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Increasingly, patient-generated safety insights are shared online, via general social media
platforms or dedicated healthcare fora which give patients the opportunity to discuss their
disease and treatment options. We evaluated three areas of potential interest for the use of
social media in pharmacovigilance. To evaluate how social media may complement
existing safety signal detection capabilities, we identiﬁed two use cases (drug/adverse
event [AE] pairs) and then evaluated the frequency of AE discussions across a range of
social media channels. Changes in frequency over time were noted in social media, then
compared to frequency changes in Food and Drug Administration Adverse Event
Reporting System (FAERS) data over the same time period using a traditional
disproportionality method. Although both data sources showed increasing frequencies
of AE discussions over time, the increase in frequency was greater in the FAERS data as
compared to social media. To demonstrate the robustness of medical/AE insights of linked
posts we manually reviewed 2,817 threads containing 21,313 individual posts from 3,601
unique authors. Posts from the same authors were linked together. We used a quality
scoring algorithm to determine the groups of linked posts with the highest quality and
manually evaluated the top 16 groups of posts. Most linked posts (12/16; 75%) contained
all seven relevant medical insights assessed compared to only one (of 1,672) individual
post. To test the capability of actively engage patients via social media to obtain follow-up
AE information we identiﬁed and sent consents for follow-up to 39 individuals (through a
third party). We sent target follow-up questions (identiﬁed by pharmacovigilance experts as
critical for causality assessment) to those who consented. The number of people
consenting to follow-up was low (20%), but receipt of follow-up was high (75%). We
observed completeness of responses (37 out of 37 questions answered) and short
average time required to receive the follow-up (1.8 days). Our ﬁndings indicate a limited
use of social media data for safety signal detection. However, our research highlights two
areas of potential value to pharmacovigilance: obtaining more complete medical/AE
insights via longitudinal post linking and actively obtaining rapid follow-up information
on AEs.
Keywords: adverse event reporting, safety signal detection, follow-up report, social media, patient forums,
healthcare fora
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INTRODUCTION

fail to capture a complex situation, as they tend to focus on the
event itself with limited or no information on other events
preceding or following the AE. In addition, other potentially
relevant elements (such as environmental exposures, diet,
smoking/drinking status or social interactions) are rarely
available in traditional data sources. Even for individual safety
case reports, which have speciﬁc formats imposed by regulatory
authorities, the elements missing are frequently the ones that are
essential for assessing the report. It is therefore necessary to
gather as much additional information as possible, prioritizing
reports describing unexpected AEs above those describing
expected AEs. Some of the reasons for which follow-up on an
initial report is needed is that reporters usually cannot distinguish
between essential and non-essential information, they lack time
to fully complete the report, or the AE is still ongoing at the time
of the report. Pharmacovigilance guidelines worldwide (Code of
Federal Regulations, 2011; European Medicines Agency, 2017;
Health Canada, 2018; Australian Government et al., 2021) state
that the MAH is expected to follow up all reports of serious
suspected adverse reactions to its products and to obtain
comprehensive information where available, but guidance is
broad. This makes follow-up activities difﬁcult, and most
times unsuccessful. Most reporters do not respond to followup requests, or they take a long time to do so. For instance, in a
recent evaluation of follow-up activities for 1,000 AE reports
obtained from 58 countries, 87% of the requests were not
answered and the average time to receive follow-up
information was 47.4 days (median = 23 days; range =
1–432 days) (Kara et al., 2021). Bulcock et al. highlighted that
patients have a strong willingness to share health-related social
media data about AEs with researchers and regulators (Bulcock
et al., 2021).
An increase in the volume and complexity of AE reports has
been observed over time, and this together with the processes
required for their collection, review, analysis, and dissemination
generates an increasing workload and burden of reporting
(Stergiopoulos et al., 2019). Pooling various sources may
increase the volume of safety data without improving–and
quite possibly negatively impacting–the effectiveness of safety
signal detection (Jokinen et al., 2019). Therefore, it is essential to
identify those niche areas where social media has the most
positive impact in pharmacovigilance and ultimately, patient
safety. In this three-part study, we assessed the value that
patient-generated safety data from online healthcare fora bring
to pharmacovigilance with respect to its potential for
complementing quantitative signal detection, ability to increase
the robustness of AE insights shared online, and opportunities to
obtain timely follow-up information that is required for proper
assessment.

