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Abstract

Background: With the increasing popularity of Web 2.0 applications, social media has made it possible for individuals to post
messages on adverse drug reactions. In such online conversations, patients discuss their symptoms, medical history, and diseases.
These disorders may correspond to adverse drug reactions (ADRS) or any other medical condition. Therefore, methods must be
developed to distinguish between false positives and true ADR declarations.

Objective: Theam of this study was to investigate a method for filtering out disorder terms that did not correspond to adverse
events by using the distance (as number of words) between the drug term and the disorder or symptom term in the post. We
hypothesized that the shorter the distance between the disorder name and the drug, the higher the probability to be an ADR.
Methods: We analyzed a corpus of 648 messages corresponding to a total of 1654 (drug and disorder) pairs from 5 French
forums using Gaussian mixture models and an expectation-maximization (EM) agorithm .

Results. Thedistribution of the distances between the drug term and the disorder term enabl ed thefiltering of 50.03% (733/1465)
of the disorders that were not ADRs. Our filtering strategy achieved a precision of 95.8% and arecall of 50.0%.

Conclusions: Thisstudy suggeststhat such distance between terms can be used for identifying fal se positives, thereby improving
ADR detection in social media

(JMIR Public Health Surveill 2017;3(2):€36) doi: 10.2196/publicheslth.6577
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: datadrawn from the Internet was called for by several scientific
Introduction committees related to pharmacovigilance in the United States
Background and in Europe [3,4].

Adverse drug reactions (ADRs) cause millions of injuries Therearenow sitesfor consumersthat enable patientsto report
worl dwide each year and require billions of Eurosin associated ADRs. Patients who experience ADRs want to contribute drug
costs [1,2]. Drug safety surveillance targets the detection, Safety content, share their experience, and obtain information
assessment, and prevention of ADRsin the postapproval period. ~ and support from other Internet users [5-8].

A promise of augmenting drug safety with patient-generated
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Three recently published review articles showed that the use of
social media data for ADR monitoring was increasing. Sarker
et al analyzed 22 studies that used social media data. They
observed that publicly available annotated dataremained scarce,
thus making system performance comparisons difficult [9].
Golder et al analyzed 51 studies based on atotal of 174 social
media sites, most of which had discussion forums (71%). They
used broad selection criteria and considered several types of
social media including messages, social networks, patient
forums, Twitter, blogs, and Facebook [10]. Ninety percent
(45/51) of the papers looked for any adverse events, and 10%
(5/51) focused on specific adverse events (eg, fatal skin reactions
or hypersensitivity). The overal prevalence of adverse event
reports in social media varied from 0.2% to 8% of the posts.
There was general agreement that a high frequency of mild
adverse events was identified but that the more serious events
and laboratory-based ADRs were under-represented in social
media. Lardon et al explored methods for identifying and
extracting target data and evaluating the quality of medical
information from social media. Most studies used supervised
classification techniques to detect posts containing ADR
mentions and lexicon-based approaches to extract ADR
mentions from texts[9,11].

When the methods relied on the devel opment of lexicons, these
studies were generally limited in the number of drugs studied
or the number of target ADRs. For example, Benton et al
focused on 4 drugs [12]; Yang et al focused on 10 drugsand 5
ADRSs [13]; Yates et a focused on breast cancer-associated
ADRs[14]; Jiang et al focused on 5 drugs[15]; and Sarker and
Gonzalez focused on various drugs prescribed in chronic
diseases, such astype 2 diabetes [16].

Other authors focused on detecting user posts mentioning
potential ADRs. Some of them combined social media with
other knowledge sources such as Medline [17]. The binary
classification of text into ADR versus non-ADR categories has
been typically performed in previous research work using three
supervised classification approaches: (1) Naive Bayes (NB),
(2) support vector machine (SVM), and (3) maximum entropy
(ME). Among those, SVMs are the most popular for text
classification tasks [18], including ADR text.

In 13 studies using automatic processing based on data mining
to analyze patient declarations, 7 studies aimed at identifying
the relationshi ps between disease entities and drug names. Five
of these studies used machine learning methods. Qualitative
analyses of forums and mailing list posts show that it may be
used to identify rare and serious ADRs (eg, [11,19,20]) and the
unexpected frequency of known ADRs. However, the use of
social media for data source pharmacovigilance must be
validated [10].

Therefore, the main challenge lay in identifying a combination
of methods that could reduce the overall number of
misclassifications of potential ADRs from patient’s posts. In
all such studies, the authors analyzed messages that contained
referencesto both adrug and adisorder or symptom. ADRMine,
a machine learning—based concept extraction system [21] that
uses conditional random fields (CRFs), achieved an F measure
of 0.82 in the ADR extraction task.
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However, ADR messagesfrom social mediaare not only factual
descriptions about adverse events[10]. The messages may also
include contextual information (the patient’s condition and
comorbidities) and opinions and feelings about treatments and
drugs (eg, providing persona experience about a treatment,
discussing new research, explaining documentation and drug
monograph to a peer, and exchanging information relevant to
patient’s daily lives).

Before robust conclusions can be drawn from social media
regarding ADRs, the biggest problem with automated or
semiautomated methods is distinguishing between genuine
ADRs and other types of cooccurrence (eg, treatments and
context) between drugs and diseases in messages. To quote
Golder [10], “the purported adverse events may not be adverse
eventsat all. Terms used to describe adverse events can also be
used for indications of the condition being treated (eg,
confounding by indication), beneficial effects (ie, sleepiness
can be a beneficial effect for someone with insomnia), or may
not have been experienced by a patient.” This notion can be
illustrated by an article published by Benton et al [12]. The
authors analyzed social media to identify adverse events that
were associated with the most commonly used drugs to treat
breast cancer. In their study, “uterine cancer” cooccurred 374
timeswith tamoxifen. However, most of the messagesinvolved
anxiety about taking tamoxifen because of a possible adverse
event (uterine cancer) that could potentially occur in the future.

