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Abstract 

Classification is a data analysis process that can predict classes based on predefined 

characteristics. In the era of big data, classification can be performed using machine 

learning. The problem of machine learning in classification analysis is imbalance data which 

often affect model performance. SMOTE and ADASYN are oversampling techniques to solve 

this problem. This study aims to evaluate the effectiveness of SMOTE and ADASYN in 

improving the performance of the Random Forest model on imbalanced data in the case of 

company bankruptcy using financial ratios. Models were built using training data with 

various splitting data and oversampling techniques. Then, the resulting models will be 

tested using testing data. The results show that the best model was achieved with a 

combination of splitting data 70:30 using SMOTE technique, which produced the highest 

f1-score of 40.57%, compared to ADASYN technique with 36.11% (a decrease of 4.46%), 

and without oversampling techniques with 19.51% (a decrease of 21.06%). The findings 

indicate SMOTE and ADASYN can identify minority values which are the main problem of 

imbalance data, with SMOTE showing better performance compared to ADASYN. This study 

contributes empirical insights on the effectiveness of SMOTE and ADASYN in handling 

imbalanced data for corporate bankruptcy prediction based on financial ratios. 

 

Keywords: SMOTE; ADASYN; Random Forest, Company Bankruptcy, Financial Ratios 

 

1. INTRODUCING 
The increasing number of corporate failures indicates that bankruptcy has become a 

crucial issue, given its broad impact on employment, social welfare, and overall economic 

stability [1]. Bankruptcy occurs when a company fails to meet its financial obligations, 

leading to liquidity problems as an early warning sign. A firm is considered bankrupt when 

its long-term returns fall below its total costs, and prolonged financial distress threatens 

its continuity as liabilities exceed its assets [2]. Therefore, early bankruptcy prediction is 

crucial for stakeholders to prevent losses, with financial information serving as a key 

indicator of a company’s financial health and bankruptcy risk. 

To address this issue, the variables used in this study are financial ratios, which are 

commonly used to assess the risk of corporate bankruptcy [3]. The financial ratios are 

organized based on their purpose, such as liquidity, solvency, activity, and profitability 

ratios [4]. 

This study uses  the Company Bankruptcy Prediction dataset from Taiwan Economic 

Journal (1999–2009), containing financial variables to predict company bankruptcy. The 

dataset is widely used in financial risk analysis research because it provides comprehensive 

and structured financial ratio data suitable for developing and evaluating machine learning 

models. 
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Building upon the financial variables obtained from the dataset, this study applies 

classification methods to distinguish between bankrupt and non-bankrupt companies. 

Classification is a method used to determine which category an object belongs to by 

comparing it with existing data. It involves creating a model or function that assigns data 

points to specific groups based on their features [5][6]. This technique is widely used in 

various fields such as agriculture, finance, healthcare, and business [7][8][9][10]. 

Along with technological advances, classification increasingly uses Artificial Intelligence 

(AI), particularly Machine Learning (ML), which applies supervised and unsupervised 

algorithms to recognize patterns, make predictions, and support automated decision-

making [11]. In this research, the classification is performed using the Random Forest 

algorithm. The Random Forest algorithm can lessen overfitting and resilient to outliers and 

missing data [7][12][13]. However, imbalance data can reduce prediction accuracy, as 

models tend to favor the majority class over the minority class [14][15]. 

To fix this issue, resampling methods are employed to balance the classes before 

training the model. Balanced data has equal numbers of majority and minority classes, 

while slightly imbalanced data might have ratios like 55:45, 60:40, or 70:30 [16]. There 

are three main resampling strategies: under-sampling, over-sampling, and a mix of both. 

Popular over-sampling techniques include SMOTE (Synthetic Minority Over-sampling 

Technique) and ADASYN (Adaptive Synthetic Sampling Approach) [17]. Research has 

shown that these methods can significantly improve the performance of machine learning 

models when dealing with imbalanced data [18][19][20]. Both SMOTE and ADASYN help 

by generating new samples for the minority class, thus enchancing classification accuracy. 

This research aims to evaluate and compare the effectiveness of SMOTE and ADASYN 

in improving the performance of the Random Forest model for classifying corporate 

bankruptcy based on financial ratios. 

