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Abstract

Background: medications are complex and influence the body in multiple ways. Post-development analysis of
medications remains highly advantageous, as it allows for comprehensive understanding of the safety profile
over extended periods and can direct future improvements to enhance the therapeutic benefits while minimizing
risks. Our primary goal was to examine whether a substantial relationship exists between such patient experien-
ces and the statistical analysis of data about the same medications from clinical trials. Methods: Patient feedback
regarding medication commonly prescribed for psychiatric conditions was obtained from a publicly available
website webmd.com. We searched clinicaltrials.gov for statistical analysis regarding the same medications. Data
from webmd.com was subjected to sentiment analysis, while clinicaltrails.gov data underwent statistical analysis.
Results: the findings suggest a general connection between the two data sources. Medications with a greater
amount of patient feedback generally attract more research attention, although with some exceptions. Additio-
nally, medications approved for children receive less feedback online compared to those for adults and seniors.
Medications for seniors receive more positive and neutral feedback in contrast to those for children and adults.
Conclusions: online platforms offer a space for patients to share their experiences with using specific medica-
tions, potentially contributing to the enhancement of patient care and aiding researchers in further studies.
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Introduction

The process of developing a new medication is complex
and involves multiple steps e.g. pharmacology research, pre-
clinical studies on animals, clinical studies on small groups of
human volunteers, regulatory agency approval, marketing
and more [1]. Medications may have various long-term ad-
verse effects and drug interactions, which may require signifi-
cant observation time to reveal. Post-development analysis of
medications, including a series of analytical techniques, may
be employed to reveal more details on different aspects of
long-term adverse effects.

In general, there are two different approaches to exam-
ining the long-term effects of medications. The first approach
involves collecting patient feedback. Online platforms allow
patients to express their opinions about the medications they
use. Since this feedback is provided by non-experts, it often
lacks technical terms but instead conveys different feelings
and sentiments. Patients might express dissatisfaction or sat-
isfaction with a specific medication. Consequently, computer
science techniques such as natural language processing (NLP),
particularly sentiment analysis, can be employed to analyze
these feedback data and provide a collective overview for
a given medication [2]. The second approach involves con-
ducting independent research trials related to the particular
medication.

Healthcare-related websites, such as webmd.com, fre-
quently showcase patient feedback, which can be valuable
resources for individuals seeking information and support
concerning medications [3]. Patient reviews/feedback, par-
ticularly for psychiatric medications, offer significant insights
into the effects of these medications, revealing aspects that
might not have been evident during the initial stages of drug
development. These reviews provide information on a medi-
cation’s effectiveness, adverse effects, dosage, onset and du-
ration of action, tolerability and comparisons to other medi-
cations.

The clinicaltrials.gov website serves as a repository en-
compassing both privately and publicly funded clinical studies
conducted in various countries around the world. The details
of these studies (e.g. conditions, number of participants and
their demographic characteristics, intervention, outcomes)
are inputted into the database manually. Users can search
this repository for trials associated with specific medical con-
ditions or medications. For instance, in our previous study
analyzed the adverse effects of oxycodone by extracting data
from all the clinical trials registered at clinicaltrials.gov [4].

Sentiment analysis [5], also known as opinion mining, is
a natural language processing (NLP) technique that involves
using machine learning models to determine the sentiment or
emotional tone expressed in a piece of text, typically written
or spoken language. Its primary goal is to classify text as pos-

itive, negative, or neutral based on the underlying emotions
or opinions expressed.

Our primary aim was to examine whether there is a cor-
relation between the patient experiences (assessed via senti-
mental analysis) with using medication commonly prescribed
for psychiatric conditions and the statistical analysis of data
about the same medications from clinical trials [6-12].

Material and methods

A variety of chemical and natural medications can be used
to treat depression and anxiety [13]. We used a list of medica-
tions categorised by Constable et al. into seven groups based
on their chemical structure and mode of action (see Table 1)
[14].

We collected from webmd.com all reviews and feedback
for each medication listed in Table 1 and conducted a senti-
ment analysis on each specific review/piece of feedback. Spe-
cifically, we wrote a script in the Python programming lan-
guage (version 3.10, Python Software Foundation, Delaware,
USA) to extract information from web pages and organize it
in a structured format. Then, we used the valence aware dic-
tionary and sentiment reasoner (VADER), a rule-based senti-
ment analysis tool developed by Hutto et al. [9]. It assessed
the medication review/feedback text and assigned polarity
labels (ranging from -1 (most negative) to +1 (most positive))
and calculated a compound score that represents th overall
sentiment (see Figure 1).