These examplesindicate that methods are required to eliminate
such false positives. The Detec't project developed by Kappa
Santé [22] isan adverse drug reaction monitoring program based
on data mining and statistical analysis techniques using social
mediatexts. Our intent at this point wasto distinguish between
potential ADRs and non-ADRs among the disorders associated
with a drug in messages from social media. In this paper, we
investigate whether the distance between the terms representing
drugs and disorders in the messages may help distinguish
between ADRs and false positives.

Related Work

The current technological challenges include the difficulty for
text mining algorithmsto interpret patient lay vocabulary [23].

After the review of multiple approaches, Sarker et a [9]
concluded that following data collection, filtering was a real
challenge. Filtering methods are likely to aid in the ADR
detection process by removing most irrelevant information.
Based on our review of prior research, two types of filtering
methods can be used: semantic approaches and statistical
approaches.

Semantic filtering relies on semantic information, for example,
negation rules and vocabularies, to identify messages not
corresponding to an ADR declaration. Liu and al [24] developed
negation rules and incorporated linguistic and medical
knowledge basesin their algorithmsto filter out negated ADRS,
then remove drug indications and non- and unreported cases on
FAERS (FDA's Adverse Event Reporting System) database.
In their use case of 1822 discussions about beta blockers, 71%
of the related medical events were adverse drug events, 20%
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were drug indications, and 9% were negated adverse drug
events.

Powell et al [25] developed “ Social Media Listening,” atool to
augment postmarketing safety. This tool consisted on the
removal of questionable Internet pharmacy advertisements
(named “Junk”), posts in which a drug was discussed (named
“mention”), posts in which a potential event was discussed
(called “Proto-AE"), and any type of medica interaction
description (called “Health System Interaction”). Their study
revealed that only 26% of the considered posts contained
relevant information. The distribution of post classifications by
social media source varied considerably among drugs. Between
11% (7/63) and 50.5% (100/198) of the posts contained
Proto-AEs (between 3.2% (4/123) and 33.64% (726/2158) for
over-the-counter products). The final step was a manual
evaluation.

The second type of filtering was based on statistical approaches
using the topic models method [26]. Yang et al [27] used latent
Dirichlet allocation probabilistic modeling [28] to filter topics
and thereby reduce the dataset to a cluster of poststo evoke an
ADR declaration. Thismethod was eval uated by the comparison
of 4 benchmark methods (example adaption for text
categorization [EAT], positive examples and negative examples
labeling heuristics [PNLH], active semisupervised clustering
based two-stage text classification [ACTC], and Laplacian
SVM) and the calculation of F scores (the harmonic mean of
precision and recall) on ADRs posts. These 4 methods were
improved by the use of this approach. The F score gains
fluctuated between 1.94% and 6.14%. Sarker and Gonzalez [16]
improved their ADR detection method by using different
features for filtering. These multiple features were selected by
the use of |eave-one-out classification scores and were eval uated
with accuracy and F scores. These features were based on
n-grams (accuracy 82.6%, F score 0.654), computing the Tf-idf
values for the semantic types (accuracy 82.6%, F score 0.652),
polarity of sentences (accuracy 84.0%, F score 0.669), the
positive or negative outcome (accuracy 83.9%, F score 0.665),
ADR lexicon match (accuracy 83.5%, F score 0.659), sentiment
analysis in posts (accuracy 82.0%), and filtering by topics
(accuracy 83.7%, F score 0.670) for filtering posts without
mention of ADRs. Theuse of all featuresfor thefiltering process
provided an accuracy of 83.6% and an F score of 0.678. Bian
et a [29] utilized SVM to filter the noise in tweets. Their
motivation for classifying tweets arose from the fact that most
posts were not associated with ADRs; thus, filtering out
nonrelevant posts was crucial.

Wei and a [30] performed an automatic chemical-diseases
relation extraction on acorpus of PubMed articles. Their process
was divided in two subtasks. The first one was a disease named
entity recognition (DNER) subtask based on the 1500 PubMed
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titlesand abstracts. The second subtask was a chemical-induced
disease (CID) relation extraction (on the same corpusas DNER
subtask). Chemicals and diseases were described utilizing the
medical subject headings (MeSH) controlled vocabulary. They
evaluated several approaches and obtained an average precision,
recall, and standard F score of 78.99%, 74.81%, and 76.03%,
respectively for DNER step and an average of 43.37% of F
score with the CID step. The best result for CID step was
obtained by combining two SVM approaches.

Objective

We propose adding afilter based on Gaussian mixtures models
to reduce the burden of other entities, that is, disorders that are
mentioned in the messages but are not ADRs. The objective
wasto optimize ADR detection by reducing the number of false
positives. We hypothesized that the shorter the distance between
the disorder name and the drug, the higher the probability to be
an ADR. The approach was applied to the Detec't corpus.

Methods

Materials

Detec’'t Database

We used a version of the Detec't database that contained
17,703,834 messages corresponding to 350 drugs. The messages
were extracted from 20 general health forums, all in French,
using a custom Web crawler to browse the selected forums and
scrape messages. The forums scraped do not restrict userswith
alimited number of charactersin the message. Detec't contains
the messages extracted and associated metadata, namely users
aliases and dates.

