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ABSTRACT 

The changing data patterns that continue to emerge from user reviews on digital platforms demand 

machine learning models to be able to adapt sustainably. This phenomenon, known as concept drift, can 

degrade accuracy if not handled appropriately. The study explores two adaptive learning approaches—

Adaptive Random Forest (ARF) and Adaptive XGBoost (AXGB)—to classify sentiment on real-time data 

streams. The dataset used includes OVO reviews (2016–2025) and GoPay reviews (2023–2025) from the 

Google Play Store. After performing text cleanup, tokenization, stemming, and Term Frequency–Inverse 

Document Frequency (TF-IDF) representation, the data are streamed into two learning schemes: Big 

Batch Small Batch (BBSB), which combines large and small batches to detect changes more subtly, and N 

Drift Types Batch (NDTB), which adjusts batch sizes based on the number of drift types considered. The 

evaluation was carried out using accuracy metrics, computational time, and true positive rate in each 

sentiment category. The results showed that ARF provided the most stable performance with an average 

accuracy of 82%, whereas AXGB performed better in the BBSB configuration with an accuracy of 81% 

and faster training time. These findings confirm that both configurations can serve as practical 

frameworks for text stream learning and adaptive concept drift management. 
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I. INTRODUCTION  

The surge of user-generated content on digital platforms 
has produced continuously evolving data, where the 
relationship between features and target labels shifts over time, 
known as concept drift [1]. When concept drift occurs, 
traditional static models fail to maintain performance since they 
cannot adapt without full retraining, which is costly and 
impractical in real-time environments [2]. Adaptive learning 
models such as Adaptive Random Forest (ARF) and Adaptive 
XGBoost (AXGB) have been proposed to overcome this 
challenge by updating their internal structure dynamically 
during streaming [3, 4]. These models have demonstrated 
strong adaptability in diverse domains, including intrusion 
detection [5], data stream processing in fog-cloud environments 
[6], and large-scale anomaly recognition [7]. In addition, ARF 

and related ensemble frameworks have shown robustness in 
handling imbalanced and drifting data [8, 9]. Studies in text 
classification and stream ensembles further highlight the 
importance of adaptive models for handling evolving data [10]. 
However, when applied to text-based sentiment streams, their 
comparative behavior—especially under varying batch 
configurations—remains inadequately studied. Therefore, this 
study aims to evaluate ARF and AXGB in real-world financial 
application reviews, focusing on their ability to handle 
evolving sentiment data streams with varying drift intensities 
and runtime constraints. 

Despite significant progress, current adaptive stream 
learning methods still face several limitations. Many studies 
have focused on improving drift adaptation through meta-
learning [11], hybrid multi-stream frameworks [12], and 
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lightweight adaptation mechanisms [13], whereas others have 
explored federated and distributed solutions to ensure fairness 
in model retraining [14, 15]. Techniques such as dynamic drift 
detection [16], unsupervised adaptation using robust cut forests 
[17], and incremental genetic programming [18] have achieved 
improved responsiveness to drift yet are mostly validated on 
numerical or sensor datasets. Research on text-based or 
sentiment-rich data streams—where linguistic context shifts 
rapidly—remains sparse [19]. Furthermore, studies have 
optimized ensemble learning using adaptive detectors [4], drift-
type classification [20], and locality-aware adaptation [21], but 
comparative analysis between ARF and AXGB under real-
world streaming textual data is still lacking [22]. This reveals a 
research gap in understanding how adaptive models behave 
under textual stream drift, particularly in multilingual, time-
evolving contexts where class distributions are highly 
imbalanced. 

Another critical gap lies in stream configuration strategies, 
which directly influence model adaptation speed and detection 
precision. Several researchers have introduced adaptive 
windowing for drift type classification [20], hierarchical batch 
schemes [23], and ensemble frameworks to balance accuracy 
with computation [24]. Other studies focused on improving 
drift resilience and energy efficiency in adaptive ensembles 
[25, 26], or enhancing ARF performance through 
dimensionality reduction [27] and continual experience replay 
[28]. Complementary approaches such as anomaly-aware 
adaptive ensembles [29], comprehensive classification 
strategies for imbalanced streams [30], and systematic reviews 
on drift adaptation [31], have contributed valuable insights, yet 
few address the trade-off between batch granularity and 
runtime performance. Recent ensemble models like Robust 
Online Self-Adjusting Ensemble (ROSE) demonstrate self-
calibration in imbalanced drifting data [32], suggesting that 
data stream configuration and retraining frequency remain 
decisive factors for stable adaptation. To bridge these gaps, this 
study introduces two stream configurations—Big Batch Small 
Batch (BBSB) and N Drift Types Batch (NDTB)—to analyze 
their effects on runtime efficiency, adaptability, and accuracy 
of ARF and AXGB in evolving sentiment classification tasks. 