The collection of spontaneous case reports to evaluate potential
adverse events (AEs) induced by drugs or vaccines is paramount
for pharmacovigilance, allowing the timely identiﬁcation of safety
issues and enabling appropriate action including changes in
prescribing information.
Traditional methods of analyzing spontaneously reported AEs
include individual case review as well as aggregate analysis using
disproportionality methods. However, spontaneous reporting,
with or without disproportionality methods, has wellrecognized limitations such as selective or under-reporting and
incomplete information, which can delay or even prevent safety
signal detection (Bate and Evans, 2009). The use of observational
data from healthcare databases has been a common practice for
post-marketing safety studies, but only over the last decade have
there been attempts at exploring this vast information for signal
detection (Platt et al., 2018). Several data mining methods have
already been tested to this aim, allowing suitable signal detection
in healthcare databases, although challenges still remain in terms
of signal multiplicity and prioritization of the most relevant
signals (Arnaud et al., 2017).
Another trend observed over the last decade is that reports are
increasingly submitted by patients in addition to healthcare
providers (HCPs) (Inch et al., 2012; Inácio et al., 2017). More
and more of the patient-generated safety data are shared online,
via general social media platforms or dedicated healthcare fora,
which allow the patients and HCPs the opportunity to discuss and
exchange health and medicine-related information (Freifeld et al.,
2014; Nguyen et al., 2017; Li et al., 2020; Golder et al., 2021;
Rakhsha et al., 2021). AEs actively reported via social media are
readily accessible in large volume and has been shown to enable
early warnings for some potential adverse drug reactions see e.g.
(Chen et al., 2018).
Social media could therefore be utilized to address several of
the existing challenges currently found in patient engagement in
safety reporting, and it also has the potential to become routine in
pharmacovigilance in the near future (Bate et al., 2018),
complementing other routine approaches. Beyond its use in
quantitative signal detection, social media has the potential to
provide quality longitudinal data that can contribute to the
evaluation of drug or vaccine-event pairs, by linking posts
from the same individuals. However, there are still challenges
to the use of social media data for safety signal detection. The
challenges include, but are not limited to: 1) overall poor data
quality (lacking information for meaningful evaluation of
causality and the use of non-medical language), 2) very high
probability of data duplication (Tweets and re-Tweets are prime
examples), 3) lack of generalizability to other data sources, 4)
non-balanced coverage of all drugs and conditions, and 5) the
high volume of data which needs to be curated and analyzed in
order to be useful for a safety analysis (Sarker et al., 2015; Bate
et al., 2018; van Stekelenborg et al., 2019; Lee et al., 2021).
Regardless of the source and type of data, the quality of initial
AE reports received by both competent authorities and the
marketing authorization holders (MAHs) is often insufﬁcient
to perform a proper causality assessment. Most likely, AE reports
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METHODS
Objectives
We assessed patient-generated safety data from online healthcare
fora in three areas of potential importance to pharmacovigilance
activities:
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FIGURE 1 | Data processing. CSV, Comma Separated Value; ML, machine learning; AI, artiﬁcial intelligence; NLP, natural language processing; ADR, adverse drug
reactions.

1) changes in the relative frequency of AE discussions in support
of traditional signal detection
2) utility of longitudinal AE records obtained by linking posts
from the same individual
3) ability to actively engage patients to obtain more information
about AEs.

had to be identiﬁed post-approval with at least a 3-years
gap between approval and the event being added to the
USPI, and had to reﬂect a medical concept that could be
articulated by the patient/caregiver in social media.
From the list, ﬁve potential use cases were identiﬁed.
Subsequent feasibility assessments determined minimal
discussions for three of the potential use cases which
narrowed the list to the following two use cases: denosumab
and multiple vertebral fractures following discontinuation and
pembrolizumab and immune-mediated skin adverse reactions
(which includes Stevens–Johnson syndrome, toxic epidermal
necrolysis, exfoliative dermatitis, and bullous pemphigoid).
To go beyond traditional social media, which is primarily
focused on social topics, we used data that focused more on
healthcare and/or disease discussions. The data sources we used
were from four large healthcare communities (Inspire.com and
Breastcancer.org, HealthUnlocked.com, and Melanoma.org
[through Brandwatch]) and Twitter (through Brandwatch) for
contextualization purposes. All posts between June 2010 and
April 2021 mentioning denosumab or pembrolizumab were
identiﬁed and processed according to the steps described in
Figure 1, using a combination of Python and Java code. Deidentiﬁed patient-generated data were retrieved from the thirdparty social media data aggregator Brandwatch, previously used
for the collection of health data from social media (Schachterle
et al., 2019; Trigger and Coleman, 2019; Anderson et al., 2022;
Gendreau et al., 2022). Brandwatch captures publicly available
data from various online platforms or websites and allows one to
search across all forums using a set of keywords. Due to the large

Datasets, Data Processing, Identiﬁcation of
Use Cases, and Analysis
For each of the three experiments corresponding to the study
objectives, different datasets and methodology were used, as
described below.

