values for the Insulin
column. Set the Insulin column as the target column.

3. Build different machine learning regression models based on D1.

4. Choose the most significant model based on the RMSE and MAE metrics. However, con-
sidering the fact that the RMSE has the same unit as the predicted values, we have to take a
look at the importance of the RMSE in comparison with the predicted values. Thus, we have
to estimate the Scatter Index, which is simply the RMSE divided by the average value of the
observed values. The same applies to the MAE.

5. Predict the missing values of the Insulin column by using the LassoCV regression model.
Create a new dataset D2.

6. Regroup all the lines of the Diabetic dataset from merging D1 and D2. Create a new dataset
Diabetic2.

7. Build different machine learning classifiers based on Diabetic2 in which the Outcome column
is the target column.

3.4 Phase 4: Compare Metrics Accuracy

In this phase, we compare the metrics (Accuracy) of the classifiers applied on Diabetic1 with the
metrics of the classifiers applied on Diabetic2.

Table 1: Steps and phases proposed model.

Step Step description Phase
Step 1.1 Apply group median to replace missing val-

ues and build different classifiers accordingly.
Phase 1

Step 2.1 Apply mean to replace missing values and
build different classifiers accordingly.

Phase 2

Step 3.1 Drop the Outcome column. *Phase 3(1)
Step 3.2 Create a new dataset D1 containing only the

lines with non-missing values for the Insulin
column.

Step 3.3 Build different machine learning regression
models.

Step 3.4 Choose the most accurate model.
Step 3.5 Predict the missing values of the Insulin

column.
Step 3.6 Regroup all the lines of the diabetic dataset
Step 3.7 Build different machine learning classifiers.
Step 4.1 Compare the metric accuracy of the different

built classifiers.
Phase 4

(1): Apply machine learning to replace missing values methodology.
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Figure 1: Machine Learning scheme for missing data recovery.
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3.5 Dataset

To validate our approach and to demonstrate the higher performance of the machine learning re-
placing missing data technique, the diabetes dataset (2) was obtained from the UCI Repository at
the University of California, Irvine. There are 768 female patients in this dataset, all of whom are
at least 21 years old and of Pima Indian ancestry, with 268 diabetic cases and 500 controls. In
this dataset, 5 patients have a zero-glucose level, 35 patients have zero diastolic blood pressure, 27
patients have zero body mass index, 227 patients have zero skinfold thickness, and 374 patients
have zero serum insulin level. These zero values are interpreted as missing values since they have
no meaning.

FIGURE 2 contains descriptions of the attributes as well as a statistical summary.

Figure 2: Description - Demographics of the diabetic patient cohort.

4. RESULTS AND DISCUSSION

The appraisal of our work is discussed in detail in this section. Please keep inmind that the suggested
solution was tested on Google Colab and was written in the Python scripting language. Pandas,
Scikit-learn, and Keras are well-known Python packages that were used in the development of the
preprocessing, training, and testing of the different machine learning model-building phases.

Following the collection of managed data, data preparation occurs. In this step, the data are cleaned
and formatted for the next stage of the information process. This is frequently referred to as “pre-
processing.” The purpose of this preparation is to eliminate low-quality data that may be missing,
redundant, or wrong, and to begin creating data that will assure the high quality of the intelligent
model chosen. In fact, the raw dataset is meticulously scrutinized for errors of any type. We turn
the input data into a vectorizable matrix in this stage. Thus, replacing the missing data is crucial for
the model-building process.
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Using our approach, we applied six regressor models to extract themissing values. When comparing
the different regressors, we concluded that the LassoCV regressor model outperforms the rest of the
models (Decision Tree, Random Forest, Ridge, ElasticNetCV, and LinearRegression) in terms of
scatter index for both the MAE and the RMSE metrics. We obtained a score of 0.42 and 0.66
respectively for the MAE scatter index and the RMSE scatter index for the LassoCV regressor
(TABLE 2).

Table 2: Regression model results in term of scatter index for RMSE and MAE values.

Regression model Scatter index
for MAE

Scatter index
for RMSE

Decision Tree 0.541 0.829
Random Forest 0.425 0.676
LAssoCV 0.420 0.661
Ridge 0.420 0.664
LinearRegression 0.424 0.661

Hence, to evaluate our machine learning technique of replacing missing data, we use a number of
machine/deep learning classifiers in the context of predicting diabetes. Numerous metrics can be
used in this test, such as accuracy (Ac), recall, detection rate (DR), positive predictive value (PP),
and negative predictive value (NP). These factors are evaluated with the help of true positive (TP),
true negative (TN), false positive (FP), and false negative (FN). However, we rely essentially on
two main metrics: accuracy and the F-measure which represents the harmonic mean of recall and
precision [24,25].

