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1. Introduction

Complete and accurate electronic health records (EHR) are essential for making informed patient care
decisions and reducing medical errors, but the handling of missing data and overall data quality are
equally important factors. Missing data can occur due to human error, unrecorded attributes, and other
factors. Large hospital departments, especially those monitoring chronic diseases like diabetes,
frequently encounter datasets with significant missing data. To address this issue, researchers use
methods like Listwise Deletion, Pairwise Deletion, and Imputation [1]. Listwise Deletion removes
entire cases with missing data, while Pairwise Deletion only removes missing values for specific
variables in an observation unit [2]. Deletion methods can significantly reduce sample sizes, making
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them less recommended, especially in healthcare domain as the observed data is too important to be
discarded. Imputation, considered the best method, fills missing values with estimated ones based on
available data. Imputation methods are divided into statistical-based and ML-based methods.
Statistical based replace missing data with values like mean, median, mode. ML-based method uses
predictive models to estimate and fill missing values. ML methods are more flexible than statistical
and can capture higher order interaction between data [3]. This study will compare three ML based
methods KNNI, MICE and MissForest for handling missing data in medical dataset. Missing data has
three types: Missing Completely at Random (MCAR), Missing at Random (MAR), and Missing Not
at Random (MNAR). In MCAR, the likelihood of a missing value for a variable is unrelated to any
other variable in the dataset. In MAR, missingness is not related to the variable itself but may be
influenced by other variables in the dataset. In MNAR, the likelihood of data being missing is
influenced by the values of the missing data itself [4]. Most existing imputation algorithms are based
on the MCAR assumption, but real-life missingness is generally of MAR or MNAR type. However,
research on MAR and MNAR imputation is limited. Simulating the MAR mechanism involves
selecting the most correlated complete feature to determine missingness, but this selection is
complicated by the distribution of missing values and feature correlations, which vary across datasets.
When many features have missing values, fewer complete features are available, reducing the
likelihood of finding a highly correlated one. This variability and complexity make MAR simulation
challenging and highlights the need for further research on the different correlations between missing
and observed values in MAR cases [5]. Addressing MAR missingness is more critical as it reflects
more realistic data conditions in healthcare settings [6]. A significant disparity exists as the majority
of these studies concentrate on the more common MCAR scenario, with fewer addressing the more
complex cases of MAR and MNAR [7]. MissForest imputation is a tree-based method that employs
random forests as the prediction model. The stopping criterion for MissForest is reached when the
average difference between the newly imputed data and the previously imputed data increases for the
first time. A more in-depth discussion is available in [2]. MICE is a widely used technique for
addressing missing data, also referred to as fully conditional specification. MICE estimates missing
values multiple times (m times), It does this in steps: for each variable with missing data, it uses
information from other variables to guess the missing values. This process is repeated m times
generating m imputed datasets. After analyzing each complete dataset, MICE combine the results into
one complete imputed dataset, considering the types of attributes with missing values in the dataset
[8]. The MICE process involves a series of estimations where each variable with missing data is
modeled based on its distribution. Detailed explanation of MICE can be found in [9]. KNNI identifies
the k nearest neighbors for a missing value from all complete instances in a dataset. For categorical
features, it imputes the missing value with the most frequent value among the neighbors. For numerical
features, it uses the mean of the neighbors (mean rule). Known for its simplicity, understandability,
and relatively high accuracy, KNNI is widely used in real-world data processing [10]. For additional
insights of KNNI, see [11]. Given the challenges and importance of accurately addressing MAR
missingness, this study aims to provide a thorough analysis of three ML-based imputation methods for
MAR missingness. Results on the complete and imputed datasets are evaluated using twelve evaluation
criteria across four categories, emphasizing the need for robust methods to handle MAR missingness
effectively. In author’s previously published paper [12], an empirical evaluation of three ML-based
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imputation methods is performed, for MCAR missingness on a diabetes dataset using eleven evaluation
criteria. The results demonstrated that MissForest outperformed the other two methods. However, there
is a need to extend this work to understand the impact of MAR missingness on the performance of
these three ML methods. This extended study, aim to evaluate these methods under MAR missingness
using 12 evaluation criteria, with the addition of standard deviation as an extra criterion. This extended
analysis will provide deeper insights into the robustness and effectiveness of the imputation methods
under MAR missing data mechanisms. The contributions of this research paper are as follows:

. A comparative evaluation of ML-based imputation methods—KNNI, MICE, and MissForest—
was conducted for handling MAR missingness, generated by a proposed MAR algorithm in a
multivariate configuration.

. A systematic empirical investigation was performed on these three ML-based imputation
methods across six levels of missingness, ranging from 5% to 30%, under the MAR mechanism in a
multivariate context.

. The three imputation methods were evaluated on one complete and eighteen imputed datasets
using twelve evaluation criteria: accuracy, precision, recall, F1 score, MCoff score, MAE, RMSE, R-
squared, standard deviation, Pearson correlation, AIC, and BIC scores.

This paper is organized in the following manner. Section 2 presents a review of related work on
different imputation methods. The methodology employed in this study is described in Section 3.
Section 4 encompasses the experimental setup, results, and analysis of the findings. Section 5
concludes the study with an analysis of the results and final conclusions.

2. Literature Survey

Through this extensive body of work, literature collectively highlights the critical need for
sophisticated imputation methods to manage missing data effectively and improve the accuracy of
research findings. Authors [13] provide a comprehensive overview of different missing data
mechanisms, handling methods, and their impact on statistical inference, setting a foundational
understanding for researchers. Building on this foundation, Authors [14] delve into imputation
methods such as mean imputation, regression imputation, and multiple imputation, illustrating
practical implementation using R and the MICE package. Complementing these insights, Authors [15]
discuss various methods including listwise deletion, imputation, and maximum likelihood estimation,
highlighting the advantages and disadvantages of each approach. Further advancing the discussion,
Authors [16] provide an in-depth look at MICE, addressing common issues and offering best practices
to enhance its application. Authors [17] further this by guiding the implementation of MICE in R,
discussing the handling of various data types and advanced imputation topics, thereby making the
method more accessible for practical use. Finally, Authors [18] offer a practical guide for addressing
missingness in research settings, emphasizing the importance of careful planning, thorough reporting,
and the implementation of robust methods like multiple imputations and maximum likelihood
estimation. Authors [19] evaluate the impact of various imputation methods on healthcare research
accuracy and reliability. Their discussion encompasses the occurrence of absent values in healthcare
studies and the implications of different imputation strategies. The authors advocate standardized
guidelines to handle missing data and suggest future research to enhance imputation methods in
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healthcare. Further, the review by [6] examines approaches to generating synthetic missing data based
on MCAR, MAR, and MNAR mechanisms. It guides researchers in selecting appropriate methods for
generating and handling synthetic missing data to improve analysis robustness. The paper identifies
gaps and suggests areas for further research in missing data management. Authors [20] review 111
journal papers on missing value imputation from 2006 to 2017, focusing on experimental design issues.
They highlight the limitations in the diversity of methods and datasets used in MV studies. The authors
suggest future research directions to improve MVI practices in data mining and big data analysis.
Authors [21] tested various imputation strategies on real datasets simulated with MNAR, MCAR, and
MAR missingness. They evaluated nine imputation methods, including RF and KNN, across four
different levels of missing values from 5%- 30%. However, their performance evaluation was based
on only one criterion: NRMSE. In the literature, various imputation methods have been explored and
evaluated for handling missing data in different contexts. A class-weighted iterative KNN imputation
method was introduced, exclusively handling MCAR missingness [22]. Performance comparisons
include seven imputation methods using only NRMSE as the evaluation criterion [23], without
specifying the missing data mechanism, six methods addressing only MCAR missingness with four
evaluation criteria [24], and another six methods on a medical dataset using ROC (AUC) without
mentioning the missing data mechanism [3]. A comprehensive study evaluated eight methods on a
real-world cardiovascular cohort study, considering MAR missing mechanism and multiple criteria
including MAE, RMSE, AUC, and up to 20% missingness was handled [25]. Additionally, seven
methods were assessed on three healthcare datasets, handling MCAR missingness at four MR levels
(10%, 15%, 20%, and 25%), evaluating only MAE and RMSE [26]. Another study compared four
methods focusing on MCAR missingness, using model prediction accuracy and imputation error [27],
and seven methods were evaluated on five datasets, handling MCAR mechanism with missing rates
up to 20%, using only NRMSE as the criterion [28]. Table 1 presents a summary of the literature
review. Most studies compare multiple imputation methods, highlighting their advantages but often
focusing on specific criteria or missing data mechanisms, while emphasizing the need to address MAR
and MNAR mechanisms. However, there is a need for broader evaluation metrics and more forward-
looking research directions.