In addition to webmd.com, we also searched the clinical-
trials.gov repository for studies involving the same medica-
tion and extracted the following details: the number of stud-
ies, the number of participants in each study, age and gender
of participants (categorized as child, adult, senior). This data
was collected manually in a .csv file that was generated by
the clinicaltrials.gov. After extracting the data for each cho-
sen medication from both sources, we wrote the following
research questions:

e Question 1. Which medications generally receive more
positive and negative feedback from patients, and is there
a discernible pattern among them in relation to their
medication groups?

e Question 2. Which medications generally receive more
attention from researchers, and is there a pattern related
to their medication groups?

e Question 3. Is there a meaningful relationship between
patients’ feedback on a given medication and the number
of clinical trials for the same medication?

We explored the pairwise relations between the features
of the webmd.com dataset and the features of the clinicaltri-
als.gov dataset. The p-value and Pearson correlation coeffi-
cient (PCC) were utilized to evaluate these interdependencies.
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Table 1. List of a number of psychiatric medications categorized in their groups

Tricyclic antidepressants Amitriptyline

Clomipramine

Doxepin

Nortriptyline

Imipramine Dosulepin dothiepin

Monoamine oxidase inhibitors Tranylcypromine

Moclobemide

Phenelzine

SSRIs Citalopram

Fluoxetine

Fluvoxamine

Paroxetine

Sertraline

Escitalopram

SNRIs Venlafaxine

Desvenlafaxine

Duloxetine

Benzodiazepines Temazepam

Nitrazepam

Diazepam

Oxazepam

Alprazolam

Lorazepam

Typical antipsychotics Risperidone

Aripiprazole

Clozapine

Olanzapine

Quetiapine

Ziprasidone

Gammaaminobutyric acid analogues Pregabalin

Gabapentin
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Sentiment

We also identified medications
with the highest focus on children,
e.g. risperidone, aripiprazole, fluoxe-

Analysis

Medication

Comparison
List i

Statistical

tine, gabapentin, olanzapine and ser-
traline. Medications with the highest

focus on seniors are citalopram, escit-

Results and alopram, pregabalin and gabapentin.

Discussion Additionally, we noted 4 medi-

cations that have not received a sin-

gle review on webmd.com but were

included in a few clinical trials: do-

Analysis

Figure 1. The entire process of this study

Schober et al. detailed the correlation coefficient in their work
which is regarded as a conventional method for interpreting
the PCC [15]. We quoted the information their work in our
Table 3 and used it as a reference for interpretation. In this
study, we used the Pearsonr from the Scipy module (a Python
application programming interface). In addition to the PCC (r),
the Pearsonr function also calculates the p-value. The p-val-
ue is employed to assess the rejection of the null hypothesis
(HO), which states that there is no relationship between two
distributions of values. A p-value < 0.05 is commonly accepted
as evidence to reject the null hypothesis, indicating the pos-
sibility of a linear relationship between the two distributions.
All the analyses, including the sentiment analysis via VADER,
were performed using Python code developed by the Au-
thors. All the employed data and code can be found at github.
com/farshad1982/Clinical-WebMD.

Our analysis indicates that citalopram, escitalopram, ris-
peridone, gabapentin, pregabalin, olanzapine, quetiapine,
aripiprazole, duloxetine, sertraline and fluoxetine, were each
included in > 300 clinical trials. However, the list of medica-
tions with the highest number of clinical trial participants is
different: clozapine, duloxetine, venlafaxine, citalopram, es-
citalopram, fluoxetine, sertraline, paroxetine, desvenlafaxine,
quetiapine and fluvoxamine, each having more than 4 million
participants in total.

Medications with the highest number of female partici-
pants are: gabapentin, duloxetine, pregabalin, citalopram, es-
citalopram, fluoxetine, diazepam and sertraline. Medications
with the highest focus on male participants are: citalopram,
escitalopram, pregabalin, gabapentin, olanzapine, paroxetine,
fluoxetine and aripiprazole.

sulepin and dothiepin (2 clinical trials
each) and moclobemide, nitrazepam
(14 and 17 trials respectively).

After analyzing our results, we
answered our previously-mentioned
3 research questions.

