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Abstract: The growing availability of drug reviews from patients has paved the way for future patient-centric and
data-enabled healthcare support; however, the majority of existing sentiment-based drug recommendation systems
use overall sentiment (sentiment polarity) to generate drug recommendations. In this study, an aspect-aware and
optimized deep-learning-based drug recommendation system is proposed using sentiment analysis. A combined
Convolutional Neural Network and Bidirectional Long Short-Term Memory architecture is employed to leverage
important local semantics as well as contextual and sequential dependencies from drug reviews. The model is
extended into an explainable drug recommendation system that maps user-reported symptoms to patient-opinion-
informed drug rankings. Sentiments are analyzed at the aspect level, focusing on effectiveness, side effects, dosage,
safety, and cost. To achieve better results, the Whale Optimization Algorithm is used to assign optimal weights to
each aspect, thereby ranking drugs according to data-driven aspect preferences learned from patient reviews.
Experimental evaluation on the drug dataset, comprising patient reviews, demonstrates that the proposed hybrid
sentiment classification model achieves 99.80% accuracy. It outperforms traditional machine learning and deep
learning approaches. The proposed framework not only improves sentiment classification accuracy but also provides
transparent and improved top-k drug recommendations, offering explainable patient-opinion-informed
recommendation rankings derived from large-scale review data. The generated rankings are derived from patient-
generated review data and should therefore be interpreted as opinion-aware recommendations rather than clinically
validated treatment recommendations.

Keywords: Sentiment Analysis, Convolutional Neural Network (CNN)-BiLSTM, Deep Learning (DL), Drug
Recommendation System (DRS), Whale Optimization Algorithm (WOA), Aspect-Based Sentiment Analysis (ABSA).

1. Introduction

The healthcare sector has experienced major
changes driven by digital technology over the past
decade, and these changes can be seen across multiple
domains. It is evident that a digital transformation is
underway in health systems, and digital technologies are
being utilized to develop innovative solutions for better
healthcare services and improved patient-opinion-
informed drug recommendations for specific medical
conditions [1, 2]. As healthcare continues to digitize,
data from online drug review platforms has become a
valuable resource [3]. This data includes details about
how well a medication worked, its side effects, and
patient opinions, and it offers unparalleled insight into
real-world evidence. Such data can be used to build
sophisticated decision-support tools that improve the
quality of care, offer better treatment options, and
improve patient outcomes [4]. The challenge is that
patient reviews are generally written in free-form text in

a colloquial style that mixes clinical terminology with
colloquial terms, slang, abbreviations, and opinions [5].
All of this makes it difficult to extract meaningful
information using traditional methods. To overcome
these difficulties, researchers have started turning to
NLP (Natural Language Processing) techniques to
evaluate these reviews and transform raw text into useful
information [6-8]. This diversity makes it difficult to
extract useful insights with traditional computational
methods.

Sentiment analysis of drug reviews is a
promising technique for facilitating data-driven drug
recommendation and decision-making in the medical
and healthcare domains [9]. Most existing studies on
drug reviews are limited to coarse-grained sentiment
polarity classification, that is, positive, negative, and
neutral, which cannot capture subtle sentiment
information about the use of a drug; for instance, a drug
may be effective but have serious side effects or a high
price. Therefore, Aspect-based Sentiment Analysis
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(ABSA) for drug reviews has attracted growing attention
from researchers. In ABSA, sentiment analysis is
performed at a more fine-grained level, and the relevant
aspects include effectiveness, side effects, dosage,
safety, and price. Deep learning architectures such as
LSTM, CNN, and BIiLSTM networks have been more
effective in performing aspect-level sentiment analysis of
drug reviews [10]. This is due to their ability to model
contextual and sequential dependencies in medical
texts. A hybrid CNN-BILSTM model combines local
feature learning with long-range semantic encoding and
is therefore an ideal model for understanding and
analyzing complex healthcare-related texts.

Despite these advances, two critical challenges
remain: (i) existing ABSA models assign equal weight to
each aspect, while in real-world clinical settings some
aspects are more important than others [11], and (ii)
deep-learning-based Recommender Systems (RSs) are
not interpretable, which is a critical concern in healthcare
applications. To address these limitations, an aspect-
based sentiment-driven  drug recommendation
framework is proposed. In this research, a hybrid model
is developed using CNN and BIiLSTM for aspect
extraction and sentiment analysis, while the Whale
Optimization Algorithm is employed to optimize the
weights of different sentiment aspects for clinically
relevant drug ranking. Furthermore, an explainability
module provides aspect-wise contribution scores, which
help users understand the reasoning behind a specific
recommendation. By utilizing large-scale patient
reviews, the framework generates drug
recommendations that can be employed in real-world
healthcare decision-support systems.

The rest of the paper is structured as follows:
Section 2 reviews the literature on drug
recommendations based on sentiment analysis and
aspect-level analysis. Section 3 presents the
methodology, including the model formulation,
evaluation metrics, and experimental setup. Section 4
presents the experimental results and comparative
analyses. Section 5 discusses the findings, limitations,
and implications of the study. Finally, Section 6
concludes the paper with a summary of the work and its
future scope.

2. Related Work

In [12], Srishailam et al. proposed a patient-
centered drug recommendation framework that used
machine learning by considering customer reviews.
They showed how recommendation quality can be
improved by extracting sentiment information and
supplementing approaches based solely on structured
information.  Nevertheless, their work performs
sentiment analysis only at the review level using an
existing framework and therefore cannot leverage
aspect-level clinical sentiments for individual drug
ranking.

Sequeira et al. [13] proposed “an intelligent
disease prediction and DRS using ML-based supervised
learning techniques (decision tree, support vector
machine).” Although the authors report decent
performance in disease prediction and drug
recommendation, their model considers only structured
patient data and not textual patient opinions.

In [14], Wang et al. proposed a deep-
reinforcement-learning-based model for medication
recommendation in a clinical setting that recommends
optimal antibiotic dosages. However, although the model
was tested on real clinical datasets, it was limited to
structured clinical data and did not consider sentiment or
patient-reported reviews as a way of tailoring
recommendations to the patient’s subjective experience.

