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Abstract

The relationship between drug and its side effects has been delineated in two websites, namely Sider and WebMD. The aim
of the present paper is to find the relationship between drug and its side effects as reported by typical users of a website called
Ask a patient, and to compare these reports with the side effects in reference sites. In addition, the typical users’ comments on
highly-commented drugs (neurotic drugs, anti-pregnancy drugs and digestion drugs) within last decade were analyzed. The
reason for such investigation is the fact that typical users’ comments and their tendencies can be considered as an important
factor in determining the best drugs in improving them or decreasing their risk dangerous. Typical users’ comments on drugs’
side effects were gathered from the website Ask a patient. Then, the data on drugs (neurotic drugs, anti-pregnancy drugs and
digestion drugs) were classified according to deep learning model. At first using the model, the three issues, namely drug, its
side effect and the cause of the side effect, were explained. Afterward, using topic modeling, the main topics of side effects
for each group of drugs were identified. Finally, using the websites of Sider and WebMD in which the side effects of drugs
are reported, the side effects of the three classes of drugs were retrieved. The goal of the present research was to analyze
typical users’ comments reported on the website called Ask a patient, and to compare these comments with the reports about
the side effects of drugs from important sites. Our model demonstrates its ability to accurately describe and label side effects
in a temporal text corpus. By taking full advantage of deep learning classifiers, the used methods in text mining is shown
to be accurate and effective for discovering association between drugs and side effects. Moreover, through combining with
modular classifier in addition to topic modeling, this model has the capability to immediately locate information in reference
sites to recognize the side effect of new drugs. In fact, due to the unbiased nature of typical users’ comments, these comments
can be a reliable indicator for drug producer companies to reduce the side effects of drugs.
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1 Introduction

The unwelcome, undesirable or dangerous effects that a drug
may have are referred to as adverse drug reaction (ADR, or
adverse drug effect). The term ‘side effect’ which is inexact
term refers to inadvertent, secondary effect that is observed
along with the therapeutic function of the drug. Side effect
may fluctuate from person to person.

Adverse drug reactions can be considered a form of toxic-
ity, i.e., due to accidental or intentional overdose, or other
causes of elevated blood levels, and drug interactions. All
drugs have the potential for adverse reactions; it is assumed
that between 3 and 7% of all hospitalizations are due to
adverse drug reactions.

A systematic review 25 prospective observational studies
demonstrated that 5.3% of all patients are faced with adverse
drug reactions (Kongkaew et al. 2008). Thus, early detec-
tion of these events could greatly impact on human health.
According to the Agency for Healthcare Research and Qual-
ity report, annually over 770,000 of people are injured and/
or die in hospitals due to adverse drug reactions (Classen
et al. 1997). Thus, societies required alternative approach to
detect side effects of the clinical medications. Economically,
ADRs can considerably increase patient’s hospitalities costs
(Bordet et al. 2001; Sultana et al. 2013).

The data from social media are a novel and rich source of
data using which the trends and thinking flow of users about
side effects of drugs and special events in the field of health
can be identified and managed. The purpose is to use these
data to help patients.

Ask a patient (2001) is the website that empowers patients
by allowing them to share and compare medication expe-
riences and was awarded the 2012 Webby Award for best
website in the Pharmaceutical Category. The Ask a patient
database contains more than 4000 chemically prepared pre-
scription drugs approved by FDA’s Center for Drug Evalua-
tion and Research. You can find comment of prescription or
over-the-counter drugs, based on fine-tuned search criteria
(age, gender, symptom, etc.). The difference between written
and oral language in social media can create noise.

In addition, lack of a suitable structure and imbalance
data in drug groups are considered as important challenges
in classifying data from social media. So, in spite of richness
in health-related data in social media, little practical use of
these data is made. The method used in the present research
had three main phases: first, in order to extract features from
social media, a learning process happens automatically in
deep learning. The comments by the users of a website Ask
a patient were processed to describe side effects and accord-
ingly to reduce the difference between written and oral lan-
guage as well as the noise.