Question 1. Table 2 displays various medications, each
color-coded to indicate the overall sentiment associated with
them. Red signifies high negativity (i.e. large gap between
negative and positive), orange represents medium negativi-
ty (i.e. medium gap between negative and positive), yellow
indicates low negativity (i.e. low gap between negative and
positive), gray illustrates an equal sentiment between posi-
tive and negative (i.e., no gap between negative and positive),
blue denotes low positivity (i.e. low gap between positive and
positive) and green reflects high positivity (i.e. large gap be-
tween positive and positive). Within the SSRI group, there are
no medications with an overall positive sentiment. However,
the Benzodiazepine group appears to have three medications
with an overall positive sentiment and two with low negativ-
ity. GABA analogues generally display high or medium levels
of negativity. Benzodiazepines in general, show the highest
positive feedback, while MAO inhibitors, GABA analogues and
SSRIs received the highest overall negative feedback. Other
medication groups received a mix of positive and negative
feedback

Question 2. Table 4 presents the targeted medications
categorized by their respective groups, with each medication
color-coded based on the number of trials conducted. For
instance, dark-green signifies a high number of trials, yellow
represents a medium count, while light-red and dark-red indi-
cate low number and very low attention, respectively. In gen-
eral, GABA analogues were included in the highest number
of trials, followed by the typical antipsychotics. SSRI medica-
tions were also relatively often included in trials. Conversely,
TCA antidepressants and MAO inhibitors were not as exten-
sively researched in clinical trials compared to other groups.
Hence, the answer to this research question is “yes,” indicat-
ing a meaningful relationship between the medication groups
and the number of clinical trials.
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Table 2. The details of sentiment analysis from the data collected from webmd.com

Neu Pos
Group Name Neg Count Count Count Total Neg % Neu % | Pos %
Amitriptyline 529 101 431 1061 0.5 0.095 0.405
Clomipramine 27 8 27 62 0.435 0.13 0.435
) Doxepin 91 30 112 233 0.39 0.13 0.48
246 42 146 434 0.565 0.1 0.335
Imipramine 56 9 25 90 0.62 0.1 0.28
Dothiepin = = = = = = =
Tranylcypromine 3 1 1 5 0.6 0.2 0.2
2 Moclobemide - - - - - 0.0 -
Phenelzine 7 0 1 8 0.88 0.12
Citalopram 683 141 568 1392 0.49 0.1 0.41
Fluoxetine 176 27 164 367 0.48 0.07 0.45
3 Fluvoxamine 27 3 27 57 0.475 0.05 0.475
160 26 98 284 0.56 0.09 0.35
308 51 230 589 0.52 0.09 0.39
118 20 84 222 0.53 0.09 0.38
Venlafaxine 328 37 169 534 0.61 0.07 0.32
Duloxetine 162 38 81 281 0.58 0.13 0.29
138 61 161 360 0.38 0.17 0.45
Nitrazepam = = = = = = =
? Oxazepam 17 7 22 46 0.37 0.15 0.48
Alprazolam 272 72 220 564 0.48 0.13 0.39
Lorazepam 230 61 208 499 0.46 0.12 0.42
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Table 2. The details of sentiment analysis from the data collected from webmd.com (continued)

Neu

Pos

Group Name Neg Count Count Count Total Neg % | Neu % Pos %
Risperidone 97 21 74 192 0.50 0.11 0.39
Aripiprazole 21 9 31 61 0.34 0.15 0.51

Clozapine 24 7 19 50 0.48 0.14 0.38
6

Olanzapine 54 23 41 118 0.46 0.19 0.35

Quetiapine 71 29 85 185 0.38 0.16 0.46

Ziprasidone 71 9 40 120 0.59 0.075 0.335

Pregabalin 64 17 41 122 0.52 0.14 0.34
7

Gabapentin 1009 166 450 1625 0.62 0.1 0.28

Group 1: Tricyclic antidepressants, Group 2: Monoamine oxidase inhibitors, Group 3 represents SSRIs, Group 4: SNRIs, Group 5: Benzo-
diazepines, Group 6: Typical antipsychotics, Group 7: Gammaaminobutyric acid analogues

Table 3. Interpretation of PCC

Absolute value of PCC Interpretation

0.00-0.10 Negligible correlation
0.10-0.39 Weak correlation
0.40-0.69 Moderate correlation
0.70-0.89 Strong correlation
0.90-1.00 Very strong correlation

Question 3. Table 5 displays the existing correlations be-
tween the features from clinicaltrials.gov and the features
from webmd.com. The following presents the notable corre-
lations among these two datasets:

(a) clinicaltrials.gov focused on females exhibit the high-
est PCC (moderate correlation) and the lowest p-values with
various types of feedback, including total feedback, from
webmd.com. This implies that an increase in the number of
negative feedback correlates with a rise in the number of tri-
als focusing on female participants, and vice versa. Particular-
ly negative feedback, as indicated by the highest PCC and the
lowest p-value.

