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Abstract 

Data labeling plays a crucial role in determining the performance of machine learning models, especially in data stream environments where 

concept drift frequently occurs. The primary objective of this study is to analyze the effectiveness of adaptive learning models in managing 

dynamic data distribution changes and to evaluate the influence of different labeling strategies on sentiment classification performance using user 

reviews from the OVO mobile application. The research contributes to understanding how labeling approaches interact with adaptive modeling 

under real-time data stream conditions. Two labeling methods were employed: score-based labeling derived from user ratings and content-based 

labeling generated automatically using the IndoRoBERTa language model. These labeled data streams were evaluated using two classifiers: a 

conventional Random Forest model and an Adaptive Random Forest model designed to handle evolving data distributions. The evaluation was 

conducted through streaming experiments that continuously fed new review data to simulate real-world drift scenarios. The results reveal that in 

the score-based labeling scenario, the conventional Random Forest model’s accuracy gradually declined, reaching a final accuracy of 31%, while 

the Adaptive Random Forest achieved 80%, reflecting a 49% performance gap. In the content-based labeling scenario, both models improved 

over time, with final accuracies of 57% for Random Forest and 76% for the adaptive model, resulting in a 19% difference. These findings indicate 

that Adaptive Random Forest is more robust in adapting to distributional and temporal changes in data streams regardless of the labeling strategy 

used. This study implies that combining adaptive learning with semantically rich labeling approaches can substantially enhance model reliability 

in real-time sentiment analysis tasks. Future research may further explore hybrid adaptive mechanisms to improve the resilience of data stream 

classification models across various domains. 
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1. Introduction 

Machine learning plays a crucial role in analyzing continuously generated data, where challenges arise due to concept 

drift—changes in the statistical relationship between input features and output labels that cause model degradation over 

time [1]. Traditional models such as Random Forest struggle in these environments because they require full retraining 

to remain effective, making them unsuitable for real-time scenarios [2]. This retraining process introduces significant 

latency, as the model must be rebuilt each time new data are received, and it demands substantial computational and 

storage resources, which limit scalability in continuous data stream applications. The complexity increases when 

dealing with heterogeneous, large-scale textual data collected through methods like web scraping, which demand robust 

preprocessing and adaptive feature extraction approaches such as TF-IDF with Indonesian stopword filtering to 

maintain contextual relevance in evolving data streams [3], [4], [5], [6]. 

To address these issues, recent research emphasizes adaptive and ensemble-based learning methods capable of 

responding dynamically to distributional shifts. Advances in knowledge discovery have introduced frameworks for 

real-time drift detection and adaptation [7], alongside insights into handling recurring concepts efficiently [8]. 

Emerging deep learning approaches further enhance model responsiveness by enabling architectures to adjust 

automatically to shifting data distributions [9], while systematic reviews confirm that accurate drift detection and 

adaptation are essential for maintaining performance stability in non-stationary environments [10]. In addition to 

algorithmic adaptability, labeling strategies significantly influence data stream classification performance, particularly 
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in sentiment analysis where star ratings may oversimplify nuanced linguistic expression. This study examines these 

challenges using OVO e-wallet reviews from the Google Play Store, comparing traditional star-based labeling with 

IndoRoBERTa-based model labeling. The OVO platform was selected due to its extensive review volume (over one 

million entries) and moderately balanced average rating of 3.6, and the ease of systematic data collection through the 

google-play-scraper library, which minimizes polarity bias while providing a rich, continuously updated data stream 

representative of real-world user sentiment. By evaluating Random Forest and Adaptive Random Forest under 

simulated concept drift, the study demonstrates that ARF offers superior adaptability, and that labeling choices 

substantially affect long-term model performance. The findings highlight the critical interplay between adaptive 

algorithms and labeling strategies in real-world streaming data contexts. 

