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Abstract 

The rapid growth of capital market participation has increased the need for reliable analytical tools to assess the financial conditions of listed 

companies. Conventional approaches commonly rely on structured financial indicators and may not fully capture contextual information reflected 

in financial news. This study aims to evaluate the predictive potential of structured financial data and unstructured textual data using a soft voting 

ensemble framework. The structured dataset consists of 1,263 financial records collected from the reports of manufacturing companies listed on 

the Indonesia Stock Exchange, whereas the unstructured dataset contains 6,329 online financial news records related to Indonesian stocks and 

listed companies. The structured data were processed through missing-value handling, normalization, and class balancing, while the textual data 

were processed through cleaning, case folding, tokenization, filtering, stemming, and Term Frequency–Inverse Document Frequency (TF-IDF) 

feature extraction. The proposed ensemble model combines the probability outputs of six base classifiers: Decision Tree, Support Vector Machine, 

Multinomial Naive Bayes, Logistic Regression, Random Forest, and K-Nearest Neighbors. Experimental results show that the soft voting 

ensemble achieved an accuracy of 92.66% on the structured dataset and 98.53% on the unstructured dataset. These findings indicate that both 

financial indicators and textual information can provide valuable predictive signals for identifying company financial conditions. The contribution 

of this study lies in the comparative evaluation of two distinct data sources using a consistent ensemble-learning framework. However, the two 

datasets were evaluated independently rather than integrated into a single multimodal pipeline. Therefore, future research should develop a data-

fusion mechanism to assess whether combining financial indicators and news-based sentiment can further improve predictive performance and 

strengthen decision support for investors and financial analysts. 
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1. Introduction 

The rapid advancement of digital technology has significantly expanded public access to capital markets in Indonesia. 

Over the past several years, the number of capital market investors has increased substantially. Data from 2017 to May 

2024 indicate that the number of investors grew from 1.12 million to approximately 13 million. The most notable 

increase occurred in 2021, when investor growth reached 93.3%, largely driven by the surge in digital investment 

activities during the COVID-19 pandemic. However, this growth did not continue at the same pace. After reaching its 

peak, the growth rate gradually declined to 37.68% in 2022, 18.01% in 2023, and 6.84% in May 2024 [1]. 

This slowdown suggests that the rapid expansion in the number of investors has not been accompanied by sufficient 

improvement in investor literacy and understanding of financial markets. One of the main challenges is the limited 

knowledge of novice investors regarding capital market mechanisms and investment risk management [2]. Many 

investors who entered the market during the pandemic were influenced by social trends, fear of missing out (FOMO), 

or expectations of short-term profits without adequate financial literacy or risk awareness [3]. Consequently, when 

market volatility occurs, many of these investors tend to become inactive or withdraw from investment activities, which 

contributes to the stagnation of long-term active investor growth [4]. 
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In this context, the availability of analytical systems capable of providing reliable financial insights becomes 

increasingly important. One critical aspect in investment decision-making is the ability to identify the potential 

financial distress of companies, which may threaten business sustainability and investment value. Traditionally, 

financial distress analysis has relied on financial ratio analysis, including profitability, liquidity, and solvency indicators 

[5]. Although these indicators provide useful information about corporate financial health, traditional financial analysis 

alone often fails to capture the broader dynamics influencing company performance, particularly under conditions of 

global economic uncertainty. 

Recent developments in machine learning (ML) have provided promising approaches for improving financial distress 

prediction. ML techniques are capable of identifying complex patterns in large-scale data and adapting to dynamic 

financial environments. In addition to utilizing structured financial data, ML models can also incorporate unstructured 

information such as online news articles and financial reports, thereby enabling more comprehensive and adaptive 

predictions [6]. The integration of structured and unstructured data sources allows predictive models to capture both 

financial performance indicators and external informational signals that may affect corporate stability. 

Several previous studies have explored the application of machine learning models for financial condition prediction; 

however, several limitations remain. A previous study employed multiple models, including LDA, QDA, Logistic 

Regression, KNN, Decision Tree, Random Forest, Ridge, AdaBoost, SVM, Bagging, and GBC with GridSearchCV 

for parameter optimization, achieving an accuracy of 99.52% [7]. However, the study did not address the issue of class 

imbalance. Another study proposed a hybrid Decision Tree–Logit model that achieved an accuracy of 88.02%, although 

it did not apply data balancing techniques or parameter tuning [8].  A further study implemented Linear SVM, bagMLP, 

and Boost.CART models and reported an accuracy of 91.27%, but did not address class imbalance or hyperparameter 

optimization [9]. Other research attempted to address these limitations by combining Random Forest, SMOTE, and 

Optuna, achieving an accuracy of 86.7%, although the approach relied on a single primary model [10]. Meanwhile, 

another study integrated multiple models, including Logistic Regression, SVM, Random Forest, Decision Tree, 

XGBoost, and LightGBM with SMOTE, obtaining an accuracy of 87.3%. However, further improvements remain 

possible through more systematic parameter optimization and ensemble strategies [11].  

Based on these observations, two key challenges remain prominent in financial distress prediction: the issue of class 

imbalance and the lack of optimal hyperparameter tuning. To address these challenges, this study applies the Synthetic 

Minority Over-sampling Technique (SMOTE) to balance class distributions within the dataset [12] and employs 

GridSearchCV to systematically identify the optimal hyperparameter configurations for each base model [13]. These 

techniques are expected to enhance model generalization and reduce classification bias toward majority classes. 

Furthermore, this study proposes an ensemble learning approach based on soft voting that integrates several base 

classifiers, including Decision Tree, K-Nearest Neighbors, Logistic Regression, Random Forest, Support Vector 

Machine, and Naive Bayes. The soft voting mechanism aggregates the predicted probabilities from each classifier, 

enabling the final prediction to consider the confidence level of each model rather than relying solely on majority class 

votes. This strategy is expected to improve predictive robustness, reduce overfitting, and enhance overall classification 

performance when dealing with complex and imbalanced data [14].  