 

2. METHODOLOGY 
2.1 Research Process 

The process of this study can be seen in the flowchart presented in Figure 1 below. 

 
Figure 1. Flowchart of Research Process 
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From Figure 1, the research workflow begin with collecting financial ratio data from 

Kaggle’s Company Bankruptcy Prediction dataset, followed by exploring and preprocessing, 

splitting into training and testing sets (80:20, 70:30, 90:10), applying SMOTE and ADASYN 

oversampling for training data, trained and tested a Random Forest model, evaluating 

performance using accuracy, precision, recall, and F1-score, compared SMOTE and 

ADASYN results, and drew conclusions with recommendations. 
 

2.2 Random Forest 

Random Forest (RF) is a machine learning technique that combines multiple decision 

trees by randomly selecting samples and features to reduce correlation between trees, 

minimize overfitting, and improve model accuracy [13]. Node splits are determined by 

testing binary splits for each predictor, with numeric variables divided at midpoint [21]: 

𝑋 ≤ 𝑐 (1) 

If the data meets the criterion, it goes to the left subnode; otherwise, to the right subnode. 

Common split criteria are Entropy and Gini Index. Gini Index measures node purity, 

with 0 indicating the purest split. For dataset 𝐿 with classes 𝑗, it is defined as [22]: 

𝐺𝐼𝑁𝐼(𝐿) = 1 − ∑ 𝑝𝑖
2

𝑗

𝑖=1

 (2) 

When 𝐿 is split by feature 𝐴into 𝐿1and 𝐿2, the weighted Gini is: 

𝐺𝐼𝑁𝐼𝐴(𝐿) =
𝑁1

𝑁
𝐺𝐼𝑁𝐼(𝐿1) +

𝑁2

𝑁
𝐺𝐼𝑁𝐼(𝐿2) (3) 

The impurity reduction is: 

𝛥𝐺𝐼𝑁𝐼(𝐴) = 𝐺𝐼𝑁𝐼(𝐿) − 𝐺𝐼𝑁𝐼𝐴(𝐿) (4) 

A higher impurity reduction indicates a better split. 

The following figure 2 is a simplified example of a Random Forest. 

 
Figure 2. Random Forest Tree Illustration 

 

From Figure 2, the procedure of the Random Forest algorithm involves bootstrap 

resampling N times with replacement to create datasets, building classification trees by 

randomly selecting features (commonly √𝑚) at each node, making predictions for each 
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tree, repeating this process until N trees are generated, and combining their predictions 

through majority voting [23]. 

 

2.3 SMOTE 

SMOTE is an oversampling method that generates synthetic minority samples using k-

nearest neighbors and Euclidean distance [24]. Although SMOTE reduces excessive 

overfitting, it may still cause similarity among duplicated samples [25]. The Euclidean 

distance is calculated as follows [26]. 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 (5) 

where: 
𝑑(𝑥, 𝑦) = Euclidean distance 

𝑛 = Number of data points 

𝑖 = Attribute index 

𝑥𝑖 = The i-th observation selected from the minority class 

𝑦𝑖 = The nearest i-th observation from the minority class 

The generation of synthetic data using SMOTE is as follows. 

1. Select a minority data instance denoted as 𝑥𝑖. 

2. Calculate the nearest minority neighbor of 𝑥𝑖 using the Euclidean distance in (5). 

3. Generate synthetic SMOTE data using the following formula [27]. 

𝑥𝑠𝑦𝑛 = 𝑥𝑖 + (𝑥𝑘𝑛𝑛 − 𝑥𝑖)   (6) 
where:  
𝑥𝑠𝑦𝑛 = Synthetic sample generated 

𝑥𝑖 = The i-th minority class observation 

𝑥𝑘𝑛𝑛 = The nearest minority class neighbor of 𝑥𝑖 

 = A random number between 0 and 1 

 

2.4 ADASYN 

ADASYN is an oversampling technique that adds minority samples based on learning 

difficulty, using parameters β for balance and 𝑑𝑡ℎ for imbalance tolerance. The procedure 

for generating synthetic data using ADASYN is as follows [27]. 

