International Journal of Advances in Applied Sciences (IJAAS)
Vol. 15, No. 1, March 2026, pp. 416~426
ISSN: 2252-8814, DOI: 10.11591/ijaas.v15.i1.pp416-426 d 416

Adaptive sentiment analysis for stock markets using deep

learning

Talent Mawere, Selvaraj Rajalakshmi, Venu Madhav Kuthadi, Otlhapile Dinakenyane
Department of Computing and Informatics, School of Natural and Applied Sciences,
Botswana International University of Science and Technology, Palapye, Botswana

Article Info

ABSTRACT

Article history:

Received Jun 6, 2025
Revised Nov 22, 2025
Accepted Feb 17, 2026

Keywords:

Attention mechanism

Deep learning

FinTech

Natural language processing
Real-time data pipeline
Sentiment analysis

Stock market forecasting

Stock markets are highly volatile, making price prediction very difficult.
One of the factors influencing the volatility of financial markets is rapidly
changing news sentiment. This study presents a novel adaptive deep learning
(DL) framework for sentiment analysis with concept drift capabilities. The
proposed model combines convolutional neural networks (CNN),
bidirectional long short-term memory (BiLSTM), and attention mechanisms
in its processing architecture. The model inputs preprocessed news headlines
into both the CNN and BiLSTM-Attention networks to extract local features,
model contextual dependencies, and prioritizes important sentiment cues in
its prediction mechanism. We use FastText and Word2Vec for word
embeddings, while incremental learning is used to manage concept drift.
One key advantage of handling concept drift is that the model can
continuously learn new patterns in data streams without needing to fully
retrain the model. The model is validated on a curated dataset from various
sources with superior performance across all metrics, like accuracy (0.9753)
and an F1-score (0.98). It significantly outperforms benchmarks like distilled
bidirectional encoder representations from transformers (DistilBERT),
LSTM, and valence aware dictionary and sentiment reasoner (VADER). A
run of ten iterations validated that the real-time pipeline did not exceed 200
ms in processing and classifying headlines. This signifies the practical
viability of our model in fintech applications such as algorithmic trading and
risk management.
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1. INTRODUCTION

Predicting stock market trends is important for investors and policymakers. However, it is still
difficult because of the complex mix of numerical data and other factors like news sentiment and investor
psychology that contribute to stock price movements [1], [2]. Past studies document two main techniques,
fundamental analysis and technical analysis, used for stock market prediction. Technical analysis uses
artificial intelligence or machine learning (AI/ML) on historical data. Fundamental analysis, on the other
hand, evaluates financial statements to predict future stock prices. Both, however, often miss the important
effect of market sentiment from news and social media [3], [4].

Deep learning (DL) techniques can help overcome this limitation by automatically identifying patterns
and using natural language processing (NLP) for unstructured data [5], [6]. Several studies, e.g., [4], [7] have
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demonstrated the efficacy of DL methods that integrate sentiment analysis in stock market prediction.
Investors' sentiments change rapidly due to many factors, and a model trained on older data may fail to predict
accurately if sentiments shift rapidly. This is an ongoing challenge where models lack real-time adaptability, are
vulnerable to concept drift, and are generally unclear on how the decision-making process works [8], [9].

To specifically model financial data, transformer-based models like financial bidirectional encoder
representations from transformers (FInBERT) [10] have been developed. Such models offer domain-specific
prowess but have been heavily criticized for their heavy computational requirements and are thus not suitable
for high-frequency streaming applications. A critical gap exists, therefore, for frameworks that balance high
accuracy, computational efficiency, and real-time adaptation to both evolving market language and evolving
market sentiments. In response to this, our paper proposes a new intelligent framework for adaptive
sentiment analysis in stock markets using adaptive DL techniques. Our work makes three important
contributions: i) we design a domain-specific convolutional neural network-bidirectional long short-term
memory (CNN-BiLSTM) model with an attention mechanism. This setup effectively extracts local semantic
patterns and models long-range contextual dependencies in financial text, always emphasizing the most
salient sentiment cues. These address limitations found in standalone neural networks; ii) we introduce an
adaptive real-time pipeline with concept drift detection and an incremental learning module using the river
library. This allows the model to update continuously based on recent data. It helps maintain accuracy in
volatile markets without the need for expensive retraining; and iii) to validate our model, we conduct
extensive benchmarking through a thorough empirical evaluation against a variety of baselines, including a
transformer, distilled BERT (DistilBERT), a DL model, LSTM, CNN-BIiLSTM, and lexicon-based tools like
valence aware dictionary and sentiment reasoner (VADER) and TextBlob. Our results show superior
performance across multiple metrics.