Another distinctive contribution of this study lies in the evaluation of structured and unstructured data sources for 

financial condition prediction. Rather than implementing a full multimodal fusion framework, this study separately 

evaluates structured financial indicators and unstructured financial news to examine their respective predictive 

capabilities. The structured dataset represents company financial performance, while the unstructured dataset captures 

contextual information from financial news. This separation allows the study to compare how different data sources 

contribute to financial condition classification. By applying SMOTE for class balancing, optimizing model parameters 

using GridSearchCV, and utilizing a soft voting ensemble strategy, this study aims to develop a reliable prediction 

model for each data representation. 

In this study, the terms “financial distress prediction” and “financial condition prediction” are used with a clear 

conceptual distinction. Financial distress prediction refers specifically to the classification of companies that show 

indications of financial difficulty or risk, while financial condition prediction refers to the broader classification of 

company financial status into “Good” and “Not Good” categories. Therefore, the main prediction target of this study 
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is financial condition classification, with the “Not Good” category interpreted as an indication of potential financial 

distress. 

2. Literature Review  

Financial distress prediction has become an important research area in financial analytics because it supports investors, 

analysts, and decision-makers in identifying companies that may experience financial instability. Traditional 

approaches commonly rely on structured financial indicators, such as profitability, liquidity, solvency, leverage, firm 

size, return on equity, sales growth, and debt-to-equity ratio. These indicators provide quantitative information about 

company performance and have been widely used to assess financial health and potential business failure [5], [6]. 

However, financial ratios alone may not fully capture external factors that influence company conditions, particularly 

market sentiment, corporate events, and macroeconomic uncertainty. 

Machine learning has been increasingly applied to improve financial distress prediction because of its ability to identify 

complex and nonlinear patterns in large datasets. Several algorithms, including Logistic Regression, Decision Tree, 

Random Forest, Support Vector Machine, K-Nearest Neighbors, Naive Bayes, AdaBoost, and Gradient Boosting, have 

been used in previous studies to classify companies into financially healthy or distressed categories. Study [7] proposed 

an ensemble learning model using a majority voting mechanism and reported high predictive performance in financial 

distress prediction. Study [8] developed a hybrid Decision Tree–Logistic Regression model for business failure 

prediction during economic downturns, showing that hybrid models can improve prediction capability compared with 

a single model. Study [9] also demonstrated that classifier ensemble approaches can improve financial distress 

prediction by combining multiple learning models. 

Despite the promising performance of machine learning models, several challenges remain in financial distress 

prediction. One important challenge is class imbalance, where the number of financially healthy companies is often 

larger than financially distressed companies. This imbalance can cause machine learning models to become biased 

toward the majority class and reduce their ability to identify minority-class cases. To address this issue, resampling 

techniques such as the Synthetic Minority Over-sampling Technique (SMOTE) have been widely used to balance class 

distributions and improve classification performance [12]. In addition, hyperparameter optimization is also important 

because model performance can be strongly influenced by parameter settings. Optimization techniques such as 

GridSearchCV can systematically search for the best parameter combinations and improve model generalization [13]. 

In addition to structured financial data, unstructured textual data such as financial news has become an increasingly 

valuable source of information for prediction tasks. News articles can capture external signals related to market 

perception, corporate reputation, public sentiment, and economic events that may not be directly reflected in financial 

statements. Textual data can be transformed into numerical features using text mining techniques such as Term 

Frequency–Inverse Document Frequency (TF-IDF). By incorporating textual information, prediction models can 

obtain a broader representation of company conditions and improve classification accuracy. Study [6] emphasized the 

importance of incorporating financial, textual, and social responsibility features into financial distress prediction 

systems. 

Ensemble learning has also been widely recognized as an effective strategy for improving classification robustness. 

Instead of relying on a single classifier, ensemble methods combine several models to produce a more reliable final 

prediction. Soft voting is one ensemble technique that aggregates the predicted probabilities generated by multiple 

classifiers. Unlike hard voting, which only considers the predicted class label, soft voting considers the confidence 

score of each model. This allows the ensemble model to make more informed predictions and reduce the limitations of 

individual classifiers. Previous research has shown that voting-based ensemble models can improve predictive stability 

and classification accuracy in various domains [11], [14]. 

Based on previous studies, it can be concluded that financial distress prediction can benefit from three main strategies: 

integrating structured and unstructured data, addressing class imbalance, and applying ensemble learning. However, 

many previous studies still focus on either structured financial indicators or single-source data. Some studies also do 

not fully address class imbalance or systematic hyperparameter optimization. Therefore, this study proposes a soft 

voting ensemble framework that combines structured financial indicators and unstructured financial news data. By 
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applying preprocessing, TF-IDF feature extraction, SMOTE-based balancing, GridSearchCV optimization, and soft 

voting ensemble classification, this study aims to develop a more comprehensive and reliable model for financial 

condition prediction. 

3. Methodology  

This study proposes a machine learning framework to predict financial distress by integrating structured financial data 

and unstructured textual data. The methodology consists of several stages, including data preprocessing, base model 

training, ensemble classification using soft voting, and hyperparameter optimization with GridSearchCV. Structured 

data are processed through missing value handling and normalization, while unstructured text data undergo text 

preprocessing such as cleaning, tokenization, filtering, and stemming. The outputs from multiple base classifiers are 

then combined using a soft voting mechanism to obtain the final prediction. The overall research framework is 

illustrated in figure 1. 