1. Determine ADASYN parameters β and 𝑑𝑡ℎ. If 0 < 𝛽 < 1, the generated synthetic data will 

be less than the majority class; if 𝛽 = 1, both classes will be balanced. 𝑑𝑡ℎ is the 

maximum imbalance ratio. 

2. Calculate the balance degree: 

𝑑 =
𝑚𝑠

𝑚𝑙

 (7) 

where: 
𝑑 = Balance degree 

𝑚𝑠 = Minority samples 

𝑚𝑙 = Majority sample 

Continue if 𝑑 < 𝑑𝑡ℎ 

3. Compute the number of synthetic samples: 

𝐺 = (𝑚𝑙 − 𝑚𝑠)  𝛽 (8) 
where: 
𝐺 = Number of generated synthetic samples 

𝛽 = Balance level parameter with a value between 0 and 1 

4. Calculate the ratio using K-Nearest Neighbor and Euclidean distance: 
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𝑟𝑖 =
△𝑖

𝑘
 (9) 

 

where: 
𝑟𝑖 = Density distribution ratio of the i-th instance 

△𝑖 = Number of nearest majority samples to the i-th minority sample 

𝑘 = Total number of nearest neighbors selected 

5. Normalize 𝑟𝑖: 

𝑟𝑖̂ =
𝑟𝑖

∑ 𝑟𝑖
𝑚𝑠
𝑖=1

 
(10) 

where: 
𝑟𝑖̂ = Normalized density distribution ratio of the i-th instance 

𝑟𝑖 = Density distribution ratio of the i-th instance 

6. Determine the number of synthetic samples for each minority instance: 

𝑔𝑖 = 𝑟𝑖̂  𝐺 (11)  

where: 
𝑔𝑖 = Number of synthetic samples to be generated 

𝑟𝑖̂ = Normalized density distribution ratio of the i-th instance 

𝐺 = Total number of synthetic samples generated 

7. Generate synthetic data using (6) for each 𝑔𝑖. 

 

2.5 Confusion Matrix 

A Confusion Matrix is a tool used to evaluate the performance of a classification model 

after the data mining process. It provides a comparison between the predicted 

classifications produced by the model and the actual classifications [28]. 

The confusion matrix table is typically presented as shown in the following Table 1 [29]. 

Table 1. The Structure of the Confusion Matrix 

 Prediction Class 

Actual Class 1 0 

1 TP (True Positive) FN (False Negative) 

0 FP (False Positive) TN (True Negative) 

where: 

1 = Positive class 

0 = Negative class 

TP (True Positive) = Number of positive instances correctly predicted 

TN (True Negative) = Number of negative instances correctly predicted 

FP (False Positive) = Number of negative instances incorrectly predicted as positive 

FN (False Negative) = Number of positive instances incorrectly predicted as negative 

The confusion matrix is used to evaluate model performance using accuracy, precision, 

recall, and F1-score [28]. However, in cases of imbalanced data, the F1-score is more 

suitable for evaluating model performance [30].  

1. Accuracy 

Accuracy measures how well the model classifies correctly, as shown in the following 

formula. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁)
 (12) 

2. Precision 

Precision measures how accurately the model predicts positive classes, as shown in the 

following formula. 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 (13) 

 

3. Recall 

Recall measures the model’s ability to correctly identify all actual positive cases, as 

shown in the following formula. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 (14) 

4. F1-Score 

The F1 Score measures the balance between precision and recall and serves as the main 

evaluation metric in this study. The formula is shown below. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (15) 

 

3. RESULT AND DISCUSSIONS 
The data were obtained from the Taiwan Economic Journal for the period 1999–2009. 

The dataset contains 6,819 company samples with 96 attribute variables. The variables 

used in this study are Bankrupt, Current Ratio, Quick Ratio, Debt Ratio, Net Income to 

Total Assets, Net Income to Stockholder’s Equity, and Total Asset Turnover. 

 

3.1 Data Exploration and Preprocessing 

First, the frequency of each class is checked using a bar chart to determine whether the 

data are balanced or not. This step uses the Seaborn and Matplotlib libraries for 

visualization. The bar chart shows extreme class imbalance 6599 non-bankrupt (96.7%) 

and 220 bankrupt (3.3%) companies. The data were checked for missing values, 

duplicates, and outliers. Outliers in Current and Quick Ratios (values >1) were removed, 

and the distribution was reviewed again using the bar chart. 