Financial markets have always sparked interest among many groups since the beginning of time.
Initially, early market theories, such as the efficient market hypothesis (EMH) [11] and random walk theory [12],
posited that prices fully reflect all available information and are inherently unpredictable. However,
behavioral finance has challenged this view. This group argues that cognitive biases and investor sentiment
create market inefficiencies that can be exploited to predict future stock prices [13], [14]. It is from this view
that sentiment analysis has become a key tool for understanding market trends from unstructured text [15].

Sentiment analysis is the process of automatically identifying and categorizing people’s emotions,
opinions, and or attitudes based on extracted text. Sentiment analysis has evolved from lexicon-based methods
like VADER and traditional ML classifiers to DL architectures. Recurrent neural networks (RNNs), especially
the LSTM networks, are great at modeling long-term dependencies in sequential text [16]. Meanwhile, CNNs
are good at detecting local n-gram patterns that may carry sentiment patterns [17]. Hybrid models like
CNN-LSTM have been proposed to combine both strengths [18]. In a previous study, Wu et al. [2] integrated
sentiment from news with technical indicators using an LSTM with attention, but their sentiment analysis relied
solely on Word2Vec. Recent studies by [19] and [20] highlight the growing use of incremental learning for
financial data streams, yet its integration with a hybrid CNN-BiLSTM-Attention architecture for sentiment
analysis remains underexplored. Recently, transformer-based models like BERT [21] and its financial domain
adaptation, FInBERT [10] has achieved new highs in NLP tasks due to its deep understanding of context.
Despite their strengths, transformers require a lot of computing power, which makes real-time use difficult.
Furthermore, most existing models are static and struggle with concept drift. Concept drift refers to the
phenomenon where the statistical properties of the target variable, market sentiment, change over time [21].

Our model addresses these gaps by proposing a computationally efficient hybrid model that
incorporates a dedicated concept drift adaptation module, bridging the performance of DL with the agility
required for real-time fintech applications. Table 1 summarizes a synthesis of some extant literature related to
the study. Highlighting the research focus, methodology used, key contributions, and the identified gaps in
the particular study.

2. METHOD
2.1. System architecture and data pipeline

Designed specifically for use in financial prediction systems, our framework, which works in both
offline training and online inference, is shown in Figure 1. The system begins with a comprehensive data
acquisition and processing pipeline, which we discuss as follows.

i)  Data acquisition process, for training and testing our model, involved creating a custom Python pipeline
using BeautifulSoup and Scrapy, where we collected over 1.2 million financial news articles from
sources like Bloomberg, Reuters, and the Wall Street Journal for the period between 2016 and 2023.
The real-time data acquisition process for incremental learning involved connecting via application
programming interface (API) to a dynamic pipeline, NewsAPI, which streams articles every 5 minutes
during trading hours.
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i) Data preprocessing included careful text cleaning processes such as removing non-alphanumeric
characters, text normalization, lowercasing text, expanding contractions, lemmatization, and filtering
out noise. Sentences are padded or truncated to a length of 128 tokens.

iii) Text embedding is critical in NLP tasks. We employed a hybrid embedding strategy similar to [1], but
with minor distinctions such as the use of Word2Vec [22] and FastText [23] instead of using
DistilBERT. Word2Vec [2] was effective in capturing broad semantic relationships. FastText [3] helped
with subword information, which is important for dealing with rare financial terms. The
300-dimensional vectors from each approach were combined to create a 600-dimensional word
representation, which will be fed to the CNN-BILSTM-Attention network to provide a rich feature
foundation for the model's sentiment analysis task [24].