The Detec't database was created in 2012 by Kappa Santé [22],
acontract research organization founded in 2003 that specialized
in post marketing studies and pharmacoepidemiology. Kappa
Santé developed Detec't to achieve this goal.

The messages that constitute our dataset came from (1)
doctissimo, (2) atoute.org, (3) e-santé, (4) santé médecine, and
(5) aufeminin. These are popular general forums dedicated to
health with an average of 89,987 unique visitors aday in 2016.
Usersmust register to be ableto post amessagein theseforums.

Dataset Constitution

Werandomly extracted 700 messages from the Detec't database
related to 3 drugs from 3 different therapeutic classes:
Teriflunomide, Insulin Glargine, and Zol pidem.

Of these, 52 messages did not contain any disease entity and
were removed from the list. The remaining 648 messages were
both manualy annotated and automatically processed.
Processing was performed in 5 steps; the method is summarized
in Figure 1.
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Figurel. Summary diagram.

Medical Terminology

Regarding disorders, we used the Medical Dictionary for
Regulatory Activities dictionary (MedDRA), which is the
international medical terminology developed under the auspices
of the International Conference on Harmonization of Technical
Requirements for Registration of Pharmaceuticals for Human
Use (ICH). The MedDRA dictionary is organized by system
organ class (SOC) and divided into high-level group terms
(HLGT), high-level terms (HLT), preferred terms (PT), and
lowest-level terms (LLT). Synonymous LLT are grouped under
aunique identifier labeled as preferred terms (PT).

We used alexicon built in-house by Kappa Santé. The lexicon
was derived from the French version of MedDRA 15.0 and was
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extended by adding more lay medical vocabulary. A fuzzy
grouping technique was used to group commonly misspelled
words or closely spelled words under one term. The grouping
was performed at the MedDRA LLT level. Thefuzzy grouping
algorithm temporarily strips al vowels (except the first one),
strips double or triple consonants from extracted words, and
then compares them to see if they are the same. For example,
“modeling” and “modelling” would be grouped together [31-34].
The original 15.0 release of MedDRA contains 19,550 PT and
70,177 LLT. Our lexicon contained a total of 19,530 PT and
63,392 LLT. Among them, 259 additional LLT were added by
Kappa Santé, for example, “mal au crane” (French familiar
broadly used expression for headache) as a synonym of “mal
de téte” (headache). Although not pure synonyms, as “crane”
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isnot equivalent to “head,” “mal de crane isafamiliar broadly
used expression for headache. The decrease in the number of
termswas caused by the removal of some PTsthat were beyond
the scope of ADRs, such as “married.” Moreover, the lexicon
was manually reduced by grouping termswith similar meanings,
for example, the PTs for “alcoholic’ and “alcoholism.” Our
final version for disorders contained a total of 63,392 terms
(LLT level), including both original MedDRA LLT terms and
nonstandard terms. We used the most specific (LLT) level to
search for disorder entitiesin the posts.

Manual Annotation

An ADR isasign or symptom caused by taking a medication.
ADRs may occur following a single dose or prolonged
administration of adrug or result from the combination of 2 or
more drugs.

A disorder concept correspondsto asign or symptom, adisease,
or any pathological finding. In the context of a message, a
disorder may:

« Either play therole of an adverse event, (ADR) for example,
“1 took aspirin, it gave me aterrible headache” These are
considered “true ADRS”

« Or correspond to a condition that is not reported by the
patient asan ADR, for example, “| had aheadache so | took
aspirin.”

With the objective of distinguish between ADRs and disorders

that were not ADRs, 2 experts manually annotated the messages

to identify true ADRs.

Figure 2. Data preprocessing steps.
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The annotators labeled each disorder entity in the messages as
(1) « ADR » if the patient reported the disorder as a possible
ADRin hisor her message, or (2) « other entity » if thedisorder
was not reported as an ADR in the message.

This annotated dataset was used as a gold standard.
Analysis Phases

Data Preprocessing

The standardization of our approach required preprocessing the
dataset to avoid some cases of poor data quality. Figure 2
presents these preprocessing steps.

The character separation method involved inserting whitespaces
around every punctuation character. This separation was
necessary due to the poor data quality to optimize disorder
identification.

Because we used the R software (a language and environment
for statistical computing provide by the R coreteam in Vienna)
to process and analyze data, and given that R discriminates
between lowercase and uppercase words, we used the “tm”
Package (a text mining framework for R software) to convert
the document text to lower case and remove extra whitespaces
[35]. We did not remove stop words because our hypothesis
was based on the number of words separating drug names and
disorder terms. The stop words removing could have impacted
the distances distribution.

The last step was the tokenization of messages. Word
segmentation providesalist of wordsin each message and their
positions in the post.

Add spaces
around o> Charactersto __ > Stripextra D Spit T > Stemming
ponctuations lower case white spaces messages words
characters

Named Entity Recognition

The objective of the named entity recognition module was to
identify 2 types of entitiesin a patient’s post: drug names and
disorders.

As the extended lexicon for disorders that we developed
contained colloquial terms aswell as expressions with spelling
and/or grammatical errors, lexicon matching was performed
using exact match methods after stemming of both messages
and expressions in the lexicon.

Drug namesin the messages were automatically identified using
fuzzy matching and stored in the Detec’t database as message
metadata. To minimize the impact of misspelled words, each
word was first stemmed using a Porter stemmer, an algorithm
meant to remove inflection from a word [12,16]. Savoy [36]
demonstratesthat the use of Porter stemmer algorithm improved
information retrieval by 30.5% with French language.

http://publichealth.jmir.org/2017/2/e36/

All of the other terms in the messages were mapped to our
extended version of MedDRA, which includes colloquiaisms,
abbreviations, and wordswith spelling errors. L exicon matching
was implemented as string matching using regular expressions.
The granularity of the disorder concepts extracted from the
messages corresponded to the LLT level of MedDRA.