 
Figure 3. Company Status After Outlier Handling 

 

Based on Figure 3, total of 10 observations are removed from the dataset, consiting of 

9 non-bankrupt (0) and 1 bankrupt (1) observations. These observations were identified 

as abnormal values because they did not meet the characteristics of financial ratio data. 

For this reason, retaining those values could affect the performance and reliability of 

the model. Therefore, those values were excluded from further analysis. 

 

3.2 Splitting Data 

For modeling, the data were split into training and testing sets with ratios of 90:10, 

80:20, and 70:30. The following table 2 shows the data frequencies for each split. 
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Table 2. Data Frequency by Split Ratios 

Splitting 

Data 

Total Training Data Total Testing Data 

0 1 Total 0 1 Total 

90:10 5931 197 6128 659 22 681 

80:20 5272 175 5477 1318 44 1362 

70:30 4613 153 4766 1977 66 2043 

 

Table 2 shows the data distribution for each split. The dataset was split into training and 

testing sets using 70:30, 80:20, and 90:10 ratios, with the training data used to build the 

Random Forest model and testing data used for evaluation 

 

3.3 SMOTE and ADASYN 

SMOTE and ADASYN are applied to the training data to balance minority classes, 

improving Random Forest performance. SMOTE generates samples evenly, while ADASYN 

focuses on minorities near the majority class. 

1. SMOTE 

SMOTE is an oversampling technique used to increase minority class samples to match 

or approach the majority class. It generates synthetic data based on randomly selected 

minority instances, their nearest neighbors, and a random gap γ (0–1). The nearest 

neighbors are calculated using Euclidean distance. 

 

Table 3. Ilustration of Selected Data, Neighbors, Synthetic SMOTE, and Gap = 0.2848 

Based on Python 

Index Data 
Current 

Ratio 

Quick 

Ratio 

Debt 

Ratio 

Net 

Income 

to Total 

Assets 

Net Income to 

Stockholder’s 

Equity 

Total Aset 

Turnover 

3452 Selected 0.0071 0.0061 0.194 0.7851 0.8386 0.3133 

2017 Neighbor 0.0066 0.0049 0.2176 0.735 0.8295 0.2654 

8765 Synthetic 0.007 0.0058 0.2007 0.7708 0.836 0.2997 

 

As an example, a minority instance is selected randomly and synthetic samples are 

generated using its nearest neighbors, illustrated for the 90:10 data split (see Table 3).The 

following illustrates the manual procedure for generating synthetic data using SMOTE. 

1) Selecting a minority instance at index 3452, denoted as 𝑥𝑖. 

2) Next, the nearest minority neighbor of 𝑥𝑖 (index 2017) was identified using Euclidean 

distance as defined in (5). 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 

𝑑(𝑥, 𝑦) = √(0.0071 − 0.0066)2 + (0.0061 − 0.0049)2 + (0.194 − 0.2176)2 

√+(0.7851 − 0.735)2 + (0.8386 − 0.8295)2 + (0.3133 − 0.2654)2 

𝑑(𝑥, 𝑦) = √0.0000002 + 0.000001 + 0.0006 + 0.0025 + 0.00008 + 0.0023 = √0.0054 = 0.0738 

3) Then, generate the synthetic data using (6). 
𝑥𝑠𝑦𝑛 = 𝑥𝑖 + (𝑥𝑘𝑛𝑛 − 𝑥𝑖)   
𝑥𝑠𝑦𝑛 = (0.0071,0.0061,0.194,0.7851,0.8386,0.3133) +

((0.0066,0.0049,0.2176,0.735,0.8295,0.2654) −

(0.0071,0.0061,0.194,0.7851,0.8386,0.3133)) × 0.2848  

𝑥𝑠𝑦𝑛 = (0.007,0.0058,0.2007,0.7708,0.836,0.2997)  
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The manually generated synthetic data will be used for Random Forest-SMOTE 

modeling. The process was repeated for other instances to balance the training data for all 

splits (90:10, 80:20, 70:30). 