Al-Hadhrami et al. [9] employed “CNN- and
LSTM-based DL models for sentiment analysis of drug
reviews and compared the performance with
conventional ML models.” The results showed
substantial improvements in classification performance.
However, the emphasis was placed solely on binary and
multi-class classification of sentiment polarities. No
attention was given to identifying the multi-aspect
sentiment features that play a pivotal role in decision-
making tasks.

Wang et al. [15] addressed the multi-aspect
sentiment analysis problem in the health domain, where
several drug aspects (e.g., efficacy and side effects) are
identified to train a deep neural network model for
sentiment prediction. Although they showed that aspect-
level sentiment prediction is essential for medical
treatment, their study did not differentiate the priority
among aspects; in practice, different aspects have
different levels of importance in drug selection.

Lin et al. [16] recently introduced a neural
attention-based aspect sentiment model for medical
reviews. The model showed higher interpretability and
achieved better performance than related studies.
However, it was not trained with a mechanism to
optimize  weights among aspects, and no
recommendation model was employed for the predicted
sentiments.

Martino et al. [17] proposed explainable deep
learning models for medical text analysis, focusing on
the explainability of healthcare Al models. However, they
did not focus on the drug recommendation problem and
did not consider aspect-based sentiment for improving
ranking.

Kumar et al. [11] employed WOA to optimize the
hyperparameters of a DL model for medical text
classification and showed its fast convergence and
higher classification  accuracy. However, the
optimization was carried out only for model parameters,
without learning the relative importance of aspects.
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He et al. [18] tackled sentiment analysis by
focusing on the sentiment polarity of comments. They
proposed a hybrid BERT-CNN-BILSTM model. In this
model, BERT handles word embeddings, CNN extracts
features, and BiLSTM captures long-term dependencies
before making the final prediction. Their approach
boosted accuracy by as much as 27.78% compared with
BERT, CNN, BiLSTM, and even BERT-BIiLSTM setups.

Li et al. [19] developed an ensemble DL model
consisting of CNN and BiLSTM for healthcare sentiment
analysis, which outperformed state-of-the-art
approaches in modeling both short- and long-range
dependencies in patient text data. However, they

focused only on improving sentiment classification
performance without addressing healthcare
recommendation ranking or explainability.

Vanam [20] advocated the use of interpretable
and sentiment-informed drug recommender systems to
overcome the limitations of black-box deep learning
models and thus highlighted the need for aspect-level
sentiment analysis in conjunction with optimization and
interpretability when designing clinically validated and
interpretable recommendation models. The comparative
analysis of existing drug recommendation and sentiment
analysis approaches is given in Table 1.

Table 1. Comparative analysis of existing drug recommendation and sentiment analysis approaches

(2023) [16]

interpretability of

neural aspect

performance

Author Aim Methods Advantages Limitations
(Year)
Satvik et | To improve drug Machine learning Demonstrated that Restricted to coarse-
al. (2024) | recommendation classifiers with sentiment information grained (binary)
[21] using patient sentiment features improves sentiment; lacks
sentiment. extracted from recommendation aspect-level insight
patient reviews accuracy
Nayak et | To predict diseases Decision tree and Effective use of Patient opinions and
al. (2023) | and recommend SVM - Supervised structured medical data | textual feedback are
[22] drugs using clinical learning algorithms not considered
attributes
Wang et | To recommend Deep reinforcement Clinically validated and Does not incorporate
al. (2024) | optimal antibiotic learning on clinical data-driven dosage patient experience or
[14] dosages in critical records optimization review-based
care information
Al- To classify sentiment | CNN and LSTM Superior performance Focus limited to
Hadhrami | in patient drug architectures compared to traditional sentiment
et al. reviews ML models classification without
(2024) 9] recommendation
Wang et | To analyze sentiment | DNN for aspect- Highlights importance of | All aspects treated
al. (2021) | across multiple drug based sentiment aspect-level sentiment in | uniformly without
[15] aspects analysis healthcare prioritization
Linetal. | Toimprove Attention-based Better transparency and | Aspect importance

not optimized; no

determining the
sentiment polarity of
comments.

CNN, BILSTM, and
BERT-BILSTM models,
improving performance
by up to 27.78%.

medical sentiment sentiment model recommendation
models stage
Martino et | To improve Explainable deep Enhances trust in Not focused on drug
al. (2023) | explainability in learning frameworks | healthcare Al systems recommendation
[17] medical text analytics tasks
Kumar et | To advocate Conceptual Emphasizes Lacks implementation
al. (2025) | interpretable sentiment-driven explainability and clinical | and experimental
[11] sentiment-aware drug | recommendation relevance validation
recommendation framework
He etal. | Toimprove sentiment | Hybrid BERT-CNN- Achieved higher Computationally
(2023) [18] | analysis accuracy by BiLSTM model accuracy than BERT, intensive due to

multiple DL
components and
requires large training
data

Int. Res. J. Multidiscip. Technovation, 8(5) (2026) 174-191 | 176




Vol 8Iss 5 Year 2026

Suruchi Chawla et al., /2026

3. Methodology
3.1 CNN-BIiLSTM Model

A hybrid CNN-BILSTM model is designed to
capture local sentiment-oriented information and long-
range contextual information in medical review text [19].
A CNN is used to extract n-gram features, and a BiLSTM
network is used to model the forward and backward
sequential dependencies of patient opinions [8, 23, 24].

3.1.1 Model Description

Assume that a preprocessed review is a token
sequence

X ={wy,wy,...,wr} (1)

That has been computed after padding or
truncating [8]. Here, T denotes the length of the input
sequence. The input sequence is then fed into an
embedding layer to obtain the embedding vector for
each token, and a corresponding embedding matrix is
generated as follows

E = [es, ey, ...,er],e; € RY (2)

Here, d denotes the dimension of the

embedding vectors.

3.1.2 Convolutional Feature Extraction

A one-dimensional convolution operation is
performed over the embedding matrix to extract local
sentiment-carrying sequences. For a given convolution
filter, where the kernel size, the convolution result at
position is i is given by:

¢ =f(We+ Epjpi—1 +be) (3)

Where the bias is term, and denotes a nonlinear
activation function (ReLU). Multiple filters are employed
to capture a variety of local features related to the
sentiments of interest (e.g., efficacy, side effects, and
side reactions).