Processing Distance Between Entities

After the preprocessing step, the position of each entity in the
message was calculated. We defined a word as a continuous
series of characters between 2 whitespaces. The distance
between adrug“a”’ and adisorder “b” in amessage was defined
as the number of words separating the two entities:

Distance (a,b)=(position of b) — (position of a)
The following data were automatically collected:

« The disorder name (corresponding to b) detected in the
message and the corresponding LLT.
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« The MedDRA preferred term associated to the disorder
term.

- Theoverall position of the disorder term in the message.

- Relative position of the detected disorder to the product’s
name (before or after).

- Thedistance between the disorder term and the drug name.

«  Length of the message (expressed in number of words)

When the product name appears several timesin amessage, the
algorithm evaluates the distances between a disorder and all
drug name occurrences. The pairs identified are deduplicated.

Abdellaoui et &

The only pair considered isthe one that minimizes the distance
to the drug name.

Clustering Method

We used Gaussian mixture models for the disorder clustering
using “mclust” R package [37]. We modeled ADRs and other
entities as normal distributions mixed on one. The global
distribution is obtained by modeling distances calculated for
each disorder (Figure 3). EM agorithmisused for model fitting.
The affiliation of each type of entity is established by the use
of likelihood maximization.

Figure 3. Observed density of distances between disorder terms and drug names.
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Results

Descriptive Analysis

We processed a total of 648 messages from 5 French forums
written from 2002 to 2013. The named entity recognition module
automatically identified 320 unique disorders corresponding to
268 PTs (see Multimedia Appendix 1 for an exhaustive list of
disordersidentified). Among the 648 messages, 40.9% (265/648)
contained drug names but no disorder term. The automatic
processing was able to extract 1654 (drug and disorder) pairs
from the 383 messages containing at least one disorder term.
Figure 4 shows the number of messages consisting of (n1, n2)
words. Nine messages contain more than 1000 words.

All 1654 of the identified disorders were manually annotated
astrue ADRsor not. Among them, the expertsidentified 11.42%

http://publichealth.jmir.org/2017/2/e36/
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(189/1654) of ADRs and 88.57% (1465/1654) of other entities.
Figure 5 shows the disorders found in the messages grouped at
SOC level of MedDRA.

Analysis of Disorder Entity Distribution

Asshown in Figure 3, the distribution of the distances between
disorder termsand drug namesin the messages seemsto follow
a Gaussian distribution. However, a Shapiro-Wilk normality
test significantly rejected the null-hypothesis with a P value of
less than 2.2e-16.

QQ-plot in Figure 6 shows that the data are heterogeneous and
can be a mixture of multiple Gaussian distributions [38,39].

The clustering method clusters the detected disorder concepts
based on their distances (expressed as a number of words) to
the product name in each message. To achieve this goal, we
used Gaussian mixture models and EM algorithm [40-42].
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Figure 4. Documents under review found consisting of (n) words.
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Figure6. Norma Q-Q plot.
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Figure 7. Repartition of true adverse drug reactions (ADRS) and other entities by distances.
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Distance distribution also varies grestly with a viewing
averaging 20.32 and amedian value of 11.0. The distancesvary
between 1233 before the drug name and 1510 after. Figure 7
shows the concentration of ADRS in a short interval around
drug names. The ADRs are contained in an interval between
204 words before product names and 289 after words around
drug names. All disorders located beyond 289 words are not
ADRs (false positives).

Clusters Analysis

We applied a supervised clustering method with three fixed
clusters (Figure 8).
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ADRs

Cluster 1 corresponds to distances in the (=220, —57) union
(+78, +211) interval, that is, between 220 and 57 words before
thedrug nameor in theinterval between 78 and 211 words after
the drug name. Cluster 1 contains 441 disorders. Among them,
6.6% (29/441) of the disordersfound in cluster, aretrue ADRs.

Cluster 2 corresponds to distances in the (-56, —1) union (+2,
+77) interval (ie, between 56 and 1 words before the drug name
or between 2 and 77 words after the drug name). Cluster 2
contains 889 disorders. In cluster 2, 17.7% (157/889) of the
disorders are true ADRs.
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Figure 8. Supervised clustering results.
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Table 1. Supervised clustering contingency table.
Clusters Other entities (%) ADRS? (%) Total
Cluster 1 412 (93.4) 29 (6.6) 441
Cluster 2 732(82.3) 157 (17.7) 889
Cluster 3 321(99.1) 3(0.9) 324
Total 1465 189 1654

3ADRs: adverse drug reactions.

Cluster 3 correspondsto distances between 1233 and 222 words
before the drug name or between 212 and 1510 words &fter.
Cluster 3 contains 324 disorders. Among them, 0.9% (3/324)
are ADRs and 321 are other entities.

Filtering Strategies

We tested two filtering strategies. The objective was to filter
out the entities that were not ADRs. Table 1 shows supervised
clustering contingency.

Table 2. Filtering by merging of clusters 1 and 3.

In thefirst filtering strategy, we merged clusters 1 and 3 (Table
2). Thedisordersin clusters1 and 3 (Table 1) arein the (-1233,
=57) union (+78, +1510) interval. The objective of this strategy
was to maximize the number of disorders that are not ADRs
(412incluster 1 and 321 in cluster 3) in one cluster for filtering.
The union of these 2 clusters contained only 4.2% (32/765) of
ADRs. Asshown in Table 2, 95.8% (733/765) of the disorders
that are present in the union of clusters 1 and 3 correspond to
disordersthat are not ADRs (733 disorders).

