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Bivariact:e Ga/mtma; Missing data is a common problem in data analysis that can reduce the
orrelation;

i quality and accuracy of study results if not handled properly. This study
Mea%’:ﬁiﬁ%ﬁg‘iﬁeﬁﬁiﬁgfg aims to evaluate the performance of the Random Forest (RF) imputation
Root Mean Square Error. method at various levels of missing value proportions, namely 5%, 10%,

15%, and 20%. The data used are Bivariate Gamma data of 200

observations with two variables, generated using RStudio software.

*Correspondence Email: Evaluation of imputation performance is carried out by considering the

muhammadarib@unj.ac.id correlation value between the imputed data and the original data, the p-
value as an indicator of the significance of the difference, and the error
measures Mean Absolute Percentage Error (MAPE) and Root Mean
Square Error (RMSE). The results show that the RF method provides the
best results at a missing value level of 10%, characterized by a high
correlation and a p-value > 0.05 indicating no significant difference with the
original data, accompanied by the lowest MAPE and RMSE values. At
missing value proportions of 5%, 15%, and 20%, the imputation results
differed significantly from the original data, and the MAPE and RMSE
values tended to increase as the proportion of missing data increased.
These findings indicate that the RF method performs best at a data loss
level not exceeding 10%, while its accuracy decreases at higher missing
value proportions.

INTRODUCTION

Missing data, often referred to as missing data, is a crucial problem in research because it can degrade
the quality of analysis, reduce estimation efficiency, and create potential bias in the inference process. The
presence of incomplete data is often unavoidable, both in empirical data-based research and in simulation
studies using generated data. In the context of positive continuous distributions, one model widely used to
describe the relationship between two correlated variables is the Bivariate Gamma distribution. This
distribution has wide applications in various fields, such as reliability engineering, risk analysis, hydrology,
actuarial science, and epidemiology, due to its ability to represent the dependency between two skewed,
positive-value random variables [1]. However, when some data in the Bivariate Gamma distribution is
missing, further analysis processes such as parameter estimation, hypothesis testing, and dependency
structure modeling are hampered and risk producing inaccurate conclusions.

Conventional imputation methods such as mean imputation and single regression imputation are still
widely used, but both approaches tend to produce inaccurate estimates because they ignore the natural
variability of the data and are unable to represent the structure of non-linear relationships between
variables. With the development of machine learning techniques, various modern imputation methods have
begun to be applied to obtain more accurate and stable estimates of missing values. One method that has
proven effective is Random Forest Imputation (RF) [2].
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Random Forest Imputation (RF) is an ensemble learning method that randomly constructs multiple
decision trees and combines their predictions through an aggregation process. The bagging mechanism
and random feature selection within each tree enable RF to capture complex patterns, non-linear
relationships, and interactions between variables that traditional parametric methods cannot adequately
handle [3]. Several studies have shown that RF Imputation is highly robust to outliers, capable of handling
mixed data types, and exhibits superior performance on distributions with high levels of skewness [4].

The application of imputation using the RF method to Bivariate Gamma generation data is important
because this method can overcome the limitations of the parametric approach in handling data asymmetry
and complex interdimensional dependency structures. Furthermore, the use of RF allows researchers to
evaluate the method's ability to produce missing value estimates that are close to the true distribution. Thus,
this research is expected to contribute to the development of more effective imputation strategies for
handling missing data problems [5].

METHODS

2.1 Bivariate Gamma Distribution

The Bivariate Gamma Distribution is an extension of the univariate Gamma distribution used to model
two correlated and positively skewed continuous random variables. This distribution is widely used in
insurance, reliability, survival analysis, and hydrology, when two response variables are related but have a
right-skewed distribution [6]. For example, if (X,Y) is a pair of random variables that obey the Bivariate
Gamma distribution, their dependency is constructed through a shared component model:

X=U+V, Y=W+V (1)
Where U, W,V ~ Gamma(a, A) are independent of each other. With this structure, the V component is
the cause of the positive correlation between X and Y [7].

