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Abstract—As digitalization and the Internet stay emerging
concepts by gaining popularity, the accuracy of personal re-
views/opinions will be a critical issue. This circumstance also
particularly applies to patients taking psychological drugs, where
accurate information is crucial for other patients and medical
professionals. In this study, we analyze drug reviews from
drugs.com to determine the effectiveness of reviews for psycho-
logical drugs. Our dataset includes over 200,000 drug reviews,
which we labeled as positive, negative, or neutral according to
their rating scores. We apply machine learning (ML) models,
including Logistic Regression, Recurrent Neural Network (RNN),
and Long Short-Term Memory (LSTM) algorithms, to predict
the sentiment class of each review. Our results demonstrate an
F1-Weighted score of 85.3% for the LSTM model. However, by
applying the transfer learning technique, we further improved the
F1 score (nearly 3% increase) obtained by the LSTM model. Our
findings proved that there is no contextual difference between the
comments made by the patients suffering from psychological or
other diseases.

Index Terms—Machine Learning, Deep Learning, Transfer
Learning, Natural Language Processing

I. INTRODUCTION

In the digital era, online shopping over web retailer stores
has become ubiquitous in daily activities. With the conve-
nience of the internet, people can easily purchase products
from anywhere in the world with just a few clicks needed.
However, one of the biggest challenges of online shopping
is determining the quality of a product based on the reviews
provided by other customers. While the internet provides us
with a platform to share our opinions and experiences, the
accuracy of these reviews is often questionable and needs to
be validated [1]. This situation is also applied to the medical
domain, specifically psychological drug reviews/comments,
where accurate information is even more critical for patients
and medical professionals.

In this study, we sought to address this issue by applying
transfer learning to the experiments analyzing drug reviews.
By leveraging the power of machine learning, we aimed to
determine the accuracy of reviews for psychological drugs and
improve our understanding of their effectiveness. Our dataset
consisted of over 200,000 drug reviews from drugs.com, which
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included information on the drug name, condition, rating, and
useful count given by other users. During the experimental
studies, we employed various machine learning models, in-
cluding Logistic Regression, RNN, and LSTM algorithms. To
utilize supervised learning methodologies, we automatically
labeled the review entries as positive, negative, or neutral
classes by the rating scores and trained our models to predict
the sentiment class of each review. Our results showed that
we achieved an F1-Weighted score of 85.3% for the LSTM
model, while we further improved the F1 score by the LSTM
model boosted by applying transfer learning.

The following sections will discuss the background &
related work, the dataset used in the experiments, the method-
ology applied, and finally, the results of the experiments.
Through this research, we aim to shed light on the accuracy of
drug reviews. Besides, as a principal motivation, we wanted
to prove that psychological drug reviews are reliable enough
to be employed in research studies and should not be
differentiated from other drug reviews of non-psychological
disorders. While patient reviews may not provide infallible
information, they can still serve as valuable indicators for
research purposes. Thus, we utilized the patients' reviews as
the primary data elements.

II. BACKGROUND AND RELATED WORK

In this section, we describe the technical details of the model
architectures used in this study. Besides, we also mentioned
the key related works in the corresponding field.

A. Logistic Regression Classifier

Logistic regression is a linear model that uses a sigmoid
function to map the input features to a probability of belonging
to a particular class [2]. The model is trained by minimizing
the negative log-likelihood of the data, and the coefficients
learned during training are used to make predictions on
new/unseen instances. Even though it is commonly employed
for binary classification problems, it is also possible to build a
multi-class classification in a one-vs-rest manner. It is a simple
yet powerful algorithm that is widely used in many fields, such
as medicine, finance, and social sciences [3].



B. RNN Architecture

Recurrent Neural Networks (RNNs) are a subtype of neural
network architecture that is widely used in various fields
involving sequential data elements, such as natural language
processing and speech recognition [4] Considering the tech-
nical aspect, RNNs are designed to handle sequential data
by processing one input at a time while maintaining an
internal state that captures the context of previous input data.
Nevertheless, despite their popularity, we admit that RNN
models have critical problems that can affect their performance
and usability compared to other modern models.