@ Springer

Second, the efficiency of deep learning method in clas-
sifying the data from the website Ask a patient was proved.
The results showed that deep learning performance accom-
panies high accuracy and high speed. Third, the advantages
and disadvantages of using comments in recognizing side
effects were compared with the side effects reported in
the comments in two websites of Sider and WebMD. In so
doing, deep learning method HAN (Yang et al. 2016) was
employed to classify users’ comments. Then, for determin-
ing specific topic in each group of drugs, the non-monitoring
method (NMF) of topic modeling was employed.

2 Related work

Sarker and Gonzalez (2015) highlighted importance of
employing advanced NLP-based information generation in
accuracy of ADR sentence detection and classification by
used traditional text classification such as Support Vector
Machine, Naive Bayes and Maximum Entropy.

Ginn et al. (2014), they presented an annotated Twitter
corpus focused on ADR mentions with broad. They applied
two supervised machine learning approaches (NB and SVM)
on broad range of annotated medications related to ADR
tweets in Twitter. Although, the classifier shows moder-
ate performance, but it was considered as fundamental for
future development of advanced techniques. In line with this
approach, Akhtyamova et al. (2017a) used convolutional
neural networks (CNN) model with word2vec embedding
for Twitter comments classification. In contrast to Arker’s
model (reference), their proposed model not only uses a
small fraction of features for gathering information, but
show high performance of applicability in text classification.

Lee et al. (2017) suggested a semi-supervised CNN-based
framework for adverse drug events (ADE) classification in
Twitter. A Twitter datasets used in PSB 2016 Social Media
Shared Task applied for evaluation of model, resulting high
performance classification of ADE with +9.9% F1-Score.
Notably, Adverse Drug Event detection (ADE) surveillance
systems required small number of labeled instances.

Akhtyamova et al. (2017b) present a CNN-based archi-
tecture consisting of numerous parameters to predict reveal-
ing adverse drug reaction based on the quantity of vote. To
evaluate the performance of model, a large-scale medical
dataset derived from medical websites was utilized. In con-
trast to previous reports networks, the proposed end-to-end
model does not require handcrafted features and data pre-
processing, resulting an enormous improvement for standard
CNN-based methods.

In this study aimed to investigate the written topic mod-
eling of typical users and to identify the changes in reporting
comments within 10 years. In a way so that the designed
model can provide researchers with immediate capability of
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analyzing comments through combining deep learning meth-
ods. The inclination of the comments within years showed
a significant change of users’ comments in reporting side
effects of drugs. This reduction can be attributed to using
drug supplements, change in life style, genetic improvement
of drugs, etc.

3 Methods
3.1 Workflow of the research

This paper is organized in two sections as Classification and
Topic Modeling (Fig. 1).

4 Section 1: Classification
4.1 Data sources

Prior to collecting data, we selected a set of drugs of inter-
est, which were likely to have a large number of associated
comments in Ask a patient database. We selected drugs that
were prescribed for chronic diseases and syndromes for
which large numbers of comments were expected and drugs
with high prevalence of use. The names of the medications
are reported in separate classes (Anti-depressant Medicines,
Anti-Pregnancy Medicines and Digestion Medicines) in
Figs. 11, 12, and 13 in Appendix.

4.2 Pre-processing

The pre-processing of comments in both data is done as
follows:

1. Data shuffling
Converting all uppercase words to lowercase

3. Elimination of special characters like: @, !,/, *, $ and
etc.

4. Remove stop word: at, of, the, ...

5. Correction of words with repeated characters like:
pleaseeeeeeeeee and/or yessss

6. Convert contractions to base format like: I'm — 1 am

7. Lemmatization: I started taking almost two months
ago. — I start take almost two months ago.

4.3 Cross-validation

For many classification models, the complexity may be gov-
erned by multiple parameters. In order to achieve the best
prediction performance on new data, we wish to find appro-
priate values of the complexity parameters that lead to the
optimal model for a particular application.

If data are plentiful, then a simple way for model selec-
tion is to divide the entire data 1 into three subsets, the train-
ing set, the validation set and the test set. A range of models
are trained on the training set, compared and selected on the
validation set, and finally evaluated on the test set.