Changes in the Relative Frequency of AE Discussions
in Support of Traditional Signal Detection
In-scope use cases (drug and AE pairs) were ﬁrst identiﬁed as
follows:
− Identiﬁcation of product: to identify contemporary
examples, we considered immune modulators that have
been approved in the United States (US) since 2010.
− Identiﬁcation of event: to determine utility for postmarketing activities, we cataloged all AEs that appeared
in the initial US product information (USPI) and AEs that
were subsequently added to the USPI for these drugs
(Supplementary Table S1).
− Inclusion criteria: to be potentially included in this
assessment, each AE had to be medically serious, had
not to have appeared in the initial USPI at approval,
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Utility of Longitudinal AE Records Obtained by Linking
Posts From the Same Individual
We obtained publicly available, de-identiﬁed social media posts (1
January 2015 to 1 November 2015) from the Scleroderma
Foundation Support Community and Arthritis Foundation
Support Community fora on Inspire. Each author was given a
unique identiﬁer so that posts from the same individual could be
linked together longitudinally. Expert reviewers manually curated a
random sample of 2,817 threads containing 21,313 individual posts
from 3,601 unique authors. To help systematically identify which
collection of posts offered the best medical insights we generated a
complexity score, comprised of 28 indicators, for each author’s
collection of longitudinal posts (Thomas et al., 2017). The group
of posts with the 16 highest complexity scores were further evaluated
for relevant medical insights through clinical inspection.
For each group of in-scope linked posts the following data
elements were manually reviewed and annotated by a healthcare
professional: medical history, disease burden, use of non-medical
treatments, laboratory results, treatment history, concomitant
medications, and mention of AEs. If the post mentioned an AE,
other data elements were also annotated: time to onset, outcome,
treatment of AE, and statement of causality. The percentages of
grouped posts containing each data element were calculated.

volume of retrieved data via this method, a subset of all available
fora was selected that contained at least 1,000 posts and included
mentions of denosumab or pembrolizumab over the observation
period of interest (2010–2021).
Duplicate posts (same content, poster, and post date/time)
were removed, and a spam removal algorithm was run to look for
keywords such as “online store” or press releases (to exclude any
non-patient generated data). Medically relevant posts (with at
least one mention of the product by generic name, brand name or
drug class) were identiﬁed by using keyword ﬁlters, and all posts
were merged into a uniﬁed structure suitable for analysis
(including meta-data such as a unique post identiﬁcation
number, date, source, content of post and tagged AEs).
Any personally identiﬁable information was masked from the
post content before the curation step, by means of a custom-built
dictionary containing over 100,000 common person names and
variants. Data review and curation was performed internally. AEs
were mapped using the Medical Dictionary for Regulatory
Activities (MedDRA) version 24.0 (the latest version available
at the time of the analysis) from the Uniﬁed Medical Language
System (UMLS) (Bodenreider, 2004).
If a post contained any verbatim string that matched an entry
in the MedDRA terminology, the UMLS was used to align those
terms to the preferred term (PT) level. We developed Python
scripts to extract a quarterly summary of the reported AEs from
the period indicated and then represented graphically any
instance of PTs in the data over time. Individual PTs were
then aggregated and collapsed into levels of the MedDRA
hierarchy to facilitate data analysis. This allowed rapid
identiﬁcation of MedDRA high level group terms discussed in
the posts (Supplementary Figure S1).
Current methods of performing post-marketing signal
detection with spontaneous data are focused on identifying
disproportionate reporting rates. These methods have been
tested with social media with limited results (van Stekelenborg
et al., 2019). Rather than using traditional disproportionality
methods our approach was more to see if the viral nature of
social media discussions might complement traditional methods
(Wang et al., 2016).
All posts mentioning the drugs of interest were collected.
Counts for the following were computed: 1) total number of posts
mentioning the drug of interest and 2) the total number of posts
that mention the drug of interest together with any of the AEs of
interest (AEOI) and 3) the unique number of posts that mention a
drug and a speciﬁc AEOI were collected. From these ﬁgures, we
computed the frequency of each AEOI by dividing the number of
events by the total number of posts that mentioned the drug of
interest.
To compare the frequency of AEOI discussions in social media
to traditional disproportionality methods, safety data from Food
and Drug Administration Adverse Event Reporting System
(FAERS) for denosumab and pembrolizumab was extracted as
PTs of reported AEs (cumulative data as of ﬁrst quarter 2021) and
was reviewed utilizing the empirical Bayes geometric mean
(EBGM) methodology (DuMouchel and Pregibon, 2001) for
disproportionality analysis within the Commonwealth
Vigilance Workbench, Commonwealth Informatics.