Clusters Other entities (%) ADRS? (%) Total
Clusters 1 and 3 733 (95.8) 32(4.2) 765
Cluster 2 732(82.3) 157 (17.7) 889
Total 1465 189 1654

8ADRSs: adverse drug reactions.

In the context of ADR detection, the use of this approach to
removedisorders of clusters 1 and 3 inducesa50.03% reduction
of potential false positives.

The ability to detect false ADRs achieved a precision score of
95.8% and arecall of 50.0%. In other terms, almost all (>95%)
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of the pairs that were filtered out were not true ADRS, but the
system detected only 50.03% (733/1465) of the false positives.

A second filtering strategy involved merging clusters 1 and 2
(Table 3). The main objective of this strategy was to aggregate
asmany ADRs as possible. We used the union of clusters 1 and
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Table 3. Filtering by merging clusters 1 and 2.

Abdellaoui et &

then filtered out the disorders from cluster 3.

Clusters Other entities (%) ADRS? (%) Total
Cluster 3 321(99.1) 3(0.9) 324

Clusters 1 and 2 1144 (86.0) 186 (14.0) 1330
Total 1465 189 1654

8ADRSs: adverse drug reactions.

The union of clusters 1 and 2 contains 98.4% (186/189) of the
true ADRs present in the dataset. Given that cluster 3 contains
only 1.6% (3/189) of the ADRsin our study, exclusion of cluster
3 leads to erroneously ignoring only three relevant adverse
events.

Using thisfiltering strategy, our detection of disorders that are
not ADRsachieved aprecision of 99.07% and arecall of 21.9%.
In other terms, 99.07% (321/324) of the pairsthat werefiltered
out were false positive, but the system detected only 21.91%
(321/1465) of the non-ADRs.

Discussion

Principal Findings

We demonstrated that the meaning of a disorder term in a
message varies considerably based on its distance to the drug
name. Noticeably, before any filtering strategy, cluster 3
contained only three ADRs. The higher the distance between
the disorder and the drug name s, the lower the probability that
the disorder might be an ADR. Specifically, in cluster 3, 99.1%
(321/324) of the disorder terms did not correspond to ADRS.
Our approach based on distance measurement enabled us to
filter out other (non-ADRS) entities from the detected disorders.
Thefirst strategy enabled us to automatically filter out 49.96%
(732/1465) of the disorders that were not ADRs. The second
strategy filtered out 78.08% (1144/1465) of the disorders that
were not ADRs. Consequently, we obtained a significant
improvement in identifying non-ADRs (false positives) in
messages. Such filtering can be used as afirst step to optimize
the screening of ADRs by reducing the false positive rate.

Comparison With Prior Work

Patient’s adverse drug event discussions in forums are more
informal and colloquial than biomedical literature and clinical
notes. When messagesin social mediaaremined to detect ADRs
declarations, these informal chats lead to many noisy false
positives. The use of filtering methodsimproves ADR detection
in the huge data source that is socia media[16,25,27]. Powell
et al [25] showed that only 26% of such posts contain relevant
information. Even when a message contains both a drug name
and a disorder term, the latter may play a role other than an
ADR. In our dataset, only 11.42% (189/1654) of the disorder
terms corresponded to potential ADRs.

However, the use of distance (as number of words) has not been
used for ADR detection, and the usage of this type of

http://publichealth.jmir.org/2017/2/e36/

information for ADR classification is novel. Sarker and
Gonzalez [16] used a leave-one-out classification to evaluate
different features for a filtering approach. One of these
approaches is based on the n-gram method (accuracy 80.7%),
and another approach is based on topic evaluation (accuracy
86.1%). Our approach is different and can be combined with
other filtering methods.

One challenge is the comparison of the different filtering
methods and their evaluation on equivalent datasets. We
evaluated our method on a corpus that was not specific to an
adverse event. We relied on MedDRA,, which encompasses the
complete spectrum of possible ADRs.

Limitations and Future Work

Some limitations regarding the effectiveness of our filtering
method should be noted. The main limitation is that our
classification processisless efficient when the disorder termis
closer to the drug name in the message. Another limitation is
that the distance approach has been developed and tested on a
French corpus and must be adapted to different languages.
Finally, thisapproach is based on the number of words between
drug names and disorder entities in messages and is therefore
not applicable to some forms of social media such as Twitter
because atweet would not contain a sufficient number of words
to satisfy a sufficient disparity of the disorders detected. The
insufficient disparity would not allow our filter to effectively
classify the disorders.

Many patients express sentiments when posting about drug
associated events in social media, and (quoting Sarker and
Gonzalez in [16]) “the sentiments generally correlate strongly
with the reactions associated with the drugs they are taking.”
Combining lexical features from research areas such as
sentiment analysis or polarity classification with methods that
detect ADRs can improve the automatic classification of ADR
mentionsfrom social mediatext. Moreover, it can help analyzing
consumer’s perceptions and their changesin time, for example,
following media coverage.

Conclusions

We have demonstrated that the distance between the disorder
and thedrug in amessageinfluencesthe probability of adisorder
to be agenuine ADR. The use of distance between entities on
patient posts from social media enabled us to filter out false
positives from the detected disorders, and thus, to optimize
ADR screening.

JMIR Public Health Surveill 2017 | vol. 3 |iss. 2 | €36 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Abdellaoui et al

Conflictsof Interest
None declared.

Multimedia Appendix 1
Exhaustive list of disorders found at MedDRA preferred terms (PT) and system organ class (SOC) levels.