Table 1. Summary of related work
Author/s Research focus Methodology Key contributions Gaps
Rani and Sentiment — CNN architecture with varying — Model achieved 95% Deeper CNNs (3+
Kumar [17] analysis (SA) configurations. accuracy. layers) increased
using a CNN — Comparison with ML baselines ~ — Showed optimal CNN training time without
model. (naive Bayes (NB), support configurations significant accuracy
vector machine (SVM), k- gains.
nearest neighbors (k-NN)).
Chen Review of SA Reviewed 223 articles from Web of ~ Identified key trends: DL, Excluded non-English
etal [35] applications in the ~ Science news sentiment, investor studies and non-Wos-
stock market. behavior. indexed papers.
Mehtab and Stock price Used LSTM, Twitter SA, self- Sentiment-augmented Real-time
Sen [36] prediction using organizing fuzzy neural network SOFNN outperforms applicability not
LSTM+SA (SOFNN) cross-validation. LSTM and traditional tested.
models.
Sidogi et al. Stock prediction — LSTM with FinBERT for SA. FinBERT improves Focused on intraday
[37] using FinBERT — Intraday price data with prediction accuracy over data; not validated for
and LSTM. 25-minute lag. general BERT. long-term predictions.
Tuletal [38]  Review of DL Literature review of CNN, RNN, Comprehensive overview No new empirical
techniques for SA.  DBN, and hybrid models in SA. of DL applications in SA. methods proposed.
Singh et al. SAis using — Used NB, J48, BFTree, OneR; NB was fastest, OneR most  Lacks advanced
[20] traditional ML feature selection (DF, MI, IG). precise with acc 92.34%. preprocessing like
classifiers. — WEKA evaluation. word embeddings.
Souma SA forecasting Used GloVe word vectors; trained Acc improved with Reliance on stock
etal. [39] using RNN- on Thomson Reuters news analytics  hierarchical training. price fluctuations for
LSTM (TRNA) and Dow Jones industrial sentiment labelling

average (DJIA) stock data. and no multilingual

support.
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Figure 1. Sentiment analysis model architecture
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2.2. Model architecture

The central component of our framework is the CNN-BiLSTM-Attention network, which is supported
by four layers. A multi-scale CNN for local feature extraction forms the initial layer. In this layer, the embedded
input sequence goes through five parallel 1D convolutional layers with kernel sizes of 1, 2, 3, 4, and 5,
facilitating the model to find sentiment cues at different levels, from unigrams to 5-grams. Two hundred filters
will be used at each layer, followed by a rectified linear unit (ReLU) activation and global max-pooling,
resulting in a 200-dimensional vector per kernel and a concatenated 1,000-dimensional feature vector for input
to the next layer.

In the second layer, a BiLSTM layer, which works in parallel to the CNN layer and is designed
for sequential context modeling, also takes input from the original embedded sequence. Within the layer,
text is analyzed in both forward and backward directions to capture long-range dependencies and context,
resulting in a sequence of hidden states. The third layer, working in sequence with the BiLSTM layer,
consists of an attention mechanism for salience weighting. Hidden states output from the BiLSTM layer
are ingested, and a weighted sum context vector is calculated. According to Vaswani et al. [25], attention
mechanisms help a model to focus on the most important sentiment-related words while ignoring
irrelevant information, thereby improving a neural network’s performance. The output of this layer is a
128-dimensional attention-weighted vector.

Both inputs from the CNN and the CNN-BIiLSTM-Attention layer are combined and fed into a
classification layer. This combined representation goes through a dropout layer at a rate of 0.5 for
regularization. A 128-unit dense layer with ReLU activation and a softmax layer for a three-class sentiment
classification, positive, negative, or neutral.

2.3. Adaptive learning mechanism

Most financial markets exhibit inherent non-stationarity [26], [27] necessitating an adaptive
framework that continuously updates to evolving sentiment patterns. To implement this, we incorporated an
intelligent three-component adaptive mechanism. Firstly, we implement a feedback loop architecture
operating on a closed-loop control principle, where outputs from the CNN-BiLSTM-Attention neural
network serve as the input signal for continuous adaptation. We use the river library's adaptive windowing
(ADWIN) algorithm [28] to check the entropy of the prediction distribution in real time. This makes it easier
to set up a direct feedback loop between model performance and parameter updates. The system makes
targeted changes when the entropy goes over a certain level, like (H >0.85), which probably means that the
confidence in the prediction is going down.

