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Executive Summary

Social media has taken on roles beyond just peer-to-peer communication. Today, social media
platforms are used for (mass) communication purposes, but also for entertainment, education as well
as to assemble, to lobby, and for marketing purposes to name a few uses. Within the fields of public
health and medicine, social media has been used to conduct and share health research, stakeholder
communication, share disease and treatment experiences and identify emerging threats.

In the recent years, more and more people globally use social media to find health related information,
and increasingly more patients gather on social media platforms to discuss disease related issues,
share treatment experiences, give advice or seek support for decision making. Moreover, the COVID-19
pandemic facilitated heightened social media use, partly due to social isolation measures, and partly
due to the novelty of the virus and public uncertainty leading people to seek out the fast-paced
information available on social media. Consequently, large amounts of patient data are currently
present on social media platforms, which could be beneficial for regulatory decision making. In
addition, the last 5 years have seen an increase in the number of submissions to the European
Medicines Agency (EMA) which leverage social media for various purposes. Therefore, it is crucial for
regulators to assess the utility and impact of these data on regulatory decision making to ascertain in
which instances these data could be leveraged. In fulfilment of its Big Data vision, the joint HMA/EMA
Big Data Steering Group (BDSG) aims at investigating the potential of social media data for regulatory
uses through this expert review report.

Various patient data can be extracted from social media, including demographic data, patient
experience data (PED), and data related to drug use and disease factors for example. A distinction is
made between general social media platforms (e.g. Facebook) and patient-focused social media
platforms (e.g. Patients Like Me) where the latter is explicitly focused on health-related topics. A
particular feature of social media data is that it is voluntarily generated by patients, health
professionals, or other social media users in the real world, outside of a controlled setting.

The current report reviewed 73 relevant scientific articles and reviews identified through a literature
search on the Embase database. Findings from these papers were used to formulate a set of regulatory
use-cases for social media data, as well as to identify relevant challenges and opportunities related to
their use. Ultimately, 7 points for consideration for future actions are proposed to establish value and
enable the use of social media data in medicine regulation.
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1. Scope and Objectives

This expert review report supports the delivery of the Big Data Steering Group (BDSG) workplan to
2025 (HMA/EMA joint Big Data Steering Group, 2023). To advance the ongoing work on expanding the
selection of available RWD sources to support regulatory decision making, the BDSG is looking into
how data from social media could be used to inform EU regulatory decision making, and what actions
may be proposed for their optimal use. The BDSG was consulted on the report between June-July
2024.

Social media can be defined as online environments, platforms, or applications powered by internet
connectivity where users can create content for other users and/or access, interact with and contribute
to content generated by other users (Chen & Wang, 2021). They differ from traditional media sources
such as magazines or television programs in that content creation is not restricted to certain parties
and the level of access to other users’ content can depends on the platform as well as regional
restrictions and usage coverage (Chen & Wang, 2021).

Social media data refers to the information collected from social media platforms. All social media
platforms contain, by definition, content generated by users, e.g. a user created video posted on a
social media platform together with the comments and/or responses it elicits, in various formats (text,
visual, audio). When created by patients, this type of data is also known as spontaneously generated
patient experience data (SGOPED) (Walsh et al., 2022).

Characteristics of social media data are described in further detail in section 6. social media data can
capture various types of patient data from demographic information to sentiments and attitudes, and
patient experience data (PED) related to quality of life or impact of use of medicines for example.
Social media data, when not generated during a clinical trial (CT) is generally considered as RWD. Real
world data describe patient characteristics in routine clinical practice and include a wide variety of
sources such as data from patient registries, electronic health records, wearable devices, medical
claims and data on medicinal product prescriptions as well as data from social media.!

