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Abstract

Malaria remains a significant public health challenge in Nigeria, with widespread use of antimalarial drugs leading o frequent
adverse drug reactions (ADRs). Current pharmacovigilance systems, such as the Pharmacovigilance Rapid Alert System for
Consumer Reporting (PRASCOR), rely on SMS-based reporting and lack comprebensive data collection and analysis capabilities.
This study develops a hybrid sentiment analysis model combining BioBERT (Bidirectional Encoder Representations from
Transformers for Biomedical Text) and Bidirectional Long Short-Term Memory (BiLLSTM) with an attention mechanism to
classify malaria dyng reviews for enbanced pharmacovigilance. A dataset of 3,194 malaria drug reviews was collected from patients
in South-West Nigeria and preprocessed using natural langnage processing technigues. The proposed BioBERT-BiL.STM model
leverages domain-specific contextual embeddings from BioBERT and captures sequential dependencies throngh Bil.STM, while
the attention mechanism focuses on the most informative words for sentiment classification. The model was implemented in Python
and evaluated using an 80-20 train-test split, achieving an accuracy of 60.90%, with balanced precision (0.54), recall (0.54),
and F1-score (0.54). Comparative analysis against Bil.STM, Random Forest, Support 1V ector Machine, and 1.ogistic Regression
demonstrated the superior performance of the hybrid model across all metrics. The findings show that integrating domain-specific
transfer learning with sequential deep learning architectures provides a scalable, accessible, and effective tool for automated
pharmacovigilance, improving drug safety monitoring in resource-limited settings.

Keywords: Sentiment Analysis, BioBERT, Bil STM, Pharmacovigilance, Malaria Drugs, Hybrid Model.

1.0 Introduction

Malaria represents a major health and socioeconomic concern in Nigeria, which contributes approximately
27% of malaria cases and fatalities worldwide [1]. Its effects are particularly pronounced among pregnant women
and children below five years of age [2]. The disease also generates substantial economic pressure through direct
healthcare expenditure and losses in productivity [3]. Antimalarial medicines account for a large proportion of
reported Adverse Drug Reactions (ADRs), partly because these medicines are widely consumed and readily
obtainable without prescription [4]. The Nigerian National Pharmacovigilance Policy and Implementation
Framework (NNPP, 2020) records an ADR incidence of about 16.2%, with 6.5% of reported cases associated
with hospitalisation, permanent disability, or death [5].

Within Nigeria's post-matketing sutrveillance (PMS) structure, the National Agency for Food and Drug
Administration and Control (NAFDAC) monitors medicine safety through the Pharmacovigilance Rapid Alert
System for Consumer Reporting (PRASCOR) [4]. The SMS-centred nature of PRASCOR constrains the amount
of information that can be submitted and limits the depth of subsequent analysis [4]. A computational approach
capable of processing patient-generated reviews at scale could therefore complement existing reporting
arrangements and provide an additional source of information for malaria-drug safety monitoring.

Sentiment analysis provides one such computational route because it enables opinions expressed in textual
material to be grouped into positive, negative, or neutral categories [6]. Early pharmaceutical sentiment studies
commonly used rule-based procedures, but such methods can be sensitive to manually defined rules and may
perform poorly when language becomes less predictable [7]. Classical machine-learning techniques subsequently
became common [8—10]. Although optimisation studies have reported accuracies of up to 94% with Support
Vector Machine (SVM) and Random Forest models [11, 12], these methods do not readily capture aspect-specific
conditions or the specialised meanings found in biomedical narratives. Deep-learning research later examined
LSTM, BiLSTM, and GRU models using more than 215,000 drug reviews, with a semi-supervised GAN reporting
87.5% accuracy [13]. Other investigations combined GloVe representations with BiLSTM [6] or CNN
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architectures [14]. Such developments improved contextual modelling, but the use of general-purpose word
embeddings remained a limitation for biomedical language.

