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Moreover, the evaluation of categorical distributions before and after imputation indicated
that MissForest better preserved category balance compared to MICE. These findings
highlight that the performance of imputation methods strongly depends on the
characteristics of missing data. Overall, MissForest demonstrated clear superiority in
handling missing categorical data, maintaining distributional integrity while enhancing the
classification performance of the XGBoost model. This study advances statistical learning
by giving empirical evidence and practical tips for choosing strong imputation strategies
in categorical datasets. This improves the reliability of predictive modeling when data is
missing.
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1. INTRODUCTION

Categorical data is one of the most widely used types of data in research and surveys, especially in the
fields of social sciences, health, economics, and information technology. This data represents variables in the
form of categories [1], such as gender, employment status, or education level. Categorical data plays a crucial
role because many real problems cannot be measured numerically but rather through specific classifications.
Therefore, the quality of the analysis is highly dependent on the completeness of the categorical data obtained

[2].

However, in reality, both categorical and numerical data often experience missing values [3]. This
condition can occur due to various factors such as recording errors, respondents not completing surveys, or
limitations in the data collection system. The presence of missing data can reduce the quality of analysis,
cause bias, and reduce the validity of research results if not handled properly [4]. Handling missing values in
categorical data is more challenging than in numerical data, as it cannot be addressed using simple methods

[5].

According to [6], missing data can occur under three mechanisms: Missing Completely at Random
(MCAR), Missing at Random (MAR), and Missing Not at Random (MNAR). In the MCAR mechanism, the
probability of a value being missing is independent of both the variable itself and other variables in the dataset.
In the MAR mechanism, the probability of missingness depends on other observed variables but not on the
missing value itself. Meanwhile, in the MNAR mechanism, the probability of missingness depends directly
on the missing value itself. Understanding these missing data mechanisms is essential for selecting
appropriate handling methods, as different mechanisms may require different imputation strategies and can
affect model performance [7].

There are two approaches to handle missing values, namely deletion and imputation. Deletion often
results in the loss of information and reduces the sample size, which can decrease model performance [8].
Therefore, imputation is more widely used because it can estimate missing values based on information from
other variables. Various imputation methods have been developed, ranging from simple approaches to those
based on machine learning algorithms.

In recent years, machine learning-based imputation methods have been increasingly developed.
MissForest is a non-parametric imputation method that uses the Random Forest algorithm iteratively to
predict missing values, both in numerical and categorical data, without assuming a specific distribution [9].
Meanwhile, MICE (Multiple Imputation by Chained Equations) can be extended by incorporating Random
Forest as the predictive model within each conditional imputation step. This approach allows for the
identification of non-linear patterns and interactions between variables that are more complex than those
found in classical regression-based MICE methods.

Previous studies have shown that modern imputation methods such as MissForest and MICE have
advantages in handling missing data. A study conducted by [10] found that using MissForest as an imputation
method for student graduation status data yielded significantly better results than median or mode imputation.
Classification models built with Random Forest and XGBoost after MissForest imputation showed consistent
improvements in prediction performance. Similarly, [11] compared various imputation techniques on health
data and found that MissForest consistently produced the lowest prediction errors, followed by the MICE
method. These results confirm that ensemble learning-based approaches are more effective in addressing
missing data with complex patterns than simple approaches such as mode or KNN. In line with this, [12]
shows that MICE and other decision tree-based variants are able to maintain parameter estimation accuracy
and statistical inference validity in empirical studies, and are proven to be superior to the classic MICE
method based on Predictive Mean Matching (PMM). In fact, further development by [13] combining
MissForest with the Recursive Feature Elimination technigue resulted in the RFE-MissForest method, which
was able to significantly improve imputation accuracy in large-scale medical datasets with complex missing
data patterns.

Despite the growing body of research on imputation methods, several gaps remain. Previous studies
[10]-[13] primarily focused on improving prediction performance using imputation techniques, often on
mixed-type or real-world datasets with relatively moderate missing proportions. However, limited attention
has been given to scenarios involving purely categorical data with high proportions of missingness,
particularly in the range of 50% to 75%. Furthermore, prior studies rarely examine the combined effects of
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multiple experimental factors, such as imputation methods, missing data proportions, and combinations of
affected variables, in a unified framework.