! Current working definition of RWD (Reflection paper use real-world data non-interventional
studies generate real-world evidence (European Medicines Agency, 2024))
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Social Media data as a part of the evidence toolbox in regulatory decision making

“

L;fg;’;te Regulatory decision-making processes:
Context EMA Committees and Working Parties

Controlled Setting Real World Setting

Setting for Data . . . .
Generation Clinical Care (routine) Daily Life (Voluntary)

Clinical Data Databases: RWD
Dat: . mHealth Tools
e Claims, EHRs,

Collection =
i i Systematic prescriptions Social
Methods Biologic Questionnaires -
; Review/ Meta media
materials CRFs & Surveys Registries

Type of Individual Specific
Social Media Patient Data
(Real World)

Data

analysis

User Profile Username, Age, Gender, Followers/Friends,...

User Posts Text, video or imagery

Post Metadata Time stamp, location, ...

Non-individual Post Metrics Amount of Views, Likes, Comments, Shares, Reposts,...

specific Data

Responses User comments; text, video or imagery

Figure 1. Social Media data in regulatory decision-making. Various regulatory parties make use of data to
substantiate their decision-making processes. This data can be generated in either controlled settings through
clinical trials, or in a real-world setting during routine care or voluntarily by patients in their daily life. Social media
is one of the tools and methods available toto collect patient data. The data generated from social media can be
specific to an individual patient, such as their demographic information or text or video content. Or social media
data can be non-specific to an individual, such as the metrics present on a user post reflecting the amount of
engagement by other users.

Given the diversity of social media platforms and thus of the data available, as well as the variety in
possible regulatory use cases, different types of social media platforms are considered in this review. A
distinction is made between individual specific data and non-individual specific social media data
(Figure 1). A separation is also made between patient focused social media platforms such as Patients
Like Me and non-health specific or general social media platforms such as Facebook. This is done for
the purpose of addressing the implications a refined content and user base may have on the reliability,
relevance, accuracy and ultimately the utility of the data from patient-focused social media platforms
compared to the general ones.

This expert review report aims to answer the following questions:

e How can social media data support regulatory decision-making? What are the regulatory use
cases and the additional value of social media data?

e Considering the latest technological, methodological, and regulatory developments related to
RWD and social media data, what are the current challenges and opportunities for the use of
social media data in regulatory decision-making?

e What are the possible points for consideration for future actions to enable the use and establish
the value of social media data into the EU regulatory decision-making?

Social Media Data for Real World Evidence in Regulatory Decision Making



2. Background

The vast leaps in digital technologies over the recent years have allowed for the scientific and
regulatory community to look beyond traditional types of data for generating evidence to inform and
support regulatory decision-making (Macdonald et al., 2021). More specifically, real world evidence
(RWE), generated from the analysis of RWD is increasingly used in regulatory assessments to
complement evidence generated through randomized controlled trials (Flynn et al., 2022).

Some types of RWD, like those derived from electronic health records (EHRSs) or insurance claims have
already been used in marketing authorization applications (MAA), to support the regulatory
assessment or for post marketing surveillance purposes (Bakker et al., 2023; European Medicines
Agency, 2023; Flynn et al., 2022). Other types of RWD, such as data from social media or mobile
health (mHealth), though promising, are yet to be harnessed to their full potential in the regulatory
decision-making.

Social media platforms serve many functions for patients in healthcare today, from seeking treatment
information and diagnosis to sharing personal experience and offering peer and community support
(Oyebode & Orji, 2023). Patients enrolled in overburdened healthcare services often get short and
infrequent meetings with their physicians due to high demand and pressure on healthcare services.
Therefore, many patients lean onto the internet and online forums to seek health advice and
information before going to see a health care professional (HCP) or to supplement the information
given during the short and possibly insufficient meetings with their HCP (Oyebode & Orji, 2023). When
the COVID-19 pandemic restricted face-to-face social interactions, people also spent more time online
and on social media to engage with others on a variety of topics and to voice their opinions (Al-Hamid
et al., 2024). Social media became then a channel of heightened importance for HCPs, health care
institutions and systems who used innovative remote ways to sustain routine patient care and spread
accurate health information while monitoring virus spread via social media platforms (Mohammed et
al., 2023). In the recent years social media has taken on a much larger role in advancing health
research, offering community support and in the surveillance of disease outbreaks, in large part due to
the abundant amount of patient data on these platforms.