Frontiers in Pharmacology | www.frontiersin.org

Ability to Actively Engage Patients to Obtain More
Information About AEs
The following steps were used to identify in-scope posts for
follow-up:
1. Using Inspire data, we identiﬁed all posts that mentioned
denosumab (Xgeva, Prolia) up to 20 April 2021.
2. Posts were de-identiﬁed by Inspire before sending them to the
study sponsor and unique identiﬁers were assigned for each
person making a post.
3. A custom naïve Bayes AE classiﬁcation algorithm (trained as
described in (Gartland et al., 2021)) was run on the data to
identify potential posts of interest.
4. An experienced safety scientist manually reviewed the full list
of potential AEs, by descending AE probability score and with
a post date of 1 January 2020 or later, to conﬁrm a true AE and
temporal relationship to denosumab. False AEs, or those not
temporally related to denosumab, were removed from the list.
Thirty AEs were selected based on the following, starting with
the list of true/temporal AEs:
i. non-serious/non-severe AEs were removed;
ii. if no follow-up information was deemed important nor essential
for assessment by the reviewer, then the AE was removed;
iii. of the remaining posts a random sample was chosen
(however, a limit of two similar AEs was enforced). If
the sample was too small, inclusion criteria were widened;
iv. only one AE per unique identiﬁer was chosen.
5. Based on the sample of AEs chosen, each post was reviewed
independently by two experienced safety scientists and
requisite data elements required for proper assessment
(deﬁned as containing the minimum information to assess
a potential causal association, which may vary by AE) was
evaluated and missing data elements documented. Results

4

June 2022 | Volume 13 | Article 901355

Powell et al.

Engaging Patients via Online Fora

TABLE 1 | Number and percentage of posts mentioning the drugs of interest and at least one adverse event mapped to a MedDRA preferred term, by social media forum and
overall.
Social Media Forum
Denosumab

Total

Breastcancer.org

Healthunlocked.com

Inspire

Twitter

—

1159
1033
89.1

1113
924
83.0

12588
10035
79.7

4074
1927
47.3

18934
13919
73.5

Melanoma.org

Healthunlocked.com

Inspire

Twitter

—

1628
1417
87.0

971
783
80.6

3257
2504
76.9

11342
5151
45.4

17198
9855
57.3

N
n
%
Pembrolizumab
N
N
%

(MedDRA, medical dictionary for regulatory activities; N, number of posts mentioning the drug of interest; n (%), number (percentage) of posts mentioning the drugs of interest and at least
one adverse event mapped to MedDRA.
Note: Data from Breastcancer.org, Healthunlocked.com, and Twitter were collected via Brandwatch.

TABLE 2 | Adverse events (by MedDRA preferred term) reported with frequency ≥2% in posts mentioning the drugs of interest, between January 2010 and December 2021,
by social media forum and overall.
—

Social Media Forum

Denosumab

Breastcancer.org

Healthunlocked.com

Inspire

Twitter

N
PT (%)
—

5828
—
Surgery (5.7%)
Osteoporosis (5.7%)
Neoplasm malignant (3.8%)
Osteopenia (3.7%)
Radiotherapy (3.6%)
Breast conserving surgery (3.4%)
Mastectomy (3.3%)
Chemotherapy (2.9%)
Breast cancer (2.5%)
Injection (2.3%)
Blood calcium (2.2%)

3433
—
Fracture (6.7%)
Injection (6.7%)
Osteoporosis (6.4%)
Pain (3.4%)
Blood calcium (3.1%)
Surgery (2.5%)
Scan (2.1%)
Prostatic speciﬁc antigen (2.1%)
Bone densitometry (2.0%)
—
—

36178
—
Osteoporosis (5.8%)
Fracture (5.5%)
Injection (4.7%)
Pain (3.9%)
Blood calcium (3.4%)
Neoplasm malignant (3.0%)
—
—
—
—
—

3034
—
Osteoporosis (15.5%)
Injection (7.5%)
Fracture (6.3%)
Neoplasm malignant (3.6%)
Blood calcium (2.9%)
Pain (2.1%)
Breast cancer (2.1%)
—
—
—
—

Pembrolizumab

Melanoma.org

Healthunlocked.com

Inspire

Twitter

5479
Malignant melanoma (9.5%)
Neoplasm (5.6%)
Neoplasm malignant (4.8%)
Infusion (4.4%)
Surgery (4.1%)
Magnetic resonance imaging (3.7%)
Scan (3.3%)
Positron emission tomogram (3.0%)
Computerized tomogram (2.5%)
Pain (2.3%)
Fatigue (2.0%)
—

2593
Prostatic speciﬁc antigen (5.9%)
Neoplasm malignant (5.4%)
Neoplasm (5.2%)
Infusion (4.7%)
Malignant melanoma (4.0%)
Lung neoplasm malignant (3.7%)
Prostate cancer (3.0%)
Computerized tomogram (2.7%)
Biopsy (2.6%)
Fatigue (2.3%)
Chemotherapy (2.2%)
Positron emission tomogram (2.0%)

8221
Neoplasm malignant (8.5%)
Neoplasm (8.2%)
Lung neoplasm malignant (3.6%)
Infusion (3.4%)
Scan (3.2%)
Surgery (2.6%)
Malignant melanoma (2.5%)
Fatigue (2.3%)
Pain (2.0%)
Chemotherapy (2.0%)
Biopsy (2.0%)
—