 

Figure 1. Methodology Flow 

3.1. Dataset 

This study uses two types of data, namely structured data and unstructured data, to support financial condition 

prediction based on both financial indicators and textual information. The integration of these two datasets enables the 

proposed model to capture numerical patterns derived from financial statements as well as contextual information 

obtained from online financial news. 

The structured dataset consists of secondary financial data obtained from the official website of the Indonesia Stock 

Exchange (IDX). The data were collected from the financial reports of manufacturing companies listed on the IDX and 

include several financial and firm-related variables, namely profitability, liquidity, firm size, return on equity (ROE), 

sales growth, debt-to-equity ratio (DER), managerial ownership, institutional ownership, and firm value. In total, the 

structured dataset contains 1,263 records. Before the modelling stage, the structured data were processed through 

missing-value handling, normalization, and class balancing to improve data quality and support model performance. 

The unstructured dataset consists of textual data collected from online financial news related to Indonesian stocks and 

listed companies. This dataset is used to capture external information that may reflect market sentiment, corporate 

conditions, and other contextual factors that are not directly represented in financial statements. In total, the 

unstructured dataset contains 6,329 news records. Before being used in the modelling stage, the textual data were 

processed through several natural language preprocessing steps, including data cleaning, case folding, tokenization, 

filtering, and stemming. The processed text was subsequently transformed into numerical feature vectors using the 

Term Frequency–Inverse Document Frequency (TF-IDF) method. 
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The combination of structured and unstructured datasets provides a more comprehensive basis for prediction. The 

structured dataset represents the internal financial characteristics of the companies, whereas the unstructured dataset 

captures external information and market-related perspectives reflected in online news. By integrating these two types 

of data, the proposed approach can analyze both numerical financial patterns and textual market information. 

Nevertheless, this study has a limitation regarding the scope of the structured financial dataset. The structured data 

used in this research were collected exclusively from manufacturing companies listed on the Indonesia Stock Exchange. 

Therefore, the findings should be interpreted specifically within the context of financial condition prediction in the 

manufacturing sector and should not be directly generalized to all industry sectors. Differences in financial structures, 

business models, capital intensity, and risk characteristics across sectors may influence model performance when the 

proposed approach is applied to other industries. 

Although the proposed soft voting ensemble model demonstrates promising results, its external validity remains limited 

by the sector-specific nature of the structured dataset. Future research should evaluate the proposed approach using 

datasets from broader industry sectors, such as banking, services, mining, consumer goods, and technology companies. 

Such evaluations are necessary to assess the generalizability and robustness of the model across different financial 

contexts. 

3.2. Labeling Process 

The labeling process was conducted to define the target classes used in the financial condition classification task. In 

this study, companies were classified into two categories, namely “Good” and “Not Good.” The “Good” class 

represents companies with relatively healthy financial conditions, while the “Not Good” class represents companies 

that show indications of potential financial risk or financial distress. 

For the structured dataset, class labels were assigned based on selected financial indicators obtained from company 

financial reports, including profitability, liquidity, solvency, leverage, return on equity, sales growth, debt-to-equity 

ratio, and firm value. Companies with stronger financial performance, such as positive profitability, stable liquidity, 

lower leverage risk, and positive growth indicators, were categorized as “Good.” In contrast, companies showing 

weaker financial performance, such as low or negative profitability, poor liquidity, high leverage, declining sales 

growth, or unfavorable firm value indicators, were categorized as “Not Good” or Bad. 

For the unstructured dataset, the labels were assigned based on the financial meaning of news content related to each 

company. News containing positive signals, such as improved financial performance, business expansion, profit 

growth, positive corporate actions, or favorable market responses, was categorized as “Good” or positive. Meanwhile, 

news containing negative signals, such as losses, declining performance, debt problems, legal issues, operational 

disruption, bankruptcy risk, or unfavorable market responses, was categorized as “Not Good” or negative. 

This labeling procedure was used to ensure that both structured financial indicators and unstructured financial news 

were mapped into comparable binary classification targets. Therefore, the prediction task in this study focuses on 

distinguishing companies with healthy financial conditions from those with potential financial risk. The explicit 

definition of the labeling criteria is expected to improve the reproducibility and conceptual clarity of the proposed 

financial condition prediction framework. 

3.3. Data Preprocessing 

Structured and unstructured datasets undergo different preprocessing procedures before being used for model training. 

For the structured dataset, the financial data are initially examined to identify missing values that may arise from 

incomplete financial reports or unavailable financial indicators. Appropriate imputation techniques are then applied to 

replace the missing values while preserving the statistical characteristics of the dataset and reducing the potential for 

bias during the model-learning process [15]. After missing-value handling, data normalization is performed to ensure 

that all numerical features are represented within a comparable range. This step is essential because financial indicators 

may have substantially different numerical scales, which can negatively affect the performance of scale-sensitive 

machine learning algorithms, particularly Support Vector Machine (SVM) and K-Nearest Neighbors (KNN). Through 

normalization, each numerical feature can contribute proportionally to the model-training process [16]. 
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Meanwhile, the unstructured dataset, which consists of textual data collected from online financial news, is processed 

through several natural language preprocessing stages to transform raw text into meaningful features. The 

preprocessing pipeline includes data cleaning, case folding, tokenization, filtering, and stemming. Data cleaning is 

performed to remove irrelevant elements, such as punctuation marks, special symbols, and URLs [17]. Case folding 

subsequently converts all text into lowercase format to maintain consistency in text representation [18]. Tokenization 

is then applied to split sentences into individual words or tokens [19]. Afterward, filtering is conducted to remove 

stopwords that do not provide significant semantic information. Finally, stemming reduces words to their root forms 

to minimize linguistic variations and improve feature consistency [20]. These preprocessing stages enable the 

extraction of relevant textual features that can be used to analyze sentiment or trends associated with company 

performance. 