(b) clinicaltrials.gov centered around on seniors also re-
veal moderate correlations with higher volume of feedback
from webmd.com. Specifically, negative feedback increases
with the rise in clinical trials involving seniors.

(c) clinicaltrials.gov focused on males tend to exhibit only
weak correlations with various types of feedback from web-
md.com,

(d) clinicaltrials.gov focused on adults also display a weak
correlation, only with the negative feedback. This observation
may suggest that adults contribute more to providing nega-
tive feedback exclusively. This pattern contrasts with the sen-
iors, who contribute to positive and neutral feedback as well.

(e) There is no correlation between the trials involving
children and the feedback posted on webmd.com.

Conducting two sets of analyses on the same set of med-
ications provides insight into how patient feedback might
influence research studies. Two notable medications are cit-
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Group Name Size Enrollment | All Male | Female | Child | Adult ey
Adults
Amitriptyline 161 102238 142 7 12 15 149 114
36 78631 30 6 0 3 32 27
Doxepin 22 1044686 20 1 1 2 20 18
1
70 97065 68 1 1 3 68 60
48 78269 43 1 4 2 45 33
Dosulepin 2 73441 2 0 0 0 2 2
Dothiepin 2 73441 2 0 0 0 2 2
32 12302 32 0 0 2 31 28
2 Moclobemide 14 7884686 12 1 1 5 12 9
Phenelzine 13 565 10 2 1 0 13 8
Citalopram 691 4922739 631 25 35 54 665 474
Fluoxetine 395 4921063 352 11 32 93 357 242
3 - 100 4339066 92 7 1 19 92 56
Paroxetine 323 4877887 290 15 18 27 314 225
Sertraline 421 4881349 393 7 20 59 395 287
Escitalopram 691 4922739 631 25 35 54 665 474
Venlafaxine 263 5126956 244 7 11 20 255 216
4 - 101 4728355 87 1 13 10 95 64
Duloxetine 421 5186847 364 7 50 23 402 349
Temazepam 23 2556 23 0 0 3 20 16
Nitrazepam 17 3084 17 0 0 7 12 12
Diazepam 198 73675 170 7 21 42 171 141
> Oxazepam 19 1313 19 0 0 2 18 14
108 10461 100 4 4 8 101 48
Lorazepam 201 250521 182 9 10 37 185 138
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Table 4. The details of statistical analysis from the data collected from clinicaltrials.gov

Group Name Size Enrollment | All Male | Female | Child | Adult Aoc:ﬂletrs
Risperidone 613 3296686 591 9 12 128 564 330
Aripiprazole 448 2015280 433 11 4 114 393 247

Clozapine 192 31035882 188 1 1 24 187 125
° Olanzapine 542 3352926 508 16 17 75 521 350
Quetiapine 502 4415341 483 9 10 55 479 347
Ziprasidone 167 3055204 163 3 1 32 150 96
Pregabalin 578 137986 507 23 48 35 568 472
’ Gabapentin 580 2516941 488 16 76 78 553 457

Group 1: Tricyclic antidepressants, Group 2: Monoamine oxidase inhibitors, Group 3: SSRIs, Group 4: SNRIs, Group 5: Benzodiazepines,
Group 6: Typical antipsychotics, Group 7: Gammaaminobutyric acid analogues

Table 5. Statistical analysis of data about medication collected from webmd.com and clinicaltrials.gov

webmd.com clinicaltrials.gov p value PCC
1 Negative Female 0.0 0.618
2 Total Female 0.001 0.57
3 Neutral Female 0.002 0.557
4 Positive Female 0.011 0.468
5 Negative Older-Adult 0.019 0.434
6 Total Older-Adult 0.024 0.418
7 Neutral Older-Adult 0.03 0.402
8 Total Male 0.033 0.398
9 Positive Male 0.034 0.396
10 Negative Male 0.037 0.39
11 Total Total 0.039 0.385
12 Negative Adult 0.041 0.382
13 Neutral Male 0.043 0.378
14 Negative Size 0.044 0.377
15 Positive Older-Adult 0.045 0.375
16 Total Size 0.048 0.37

The upper part of Table 5 displays pairs of features (one from webmd.com and the second from clinicaltrials.gov) with p-values < 0.05
and a PCC > 40% (indicating moderate correlation), while the lower part shows pairs with p-values < 0.05 and a PCC between 30%-40%
(indicating weak correlation).