2.2 Characteristics of the Bivariate Gamma Distribution

Characteristics of the Bivariate Gamma Distribution include expected value, variance, covariance, and
correlation. If the shared component structure is used, the expected value of the bivariate gamma is as
follows:

ay Ay aQy | Qy

The variance of the bivariate gamma is as follows:

Var (X) = au; aV,Var V) = awl—tav (3)
The covariance and correlation of the bivariate gamma are as follows:

ay
Cov (X,V) =—3 (4)
Thus, the correlation is as follows:
ay

p =
\/(“U +ay)(ay + ay)
The correlation is always positive because it depends on the shared gamma component (V) [8].

2.3 Difference in Means Test

The t-test is used to assess whether two population means are significantly different based on sample
information. Specifically, the independent sample t-test is applied when the two sample groups are
independent. This test compares the estimated means of the two groups, taking into account the level of
variation in the data in each sample [9].

The following is the equation for the t-test statistic:
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The test is performed by comparing the t —statistic value to the t-table at a specific degree of freedom
and a predetermined significance level. If the p-value is less than a or the t-statistic value is greater than
the t-table, then the null hypothesis that the two population means are equal is rejected [10].

The following is the hypothesis from the one-sample mean difference test:
1. Hypothesis Testing

H, : u = u, (Not significantly different)

H, : u # u, (Significantly different)
2. Required Quantity

Significance Level a = 5
3. Test Statistic

X—u

()
N
4. Rejection Zone

Reject H, if the t;,;; value > t.4p,; OF p — value < a = 0.05
5.  Conclusion

2.4 Random Forest Imputations (RF)

Random Forest Imputation is a non-parametric method used to fill in missing data by leveraging the
ensemble capabilities of decision trees. This approach models each variable with missing values as a
function of the other available variables, then generates predictions for those missing values using a pre-
built random forest model. The missForest algorithm works iteratively, starting by assigning initial values to
the missing data. Next, for each missing variable, a random forest model is trained using the complete
observation as the response variable and the remaining variables as predictors. The missing values are
then predicted and updated, and this process continues until convergence is reached. This method offers
high flexibility because it can handle mixed data types (continuous and categorical) and can learn non-
linear patterns between variables without requiring specific parametric distribution assumptions [11].

The steps of the missForest algorithm are as follows:
1. Determine the order of variables based on the proportion of missing values

2. For each variable X; that is missing, construct a training dataset {(X(i) X.(i)):X.(i) "observed”} and
] ] J

_]')
fit a random forest model f] o predict X; from another variable X_;.
3. Use f] to fill in the missing values of X;.
4. Repeat steps 2-3 for all variables, and repeat this cycle until the convergence criterion is met.

The practical advantage of this approach is the availability of estimates of the inherent imputation error
through the out-of-bag (OOB) mechanism in random forests, allowing researchers to obtain estimates of
the root mean squared error (RMSE) for continuous variables and the proportion of falsely classified (PFC)
for categorical variables without a separate validation set [12]. Random Forest imputation has shown
superior performance compared to other simple parametric methods under conditions where the
relationship between variables is non-linear. Comparative studies on observational and simulated data have
reported that missForest tends to produce lower RMSE and higher classification accuracy in various
missingness scenarios (MCAR/MAR), although the computational cost and execution time are usually
greater than simple methods [13]. In the imputation process, Random Forest builds some decision trees
using bootstrap sampling, then produces predictions based on the aggregation of models, namely the mode
for categorical variables and the average for numeric variables [14]. Mathematically, a forest consists of B
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regression or classification trees built from bootstrap samples D, D,, ..., Dg. For regression prediction, the
imputation of missing values y is expressed as the average of the predictions across the tree [15]:
B

1
== T,0) @)
b=1

It is known that T, (x) is the b-th tree for observation x.
2.5 Mean Absolute Percentage Error (MAPE)