[XLSX File (Microsoft Excel File), 53KB-Multimedia Appendix 1]

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Bates DW, Cullen DJ, Laird N, Petersen LA, Small SD, Servi D, et al. Incidence of adverse drug events and potential
adverse drug events. Implicationsfor prevention. ADE Prevention Study Group. JAMA 1995 Jul 05;274(1):29-34. [Medline:
7791255]

Classen DC, Pestotnik SL, Evans RS, Lloyd JF, Burke JP. Adverse drug eventsin hospitalized patients. Excess length of
stay, extra costs, and attributable mortality. JAMA 1997;277(4):301-306. [Medline: 9002492]

Harpaz R, DuMouchel W, Shah N, Madigan D, Ryan P, Friedman C. Novel data-mining methodologies for adverse drug
event discovery and analysis. Clin Pharmacol Ther 2012 Jun;91(6):1010-1021 [FREE Full text] [doi: 10.1038/clpt.2012.50]
[Medline: 22549283]

Leaman R, Wojtulewicz L, Sullivan R, Skariah A, Yang J, Gonzalez G. Towardsinternet-age pharmacovigilance: extracting
adverse drug reactions from user poststo health-related social networks. USA: Association for Computational Linguistics;
2010 Presented at: BioNLP 10 Proceedings of the 2010 Workshop on Biomedical Natural Language Processing; July 15,
2010; Uppsala, Sweden p. 117-125 URL: http://dl.acm.org/citation.cfm?d=1869961.1869976

LaranjoL, Arguel A, NevesAL, Gallagher AM, Kaplan R, Mortimer N, Lau AnnieY S. Theinfluence of social networking
sites on health behavior change: a systematic review and meta-analysis. JAm Med Inform Assoc 2015 Jan;22(1):243-256.
[doi: 10.1136/amiajnl-2014-002841] [Medline: 25005606]

van Hunsel F, van der Welle C, Passier A, van Puijenbroek E, van Grootheest K. Motives for reporting adverse drug
reactions by patient-reportersin the Netherlands. Eur J Clin Pharmacol 2010 Nov;66(11):1143-1150 [FREE Full text] [doi:
10.1007/s00228-010-0865-7] [Medline: 20658130]

van Grootheest K, de Graaf L, de Jong-van den Berg LT. Consumer adverse drug reaction reporting: anew step in
pharmacovigilance? Drug Saf 2003;26(4):211-217. [Medline: 12608885]

Gittelman S, Lange 'V, Gotway CC, Okoro CA, Lieb E, DhingraSS, et a. A new source of datafor public health surveillance:
facebook likes. JMed Internet Res 2015;17(4):€98 [FREE Full text] [doi: 10.2196/jmir.3970] [Medline: 25895907]
Sarker A, Ginn R, Nikfarjam A, O'Connor K, Smith K, Jayaraman S, et al. Utilizing social mediadatafor pharmacovigilance:
areview. JBiomed Inform 2015 Apr;54:202-212 [EREE Full text] [doi: 10.1016/].jbi.2015.02.004] [Medline: 25720841]
Golder S, Norman G, Loke YK. Systematic review on the prevalence, frequency and comparative value of adverse events
datain social media. Br J Clin Pharmacol 2015 Oct;80(4):878-888. [doi: 10.1111/bcp.12746] [Medline: 26271492]
Lardon J, Abdellaoui R, Bellet F, Asfari H, Souvignet J, Texier N, et al. Adverse drug reaction identification and extraction
in social media: a scoping review. JMed Internet Res 2015 Jul 10;17(7):e171 [FREE Full text] [doi: 10.2196/jmir.4304]
[Medline: 26163365]

Benton A, Ungar L, Hill S, Hennessy S, Mao J, Chung A, et a. Identifying potential adverse effects using the web: a new
approach to medical hypothesis generation. JBiomed Inform 2011 Dec;44(6):989-996 [FREE Full text] [doi:
10.1016/}.jbi.2011.07.005] [Medline: 21820083]

Yang CC, Yang H, Jiang L, Zhang M. Social media mining for drug safety signal detection. 2012 Presented at: Proc Int
Workshop Smart Health Wellbeing; October 29, 2012; Maui, HI p. 33-40.

Yates A, Goharian N. ADRTrace: detecting expected and unexpected adverse drug reactions from user reviews on social
media sites. In: Advancesin Information Retrieval. Berlin, Heidelberg: Springer; 2013:816-819.

Jiang K, Zheng Y. Mining twitter data for potential drug effects. In: MotodaH, Wu Z, Cao L, Zaiane O, Yao M, Wang W,
editors. Advanced Data Mining and Applications. Berlin, Heidelberg: Springer; 2013:434-443.

Sarker A, Gonzalez G. Portable automatic text classification for adverse drug reaction detection via multi-corpus training.
JBiomed Inform 2015 Feb;53:196-207 [EREE Full text] [doi: 10.1016/j.jbi.2014.11.002] [Medline: 25451103]
Yeleswarapu S, Rao A, Joseph T, Saipradeep VG, Srinivasan R. A pipelineto extract drug-adverse event pairsfrom multiple
data sources. BMC Med Inform Decis Mak 2014;14:13 [FREE Full text] [doi: 10.1186/1472-6947-14-13] [Medline:
24559132]

Joachims T. Text categorization with support vector machines: learning with many relevant features. In: Nédellec C,
Rouveirol C, editors. Machine Learning: ECML-98. Berlin, Heidelberg: Springer; 1998:137-142.