2. Literature Review 

Adaptive machine learning has become essential in non-stationary environments where data distributions evolve 

continuously, such as IoT ecosystems, financial technologies, cybersecurity systems, and social media platforms. Prior 

work establishes that model usability depends on robustness to concept drift, scalability, and the extent to which 

systems minimize manual intervention during deployment and maintenance [1], [11], [12]. Without automation and 

adaptability, traditional learning pipelines become impractical as they require continual retraining in response to 

shifting data conditions. A substantial portion of recent research therefore focuses on automated drift detection and 

adaptation strategies. Methods such as Adaptive Deep Forest [13], dynamic-detector Random Forests [14], and online 

boosting across multistream environments [12] demonstrate how classifiers can autonomously replace outdated 

components and adjust to new distributions. Complementary work in meta-learning further enhances automation by 

selecting optimal adaptation strategies with minimal human oversight [15], while automated repair mechanisms 

improve model stability during drift events [16]. 

Efficiency and lightweight computation also play a critical role in adaptive system design. Studies targeting IoT and 

mobile environments highlight the need for resource-aware drift detection frameworks [17], scalable neural-forest 

hybrids [18], and unsupervised approaches that reduce labeling cost such as robust random cut forests [19]. Fog–cloud 

collaborative architectures further illustrate how distributed adaptive learning can sustain low-latency performance 

[20], while Adaptive Random Forest has been validated as both scalable and stable for large-scale data streams [21]. 

Domain-specific research reinforces these principles across cybersecurity, distributed systems, and sentiment analysis. 

Evolving malware and intrusion detection contexts underscore the superiority of adaptive classifiers in reducing 

maintenance overhead [22], [23], while federated drift-aware frameworks enable adaptation across decentralized 

environments without heavy coordination [11]. In sentiment analysis and financial applications, adaptive ensembles 

such as SOKNL, Forgetful Forests, and optimized ARF variants show that automated drift handling supports accuracy 

and usability in evolving opinion streams [24], [25], [26], [27], [28]. Ensemble-based methods also manage linguistic 

variability and class imbalance in social media environments, improving resilience to recurrent concepts [29], [30], 

[31], [32]. Despite progress, several studies identify persistent gaps. Many adaptive systems still prioritize accuracy 

over interpretability, deployment simplicity, or real-world generalizability [29], [33], [34]. Evaluations often rely on 

constrained or synthetic datasets, raising concerns about scalability to complex, high-dimensional, or multilingual data 

[35], [36], [37]. These limitations highlight the need for approaches that integrate automation, transparency, and 

computational efficiency to make adaptive learning frameworks both accurate and operationally feasible in real-world 

streaming scenarios. 

3. Methodology 

Figure 1 presents the research methodology employed in this study, outlining the sequential stages from literature 

review to model evaluation. The process includes literature review, data collection, preprocessing data, implementation 

of Adaptive Random Forest, and model evaluation. Meanwhile, figure 2 provides a detailed view of the data collection 

process. This structured workflow ensures a systematic approach in addressing sentiment classification under concept 

drift conditions. 
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Figure 1. Research Flow Figure 2. Data Collection Process 

3.1.Literature Review 

As summarized in Chapter 2, existing studies indicate the need for adaptive models in dynamic sentiment streams but 

reveal a gap in understanding how different labeling strategies influence their performance. 

3.2. Data Collection 

The dataset was collected through web scraping of user reviews of the OVO application from the Google Play Store 

using the google_play_scraper Python library. The reviews were stored in .csv format for further processing and include 

textual reviews, star ratings, and metadata such as review date and application version. 

3.3. Data Preprocessing 

To ensure data quality and consistency, a series of preprocessing steps were performed. First, text cleaning was applied 

by removing non-alphabetic characters, extra spaces, and unnecessary symbols. This was followed by case folding, 

where all characters were converted to lowercase to maintain uniformity. Next, two types of labeling were 

implemented: rating-based labeling, in which reviews with 1–2 stars were categorized as negative, 3 stars as neutral, 

and 4–5 stars as positive; and content-based labeling, which utilized a fully automated approach based on the pre-

trained IndoRoBERTa language model. After labeling, tokenization was conducted to split sentences into individual 

tokens. Subsequently, stopword removal was performed to eliminate common words such as “di” (in/at), “yang” 

(which/that), and “dari” (from) that carry minimal semantic meaning. Stemming was then applied to reduce words to 

their base forms, for example, “berguna” (useful) to “guna” (use). Finally, feature extraction was carried out using 

Term Frequency–Inverse Document Frequency (TF-IDF) to convert textual data into numerical feature vectors suitable 

for machine learning models.  