3.1.3 Max-Pooling Layer

For each feature map, a max-pooling operation
retains only the maximum value:

¢ = max {cy, Cy) v, Cr—g41} 4)

This operation is performed to retain only the
most useful information (i.e., the most important
sentiment signals) from each feature map.

3.1.4 Bidirectional LSTM Layer

Finally, the features extracted by the CNN are
fed into a BIi-LSTM to Ilearn context-dependent
representations. The Bi-LSTM consists of a forward
LSTM that reads the input sequence from 1 to T and a

backward LSTM that reads the sequence from T to 1
[25]. The hidden states of the forward and backward
LSTMs at time step t are computed as given in Eq. (5):

h; = LSTM,(&,), by = LSTM, (&) (5)

Finally, the hidden state at time step t is the
concatenation of the forward and backward hidden
states [24]:

he = [he | B

Bi-LSTM is employed because it can capture
sentiment relationships that depend on the context both
before and after a concept, which is typical in clinical
text.

3.1.5 Output Layer and Sentiment Prediction

The final hidden state is used to train a fully
connected network with a Softmax output function to
predict the probability distribution of sentiment labels:

y = Softmax(W,h + b,) (6)

Where W,and b,are trainable parameters. The
Softmax function is defined as:

Zj

Softmax(z;) = —0—— (7)
e?J
j=1

with denoting the number of sentiment labels.

3.1.6 Model Training

The network is trained using categorical cross-
entropy loss:

L=-%,ylog®) (8)

Where and represent the actual and predicted
sentiment labels, respectively [26]. To avoid overfitting,
the AdamW optimizer is used, with the learning rate
adapted for each parameter to achieve model
convergence. As shown in Figure 1, the convolutional
and BiLSTM layers are jointly trained to learn sentence
representations for extracting complex features, thereby
improving sentiment classification performance. The
sentiment classification model is a key component of the
system because it provides the predicted sentiment
labels for aspect-level sentiment analysis, optimization,
and explainable drug recommendation [27].

3.2 Aspect Extraction

The rule-based strategy is employed for the
sake of interpretability [28]. Suppose the review
comprises a sequence of tokens. For each predefined
aspect, where:

A = {effectiveness, side effects, dosage, safety, cost}

A review is associated with an aspect if:
3 w; €ER S.t. Wi € Kaj
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Word Embeddings

Bi-LSTM Layer

Max-Pooling
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® Positive
@ Neutral
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Fully Connected
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Figure 1. Design of CNN and BiLSTM for drug sentiment classification.

Table 2. Aspect Definitions Used for Fine-Grained Sentiment Analysis

Aspect Description Example Keywords
Effectiveness | Reflects the perceived ability of a drug to treat or control the effective, works, relief,
medical condition improvement
Side Effects Captures adverse reactions or unwanted effects experienced nausea, headache, fatigue,
by patients dizziness
Dosage Relates to dosage amount, frequency, or administration dose, dosage, daily, mg, timing
concerns
Safety Indicates overall safety, long-term use concerns, or risk safe, risky, harm, dependency
perception
Cost Represents affordability and economic burden of the expensive, cost, price,
medication affordable
Where denotes the keyword dictionary This aggregation produces aspect-wise

corresponding to the aspect.

This process allows a single review to be linked
with multiple aspects, reflecting the multifaceted nature
of patient feedback [29]. A snippet of the extracted
aspects and their descriptions is summarized in Table 2.

3.3 Aspect-Level Sentiment Assignment

For each extracted aspect instance, the
sentiment polarity predicted by the CNN-BIiLSTM
classifier is assigned directly. Let denote the sentiment
label of review, corresponding to negative, neutral, and
positive sentiments, respectively [8, 30].

The sentiment score of aspect a;for drug dis
computed as:

1 Nd,a .

Sd,a]- = F,a,zf:l] Sy 9)

Where Na,q, denotes the number of reviews for
a drug d that mention the aspect a;.

sentiment profiles for each drug, which are later used for
optimized weighting and ranking.

34 Whale
Weighting

Optimization-Based Aspect

Since different aspects contribute unequally to
drug selection, WOA is employed to learn optimal aspect
weights [31]. Each whale represents a candidate weight
vector as given in Eq. (10):

W = [wy, Wy, ..., Wiy, Z;":le =1 (10)

Where m is the number of aspects

The fitness function for a candidate solution is
defined as:

FW) = 371, W Saq, (11)

WOA updates whale positions using encircling
and spiral-movement strategies:

X(t+1) = X*(t) —A-] C-X*(t) — X(¢ (12)
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Where is the best solution at iteration, and are
coefficient  vectors controlling  exploration and
exploitation.

The optimized weight vector obtained after
convergence reflects data-driven aspect priorities
learned from patient-generated review sentiment.

3.5 Trust Score Computation

This formulation penalizes drugs with sparse or
inconsistent feedback, thereby improving robustness
[32].

3.6 Drug Recommendation and Ranking

For a given medical condition, candidate drugs
are filtered using condition matching. The final
recommendation score for a drug is computed as:

To enhance the robustness of review-based Ry =F(W) =Ty (14)
ranking, the trust score for a drug is defined as follows: Drugs are ranked in descending order,
Ty=a -pug+B-log(Ny) —y- o, (13)  producing a prioritized top-k recommendation list. A
Where: schematic overview of this ranking pipeline is illustrated

in Figure 2.
e u,is the mean weighted aspect sentiment score,

, . 3.7 Model Evaluation Metrics
e Nyis the number of reviews,

The quantitative evaluation metrics used to
measure the performance of the CNN-BIiLSTM
sentiment classification model are given in Table 3.
Assume that the actual and predicted labels are denoted
accordingly.

e g,is the standard deviation of sentiment scores,

e q,pB,yare tunable coefficients.