 

2. ADASYN 

Unlike SMOTE, ADASYN generates synthetic data near the majority class by selecting 

minority instances closest to it and their nearest neighbors. 

 

Table 4. Ilustration of Selected Data, Neighbors, Synthetic ADASYN, and Gap = 0.4972 

Based on Python 

Index Data 
Current 

Ratio 

Quick 

Ratio 

Debt 

Ratio 

Net 

Income 

to Total 

Assets 

Net Income 

to 

Stockholder’s 

Equity 

Total 

Aset 

Turnover 

424 Selected 0.0071 0.0061 0.194 0.7851 0.8386 0.3133 

2017 Neighbor 0.0065 0.0029 0.1905 0.7963 0.8401 0.3133 

8013 Synthetic 0.0068 0.0045 0.1923 0.7906 0.8393 0.3133 

 

As an example, a minority instance is selected randomly and synthetic samples are 

generated using its nearest neighbors, illustrated for the 90:10 data split (see Table 4). 

The following illustrates the manual procedure for generating synthetic data using ADASYN. 

1) Set the balance level parameter (β = 1) and maximum imbalance ratio (𝑑𝑡ℎ = 0.4) 

2) Calculate the balance degree using (7). 

𝑑 =
𝑚𝑠

𝑚𝑙

=
197

5931
= 0.0332 

3) Calculate the number of synthetic samples to generate using (8). 
𝐺 = (𝑚𝑙 − 𝑚𝑠)  𝛽 = (5931 − 197) × 1 = 5734 

4) Calculate the ratio using K-Nearest Neighbors with euclidean distance, as defined in 

(9). 

𝑟𝑖 =
△𝑖

𝑘
=

4

5
= 0.8 

5) Normalize 𝑟𝑖 using (10). 

𝑟𝑖̂ =
𝑟𝑖

∑ 𝑟𝑖
𝑚𝑠
𝑖=1

=
0.8

194
= 0.0041 

6) Calculate the number of synthetic samples to generate for each minority instance 

using (11). 
𝑔𝑖 = 𝑟𝑖̂  𝐺 = 0.0041 × 5734 = 23.5094 ≈ 24 

7) Generate 𝑔𝑖 synthetic samples using (6). 
𝑥𝑠𝑦𝑛 = 𝑥𝑖 + (𝑥𝑘𝑛𝑛 − 𝑥𝑖)   

𝑥𝑠𝑦𝑛 = (0.0071,0.0061,0.194,0.7851,0.8386,0.3133) +

((0.0065,0.0029,0.1905,0.7963,0.8401,0.3133) −

(0.0071,0.0061,0.194,0.7851,0.8386,0.3133)) × 0.4972  

𝑥𝑠𝑦𝑛 = (0.0068,0.0045,0.1923,0.7907,0.8393,0.3133)  

The manually generated synthetic data will be used for Random Forest-ADASYN 

modeling. The process was repeated for other minority instances to balance the training 

data for all splits (90:10, 80:20, 70:30). Table 5 shows the total minority and majority 

samples before and after oversampling. 
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Table 5. Training Data: Original vs SMOTE vs ADASYN 

Splitting 

Data 

Original SMOTE ADASYN 

0 1 Total 0 1 Total 0 1 Total 

90:10 5931 197 6128 5931 5931 11862 5931 5917 11848 

80:20 5272 175 5447 5272 5272 10544 5272 5281 10553 

70:30 4613 153 4766 4613 4613 9266 4613 4622 9235 

 

3.4 Building the Random Forest Model 

To build the Random Forest model, 100 bootstrap samples were first generated with 

replacement, allowing duplicates. Decision trees were then created for each bootstrap, with 

√6 ≈ 2 features randomly selected per split. Node purity was calculated using the Gini 

index (2–4). Figure 3 shows an example tree for the 90:10 split without oversampling. 

 
Figure 4. Random Forest Decision Tree Visualization Illustration 

 

Figure 4 shows one decision tree, consisting of a root node (node 0) and child nodes 

(left node 1, right node 2) used for manual Gini index calculation. The root node feature is 

Net Income to Total Assets with a split at 0.756. The Gini index is 0.0597, with 5939 

majority (0) and 189 minority (1) samples. 