https://www.clinicaltrials.gov/
http://webmd.com
https://www.clinicaltrials.gov/
http://webmd.com
http://clinicaltrials.gov

Post-development sentiment and statistical analysis of ... 55

alopram and gabapentin. Citalopram is a primary focus for re-
searchers due to the number of trials and one of the most re-
viewed medications on webmd.com. One of the main reasons
for prescribing Citalopram is its perceived safety [16]. Gabap-
entin, having the highest number of reviews on webmd.com,
also has a relatively high number of clinical trials. This could
be due to the multi-functionality of gabapentin in the treat-
ment of seizures, neuropathic and chronic pain, restless leg
syndrome, migraines, anxiety disorder, hot flashes and certain
mood disorders [17-18].

Additionally, medications aimed at children receive less
online feedback compared to those for adults. Medications
targeting older adults receive more positive and neutral feed-
back in contrast to those targeting children and adults. This
trend may be attributed to the higher prevalence of chronic
conditions among older adults, leading to more sustained use
and thus more opportunities for feedback. Conversely, medi-
cations for children might have fewer feedback instances due
to lower usage frequency or parental concerns about sharing
information online. Furthermore, the higher positive and neu-
tral feedback for medications targeting older adults could be
influenced by their effectiveness in managing chronic condi-
tions that significantly impact quality of life. These medica-
tions might also benefit from more robust clinical trials and
post-market surveillance, contributing to better patient out-
comes and satisfaction. It is also possible that older adults, or
their caregivers, are more diligent in reporting their experi-
ences with medications due to a more consistent interaction
with healthcare providers. Additionally, the marketing strate-
gies for medications targeting different age groups could play
arole, influencing both the perception and feedback frequen-
cy. Finally, social and cultural factors, such as stigma or accept-
ance of medication use in various age groups, could also affect
the nature and volume of feedback received.

Our data also suggests a correlation between the number
of negative feedback instances and the increase in clinical tri-
als focusing on female participants. This trend highlights the
importance of addressing adverse reactions reported by fe-
males and underscores the need for gender-specific research
in clinical trials.

There are other several tools other than VADER designed
for sentiment analysis, e.g. the DistilBertForSequenceClassifi-
cation, a pre-trained transformed-based model which is a var-
iant of the original BERT (Bidirectional Encoder Representa-
tions from Transformers) [19-20]. However, we decided not
to use the DistilBert model due to its limitations, e.g. insuf-
ficient data to train the model, complex fine-tuning require-
ments and a dependency on specific task types, leading to
reduced generalization. Given the absence of training data in
our work, machine learning tools such as DistilBert were not
likely to be useful. In contrast, VADER functions based on a set
of pre-defined rules (a lexicon) to interpret a text’s sentiment

(emotional content, also termed as ,valence”), considering
word intensity, punctuation, capitalization and other linguistic
features. For instance, VADER is accurate enough to recognize
the negative sentiment in phrases such as ”I am not happy,”
despite the presence of the word "happy.” Additionally, VADER
can identify emoticons often used in informal language that is
often found in user-provided reviews or feedback comments.

Limitations of our study

Our work utilized data available from an openly accessi-
ble forum created by patients. Although this platform allows
patients from any location, ethnicity, and condition to report
their experiences, there is still a risk of biased feedback for
various reasons, which can potentially impact the final re-
sults. Detecting biased feedback is fundamentally challenging
as this platform does not reveal the identity of the patient or
confirm whether the patient has used the medication (non-bi-
ased) or not (biased). Our work employed an automated
sentiment analysis technique (Vader), which is a rule-based
method. Similar to Al-based techniques, there is a possibility
for feedback to be sentimentally misinterpreted, often due to
the grammatical structure of the feedback, such as the use of
slang, colloquialisms or even non-English terms.

To the best of our knowledge, there is very little litera-
ture investigating the link between clinical trials and patient
feedback about medications. Our findings suggest a gener-
al connection between the registered clinical trials and the
feedback posted on webmd.com about the same medica-
tion. Clinical trials focusing on females and trials focusing on
seniors were correlated with one or more type of feedback
posted on webmd.com. Medications with a higher number
of feedback generally attract more attention of researchers,
although there are some exceptions. By integrating feedback
from platforms like webmd.com with data from clinicaltrials.
gov, researchers can better understand and respond to the
unique medical needs of female patients, ultimately leading
to more effective and inclusive healthcare solutions.
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