The final preprocessed dataset consisted of structured, labeled tokens with TF-IDF values, ready for model training 

and evaluation. No class balancing technique (e.g., undersampling or SMOTE) was applied after labeling. This decision 

was intentional to preserve the natural class distribution of the data stream, reflecting real-world conditions where 

sentiment classes are inherently imbalanced and continuously evolving. 

3.4. Implementation of Adaptive Random Forest (ARF) 

Since the dataset originates from historical reviews (November 2016 – May 2025), a data stream simulation was 

required. Google Colab was employed to replicate real-time data streaming, enabling sequential processing of reviews. 

The Adaptive Random Forest model was then implemented to classify sentiment while handling potential concept drift 

as illustrated in figure 3. ARF maintains an ensemble of decision trees and leverages the Adaptive Windowing 

(ADWIN) mechanism to detect changes in data distribution. When drift is detected, underperforming trees are replaced 

with new ones, ensuring adaptability. 
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Figure 3. Adaptive Random Forest Implementation Flow 

3.5. Model Evaluation 

Model performance was evaluated using the prequential evaluation method, where each incoming instance is tested 

before being used for training, thus simulating a realistic streaming scenario. This approach was chosen over holdout 

or sliding window validation because it continuously measures model performance under evolving data distributions, 

allowing a more accurate assessment of real-time adaptability and concept drift handling. The evaluation employed 

standard metrics including Accuracy, Precision, Recall, and F1-Score. Parameter tuning for both Random Forest and 

Adaptive Random Forest was conducted through preliminary manual testing to balance performance stability and 

computational efficiency. To ensure a fair and unbiased comparison, both models were configured with the same 

number of trees (n_estimators = 10), and most other parameters were kept at their default values. This design allows 

the evaluation to reflect each model’s inherent learning capability rather than the effects of extensive hyperparameter 

optimization. The Random Forest used the default “sqrt” feature selection strategy (max_features='sqrt') to optimize 

training speed without significantly compromising accuracy, while the Adaptive Random Forest relied on its default 

adaptive mechanisms to simulate realistic, resource-constrained streaming conditions. This configuration provided 

consistent performance while maintaining computational feasibility on limited hardware. The assessment also 

examined how the model adapts to concept drift and maintains stability under both labeling strategies, ensuring 

sustained performance in dynamic sentiment streams. 

4. Results and Discussion 

4.1. Data Collection 

The dataset used in this study was obtained through web scraping of user reviews of the OVO application from the 

Google Play Store using the google_play_scraper library in Python. The collected attributes include review id, 

username, review content, rating score, timestamp, and application version. Initial inspection revealed missing values 

across several attributes, with the majority occurring in non-essential fields such as username and appVersion. Table 1 

presents the distribution of missing values across all attributes. Despite these missing values, the content and score 

attributes—which are central to sentiment analysis and labeling—remained sufficiently populated to allow for further 

preprocessing and analysis. 

Table 1. Breakdown of Missing Values per Attribute 

Column Name Total Missing Value 

reviewID 0 

username 99023 

content 99176 

score 99227 

timestamp 99262 

appVersion 99269 
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4.2. Data Preprocessing 

Before conducting the analysis, incomplete records containing missing values were removed. The preprocessing stage 

was then carried out to prepare the textual data for modeling. This process consisted of several steps, namely data 

cleaning to remove HTML tags, symbols, numbers, and redundant spaces; case folding to normalize all text into 

lowercase; tokenization to segment reviews into individual words; stopword removal to eliminate common but less 

informative words; and feature extraction using TF-IDF to quantify the importance of each term within the corpus. 