Table 1 Literature Survey
Paper | Advantages Limitations
Only ROC (AUC) is used as evaluation
criteria. Missing mechanism is not
mentioned.

Performance comparison of six data imputation
method is performed on medical dataset

[3]

Tests imputation strategies in real datasets;

[15] | evaluates nine methods (including RF, KNN) at
various missing value proportions.

A class-weighted iterative KNN imputation

Performance evaluation based solely on
NRMSE.

22 . ly MCAR missi is handl
[22] method is implemented Only MCAR missingness is handled
: Only NRMSE is used as evaluation
Performance comparison of seven data L . .
[23] criteria. Missing mechanism is not

imputation methods is done .
mentioned.

[24] | Performance comparison of six data imputation | Handled only MCAR missingness,
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methods is done only 4 evaluation criteria used for
evaluating imputation methods
[25] Performance comparison of 8 methods on real- | Evaluation criteria MAE, RMSE and
world cardiovascular cohort study AUC, MAR missing mechanism
Performance comparison of 7 imputation Four MR-10,15,20and 25%, evaluation
[26] P P criteria only MAE and RMSE, MCAR
methods on 3 health care datasets . .
missing mechanism
. . . MCAR Missing mechanism, 2
Performance comparison of 4 imputation . . I
[27] methods Evaluation criteria model prediction
accuracy and imputation error.
. . . MCAR mechanism, MR handled till
Performance comparison of 7 imputation . .
[28] 20% only. Evaluation criteria used only
methods on 5 datasets NRMSE

Most studies compare multiple imputation methods, highlighting their advantages but often focusing
on specific criteria or missing data mechanisms, while emphasizing the need to address MAR and
MNAR mechanisms. However, there is a need for broader evaluation metrics and more forward-
looking research directions.