Among the diverse complex models that have been
trained, the one having the best predictive performance is
selected, which is an effective model validated by the data

Data Sources Pre-Proccess

* Ask a patient Documentaion

* Remove (Special

* Lemmatization

* Convert to lowercase

Characters, Stop Words)
* Convert Contractions

.
DG ==

Cross Validation

Deep State

* Word2Vee

* HAN Classification

* Fast Text
Classification

Output of
SIDER or WebMD
web site

Output Models

(Compare Visua]ization)

Data Extraction

Topic Modeling
(NMF)

* Drugs
* Side Effect
* Reason

<
4

Fig. 1 The workflow of the proposed deep learning-based strategy is illustrated
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in the validation set. In a practical application, however, the
supply of data for training and testing is limited, leading
to an increase in the generalization error. An approach to
reducing the generalization error and preventing over-fitting
is to use cross-validation. The distribution of data for each
group is shown in Table 7 in Appendix.

4.4 Deep classification

The used methods for data classification are including HNN
(Yang et al. 2016) and FastText (Joulin et al. 2017) with
similar word2vec section. Once word2vec generated, this
file used for further steps of study.

4.4.1 HAN method

Hierarchical Attention Network (HAN) has two distinctive
characteristics: (I) a hierarchical structure that mirrors the
hierarchical structure of documents; and (II) two levels of
attention mechanisms applied at the word and sentence-
level, enabling it to attend differentially to more and less
important content when constructing the document repre-
sentation. In addition to these, the HAN network composed
of quite a few parts including, a word sequence encoder, a
word-level attention layer, a sentence encoder and a sen-
tence-level attention layer. HAN hypothesized that consid-
ering sentence and documents structure in modeling play
positive role in better representation of document structure
in the model architecture (Table 1).

4.4.2 FastText method

This method proposes a simple and efficient approach for
classifying the texts and its expressions. Large number of
researches shows that the rapid classification of text with this
method is faster in comparison with deep learning methods
in terms of accuracy and using commands for training and
evaluation (Table 1). Architecturally, there are two major
and influential differences:

@ Springer

1. Softmax: is a hierarchy, based on the Huffman-encoded
tree structure that reduce Time Complexity O(Kd) to
O(d log k) where K is the number of targets and D the
dimension of the hidden layer.

2. N-gram features: While Bag of words is invariant to
word order but taking explicitly this order into account is
often computationally very expensive. Instead, we used
bag of n-gram as additional features to capture some
partial information about the local word order. This is
very efficient in practice while achieving comparable
results to methods that explicitly use the order.

4.5 Evaluation metrics

Precision (positive predictive value) and recall (sensitiv-
ity): are appropriate fraction of retrieved related samples
from all and relevant instances, respectively. Application of
these metrics depends on understanding and measuring of
relevance.

Accuracy: The accuracy criterion is the accuracy of the
x-group classification against all items where the x-tag for
investigating records is suggested by means of classification.
This criterion indicates how much classification output is
trustable.

F-measure: This criterion is a combination of call metrics
and accuracy and it is used in cases where it is impossible
to consider special importance to each of the two criteria.

Kappa: This criterion is often used to test the reli-
ability of the viewer and to compare the accuracy of
the system in terms of how much generated output is
coincidental (Table 2).

5 Section 2: Topic Modeling
5.1 Input datasets in the second phase
The three classes of drugs in the time period between 2008

and 2018 are used based on what is presented in Figs. 11,
12, 13.
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Table 1 (HAN and FastText)

training phase configuration Training phase

Initializations:

Configuration of distributed parameters { Device: {NVIDIA GEFORCE GTX 1050, RAM 16G } }
Configuration of optimization {Name of optimization: {“Adam”}} configuration of loss {Name of loss-

function: {“Sigmoid”}}
Initials {Pad_Seq_Len: {150},

Embedding_Dim: {100},//for creating Word2Vec model

Batch_Size: {32, 64 and 128},
Epochs: {100} },

Learning Rate: {0.1, 0.01, 0.001}

Configuration of dataset {Datasets: { Train.json} }

Main ():

Select the Dataset//Based of Application and select Train part

Select the Network//A function that applies the model to a batch of documents, returns last op containing

the log predictions

Create a dataset provider that loads data from the dataset//Return [Content, Label]

Create training operations

Run the training

5.2 Topic modeling

As a linear-algebraic model, non-negative matrix factoriza-
tion (NMF) includes high-dimensional vectors into a low-
dimensional image. NMF like principal component analysis
(PCA) considers the fact that the vectors are non-negative.
NMF through including the vectors into lower-dimensional
form causes the coefficients to be non-negative, as well.