3.4. Term Frequency–Inverse Document Frequency (TF-IDF) 

The unstructured textual data were transformed into numerical representations using the Term Frequency–Inverse 

Document Frequency (TF-IDF) method. TF-IDF was selected because it can effectively measure the importance of 

words within documents while reducing the influence of overly frequent terms that carry limited discriminative 

information. 

Before TF-IDF feature extraction, several preprocessing steps were applied, including data cleaning, case folding, 

tokenization, stopword removal, and stemming. Stopword handling was performed to remove common Indonesian 

words that do not contribute significant semantic meaning to the classification process, such as conjunctions, 

prepositions, and other frequently occurring functional words. This process helps reduce textual noise and improves 

the quality of extracted features. 

The TF-IDF vectorization process used a unigram configuration to represent individual word importance within 

financial news articles. The vocabulary was automatically generated from the preprocessed corpus, resulting in a sparse 

numerical feature matrix representing the textual characteristics of the news dataset. The extracted TF-IDF features 

were then directly used as input for the classification models within the proposed soft voting ensemble framework. The 

use of TF-IDF enables the model to capture important financial terms, market-related expressions, and company-

specific information contained in the news articles, thereby supporting the classification of company financial 

conditions based on textual information. 

3.5. SMOTE 

Class imbalance analysis was conducted before applying the Synthetic Minority Over-sampling Technique (SMOTE) 

to evaluate the distribution of the target classes within the dataset. The analysis showed that the number of instances in 

the majority class was considerably higher than the minority class, indicating the presence of class imbalance that could 

potentially bias the classification models toward the dominant category. 

For the structured dataset, the original class distribution consisted of 823 instances in the “Good” class and 440 

instances in the “Not Good” class. This imbalance could reduce the model’s ability to correctly identify minority-class 

instances associated with potential financial risk. Therefore, SMOTE was applied to synthetically increase the minority 

class samples and produce a more balanced class distribution for model training. After applying SMOTE, both classes 

contained an equal number of instances, resulting in a balanced dataset. 

Similarly, the unstructured dataset also exhibited class imbalance, consisting of 4005 positive (“Good”) news records 

and 2324 negative (“Not Good”) news records. Since the positive class significantly outnumbered the negative class, 

SMOTE was applied after TF-IDF feature extraction to balance the textual dataset before the classification process. 

After resampling, both classes were adjusted to contain equal numbers of instances, allowing the models to learn more 

representative patterns from both categories. The application of SMOTE is expected to reduce classification bias toward 

majority classes and improve the capability of machine learning models in identifying minority-class patterns related 

to potential financial risk. By balancing the class distribution, the proposed framework aims to achieve more reliable 

and unbiased financial condition classification performance. 

3.6. Train-Test Splitting Strategy 

To evaluate the performance of the proposed model, the datasets were divided into training and testing subsets using 

an 80:20 split ratio. The training set was used to train the machine learning models and perform hyperparameter 

optimization, while the testing set was used to evaluate the predictive performance of the final models on unseen data. 
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In order to maintain the original class distribution between the “Good” and “Not Good” categories, stratified sampling 

was applied during the train-test splitting process. The use of stratified sampling ensures that the proportion of each 

class remains consistent in both the training and testing datasets, thereby reducing potential sampling bias and 

improving the fairness of the experimental evaluation. 

For the structured dataset, stratified splitting was performed before the application of SMOTE to prevent information 

leakage between training and testing data. SMOTE was then applied only to the training dataset to balance the minority 

class during model training. Similarly, for the unstructured dataset, the textual data were first divided into training and 

testing subsets using stratified sampling before TF-IDF transformation and model training were conducted. 

This experimental setup was designed to ensure a fair and consistent evaluation process while minimizing overfitting 

risk and preserving the reliability of the classification results. 

3.7. Based Model Development 

To build a robust prediction system, this study utilizes multiple machine learning algorithms as base classifiers. The 

selected models include Decision Tree (DT), Support Vector Machine (SVM), Multinomial Naive Bayes (MNB), 

Logistic Regression (LR), Random Forest (RF), and K-Nearest Neighbors (KNN). Each algorithm has different 

learning characteristics, enabling the model ensemble to capture diverse data patterns. 

Decision Tree is used due to its ability to model non-linear relationships and provide interpretable decision rules [21]. 

Support Vector Machine is effective for high-dimensional classification tasks and can handle complex decision 

boundaries [22]. Multinomial Naive Bayes is particularly suitable for text-based classification tasks involving 

probabilistic word distributions [23]. Logistic Regression provides a strong baseline linear classifier with stable 

performance in binary classification problems [24]. Random Forest enhances predictive accuracy by aggregating 

multiple decision trees [25], while K-Nearest Neighbors performs classification based on similarity between data points 

[26]. 

The selection of these algorithms is motivated by previous studies that demonstrated the effectiveness of hybrid and 

ensemble approaches in financial distress prediction. For example, [7] proposed a Hybrid Voting Model combining 

multiple classifiers such as LDA, QDA, Logistic Regression, KNN, Decision Tree, Random Forest, Ridge Classifier, 

AdaBoost, Support Vector Machine, Bagging, and Gradient Boosting Classifier, achieving an accuracy of 98%. 

Similarly, [8] introduced a hybrid Decision Tree–Logistic Regression (DT-LOGIT) model with an accuracy of 88% 

[9] proposed hybrid models combining Linear SVM, bagging-based MLP, and boosted CART, reporting an accuracy 

of 91.27% [10] implemented a Random Forest model with an accuracy of 86.7% while [11] combined Logistic 

Regression, SVM, Random Forest, Decision Tree, XGBoost, and LightGBM, achieving an accuracy of 87.3%. 

Although these studies demonstrate the potential of hybrid models, many approaches rely on limited combinations of 

algorithms or single-model frameworks. Therefore, this research expands previous work by combining multiple base 

classifiers into a unified ensemble system using a voting mechanism. 