II. METHODOLOGY 

Figure 1 illustrates the overall workflow of the proposed 
research, consisting of three main phases: data collection, data 
preprocessing, and model implementation and evaluation. 

 

 
Fig. 1.  Research workflow. 

A. Data Collection 

The first phase involves data collection using the Google 
Play Scraper library in Python to extract user reviews from 
mobile payment applications. The dataset consists of 406,282 
OVO reviews collected between 2016 and 2025, and 240,406 
GoPay reviews collected between 2023 and 2025. These 
reviews serve as the source of streaming data for training and 
testing the adaptive learning models. 

B. Data Preprocessing 

After the data were collected, several preprocessing steps 
were applied to ensure textual consistency and improve the 
quality of input features. The preprocessing pipeline includes: 

 Data cleaning: Removal of non-alphabetic characters, 
redundant spaces, and unnecessary symbols. 

 Case folding: Conversion of all text to lowercase. 

 Sentiment labeling: Automatic sentiment labeling using the 
IndoBERT/RoBERTa model to assign each review as 
positive, neutral, or negative. 

 Tokenization: Splitting text into individual word tokens. 

 Stopword removal: Eliminating common words with low 
semantic value. 

 Stemming: Reducing words to their base or root form. 

 Feature extraction: Transforming the cleaned text into 
numerical vectors using the Term Frequency–Inverse 
Document Frequency (TF-IDF) representation. 

After preprocessing, the resulting feature matrices were 
streamed into two different data streaming configurations, 
designed to simulate real-world continuous data arrival for 
adaptive model evaluation. 

C. Big Batch Small Batch Configuration 

In the first configuration, called BBSB, the data stream is 
divided hierarchically—each big batch consists of 968 data 
instances, which are further subdivided into eight small batches 
of 121 instances each. A practical analogy of this setup can be 
seen in temporal data, such as days within a week, hours within 
a day, minutes within an hour, or even months within weeks, 
where smaller units naturally cluster inside larger units. Figure 
2 shows the hierarchical batch configuration for the BBSB 
setup. 

The ARF and AXGB models process data incrementally at 
the small-batch level, whereas drift detection and retraining 
occur at the end of each big batch. This structure enables the 
observation of drift patterns by analyzing changes in the data 
distribution between consecutive small batches within a single 
big batch. 

D. N Drift Types Batch Configuration 

The second configuration, referred to as NDTB, determines 
the batch size based on the formula: 

����ℎ_��	
 �
�
���_����

������ 
� ����� �����∗�
  (1) 
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where �  represents the desired number of samples per drift 
type. In this study, � = 100 and the �� �
! "# $!�#� �%&
� = 
5—namely no drift, sudden drift, gradual drift, incremental 
drift, and recurrent drift. 

Using this configuration, the resulting batch sizes are 813 
data instances per batch for training and 481 data instances per 
batch for testing. This approach aims to provide balanced 
sample representation across multiple drift types, although in 
practice, the actual data distribution may not always be 
perfectly uniform across all drift categories. Figure 3 shows the 
hierarchical batch configuration for the NDTB setup. 

E. Model Implementation and Evaluation 

Both configurations were implemented using two adaptive 
ensemble models: ARF and AXGB. Each model employed 20 
estimators (trees) with max_features='sqrt'. The OVO review 
dataset was used as the training data stream, whereas the 
GoPay review dataset was employed as the testing stream to 
simulate a realistic cross-domain and temporal concept drift 
scenario. OVO reviews span a longer historical period (2016–
2025), capturing gradual changes in user sentiment over time, 
whereas GoPay reviews represent a more recent platform 
context (2023–2025) with potentially different user behavior, 
linguistic patterns, and sentiment distribution. This separation 
allows the evaluation of model generalization and adaptability 
when confronted with domain shift and evolving sentiment 
characteristics, reflecting real-world deployment conditions 
where models trained on historical data must adapt to newer 
platforms or services. After the streaming process was 
completed, the model performance was evaluated based on: 

 Accuracy: Overall classification performance per 
configuration. 

