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Abstract—This research explores the effectiveness of the 

Random Forest Classifier method in grouping mental retardation 

patients based on their level of severity. Medical record data 

from mental hospitals is collected and processed to train a 

classification model. The preprocessing process is applied to 

ensure data quality before use. Model evaluation is carried out by 

measuring the accuracy of the scores. The research results 

showed that the Random Forest Classifier succeeded in 

classifying mental retardation patients with an accuracy of 84%. 

These findings show the potential of the Random Forest 

Classifier method as a clinical tool for doctors in determining 

appropriate interventions for mental retardation patients based 

on their level of severity 
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I.  INTRODUCTION 

According to [1], approximately one in ten children 
worldwide experiences some form of disability. In Indonesia, 
although recent comprehensive data remain limited, [2] 
reported a child population of 82.8 million, with around 10% 
identified as having disabilities. Data from [3] further indicated 
that there were approximately 130,573 children with 
disabilities, of whom 30,460 were diagnosed with intellectual 
disabilities. 

Intellectual disability, formerly known as mental 
retardation, is a developmental disorder that occurs before the 
age of 18 and affects an individual’s cognitive functioning and 
adaptive abilities [4]. This condition results in limitations in 
reasoning, problem-solving, and daily living skills, including 
communication, learning, and social interaction appropriate to 
age and cultural context. 

Diagnosis of intellectual disability is typically conducted 
through interviews with family members, clinical observations, 
and IQ testing to assess the individual’s ability to adapt to their 
environment [5]. Although the condition is lifelong and cannot 
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be cured, appropriate therapeutic interventions can significantly 
improve independence and quality of life [3]. 

In the field of technology, machine learning algorithms 
such as Random Forest have been increasingly applied to assist 
in the classification and diagnosis of developmental disorders, 
including intellectual disabilities [6]. Random Forest operates 
by constructing multiple decision trees from different subsets 
of data to generate more accurate predictions and reduce the 
risk of overfitting [7,8]. This algorithm is recognized for its 
robustness, high accuracy, and ease of application across 
various classification tasks [6]. 

This study aims to evaluate the effectiveness of the 
Random Forest algorithm in classifying types of intellectual 
disabilities in psychiatric hospitals, with the goal of improving 
diagnostic accuracy and supporting more precise therapeutic 
planning. 

[9] conducted a study on the classification of individuals 
with intellectual disabilities using the Classification and 
Regression Tree (CART) method. Based on their analysis, the 
classification accuracy using the Gini index splitter reached 
72.7% with 15 terminal nodes, while the Twoing index splitter 
achieved 71.4% accuracy with 11 terminal nodes. Although the 
model using the Gini index yielded slightly higher accuracy, 
the model with the Twoing index demonstrated a more 
complex tree structure. These findings indicate that both 
approaches are effective for classifying individuals with 
intellectual disabilities. 

[10] analyzed the performance of the Backpropagation 
Neural Network (BPNN) algorithm with and without a 
momentum parameter in classifying intellectual disability 
disorders. The study found that adding a momentum value of 
0.8 and a learning rate of 0.07 significantly improved accuracy 
to 100% with a 90:10 data split, whereas the model without 
momentum achieved only 84.62%. Thus, the use of momentum 
was proven to enhance the network’s ability to recognize 
patterns and accelerate model convergence. 

[11] conducted a study on early-stage diabetes prediction 
using Random Forest, Support Vector Machine (SVM), and 
Naïve Bayes classification algorithms. The performance of 
these algorithms was evaluated using Precision, Accuracy, 
Recall, and F-Measure metrics. The results showed that 
Random Forest achieved the highest accuracy of 97.88%, 
outperforming the other algorithms. These findings reaffirm the 
superiority of Random Forest in medical classification tasks 
that require high accuracy. 

[12] further explored the classification of children with 
intellectual disabilities using the Backpropagation Momentum 
algorithm. The study utilized 127 data samples with 17 input 
variables obtained through interviews with psychologists 
regarding symptoms and severity levels of intellectual 
disability. The tested parameters included learning rate (0.01–
0.07), momentum (0.1–0.9), and 17 hidden layer neurons. The 
results revealed that a combination of a 0.07 learning rate and 
0.8 momentum produced the highest accuracy, reinforcing the 
effectiveness of the Backpropagation Momentum method for 
classifying intellectual disabilities. 

II. METHOD 

A. K-Fold Cross Validation 

K-fold cross-validation is a cross-validation technique that 

divides the data into k equal-sized subsets. Then, the model is 

trained on k-1 subsets and tested on the remaining subsets. 