Whale Optimization Process

\4 " Best Soluti
‘4\'_! es/oulon

Optimal Aspect Weights

Input Sentiment Scores

D ! =
' >d, Encircling & Spiral l Population of Candidate Q_\ ! /
—p Update Solutions Y
Side Effects Score Sy, ] Bt e Wk

[wy, Wy, ..., W]

[l Dosage Score Sy,

[l Safety Score Sy l
|
(

Effectiveness Weight w1 '

3 = Side Effects Weight w2
Fitness Evaluation L)

F(W) =2 W] 2 Sd,j

|

’ Dosage Weight w3 i
‘ Safety Weight wy '
\

=1 Cost Weight ws '
Calculate Fitness Score ‘

Optimized Aspect Weights

Figure 2. Whale Optimization-Based Aspect Weighting.

Table 3. Performance Metrics for CNN-BILSTM Sentiment Classification

Metric Mathematical Formula Description

Accuracy Accuracy Predicts the overall correctness of the model across all classes.

[33] B TP +TN Is
_TP+TN+FP+FN( )

Precision Precision = (16) Measures the proportion of predicted positive samples that are
[6] " TP+ FP actually positive. Indicates model exactness.

Recall [21] Recall = TP a7) Measures the ratio of actual positive samples that are correctly

" TP+ FN identified. Indicates model completeness.

F1-Score F1 = 2 x LrecisionxRecall (18) Harmonic mean of Precision and Recall.

[33] Precision+Recall
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Where TP , TN , FP, and FN represent true
positives, true negatives, false positives, and false
negatives, respectivel y.

A confusion matrix is employed to observe
class-wise correct and incorrect predictions. Further,
Cohen’s Kappa coefficient is also used to assess class-
wise agreement between actual and predicted class
labels beyond chance [33]:

— Po=Pe
1-pe

(19)

Where p, is the observed agreement and p, is the
agreement expected by random chance [34]. Cohen’s
Kappa coefficient is more useful for evaluating class-
wise classification performance for multi-class
healthcare datasets.

3.7.1 Micro Average

Micro average calculates global metric scores
by computing TP, FP, and FN for each class and then
calculating the metric based on their sum [35].
Therefore, it treats every prediction equally, regardless
of class size, which is useful for evaluating overall
system performance [31].

2iTP;

PreC|S|0nmicro = m (20)
e

ReCa“mlcro - zi(TPi+FNi) (21)

Flopicro = 2-Precisiony, jcro-Recallyicro (22)

Precision i cro+Recallyicro

3.7.2 Weighted Average

“Weighted average calculates the metric for
each class and computes the weighted average of the
metrics, where the weights are the number of true
instances (support) in each class” [35]. Therefore, the
class with more instances dominates the score, making
the metric more reflective of the actual data distribution
[36].

2. ;(n;-Precision;)

Precisioneignhtea = 3 ong
15

(23)

Y. ;(njRecally)
Recall ,eigniea = S (24)
2 (- F1y)
Flweighted = T (25)

Where n;= equals the number of true instances
(support) for a classi.

The evaluation protocol adopted in this study is
summarized in Table 4. Multiple quantitative measures
were employed to assess classification performance,
comparative effectiveness, and recommendation quality.

3.8 Experimental Setup

The proposed framework for the drug
recommender system has five phases, as shown in
Figure 3: data preprocessing, sentiment mining, deep-
learning-based sentiment classification, meta-heuristic
optimization, and explainable recommendation. The
proposed system uses a combination of NLP
techniques, rule-based aspect mining, and deep
learning models to extract local as well as contextual
sentiment information from patient reviews. Aspect-level
opinion mining is integrated with optimization-based
weight assignment in order to incorporate the relative
importance of aspects observed in patient-generated
review data. Furthermore, a reliability-based ranking and
explain ability module is incorporated to generate
explainable and transparent patient-opinion-informed
ranking results.

3.8.1 Drug Review Dataset

The patient review dataset from “Drugs.com”
used in this study contains patient reviews of prescribed
drugs based on real medical experiences shared on a
health-related website. Each entry in this dataset
contains the name of a drug, a related medical condition,
a review text describing the patient’s experience, and a
corresponding rating value ranging from 1 to 10. The
dataset contains reviews covering various medical
conditions and drugs, thereby capturing multiple patient
opinions about drug efficacy, side effects, and user
satisfaction.

Table 4. Evaluation protocol and measures employed in this study

Component

Evaluation Method

Sentiment Classification

Accuracy, Precision, Recall, F1-score

Class-wise Evaluation

Confusion Matrix

Agreement Measurement

Cohen's Kappa Coefficient

Internal Baseline Comparison

CNN, Bi-LSTM, Capsule Network, MobileNet-CNN, Soft Voting Ensemble

State-of-the-Art Comparison

Recent Drug Review Sentiment Analysis Models

Recommendation Analysis

Top-K Drug Ranking Outputs

Optimization Analysis

WOA-Based Aspect Weight Evaluation
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Figure 3. Architecture of the proposed framework incorporating a 100-dimensional embedding layer, 64
convolutional filters (kernel size = 5), and a BiLSTM layer with 64 hidden units.

Table 5. Dataset Statistics

Parameter

Value

Total Reviews

215,063

Training Reviews

161,297

Test Reviews

53,766

Rating Range

1-10

Positive Reviews

142,306

Neutral Reviews

19,185

Negative Reviews

53,572

Missing Condition Records

1,194

As shown in Table 5, the dataset is large,
diverse, and real-world in nature, making it suitable for
sentiment analysis, aspect-level opinion mining, and
data-driven drug recommendation systems.

3.8.2 Data Preprocessing and Text Normalization

The initial stage of the framework focuses on
pre-processing patient drug reviews to minimize noise
and improve model performance. Drug review text may
contain spelling errors, punctuation, other irrelevant
symbols, and sentences of varying lengths. Pre-
processing is therefore necessary to prevent poor model
performance. The following are the steps in the pre-
processing phase:

3.8.2.1 Text Cleaning

All reviews are converted to lowercase, as case
variation may affect the output. Special characters,
HTML tags, URLs, and non-alphabetic symbols are
removed because they do not carry significant
information for sentiment analysis. Extra spaces are
removed to ensure a clean token sequence.