Guo et al. [29] found that miscalibration is a common problem with neural networks. We suggest a
method that uses dynamic parameter scaling to make calibration more market-aware. By lowering the
entropy threshold and raising the learning rates intelligently, scaling lets a model become more sensitive
when the market is very volatile. This makes sure that the model reacts quickly to events that move the
market. In stable periods, the system keeps the normal settings, which stops it from overfitting to short-term
noise. By applying this configuration, we make sure that the framework focuses on adapting during times of
significant market change.

Zarghani and Abedi [30] noted that sliding window techniques are very important for working with
streams of data. They did, however, point out that fixed-size windows have trouble adapting to changes that
happen quickly, like bursty patterns or concept drift. Our third strategy is to use an intelligent window sizing
technique based on market conditions to fix this. We suggest a 48-hour rolling window for incremental
updates that strikes the best balance between being quick to respond and being statistically reliable. When
spikes in volatility are detected, the system automatically shortens this window to 24 hours to give more
weight to recent, high-impact data. To keep the model stable, the window size is increased during stable
times. When drift is found, the framework uses a HoeffdingTree classifier [31] trained on mini-batches
(256 samples) from the optimized time window to make targeted updates. This method makes it easy to
quickly adapt to new market trends while still being efficient with computers, since only the temporal
attention parameters are changed, and the core sentiment classification layers stay the same to avoid
catastrophic forgetting.

2.4, Strategy for fine-tuning

In addition to the real-time adaptation strategy, we discussed above, we suggest a three-phase
adaptation approach to fine-tune our network. Based on Howard and Ruder's work on discriminative
fine-tuning [32], we suggest an approach of gradually unfreezing layers to help prevent catastrophic
forgetting while allowing effective domain transfer. This kind of strategy could work well in finance, where
it's important to expand vocabulary and calibrate sentiment intensity to deal with problems with domain
adaptation [10].

Adaptive sentiment analysis for stock markets using deep learning (Talent Mawere)



420 a ISSN: 2252-8814

Another method is multi-task learning, in which we add other goals, such as predicting volatility and
detecting urgency. The results of [33], who showed that auxiliary tasks improve model robustness and
generalization. Finally, we recommend a continuous learning method that can detect concept drift, which is
in line with the incremental adaptation ideas put forth by Gama et al. [34] for environments that are not
stable. This method guarantees consistent long-term performance while maintaining the low-latency
inference required for real-time trading applications. These three approaches work well together to balance
adaptation efficiency and practical deployment, which is what fintech Al research needs. Table 2 presents the
final internal structure of our model, which will be trained and tested.

Table 2. Internal structure of the complete model

Layer/component Configuration Output shape Parameters Function

Input layer Sequence length: 128 (128, 600) - Receives padded text sequences
Embedding dim: 600

Multi-scale CNN

1t layer ConviD (k =1) Filters: 200, Kernel: 1 (128, 200) 120,200 Unigram patterns

2M Jayer Conv1D (k =2) Filters: 200, Kernel: 2 (127, 200) 240,200 Bigram patterns

3 layer Convl1D (k =3) Filters: 200, Kernel: 3 (126, 200) 360,200 Trigram patterns

4t layer Conv1D (k =4) Filters: 200, Kernel: 4 (125, 200) 480,200 4-gram patterns

5t layer Conv1D (k =5) Filters: 200, Kernel: 5 (124, 200) 600,200 5-gram patterns

Global max pooling Applied per branch (200,) each - Extracts most salient features

Concatenation Merge all CNN branches (1000,) - Combines multi-scale features

BiLSTM layer Units: 128 (128, 256) 1,494,528 Captures long-range dependencies
Return sequences: true Forward and backward =256 units

Attention mechanism

Score calculation tanh activation (128, 256) 65,792 Computes attention scores

Weight computation softmax normalization (128,1) - Converts to a probability

distribution
Context vector Weighted sum (256,) - Focuses on relevant temporal
features

Feature fusion Concatenate (1256,) - Combines local+global patterns
CNN-+Attention