7317
Neoplasm malignant (18.2%)
Malignant melanoma (10.4%)
Lung neoplasm malignant (8.9%)
Neoplasm (5.5%)
Chemotherapy (4.3%)
Breast cancer (2.4%)
—
—
—
—
—
—

N
PT (%)

MedDRA, medical dictionary for regulatory activities; N, total number of adverse events (by MedDRA, preferred term) reported in posts mentioning the drug of interest; %, frequency of
each adverse event (by MedDRA, preferred term).
Note: Data from Breastcancer.org, Healthunlocked.com, and Twitter were collected via Brandwatch.

were compared between reviewers and concordance of
relevant missing data elements was achieved. The follow-up
attempt sought only the missing data elements.
6. Request for follow-up was sent for the ﬁrst 15 AEs on the list:

Frontiers in Pharmacology | www.frontiersin.org

a. If a person declined to submit follow-up, which was
documented, a different AE was chosen.
b. For those indicating a willingness to submit follow-up
information:
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TABLE 3 | Adverse events of interest (by MedDRA preferred term) identiﬁed in posts mentioning denosumab.
Breastcancer.org
(N = 5248)

Healthunlocked.com
(N = 3433)

Inspire (N = 36178)

Twitter (N = 3034)

Total (N = 48473)

n (%)
Lumbar vertebral fracture
Spinal fracture
Thoracic vertebral fracture

—
2 (0.034%)
—

—
44 (1.282%)
1 (0.029%)

FAERS
n

—
242 (0.669%)
1 (0.003%)

—
23 (0.758%)
—

—
311 (0.642%)
2 (0.004%)

182
672
154

MedDRA, medical dictionary for regulatory activities; N, total number of adverse events (by MedDRA, preferred terms); n (%), number (relative frequency) of adverse events of interest;
FAERS, food and drug administration adverse event reporting system.
Note: Data from Breastcancer.org, Healthunlocked.com, and Twitter were collected via Brandwatch.

TABLE 4 | Adverse events of interest (by MedDRA preferred term) identiﬁed in posts mentioning pembrolizumab.
Melanoma.org
(N = 5479)

Healthunlocked.com
(N = 2593)

Inspire (N = 8221)

Twitter (N = 7317)

Total (N = 23610)

n (%)
Dermatitis exfoliative
Erythema multiforme
Pemphigoid
Stevens-Johnson
syndrome

—
—
—
—

—
—
—
—

—
—
—
1 (0.012%)

FAERS
n

—
—
2 (0.027%)
—

—
—
2 (0.008%)
1 (0.004%)

2
6
28
26

MedDRA, medical dictionary for regulatory activities; N, total number of adverse events (by MedDRA, preferred term); n (%), number (relative frequency) of adverse events of interest;
FAERS, food and drug administration adverse event reporting system.
Note: Data from Breastcancer.org, Healthunlocked.com, and Twitter were collected via Brandwatch.

i. after 1 month, if follow-up was not received, additional
AEs were chosen for follow-up until 15 completed
requests were obtained;
ii. if follow-up was completed, the individual received an
honorarium of $100.00 from Inspire.
7. In the event 15 follow-ups were not received as outlined above,
then posts for two other drugs (teriparatide [Forteo] or
adalimumab [Humira]) were collected by Inspire using the
same inclusionary dates (1 January 2020 or later) and sent to
the study sponsor, and steps above were repeated.
8. After follow-up was received, the reports were reassessed by
each safety scientists, and the new assessments were recorded,
as well as any comments about the relevancy of the individual
data elements provided, whether the follow-up information
received now allowed for proper assessment, and the need for
further information to properly assess the AE. Concordance
across the two assessors was evaluated.

We calculated the percentage of follow-up requests sent and
received, time from request to receipt of follow-up, the percentage
of cases with at least one (important) piece of information
obtained upon follow-up (meaningful follow-up), cases which
could be properly assessed after follow-up, and the percentage of
cases where all follow-up information requested was obtained.