Therefore, this study aims to address these gaps by systematically evaluating the performance of
MissForest and MICE using simulated categorical data under high rates of missingness. In addition, this study
emphasizes the analysis of three-factor interactions to better understand how different experimental
conditions jointly influence model performance. This approach offers a more comprehensive evaluation of
imputation effectiveness, particularly in preserving categorical distributions and enhancing classification
outcomes in the XGBoost model.

2. RESEARCH METHODS

2.1 Data

This study used simulated data, namely, artificially generated data created under controlled conditions
by the researcher with predetermined characteristics, to examine imputation methods in handling missing
data problems in categorical variables. The use of simulated data aimed to provide a controlled testing
environment, allowing the evaluation of imputation methods to be conducted systematically and objectively.

Specifically, the simulation data consisted of five predictor variables and one binary response variable
to evaluate the performance of the missForest and MICE imputation methods in handling missing data using
the XGBoost algorithm. The simulation focused on datasets with categorical explanatory variables and aimed
to assess the effectiveness of the two imputation technigues under various missing-data scenarios.

The explanatory variables were generated according to their categorical levels, where
X; and X, are nominal variables with three levels, X5 is nominal with four levels, X, is an ordinal variable
with four levels, and X5 is a nominal with the five levels. The response variable Y is binary, taking values 0
and 1. In this simulation, all five predictors variables were allowed to experience missing values in different
combinations according to the predefined missing data scenarios. The detailed structure of the simulated
variables is presented in Table 1.

Table 1. Variables of Simulation Data

Variables Descriptions
Y O0and 1
X, AB,C
X, D,EF
X3 G, H, 11
X, Low, medium, high
X K,L,MN,O

To examine the relationships between variables, Cramer’s V was used (Fig. 1). The heatmap illustrates
the strength of association among the categorical variables. The results indicate that X5 has the strongest
associations with the response variables Y (Cramer’s V = 0.54) compared to other predictors, while the
relationship between X;,X,, X5, X, with Y are relatively weak, suggesting that these variables have no
significant correlations with the response. In addition, a very strong relationship is observed between X5 and
X5 (Creamer’s V = 0.78), indicating a close association between these two predictors. Conversely, the
associations among the other predictor variables are relatively weak with one another.

In the data generation process, variables X;, X,, X,, and X5 were generated independently, whereas X5
was generated conditionally based on the value of Xsto represent the Missing at Random (MAR) mechanism.
Consequently, when the combination of missing-data variables involved both X; and X5, the missing-data
mechanism was classified as MAR, since the probability of missingness in X5 depended on the value of X5.
In contrast, when the missing-data combination did not involve these two variables, the mechanism was
categorized as Missing Completely at Random (MCAR), as the missingness occurred randomly without
depending on the values of other variables.
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Figure 1. Cramer’s V Heatmap

Thus, the missing-data scenarios in this simulation consisted of MCAR and MAR mechanisms. This

is because many imputation algorithms, including missForest and MICE, are specifically designed to handle
MCAR and MAR effectively without requiring additional assumptions. In contrast, the Missing Not at
Random (MNAR) mechanism was not considered in this study because the probability of missingness
depends directly on the missing value itself, making regression-based or relationship-based imputation
approaches less effective [14].

The simulation was designed by considering two missing data proportions based on Table 3. Each

scenario was analyzed using three treatments: no imputation (TP), MissForest, and MICE imputation, with
30 replications for each combination to evaluate model consistency and overall performance.

2.2 Methods
The following are the stages of research related to simulation data :

1.

Generate simulation data consisting of five categorical predictor variables with a multinomial
distribution with n = 5000.