Hybrid approaches have also been investigated. One example combined domain-oriented information with
transfer learning and reported 88.96% accuracy using XGBoost, although aspect-based drug conditions were not
explicitly modelled [15]. Comparative evaluations involving BERT, RoBERT4a, XI.Net, and BioBERT identified
BioBERT as the strongest model in terms of F1-score for drug-rating classification [16]. Another study combined
an ontology with XLNet for ADR classification [17]. Taken together, the literature points to three unresolved
issues relevant to this study. First, malaria-specific treatment aspects have received limited attention. Second, many
existing datasets originate outside Nigeria, which reduces their direct contextual relevance to Nigerian patients.
Third, linguistic patterns characteristic of Nigerian users remain insufficiently represented in existing sentiment-
analysis resources.

The present study responds to these limitations by developing a BioBERT-BiLSTM model with attention for
malaria drug reviews originating from Nigeria. The architecture uses BioBERT to obtain biomedical contextual
information, BiILSTM to represent relationships across the sequence of a patient's narrative, and attention to
identify tokens that contribute most to the sentiment decision. The resulting pipeline is intended as a
pharmacovigilance-oriented classification aid for analysing patient-generated drug experiences.

2.0 Methods
2.1 Data Identification and Collection

The review corpus was developed with contributions from three physicians and two pharmacists and was
cross-checked against more than 3,000 patient records to establish the relevant attributes. The final dataset
comprises 3,194 malaria drug review records described by 10 features: reviewer age, gender, condition, drug name,
ease of use, effectiveness, review text, satisfaction, side effects, and useful count. The observations were
maintained in Comma-Separated Values (CSV) format and hosted on Google Drive for access within the
modelling environment.

2.2 Data Preprocessing and Exploratory Data Analysis

Data preparation was undertaken in Google Colaboratory. Pandas was used for data organisation, NumPy for
numerical operations, and Matplotlib/Seaborn for visualisation. Review text was processed with the Natural
Language Toolkit (NLTK), including tokenisation, stop-word removal, and Porter stemming. BioBERT, a BERT-
based model trained with biomedical material from PubMed and PMC [18], was used for the representation-
learning and fine-tuning stages.

The exploratory analysis considered several characteristics of the dataset. These included descriptive statistics,
word-frequency patterns, n-gram distributions, review-length characteristics, sentiment in relation to effectiveness
ratings and age groups, word-cloud representations, and relationships among variables. This combination of
numerical and textual exploration provided a basis for understanding the structure of the reviews before model
training.

2.3 Model Formulation: BioBERT-BiLSTM with Attention Mechanism

The proposed classifier links biomedical language representation, bidirectional sequence learning, and
attention-based weighting within a single pipeline. BloBERT first converts the input review into contextual token
representations. The resulting sequence is processed by a BILSTM so that information from both directions of
the text contributes to each token representation. An attention layer then assigns different weights to these
representations, allowing the model to concentrate on information that is more useful for sentiment prediction.
The final context representation is supplied to a dense softmax layer to obtain the predicted sentiment
probabilities.

(a) BioBERT embedding.
Let X = {x1, x2, ..., Xa} denote the token sequence of an input review. Each token x; is mapped to a contextual
embedding by BioBERT:
H® = BioBERT(X) = {h:% h2° ..., b} 1)
Here, hi® denotes the contextual representation generated by BioBERT for token i.

(b) BiLSTM layer.
The sequence of BioBERT representations is supplied to two LSTM pathways, one processing the sequence
from the beginning and the other from the end:
H— =ILSTM—H’, H+ =1LSTM«H") 2

For each position, the two directional hidden states are joined to form a combined representation:
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H' = {[b1—>, bl<—]) [bz—>; bz‘_]; ey [b”_)’ /9”(_]} (3)

(c) Attention mechanism.
The attention component evaluates the BiLSTM representations and assigns larger weights to tokens that are
more informative for the classification task:
w; = tanh(Wihi + bn) “4)
a = excp(mTu_w) | >y excp(umu_mw) 5)
In these expressions, Wi and by are trainable parameters, whereas u_w represents the word-level context
vector. The review-level representation C is obtained by combining the BILSTM outputs according to their
attention weights:

Cc= Zi ahi (6)

(d) Dense layer and output.
The resulting context representation is then passed to a dense softmax output layer, which converts the learned
representation into sentiment probabilities:
3 = softmaxx(W_dC + b_d) (7
In Equation (7), W_d and b_d are the parameters of the dense output layer, while § denotes the predicted
probability distribution for the positive and negative sentiment categories.
Hybridization of BioBERT-BiLSTM Model
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Figure 1: Architecture of the Hybrid BioBERT-BiLSTM Model for Malaria Drug Review Classification
Source: Researchers' Computation (2024)