Abou Taam M, Rossard C, Cantaloube L, Bouscaren N, Roche G, Pochard L, et al. nalysis of patients narratives posted
on social media websites on benfluorex's (Mediator®) withdrawal in France. J Clin Pharm Ther 2014 Feb;39(1):53-55.
[doi: 10.1111/jcpt.12103] [Medline: 24304185]

http:/publicheslth.jmir.org/2017/2/e36/ JMIR Public Health Surveill 2017 | vol. 3 |iss. 2| €36 | p. 11

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=publichealth_v3i2e36_app1.xlsx&filename=2f10596442558f00027c661c96ed30cd.xlsx
https://jmir.org/api/download?alt_name=publichealth_v3i2e36_app1.xlsx&filename=2f10596442558f00027c661c96ed30cd.xlsx
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7791255&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9002492&dopt=Abstract
http://europepmc.org/abstract/MED/22549283
http://dx.doi.org/10.1038/clpt.2012.50
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22549283&dopt=Abstract
http://dl.acm.org/citation.cfm?id=1869961.1869976
http://dx.doi.org/10.1136/amiajnl-2014-002841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25005606&dopt=Abstract
http://europepmc.org/abstract/MED/20658130
http://dx.doi.org/10.1007/s00228-010-0865-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20658130&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12608885&dopt=Abstract
http://www.jmir.org/2015/4/e98/
http://dx.doi.org/10.2196/jmir.3970
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25895907&dopt=Abstract
http://linkinghub.elsevier.com/retrieve/pii/S1532-0464(15)00036-2
http://dx.doi.org/10.1016/j.jbi.2015.02.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25720841&dopt=Abstract
http://dx.doi.org/10.1111/bcp.12746
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26271492&dopt=Abstract
http://www.jmir.org/2015/7/e171/
http://dx.doi.org/10.2196/jmir.4304
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26163365&dopt=Abstract
http://linkinghub.elsevier.com/retrieve/pii/S1532-0464(11)00123-7
http://dx.doi.org/10.1016/j.jbi.2011.07.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21820083&dopt=Abstract
http://linkinghub.elsevier.com/retrieve/pii/S1532-0464(14)00231-7
http://dx.doi.org/10.1016/j.jbi.2014.11.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25451103&dopt=Abstract
http://www.biomedcentral.com/1472-6947/14/13
http://dx.doi.org/10.1186/1472-6947-14-13
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24559132&dopt=Abstract
http://dx.doi.org/10.1111/jcpt.12103
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24304185&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Abdellaoui et al

20.

21.

22.
23.

24,

25.

26.
27.

28.

29.

30.

31.

32.

33.

35.
36.

37.

38.

39.

40.

41.

42.

Harpaz R, Callahan A, Tamang S, Low Y, Odgers D, Finlayson S, et a. Text mining for adverse drug events: the promise,
challenges, and state of the art. Drug Saf 2014 Oct;37(10):777-790 [FREE Full text] [doi: 10.1007/s40264-014-0218-7]
[Medline: 25151493]

Nikfarjam A, Sarker A, O'Connor K, Ginn R, Gonzalez G. Pharmacovigilance from social media: mining adverse drug
reaction mentions using sequence labeling with word embedding cluster features. J Am Med Inform Assoc 2015
May;22(3):671-681 [FREE Full text] [doi: 10.1093/jamia/ocu041] [Medline: 25755127]

Kappa Santé. URL : https://www.kappasante.com/ [accessed 2017-06-03] [WebCite Cache ID 6qwWipp9j]

Sloane R, Osanlou O, Lewis D, Bollegala D, Maskell S, Pirmohamed M. Social media and pharmacovigilance: areview
of the opportunities and challenges. Br J Clin Pharmacol 2015 Oct;80(4):910-920 [ FREE Full text] [doi: 10.1111/bcp.12717)
[Medline: 26147850]

Liu X, ChenH. A research framework for pharmacovigilance in health social media: identification and eval uation of patient
adverse drug event reports. J Biomed Inform 2015 Dec;58:268-279 [FREE Full text] [doi: 10.1016/j.jbi.2015.10.011]
[Medline: 26518315]

Powell GE, Seifert HA, Reblin T, Burstein PJ, Blowers J, Menius JA, et a. Social medialistening for routine post-marketing
safety surveillance. Drug Saf 2016 May;39(5):443-454. [doi: 10.1007/s40264-015-0385-6] [Medline: 26798054]

Blei D. Probabilistic topic models. Commun ACM 2012;55(4):84.

Yang M, Kiang M, Shang W. Filtering big data from social media--building an early warning system for adverse drug
reactions. J Biomed Inform 2015 Apr;54:230-240 [FREE Full text] [doi: 10.1016/j.jbi.2015.01.011] [Medline: 25688695]
Canini K, Shi L, Griffiths T. MLR. 2009. Onlineinference of topicswith latent dirichlet allocation URL : http://proceedings.
mir.press/v5/canini09a/canini09a.pdf [accessed 2017-06-09] [WebCite Cache ID 6r5kzfJ1P)|

Bian J, Topaloglu U, Yu F. Towards Large-scale Twitter Mining for Drug-related Adverse Events. 2012 Presented at: Proc
Int Workshop Smart Health Wellbeing; October 29 - 29, 2012; Maui, Hawaii, USA p. 25-32.