Using the original matrix A, the two matrices of W and
H can be obtained so that A = WH. As NMF has an inborn
clustering property and W and H represent the following
information:

A (Document-Word Matrix): input that shows which
words appear in which documents.

W (Basis Vectors): the topics (clusters) elicited from the
documents.

H (Coefficient Matrix): the membership weights for the
topics in each document.

W and H are calculated by optimizing an objective func-
tion (like the EM algorithm), updating both W and H itera-
tively until they are converged. In this way, the NMF topic
modeling configuration is provided in Table 3.

6 Results
6.1 Usage model
In this research, we used user’s comments of Ask a patient

to extract side effects of drugs. In the field of deep learning,
the following issues are considered in the training phase.

Table 2 Evaluation metrics
formula

TP
TP+FP

Precision=

TP+TN

TP+TN+PF+PN

Accuracy=

F-Score= Precision+Recall
__Pr(a)-Pr(e)
Kappa= 1—Pr(e)

In general, the size of a window that moves on texts in
both FastText and HAN methods is called Pad_Seq_Len,
and we considered quantity equal to 150 because generally
the maximum size of comments is 150 where the length of
sentences and semantic conjugation are important. Moreo-
ver, the value of Embedding dim was 100 (Table 4). We
evaluated several optimizations such as Stochastic Gradi-
ent Descent, RMS prob and Adam. That Adam shows better
results.

Also in Section 2, for extracting critical topics ngram_
range to detecting words in a define scale and min_df to
finding words in documents by minimum frequency were
determined.

The value of ngram_range choose based on the side
effects expressions that extracted from Sider or WebMD
website, although other values such as (1,2), (2,3) and (3,3)
were determined but (2,2) was the best choice (Table 5).

@ Springer
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Table 3 Topic modeling

) NMF topic modeling
configuration

Initializations:

Configuration of distributed parameters {Device: { CPU - Core i7, RAM 16G } }

Number of topics: {10}
Number of top words: {20}

Configuration of feature extraction by using TfidfVectorizer: {

Initials: {
ngram_range: {(2, 2)},
min_df: {2},

Configuration of NMF topic modeling parameters and fit by TfidfVectorizer: {

n_components: {Number of topics}

init: { ‘nndsvd’},//better for sparseness

1,

Run to extracting topics

Table 4 The hyper parameters in training phase

Pad_Seq_ Embed- Dropout_ Loss Optimization
Len ding_dim Keep_Prob
150 100 0.5 Sigmoid Adam

Table 5 NMF topic modeling

parameters ngram_range

min_df

2.2

6.2 Implementation model in section 1

In this research, the used hardware includes: NVIDIA
GEFORCE GTX 1050 and CPU Intel Core i7. Two meth-
ods of classification were applied against three different
data groups listed in the following table. As shown the best
results in Table 6, in each method the learning rate and batch
size were evaluated and different criteria have been tested
for each type of model according to the type of data, and
various values have been obtained. For example, applying
HAN method included with batch size of 128 and learning
rate 0.001 on Ask a patient dataset resulted highest accu-
racy (0.924). Confusion matrix HAN and FastText; for best
results are reported in Tables 8 and 9 in Appendix.