A crucial step in this study was the labeling process, which was conducted using two different approaches. The first 

approach assigned sentiment labels based on the rating score provided by users, where scores 1–2 were categorized as 

negative, 3 as neutral, and 4–5 as positive. The second approach utilized a semantic-based method by applying the 

IndoRoBERTa model to classify sentiment directly from the content of reviews. This dual-labeling design allowed for 

a comparative analysis of sentiment distribution and improved the robustness of concept drift detection. 

Figures 4 and 5 illustrate the sentiment distribution and the ten most frequent words for each sentiment category under 

both labeling approaches. The comparison shows that score-based labeling tends to produce a dataset dominated by 

positive reviews, while content-based labeling with IndoRoBERTa yields a more balanced distribution across positive, 

neutral, and negative classes, as summarized in table 2. 

Table 2. Sentiment Distribution for Both Labeling Methods 

Labeling Method Negative Neutral Positive Total Reviews 

Score-based labeling 71631 9655 149834 231120 

Content-based labeling 76491 23202 131427 231120 

 

 

Figure 4. Sentiment Distribution and Top 10 Words (Score-Based Labeling) 

 

Figure 5. Sentiment Distribution and Top 10 Words (Content-Based Labeling with IndoRoBERTa) 

To further capture temporal dynamics, the proportions of sentiment over time were visualized for both approaches, as 

shown in figures 6 and 7. These visualizations reveal subtle differences in sentiment trends depending on the labeling 

method, which is essential for subsequent drift detection analysis. 
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Figure 6. Temporal Changes in Sentiment Proportions (Score-Based Labeling) 

 

Figure 7. Temporal Changes In Sentiment Proportions (Content-Based Labeling) 

4.3. Concept Drift Detection 

To operationalize the detection, a threshold of 10% change in sentiment distribution was established. This fixed 

threshold was chosen as a model-agnostic and data-level heuristic to detect observable distributional shifts without 

relying on classifier-specific mechanisms. Established drift detection methods such as DDM, EDDM, and ADWIN 

primarily monitor error rate fluctuations in adaptive or incremental models and therefore cannot be directly applied to 

static learners like the conventional Random Forest used in this study. The 10% threshold was thus adopted to provide 

a consistent and comparable measure of data drift across both the adaptive and non-adaptive models. Any deviation 

exceeding this threshold was considered an indication of concept drift. Examples of detected drifts are summarized in 

tables 3 and 4, which report sentiment changes greater than 10% across different periods. The results reveal that both 

labeling approaches consistently detected instances of drift, though the magnitude and direction of changes varied. 

Score-based labeling tended to capture sharper fluctuations in negative and positive sentiments, whereas 

IndoRoBERTa-based labeling highlighted a more balanced interplay between negative, neutral, and positive shifts. 

Table 3. Sentiment Changes >10% Indicating Concept Drift (Score-Based Labeling) 

Sentiment Period Negative Neutral Positive Information 

0 2016-12 -32.4% +35.3% -2.9% Negative decline 

1 2017-01 +2.4% -15.3% +12.9% Positivity increased sharply 

2 2017-02 +40.0% -6.7% -33.3% Negative spikes drastically, positive declines 

3 2017-03 -23.3% -6.7% +30.0% Negative decline, positive increase sharply 

4 2017-04 -5.2% +13.3% -8.1% - 

Table 4. Sentiment Changes >10% Indicating Concept Drift (Content-Based Labeling) 

Sentiment Period Negative Neutral Positive Information 

0 2016-12 -13.2% +7.8% +5.4% Negative decline 

1 2017-01 +21.6% -34.5% +12.9% Negatives spike drastically, positives rise sharply 

2 2017-02 +33.3% +0.0% -33.3% Negative spikes drastically, positive declines 

3 2017-03 -26.7% +3.3% +23.3% Negative decline, positive increase sharply 



Journal of Applied Data Sciences 

Vol. 7, No. 2, May 2026, pp. 926-939  

ISSN 2723-6471 

932 

 

 

 

4 2017-04 -5.7% +12.9% -7.1% - 

While this approach effectively identifies observable distributional changes, it assumes that variations in label 

proportions directly reflect underlying drift in the data. This assumption is more reliable under score-based labeling, 

where star ratings provide explicit ground truth, but may be less stable for IndoRoBERTa-based labeling, where 

inferred sentiments depend on model predictions that can introduce additional variability. 