This expert review report aims to look at whether both the data and the landscape for use of social
media data are sufficiently matured for its use to be further expanded into EU regulatory decision-
making.

Since 2020, the joint HMA/EMA BDSG has been pushing the transformation towards an even more
data-driven regulatory decision-making. Its Big Data vision imagines a strengthened regulatory system
which efficiently integrates the totality of evidence into its assessment processes to support decision-
making. Knowing when and how to have confidence in evidence generated through novel technologies
will inform and accelerate medicines development, improving treatment outcomes and facilitating
earlier and more efficient patient access to new treatments. The 4" workplan of the BDSG published in
July 2023 intends to investigate in what capacity social media data could be useful for regulatory
decision-making and support the implementation of the European Union Medicines Agencies Network
Strategy to 2025 (European Medicines Agency, 2020, 2022a; HMA/EMA joint Big Data Steering Group,
2023).

3. Methods

A literature review was conducted between February 2024 - April 2024 on Embase given its large
library of articles focusing on life sciences, medicine and healthcare. Embase was searched without any
time restriction, using a mix of keyword searches and subject heading terms to ensure a maximum
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coverage of the database. Search terms were developed using the Emtree subject headings. The
search terms were applied to the papers’ title, abstract, or keywords and the search was filtered for
English language publications only. The search terms were refined as the papers were read to include
as many possible related themes as possible. Using the final search string, 4640 total search results
were obtained, out of which 4091 search results were articles (88.2%) and the rest were reviews
(N=549; 11.8%). Articles were included if they analysed use-cases for social media data or discussed
relevant challenges and opportunities regarding their use in medicine regulation. Articles were
excluded if they did not give relevant information on the utility of social media data for regulatory
decision-making. A prioritisations exercise was conducted on the search results, leaving 56 papers
included for the literature review. More information on the detailed search strategy can be found in
annex 8.1.

Additionally, a preliminary review of internal EMA regulatory pipeline data was undertaken to
understand if and through which regulatory procedures is the Agency receiving or being consulted on
regarding mHealth data. This review took place in April-May 2024 and at least 18 product related
submissions or interactions with the regulators which mentioned use of social media platforms or data
were identified between. These submissions were made between 2019-2022. As the review was not
exhaustive and all recent and ongoing cases were likely not reflected in the database used, the actual
number of submissions is expected to be higher. Findings from the review are further discussed in
section 4.

4. Social media in early submissions to the European
Medicines Agency

The use of social media data in medicines evaluation is not standard practice yet in EU medicines
regulation and remains limited. However, the last 5 years have seen an increase in the number of
submissions from industry leveraging social media for various purposes, which is expected to continue
increasing in the coming years. A non-exhaustive internal review of an EMA regulatory pipeline
database showed that social media has been used or planned for use for patient recruitment, for data
collection, to justify applicant study designs, and to evaluate risk minimisation measures (RMMs).

e« Patient recruitment: Several early submissions through scientific advice (SA) and protocol
assistance procedures have described the intent to use social media for recruitment of
patients. Both recruitment of patients through targeted social media patient groups as well as
broad social media recruitment strategies have been proposed. The Committee for Human
Medicinal Products (CHMP) did not comment on the use of social media in most cases, however
in some cases expressed concerns over selection bias. A wide range of social media platforms
from Facebook to patient focused platforms such as PatientsLikeMe have been proposed.