Dropout Rate:0.5 (1256,) - Prevents overfitting

Dense layer Units:128, ReLU (128,) 160,896 Final feature transformation

Output layer Units :3, softmax (3) 387 3-class sentiment classification

2.5. Experimental setup and evaluation metrics

We split our data into three sets, training (70%), validation (15%), and testing (15%), organized by
time to avoid temporal leakage, and trained it over 100 epochs with an AdamW optimizer to minimize the
composite loss function. To evaluate the performance of our model, we conducted two types of comparisons,
including an ablation study to assess the attention networks’ contribution to our model's performance and a
benchmark comparison against five other baselines. These include DistilBERT, a compact transformer;
LSTM; a CNN-BILSTM without attention; VADER,; FastText; and TextBlob. We selected benchmark
models based on their performance relevance and their ability to be deployed in real-time. While models like
FinBERT provide great accuracy, they are computationally complex and less suitable for the
high-throughput, low-latency pipeline central to our study; we did not consider them in our evaluation.
Rather, we focus on models that achieve high accuracy with computational efficiency. We evaluate
performance using standard classification metrics, including accuracy, precision, recall, F1-score, and area
under the curve (AUC). A confusion matrix is used for error analysis.

3. RESULTS AND DISCUSSION
3.1. Ablation study and hyperparameter optimization

As discussed earlier, the initial evaluation plan involves undertaking an ablation study to observe
overall contribution of each component. Sentiment analysis using a CNN vyielded a validation accuracy of
62% validation loss. With our final model CNN-BiLSTM-Attention, yielding a validation accuracy and loss
of 82% and 0.25%, confirming an overall contribution of 20% after all components are integrated.

After performing a component-wise ablation study validating each component’s contribution to the
overall model’s performance, we then applied Optuna for hyperparameter optimization for both our proposed
model and the baselines. Figure 2 shows the training and validation accuracy (Figure 2(a)) and loss
(Figure 2(b)) plots for our model after the new configurations. We observe that our proposed model reached a
validation accuracy of 97.4% with a validation loss stabilizing under 0.1. We attribute the credit to the
attention mechanism, which acted as a regularizer, stabilizing training and enhancing generalization as shown
in Table 3.
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Table 3. Ablation study validation loss and accuracy values

Metric CNN (%) BILSTM (%) Sentiwaretrade (no attention) (%) Sentiwaretrade (with attention) (%)
Validation accuracy 62 70 75 82
Validation loss 0.68 0.40 0.35 0.25
Generalization gap 5 10 5 3
SentiTrader_Training and Validation Accuracy (with Attention) SentiTrader_Training and Validation Loss (with Attention)
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Figure 2. Performance plots for tested models showing (a) accuracy and (b) loss

3.2. Model performance and benchmarking

Table 4 summarizes the performance of our proposed model against the proposed baselines. Our
model, CNN-BILSTM-Attention (SentiTrader), achieved top results, with good scores across all metrics
(accuracy: 0.975, Fl-score: 0.982, and AUC: 0.973) demonstrating our model’s superiority in modelling
sentiment data in financial markets. We support the hypothesis that hybrid architecture performs better than
standalones since even SentiTrader, without attention, already outperformed the standalone LSTM by 3.1% in
accuracy. Our findings further validate results from the ablation study by confirming that attention networks
improve predictions, as evidenced by the improved performance when the attention network was added. The
attention mechanism enhanced the F1-score by 3.8%, confirming its role in emphasizing important words and
reducing misclassification. Unlike transformer models like FinBERT, the proposed model achieves top
performance while keeping a lightweight and efficient design. Our framework is therefore suitable even for
real-time use in high-frequency trading environments where low latency is crucial. The poor performance of
DistilBERT and lexicon-based models highlights the mismatch between general-purpose language models and
financial text.