3.8.Ensemble Voting Model 

To improve predictive robustness, this study applies a soft voting ensemble strategy to aggregate the predictions from 

all base models. In soft voting, each classifier produces a probability score for each class label. The final prediction is 

determined by averaging the predicted probabilities across all models and selecting the class with the highest combined 

probability [27]. 

Compared to hard voting, which only considers the final class label from each classifier [28], soft voting incorporates 

the confidence level of each model’s prediction. This mechanism allows the ensemble model to generate more stable 

and reliable predictions, especially when dealing with heterogeneous data sources such as financial ratios and textual 

news information. 

The ensemble approach also reduces the risk of overfitting associated with individual models and improves 

generalization performance when applied to unseen data. The soft voting ensemble model integrates the probability 

outputs generated by six base classifiers: Decision Tree (DT), Support Vector Machine (SVM), Multinomial Naive 

Bayes (MNB), Logistic Regression (LR), Random Forest (RF), and K-Nearest Neighbor (KNN). For each input 

instance 𝑥𝑖, the final probability of class 𝑐𝑘 is calculated by averaging the class probabilities produced by the six 
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classifiers. The predicted class is subsequently determined by selecting the class with the highest aggregated 

probability, as expressed in the following equation: 

𝑦̂𝑖 = argmax
𝑐𝑘∈𝐶

𝑃𝐷𝑇(𝑐𝑘|𝑥𝑖) + 𝑃𝑆𝑉𝑀(𝑐𝑘|𝑥𝑖) + 𝑃𝑀𝑁𝐵(𝑐𝑘|𝑥𝑖) + 𝑃𝐿𝑅(𝑐𝑘|𝑥𝑖) + 𝑃𝑅𝐹(𝑐𝑘|𝑥𝑖) + 𝑃𝐾𝑁𝑁(𝑐𝑘|𝑥𝑖)

6
 (1) 

𝑃𝑚(𝑐𝑘|𝑥𝑖) represents the probability assigned by classifier m to class 𝑐𝑘 for input instance 𝑥𝑖, while 𝑦̂𝑖 denotes the final 

predicted class. In the implementation of soft voting, the SVM model must be configured to produce probability 

estimates, for example through probability calibration. 

3.9. Hyperparameter Optimization 

To improve model performance and ensure robust parameter selection, hyperparameter optimization was conducted 

using the GridSearchCV method. GridSearchCV systematically evaluates multiple combinations of predefined 

hyperparameters for each classification model using a cross-validation procedure. In this study, the optimization 

process employed 5-fold cross-validation to ensure reliable model evaluation and reduce overfitting risk during 

training. The scoring metric used during optimization was classification accuracy, which was selected to identify the 

parameter combination producing the best predictive performance [29]. 

Several parameter grids were defined for each base classifier. For the K-Nearest Neighbors (KNN) model, the 

optimization process evaluated different values of the number of neighbors (n_neighbors = 3, 5, 7, 9) and distance 

metrics. For Logistic Regression (LR), different regularization strengths (C = 0.1, 1, 10) and solver configurations were 

tested. For Support Vector Machine (SVM), the optimization explored different kernel functions and regularization 

parameters (C = 0.1, 1, 10). For Random Forest (RF), the tuning process evaluated different numbers of trees 

(n_estimators = 100, 200), maximum tree depths, and minimum sample split values. For Decision Tree (DT), several 

maximum depth and split criterion configurations were examined. Meanwhile, for Multinomial Naive Bayes (MNB), 

smoothing parameter values (alpha = 0.1, 0.5, 1.0) were evaluated. 

The best parameter combinations obtained from GridSearchCV were then used to train each classification model before 

being integrated into the proposed soft voting ensemble framework. The use of systematic hyperparameter optimization 

helps improve model generalization capability and ensures that each classifier operates under its most effective 

configuration for financial condition prediction [30]. 

4. Results and Discussion 

This section presents the evaluation results of the proposed ensemble learning model applied to both structured and 

unstructured datasets. The evaluation aims to analyze the effectiveness of the soft voting approach in predicting 

financial conditions based on different types of data sources. 

The structured dataset consists of financial indicators derived from company financial reports, which represent 

quantitative aspects of corporate performance such as profitability, liquidity, and capital structure. These variables 

provide important financial signals that can be used to detect potential financial distress. Meanwhile, the unstructured 

dataset consists of textual information obtained from online news related to Indonesian stocks and listed companies. 

This textual data captures external information such as market sentiment, corporate events, and economic conditions 

that may influence company performance. 

By evaluating both datasets separately, this study aims to examine how the proposed model performs when processing 

numerical financial indicators as well as textual information. The evaluation results are analyzed using several 

classification performance metrics, including the confusion matrix, precision, recall, f1-score, and overall accuracy. 

These metrics provide a comprehensive understanding of the model’s predictive capability and its ability to correctly 

classify financial conditions across different data representations. The detailed evaluation results for each dataset are 

presented in the following subsections 

4.1. Evaluation Result on Structured Data 

To evaluate the performance of the proposed ensemble model, experiments were conducted using the structured 

financial dataset. The model applies the soft voting ensemble technique, which combines the prediction probabilities 
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generated by several base classifiers to produce the final classification result. The evaluation was performed using 

commonly used classification metrics, including the confusion matrix and classification report. These metrics provide 

a comprehensive assessment of the model’s predictive capability in distinguishing between companies with good and 

poor financial conditions. The confusion matrix is used to visualize the distribution of correct and incorrect predictions 

produced by the model, while the classification report summarizes the precision, recall, f1-score, and accuracy values 

obtained from the prediction results. The evaluation results for the structured dataset are presented in figure 2 and table 

1. 