Subsequent visualizations integrated sentiment proportion trends with drift events. Figures 8 and 9 show the temporal 

evolution of sentiment proportions alongside detected drift for both labeling methods, revealing frequent shifts between 

2017–2019 and 2020–2022. For the modeling experiments, the latter period (2020–2022) was selected because it 

contained a substantially larger volume of reviews (231,120 entries compared to only 94,383 from 2017–2019), 

providing a richer and more stable basis for evaluating model adaptability. Moreover, this period reflects more mature 

user behavior and system stability after OVO’s initial launch phase, making drift patterns more representative of real-

world sentiment evolution. This selection prioritizes recency and data sufficiency rather than arbitrary filtering, 

minimizing potential bias in drift interpretation. 

 

Figure 8. Sentiment Proportion Trends with Highlighted Drift Events (Score-Based Labeling) 

 

Figure 9. Sentiment Proportion Trends with Highlighted Drift Events (Content-Based Labeling) 

4.4. Effectiveness of Random Forest and Adaptive Random Forest in Handling Concept Drift 

To assess model performance under concept drift, OVO review data from 2020–2022 were streamed over 240 minutes, 

averaging 963 instances per minute for Adaptive Random Forest. Random Forest was trained on the first 10 instances 

and tested on equal-sized batches to ensure comparable conditions. Both models used aligned hyperparameters—10 

trees and the maximum number of features set to sqrt—and were evaluated on two labeling schemes: score-based 

labeling using star ratings and content-based labeling using IndoRoBERTa classifications. 

4.4.1. Random Forest and Adaptive Random Forest with Score-Based Labeling 

The first evaluation employed score-based labeling, with results presented in tables 5–6 and figures 10–11. The 

Random Forest model achieved an overall accuracy of only 31% (table 5), with a strong bias toward predicting negative 

sentiment. The confusion matrix (figure 10) indicates that the model frequently misclassified neutral and positive 

sentiments, highlighting its inability to generalize effectively in the presence of concept drift. 
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Table 5. Classification Report of Random Forest (Score-Based Labeling) 

 precision recall f1-score support 

negative 0.31 1.00 0.47 71631 

neutral 0.20 0.00 0.00 9655 

positive 0.33 0.00 0.00 149834 

accuracy   0.31 231120 

macro avg 0.28 0.33 0.16 231120 

weighted avg 0.32 0.31 0.15 231120 

 

 

Figure 10. Confusion Matrix of Random Forest 

(Score-Based Labeling) 

  

Figure 11. Confusion Matrix of Adaptive 

Random Forest (Score-Based Labeling) 

The extreme misclassification observed in figure 10, where Random Forest predominantly predicts the negative class, 

indicates an early model collapse caused by limited and imbalanced initial training data. The model was initialized 

with only ten samples—six negative, two neutral, and two positive reviews—resulting in a strong bias toward the 

dominant class. Because Random Forest operates as a static learner without incremental updates, this initial imbalance 

persisted throughout the data stream, preventing the model from adapting to subsequent distributional changes. The 

phenomenon highlights how small and biased initialization windows can severely impair non-adaptive models in 

streaming environments, particularly under dynamic sentiment shifts. 

In contrast, the Adaptive Random Forest achieved significantly higher performance, with an overall accuracy of 80% 

(table 6). The confusion matrix (figure 11) shows that the model successfully identified both negative and positive 

sentiments with balanced precision and recall. Accuracy trends in figure 12 (daily accuracy) and figure 13 (cumulative 

accuracy) further confirm that the Adaptive Random Forest adapts well to evolving data, as its accuracy improves 

steadily over time. In this context, “daily accuracy” refers to accuracy computed based on the original review 

timestamps grouped by calendar date, reflecting the model’s performance progression across actual temporal periods 

rather than simulated time steps. Meanwhile, Random Forest performance declines as more data are introduced, 

underscoring its lack of adaptability. 