This process is repeated k times, with each subset used as a 

test set once. K-fold cross-validation is a technique for 

estimating the error rate of digital image processing tests. K-

fold cross-validation works by grouping the training and test 

data into separate subsets, then repeating the testing process k 

times [13]. 

In k-fold cross-validation, we divide the dataset into k 

equal-sized subsets. Then, we use each subset as validation 

data and use the other subsets as training data. In this way, we 

can calculate the model's accuracy score on each subset and 

calculate the average accuracy score across all subsets. 

Here are the steps for performing k-fold cross-validation: 

A. Determine the value of k. 

B. Divide the data into k equal-sized subsets. 

C. For each iteration: 

a. Select one subset as the test set. 

b. Train the model on the other k-1 subsets. 

c. Evaluate model performance on the test set. 

D. Calculate the average model performance across all 

iterations. 

 

 

Fig 1. Flowchart of the K-Fold Cross Validation Method 

 For example, suppose we have a dataset of 1,000 samples. 
We can divide this dataset into 10 folds. Then, we train the 
model on 9 folds (900 samples) and validate on the remaining 
fold (100 samples). This process is repeated 10 times, with 
each fold serving as the validation set exactly once. Finally, we 
average the performance across all 10 folds to get a more 
robust estimate of the model's performance. Here's how it looks 
in the figure: 
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And so on until the 10th fold is formed as follows 

 

Fig 2. Visualization of Model Performance 

B. Random Forest Classifier 

The random forest classifier algorithm is a machine 
learning algorithm used for data classification. This algorithm 
works by constructing multiple decision trees and then 
combining the results from these trees to make predictions. 
Random Forest is a combination of each existing decision tree 
technique, which is then combined and combined into a single 
model [14]. 

Random Forest maps attributes from classes so that it can 
be used to find predictions for data that has not yet appeared 
[15]. Decision trees themselves are a "divide and conquer" 
approach to learning problems from a set of independent data 
depicted in a tree chart [16]. 

The Random Forest algorithm is a widely used machine 
learning technique for classification and regression. It works by 
constructing multiple individual decision trees ("forests"), then 
combining the predictions from all decision trees to produce a 
more accurate and stable final output. The Random Forest (RF) 
method is an extension of the Classification and Regression 
Tree (CART) method, which applies bootstrap aggregation 
(bagging) and random feature selection [17]. Random Forest is 
a method used for classification by building many 
classification trees. This method can improve accuracy results 
by generating child nodes for each node (the node above it) and 
selecting them randomly [18]. 

The following is the formula for Random Forest: 

            (1) 

Description: 

Y = Set of cases 

P(c|Y) = Proportion of Y values to class c 

 (2) 

Description: 

Values(a) = Possible values in the set of cases a. 

Yᵥ = Subclass of Y with class v corresponding to class a. 

Yₐ = All values corresponding to a. 

C. Confusion Matrix 

A confusion matrix is a table that classifies the number of 

correct and incorrect test data [19]. A confusion matrix is a 

method used to calculate accuracy in data mining concepts. 

The confusion matrix evaluation is a prediction matrix that 

will perform testing to estimate correct and incorrect objects to 

produce accuracy, precision, and recall values. Precision or 

confidence is the proportion of predicted positive cases that 

are also true positives in the actual data. Recall or sensitivity is 

the proportion of true positive cases that are correctly 

predicted positive [20]. 

 
TABLE 1. CONFUSION MATRIX 

Correct classification 
Prediction Class 

1 0 

1 TP FN 

0 FP TN 

 

A Confusion Matrix is a table containing four different 
combinations of predicted and actual values. When measuring 
performance using a Confusion Matrix, four terms represent 
the results of the classification process. These four terms are 
True Positive (TP), True Negative (TN), False Positive (FP), 
and False Negative (FN). True Negative (TN) represents the 
number of correctly detected negative data, while False 
Positive (FP) represents negative data detected as positive. 
True Positive (TP) represents positive data correctly detected. 
False Negative (FN) is the opposite of True Positive, meaning 
positive data detected as negative [21]. 