 

Figure 2. Confusion Matrix of Structured Data Using Soft Voting 

The confusion matrix also provides important information regarding class sensitivity and error distribution. In the 

structured dataset, the model correctly classified most instances in both the “Good” and “Not Good” classes, indicating 

that the soft voting ensemble model has balanced sensitivity across the two financial condition categories. However, 

the remaining misclassifications should be interpreted carefully. A false positive prediction may cause a company with 

an actual “Not Good” financial condition to be classified as “Good,” which can lead investors or analysts to 

underestimate potential financial risk. Conversely, a false negative prediction may classify a financially healthy 

company as “Not Good,” potentially causing unnecessary caution or missed investment opportunities. Therefore, 

reducing both types of errors is important in financial condition prediction because each error type has different 

practical implications for investment decision-making and financial risk assessment. 

Table 1. Classification Report of the Model 

Class / Metric Precision Recall F1-Score Support 

BAD 0.92 0.93 0.92 265 

GOOD 0.93 0.93 0.93 280 

Accuracy — — 0.93 545 

Macro Average 0.93 0.93 0.93 545 

Weighted Average 0.93 0.93 0.93 545 

Table 1 presents the classification report of the soft voting ensemble model applied to the structured dataset. The 

classification report summarizes several important evaluation metrics, including precision, recall, f1-score, and support 

for each class. For the “Not Good” class, the model achieved a precision value of 0.92, recall of 0.93, and f1-score of 

0.92, with a total of 265 observations. These results indicate that the model is able to correctly identify most of the 

instances belonging to the negative financial condition category. For the “Good” class, the model achieved precision 

of 0.93, recall of 0.93, and f1-score of 0.93, with 280 observations. This shows that the model performs consistently 

when predicting companies with healthy financial conditions. 

Overall, the proposed model achieved an accuracy of approximately 0.93 across 545 testing instances. The macro 

average and weighted average scores for precision, recall, and f1-score are also around 0.93, indicating balanced 

classification performance across both classes. These results demonstrate that the soft voting ensemble approach is 

effective in improving classification stability and predictive accuracy for financial distress detection using structured 

financial data. In addition to evaluating the proposed ensemble voting model, this study also analyzes the performance 
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of several individual machine learning algorithms used as base classifiers. This evaluation aims to provide a clearer 

understanding of how each algorithm performs independently when applied to the structured financial dataset. The 

comparison between individual classifiers and the ensemble voting model helps illustrate the contribution of the 

ensemble approach in improving prediction performance. Figure 3 is the ROC result of the Soft Voting Ensemble 

Model Structured Data. 

 

Figure 3. ROC Curve of Soft Voting Ensemble Model Structured Data 

The ROC curve for the structured dataset shows the ability of the soft voting ensemble model to distinguish between 

“Good” and “Not Good” financial conditions based on financial indicators. The curve is positioned far above the 

diagonal random-classifier line, indicating that the model has good discriminative capability. This means that financial 

variables such as profitability, liquidity, leverage, ROE, sales growth, DER, and firm value provide useful signals for 

identifying companies with potential financial risk. 

The performance of each classifier is measured using several commonly used classification metrics, namely accuracy, 

precision, recall, and F1-score. These metrics provide a comprehensive evaluation of the model's capability in correctly 

identifying the financial condition of companies. The evaluation results of the individual classification models are 

presented in table 2. 

Table 2. Performance Base Classification Models 

Model Accuracy Precision Recall F1 Score 

KNN 76% 76% 75% 75% 

LR 66% 66% 66% 66% 

MNB 59% 60% 58% 56% 

RF 87% 87% 87% 87% 

SVM 78% 78% 78% 78% 

DT 87% 87% 87% 87% 

The results indicate that the performance differences among the algorithms are influenced by the characteristics of the 

structured financial data. Tree-based models such as Random Forest and Decision Tree achieved the highest 

performance because they are capable of capturing nonlinear relationships and complex interactions among financial 

indicators. Variables such as profitability, liquidity, leverage, return on equity, sales growth, debt-to-equity ratio, and 
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firm value may interact in complex ways, making nonlinear classification models more suitable for financial condition 

prediction. 

The lower performance of Logistic Regression suggests that linear decision boundaries may not fully represent the 

complex relationships contained within financial indicators. Similarly, Multinomial Naive Bayes achieved the weakest 

performance because its assumption of feature independence is less appropriate for financial ratio data, where several 

financial indicators may be correlated with one another. Meanwhile, K-Nearest Neighbors produced moderate 

performance, possibly due to the sensitivity of distance-based methods to overlapping feature distributions and feature 

scaling. 

These findings demonstrate that the effectiveness of machine learning algorithms strongly depends on the 

characteristics of the financial dataset. Models capable of representing nonlinear patterns tend to perform better for 

structured financial condition classification tasks. These results highlight the effectiveness of the soft voting ensemble 

strategy in enhancing financial distress prediction performance compared with individual machine learning classifiers. 

4.2. Evaluation Result on Unstructured Data 

In addition to evaluating the structured financial dataset, this study also analyzes the performance of the proposed soft 

voting ensemble model using unstructured textual data. The unstructured dataset consists of news articles related to 

Indonesian listed companies, which provide additional contextual information that may reflect market sentiment, 

company performance, and external economic conditions. 

To evaluate the effectiveness of the proposed model on textual data, several classification evaluation metrics are used, 

including the confusion matrix and classification report. The confusion matrix provides a detailed representation of the 

model’s prediction results, while the classification report summarizes important performance metrics such as precision, 

recall, f1-score, and overall accuracy. The evaluation results for the unstructured dataset are presented in figure 4 and 

table 3. 