Here, the major problem is capturing long-term dependen-
cies among the input data. Since the RNN's internal state is
updated based on the previous input and current input, the
information from the prior inputs can quickly decay as the
sequence grows longer. This problem, known as the vanishing
gradient problem, can make it difficult for RNNs to capture
long-term dependencies in sequential data.

Another limitation of RNNs is their susceptibility to over-
fitting. Because RNNs are capable of modeling complex pat-
terns in sequential data, they can easily memorize the training
data, leading to a poor generalization of unseen data. This
problem can be mitigated by using regularization techniques
such as dropout and weight decay. Finally, memory capacity
is also a significant limitation for both traditional RNNs and
LSTM networks due to the limited number of memory blocks
in the network. Simply increasing network size may not be a
feasible solution, as modularization of the network topology is
necessary to maintain an effective learning process. However,
the exact methods for implementing modularization and how
network modules should be interconnected are not yet fully
understood [5].

C. LSTM Architecture

Long Short-Term Memory (LSTM) is a type of recurrent
neural network (RNN) architecture that has gained popularity
recently due to its ability to handle long-term dependencies in
sequential data [6]. LSTM networks are practical and powerful
for language modeling, speech recognition, and text classifi-
cation tasks. However, despite their success, LSTM networks
have a few limitations that can affect their performance and
usability.

One of the main limitations of LSTM networks is their
higher computational cost and memory requirements com-
pared to traditional RNNs. This is due in part to their increased
complexity, including the use of memory cells and gates that
allow for greater memory capacity but also require more
computational resources to train and deploy. As a result,
designing and optimizing LSTM networks often involves a
trade-off between memory capacity and computational cost,
with larger networks that can store more information over
time typically requiring more computational resources to op-
erate effectively. Consequently, they may not be suitable for
some applications, particularly those with limited computing
resources or real-time constraints. Another limitation is the
vulnerability to over-fitting. Since the LSTM networks are

capable of modeling complex patterns in sequential data, they
can easily tend to memorize the training data, leading to poor
generalization performance on unseen data. This problem can
be reduced by regularization techniques such as dropout and
weight decay approaches.Lastly, the LSTM networks can also
suffer from vanishing and exploding gradients, although they
are designed to suppress these issues occurring in plain RNN
architectures [7]-[9].

III. DATASET CURATION AND STATS

When analyzing textual data, the quality and relevance of
the dataset play a critical role in terms of the accuracy and
interpretability of the results. In this section, we describe
the curation and key statistics of a dataset obtained from
drugs.com. The original dataset comprises 215,063 records;
however, 1,194 records were removed since they did not
contain a “condition” column, leaving 213,869 records. Using
the remaining records, we divided the dataset into three groups
based on the “rating” column, yielding 141,560 records as an-
notated positive-class, 63,906 instances as annotated negative-
class, and 8,403 examples as labeled neutral-class, respec-
tively. The graphical representation of the data distribution is
shown in Figure 1.

Neutral

Negative

Positive

Fig. 1: Class distribution of data instances.

By analyzing this dataset, we may identify patterns and
trends in drug efficacy, safety, and potential factors influencing
patient perceptions and experiences. Our findings showing the
meaningfulness of the drug comments may have important
implications for healthcare professionals and policy-makers to
optimize treatment plans and improve patient outcomes.

To ensure the accuracy and relevance of our findings, we
divided our dataset into two subsets: the first set (named
psychological reviews set) containing only reviews of med-
ications used to treat psychological conditions and the second
set (called all-condition reviews set) containing reviews of all
other drugs. The psychological review set comprises 42,219
data instances, which is a decent amount of data for our
analysis. By focusing on this subset, we aim to gain deeper
insights into the experiences and attitudes of patients seeking
treatment for mental health conditions. Besides, we also target
to identify any patterns or trends in which they express their
opinions and emotions about these medications.
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IV. METHODOLOGY

In this section, we explain the methodological details, in-
cluding data preprocessing, machine learning & deep learning
model building, and proposed transfer learning model to reach
the goal we mentioned in Section I.