Wei CH, Peng Y, Leaman R, Davis AP, Mattingly CJ, Li J, et al. Assessing the state of the art in biomedical relation
extraction: overview of the BioCreative V chemical-disease relation (CDR) task. Database (Oxford) 2016;2016:baw032
[FREE Full text] [doi: 10.1093/database/baw032] [Medline: 26994911]

Gupta V, Lehal G. A survey of text mining techniques and applications. JETWI 2009 Aug 1;1(1):60-76 [FREE Full text]
Porter MF. Toronto.edu. 1980. An algorithm for suffix stripping URL : http://www.cs.toronto.edu/~frank/csc2501/Readings/
R2_Porter/Porter-1980.pdf [accessed 2017-06-09] [WebCite Cache ID 6r5IONIWV]

Drazic M, Kukolj D, Vitas M, Pokric M, Manojlovic S, Tekic Z. Technology Matching of the Patent Documents Using
Clustering Algorithms. New York: leee; 2013.

lorio F, Bosotti R, Scacheri E, Belcastro V, Mithbaokar P, Ferriero R. Discovery of drug mode of action and drug repositioning
from transcriptional responses. PNAS 2010;107(33):14621-14626. [doi: 10.1073/pnas.1000138107]

Feinerer |, Hornik K, Meyer D. Text mining infrastructurein R. J Stat Softw 2008;25(5):54. [doi: 10.18637/jss.v025.i05]
Savoy J. Light stemming approaches for the French, Portuguese, German and Hungarian languages. USA: ACM; 2006
Presented at: SAC '06 Proceedings of the 2006 ACM symposium on Applied computing; April 23-27, 2006; Dijon, France
p. 1031-1035. [doi: 10.1145/1141277.1141523]

Fraley C, Raftery A. Model-based methods of classification: using the mclust software in chemometrics. J Stat Softw
2007;18(6):1-13. [doi: 10.18637/jss.v018.i06]

Choi B. A graphica method to assess goodness-of-fit for inverse gaussian distribution. Korean JAppl Stat 2013;26(1):37-47.
Grego J, Yates P. Point and standard error estimation for quantiles of mixed flood distributions. J Hydrol 2010
Sep;391(3-4):289-301. [doi: 10.1016/j.jhydrol.2010.07.027]

Torres-Carrasquillo P, Reynolds D, Deller JJ. Language identification using Gaussian mixture model tokenization. : |EEE;
2002 Presented at: |EEE Int Conf Acoust Speech Signal Process ICASSP; May 13-17, 2002; Orlando, FL. [doi:
10.1109/ICA SSP.2002.5743828]

Torres-Carrasquillo P, Singer E, Kohler M, Greene R, Reynolds D, Deller JJ. Approaches to language identification using
Gaussian mixture models and shifted delta cepstral features. 2002 Presented at: 7th International Conference on Spoken
Language Processing, | CSLP 2002; September 16, 2002; Denver, CO p. 89-92.

Dempster A, Laird N, Rubin D. Maximum likelihood from incomplete data via the EM algorithm. JR Stat Soc Ser B
Methodol 1977;1:38.

Abbreviations

ACTC: active semisupervised clustering based two-stage text classification
ADR: adverse drug reaction

AE: adverse event

EAT: example adaption for text categorization

EM: expectation-maximization

FAERS: FDA's Adverse Event Reporting System

HLGT: high-level group terms

http:/publicheslth.jmir.org/2017/2/e36/ JMIR Public Health Surveill 2017 | vol. 3 |iss. 2| €36 | p. 12

(page number not for citation purposes)


http://europepmc.org/abstract/MED/25151493
http://dx.doi.org/10.1007/s40264-014-0218-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25151493&dopt=Abstract
http://jamia.oxfordjournals.org/cgi/pmidlookup?view=long&pmid=25755127
http://dx.doi.org/10.1093/jamia/ocu041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25755127&dopt=Abstract
https://www.kappasante.com/
http://www.webcitation.org/

                                            6qwWipp9j
http://dx.doi.org/10.1111/bcp.12717
http://dx.doi.org/10.1111/bcp.12717
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26147850&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(15)00233-6
http://dx.doi.org/10.1016/j.jbi.2015.10.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26518315&dopt=Abstract
http://dx.doi.org/10.1007/s40264-015-0385-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26798054&dopt=Abstract
http://linkinghub.elsevier.com/retrieve/pii/S1532-0464(15)00013-1
http://dx.doi.org/10.1016/j.jbi.2015.01.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25688695&dopt=Abstract
http://proceedings.mlr.press/v5/canini09a/canini09a.pdf
http://proceedings.mlr.press/v5/canini09a/canini09a.pdf
http://www.webcitation.org/

                                            6r5kzfJ1P
http://europepmc.org/abstract/MED/26994911
http://dx.doi.org/10.1093/database/baw032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26994911&dopt=Abstract
http://ojs.academypublisher.com/index.php/jetwi/article/view/11
http://www.cs.toronto.edu/~frank/csc2501/Readings/R2_Porter/Porter-1980.pdf
http://www.cs.toronto.edu/~frank/csc2501/Readings/R2_Porter/Porter-1980.pdf
http://www.webcitation.org/

                                            6r5lONlWv
http://dx.doi.org/10.1073/pnas.1000138107
http://dx.doi.org/10.18637/jss.v025.i05
http://dx.doi.org/10.1145/1141277.1141523
http://dx.doi.org/10.18637/jss.v018.i06
http://dx.doi.org/10.1016/j.jhydrol.2010.07.027
http://dx.doi.org/10.1109/ICASSP.2002.5743828
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Abdellaoui et al

HLT: high-level terms

LLT: lowest-level terms

ME: Maximum Entropy

MedDRA: Medical Dictionary for Regulatory Activities

MeSH: medical subject headings

NB: Nalve Bayes

PNLH: positive examples and negative examples labeling heuristics
PT: preferred terms

SOC: system organ class

SVM: support vector machine
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