Table 6. Classification Report of Adaptive Random Forest (Score-Based Labeling) 

 precision recall f1-score support 

negative 0.70 0.72 0.71 71631 

neutral 0.06 0.00 0.00 9655 

positive 0.84 0.89 0.86 149834 

accuracy   0.80 231120 

macro avg 0.54 0.54 0.53 231120 



Journal of Applied Data Sciences 

Vol. 7, No. 2, May 2026, pp. 926-939  

ISSN 2723-6471 

934 

 

 

 

weighted avg 0.77 0.80 0.78 231120 

Although the Adaptive Random Forest demonstrates balanced performance between negative and positive sentiments, 

the neutral class remains notably underrepresented. This underperformance stems from the naturally skewed sentiment 

distribution in OVO reviews, where neutral ratings account for fewer than 10% of all instances. Consequently, the 

adaptive ensemble receives insufficient exposure to neutral examples, limiting its ability to learn stable decision 

boundaries for this class. This issue underscores the need for future work to explore class rebalancing or weighted 

adaptation strategies to improve minority-class recognition in real-time data streams. 

 

Figure 12. Daily Accuracy Comparison (Score-Based Labeling) 

 

Figure 13. Cumulative Accuracy Comparison (Score-Based Labeling) 

 

4.4.2. Random Forest and Adaptive Random Forest with Content-Based Labeling 
The second evaluation used content-based labeling, where sentiment categories were assigned based on 

IndoRoBERTa’s classification of review text. Results are reported in tables 7–8 and figures 14–15. The Random Forest 

achieved an accuracy of 57% (table 7), higher than in the previous setup, but remained heavily skewed toward 

predicting positive sentiment (figure 14). Its performance on negative and neutral classes was particularly weak. 

Table 7. Classification Report of Random Forest (Content-Based Labeling) 

 precision recall f1-score support 

negative 0.69 0.01 0.01 76491 

neutral 0.34 0.02 0.03 23202 

positive 0.57 1.00 0.73 131427 

accuracy   0.57 231120 

macro avg 0.53 0.34 0.26 231120 

weighted avg 0.59 0.57 0.42 231120 
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Figure 14. Confusion Matrix of Random Forest 

(Content-Based Labeling) 

 

Figure 15. Confusion Matrix of Adaptive 

Random Forest (Content-Based Labeling) 

Similar to the previous experiment, the Random Forest model under content-based labeling exhibits a skewed 

classification pattern, but in this case biased toward the positive class. The initial batch used for training consisted of 

five negative, two neutral, and three positive reviews, indicating a mild dominance of the negative class. However, 

because the model was trained only once and could not update incrementally, early tendencies in IndoRoBERTa’s 

labeling likely influenced its subsequent behavior. IndoRoBERTa tends to assign relatively higher confidence scores 

to reviews containing positive or appreciative language cues, even when such texts include mixed sentiments. This 

subtle bias, combined with the overall dominance of positive reviews in the full dataset, amplified the model’s 

inclination to overpredict the positive sentiment throughout the stream. 

Adaptive Random Forest again outperformed the baseline, achieving 76% accuracy (table 8). The confusion matrix 

(figure 15) demonstrates its strength in identifying both negative and positive classes, though neutral sentiment 

remained difficult to classify. Figures 16 and 17, which present daily and cumulative accuracy comparisons, reveal that 

both models improve as more data are processed. As in the previous experiment, “daily accuracy” corresponds to 

performance calculated over reviews grouped by their actual submission dates in the dataset, preserving the temporal 

structure of real user activity rather than artificial simulation intervals. However, Adaptive Random Forest consistently 

maintains a margin of roughly 20% higher accuracy, showing greater resilience to evolving data distributions. 