A. Textual Feature Extraction

In this study, we have not performed any text cleaning
or n-gram separation. Instead, we converted the ‘“review”
column into an array using the Tokenizer function from the
Keras library [10]. We then determined the mean, maximum,
and minimum length values, which were 89, 1992, and O,
respectively. Based on the length values, we set the max
length of the padding sequence to 1000. Also, we used the
TFIDFvectorizer function from the sklearn library [11]
for the traditional machine learning model built by the logistic
regression algorithm.

B. Data Processing & Partitioning

To label the raw review records in the dataset, we utilized
the “rating” column to generate the class distribution. We set
a numerical limit for the rating column and chose six as the
limit. We classified the reviews where the rating value is less
than the limit as negative, the reviews having a rating value
higher than the limit as positive, and the records containing a
rating value equal to the limit as neutral. We employed lexicon-
based models using the Vader tool from the NLTK library
and the Textblob approach to validate the classification
results obtained from our models. After cleaning our dataset,
we only kept the classes and the review column. We used the
label-encoder package from the Sklearn library to convert the
class distributions to multi-class digital data.

Finally, the dataset was split into 70% as training, 20% as
testing, and 10% as validation sets.

C. Experimental Model Configurations

In this section, for the sentiment analysis experiments, we
explain both the traditional machine learning models built by
the logistic regression algorithm and deep learning models
using RNN and LSTM architecture with and without transfer
learning technique generated through the drug reviews overall
the diseases.

We intensively exploited the sklearn machine learning li-
brary to build the logistic regression model. Since there was
almost a negligible improvement in the performances and we
wanted them aligned with the deep learning models, we did
not perform any fine-tuning on the parameters and used the
default parameter values.

1) Recurrent Neural Network (RNN): To build the deep-
learning models, including RNN and LSTM algorithms, we
utilized the Keras deep neural network library. In the RNN
model, we set the input shape to 1000, as the input array is
padded with the pad sequence arrangement. We then created
a bidirectional RNN layer through the embedding layer con-
taining 16 neurons, followed by the dropout layer. We called
this model the vanilla-RNN model.

Afterward, we created the same Bidirectional simple RNN
layer again and added the final dropout layer, followed
by the dense layer used as the output layer. In the net-
work, “softmax” is used as the activation function, and the
“adam” algorithm is employed as the optimizer, while the
sparse—categorical-cross—entropy is used as the
loss function. We set 64 as the batch size and trained the model
for 25 epochs with a dropout rate of 0.5.

2) Long Short-Term Memory (LSTM): As selected in the
vanilla-RNN model, the input shape was also set to 1000,
with the same padding-sequence approach. Then, we cre-
ated a Bidirectional LSTM layer through the embedding
layer. After adding the dropout layer for regularization pur-
poses, we added another Bidirectional LSTM layer with
eight neurons, followed by the final dropout layer, and a
dense layer used as the output layer. Similarly, “softmax”
is utilized as the model’s activation function, the “adam”
optimization algorithm is employed as the optimizer, and the
sparse—-categorical-cross—entropy is used as the
loss function of the LSTM network model. During the training,
we set the batch size as 64 and trained the whole network for
25 epochs with a dropout value of 0.5.

3) Transfer Learning Architecture: Transfer learning is a
powerful machine learning technique that involves leveraging
a pre-trained model to solve a related task [12], [13]. Thus, in
our case, we deliberately exploited transfer learning to improve
the accuracy of our sentiment analysis model [10]. Specifically,
we used an in-house pre-trained LSTM model trained on a
large dataset of drug reviews. We first loaded the pre-trained
LSTM model using the Keras library to implement transfer
learning. Then, we froze all the layers in the model to prevent
them from being retrained. Next, we added a Bidirectional
LSTM layer with 256 neural units to the model and connected
it to the output of the second-to-last layer in the pre-trained
model. Afterward, we integrated a dropout layer to reduce
over-fitting and added another Bidirectional LSTM layer with
256 neurons with another following dropout layer. Finally, we
added a dense layer with 16 neurons with a relu activation
function for the nonlinearity concerns, and then the model
network was finalized by the output layer. The model structure
is illustrated in Figure 2.