All predictor variables are combined into a single data frame so that they can be modeled using logistic
regression. They are then transformed into dummy variables. This is done to convert categorical
variables into numerical variables without losing their categorical information

The regression coefficient is set subjectively to give weight to each category of the predictor variable;
then a normally distributed error component is added. The resulting linear score equation (z) is written
mathematically as follows:

z = 0.383Xy5 — 1.935X;¢ + 0.138X,5 — 2.985X, + 0.950X5y — 2.349X5; + 1.752X;,
+ 2.0585Xpeqium — 0-023X451ign — 1.604X5, — 1.445X5), + 2.215X5y + 0.122X50. €)

The z value is calculated based on the multiplication of the dummy variable with the regression
coefficient plus the error. Next, the z is converted into probability (p) using the logistic function [15]

P(Y=1)=

1+e2’ @

To illustrate the classification process, Table 2 presents a sample value of the linear score z, probability
P, and the resulting classified class Y.
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Table 2. Summary of Statistical Values for Y

z PY=1) Y
0.462091717 0.6135103 1
0.444250490 0.3907286 1
-0.584758958 0.3578383 0
-1.805043593 0.1412382 0
3.150018658 0.9589095 1

Table 2 presents an example of the calculated z values, the response probabilities P(Y = 1), and the
resulting binary response classes Y. The z values were obtained from the combination of explanatory
variables through the Logistic regression model, while the probabilities P(Y = 1) were derived by
transforming z using the sigmoid function. The table also shows a monotonically increasing

relationship between z and P(Y = 1), indicating that higher z values correspond to a greater
probability of the response Y = 1.

5. Next, determine the threshold value using the median probability (quantile(P, 0.5)) generated from the
logistic function to maintain a balance between classes 0 and 1. The calculation result is consistently
around 0.3587, so it is used as a reference in the response variable classification process.

6. Binary response Y is formed based on the probability P, which is calculated from the linear score z
using the logistic function. Classification is performed using the median probability value, which is

0.3587, as the threshold. This approach aims to maintain a balanced distribution between classes 0 and
1. The classification rule is defined as follows:

B {1, if P(Y =1) > 0.3587 3)
~0,if P(Y =1) £0.3587 °

By using this threshold, the resulting response variable is balanced, consisting of approximately 50%
class 0 and 50% class 1.

50% 50% Blo

Figure 2. Distribution of Class Y

7. After the complete dataset is generated, the simulation design is adjusted based on two factors: the
missing proportion and the missing pattern. Based on Table 2, these factors form eight scenarios that
represent different conditions. The data loss process is generated using two mechanisms, namely
MCAR, which is random, and MAR, which uses a single cut-off approach to create conditions where
missing data is influenced by other variables [16].

Table 3. Simulation Data Design
Proportion of missing

Scenarios Pattern of missing data
data
0,
1 75% X, Xe
2 Xy, Xy, Xs
3 Xy, Xo, Xa, Xs

4 X1, X5, X3, X4, X5




3276 Nurhidayah, et al. PERFORMANCE COMPARISON OF MISSFOREST AND MICE IN HANDLING MISSING.....

Proportion of missing

Scenarios data Pattern of missing data
5 50% X1, Xs
6 X1, X2, Xs
7 X1, X2, X3, X5
8 X1, X2, X3, X4, X5

8. After the eight scenarios were created, the missing values were imputed using MissForest and Multiple
Imputation by Chained Equations (MICE). These imputation methods produced complete datasets for
each scenario, which were subsequently used in the XGBoost modeling process. The dataset was
divided into training and testing sets using an 80:20 ratio, resulting in 4,000 training samples and 1,000
testing samples. During model training, 10-fold cross-validation was applied to determine the optimal
number of boosting rounds in the XGBoost model.

9. The performance of the XGBoost model was evaluated using a confusion matrix to compare actual and
predicted values. Three evaluation metrics were used, namely accuracy, sensitivity, and specificity.
Accuracy measures the proportion of correctly classified observations, sensitivity measures the
model’s ability to correctly identify positive cases, and specificity measures the model’s ability to
correctly identify negative cases. These evaluation metrics were selected because the primary objective
of this study was to compare the impact of different imputation methods on classification performance
[17]

10. Steps 7 through 9 were repeated for 30 iterations in each simulation scenario to ensure the robustness
and reliability of the results, allowing for a comprehensive assessment of variability and stochastic
effects in the imputation and modeling processes. Finally, analysis of variance (ANOVA) was
conducted to evaluate the performance differences among the complete data model, MissForest, and
MICE imputation models.