Table 8. Classification Report of Adaptive Random Forest (Content-Based Labeling) 

 precision recall f1-score support 

negative 0.66 0.74 0.70 76491 

neutral 0.32 0.02 0.04 23202 

positive 0.82 0.90 0.86 131427 

accuracy   0.76 231120 

macro avg 0.60 0.55 0.53 231120 

weighted avg 0.72 0.76 0.72 231120 

Adaptive Random Forest once again demonstrated superior stability and adaptability under content-based labeling, yet 

its classification performance remained weakest for the neutral category. This limitation is consistent with the 

underlying class imbalance of the dataset and the ambiguous linguistic nature of neutral expressions, which are often 

context-dependent and harder to detect even for pre-trained models like IndoRoBERTa. 
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Figure 16. Daily Accuracy Comparison (Content-Based Labeling) 

 

Figure 17. Cumulative Accuracy Comparison (Content-Based Labeling) 

The comparative results highlight that the performance gap between Random Forest and Adaptive Random Forest is 

more pronounced under score-based labeling than under content-based labeling. This can be explained by the 

deterministic nature of score-based labeling, where star ratings provide explicit ground truth, making the impact of 

concept drift clearer. Conversely, content-based labeling introduces additional uncertainty, since IndoRoBERTa infers 

sentiment from textual features, which may blur the distinction between classes. 

To provide a clearer comparison across all experimental settings, table 9 summarizes the final accuracy and macro F1-

scores of both models under the two labeling strategies, along with their notable performance characteristics. 

Table 9. Summary of Model Performance Across Labeling Methods 

Model Type Labeling Method Accuracy Macro F1-Score Characteristics 

Random Forest Score-based 31% 0.16 High negative bias 

Adaptive Random Forest Score-based 80% 0.53 Stable accuracy growth 

Random Forest Content-based 57% 0.26 High positive bias 

Adaptive Random Forest Content-based 76% 0.53 Consistent improvement 

Overall, Adaptive Random Forest demonstrates clear superiority in handling concept drift. Its continuous learning 

mechanism allows it to adjust to new patterns in the data stream, thereby sustaining high accuracy over time. In contrast, 

the conventional Random Forest is restricted to its initial training data and cannot adapt to changes, resulting in 

declining performance. 
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5. Conclusion 

This study investigated the effectiveness of Random Forest (RF) and Adaptive Random Forest (ARF) in handling 

concept drift within sentiment analysis of OVO application reviews collected from the Google Play Store. Two labeling 

strategies were employed: one based on user ratings (score) and another on textual interpretation using IndoRoBERTa. 

The results consistently demonstrated that ARF substantially outperformed RF across both labeling approaches, 

particularly under conditions of dynamic data streams. When labeling was derived from scores, ARF achieved 80% 

accuracy compared to only 31% for RF, highlighting its ability to adapt to abrupt distributional changes. Under content-

based labeling, ARF also exhibited superior performance with an accuracy of 76%, maintaining a notable 20% margin 

over RF.  

The findings further emphasize that score-based labeling provided more deterministic ground truth, enabling clearer 

distinctions in model performance, while content-based labeling introduced greater variability due to linguistic 

ambiguity. Overall, the study confirms that adaptive ensemble methods such as ARF are significantly more robust than 

conventional static models in addressing concept drift, making them suitable for real-time sentiment analysis in 

evolving digital platforms. These results underline the critical role of adaptability in ensuring model reliability over 

time. Building on these findings, future research should extend beyond the limitations of this study by incorporating 

more diverse data sources, such as multi-platform reviews or cross-domain user feedback, to ensure broader 

generalizability. In addition, future work could explore the comparative effectiveness of the fixed 10% drift detection 

threshold used in this study against algorithmic approaches such as ADWIN, which monitor error-rate fluctuations to 

detect adaptive changes. This comparison would clarify the trade-offs between heuristic and statistical drift detection 

methods, particularly in non-stationary data streams. Furthermore, although the Adaptive Random Forest demonstrated 

superior adaptability in this study, future work should benchmark its performance against other adaptive ensemble or 

streaming models, such as Online Bagging, Leveraging Bagging, or neural-based adaptive architectures, to better 

understand the trade-offs between accuracy, computational efficiency, and drift responsiveness. Finally, integrating 

temporal and contextual information, such as major application updates or policy changes, may provide deeper insights 

into the underlying causes of drift and further enhance the robustness of adaptive sentiment analysis models. 
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