Table 6 Best result of deep learning classification methods on dataset

w1thdrawalmem0 r'

doseMemoLY-, dry
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hair severe © constipation
adache } O ; ;
mout h “Vivid

Nnausead
anxietyelibido
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dream blur vision
wvonte LNC M E€ASE

insomni
depression

day

slight

lose

Fig.2 Anti-depressant topic modeling visualization (anti-depressant
topic modeling (Ask a patient) is reported in Table 10 in Appendix)

6.3 Implementation model in section 2

Considering the output of the previous phase, the three
features, namely side effects, reason and drug, were used.
Accordingly, in each class of drugs (neurotic medicines,
anti-pregnancy and digestion), 10 topics of high priority

Dataset Method Batch size Learning rate  Accuracy Kappa Recall precision F1-score
Ask apatient HAN 128 0.001 0.924 0.885 0.921 0.926 0.923
FastText 128 0.001 0.909 0.863 0.908 0.909 0.909
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Fig.3 Scatterplot of anti-
depressant medicines topics
on the website of Ask a patient
based on year
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Fig.4 Anti-pregnancy topic modeling visualization (anti-pregnancy
topic modeling (Ask a patient) is reported in Table 11 in Appendix)
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were selected. As shown in Tables 10, 11 and 12, topics
of each class are verbally similar. After extraction of these
tables, all are mapped with a similar word, and meaningless
topics were deleted. Figures 2, 4, and 6 show the frequency
of repetition of topic models, and Figs. 3, 5 and 7 show the
dispersion of topics on the website of Ask a patient dur-
ing the years 2008 to 2018. The users’ comment about side
effects shows a different model in each year.

According to Figs. 8, 9, and 10, users’ comments were
different from the side effects of drugs reported in the web-
sites Sider and WebMD in case of the three classes of drugs;
however, the websites had reported some side effects but
with a low frequency. The blue diagram shows the frequency
of side effects reported in websites, and the red diagram
presents the comments by typical users from side effects;
however, some reports overlapped with the users’ comments
and the websites (Sider and WebMD) in terms of topics.
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7 Discussion

In the present research, the deep learning methods of HAN
and FastText were employed to classify side effects of three
classes of drugs, namely neurotic, anti- pregnancy and diges-
tion. Due to the fact that the comments on these three classes
of drugs had a high frequency, they were investigated. In the
first phase, the extracted data from the website Ask a patient
were entered into the model. Then, in the pre-processing
phase special characters, sign and stop words were removed
and the characters were converted into small-case letters in
order to improve the text. In the second phase, the three
fields of drugs, the side effect and the reason of side effect
were investigated. Then, these data were exposed to clas-
sifying phase (topic modeling) to extract 10 topics of high
priority from the three groups of drugs. The outputs show
that the frequency of occurrence of side effects reported in
the comments from Ask a patient was different from the side
effects reported from Sider and WebMD, and in some minor
cases some similarities in frequency were seen. Finally,
the proposed model is compared with the output of drug’s
side effects, and the analysis of users’ reports and the sites’
reports is illustrated. In addition, the users’ trends about side
effects were analyzed for the time period between 2008 and
2018 during 10 years. As it is clear, the users’ comments
have changed gradually.

Finally, the obtained results derived from the preliminary
analysis of drug classification presented in confusion matri-
ces and interpreted using accuracy rate and false positive
ratio.

In this work, we used a simple method for text classifica-
tion by deep learning models. In contrast to unsupervised
trained word vectors derived from word2vec, our word fea-
tures can be averaged together to generate appropriate sen-
tence representations.

In comparison with recent deep learning-based methods,
the FastText and HAN were much faster to text classifica-
tion. Theoretically, although deep neural networks suggest
higher representational power than shallow models, but it is
not clear if simple text classification problems.

Using the proposed model of consecutive deep learning
framework, the pre-processing and classification of side
effects were used for the three classes of drugs.
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Fig.5 Scatterplot of anti-preg-
nancy medicines topics on the
website of Ask a patient based
on year
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Fig.6 Digestion topic modeling visualization (digestion topic mod-
eling (Ask a patient) is reported in Table 12 in Appendix)

In this work, we used a simple method for text classifica-
tions by deep learning models. In contrast to unsupervised
trained word vectors derived from word2vec, our word
features can be averaged together to generate appropriate
sentence representations. In comparison with recent deep
learning-based methods, the FastText and HAN were much
faster to text classification. Theoretically, although deep
neural networks suggest higher representational power than
shallow models, but it is not clear if simple text classifica-
tion problems.