3.8.2.2 Tokenization

Each review is tokenized into words using a
tokenizer that assigns an integer index to each unique
word. This tokenization function converts text data into
numerical values so that it can be processed by the
neural network.

3.8.2.3 Padding and

Standardization

Sequence Length

As neural networks accept input sequences of
fixed length, all tokenized reviews are either padded or
reduced to a fixed maximum sequence length. When a
review is shorter than this length, it is padded with zeros.
When a review is longer than this length, it is truncated
to retain the most significant information. This ensures
that the text data is well formatted and normalized so that
the subsequent deep learning models can perform well.

3.8.3 CNN-BiLSTM Model

This stage is responsible for automatically
identifying the sentiment polarity expressed in patient

Int. Res. J. Multidiscip. Technovation, 8(5) (2026) 174-191 | 181
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drug reviews. The convolutional and BiLSTM layers are
jointly trained to learn sentence representations for
extracting complex features, thereby improving
sentiment classification performance. The sentiment
classification model is a key component of the system
because it provides the predicted sentiment labels for
aspect-level sentiment analysis, optimization, and
explainable drug recommendation. The hyper
parameters of the CNN-BIiLSTM model are given in
Table 6.

Table 6. CNN-BIiLSTM Hyperparameter Configuration

Parameter Value
Tokenizer Vocabulary Size 10,000
(num_words)

Embedding Dimension 100
Maximum Sequence Length 100
Convolution Filters 64
Kernel Size 5
Pooling Size 4
BiLSTM Hidden Units 64
LSTM Dropout 0.10
Recurrent Dropout 0.30
Optimizer Adamw
Learning Rate 0.001
Weight Decay 1x107°
Batch Size 128
Training Epochs 10
Loss Function Categorical Cross-
Entropy
Output Activation Softmax

3.8.4 Whale Optimization-Based Aspect Weighting

To perform sentiment analysis at the aspect
level, an aspect extraction module is designed to extract
the clinical aspects mentioned in the reviews. The CNN-
BILSTM classifier is used to predict the sentiment
polarity of each extracted aspect instance. WOA is
employed to learn optimal aspect weights.

Table 7. Whale Optimization Algorithm Configuration

Parameter Value
Optimization Whale Optimization Algorithm
Algorithm (WOA)
Search Space Continuous
Search Bounds [0, 1]
Population Size 10
Maximum lterations 30
Con\{ergence Maximum number of iterations
Criterion
Optimization Optimize aspect.welghts for
o recommendation score
Objective

computation
The WOA optimizes aspect weights using 10
candidate solutions and iterates up to a maximum of 30

times in the defined search space of [0, 1], as shown in
Table 7. Once optimized, the aspect weights are
combined with the corresponding trust scores to
generate an overall recommendation score for each
candidate drug.

3.8.5 Trust Score
Recommendation

Computation and Drug

A trust score is computed by integrating
sentiment strength, review volume, and consistency.
The drugs are then ranked as per Eq. (14), thereby
generating the top-k recommendation list. The trust
score calculated in this study was obtained by estimating
the trustworthiness of each drug using the previously
established trust estimation strategy. The final
recommendation scores represent an aggregation of the
aspect weights and trust scores computed during WOA.
No additional trainable coefficients were introduced
beyond those already built into the WOA optimization
process.

3.8.6 Explainability Mechanism

An explainability layer is integrated to improve
transparency and user trust. The aspect-based
sentiment analysis for the drug recommender system is
given in Table 8. For each recommended drug, the
system reports:

e Aspect-wise sentiment scores Sd,aj

e Optimized aspect weights w;
e Trustscore T,

e Final recommendation score R,

4. Experimental Results

The experimental results obtained from training
the proposed framework are given in Figures 4 (a, b).
Model evaluation is based on classification metrics such
as accuracy, precision, recall, F1-score, the confusion
matrix, and Cohen’s Kappa coefficient.

Figure 4a shows that both the training and
validation loss decrease monotonically during training,
and the two curves remain very close to each other. This
implies that the model is not overfitted. In Figure 4b, both
the training and validation accuracy increase
monotonically across epochs. In addition, the validation
accuracy is slightly higher than the training accuracy at
the end of training. This can be attributed to the
regularization method applied in the model.

Based on the convergence behavior seen in
Figures 4a and b, it can be concluded that the CNN-
BiLSTM architecture can learn discriminative sentiment
representations from the drug-review dataset.
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Table 8. Aspect-based sentiment analysis for the drug recommender system using the Acetaminophen /
butalbital / caffeine example

Component Symbol Description Example Value
Aspect Drug-related aspects considered in Effectiveness, Side Effects,
% recommendation Safety, Dosage, Cost
Aspect-wise s Sentiment polarity score of drug (d) with Effectiveness = 2.000, Side
Sentiment Score d,a; respect to each aspect (a_j) Effects = 1.500, Safety = 1.800,
Dosage = 1.700, Cost = 2.100
Optimized Aspect Weight assigned to each aspect after Effectiveness = 0.105, Side
Weight Wi WOA optimization Effects = 0.200, Safety = 0.180,
Dosage = 0.190, Cost = 0.325
Weighted Aspect %S Contribution of each aspect to the final Effectiveness = 0.210, Side
Contribution Wi d.a; recommendation score Effects = 0.300, Safety = 0.324,
Dosage = 0.323, Cost = 0.6825
Trust Score Reliability score computed from sentiment
T, ; . , 8.251
consistency and review confidence
Final R Aggregated recommendation score
Recommendation d obtained by combining the trust score with 1517
Score the weighted contributions of all aspects '
for ranking
0.6 1
(a) — Training loss
— validation loss
0.4 7 ]
0.2 1
0.0
0
(b) 1.00
0.95 1
0.90 1
0.85 1
— Training accuracy
0.80+ — Validation accuracy
0 2 6 8

Figure 4 (a). Training and validation loss curves across epochs, (b) Training and validation accuracy
curves across epochs.