RESULTS
Changes in the Relative Frequency of AE
Discussions in Support of Traditional Signal
Detection
Frequencies of all AEs
In total, 18,934 posts mentioning denosumab and 17,198 posts
mentioning pembrolizumab were identiﬁed on social media
fora. Of these, 13,919 (73.5%) and 9,855 (57.3%), respectively,
also mentioned at least one AE which could be mapped to a
MedDRA PT code on the same social media posting (Table 1).
The frequency of the most reported AEs (with ≥2%
frequency) grouped by MedDRA PT over the entire period
of the study is presented in Table 2 for each drug of interest. A
single social media post could contain more than one PT, but if
a post mentioned a PT code more than once, it was only
counted one time for that post. For denosumab, osteoporosis
and fracture were among the PTs most identiﬁed: osteoporosis
was reported with frequencies between 5.7% and 15.5% across
all fora, and fracture with frequencies of 5.5%–6.7% in all fora
except Breastcancer.org. Malignant melanoma (4.0%–10.4%),

Once the process above was ﬁnalized, the study sponsor and
Inspire drafted an informed consent form that was to be shared
with each participant prior to initiating the engagement. The
WIRB Copernicus Group, Inc. (WCG) IRB’s Institutional Review
Board Affairs Department reviewed the informed consent and
process outlined above under the Common Rule and applicable
guidance and determined it exempt under 45 Code of Federal
Regulation § 46.104(d) (2), because the research only included
interactions involving educational tests, survey procedures,
interview procedures, or observations of public behavior and
there were adequate provisions to protect the privacy of
participants and to maintain the conﬁdentiality of data.

Frontiers in Pharmacology | www.frontiersin.org
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FIGURE 3 | Percentage of social media posts that mention denosumab
and spinal fracture as an adverse event (A) and EBGM scores for denosumab
and spinal fractures from FAERS data (B). FAERS, Food and Drug
Administration Adverse Event Reporting System; Q, quarter; EBGM,
empirical Bayes geometric mean.

FIGURE 2 | Adverse events of speciﬁc interest for denosumab (A) and
pembrolizumab (B) detected in FAERS. FAERS, Food and Drug
Administration Adverse Event Reporting System; EBGM, empirical Bayes
geometric mean.

neoplasm malignant (4.8%–18.2%) and neoplasm (5.2%–8.2%)
were among the most commonly identiﬁed PTs in posts
mentioning pembrolizumab (Table 2).

Frequencies of AEOIs
The following MedDRA PTs were used as AEOI cervical vertebral
fracture, lumbar vertebral fracture, thoracic vertebral fracture,
and spinal fracture for denosumab and toxic epidermal
necrolysis, Stevens-Johnson syndrome, erythema multiforme,
dermatitis exfoliative, and pemphigoid for pembrolizumab.
For both denosumab and pembrolizumab, AEOIs were identiﬁed
with varying frequency across social media fora. When considering
all social media posts, the frequency of AEOIs ranged from 0.004%
to 0.642% for denosumab and from 0.004% to 0.008% for
pembrolizumab (Tables 3, 4) at the end of the 10-year period
analyzed. The overall number of AEOIs (Tables 3, 4) and EBGM
(Figure 2) identiﬁed in FAERS are presented for comparison.
Results stratiﬁed by quarter are presented in the
Supplementary Appendixes S1, S2.

FIGURE 4 | Percentage of social media posts that mention denosumab
and thoracic vertebral fracture as an adverse event (A) and EBGM scores for
denosumab and thoracic vertebral fracture from FAERS data (B) FAERS,
Food and Drug Administration Adverse Event Reporting System; Q,
quarter; EBGM, empirical Bayes geometric mean.

Changes in the Frequencies of AEOIs
Of the MedDRA PTs used for the denosumab AEOI, cervical
vertebral fracture and lumbar vertebral fracture did not have

Frontiers in Pharmacology | www.frontiersin.org

data available in both data sets for comparison. Results for the
spinal fracture and thoracic vertebral fracture PTs are
presented in Figures 3, 4, respectively. Only spinal fracture
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Among the posts that contained AE information, additional
details were provided such as: outcome of the event (13/16, 81%),
time to onset (11/16, 69%), treatment of the event (10/16, 63%),
mention of causality (10/16, 63%), dose of the medications (9/16,
56%), and mention of rechallenge/de-challenge (3/16, 19%).
Notably, the above insights were seen cumulatively across the
various postings of an individual rather than within a single posting
(only one post out of the 1,672 contained all seven medical insights
above). See Figure 6 for an exemplar of how relevant medical and
AE insights can be spread over multiple posts.

Ability to Actively Engage Patients to Obtain
More Information About AEs
Among a subset of Inspire users, 39 requests were sent to followup on posts mentioning an AE in relation to one of the drugs of
interest. Eight (8/39, 21%) of these requests were answered with a
consent for further follow-up, for which six (6/8, 75%) patients
provided the information requested. The median time for receipt
of follow-up from these patients was 2.5 days (range 0–27 days)
from the date of the initial contact seeking consent and 0.5 days
(range 0–4 days) from the date the follow-up questions were sent.
Depending on the initial information reported, the request for
follow-up contained between four and 11 questions. Most of the
questions focused on obtaining further information regarding the
diagnosis, duration, and risk factors for the AE, history of similar
events prior to treatment, time to onset, concomitant medication
and relevant medical history. All questions asked during the
follow-up were answered by the initial posters (37/37, 100%).
After reviewing the follow-up, the AE was assessable for 4/6
(67%) and non-assessable for 2/6 (33%) of the reports. All
patients (6/6, 100%) were willing to share their HCP’s contact
information for additional follow-up.
Examples of initial posts, and information provided after
follow-up was requested, are shown in Figure 7, for an
assessable (panel A) and a non-assessable (panel B) report
after follow-up was obtained. All other reports are presented
in Supplementary Figure S2.