Additionally, in contrast to previous studies, we suggested
an end-to-end solution based on deep learning models that
do not require any handcrafted features and data pre-process-
ing. Our experimental findings show that each model signifi-
cantly outperforms baseline methods for different datasets.
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8 Conclusions

The users’ comments on identifying the side effects of drugs
presented in a website, namely Ask a patient, were investi-
gated, then a combined classification based on three types of
diseases which were mostly commented on were extracted.
Through analysis of the data using deep learning method,
it was found that users’ comments on side effects of drugs
were biased, as their comments were not to be evaluated,
and it was voluntary. The comments were classified using
topic modeling, then some reports similar to the reports
issued by Sider and WebMD were issued; however, the
reports were different in frequency. As a case in the point,
the side effects had been reported with a high frequency in
Sider and WebMD, while typical users did not report those
side effects very much. On the other hand, some other side
effects not reported by Sider and WebMD had attracted typi-
cal users’ attention. Our findings enable the efficient use of
vast batch sizes, significantly reducing the number of param-
eter updates required to train a model. This has the potential
to dramatically reduce model training times. To sum up,
using the data from social media in studies on social media
opens a wide and novel window in the field of drug studies.
The results show that the data from social media may have
noise, or may not be reliable. Accordingly, social media can
be employed as a secondary source in identifying the side
effects of drugs rather than a substitution for traditional and
scientific methods of identifying side effects. The option of
reporting ‘unregistered side effect’ shows that a great deal
of data, which have not been reported in drug studies, can
be extracted from social media. The side effects may have
appeared due to the dosage or procedure for using the drug,
or it may have been appeared due to interference from other
drugs. The model proposed in this study can be used for
immediate identification of pharmacological events which
most probably leads to immediate reaction and on-time dis-
covery to these events.
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Fig. 7 Scatterplot of digestion all NIPS proceedings clustered by topic
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Fig.8 Comparison of topic
modeling of users’ comments
with the side effects reported
on the websites of Sider and
WebMD (Neurotic drugs)

Fig.9 Comparison of topic
modeling of users’ comments
with the side effects reported
on the websites of Sider and
WebMD (Anti-pregnancy
drugs)

Fig. 10 Comparison of topic
modeling of users’ comments
with the side effects reported
in the websites of Sider and
WebMD (Digestion drugs)
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Appendix

See Figs. 11, 12, 13; Tables 7, 8, 9, 10, 11, and 12.
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Table 7 Distribution of data in cross-validation phase

Train Test Validation

Neurotic and anti-depression medicines

4437 492 984

Anti-pregnancy medicines

3735 414 828

Digestion medicines

3596 399 798

Table 8 Confusion Matrix — HAN (128-0.001)

Predicted actual 0 1 2 All

0 468 7 17 492
19 387 8 414

2 35 13 351 399

All 522 407 376 1305

Table 9 Confusion matrixes—FastText (128-0.001)

Predicted actual 0 1 2 All

0 451 20 21 492
15 388 11 414

2 31 20 348 399

All 497 428 380 1305
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Table 10 Anti-depressant topic modeling (Ask a patient)

Topic #0: Topic #1: Topic #2: Topic #3: Topic #4: Topic #5: Topic #6: Topic #7: Topic #8: Topic #9:

weight gain  dry mouth ~ memory vivid dream hair loss loss appetite brain zap weight loss  panic attack miss dose
loss
extreme mouth con-  severe night vivid  loss weight nausea loss loss libido  appetite suicidal dose hour
weight stipation memory weight thought
increase mouth loss confu-  dream loss memory loss libido  zap dizzi- decrease mood swing dose dizzy
appetite weight sion nightmare ness appetite
major blur vision  loss trouble insomnia blur vision  appetite dizziness slight anxiety withdrawal
weight vivid weight brain weight panic symptom
massive gain dry loss weight  dream night loss hair mouth loss  horrible loss loss increase dizziness
weight brain anxiety miss
gain—loss nausea dry  loss loss decrease joint pain insomnia depression  nausea restless leg  hour miss
libido loss anxiety weight
constipation mouth head- loss gain vivid  gain hair headache inability week weight weird dream nausea dizzi-
weight ache memory loss orgasm ness
gain headache blur vision  dream loss insom-  taste mouth sleep paraly- loss weight depression  zap miss
increase dry increase nia sis suicidal
gain consti- mouth long increase memory increase withdrawal  gain weight extreme dose miss
pation sleepiness memory dose problem depression  symptom fatigue
rapid weight mouth loss  gain dream muscle ache dizziness zap dose loss severe  severe panic 24 h
memory decrease loss
gain fatigue constipation confusion acid reflux  itchy scalp  trouble sleep flu symptom insomnia lack emo- dose day
dry memory weight tion
lose weight  extreme dry dizziness dose vivid ~ week stop upset stom-  zap miss loss increase anti-depres- headache
memory ach sant nausea
loss libido mouth week slight extremely extreme appetite day horrible loss start medi-  dose vivid
memory vivid weight withdrawal  decrease cation
gain weight mouth dizzi- loss libido  sleep vivid memory loss sex zap severe  loss month  leg syn- dose brain
ness impair- drome
ment
fatigue mouth loss hair heart palpi- dry skin nausea dose miss brain fog night terror  dose night
weight insomnia tation vomit
mouth mouth night brain fog lose weight  loss dry day nausea  zap nausea  headache trouble gain weight
weight weight sleep
slight weight blood pres-  lack concen- day night make sense  fatigue loss  gain brain hour sleep  anxiety depression
sure tration depression  anxiety
gain month  appetite dry night sleep  sleep day vivid night-  increase nausea brain loss nausea  increase pin needle
mare anxiety suicidal
gain dry sleep dry slur speech  night loss constipation appetite loss nausea con- loss sleep heart race severe with-
fatigue stipation drawal
loss sex ring ear mood swing day sleep nausea diz-  stomach extreme diz- delay ejacu- anxiety electric shock
ziness pain ziness lation increase

@ Springer



Social Network Analysis and Mining

(2020) 10:33

Page150f17 33

Table 11 Anti-pregnancy topic modeling (Ask a patient)

Topic #0: Topic #1: Topic #2: Topic #3: Topic #4: Topic #5: Topic #6: Topic #7: Topic #8: Topic #9:
weight gain  mood swing breast ten- hot flash hair loss birth control panic attack loss sex sore breast ~ weight loss
derness
gain depres- swing nausea flash night  loss weight  gain weight depression  gain—loss abdominal  clear skin
sion depres- breast anxiety pain
sion
slight severe mood extreme day hot loss appetite blood clot anxiety swing loss  gain sore light period
weight breast panic
gain mood  extreme slight breast night hot gain hair tri cyclen severe anxi- fatigue loss breast acne period weight
mood ety
swing depression  swing breast swing hot anxiety lose weight  severe vaginal dry- breast loss period
weight mood depression depression  ness nausea
depression  swing tenderness  low pain depression  ortho tri attack sex depres- lose weight loss loss
weight weight weight hair depression  sion
bloat weight gain mood  tenderness  vivid dream dry eye control pill  attack anxi- anxiety loss zero sex loss acne
mood ety
gain acne bad mood  increase light head extreme hair recommend heart palpi- total loss cramp increase sex
appetite birth tation mood
yeast infec-  headache severe breast depo shot joint pain orthoevra  depression  moodiness  extreme loss fatigue
tion mood panic loss fatigue
extreme horrible tenderness  depo provera vaginal dry- period suicidal sex fatigue  vaginal dry- yeast infec-
weight mood nausea ness month thought ness tion
gain anxiety vaginal dry- tenderness  long period swing hair  month stop  anxiety depression  chest pain  regular
ness headache depression  loss period
gain sex swing anxi- tenderness  pill day heart palpi- stop period extreme sex weight ~ month lot weight
ety depression tation anxiety period
decrease sex major mood tenderness  severe loss loss month severe panic  sex mood breast nip-  loss appetite
increase cramp period ple
headache swing head- headache headache heavy period sick stomach chest pain sex vaginal dry mouth  skin weight
weight ache breast nausea
increase anxiety cramp breast race heart sex hair start pill swing dryness loss start period period cramp
appetite mood depression
gain increase tenderness  trouble sleep loss acne period extreme extreme vivid dream decrease
increase appetite loss heavy depression  fatigue appetite
gain weight swing irrita- light period heart attack loss extreme make gain  anxiety headache fluid reten-  severe
bility weight loss tion depression
low sex fatigue tenderness  gain bloat loss depres-  heavy brain fog loss loss breast vaginal dry-
mood swell sion period cramp ness
gain—loss nausea miss period  fatigue severe blood thin-  swing anxi- race heart ~ breast mood appetite
mood mood depression  ner ety weight
gain moodi- swing sex gain breast  anxiety painful body use headache painful day provera loss libido
ness insomnia intercourse anxiety inter-
course
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Table 12 Digestion topic modeling (Ask a patient)