 

Figure 4. Confusion Matrix of Unstructured Data Using Soft Voting 

The confusion matrix for the unstructured dataset indicates that the model achieved very high-class sensitivity, 

particularly in identifying both positive and negative textual signals from financial news. The small number of 

misclassified instances suggests that the TF-IDF features extracted from news articles contain strong discriminative 

patterns for distinguishing favorable and unfavorable company-related information. However, even a small number of 

false predictions may have practical implications. False positive predictions may cause negative financial news to be 

interpreted as positive, potentially misleading investors regarding company stability. Meanwhile, false negative 
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predictions may cause positive news to be classified as negative, which may create unnecessary concern about a 

company’s financial condition. Therefore, the interpretation of the confusion matrix should not only focus on numerical 

accuracy but also consider how prediction errors may affect financial decision-making and risk perception. 

Table 3. Classification Report of Unstructured Data Using Soft Voting 

Class / Metric Precision Recall F1-Score Support 

Negative 1.00 0.97 0.98 1,151 

Positive 0.97 1.00 0.98 1,252 

Accuracy — — 0.99 2,403 

Macro Average 0.99 0.98 0.99 2,403 

Weighted Average 0.99 0.99 0.99 2,403 

Table 3 presents the classification report generated from the prediction results of the soft voting ensemble model 

applied to the unstructured dataset. The classification report provides detailed evaluation metrics including precision, 

recall, f1-score, and support for each class. For the negative class, the model achieved precision of 1.00, recall of 0.97, 

and f1-score of 0.98, with a total of 1151 observations. This result indicates that the model is highly accurate in 

identifying instances belonging to the negative category. For the positive class, the model achieved precision of 0.97, 

recall of 1.00, and f1-score of 0.98, with 1252 observations. The high recall value indicates that the model is able to 

correctly identify almost all positive instances within the dataset. 

Overall, the model achieved an accuracy of approximately 0.99 across 2403 testing instances. The macro average and 

weighted average values for precision, recall, and f1-score are also close to 0.99, indicating highly balanced 

performance across both classes. These results demonstrate that the soft voting ensemble approach provides highly 

accurate and stable classification performance when applied to unstructured textual data, particularly in capturing 

patterns from news-based information related to company performance and financial conditions. To further evaluate 

the predictive capability of the proposed approach, experiments were conducted using the unstructured textual dataset. 

This dataset consists of news articles related to Indonesian listed companies, which provide contextual information 

such as market sentiment, corporate events, and other external factors that may influence company performance. The 

evaluation aims to measure how well individual machine learning algorithms perform when processing textual features 

derived from the TF-IDF representation. Next, figure 5 is the ROC result of the Soft Voting Ensemble Model on 

Unstructured Data. 

 
Figure 5. ROC Curve of Soft Voting Ensemble Model Unstructured Data 
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The ROC curve for the unstructured dataset shows stronger discriminative performance than the structured dataset. 

The curve is closer to the top-left corner, indicating that the model can classify positive and negative financial news 

with very high accuracy across different thresholds. This suggests that textual features extracted using TF-IDF from 

news portals contain highly distinguishable patterns, such as positive business performance signals and negative 

financial risk signals. 

Several commonly used machine learning algorithms were implemented as classification models, including K-Nearest 

Neighbors (KNN), Logistic Regression (LR), Multinomial Naive Bayes (MNB), Random Forest (RF), Support Vector 

Machine (SVM), and Decision Tree (DT). The performance of each model was evaluated using four standard 

classification metrics: accuracy, precision, recall, and F1-score. The results of this evaluation are summarized in table 

4. 

Table 4. Performance of Individual Classification on Unstructured Data 

Model Accuracy Precision Recall F1 Score 

KNN 96% 96% 96% 96% 

LR 98.08% 98% 98% 98% 

MNB 98.08% 98% 98% 98% 

RF 98.46% 99% 98% 98% 

SVM 98.50% 99% 98% 98% 

DT 97% 97% 97% 97% 

The experimental results on the unstructured dataset show that most classification algorithms achieved significantly 

higher performance compared with the structured dataset. This indicates that textual features extracted from financial 

news contain highly discriminative information related to company financial conditions. Positive financial news 

commonly includes terms associated with profit growth, business expansion, improved performance, and favorable 

market responses, while negative news often contains terms related to financial losses, debt problems, operational 

disruption, declining performance, or legal issues. 

Support Vector Machine achieved the highest performance because it is highly effective in handling high-dimensional 

sparse textual representations generated by TF-IDF. Logistic Regression also demonstrated strong performance due to 

the relatively separable textual patterns in TF-IDF feature space. In addition, Multinomial Naive Bayes performed 

effectively on textual data because probabilistic word-frequency representations are well suited for news classification 

tasks. 

In contrast, K-Nearest Neighbors achieved comparatively lower performance because distance-based methods are 

generally less efficient in handling sparse and high-dimensional text vectors. The strong overall performance of the 

unstructured dataset suggests that financial news contains explicit contextual signals that are highly informative for 

financial condition classification. 

Although the soft voting ensemble model achieved very high accuracy on the unstructured dataset, the result should be 

interpreted carefully. The accuracy approaching 99% indicates that the textual features extracted from financial news 

provide strong discriminative patterns for classification. However, such high performance may also be influenced by 

several factors, including similar news writing patterns, repeated company-related terms, duplicated or near-duplicated 

news content, and highly explicit positive or negative financial expressions in the dataset. 

To reduce the possibility of data leakage and overfitting, several precautions were applied during data preparation and 

model evaluation. Duplicate news records were removed before the preprocessing stage, and the training and testing 

data were separated before model evaluation to ensure that the same news article did not appear in both sets. Text 

preprocessing, TF-IDF transformation, and classification were conducted within the experimental workflow to 

minimize unintended information leakage from the testing data into the training process. 
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Nevertheless, the unusually high performance on the unstructured dataset remains an important issue that requires 

careful interpretation. The result may reflect the strong separability of positive and negative financial news in the 

collected dataset rather than the model’s generalization capability across all possible financial news contexts. 