Calculated Gini for Root Node: 

𝑝0 =
5939

6128
= 0.9692, 𝑝1 =

189

6128
= 0.0308  

𝐺𝐼𝑁𝐼(𝐿) = 1 − ∑ 𝑝𝑖
2

𝑗

𝑖=1

= 1 − (0.9692)2 − (0.0308)2 = 0.0597 

Calculated Gini for Node 1 and Node 2: 

Gini for Node 1: 

𝑝0 =
292

395
= 0.7392, 𝑝1 =

103

395
= 0.2608  

𝐺𝐼𝑁𝐼(𝐿1) = 1 − ∑ 𝑝𝑖
2𝑗

𝑖=1 = 1 − (0.7392)2 − (0.2608)2 = 0.3856  

Gini for Node 2: 

𝑝0 =
5647

5733
= 0.985, 𝑝1 =

86

5733
= 0.015  

𝐺𝐼𝑁𝐼(𝐿2) = 1 − ∑ 𝑝𝑖
2𝑗

𝑖=1 = 1 − (0.985)2 − (0.015)2 = 0.0296  

Weighted Gini: 
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𝐺𝐼𝑁𝐼𝐴(𝐿) =
𝑁1

𝑁
𝐺𝐼𝑁𝐼(𝐿1) +

𝑁2

𝑁
𝐺𝐼𝑁𝐼(𝐿2) = (

395

6128
× 0.3856) + (

5733

6128
× 0.0296) = 0.0525 

Gini Reduction: 
𝛥𝐺𝐼𝑁𝐼(𝐴) = 𝐺𝐼𝑁𝐼(𝐿) − 𝐺𝐼𝑁𝐼𝐴(𝐿) = 0.0597 − 0.0525 = 0.0072  

These steps are repeated recursively until leaf nodes reach a Gini index of 0. This 

process is used to create 100 decision trees for the Random Forest with default tree depth. 

 

3.5 Model Evaluation 

The trained model is tested on the testing data, with predictions aggregated using 

majority vote. Performance is then evaluated using a confusion matrix to calculate 

accuracy, recall, precision, and F1-score. 

 

Table 6. Evaluation Metrics Based on Data Splitting and Oversampling Treatment 

Splitting 

Data 

Oversampling 

Technique 
Accuracy Precision Recall 

F1-

Score 

90:10 

SMOTE 93.83% 28.26% 59.09% 38.24% 

ADASYN 92.95% 25 % 59.09% 35.14% 

Without 

Oversampling 
96.33% 33.33% 13.64% 19.36% 

80:20 

SMOTE 94.35% 30.59% 59.09% 40.31% 

ADASYN 93.76% 27.47% 56.82% 37.04% 

Without 

Oversampling 
96.92% 56.25% 20.45% 30% 

70:30 

SMOTE 93.83% 29.45% 65.15% 40.57% 

ADASYN 93.25% 26% 59.09% 36.11% 

Without 

Oversampling 
96.77% 50% 12.12% 19.51% 

 

Based on Table 6, SMOTE and ADASYN improved the model’s recall and F1-score, 

enhancing the classification of the minority class, but slightly reduced accuracy and 

precision. The best model was obtained with a 70:30 split using SMOTE, achieving the 

highest F1-score and recall at 40.57% and 65.15%, while accuracy and precision 

decreased by 2.94% and 20.55%. 

 

4. CONCLUSION 
The evaluation shows that SMOTE and ADASYN improved recall and F1-score, meaning 

the model better identifies and predicts bankrupt companies compared to no oversampling. 

The highest F1-score was 40.57% with a 70:30 split using SMOTE. However, precision and 

accuracy decreased, causing a slight drop in overall prediction accuracy and a tendency to 

misclassify non-bankrupt companies as bankrupt. Overall, SMOTE and ADASYN effectively 

address data imbalance, with SMOTE performing better than ADASYN for predicting 

bankruptcy using financial ratios. These findings provide empirical insights into the 

effectiveness of SMOTE and ADASYN in handling imbalanced data for corporate bankruptcy 

prediction based on financial ratios, providing useful information for future research of 

machine learning models. 
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