The ability of the loss to continue decreasing
steadily and of accuracy to continue increasing steadily
indicates that the model is able to extract both local
semantic patterns and long-range contextual
dependencies. The small separation between the
training and validation curves also indicates strong
generalization properties and supports the usefulness of
the dropout-based regularization procedure in mitigating
overfitting while maintaining predictive performance.

The proposed classification model is further
evaluated by the confusion matrix shown in Figure 5. It

is evident from the matrix that most samples in each of
the three classes—negative, neutral, and positive—are
correctly classified and that only a few samples are
misclassified, which implies that the classifier has
learned the classes well and remains balanced.
Specifically, samples from the neutral class are
classified very accurately, although this is a notoriously
difficult sentiment class because its language often
contains highly subjective and ambiguous content along
with implicit sentiment polarity.
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Figure 5. Confusion matrix showing sentiment classification.

Therefore, these results also demonstrate the
ability of the proposed classifier to learn latent contextual
relationships within the review text. Further analysis of
the confusion matrix shows that the highest classification
rate is achieved for the positive sentiment class because
positive reviews generally contain clear expressions of
treatment effectiveness and user satisfaction. The
negative class also achieves a high classification rate
due to the presence of clear descriptions of adverse
effects and indicators of user dissatisfaction. The
accuracy of the neutral sentiment class is also
exceptionally high, although neutral reviews have
traditionally been challenging to classify because they
often include a nearly equal distribution of positive and
negative expressions. The combination of local phrase-
level feature extraction provided by the CNN layer and
contextual dependency modeling provided by the Bi-
LSTM layer allows the model to distinguish sentiments
more clearly than traditional methods. The small number
of misclassified documents between adjacent sentiment
classes provides additional support for the reliability of
the classifier proposed in this study.

Table 9. Precision, recall, and F1-score achieved by
the proposed model for each sentiment class.

Class Precision Recall F1-score
Negative 0.9972 0.9970 0.9971
Neutral 0.9930 0.9953 0.9941
Positive 0.9989 0.9987 0.9988
Accuracy 0.9980
Macro Avg 0.9964 0.9970 0.9967
Weighted Avg 0.9980 0.9980 0.9980

The high macro-averaged scores confirm that
the model maintains uniform performance across all
sentiment categories without bias toward majority
classes. Based on the high average values shown in
Table 9, the model provides a fairly even level of
performance across each sentiment category and does
not show strong bias toward the majority class. The high
precision, recall, and F1-score for all three sentiment
classes (negative, neutral, and positive) indicate very
consistent learning across classes. The F1-score for the
neutral class (i.e., 0.9941) is particularly noteworthy
because the neutral class is challenging due to the
ambiguity of neutral sentiment in healthcare reviews.
Achieving this result demonstrates the ability of the
CNN-BIiLSTM architecture to recognize contextual
information and resolve sentiment ambiguity. The close
match between the weighted-average metrics and the
overall accuracy value also indicates that model
performance has not been adversely affected by class
imbalance.

4.1 Comparative Analysis with Internal Baseline
Models

To further validate the effectiveness of the
proposed framework, its performance is compared with
several internally implemented baseline models,
including conventional deep learning architectures and
ensemble approaches, as given in Table 10.

The proposed model obtains the highest
accuracy, outperforming all baseline models by a clear
margin. While MobileNet-CNN and Soft Voting
ensembles show competitive performance, they remain
inferior to the proposed architecture.
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Table 10. Accuracy comparison with baseline models

Model

Accuracy

CNN

0.87

Bi-LSTM

0.85

Capsule Network

0.88

MobileNet-CNN

0.97

Soft Voting Ensemble

0.93

Proposed Model

0.998

Table 11. Comparative analysis of the proposed model based on macro-averaged precision, recall, F1-score,
and accuracy.

Model Precision (Macro Avg) | Recall (Macro Avg) | F1-score (Macro Avg) | Accuracy
CNN 0.79 0.77 0.78 0.87
Bi-LSTM 0.73 0.70 0.71 0.85
Capsule Network 0.87 0.86 0.86 0.88
MobileNet-CNN 0.97 0.95 0.96 0.97
Soft Voting Ensemble 0.93 0.92 0.92 0.93
Proposed Model 0.996 0.997 0.997 0.998

The performance gap can be explained by the
fact that the two components of the proposed model
leverage complementary strengths: CNNs extract local
sentiment-bearing features, while BIiLSTMs capture
sequential contextual relationships among words in the
review text. Therefore, separate models using only
CNNs or only BILSTMs cannot exploit both types of
features simultaneously. Similarly, ensemble methods
improve prediction stability, but they typically do not
provide the same deep contextual understanding as the
proposed model. This explains why the proposed model
consistently achieves better classification performance
across all evaluation metrics.

The macro-averaged comparison of precision,
recall, F1-score, and accuracy is reported in Table 11 to
ensure a fair evaluation across all sentiment classes.

Table 11 shows that the proposed model not
only improves overall accuracy but also significantly
increases macro-averaged precision, recall, and F1-
score, confirming its robustness and balanced
classification behaviour.

The performance improvements of the proposed
framework are also shown in Table 11. Compared with
CNNs, BiLSTMs, Capsule Networks, and Soft Voting
Ensemble methods, the proposed architecture has
substantially higher average precision, recall, and F1
metrics. The average improvement across all measures
is important because it shows how well the model
performs on a class-by-class basis rather than merely

dominating majority classes. These results strongly
indicate that combining CNNs, which provide local
feature extraction, with Bi-LSTMs, which provide
contextual modelling, yields richer representations of
drug-review sentiments.

In addition to sentiment classification, the
framework performs aspect-level sentiment analysis,
estimates trust scores, and applies WOA-based aspect
weighting in the recommendation module. These
components do not directly affect sentiment
classification accuracy because they operate after the
classification step. However, they improve the
recommendation process by enabling more precise
aspect assessment, trust-sensitive scoring to lessen the
impact of unreliable reviews, and WOA-based
optimization of aspect importance. Thus, the entire
framework is more robust in generating interpretable and
patient-specific  drug  recommendations  without
sacrificing sentiment classification performance.