3. Methodology

Diabetes Dataset [29] from UCI repository was utilized in this research, consisting of 768 records
containing discrete and continuous type of numerical data, the categorical outcome variable was
complete and excluded from imputation. However, 376 of these records had missing values and were
subsequently excluded, resulting in the utilization of 392 complete records. The number of missing
values in Glucose, BP, SkinThickness, Insulin and BMI were 5, 35, 227, 374, and 11 respectively.
Synthetic missingness in multivariate (missingness in more than one variable) configuration was then
introduced into this dataset via the MAR mechanism using the proposed MAR algorithm, generating
six incomplete datasets with varying degrees of missingness (5%-30% MR). To address this issue, this
work employed three ML-based imputation methods, namely KNNI, MICE, and MissForest. By
applying these methods to the six incomplete datasets, authors were able to generate a total of eighteen
imputed datasets, comprising six datasets for each of the imputation methods. The experimental design
process is shown in Fig 1. This study measures the effectiveness of these three imputation methods in
four key areas related to diabetes prediction modeling. The first category examined was the prediction
model performance, where authors compared the performance of logistic regression classifiers with
eighteen imputed datasets of the above-mentioned imputation methods, and complete dataset using
accuracy, precision, recall, F1 score, and Mcoff score. This work analyzed the quality of imputation
using MAE, RMSE, R-squared, and SD metrics for KNNI, MICE, and MissForest methods across
missing rates from 5% to 30%. A correlation evaluation was carried out to determine the best
imputation method for capturing complex relationships and producing accurate results. The best model
was chosen based on AIC and BIC scores from the full and step model constructed from complete and
imputed datasets. The experimental design process is shown in figure 1. The full model used all
variables, while the step model utilized stepwise regression to enhance performance by selecting a
subset of variables. To comprehensively evaluate the effect of various imputation techniques, twelve
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performance metrics were used: accuracy, precision, recall, F1 score, MCoff score, MAE, RMSE, R-
squared, standard deviation, Pearson correlation, AIC, and BIC scores. They helped in discovering the
following: 1) What impact does the selection of imputation method have on the accuracy, precision,
recall, and F1 score of models built on imputed chronic disease data? 2)Which ML imputation method
best preserves the statistical relationships between key biomarkers (e.g., blood glucose levels) in MAR-
affected diabetes datasets?3) Does model complexity, as measured by AIC and BIC, play a role in the
performance of ML-based imputation methods in medical datasets with MAR missingness? 4) Which
machine learning imputation techniques minimize error and maintain predictive performance in
chronic disease datasets with MAR missing data.

ORIGINAL MEDICAL DELETIOM OF GEMERATION GEMERATION
DATASET WITH 4 MISSING VALUES —» OF COMPLETE —#* OF SYNTHETIC
MISSING VALUES FROM THE DATASET DATASET MISSINGNESS
\ J ‘*’ v v ACCURACY
e & MISSING IMPUTATION KNMI PRECISION
Algorithm —»- RATIO = BY:ML BASED -» MICE — RECALL
5%-30% Methods MISSFOREST F1-SCORE
—| MCOFF
+ ROC
RMSE, MAE

EVALUATION OF . MODEL PERFORMANCE

> »—» RI 5D

IMPUTATION IN 4

1
2

CATEGORIES: 3. COORELATION ANALYSIS PEARSOM
a P COEFFICIENT

. IMPUTATION ERROR RATE

. MODEL SELECTION BASIS

—p AIC & BIC

Fig 1: Experimental design process
4. Experimental Setup & Results

This experiment aimed to compare the effectiveness of three imputation methods for six missing rates
varying from 5% to 30% for MAR multivariate missing patterns. The study evaluated the performance
of the three ML based imputation techniques using twelve performance metrics.

4.1  Generation of MAR missingness in multivariate pattern in the dataset:

MAR missingness is artificially generated in multivariate configuration for 5%-30% MR in the
complete dataset, and six incomplete datasets are generated. MAR missingness is generated in
multivariate pattern as per the MAR algorithm given below, by calculating the correlations between
observed variables. For each missing rate, authors create a copy of the original data and introduce
missingness to some of its columns based on their correlation with other columns. Specifically, for
each column that does not already have missing values, the code calculates the correlation between
that column and all other columns, selects the columns with the highest correlations, and introduces
missingness to them at the specified missing rate.
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Algorithm I: MAR Missingness generation
Input: Original data
Output: missing data output files for each MR

1. Load original data from input file.

2. Define missing rates to simulate.

3. Calculate pairwise correlations between observed variables.

4. For each missing rate:

4.1.  Generate missingness for each missing rate and create a copy of the original data.
a. Make a copy of the original data structure to preserve the original values.

b. Repeat over each column and introduce missingness based on the missing rate.

C. Randomly select rows to introduce missing values based on the missing rate.

4.2.  Determine which variables to introduce missingness based on their correlation with
other variables.

For each column:

o Check if the current column has any missing values.

If the column has no missing values:

o Compute the correlation between the current column and all other columns.
o Choose the columns with the highest correlations.

o Introduce missingness in the selected columns.