Figure 1 provides the structural view of the proposed classifier. Five processing stages can be distinguished in
the diagram: the input stage receives preprocessed and tokenised reviews; BioBERT transforms those tokens into
biomedical contextual representations; the BILSTM processes the representations in both directions; the attention
layer assigns relative importance to the resulting token features; and the dense softmax layer produces the final
positive or negative prediction. The key implication of the figure is that the model does not depend on a single
representation technique. Instead, biomedical semantics, sequential context, and selective feature weighting are
combined before classification. This arrangement provides the architectural basis for the hybrid model evaluated
in the study.

2.4 Model Simulation and Validation

Implementation was performed in Python with TensorFlow and Keras in Google Colaboratory. The dataset
was divided into training and testing portions at an 80% to 20% ratio. The hybrid network was trained for 10
epochs with the Adam optimiser, a learning rate of 0.0005, categorical cross-entropy loss, and a batch size of 32.
BiLSTM, Random Forest, Support Vector Machine, and Logistic Regression were also trained using the same data
split. Accuracy, precision, recall, F1-score, and Area Under the ROC Curve (AUC) were used to assess all models.
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QU [1 from transformers import AutoTokenizer, AutoModel
- from keras.models import Sequential
’ from keras.layers import Embedding, LSTM, Bidirectional, Dense
(o]
# Load BioBERT tokenizer
[} tokenizer = AutoTokenizer.from_pretrained("monologg/biobert_vi.1_pubmed")

# Get the number of tokens in the vocabulary
vocab_size = len(tokenizer)

import torch

# Get the BioBERT embedding weights and detach them
embedding_weights = bio_bert_model.get_input_embeddings().weight.detach().numpy()

# Define the Bi-LSTM model with BioBERT embeddings

model = Sequential()

model.add(Embedding(input_dim=vocab size, output dim=768, input length=max_len,
weights=[embedding weights], trainable=False)) # use BioBERT embeddings

model.add(Bidirectional (LSTM(64)))

model.add(Dense(64, activation='relu'))

model.add(Dense(2, activations'softmax’)) # assuming 3 classes for effectiveness

1stm will not use cubnW kernels since it doesn't meet the criteris. It will use a generic GPU kernel as fallback when running on GeU.
tm will net use CUDHN kermels since it doesn't meet the criteriz. It will use a 6PU kernzl 33 fallback when rumning on GPU.
stm will not use cuDHN kernels since it doesn't meet the criteria. It will use a generic GFU kernel as fallback when running on GPU.
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Figure 2: Implementation of the BioBERT Tokenizer, BILSTM Model, and Training Routine
Source: Field Work (2024)
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Figure 2 documents the implementation workflow used for model construction and training. The displayed
routine connects BioBERT tokenisation and embedding extraction with the BiLSTM sequence-processing stage
and the subsequent training operations. Its main significance is methodological: whereas Figure 1 explains the
conceptual flow of the classifier, Figure 2 shows how that design was translated into an executable programme
within Google Colaboratory. The figure therefore provides implementation-level support for the experimental
procedure used to obtain the reported results.

3.0 Results and Discussion
3.1 Training and Validation Performance

Across the 10 training epochs, the loss on the training data fell from 0.6794 to 0.6633, whereas the validation
loss remained approximately 0.6727. Training accuracy increased from 0.5935 to 0.6000, while validation accuracy
stayed close to 0.5984. The relatively similar training and validation behaviour provides no clear indication of
substantial overfitting during this period. However, the near-0.60 accuracy plateau also suggests that the selected
training configuration had reached limited improvement by the end of the 10 epochs. This behaviour is important
when interpreting the test-set results because the eventual performance reflects a model that learned without a
large separation between training and validation behaviour, but also without achieving strong predictive
discrimination.