Table 4. Evaluation metrics of tested models

Model Accuracy  Precision  Recall Fl-score  AUC
Sentiwaretrader (with attention) 0.9753 0.9626 0.9746 0.9816  0.9728
Sentiwaretrader (without attention 0.9467 0.9539 0.9473 0.9633  0.9589
LSTM 0.9333 0.9439 0.9423 0.9321  0.9236
DistilBERT 0.4017 0.7612 0.4017 0.2351  0.5270
FastText 0.0377 0.0359 0.0377 0.0350  0.0430
Vader 0.3515 0.5133 0.3515 0.4163  0.5123
TextBlob 0.1841 0.4570 0.1841 0.2518  0.3241

3.3. Analysis of confusion matrices

As outlined in our evaluation framework, Figure 3 presents a plot of the confusion matrices for
DistilBERT, LSTM, and both variations of SentiTrader. We use confusion matrices due to their ability to
offer detailed insights into how well each model performs across sentiment categories. We observe that the
LSTM baseline has high confusion between classes, especially between positive and negative sentiments,
misclassifying 20 instances between these two. However, the DistilBERT confusion is more pronounced,
providing further support to our earlier assertion that it struggles to capture the subtle meanings in financial
language. A significant improvement is observed on SentiTrader without attention, achieving perfect
classification for the negative and neutral classes, while reducing the positive-negative confusion to just four
instances. Notably, SentiTrader with attention achieves perfect classification across all sentiment categories,
completely removing cross-class errors. This highlights how well our adaptive framework works to identify
sentiment-bearing phrases and clear up the context issues that other models face. We conclude that the steady
improvement from LSTM to SentiTrader without attention, and then to SentiTrader with attention, supports
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our design choices, not only regarding importance attention mechanisms but real-time adaptability in
improving sentiment classification in financial text analysis.

3.4. Real-time performance and practical implications

Our real-time performance evaluation demonstrates the pipeline's operational efficiency with the
entire process from news ingestion to sentiment classification, with a latency of less than 200 ms, as shown in
Figure 4. These results are within the strict needs of high-frequency trading environments. We observed that
the concept drift capability successfully identified and adjusted to volatility shifts during backtesting.
Prediction decay was reduced by 32% compared to a static model, see Figure 4. This strength is important for
fintech deployment because it confirms that the model performs reliably even during market crises. Figure 4
presents a performance analysis using pipeline latency distribution and concept drift adaptation metrics.

To verify our model’s concept drift detection and incremental update capability, we evaluated the
pre and post COVID-19 period. As illustrated in Figure 5, the main finding is that a static model quickly
becomes outdated during a market shock, whereas our adaptive model handled this challenge through
continuous learning. While the model did not perform so well initially, it prevented a potential 40-60% drop
in performance and instead achieved a consistent 3-8% advantage. This highlights the important role of
adaptive frameworks in real-world financial applications where volatility is high.
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Despite our model's robust performance, it has some limitations that need to be refined. We
acknowledge our framework's sole reliance on textual news headlines for sentiment classification. This
means that it is limited to the storyteller's point of view and not that of real investors. The model’s reliance on
FastText is yet another limitation that might make the model struggle with complex financial terms and
irony, where more sophisticated models like FInBERT could easily flourish. Future work will focus on:

i) Improving the sentiment analysis capability by using the whole news article rather than just making use
of headlines. The model should also embed other sources of news, such as social media.

ii)  Our model is not built to work in isolation, and as such, future work will focus on integrating multi-
modal data, including textual sentiment with technical indicators and macroeconomic data in one
predictive model.

iii) To validate generalizability for our model, we also suggest that future work expand our model to
different asset classes by validating the framework on forex, cryptocurrencies, and commodities.

4. CONCLUSION

There is an urgent need for the establishment of adaptable systems for real-time financial sentiment
analysis. In the current study, we investigated how integrating incremental learning approaches with
automatic retraining and hybrid architectures, such as the CNN-BIiLSTM-Attention architecture with a
concept drift detection mechanism, can improve predictive tasks in sentiment analysis. The framework
achieves excellent accuracy and strong operational resilience, according to the empirical results. We also
noted that it performs noticeably better than a number of leading benchmarks, establishing a new baseline for
sentiment-driven market analysis tools. The findings also validate our model's usefulness and practicality for
fintech applications due to its low-latency performance and flexibility. The approach can be applied to risk
management, automated trading, and sentiment analysis of investors. In the future, we hope to improve the
architecture by combining macroeconomic indicators, technological data, and sentiment data. Expanding its
scope to incorporate multimodal and multilingual financial data could be another topic of investigation,
strengthening the link between sophisticated NLP and dynamic financial markets.
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