¢ Data collection: Social media was proposed for the collection of data, mostly via surveys
disseminated on social media. Patient-focused social media platforms were proposed for the
collection of clinical trial data in a decentralized trial design, while both general and patient-
focused social media platforms were suggested for collection of PED or RWD. CHMP did not
directly address the choice of social media platforms in most instances, but was supportive to
use of social media platforms, with additional attention to the reliability and verification of
remotely collected patient data.

e Study design: Another capacity in which social media was present in early submissions to the
EMA was to inform the choice of study design. Some applicants leveraged previous studies
based on social media to describe unmet needs and symptoms for the disease at hand. Other
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applicants proposed to use social media to further understand patient experience and impacts
on quality of life (QoL) and inform meaningful choices related to study design such as the
choice of outcome measurements. Efforts to better understand the patient experience and
patient-relevant outcomes were welcomed by the CHMP, though using social media as the
medium was generally not commented on.

e Evaluation of risk minimisation measures (RMMs): Social media has also been used to
assess the effectiveness of RMMs as a part of the risk management plan (RMP). For example,
some applicants have proposed to collect pharmacist and consumer knowledge on proper drug
use and safety via social media surveys. In the sample of internal documents analysed the
CHMP did not explicitly comment on the choice of using social media for evaluation of RMMs.

5. Use cases for social media data in regulatory decision
making

The literature review revealed that use of social media data for routine regulatory decision making has
not yet become established. The sections below explore for what use cases social media data could be
utilised drawing on recent and relevant scientific literature.

Social Media Data for Real World Evidence in Regulatory Decision Making



Table 1. Summary table of potential regulatory use cases for social media data.

To Support planning of
applicant studies

Design and Feasibility

Recruitment & Screening
= Social media allows
for simple early
assessment of
participant eligibility.
Data collection
- Surveys and
questionnaires can be
disseminated via
social media
Patient prevalence
- Analysing location
information from
social media posts
makes possible
understanding
geographic patient
and disease
prevalence.
Study population
- Social media allows
access to different
and often
underrepresented
populations. E.g.
patients with co-
morbidities
Patient Led Research
- Social media may
facilitate health
research to support
drug discovery and
medicine regulation.
- It particularly
increases patient
engagement and role
in medicine
regulation.

5.1. To support planning of applicant studies

To inform understanding of
clinical context

Disease Epidemiology

Disease spread and epidemiological
course
- Mentions of disease and
symptoms can be tracked,
using AI and ML methods
for example, to describe
spatial and temporal
changes in a disease’s
course.
Symptom Clustering
- Patient’s descriptions on
symptoms allow for better
understanding of how
symptoms cluster in
different indications.

Clinical Management

Barriers to care
- Descriptions of different
obstacles restricting patient
access to available care is
prominent in social media
data.
Description of clinical care
- Patient discussions on care
experiences can supplement
the understanding of clinical
management obtained from
other RWD sources.

Drug Utilisation

Off Label use, misuse, and abuse
- Social media data can be
highly advantageous in
understanding in what ways
medicines are being used
beyond their approved
indication.
Alternate drug use patterns
- Analysis of online
discussions can reveal
different drug schedules and
doses patients are following.
Unmet needs
- Online discussions around
current standard of care,
e.g. which patients can or
cannot access care, which
products off- or on-label,
patients rely on and how,
can help inform areas of
unmet medical needs.
Reasons for discontinuation
- Online discussions can help
to describe and understand
reasons for why patients
discontinue or do not use
certain products

Design and feasibility of planned studies

To investigate impacts and
associations

Effectiveness and Safety

ADR Detection

- Monitoring social media
allows for cost-effective
early detection of ADRs,
particularly useful for novel
and mild/less severe ADRs.

Effectiveness

- Standardised
questionnaires on
effectiveness can be
implemented via social
media, particularly on
patient-focused platforms.

- Some insights into drug
effectiveness can be made
from social media data
when measures such as
appropriate study design
and matching are
employed.

Impact of Regulatory Actions

Patient and HCP awareness of
RMMs
- Social media data is well
suited for evaluation of risk
minimisation measures
awareness.
Measure Impact over time
= Content metadata (time
and location) allow
investigation of changes in
awareness, and thus
effectiveness of regulatory
actions.

To monitor, prepare for
and address public health

challenges

Supply and availability of
medicines

Shortages

- Amount of social media
data seems to be linked
with medicine shortages
with high public interest.

Public Health Emergency
Response Preparation

Early Detection

- The early and rapid
detection of health
emergencies and
associated public health
concerns identified from
social media can support
preparation of regulatory
emergency response.