In this phase, we compare the metrics (accuracy) of the built classifiers based on the different
techniques of median, mean, and machine learning (TABLE 3 and FIGURE 3). The accuracy
metric is used when the true positives and true negatives are more important, while the F1-score is
used when the false negatives and false positives are crucial. Accuracy can be used when the class
distribution is similar, while F1-score is a better metric to use when there are imbalanced classes as
in the above case. Therefore, in our case, the value counts for the Outcome target column is 500
for the 0 class and 268 for the 1 class. Thus, we can conclude with confidence that the accuracy
metric is more suitable in comparing the classifiers since we are dealing with balanced classes. The
classification results improve significantly when using regression to replace the missing values over
the group median or the mean.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐴𝐶𝐶) = 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(3)

Where:

• 𝑇𝑃 : True Positive

• 𝑇𝑁 : True Negative

• 𝐹𝑃 : False Positive

• 𝐹𝑁 : False Negative

527



https://www.oajaiml.com/ | December-2022 Ines Rahmany, et al

Figure 3: Comparisons of all classifiers and Machine Learning methodology over the the mean and
the group median methodologies.

Therefore, in our research, the main objective is to show that the prediction accuracy scores of the
chosen classifiers differ positively when using the machine learning technique to replace the missing
data in the training dataset. In fact, the machine learning methodology outperforms the mean and
the median techniques in all of the nine experimental classifiers. In fact, the accuracy improvement
percentage, as exposed in TABLE 4, goes up to 10.87% in the SVM (kernel RBF) classifier which
obtained the highest accuracy score of 0.797.

5. CONCLUSION

Diabetes Mellitus (DM) is a set of metabolic illnesses characterized by abnormally high blood sugar
levels. Our hypothesis was that filling missing values using machine learning regression techniques
would result in greater accuracy when utilized in an ML framework rather than the classical statis-
tical methodologies such as mean and median values. We demonstrated our hypothesis by showing
up to 10.87% improvement in term of accuracy. Five regression models, nine classifiers, three
different missing data replacement methodologies were used in a comprehensive data analysis.
Methodologies’ comparison was used to examine the situation based on three different metrics and
showed that there had been significant improvements.
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Table 3: The overall classifications results.

Classifier Mean
method-
ology

Group
median
method-
ology

Machine
Learn-
ing
method-
ology

Accuracy
Improve-
ment
percentage
rate
compared
to the Mean
methodol-
ogy

Accuracy
Improve-
ment
percentage
rate
compared
to the
Median
methodol-
ogy

Decision
Tree

69.270 69.270 73.958 6.766 6.766

Random
Forest

73.958 73.958 76.041 2.816 2.816

SVM 73.437 72.916 79.166 7.801 8.571
SVM
kernel
linear

71.875 72.395 77.604 7.971 7.194

SVM
kernel
poly

73.4375 73.958 78.645 7.092 6.338

SVM
kernel
RBF

72.395 71.875 79.687 10.071 10.869

Naïve
Bayes

71.875 72.395 77.083 7.246 6.474

AdaBoost 70.833 70.833 73.958 4.411 4.411
ANN 65.104 65.96 66.16 1.622 0.303

In the future, we want to compare additional contributions to the same context in order to make more
informed decisions. We think it would be fascinating to see other sorts of medical data categorized
in this manner, which might result in a cost-effective and time-saving solution for both diabetic
patients and physicians.
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Table 4: Improvement in classification results when using machine learning to replace the missing
values over the group median or the mean.

Classifier
Mean
metho-
dology

Group
median
metho-
dology

Machine
learning
metho-
dology

Accuracy
improvement
percentage rate
compared
to the Mean
methodology

Accuracy
Improvement
percentage

rate compared
to the Median
methodology

Decision Tree 0.692 0.692 0.739 6.767 6.767
Random Forest 0.739 0.739 0.76 2.817 2.817
SVM 0.734 0.729 0.791 7.802 8.572
SVM kernel linear 0.718 0.723 0.776 7.972 7.194
SVM kernel poly 0.734 0.739 0.786 7.092 6.338
SVM kernel RBF 0.723 0.71875 0.797 10.072 10.87
Naive Bayes 0.718 0.724 0.77 7.246 6.475
AdaBoost 0.708 0.708 0.739 4.412 4.412
ANN 0.651 0.659 0.661 1.622 0.303
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