 Runtime: Total processing time for each streaming setup. 

 True positive rate: Performance consistency across different 
sentiment classes. 

These evaluations aimed to determine how each adaptive 
model handled concept drift under the two streaming scenarios 
and how effectively they maintained classification performance 
over time. All experiments were conducted on a laptop 
equipped with an NVIDIA GeForce RTX 3050 Laptop GPU, 
an Intel processor, and a Python-based machine learning 
environment. GPU acceleration was utilized to support efficient 
model training and streaming evaluation, ensuring 
reproducibility of runtime performance across adaptive 
learning configurations. 

III. RESULTS AND DISCUSSION 

This section presents the experimental results and analysis 
of two adaptive learning models, ARF and AXGB, 
implemented under two different data stream configurations: 
the BBSB configuration and the NDTB configuration. The 
evaluation focuses on the models' classification performance, 
runtime efficiency, and stability in handling evolving data 
distributions. 

A. Big Batch Small Batch Configuration 

Tables I and II and Figures 4 and 5 present the 
classification reports and confusion matrices for ARF and 
AXGB, showing that the BBSB configuration achieved an 
overall accuracy of 82% for ARF and 81% for AXGB. Both 
models performed well in predicting positive sentiments, which 
dominate both the training and testing datasets. 

 

 
Fig. 2.  Illustration of the BBSB configuration. 

 
Fig. 3.  Illustration of the NDTB configuration. 
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TABLE I.  CLASSIFICATION REPORT OF ARF – BBSB 
CONFIGURATION  

 Precision Recall F1-score Support 

Negative 0.66 0.53 0.59 46,913 
Neutral 0.69 0.04 0.07 19,188 
Positive 0.84 0.98 0.91 174,305 

Accuracy   0.82 240,406 
Macro Avg 0.73 0.52 0.52 240,406 

Weighted Avg 0.80 0.82 0.78 240,406 

TABLE II.  CLASSIFICATION REPORT OF AXGB – BBSB 
CONFIGURATION  

 Precision Recall F1-score Support 

Negative 0.72 0.45 0.55 46,913 
Neutral 0.54 0.21 0.30 19,188 

Positive 0.84 0.98 0.90 174,305 

Accuracy   0.81 240,406 
Macro Avg 0.70 0.55 0.59 240,406 

Weighted Avg 0.79 0.81 0.79 240,406 

 

 
Fig. 4.  Confusion matrix of ARF – BBSB configuration. 

 
Fig. 5.  Confusion matrix of AXGB – BBSB configuration. 

The total runtime for the BBSB configuration was 25 h, 18 
min, and 41 s, with a 10 s delay per small batch and a 60 s 
delay per big batch. The detailed runtime analysis is as follows: 

 Training time: 8 h, 4 min, 20 s. 

 Average time per small batch: 19–20 s. 

 Average time per big batch: 3 min 30 s – 4 min. 

When executed without any time delay, the runtime 
significantly decreased to 9–10 s per small batch and 2 min 30 
s – 3 min per big batch. 

B. N Drift Types Batch Configuration 

Tables III and IV and Figures 6 and 7 present the 
classification reports and confusion matrices for ARF and 
AXGB, showing that the NDTB configuration achieved an 
overall accuracy of 82% for ARF and 80% for AXGB. This 
indicates that ARF maintained its performance level across 
configurations, whereas AXGB experienced a slight decrease 
(–1%) in accuracy under the NDTB setup. 

TABLE III.  CLASSIFICATION REPORT OF ARF – NDTB 
CONFIGURATION  

 Precision Recall F1-score Support 

Negative 0.66 0.53 0.59 46,913 

Neutral 0.70 0.04 0.07 19,188 
Positive 0.85 0.98 0.91 174,305 

Accuracy   0.82 240,406 
Macro Avg 0.74 0.52 0.52 240,406 

Weighted Avg 0.80 0.82 0.78 240,406 

TABLE IV.  CLASSIFICATION REPORT OF AXGB – NDTB 
CONFIGURATION  

 Precision Recall F1-score Support 

Negative 0.69 0.41 0.52 46,913 
Neutral 0.48 0.18 0.26 19,188 
Positive 0.83 0.97 0.89 174,305 

Accuracy   0.80 240,406 
Macro Avg 0.67 0.52 0.56 240,406 

Weighted Avg 0.77 0.80 0.77 240,406 

 

 
Fig. 6.  Confusion matrix of ARF – NDTB configuration. 
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Fig. 7.  Confusion matrix of AXGB – NDTB configuration. 