Unlike conventional recommendation datasets,
the Drug Review Dataset adopted in this research does
not include static opinion labels or expert-validated
recommendation lists for each illness. Therefore,
standard recommendation evaluation metrics such as
Precision@K, Recall@K, or NDCG cannot be reliably

computed. Accordingly, the recommendation
component is assessed through condition-ranking
experiments, trust-aware recommendation scores,

aspect-wise contribution analysis, and reproducibility
analysis across multiple executions. These experiments
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show that the proposed framework produces patient-
opinion-informed drug rankings consistently and
interpretably while ensuring stable recommendation
behavior.

4.2 Comparison with other State-of-the-Art
Models used for Sentiment Analysis of Drug
Reviews

The proposed model is compared with recent
sentiment analysis approaches specifically applied to
drug-review datasets. The comparative performance of
the proposed method against recent drug-review
sentiment analysis models, based on classification
accuracy, is given in Table 12.

As shown in Table 12, deep learning models
have outperformed classical machine learning models in
the sentiment analysis of drug reviews. The classical
Linear SVC with TF-IDF showed competitive
performance with 93% accuracy, which may be
attributed to its dependence on hand-engineered
features, although such features lack contextual
understanding. Transformer models such as BERT
performed better, with an accuracy of 96%, because
they use context-aware embeddings. However, CNN-

BiLSTM models are able to learn n-gram features from
the text while also modeling sequential dependencies,
and they have achieved an accuracy of 97%. Other
ensemble models and transformer-RNN hybrid models,
such as RoBERTa + BIiLSTM, have been reported to
achieve an accuracy of 94.78%. The proposed CNN-
BILSTM model with metaheuristic optimization
outperformed these state-of-the-art methods with
99.80% accuracy.

4.3 Recommendation Performance Evaluation

To assess the recommendation ability of the
proposed framework, recommendation experiments are
performed using representative medical conditions
extracted from the drug-review dataset. For each
condition, top-3 ranked drug recommendations are
produced by integrating the calculated aspect-level
sentiment scores, the trust score for the website from
which patients shared their comments, and WOA-
optimized aspect weights to formulate semantic
recommendation reports. The example rankings
demonstrate the ability of the proposed framework to
combine multiple dimensions of patient reviews into
transparent recommendation scores.

Table 12. Comparison with recent drug-review sentiment analysis models

Reference Model / Approach Technique Category Aclf:ipr:(:tye?" %)
(1]
Al-Hadhrami et al. [9] CNN+Bi-LSTM Hybrid deep learning 97
Al-Hadhrami et al. [9] CNN+BIi-LSTM (with GloVe Hybrid deep learning 87
variants)
Hayath Ali et al., 2025 Gemini API + ML Deep learning + NLP 93
[32]
Chaudhary et al. BERT Transformer-based 9
(2025) [37]
Garg et al. [21] Linear SVC + TF-IDF Classical ML 93
Kim et al.,2025 [10] RoBERTa + BiLSTM Transformer hybrid 94.78
Patil et al. [38] Domain BiLSTM Hybrid deep learning 90.46
Proposed Model CNN-BILSTM + Meta-heuristic Hybrid + Optimized deep 99.80
Optimization learning '

Table 13. Top-3 Recommended Dr

ugs for the Headache Condition

Rank Drug Trust Score (Ty) Final Rse::rzr(l;zl;dation
1 Acetaminophen / butalbital / caffeine 8.251 15.17
2 Acetaminophen / dichloralphenazone / 6.824 13.233
isometheptene mucate
3 Sumatriptan 6.655 12.481

Int. Res. J. Multidiscip. Technovation, 8(5) (2026) 174-191 | 186



Vol 8Iss 5 Year 2026

Suruchi Chawla et al., /2026

Table 14. Top-3 Recommended Drugs for the Vomiting Condition

Rank Drug Trust Score (T,;) | Final Recommendation Score (R,)
1 Zofran 7.853 14.226
2 Promethazine 6.808 12.629
3 Ondansetron 6.888 11.437

Table 15. Aspect-wise Contribution for the Top-3 Recommended Drugs

Drug Effectiveness | Side Effects | Safety | Dosage | Cost

Acetaminophen/Butalbital/Caffeine 1.886 1.793 — 1.780 | 2.000

Acetaminophen/Dichloralphenazone/lsometheptene 1.894 1.788 2.000 2.000 | 2.000
Mucate

Sumatriptan 1.821 1.776 — 1.816 | 2.000

Note: The symbol “—” indicates that no safety-related aspect was identified in the available patient reviews for the

corresponding drug. Therefore, no safety sentiment score was assigned for that aspect during recommendation

score computation.

Table 16. Component-wise Analysis of the Recommendation Framework

Framework Component

Contribution to Recommendation

CNN-BILSTM

Classifies patient review sentiment

+ Aspect-Level Sentiment
Analysis

Identifies sentiment for individual drug aspects (effectiveness, safety, side

effects, dosage, and cost)

+ Trust Score Estimation

Reduces the influence of unreliable or inconsistent reviews during ranking

+ WOA-Based Aspect
Weighting

Optimizes the relative importance of aspects to improve ranking consistency

Proposed Framework

Produces interpretable, patient-opinion-informed drug recommendations

The best drugs recommended by the proposed
framework for the headache and vomiting conditions are
shown in Tables 13 and 14. Ranking is determined by
the final recommendation score, which is computed by
aggregating aspect-level sentiment scores using trust-
aware weighting optimized by WOA. The findings
indicate that drugs with stronger effectiveness-related
sentiment and higher trust scores tend to receive higher
recommendation scores. After extracting patient
opinions from online reviews, the recommendation
component prioritizes drugs, as illustrated in these
examples. Although Promethazine and Ondansetron
have comparable trust scores, Promethazine achieves a
higher final recommendation score because the final
ranking is determined by a combination of the trust score
and the weighted aspect scores optimized using WOA.
The trust score adjusts the reliability of patient reviews,
whereas the final recommendation score additionally
reflects drug effectiveness, side effects, safety, dosage,
and cost. Consequently, a drug with a slightly lower trust
score may still obtain a higher final recommendation
score if its overall weighted aspect performance is
superior.