3.2 Model Evaluation Metrics

Table 1 reports the classifiet's performance on the held-out test data for the two sentiment categories.
Precision is 0.55 for both negative and positive reviews. Recall differs slightly, reaching 0.49 for Class 0 (Negative)
and 0.59 for Class 1 (Positive), while the respective Fl-scores are 0.52 and 0.55. Both the macro and weighted
averages are 0.54 for precision, recall, and F1-score. The principal result is therefore a broadly even performance
across the two classes rather than a strong preference for one category. At the same time, the lower negative-class
recall indicates that a proportion of negative reviews may be missed. In a pharmacovigilance setting, this is an
important limitation because negative experiences may contain information relevant to adverse drug reactions and
medicine safety.

Table 1: Classifier's performance on the held-out test data for the two sentiment categories

Metric Class 0 Class 1 Macro Avg Weighted Avg
(Negative) (Positive)
Precision 0.55 0.55 0.54 0.54
Recall 0.49 0.59 0.54 0.54
F1-score 0.52 0.55 0.54 0.54
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3.3 Comparative Analysis

The comparison shows that the BloBERT-BILSTM model performs best in overall accuracy, although its
advantage over the baseline methods is relatively small, ranging from 2 to 5 percentage points. AUC values for all
five models remain close to 0.50, indicating that none of the classifiers demonstrates strong separation between
positive and negative reviews. Another useful distinction concerns class recall. SVM records a recall of 0.93 for
negative reviews but only 0.07 for positive reviews, whereas the proposed model produces the more even values
of 0.49 and 0.59. For pharmacovigilance, this balance is useful because both favourable treatment experiences and
reports of adverse experiences can contribute to safety assessment. A classifier that heavily favours one sentiment
category could consequently overlook relevant patient information.

Table 2: Model Performance Comparison for Malaria Drug Reviews

Model Accuracy (%) | Precision (Avg) | Recall (Avg) Fl-score AUC
BioBERT-BiLSTM 60.90 0.54 0.54 0.54 0.54
Logistic Regression 58.84 0.54 0.59 0.49 0.51

Support Vector 58.06 0.51 0.58 0.48 0.50
Machine

Random Forest 56.49 0.51 0.56 0.50 0.51
BiLSTM 55.40 0.51 0.55 0.51 0.50

Table 2 brings the five classifiers together for a direct performance comparison. BloBERT-BiLSTM records
the highest accuracy at 60.90%, with precision, recall, F1-score, and AUC all at 0.54. Logistic Regression records
58.84% accuracy, precision of 0.54, recall of 0.59, Fl-score of 0.49, and AUC of 0.51. SVM obtains 58.06%
accuracy, precision of 0.51, recall of 0.58, Fl-score of 0.48, and AUC of 0.50. Random Forest records 56.49%
accuracy, precision of 0.51, recall of 0.56, F1-score of 0.50, and AUC of 0.51, while BILSTM records 55.40%
accuracy, precision of 0.51, recall of 0.55, F1-score of 0.51, and AUC of 0.50. Thus, the proposed architecture
provides the highest accuracy, precision, F1-score, and AUC in the comparison, although its recall is lower than
those of the four baselines. The accuracy difference relative to the comparison models ranges from 2.06 to 5.50
percentage points. Because the AUC values remain close to 0.50, these results should be interpreted as a modest
comparative advantage rather than evidence of strong sentiment discrimination.

3.4 Web and Mobile Prototype Implementation

After training, the classifier was exposed as a back-end service through an API linked to a database containing
patient drug reports. Two user interfaces were developed around this service: a Flask/Jinja2 web application and
a Java-based Android application. Healthcare professionals, patients, and regulators can use the interfaces to
submit review text and obtain real-time sentiment classifications. This deployment arrangement separates the
predictive model from the user interface and provides a practical route for integrating the classifier into a larger
reporting workflow.
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Malaria Drug Sentiment Analysis

Type a sentence, click on the analyze button and wait for your prediction.

Analyze

ENG 11:03AM
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Figure 3: Web-based Prototype for Malaria Drug Sentiment Analysis
Source: Field Work (2024)
Figure 3 shows the web implementation used to access the sentiment-analysis service. The interface provides
a text box for entering a malaria drug review and an analysis control for submitting the text to the model. Its key
contribution is to demonstrate how the classifier can be made accessible to users without exposing them to the
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underlying machine-learning implementation. In a pharmacovigilance workflow, such an interface could serve as
an initial point for processing patient feedback before the information is subjected to further review.