3. RESULTS AND DISCUSSION

Based on Fig. 2, Xs was selected as the reference variable in the MAR mechanism, while other
variables were subjected to missingness under MCAR. In the MCAR, missing data occur entirely at random
and are not influenced by any variable, observations were randomly selected and replaced with missing data
according to the specified missing data proportions. In contrast, the MAR introduces missingness influenced
by another variable. Using a single cut-off approach, X5 determined which data points were more likely to be
missing, meaning the probability of missingness was related to the characteristics of X rather than being
completely random. In this simulation, scenarios that included both X5 and X5 were categorized as MAR,
while all other combinations that did not include both variables were classified as MCAR. The detailed
mechanism for each scenario is presented in Table 2.

In this study, missing data were handled using two imputation methods, MissForest and MICE using
Random Forest. Both methods estimate missing values by leveraging patterns and relationships among
variables in the dataset.

MissForest performs imputation directly and iteratively using the Random Forest algorithm. It was
executed with 50 trees (ntree = 50) and a maximum of 5 iterations (maxiter = 5) to balance computational
efficiency and imputation performance. The Random Forest model iteratively updates missing entries by
fitting decision trees on the observed data, converging when the maximum number of iterations is reached.

MICE was implemented using the mice package in R, with the imputation method set to Random
Forest by assigning the argument method = “rf” to all variables. The method was run with 3 imputed datasets
and a maximum of five iterations. This approach sequentially models each variable with missing data using
Random Forest, updating imputations until convergence.

The imputation performed can affect the distribution of categories in certain variables, especially when
the amount of missing data is substantial. To illustrate this effect, the distribution of categories before and
after imputation is presented in Table 3 below.
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This comparison is crucial to evaluate whether the imputation methods successfully preserved the
original data structure, particularly the distribution of categorical variables, or if they introduced significant
shifts in category proportions. Maintaining the category distribution is essential to ensure that the imputed
data remain representative of true underlying patterns, thereby preventing biases that could affect subsequent
analyses and model performance.

Table 3. Frequency Distribution

Variables M?thOds
TP MissForest MICE
X, Scenario 1
A 856 2240 3418
B 244 1675 979
C 150 1085 603
Xs
K 224 952 917
L 255 957 969
M 256 985 1067
N 267 1270 1042
0 248 836 1005
X, Scenario 8
A 1728 2666 3470
B 477 1380 974
C 274 954 556
Xy
Low 728 1165 1506
Medium 1252 2245 2554
High 477 1590 940

Table 3 shows an increase in the weight of each category level after imputation compared to the data
without missing value handling (TP). In scenario 1, for X, category A experienced the largest increase using
the MICE imputation method, followed by categories B and C. A similar pattern was observed in variable
X5, where all categories increased in weight, with category N showing the greatest increase for both
MissForest and MICE. This demonstrates that imputation is capable of recovering missing data while
simultaneously increasing the weight of the category, thus preventing information loss.

In scenario 8, the distribution pattern of X; remained consistent with the previous scenario, with
category A again dominating and showing a significant weight increase under MICE. Conversely, category
C showed a smaller increase, with a more balanced distribution produced by MissForest compared to MICE.
Meanwhile, in variable X,, the medium category experienced the largest increase in weight, followed by the
low category, which also increased substantially.

Overall, these findings indicate that both MissForest and MICE effectively increase the weight of
category levels with missing values. However, there is a tendency difference: MICE tends to amplify the
weights of dominant categories more, while MissForest tends to produce a more balanced distribution,
including minor and extreme categories.