The aspects involved in the recommendation
process for the top-ranked drugs are reported in Table
15. The scores for effectiveness, dosage, safety, and
cost-related sentiment are combined with confidence
weighting based on the WOA-derived overall aspect
score in order to arrive at a higher-level recommendation
after incorporating consistency-based loading. This
improves interpretability by showing how each individual
component contributes to the final recommendation.

To analyse the reproducibility of the
recommendation framework, the recommendation
procedure is repeated using both the trained CNN-
BILSTM model and the optimized WOA weights.
Additionally, repeated executions of the algorithm
generated identical top-3 recommendation lists, thereby
indicating that the framework is able to produce stable
and reproducible rankings under the same initial
conditions.

The incremental contribution of each building
block of the proposed recommendation framework is
outlined in Table 16. The CNN-BiLSTM-based model
classifies the sentiment of patient reviews into sentiment
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polarities. The aspect-level sentiment analysis
component builds on this by identifying sentiments
associated with individual drug attributes, such as
effectiveness, side effects, and dosage. The trust score
component enhances recommendation reliability by
reducing the impact of unreliable or inconsistent drug
reviews, while WOA optimizes the relative weights of the
various aspects used in ranking the drugs. As these
components are applied after sentiment classification,
they enhance the recommendation process without
affecting the accuracy of sentiment classification itself.

5. Discussion
5.1 Analysis of CNN and BiLSTM

Our experimental results show that the
proposed model, which combines CNN and BIiLSTM,
performs very well in sentiment classification of drug
reviews. The CNN-BiLSTM-based model outperforms
traditional deep learning models, ensemble models, and
other state-of-the-art approaches across all evaluation
measures. This high level of performance results from
the ability of CNN and BIiLSTM to capture different types
of information. The CNN is effective at capturing local
sentiment-laden phrases and features related to
particular aspects, while the BILSTM learns the long-
term context in which a patient-generated healthcare
review is written. Combining these two abilities—local
feature extraction and sequential contextual learning—
gives the CNN-BIiLSTM-based model richer semantic
representations than either CNN or any RNN alone.

5.2 Analysis Based on the Confusion Matrix

Another clear indicator of classification
robustness is the confusion matrix, which shows
consistently accurate classification of the negative,
neutral, and positive sentiment classes. In particular, the
neutral sentiment class achieves high precision and
recall. Neutral sentiment is one of the most difficult
classes to classify correctly in healthcare reviews
because neutral reviews often contain mixed treatment
experiences. In addition, neutral reviews often do not
express strong positive or negative opinions regarding a
treatment, usually contain dosage changes, and may
include both treatment and control statements;
therefore, they can contain many different types of
modifying expressions. This demonstrates that the CNN-
BiLSTM-based model is able to learn and accurately
identify the subtle contextual and semantic properties of
words in neutral reviews, thereby distinguishing them
from polarized sentiments. While the model described
here performs very well overall, most misclassified
examples occur between adjacent sentiment classes,
especially neutral-positive and neutral-negative reviews.
One of the major contributors to these error cases is that
many mixed or ambiguous reviews—for example,
reviews containing conflicting experiences, confusion

between effectiveness and side effects, or uncertainty
about why an experience should be classified as positive
or negative—reflect the inherently subjective and
linguistically ambiguous nature of patient-generated
healthcare reviews.

These results are consistent with prior research
showing that hybrid CNN-BILSTM systems can
outperform standalone CNN and recurrent models
because they capture both local semantic patterns in
review wording through the CNN component and long-
range contextual dependencies through the BiLSTM
component. The findings therefore support the suitability
of this hybrid deep learning approach for analyzing
complex patient-generated drug review datasets. The
proposed framework demonstrates the potential of
analyzing large collections of patient-written medication
reviews to understand public opinion about medications
in a structured and explainable manner. By integrating
aspect-level sentiment analysis, trust scores, and Whale
Optimization Algorithm-based aspect weighting into the
ranking process, the framework generates comparative
medication rankings derived from patient perspectives.
Such rankings may be useful for health services
researchers and analysts as an opinion-aware
supplementary resource for comparing medications.

At the same time, several limitations should be
acknowledged. The study relies entirely on patient-
generated drug reviews, which may contain subjective
opinions, reporting bias, duplicate entries, missing
information, and ambiguous descriptions. Review
distributions may also be skewed because patients are
more likely to submit feedback when they have very
positive or very negative experiences, whereas
moderate opinions are often underrepresented. In
addition, the recommendation rankings were derived
only from patient reviews and sentiment analysis without
validation against clinical evidence, physician judgment,
or verified treatment outcomes. Furthermore, the rule-
based aspect extraction method depends on predefined
dictionaries and extracted sentences, which may not
adequately capture implicit medical concepts, domain-
specific terminology, or previously unseen expressions.

6. Conclusion and Future Direction

This study presented an explainable drug
recommendation framework that integrates aspect-
based sentiment analysis, a hybrid CNN-BiLSTM
classifier, trust-aware ranking, and Whale Optimization
Algorithm-based aspect weighting to analyze large-scale
patient drug reviews. The proposed model effectively
captured both local semantic cues and long-range
contextual dependencies in review text, enabling highly
accurate sentiment classification and more informative
aspect-level interpretation. By combining sentiment
strength with optimized aspect importance and review
consistency, the framework produced transparent
opinion-aware rankings of medications for specific
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conditions. The findings demonstrate that patient-
generated review data can be transformed into a
meaningful supplementary decision-support resource
when supported by robust deep learning and
optimization techniques. In particular, the framework
moves beyond coarse polarity prediction by showing
how effectiveness, side effects, dosage, safety, and cost
can jointly shape recommendation outcomes in an
interpretable manner. At the same time, the study
recognizes that such rankings reflect patient opinion
rather than clinically validated treatment guidance.
Therefore, the proposed system should be considered a
complementary analytical tool for researchers and
healthcare analysts. Future work should strengthen
clinical relevance through expert-annotated datasets,
transformer-based aspect extraction, external evidence
integration, and validation against real-world treatment
outcomes. These advances would improve reliability,
interpretability, and real-world usefulness in healthcare
settings substantially.
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