Malaria Drug Sentiment Analysis

Type a sentence, click on the analyze button and wait for your prediction.

rnter text... \
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Figure 4: Android Mobile-Based Pro
Source: Field Work (2024)

Figure 4 depicts the Android version of the prototype. The mobile interface offers the same essential
operation: a user enters review text and requests a sentiment prediction from the deployed model. The significance
of the mobile implementation is its potential to extend access to the analysis service through handheld devices.
Considered alongside Figure 3, the two prototypes demonstrate that the same back-end classification service can
support both browser-based and mobile interaction, although their practical pharmacovigilance value ultimately
depends on the predictive reliability of the underlying model.

3.5 Discussion

The performance pattern can be related to the different roles assigned to the three principal components of
the hybrid architecture. BioBERT has been trained on PubMed and PMC material, giving its representations
exposure to biomedical terminology and expressions that can occur in descriptions of symptoms and side effects
[18]. BiLSTM adds sequence-sensitive modelling by considering information in both directions of a review. This
is useful when a single patient narrative contains favourable and unfavourable statements in different parts of the
text. Attention provides a further selection mechanism by assigning greater influence to words that carry useful
sentiment information, including expressions associated with effectiveness, recovery, nausea, or headache.

The observed pattern also relates to previous findings. Shiju and He (2021) reported the strongest F1-score
for BioBERT among the transformer models examined for drug-rating classification [16]. Sweidan et al. (2021)
similarly demonstrated the usefulness of combining domain knowledge with transformer-based methods for ADR
classification [17]. The present work applies these ideas to malaria drug reviews in Nigeria and adds bidirectional
recurrent processing with attention to the biomedical representation. The contribution is therefore contextual as
well as architectural, since the model is evaluated using patient-generated reviews from the Nigerian setting.

The web and Android implementations provide an operational demonstration of how the classification
pipeline could be incorporated into a pharmacovigilance environment such as PRASCOR. Nevertheless, the
performance obtained in Sections 3.2 and 3.3 places a clear boundary on this interpretation. With an accuracy of
60.90% and an AUC of 0.54, the system should presently be considered a proof-of-concept triage aid. It should
not be treated as a validated diagnostic instrument or as an autonomous mechanism for making pharmacovigilance
decisions.

The findings should also be considered alongside several study limitations. The corpus contains 3,194 reviews,
which is relatively small for fine-tuning a deep-learning model and may restrict the diversity of linguistic patterns
available during training. The analysis also covers English-language reviews only, limiting immediate transfer to
multilingual environments. In addition, the experiment relies on a single 80/20 split and does not report cross-
validation or significance testing. Consequently, the accuracy differences observed across the models, from 55.4%
to 60.9%, should be interpreted cautiously rather than regarded as statistically established performance gaps.
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Finally, changes in medical terminology and the ways patients describe treatment expetiences may necessitate
periodic retraining.

4.0 Conclusion

This study developed a hybrid BioBERT-BiLSTM classifier with attention for analysing malaria drug reviews
in support of pharmacovigilance in Nigeria. The approach combines biomedical transfer learning, bidirectional
sequence modelling, and attention-based feature weighting. On the reported test set, the hybrid model produced
stronger overall results than the traditional machine-learning and standalone deep-learning comparators. Its
performance across the two sentiment classes was also relatively balanced, which is relevant because
pharmacovigilance depends on information from both favourable and unfavourable treatment experiences.

The study also demonstrated a practical deployment pathway through web and Android interfaces. The trained
classifier operates as a back-end service linked by an API to a database of patient drug reports. New reports can
be retrieved, processed, classified, and returned to the application interface for presentation to the user. This
arrangement illustrates how automated text analysis could complement existing approaches to drug-safety
monitoring, particularly in settings where large volumes of patient feedback are difficult to review manually.

The results reinforce the value of using biomedical pre-training when analysing healthcare-related text and
suggest that combining transfer learning with sequential modelling can provide a useful basis for patient-review
classification. Future investigations should enlarge and diversify the dataset, explore alternative architectures and
hyperparameter configurations, and assess the model with stronger validation procedures before operational
deployment. Integration with national pharmacovigilance infrastructure could then be examined under appropriate
human oversight. The same methodological approach may also be adapted to other drug categories and medical
conditions, extending its potential contribution to automated pharmacovigilance and patient-safety monitoring.
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