The Mean Absolute Percentage Error (MAPE) is a popular and easily interpreted measure of forecast
error, expressing the average absolute percentage deviation between observed and predicted values. The
MAPE equation is defined as follows:

n
i=1

MAPE =

=

Vi
n

Yi_?il
x 100 (8)

Where y; is the actual value at the i-th observation, y; is the predicted value, and n is the number of
observations [16]. MAPE has several limitations, such as becoming undefined or very large if any actual
value of y; is close to zero, thus biasing the model's assessment of series with small or zero values. MAPE
also places a relatively greater weight on errors that occur in small observations [17].

2.6 Root Mean Square Error (RMSE)

Root Mean Square Error (RMSE) is a measure of predictive accuracy used in evaluating the
performance of statistical and machine learning models. A smaller RMSE value indicates that the model's
predictions are closer to the actual values and also shows the variation in predicted values according to
variations in the observed data. RMSE is often used because it is more robust to large prediction errors
[18]. The RMSE equation can be written as follows:

RMSE = (9)

Where y; is the actual value, §; is the predicted value, and n is the number of observations. RMSE
allows for consistent evaluation of model performance, particularly in the context of regression, time series
forecasting, and machine learning-based predictive modeling.

2.7 Correlation

Correlation analysis is a statistical method used to measure the strength and direction of a linear
relationship between two variables. The correlation coefficient provides a numerical value between —1 and
+1. Values close to 1 indicate a very strong positive relationship, close to —1 indicate a very strong negative
relationship, and values close to 0 indicate no or very weak linear relationship. The correlation formula can
be written as follows:

o LG D0i—Y)
(G- (20— 9y
It is known that x; and y; are the values of the i-th observation, ¥ and y are the sample averages of X

dan Y, and n is the number of observations. The r value indicates the degree of strength and direction of
the linear association between X and Y [19].

(10)

RESULTS AND DISCUSSION

3.1 Descriptive Statistics

This study uses bivariate gamma data generated in R Studio using 200 VGAM datasets with two
variables.
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3.2 Descriptive Statistics

The following is the bivariate gamma data generated in R:
TABLE 1. Bivariate Gamma Data

V1 V2
3.554 9.447

1.818 5.895

2003  11.821

The following are descriptive statistics on the bivariate gamma data that has been generated:
TABLE 2. Descriptive Statistics of Data

Item V1 V2
Minimum 0.219 2.522
1st Quartile 1.856 6.716
Median 3.085 9.166
Mean 4.110 9.925
3st Quartile 5.601 12.473

Maximum 23.575 32.948

Based on Table 2, it is known that for variable V1 the minimum value is 0.219, the 1st quartile value is
1.856, the median value is 3.085, the average value is 4.110, the 3rd quartile value is 5.601 and the
maximum value is 23.575, while for variable V2 the minimum value is 2.522, the 1st quartile value is 6.716,
the median value is 9.166, the average value is 9.925, the 3rd quartile value is 12.473 and the maximum
value is 32.948.

3.3 Missing Value Data
Before imputation, missing values of 5%, 10%, 15%, and 20% will be added to the data. The following
is the data after the missing values were added:
TABLE 3. Data Missing Value

Item 5% 10% 15% 20%

V1 V2 V1 V2 V1 V2 V1 V2
Minimum 0.219 2.522 0.219 2.522 0.219 2.522 0.219 2.522
Quartil 1 1.806 6.610 1.730 6.683 1.759 6.601 1.650 6.505
Median 3.044 9.120 3.078 9.175 3.064 9.152 2.941 9.062
Mean 4.092 9.874 4.079 9.940 4.115 9.934 4.024 9.794
Quartil 3 5.601 12.473 5.524 12.491 5.735 12.396 5477 12.508
Maksimum 23.575 32.948 23,575 32948 23,575 32.948 23.575 32.948
NA’s 12 8 27 13 32 28 50 30

Based on Table 3, it can be seen that at a missing value level of 5%, variable V1 has 12 missing values
and variable V2 has 8 missing values. At a missing value proportion of 10%, the number of missing values
in variable V1 increases to 27, while in variable V2 there are 13 missing values. Furthermore, at a missing
value level of 15%, variable V1 has 32 missing values and variable V2 has 28 missing values. At the largest
missing value proportion of 20%, the number of missing values in variable V1 reaches 50, while variable
V2 has 30 missing values.