4.3. Save the missing data to the output file.
Repeat steps 4.1 to 4.3 for each MR

4.2 Evaluation of Imputation Methods by Model Performance:

To evaluate the imputation methods by model performance, a full model and step model of a logistic
regression classifier are used. The full model includes all variables of the dataset, while the step model
is created using stepwise regression. The performance of the model is evaluated using accuracy,
precision, recall, F1 score, and Mcoff score. For building the step model of the logistic regression
classifier, the model is initialized, and stepwise regression is performed using a while loop. In each
iteration, the adjusted R-squared is calculated for each remaining feature when added to the previously
selected features. The feature with the highest adjusted R-squared is chosen and added to the list of
selected features. Once the list of selected features is complete, the final model is fitted using logistic
regression with only those features. This final model is then used to make predictions. The performance
of imputation techniques is evaluated by comparing the absolute difference of five model performance
metric values between the imputed and original datasets. To accomplish this, the values of accuracy
(and other performance metrics like precision, recall, etc.) for both the imputed and original datasets
are computed, and the absolute difference is calculated between them. If the absolute difference is
zero, it indicates that the accuracy (or other performance metrics like precision, recall, etc.) of a model
trained on the imputed dataset is equal to the original dataset, suggesting that the imputation method
preserved the original data’s quality. A smaller absolute difference suggests that the imputation
preserves the model performance, while a larger absolute difference indicates that the imputation
significantly alters model performance, potentially introducing more bias or distorting the data. The
total difference value of accuracy, precision, recall, F1 score, and Mcoff score across all MR% of
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MissForest is smaller than other imputation methods, and the sum of the total difference for all
performance metrics of MissForest is less than the other two imputation methods, meaning it preserves
model performance most closely across all metrics. As shown in Table 2, MissForest performs better
than the other two methods in 6 out of 6 MR cases, i.e., 100% of cases across the five model
performance metrics.

Table 2 Comparing performance metrics values for various Imputation methods

Evaluation Imputation MR 5% MR MR MR MR MR Total
Criteria 10% | 15% | 20% | 25% | 30% | Difference
KNNI 0 0 0.26 | 255 | 051 | 1.79 5.11
Accuracy | MICE 0.26 0 434 | 128 | 1.17 | 281 9.86
MISSFOREST 0 051 | 026 | 1.02 | 0.26 | 1.02 3.07
KNNI 0 045 | 0.71 5.4 1.44 | 1.29 9.29
Precision | MICE 4.63 0 052 | 218 | 3.18 | 4.04 14.55
MISSFOREST 0 0.09 | 0.17 | 1.94 0.7 1.02 3.92
KNNI 0 0.77 0 3.08 0 6.15 10
Recall MICE 5.97 0 42.62 | 231 | 4169 | 6.15 98.74
MISSFOREST 0 231 | 154 | 154 0 3.08 8.47
KNNI 0 031 | 0.28 | 402 | 056 | 4.22 9.39
F1-Score MICE 5.55 0 39.38 | 2.29 | 44.38 | 5.37 96.97
MISSFOREST 0 1.5 0.88 | 1.72 | 0.28 | 2.29 6.67
KNNI 0 0 0.01 | 0.06 | 0.01 | 0.05 0.13
MCoff MICE 0.05 0 0.22 | 0.03 | 0.25 | 0.07 0.62
MISSFOREST 0 0.01 | 0.01 | 0.02 | 0.01 | 0.03 0.06

4.3 Evaluation of Imputation Methods by R-Squared, MAE, RMSE and SD Score:

Performance metrics like MAE, RMSE, R-squared, and SD assess imputation methods by measuring
discrepancies between imputed and actual values. MAE and RMSE indicate accuracy, with lower
values being better, while R-squared shows the proportion of variance explained, with higher values
being better. SD measures deviation from actual values, with smaller values indicating higher
accuracy. In a comparison of three ML methods across datasets with 5%-30% missing data, MissForest
consistently produced lower MAE, SD and RMSE values in 5 out of 6 MR cases i.e. 83.33% of cases
and higher R-squared values in 100% of cases outperforming the KNNI and MICE methods. Results
are shown in Fig 2.
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Fig 2: Comparing MAE, RMSE, R-Square & SD values
4.4 Evaluation of Imputation Methods by AIC & BIC Scores:

AIC (Akaike Information Criterion) and BIC (Bayesian Information Criterion) are model selection
methods that estimate the quality of each input model, with AIC derived from frequentist probability
and BIC from Bayesian probability. AIC evaluates model efficiency by measuring information
preservation, favoring models with lower AIC values, thus penalizing less for complexity. In contrast,
BIC imposes a higher penalty for model complexity, leading to higher scores for complex models. The
formulas for AIC and BIC are AIC = —2in(maximum likelihood) +2m  and BIC =
—2In(maximum likelihood) + m In(n). AIC and BIC calculated using the number of estimated
parameters (m) and the total number of observations. (n) [30][31][32][33]. Both metrics are used for
logistic regression models. When comparing full models and stepwise regression models (created by
iteratively including/excluding variables) on original and imputed datasets (using KNNI, MICE, and
MissForest methods with 5%-30% missing data), MissForest imputation demonstrated closer
performance to the original dataset than MICE and KNNI in terms of AIC and BIC scores as shown
Table 3.If the AIC/BIC score of the imputed dataset is closer to original dataset indicates that the
imputation method has preserved the quality of original data. This indicates MissForest's imputation
method has preserved the quality of data after imputation.

Table 3 Comparing AIC and BIC values for various Imputation methods

Evzl:atl Or;?ln Imputation RS RS AU U IR JAIRS

on P 50 | 10% | 15% | 20% | 25% | 30%
Criteria | dataset

KNNI 436.1 | 437.4 | 4382 | 445.4 | 4200 | 4433

AIC 4a7g | MICE 4212 | 4363 | 3422 | 4493 | 1762 | 4334

FEL Score g/'T'SSFORE 436.6 | 4377 | 4324 | 4406 | 4251 | 44009

Mod KNNI 4718 | 4731 | 4739 | 4812 | 455.8 | 479.0

el | BIC 4735 | MICE 456.9 | 4721 | 377.9 | 4851 | 2120 | 4692

Score g/'T'SSFORE 4723 | 4734 | 4681 | 476.4 | 4609 | 476.6

STE | AIC 356.9 | KNNI 3611 | 356.0 | 3634 | 36L7 | 369.9 | 358.2
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P | Score MICE 361.0 | 356.6 | 321.8 | 3625 | 236.7 | 3585
'V;’d gﬂT'SSFORE 350.9 | 3544 | 3544 | 356.2 | 366.0 | 355.8
KNNI 384.9 | 3799 | 3832 | 3855 | 389.7 | 3820

BIC 150 | MICE 380.9 | 3804 | 3417 | 3903 | 2565 | 3783

Score QAT'SSFORE 3838 | 3743 | 3782 | 3761 | 3859 | 3797

4.5 Evaluation of Imputation Methods by Comparing Correlation Among Parameters:

The original dataset displayed some correlation between the parameters, which needs to be preserved
in the imputed dataset as well. To evaluate how well the imputed dataset preserves this correlation, it
IS necessary to determine whether the imputed values were able to maintain the original correlation
with other parameters in the dataset. This needs to be done for all three imputation methods, namely
KNNI, MICE, and MissForest. To accomplish this, Pearson correlation coefficient values are
computed for all the parameters in both the complete dataset and imputed datasets, and then the
absolute difference between them is calculated, followed by the total difference for every parameter
across all the MR%, as shown in Table 4. For a few parameters, KNNI shows better performance than
MissForest; however, the sum of the total absolute difference of the correlation coefficient values of
all the dataset parameters for KNNI, MICE, and MissForest methods is 1.31, 2.38, and 1.19,
respectively. This suggests that the MissForest method performs better than the other two methods in
capturing the intricate relationships between the dataset parameters. These results indicate that the
MissForest imputation method could be a valuable approach for accurately imputing missing values
in diabetes datasets and other medical datasets with complex inter-relationships between parameters,
as it maintains correlations between various parameters like glucose, insulin, and other biomarkers in
the diabetes dataset. This method can be applied for handling missing data in departments of big
hospitals, especially those monitoring chronic diseases like diabetes.