The transfer learning model employed the “softmax” as the
activation function, the “adam” algorithm as the optimizer,
and sparse—categorical-cross—entropy as the loss
function. We set the batch size to 64 and trained the model for
30 epochs with a dropout rate of 0.1 to reduce the over-fitting
problem. Generally, transfer learning allowed us to achieve
higher accuracy than traditional machine learning models.
This outcome is because the pre-trained LSTM model already
learned crucial features from a large dataset, which we could
leverage for our sentiment analysis task.

V. RESULTS AND DISCUSSION

To demonstrate the performance of the proposed transfer
learning method, we evaluated the models using the fl-
score as the primary performance metric. In addition, we
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mput_1 mput: | [(None, 1000)]

InputLayer | output: | [(None, 1000)]

embedding | input: (None, 1000}
Embeddng | output: | (None, 1000, 64)

!

input:

bidirectional(lstm)
Bidirectional(LSTM)

(None, 1000, G4)
(None, 1000, 4)

output:

!

input:

dropout (None, 1000, 4)

(None, 1000, 4)

Dropout | output:

!

nput:

bidirectional_1(lstm_1) (None, 1000, 4)

Bidirectiona(LSTM) | output: (None, 16)
dropout_1 | mput: | (None, 16)
Dropout | output: | (None, 16)
reshape 1 | mput: (None, 16)
Reshape | output: | (None, 1, 16)
bidirectional 2(Istm_2) | mput: | (None, 1, 16)
Bidirectiona(LSTM) | output: | (None, 1, 512)
dropout_2 [ mput: | (None, 1,512}
Dropout | output: | (None, 1, 512)
bidirectional_3(Istm_3) | mput: | (None, 1, 512)
Bidirectional(LSTM) | output: | (None, 512)
dropout_3 | input: | (None, 512)
Dropout | output: | (None, 512)
dense_2 | input: | (None, 512)
Dense | output: | (None, 16)
dense_3 | mput: | (None, 16)
Dense | output: | (None, 3)

Fig. 2: The structure of the applied transfer learning model.

also reported other metrics, including precision and recall,
to gain better evaluation insight. As can be obtained from
Table I, the traditional machine learning model, the logistic
regression, achieved fl scores of 80%. When considering the
deep learning models, the RNN and LSTM models yielded an
F1 score of 85%. Here, the main possible reason for having
better performances with the DL models is that both DL
models could learn the contextual associations encoded in the
sentences for each target label more than the n-gram feature
space utilized in the logistic regression model.

As another evaluation indicator, the generation of the confu-
sion matrices representing the numbers of actual and predicted
instances for each class is also used in classification studies.
Therefore, we presented the confusion matrix of the LSTM
model with a color heatmap illustration using the green color
as the core intensity level in Figure 3.

Performance Metrics
Model Precision | Recall | Fl-score
Logistic 0.8 0.82 0.8
Regression
Vanilla
RNN 0.86 0.84 0.85
LST™M 0.86 0.84 0.85

TABLE I: Performance scores of traditional
machine learning and deep learning models

Actual
Color bar

-0.4

-0.2

1
Predicted

Fig. 3: The confusion matrix of the LSTM model.
Note: 0: Negative, 1: Neutral, 2: Positive

Considering the confusion heatmap matrix of the LSTM
model, the set of positive test instances was classified better
than other sentiment examples. As expected, the worst clas-
sification performance happened when separating the neutral
examples from positive and negative samples. This outcome is
predictable because it is relatively more challenging to identify
a neutral state encoded in sentences than opposite polarities
due to the natural language complexity.