The calculation of Accuracy, Precision, Recall, and RMSE 
using the Confusion Matrix table is as follows: 

              (3) 

                                  (4) 

                                         (5) 

                            (6) 

Description: 

Yᵢ = initial data (actual data) 

Yj = final data (estimated data) 

n = number of data 

In this study, the evaluation score Accuracy and RMSE will be 

used. 
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D. Flowchart 

 

 

Fig 3. Flowchart for Data Collection of Mental Retardation 
Sufferers 

This study begins with the collection of data on individuals 
with mental retardation. The collected data can be clinical data, 
such as the results of physical examinations, psychological 
examinations, and laboratory tests. This data is then cleaned to 
remove incomplete or irrelevant data. Next, the data 
preparation stage continues, namely preparing the data so that 
the data can be processed for training the random forest model. 
This includes data standardization and cleaning missing values. 
Then, the training data will be divided and the test data will be 
divided. To avoid overfitting, the K-fold cross validation 
method is used. After that, the model with the best performance 
quality will be selected from the evaluation process with a 
confusion matrix. The final stage is model implementation. 
This stage is carried out to apply the classification model to 
classify new data. The new data to be classified can be clinical 
data of new patients or data from other medical examinations. 

E. Data Sources 

The data used in this final project is secondary data 

obtained from a Mental Hospital. Data collection was 

conducted through the medical records of patients with mental 

retardation undergoing outpatient treatment. This process was 

carried out carefully and meticulously to ensure the accuracy 

and validity of the information. Patients were selected for 

inclusion in this study based on certain predetermined criteria, 

including patient age and relevant clinical characteristics, such 

as genetic factors, health factors, and environmental factors. 

The research variables used consisted of a response variable 

(Y) and a predictor variable (Xn). The predictor variables used 

were factors influencing the classification of patients with 

mental retardation, determined based on previous studies and 

the availability of patient medical records at Menur Mental 

Hospital, East Java Province. The response variable (Yn), 

consisting of mild, moderate, and severe types, was 

determined based on the mental condition experienced by 

patients with mental retardation, including etiological factors 

and psychiatric symptoms, as well as other variables that 

influence the classification. 

III. RESULT AND DISCUSSION 

In this section, the result derived from the computational 
process are presented and analyzed to evaluate their 
significance and alignment with the research objectives. 

The total number of individuals diagnosed with mental 
retardation in the dataset is 124. Among these cases, 45 
patients (approximately 36%) were classified as having mild 
severity, making it the most frequently observed category. 
Furthermore, 37 patients (30%) exhibited moderate severity, 
while 42 patients (around 34%) were categorized as severe. 
Overall, the distribution of severity levels among patients 
appears relatively balanced across the three categories. Based 
on the computational results, the model effectively captured 
these variations, demonstrating its ability to classify mental 
retardation severity levels with consistent accuracy across 
different categories. The detailed distribution can be observed 
in the following figure. 

 

Fig. 4. Composition of Individuals with Mental Retardation 

The comparison of the number and gender of individuals 
with mental retardation based on the severity level can be seen 
in the following figure. 

 

Fig. 5. Comparison of the Number and Gender of Individuals with 
Mental Retardation Based on Severity Level 

From the dataset, it can also be observed that the 
composition of each gender varies across the different severity 
levels of mental retardation. When examined across the three 
categories—mild, moderate, and severe—it is evident that the 
number of male patients is higher than that of female patients 
in each severity group. This indicates a gender disparity in the 
prevalence of mental retardation, suggesting that males may 
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have a greater susceptibility or higher detection rate compared 
to females within the observed population. 

 
Fig. 7. Comparison of Individuals with Mental Retardation Based on 

Birth Order 

In addition, the dataset provides information regarding the 
birth order indicator for each type of RM (mental retardation) 
case. The graph illustrates the relationship between birth order 
and the severity level of the disorder, where the x-axis 
represents birth order and the y-axis represents the severity 
level. The results show that first-born and fifth-born children 
tend to exhibit lower levels of severity compared to middle-
born children (second, third, and fourth). This finding suggests 
that birth order may have a potential influence on the severity 
of RM, possibly related to prenatal or environmental factors 
affecting later born children. 

Furthermore, statistical summaries indicate that 
approximately 40% of RM cases occur among second- and 
third-born children, while only around 25% are found among 
first-borns. This pattern may imply that increased maternal age, 
cumulative exposure to environmental risk factors, or 
variations in prenatal care could contribute to higher severity 
levels among later-born children. However, further analysis 
with a larger and more diverse dataset is required to validate 
these observations and to better understand the causal 
relationship between birth order and the severity of mental 
retardation. This relationship can be explained in detail in 
Table 2. 