FIGURE 5 | Percentage of social media posts that mention
pembrolizumab and Stevens-Johnson syndrome as an adverse event (A) and
EBGM scores for pembrolizumab and Stevens-Johnson syndrome from
FAERS data (B) FAERS, Food and Drug Administration Adverse Event
Reporting System; Q, quarter; EBGM, empirical Bayes geometric mean.

had sufﬁcient observations (cumulative count ≥50) in both
data sources to reasonably identify frequency changes from
product launch until the USPI was updated. The frequency of
the AEOI varied from 0.32% to 0.95% in social media posts in
2010 (the ﬁrst year from approval). The frequencies increased
from 0.27% in the third quarter of 2011 to 0.52% in ﬁrst
quarter of 2018 (when the event was added to the USPI)
(Figure 3A). A trend of increasing frequencies was seen in
the FAERS data, with the EBGM ranging from 0.519 in the
third quarter of 2011 to 4.756 in the ﬁrst quarter of 2018
(Figure 3B).
Of the MedDRA PTs used for the pembrolizumab AEOI,
toxic epidermal necrolysis, erythema multiforme, and
dermatitis exfoliative did not have data available in both
data sets for comparison. Pemphigoid had two occurrences
in social media, however both occurred after the USPI had
been updated. Stevens-Johnson syndrome had one occurrence
(Figure 5).

DISCUSSION
The advent of the internet and online communication has
broadened considerably the range of data sources available for
pharmacovigilance activities, from real-world data from
healthcare databases or electronic health records to data
generated by monitoring health apps or devices (Bate and
Stegmann, 2021). Social media has emerged as a potentially
complementary source of safety data in pharmacovigilance, by
supplementing data from individual safety case reports or other
sources (Sarker et al., 2015), but to date, its full potential remains
unknown. We describe three distinct analyses, designed to
investigate the complementary role of social media data in
pharmacovigilance through trends over time, generating
longitudinal safety insights direct from patients, and the
possibility of obtaining higher quality follow-up data by
actively engaging individuals who mention AEs online.

Utility of Longitudinal AE Records Obtained
by Linking Posts From the Same Individual
A total of 1,672 posts were evaluated, which averaged to 104 posts
per author (median 34, range 11–534). Relevant medical insights
mentioned by the authors in the 16 posts with the highest
complexity scores included medical history (16/16, 100%),
disease burden (15/16, 94%), use of non-medical treatments
(15/16, 94%), laboratory results (14/16, 88%), treatment
history (13/16, 81%), AEs (13/16, 81%), and concomitant
medications (12/16, 75%).
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FIGURE 6 | Relevant medical and adverse event insights from spontaneously reported adverse events in social media, posted by a single individual. Note: Posts are
listed verbatim but mentions of drug names have been redacted.

When evaluating changes in frequency, only one AEOI
(denosumab and spinal fracture) had enough data to compare
the frequency trends in both social media and FAERS. The range
of frequencies of the AEOI in social media posts were highly
variable in the ﬁrst year from approval, but a more consistent
trend of increase was observed over the next 7 years, up to the
year when the event was added to the USPI. While a similar trend
of increasing frequencies was seen in the FAERS data, the
magnitude of change over time was substantially greater for
the EBGM compared to the social media frequency: 816%
increase in EBGM versus 93% increase in social media
frequency over the same time period. Based on our very
limited data set, our ﬁndings do not suggest that social media
can highlight emerging issues earlier than spontaneous reports.
Our results are therefore consistent with a recent publication by
The Innovative Medicines Initiative WEB-RADR (Recognizing
Adverse Drug Reactions) consortium, a partnership including
members from European regulatory agencies, MAHs, academia
and patient groups, who concluded that social media was not
recommended for broad statistical signal detection (van
Stekelenborg et al., 2019).
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When evaluating the utility of longitudinal AE records, we
found that the average number of posts per author was high (104
posts, with a minimum of 11 and a maximum of 534 posts per
author). Moreover, only one of the 1,672 reviewed posts
contained all relevant medical insights, highlighting that
information related to the author is disparate across multiple
threads and discussion. However, by longitudinally-linking posts,
we were able to obtain additional relevant medical insights not
available in the primary post. This is the ﬁrst assessment of the
utility of longitudinal AE records for relevant medical/AE
insights, and suggests that longitudinal analysis of social media
data, when such permissions have been granted, provides insights
which cannot be obtained from cross-sectional analysis and is
likely to provide complementary insights to those achieved
through cross-sectional spontaneous reporting. Makady et al.
have similarly noted the value of longitudinal posts in web-based
forums in their study assessing quality-of-life information in
support of health technology assessments (Makady et al., 2018).
When evaluating the ability to actively engage patients using
social media to provide follow-up information for AEs, we found the
overall response rates for follow-up requests are quite low, similar to
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FIGURE 7 | Examples of an assessable (A) and non-assessable (B) case after follow-up information was requested and provided by the patient. Note: The drug of
interest was denosumab. Posts are listed verbatim but mentions to trade names of drugs or sensitive personal information have been redacted.