The MissForest method, which describes the random forest algorithm for performing iterative
imputation, shows that the distribution of categories after imputation tends to be more spread out and
proportional compared to the MICE method. This is in line with [18] findings, which show that MissForest
is effective in handling mixed data (numerical and categorical) and is able to maintain data structure without
increasing the dominance of the majority class. With its ability to handle non-linear relationships and
interactions between variables, MissForest maintains category diversity even when a significant amount of
data is missing. In contrast, the MICE method, despite using random forest as the base model in its chained
equations approach, shows a stronger tendency toward majority categories. This is in line with the findings
of [19], who stated that multiple imputation using chained models sometimes reinforces the dominant class,
so that the distribution of categories can become less balanced after imputation. Overall, the comparison
between the two methods indicates that MissForest is better able to maintain the balance of category
distribution, while MICE tends to reinforce the dominance of the majority class.
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The differences in category distribution generated by these two imputation methods not only affect
data representation but also have a direct impact on predictive model performance. Therefore, to assess the
extent to which each imputation method affects the XGBoost model, model evaluation was conducted across
eight scenarios using fixed predefined parameters (max depth = 6, eta = 0.1, nrounds = 100, subsample = 0.8,
and colsample_bytree = 0.8). Hyperparameter tuning was not performed to ensure that the observed
performance differences could be attributed to the imputation methods rather than model parameter
optimization.

Accuracy

0.9

0.3

07
o
D
= Sensitivity
(1]
o 09 Method
(]
E 0.8 TP
£ MissForest
5 0.7 MISSFOres
e MICE
o e
(1]
o Specificity
=
<L op

0.85

0.80

075

0.70

1 2 3 4 5 B 7 8
Scenario

Figure 3. Average Performance of XGBoost

Fig. 3 illustrates the comparative patterns of accuracy, sensitivity, and specificity of the XGBoost
model across eight scenarios, each repeated 30 times, employing three different approaches: without handling
(TP), with MissForest and MICE Imputation. Consistently, MissForest (denoted by green triangles)
demonstrates superior performance across all three metrics relative to other methods. The accuracy achieved
by MissForest remains relatively stable, approximating 0.9 across all scenarios, whereas MICE exhibits
moderately high but slightly lower performance. In contrast, the model without missing data imputation (TP)
showed substantially lower performance, with a pronounced decline observed at 75% missing data
proportion, particularly in terms of sensitivity.

With respect to sensitivity, MissForest maintains a consistently high and stable value, ranging
approximately between 0.8 and 0.9, indicating robust detection of the positive class. Meanwhile, MICE
experiences a modest decrease in certain scenarios, and the TP model drops most sharply, falling below 0.7.
This suggests that the model’s capacity to detect positive cases is better.

For specificity, MissForest again shows the best and most consistent performance, with values above
0.9, meaning the model effectively recognizes negative cases. In comparison, MICE and TP methods show
more fluctuations and lower values.

Next, to evaluate the effect of the imputation method on the statistical performance of the XGBoost
model, an analysis of variance was performed with three main factors, namely method (A), proportion of
missing data (B), and combination of variables with missing values (C). The results of the ANOVA test are
shown in Table 4.

Table 4. ANOVA of Accuracy, Sensitivity, and Specificity

p-Value
Factor Accuracy Sensitivity Specificity
A 0.000000 0.000000 0.000000
B 0.000000 0.000000 0.000000
C 0.000000 0.000000 0.000000
AxB 0.000145 0.000013 0.000000
AxC 0.000000 0.000000 0.000000

BxC 0.006067 0.850 0.000018
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p-Value
Factor Accuracy Sensitivity Specificity
AxBxC 0.000838 0.502 0.000000

Table 4 shows that the three-way interaction between A, B, and C has a significant effect on accuracy
and specificity, but not on sensitivity. This indicates that model performance, particularly in terms of accuracy
and the ability to correctly recognize negative classes (specificity), is strongly influenced by the simultaneous
combination of these three factors. In other words, the joint effect of the imputation methods, the proportion
of missing data, and the combination of missing variables is complex and can not be interpreted separately.