3.4 Random Forest Imputations

Imputation was performed on missing data of 5%, 10%, 15%, and 20%. At this stage, imputation of
5% was performed, resulting in the following MAPE, RMSE, and Correlation results:
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TABLE 5. MAPE, RMSE and Correlation in Data
MAPE RMSE Correlation
0.567461  3.185404 0.7096

The following is a test of the difference in mean correlation in the data:
1. Hypothesis Testing
H, : u = u, (Not significantly different)
H, : u # u, (Significantly different)
2.  Required value
Significance level @ = 5%, n = 200
3. Test statistic

X—pu 0.7096 —0.7288161
t= = = —12.202,p — value = 2.2e — 16

(2) (0.01107)

Vn V200

4. Rejection zone
Reject H, jika if t,;; > tigpe; OF p — value < a = 0.05

5. Conclusion
Since the p —value = 2.2e — 16 < a = 0.05, maka H, is rejected, meaning the average values
between u and y, are significantly different.

Based on the Classification and Regression Trees Imputation method and using the Random Forest
Imputation method, the imputation results are as shown in the following table:

TABLE 6. Conclusions on the Data

No Missing Imputation Information Correlatio p-value MAPE RMSE
Value Method n 0.72881
1 5% RF Significantly different 0.7096 22e—16 0568 3.185
2 10% RF Not significantly different  0.7270 0.3387 0.525 3.370
3 15% RF Significantly different 0.7381 0.0001 0.593 3.891
4 20% RF Significantly different 0.7788 22e—16 0.827 3.973

The results show that the performance of the Random Forest (RF) imputation method varies according
to the proportion of missing values. At a missing data proportion of 5%, the RF method produces a fairly
good correlation, although a p-value < 0.05 indicates a significant difference from the original data. A
different condition is seen at a missing value proportion of 10%, where RF provides the most optimal
imputation results, indicated by the highest correlation value, accompanied by a p-value > 0.05 and the
lowest MAPE and RMSE values. This indicates that at moderate levels of data loss, RF is still able to
maintain data structure and produce imputations that are not significantly different from the original data.
However, at the missing value proportions of 15% and 20%, Despite the increasing correlation value, the
imputation results again show significant differences from the original data and are followed by an increase
in MAPE and RMSE values. These findings indicate that the greater the proportion of missing data, the
lower the accuracy of RF imputation, so its performance is most effective when the data loss level does not
exceed 10%.

CONCLUSION

Based on the evaluation results of the Random Forest (RF) imputation method performance at various
levels of missing value proportions, namely 5%, 10%, 15%, and 20%, It can be concluded that imputation
performance is greatly influenced by the magnitude of the level of data loss. At the missing value proportions
of 5%, 15%, and 20%, the RF method produces p-values smaller than a = 0.05, which indicates that the
imputation results differ significantly from the original data. However, the correlation values obtained are
still in a relatively high range, namely between 0.7096 and 0.7788, thus indicating that RF is still able to
maintain the pattern of relationships between variables. Specifically, a missing value proportion of 10%
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provides the most optimal imputation results, indicated by a correlation value of 0.7270 with a p-value >
0.05 so that there is no significant difference with the original data, as well as the lowest MAPE and RMSE
values compared to other proportions. These findings indicate that the RF method can be used as an
effective imputation approach, especially at data loss levels not exceeding 10%. However, increasing the
proportion of missing values tends to reduce imputation accuracy, as evidenced by the increase in MAPE
and RMSE values at higher levels of data loss.
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