The total runtime for the NDTB configuration was 23 h, 33 
min, and 32 s, with a 60 s delay per batch. The detailed runtime 
breakdown is as follows: 

 Training time: 8 h, 19 min, 10 s. 

 Average time per batch: 1 min 30 s – 2 min. 

When executed without any batch delay, the average 
runtime per batch was reduced to 30–60 s. This reduction 
highlights the computational efficiency of the NDTB 
configuration. 

In addition, Figures 8 and 9 visualize the daily accuracy 
trends and learning curves for both adaptive models throughout 
the streaming process using GoPay review data collected 
between 2023 and 2025.  

The daily accuracy visualization (Figure 8) indicates that 
both models are able to maintain relatively stable performance 
across the streaming period. However, ARF demonstrates 
higher consistency, with smaller fluctuations during periods of 

concept drift. This stability suggests that ARF is more robust to 
abrupt or gradual changes in sentiment patterns. 

Meanwhile, the learning curve analysis (Figure 9) shows 
that both models exhibit initial variability in accuracy during 
early stages of streaming, followed by gradual improvement 
and eventual stabilization. This trend confirms their 
adaptability under evolving data distributions. 

C. Comparative Analysis 

Based on the experimental results obtained under both data 
stream configurations, several key observations can be 
summarized: 

 Model performance: AXGB achieved marginally higher 
performance under the BBSB configuration, with an 
accuracy improvement of approximately 1% compared to 
the NDTB configuration. Conversely, ARF delivered 
consistently stable performance across both configurations, 
maintaining an accuracy of 82%. Notably, ARF produced a 
higher number of true positives per sentiment in the NDTB 
configuration. 

 Runtime efficiency: From a computational perspective, the 
BBSB configuration resulted in faster training time, 
reducing model training duration by approximately 14 min 
and 50 s. However, the NDTB configuration achieved a 
shorter overall runtime (1 h and 45 min faster), mainly due 
to its single-level batch design.  

The reported performance differences between models and 
configurations are interpreted from a practical streaming 
perspective rather than strict statistical hypothesis testing. 
Given the large-scale and continuous nature of the data stream, 
accuracy, true positive rate trends, and runtime behavior were 
analyzed descriptively to assess model stability and 
adaptability. Observed accuracy differences of 1–2% are 
considered operationally meaningful in streaming sentiment 
classification, particularly when evaluated alongside 
consistency across sentiment classes and computational 
efficiency. 

 

 
Fig. 8.  Daily accuracy of both models with sentiment proportion from GoPay review data – NDTB configuration. 
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Fig. 9.  Learning curve of both models – NDTB configuration. 

IV. CONCLUSION 

This study investigated the handling of concept drift in data 
stream sentiment classification using two adaptive ensemble 
models: Adaptive Random Forest (ARF) and Adaptive 
XGBoost (AXGB). Two streaming configurations were 
proposed—the Big Batch Small Batch (BBSB) configuration 
and the N Drift Types Batch (NDTB) configuration—to 
evaluate model adaptability and performance consistency under 
dynamic streaming conditions. The experimental results 
showed that both models performed competitively, with ARF 
achieving stable accuracy across both configurations (82%), 
whereas AXGB showed a slight improvement under the BBSB 
configuration with faster training time. The BBSB 
configuration demonstrated better adaptation efficiency, 
whereas the NDTB configuration provided more balanced 
performance in terms of accuracy and true positive distribution 
across sentiment classes. 

From a practical standpoint, the findings of this study 
provide guidance for designing adaptive sentiment monitoring 
systems in real-world applications such as digital payment 
platforms, online marketplaces, and social feedback analytics. 
The BBSB configuration is suitable for environments requiring 
finer-grained drift detection with hierarchical temporal 
structure, whereas the NDTB configuration offers a simpler 
and more computationally efficient alternative when balanced 
drift representation is desired. The demonstrated stability of 
ARF suggests its applicability in long-running systems 
prioritizing robustness, whereas AXGB is advantageous in 
scenarios demanding faster retraining and responsiveness. 
These insights can assist practitioners in selecting appropriate 
adaptive models and streaming configurations based on 
operational constraints and application requirements. 
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