Table 4 Comparing Pearson correlation coefficient values of Diabetes dataset variables

Diabetes Imputation MR MR | MR MR | MR | MR Total Difference
parameters 5% | 10% | 15% | 20% | 25% | 30%

KNNI 0 0 0 0 0 0 0

GLUCOSE MICE 0.04 0|0.18 0032 0 0.54
MISSFOREST 0 0 0 0 0 0 0

KNNI 0|0.01]0.05]|0.03|0.02]|0.03 0.14

AGE MICE 0.04 0(0.22|0.06|0.11 | 0.02 0.45
MISSFOREST 0/0.01]0.01]0.01 0|0.01 0.04

KNNI 0.02 | 0.01 | 0.05| 0.02 0| 0.03 0.13

INSULIN MICE 0|0.02]0.08]|0.05|0.16 | 0.03 0.34
MISSFOREST | 0.03 0|0.06|0.01]|0.02|0.04 0.16

BMI KNNI 0.01|0.01|0.03|0.03|0.13|0.02 0.23
MICE 0.03 | 0.03 | 0.05 0| 0.16 | 0.02 0.29
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MISSFOREST | 0.01 | 0.01 | 0.03 | 0.03 | 0.04 | 0.02 0.14

KNNI 0 00.02]0.02|0.02| 0.08 0.14

PREGNANCIES | MICE 0.01 0|0.07]0.07|0.03]0.11 0.29
MISSFOREST 0 0/0.01]0.03|0.01]|0.02 0.07

SKIN KNNI 0.06 00.09]|0.02|0.04|0.01 0.22
THICKNESS MICE 0.04 00.04]0.04|0.12 | 0.02 0.26
MISSFOREST | 0.07 0| 0.1]0.01|0.06]|0.02 0.26

DIABETES KNNI 0.11 0(0.14 0| 0.09 0 0.34
PEDIGREE MICE 0.02 0| 0.08 0]0.21 0 0.31
FUNCTION MISSFOREST | 0.12 0| 0.15 0]0.11 0 0.38
KNNI 0 0 0 0 0]0.11 0.11

BP MICE 0.04 0| 0.09 0] 0.05|0.01 0.19
MISSFOREST 0 0 0 0]0.03|0.11 0.14

5. Conclusion

In this paper, the effectiveness of three ML-based imputation methods for handling MAR missingness
in a multivariate configuration, on diabetes dataset, was evaluated. Comparison between the original
complete dataset and eighteen imputed datasets, was performed, where missing values were imputed
using KNNI, MICE, and MissForest techniques. The experimentation results indicate that the
MissForest imputation method achieved lower SD, MAE, and RMSE in 83.33% of cases MR cases
and higher R-squared values in all (100%) MR cases. MissForest performed better in 100% of MR
cases for all the five performance metrics of model performance. The absolute difference between the
computed Pearson correlation coefficients values for all the parameters in both the complete dataset
and imputed datasets indicate that the MissForest performs better, than the other 2 methods, in
preserving correlation between parameters. The results demonstrate that the MissForest imputation
method outperformed KNNI, MICE in maintaining the overall data quality after imputation, making it
the preferred choice for handling MAR missingness in chronic disease like diabetes. This study be
used for accurate imputation of incomplete medical datasets of chronic diseases for improved data
driven clinical decisions. Future research needs to address the problem MNAR missingness across
diverse domains, for varying percentages of MR, various sample sizes, and different data types.
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