TABLE 2. DESCRIPTIVE STATISTICS OF THE AGE 
OF INDIVIDUALS WITH MENTAL RETARDATION 

RM Type Mean Std. Deviation Min Max 

Mild 8,11 5,50 0 17 

Moderate 7,64 5,62 0 17 

Severe 8,09 5,53 0 17 

 

The table 2. presents the statistical values for each type of 
RM (mental retardation) along with the descriptive statistics of 
patients’ ages, including the mean, standard deviation, and 
maximum values. The table consists of three rows representing 
the mild, moderate, and severe RM types. For mild RM, the 
mean value is 8.11, the standard deviation is 5.50, and the 
minimum and maximum values are 0 and 17, respectively. For 
moderate RM, the mean is 7.64, the standard deviation is 5.62, 
and the range is also between 0 and 17. Similarly, for severe 

RM, the mean value is 8.09, with a standard deviation of 5.53, 
and minimum and maximum values of 0 and 17. 

Overall, the RM values across the three severity types 
exhibit an average close to 8 and a standard deviation around 6. 
This indicates that the data distribution is relatively normal, 
with most observations concentrated near the mean. The 
similarity in mean and variability across severity levels 
suggests that age differences among patients with varying RM 
severity are not substantially distinct, implying a consistent age 
distribution pattern within the dataset. 

Based on the classification model developed using the 
Random Forest method, the evaluation results were obtained 
through two primary performance metrics: Accuracy Score and 
Root Mean Square Error (RMSE). These metrics were 
employed to assess the model’s predictive capability and error 
rate. The Accuracy Score measures the proportion of correctly 
classified instances relative to the total number of cases, while 
the RMSE quantifies the average magnitude of prediction 
errors, indicating how closely the predicted values align with 
the actual data. The results of these evaluations are presented as 
follows, providing a comprehensive overview of the model’s 
performance in classifying RM (mental retardation) severity 
levels. 

TABLE 3. MODEL EVALUATION RESULTS 

Evaluation Metrics Random Forest Evaluation Score 

Accuracy Score 0,84 

RMSE 0,84 

 

The table presents the evaluation metrics of the Random 
Forest classification model, specifically the accuracy score and 
Root Mean Square Error (RMSE). The accuracy score 
represents the average performance of the Random Forest 
model in correctly predicting the target variable, while RMSE 
measures the square root of the average squared differences 
between the predicted and actual values. In this study, the 
model achieved an accuracy score of 0.84, indicating that the 
Random Forest algorithm successfully predicted the target 
variable with 84% accuracy. The RMSE value was also 0.84, 
suggesting that, on average, the prediction error of the model 
was relatively moderate. 

From a statistical perspective, a higher accuracy score 
reflects a stronger classification capability, meaning that the 
model is effective in identifying patterns within the dataset. 
Conversely, a lower RMSE value indicates better model 
precision, as it implies that the predicted outcomes are closer to 
the actual observations. Although the achieved accuracy 
demonstrates strong predictive performance, the RMSE value 
suggests that some variability remains unexplained by the 
model. This residual error could be attributed to data noise, 
limited feature representation, or class overlap within the 
dataset.  

The performance results highlight that the Random Forest 
algorithm is a robust and interpretable method for classifying 
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RM severity levels. Its ensemble learning nature allows it to 
minimize overfitting and improve generalization by 
aggregating multiple decision trees. Nevertheless, the presence 
of moderate error values suggests that the model’s predictive 
capability could be enhanced through several strategies. Future 
studies could consider hyperparameter optimization (adjusting 
the number of estimators, maximum depth, and feature subset 
size), data balancing techniques such as SMOTE to handle 
class imbalance, and feature importance analysis to identify the 
most influential predictors. Additionally, comparing the 
Random Forest model with more advanced machine learning 
algorithms such as XG Boost, Light GBM, or Support Vector 
Machines (SVM) could provide deeper insights into model 
efficiency and robustness across various datasets. 

IV. CONCLUSION 

The application of the Random Forest method to classify 
RM (Repetitive Movement) disorders in children proved to be 
effective. Through its pattern recognition capability, the model 
successfully identified and classified RM disorders based on 
the learning process outcomes.  

The model achieved an accuracy score of 0.84, indicating 
that it was able to predict the target variable with 84% 
accuracy. Additionally, the RMSE value of 0.84 reflects a 
relatively low average prediction error, suggesting good model 
performance. However, future research could explore the 
integration of feature selection or dimensionality reduction 
techniques to enhance model interpretability and reduce 
potential overfitting.  

Furthermore, comparing the Random Forest approach with 
other advanced machine learning models such as XGBoost, 
LightGBM, or deep learning frameworks could provide deeper 
insights and potentially improve classification accuracy for RM 
disorder detection in children. 
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