those previously described in the literature for spontaneous
reporting [20% (8/39) versus 18% (184/1000)]. However the
receipt of follow-up once consent was received was high, also
similar to those previously described in the literature for
spontaneous reporting [75% (6/8) versus 68% (126/184)] (Kara
et al., 2021). The two areas that performed well with respect to
actively seeking follow-up via social media were the completeness of
response [100% (37/37) of all questions were answered] and the
average time required to get the follow-up (1.8 days as compared to
47 days for spontaneous reports (Kara et al., 2021). While the sample
size for this part of the study was low, thus limiting the
generalizability of the results, these ﬁndings indicate the potential
of social media in obtaining rapid follow-up information on AEs,
noting however that it is important to ensure this is done with the
appropriate oversight in place to ensure patient privacy (Li, 2015;
Correia et al., 2020). Additionally, participants in our study received
an honorarium of $100 from Inspire for completion of the follow-up,
and the impact differing amounts of renumerations on the results are
unknown.
Our study has several limitations. First, most of our data stem
from a few, select disease-speciﬁc fora with all posts being made

Frontiers in Pharmacology | www.frontiersin.org

in the English language that may not be generalizable to other
data sources and/or other languages. Additionally, using
anonymized data did not allow us to correct for duplicate
posts. The role of automated techniques for the detection of
AEs from social media and its subsequent extraction may lower
precision and introduce bias. Second, Brandwatch and other
social media channels used in this study might not be able to
capture all social media mentions due to privacy settings across
platforms. We only used a subset of posts for all analyses and
patients consenting to participating in studies may not
generalize to wider users of social media. Thus, our data may
not be fully representative of all online posts on the drug and the
AEOIs. Part of our analysis only focused on two drugs of interest
(denosumab and pembrolizumab), belonging to the same drug
class, which may limit the generalizability of the results to other
drug-AE pairs. Moreover, safety data stemming from social
media should be interpreted with caution due to potential
veracity issues and the inability of fully understanding the
context of a given post. Finally, most of our analyses were
performed on small sample sizes, and additional work is needed
to see if larger data sets will produce similar results. Our

10

June 2022 | Volume 13 | Article 901355

Powell et al.

Engaging Patients via Online Fora

FIGURE 7 | (Continued). Examples of an assessable (A) and non-assessable case after follow-up information was requested and provided by the patient. Note:
The drug of interest was denosumab. Posts are listed verbatim but mentions to trade names of drugs or sensitive personal information have been redacted.

research was meant to highlight some niche areas where social
media may be of value, but there are likely other such areas that
are still to be explored. A substantial amount of research is still
needed to adequately understand the strengths and weaknesses
of how social media can support pharmacovigilance in these
niche areas.
In conclusion, the use of social media in pharmacovigilance
remains to be fully deﬁned. While much research has focused on
social media as an alternative and similar data source to
spontaneous reports, our research suggests that the potential
value of social media may be very distinct and different from
traditional spontaneous reports. The obvious key challenge
remains determining how social media may complement
spontaneous reports in these areas. Although we noted an
increase in the frequency in people discussing an AEOI long
before it was added to the USPI, we saw a much more
pronounced trend in EBGM scores over the same time period.
It remains unclear how the increase in frequencies of AE
discussions in social media may complement quantitative signal
detection. The other two niche areas discussed in our paper may
offer more potential value to pharmacovigilance. Linking posts
longitudinally offers the ability to potentially generate more robust
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medical/AE insight and actively engaging patients online may
enable rapid, more complete follow-up information for AEs.
This is not dissimilarly to other real-world data sources in
pharmacovigilance (e.g., medical records, insurance claims
databases), although we are aware of the differences stemming
from the distinct nature of the sources. The importance of a clear,
well-articulated clinical rationale behind the suspicion of an AE is
indisputable, and for this reason patient reporting on social media
should not be anticipated to replace the role of traditional
spontaneous reporting. Nevertheless, as the use of social media
has become ubiquitous in younger generations, its value in terms of
volume and quantity of data will only increase. Therefore,
pharmacovigilance as a ﬁeld needs to consider the potential
value that social media can provide as a complementary source
to spontaneous reports.
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