To validate our dataset labeling based on the rate thresh-
olding approach, we have built TextBlob [14] and NLTK-
Vader [15] lexicon-based sentiment analysis models over
the unlabeled raw instances for labeling the comments. The
TextBlob model partitioned the dataset as 133,745 positives,
70,872 negatives, and 9,252 neutral comments, while the
NLTK-Vader model classified 76,893 comments as positive,
70,376 examples as negative, and the rest of 66,600 instances
as neutral. Following, we executed the same LR classifica-
tion model using the dataset labeled by the lexicon-based
approaches to justify that our labeling assumption is well
enough for further experiments. Consequently, we obtained F1
scores of 73.8% and 91.1% from NLTK-Vader and TextBlob,
respectively. As can be entailed from the results, the F1 scores
are aligned with our original model's F1 score, and this out-
come indicates that our thresholding approach is reasonable.

As a primary objective of this study, we built a transfer
learning model using the comments made by drug takers for all
diseases. By utilizing the transfer learning model, we wanted
to prove that there are no contextual differences between the
feedback comments generated by psychological drug takers
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and other medical drug takers. Besides that, we targeted to
achieve better sentiment analysis results through the transfer
learning model. For this particular purpose, we trained a
model using all disease comments and learned the appropriate
weights in the neural units. Afterward, we transferred this
model to classify the psychological disease comments based
on the predefined sentiment classes. In Table II, we demon-
strate the performance scores obtained by the transfer learning
model.

Performance Metrics
Transfer Learning . .
Precision | Recall | Fl-score
Model
Macro average 0.74 0.79 0.76
Micro average 0.88 0.88 0.88
Weighted average 0.88 0.88 0.88

TABLE II: Performance scores of the proposed
transfer learning model

The first noticeable outcome from the transfer learning
results is that the basic arithmetic average scores (by Macro
averages) of the performance metrics are even lower than
the lowest-performing models built without transfer learning.
The potential reason for this case is that all classes were
considered equally contributed. The other interesting point
is that the weighted and micro averages of the metrics are
almost 3% higher than the best-performing model without
using the transfer learning approach. This outcome directly
proved that transferring knowledge of all drug-disease experi-
ence comments to classify psychological experience comments
helps to improve the classification performances. The most
remarkable result is we can entail that the psychological drug-
disease experience comments should not be treated as specific
instances due to the nature of the psychological diseases
themselves.

As can be seen in Figure 4, the rate of the correctly
predicted test instances from the psychological drug-disease
comments was also improved in general compared to the
confusion matrix generated over the regular LSTM model
without transferring knowledge from all other diseases.

The original project concept was conceived in response to
insights provided by a psychology expert. The expert's view-
point suggested that comments made by psychology patients
regarding their experiences with drugs and disease may not
be as useful as those made by patients with other medical
conditions. This is because patients suffering from psycholog-
ical diseases may not convey reliable experience information
through their comments. However, as a core motivation of this
study, we wanted to show that this opinion could be disproved
by revealing at least equal or better classification performances
when extra knowledge of the other diseases is transferred into
the target model classifying the psychological test comments.

VI. CONCLUSION

In this project, we developed several models for sentiment
analysis using the dataset containing drug reviews made by

0.17 0.8

0.27

Actual
1
olor bar

-043

0.93 -0.2

0 1 2
Predicted

Fig. 4: Confusion Matrix of LSTM Transfer Learning model.
Note: 0: Negative, 1: Neutral, 2: Positive

multiple patients. By considering distinct approaches, we built
logistic regression and deep learning models, namely RNN and
LSTM. Besides, we employed the transfer learning technique
to achieve better classification performances for the target
psychology patients' comments. To do that, we leveraged a
pre-trained LSTM model transferring knowledge from other
feedback comments made by patients having other diseases
than psychological ones.

As can be seen in the experimental results, we showed that
transfer learning was a powerful approach, which achieved a
weighted-F1 score of 88% (yielding 3% improvement) when
classifying the feedback comments about the psychological
drug-disease pairs. By obtaining better performances, we
disproved the expert's opinion regarding the reliability of the
feedback comments made by patients suffering from psycho-
logical diseases. This outcome also highlights the potential of
transfer learning for improving the performance of machine
learning models, particularly in cases where large amounts of
labeled data do not exist. Overall, our work demonstrates the
importance of selecting appropriate models and techniques for
sentiment analysis and highlights the benefits of using deep
learning and transfer learning for a particular task involving
the target set of medical feedback comments.
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