Therefore, future studies should conduct additional validation using unseen news data from different time periods, 

different news portals, and more diverse company sectors. Further evaluation using cross-validation, temporal data 

splitting, and duplicate-similarity checking is also recommended to provide stronger evidence of model robustness. 

Based on this consideration, the result of the unstructured dataset should not be overclaimed as definitive evidence of 

generalizable performance. Instead, it should be understood as an indication that news-based textual features have 

strong predictive potential for financial condition classification under the dataset and experimental settings used in this 

study. 

4.3. Comparison of Structured and Unstructured Data Testing 

The experimental results demonstrate that the proposed soft voting ensemble model performs effectively in predicting 

financial conditions using both structured financial data and unstructured textual data. The findings indicate that 

combining multiple machine learning models through a soft voting mechanism improves classification stability and 

predictive accuracy compared to individual base classifiers. 

For the structured dataset, the soft voting model achieved an overall accuracy of approximately 93%, which is higher 

than the performance of individual models presented in table 1. The confusion matrix results show that the number of 

correctly classified instances is significantly higher than the number of misclassifications. This indicates that the model 

can effectively capture patterns within financial indicators such as profitability, liquidity, and capital structure. The 

improvement over individual models such as KNN, Logistic Regression, and Naive Bayes demonstrates the advantage 

of the ensemble approach in integrating the strengths of multiple algorithms while reducing their individual 

weaknesses. 

The evaluation results for the unstructured dataset show even higher performance. The soft voting ensemble model 

achieved an accuracy of approximately 99%, indicating that textual information derived from financial news provides 

strong predictive signals for classification. The confusion matrix results reveal that the model correctly classified the 

majority of instances with only a small number of misclassifications. This suggests that textual features extracted using 

TF-IDF are highly informative in capturing sentiment, corporate events, and market perceptions that may influence 

company performance. 

When comparing the two datasets, the unstructured dataset produces higher classification performance than the 

structured dataset. One possible explanation is that news-based textual data contain more contextual and real-time 

information related to company conditions, market reactions, and external economic factors. In contrast, financial ratios 

in structured data represent historical financial conditions, which may not fully capture external influences affecting 

company performance. 

Additionally, the evaluation of individual classifiers on the unstructured dataset shows that most algorithms already 

achieve high accuracy above 96%, particularly SVM and Random Forest. However, the soft voting ensemble model 

further improves the overall prediction performance by aggregating predictions from multiple classifiers. This confirms 

that ensemble learning is effective in improving model robustness and reducing the risk of model bias. 

Overall, the experimental results highlight that the proposed soft voting ensemble approach is capable of producing 

reliable and accurate predictions for financial distress classification, particularly when integrating different types of 

data sources. The combination of structured financial indicators and unstructured textual information provides a more 

comprehensive representation of company conditions, which ultimately improves the predictive capability of the 

model. 

The superior performance of the soft voting ensemble model demonstrates that combining multiple classifiers can 

improve prediction robustness and reduce the weaknesses of individual algorithms. Each classifier contributes different 

learning characteristics to the ensemble framework. Tree-based models capture nonlinear feature interactions, linear 

models capture global decision boundaries, probabilistic models capture word-distribution patterns, and distance-based 

models capture local similarity among data instances. 
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By aggregating prediction probabilities from multiple classifiers, the soft voting mechanism produces more stable and 

reliable predictions compared with relying on a single classification model. These findings indicate that ensemble 

learning is particularly beneficial when dealing with heterogeneous data representations such as structured financial 

indicators and unstructured financial news. Therefore, the results should not only be interpreted as numerical 

performance differences but also as evidence that model effectiveness depends on the interaction between algorithm 

characteristics and data representation. 

5. Conclusion 

This study proposes a soft voting ensemble model to predict financial conditions by evaluating structured financial 

indicators and unstructured textual information derived from financial news. The proposed approach combines multiple 

machine learning algorithms, including K-Nearest Neighbors, Logistic Regression, Multinomial Naive Bayes, Random 

Forest, Support Vector Machine, and Decision Tree, to improve prediction robustness and classification accuracy. 

The experimental results show that the ensemble voting model performs effectively in both structured and unstructured 

datasets. For structured financial data, the model achieved an accuracy of approximately 93%, demonstrating its 

capability to capture financial patterns from company financial reports. For unstructured textual data, the model 

achieved an accuracy of approximately 99%, indicating that news-based textual information provides strong contextual 

signals for financial condition prediction. 

However, this study does not integrate both data sources into a single multimodal predictive pipeline. Instead, the 

structured and unstructured datasets are evaluated separately to compare their respective predictive performance. 

Therefore, the results should be interpreted as evidence of the individual predictive potential of each data source, not 

as proof that data fusion significantly improves model performance. Future research should develop a true multimodal 

fusion framework that combines financial indicators and textual news features within one unified prediction pipeline. 

Despite the promising results, several practical limitations should be considered. The implementation of this framework 

in real-world financial decision-making requires continuous data updating, consistent preprocessing, and sufficient 

computational resources, especially when processing large volumes of online news data. In addition, online news may 

contain reporting bias, duplicated information, sensational headlines, or speculative content that does not always 

accurately reflect actual company financial conditions. Therefore, the proposed model should be used as a decision-

support tool rather than as the sole basis for investment or financial decisions. 

This study is also limited by the scope of the structured dataset, which only includes manufacturing companies listed 

on the Indonesia Stock Exchange. Therefore, the findings should not be generalized directly to all industry sectors. 

Future studies should evaluate the proposed framework using broader sectoral datasets, additional financial indicators, 

and more diverse news sources to improve external validity, robustness, and practical applicability. 
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