Conversely, the three-way interaction was not significant for sensitivity, suggesting that the combined
influence of the three factors does not jointly affect the model’s ability to detect positive classes. Therefore,
the analysis of sensitivity was further examined through two-way interactions (AxB and AxC), which were
found to be significant, indicating that the model’s detection capability varies mainly due to pairwise
interactions between the factors rather than their combined effect.

Accordingly, accuracy and specificity were analyzed based on the three-way interaction, while
sensitivity was analyzed using two-way interactions. Therefore, a post-hoc Tukey HSD test was conducted
on the significant interactions to identify the rank and differences among treatment combinations based on
the values of accuracy, sensitivity, and specificity.

Based on Tukey test results, MissForest imputation consistently provides the highest accuracy and
specificity across all scenarios, with scenario 3 (50% missing data proportion with the combination of missing
data in the variable X;,X,, X3, X5) showing the best performance. At the 50% missing data proportion,
MissForest achieves an average accuracy of 91.46% and specificity of 92.9%, substantially outperforming
both MICE and TP. The scenario without handling (TP) at 75% missing data proportion yields the lowest
performance. The MICE method generally ranks in the middle, indicating that its performance is inferior to
MissForest but better than that without imputation (TP).

As the missing data proportion increases to 75%, accuracy decreases across all models. However,
MissForest maintained its superiority with a relatively smaller decline compared to MICE. Meanwhile, MICE
performs fairly steadily under Missing Completely at Random (MCAR) conditions but shows a sharper
decrease under Missing at Random (MAR) conditions. Conversely, the model without any missing data
treatment consistently yields the lowest accuracy and specificity, especially in scenarios with high missing
data proportions involving multiple variables.

The sensitivity results showed that MissForest with 50% missing data proportion achieved the highest
average sensitivity (0.9009), while TP with 75% missing data yielded the lowest (0.7340). In general,
sensitivity decreased as the missing data proportion increased, and MissForest continued to outperform
MICE. In the interaction between method and variable combination, the highest sensitivity was observed in
MissForest with the combination of X3, X,, and X5 (0.8815), whereas the lowest was found in TP for the
combination X3, X,, X3, X4, and X (0.6031). These findings indicate that MissForest consistently produces
higher sensitivity, while the absence of imputation results in a decline in the model’s ability to detect positive
classes.

Missing data can significantly affect the performance of classification models, as incomplete
information may lead to suboptimal performance. XGBoost is incorporated in the Attribute (MIA) approach,
which utilizes a default direction procedure during tree splitting [20]. In the process, XGBoost automatically
learns the optimal branch (left or right) for observations with missing data, thereby minimizing information
loss [21]. However, this built-in mechanism is not always optimal for handling missing data; data imputation
is still required to improve model performance [22], particularly for categorical data with a high proportion
of missingness.

These findings underscore that the effectiveness of imputation methods is strongly influenced by the
interaction between the type of method, the proportion of missing data, and the variables affected by
missingness. Overall, in this simulation study, MissForest proved to be more adaptive to both MCAR and
MAR patterns, whereas MICE with the random forest function tends to be stable only under MCAR
conditions. The absence of missing data handling in the XGBoost model results in a notable decline in model
performance. Therefore, despite XGBoost’s internal MIA mechanism, applying missing data imputation
during data preprocessing remains essential to ensure stable and optimal XGBoost performance.



3280 Nurhidayah, et al. PERFORMANCE COMPARISON OF MISSFOREST AND MICE IN HANDLING MISSING.....

4. CONCLUSION

Based on the results of the study indicate that the factors of methods, proportion, and combination of
variables with missing data have a significant effect on the performance of the XGBoost model. The model
performance is significantly influenced both by the main effects of each factor and by interactions among
them. In addition, the imputation method was found to alter the level distribution of categorical variables,
suggesting that maintaining distribution stability across levels is important to ensure the consistency and
performance of the XGBoost model.

Overall, the MissForest imputation method proved to be the most effective in maintaining the
performance of the XGBoost model on simulated data. MissForest produced consistent and adaptive results
under MCAR. Without any missing data handling, the model performance declined significantly, indicating
that the imputation process is an essential step to preserve the performance of the XGBoost model.
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