Topic #0: Topic #1: Topic #2: Topic #3: Topic #4: Topic #5: Topic #6: Topic #7: Topic #8: Topic #9:
taste mouth  panic attack dry mouth  stomach joint pain heart palpi-  chest pain anxiety blur vision  stomach
pain tation depression cramp
metallic anxiety extreme dry severe muscle pain anxiety heart blood pres- severe anxi- dizziness severe stom-
taste panic stomach sure ety blu ach
dark urine  extreme mouth head- pain nausea pain muscle shortness shortness loss appetite mouth blur  cramp pain
anxiety ache breath breath
bad taste depression  extremely pain stom-  weight gain  blood pres-  pain chest shortness pain blur cramp nausea
anxiety dry ach sure breath
loss appetite severe panic mouth bad  bad stomach pain joint palpitation  pain anxiety mood swing vision blur  cramp diar-
anxiety rhea
metal taste  race heart severe dry  paincramp muscle joint hair loss anxiety depression  weight gain  nausea stom-
chest fatigue ach
horrible crawl skin blurry pain consti- severe joint  brain fog pain heart  extreme fatigue blur  nausea vomit
taste vision pation anxiety
nasty taste  suicidal headache pain bad muscle palpitation  high blood  weight loss  sensitivity ~ headache
thought dry weakness dizziness light stomach
mood swing attack anxi- patch day bloat stom-  brain fog high blood  heart attack nausea loss  extremely diarrhea
ety ach dry stomach
loose stool  think die bad taste headache pain pain tightness hand foot depression  poor con- loose stool
stomach chest loss centration
flu symptom severe anxi- mouthdry  sore throat  painsevere muscle weight gain  muscle sore throat  brain fog
ety twitch spasm
horrible brain fog dizziness mouth stom- severe head- dizziness palpitation  brain fog vision anxi- muscle cramp
metallic dry ach ache heart chest ety
light head attack mouth blur  pain bloat body ache  headache muscle pain  suicidal fog blur cramp bloat
depression heart thought
bitter taste ~ heart race mouth loss  pain anxiety ring ear lump throat pain tight-  depression  remove dark urine
ness panic patch
upset stom-  heart rate brain fog pain head-  pain shoul-  anxiety hair loss sore throat ~ mood swing bad stomach
ach ache der attack
mouth dark  shortness light head pain severe  leg cramp light head-  tightness extreme headache cramp stom-
breath edness chest fatigue dizziness ach
day day hand foot wear patch  diarrhea pain fatigue trouble sleep pain short-  trouble sleep extreme dry sick stomach
stomach ness
extreme horrible abdominal terrible pain swell ~ pain heart race heart ring ear mental fog  diarrhea
nausea anxiety cramp stomach nausea
extreme lose mind muscle pain day pain leg light head heart rate major anxi- 48 h dizziness
fatigue cramp ety stomach
metalic taste horrible mouth throat body ache  blurry race heart rapid heart- race heart weight loss  cramp severe
panic vision beat
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