Misinformation and
Stakeholder communication

Optimising communication

- Social media data can be
used to map
misinformation, which is
useful for optimising
stakeholder
communication and
regulatory strategies.

Data from social media may help the design and feasibility of safety, efficacy and effectiveness studies
if such data is leveraged for the recruitment of study participants, when social media are used for data
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collection for the characterisation of current and potential users of drugs on the market or in
development. In addition, social media has made patient led research more feasible.

Several studies have used social media, both general open platforms as well as patient-focused
platforms and disease specific online patient communities to recruit study participants (Coman et al.,
2024; Ostler et al., 2024; Ware et al., 2024). These studies have shown that using social media
platforms can make screening of eligible participants simple, user friendly and automated. Several
studies have also used social media for data collection via surveys and questionnaires to be filled either
by the general public or a more targeted population (Altarifi et al., 2024; DasMahapatra et al., 2017;
Eindor-Abarbanel et al., 2024). In addition to often being cited as a cost-effective recruitment or data
collection method, social media also allow for larger reach and may be particularly useful for reaching
patients with rare diseases (Walsh et al., 2022). In fact, Zunic et al. (2020) found that online
communities of patients with rare or chronic diseases are among the most active, suggesting the
particular benefit of social media data to reach as well as gain insights on the patient experience in
these patient groups.

Social media has also been used to further characterise a patient population for a drug in development
or already on the market and generate insights into patient. Social media data available on X for
example include a geographic marker which have been used to understand the geographic variation of
users of different medications, including off label use (Al-Hamid et al., 2024). Use of social media data
to understand drug utilisation is further discussed in section 5.2.3.

Another way social media data has been used is to capture the experience of patients who otherwise
may not be reflected in the clinical trials used to generate evidence for the authorization of a medicine,
for example those who live with more than one disease and use more than one medication. One study
exploring the use of Modafinil analysed social media posts related to Modafinil across 5 social media
platforms using qualitative and Natural Language Processing (NLP) methods. The researchers were
able to discern that almost a third of users have co-morbidities (Walsh et al., 2021). These insights are
helpful for understanding the patient population of currently available medicines, which is particularly
useful in pharmacovigilance activities as seen in section 5.3.1., but the information can also be used to
shape the studies of new medicines and investigate the user population of similar medicines or identify
unmet needs in current standard of care as seen in section 5.2.2.

What became apparent through the patient led efforts on Long-COVID is that social media can take on
a more central role in medical research instead of solely informing it. Social media makes sharing
information and connecting with others across the globe easier than ever. During the COVID-19
pandemic, this allowed patients, caregivers, HCPs, and researchers alike to share the latest knowledge
on the novel virus both from the patient experience and clinical outcomes perspectives as well as from
early clinical studies and expert knowledge on the field (Callard & Perego, 2021). Social media allowed
for patients to not only provide valuable insights into the various symptomologies and prognosis of
COVID-19, but to also spear-head and drive the creation of knowledge on the area. Long-COVID as a
term originated from online patient discussions. Connections made online between Long-COVID
patients and health professionals facilitated planning, funding, and conducting studies on Long-COVID,
as well as advocacy to health authorities ultimately leading to Long-COVID becoming a WHO
recognised condition (Callard & Perego, 2021). Social media data can thus be used to identify and map
ongoing research efforts, but also to facilitate health research and support patient engagement
particularly when little research on a given topic exists.

5.2. To understand the clinical context

Support the understanding of disease epidemiology
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While social media platforms do not collect clinical measurements per se, social media data can be a
complementary source of information to gain important insights into varying disease presentations and
prognoses, and into understanding seasonal and geographic disease prevalence.

A review focusing on influenza detection and prediction describes several models that have been
developed for epidemiological research using social media data (Alessa & Faezipour, 2018). These
models used different approaches from machine learning techniques to text mining and were able to
perform spatial and/or temporal monitoring of influenza spread. Similarly, social media data was also
used during the COVID-19 pandemic to measure and analyse mentions of COVID-19 or associated
symptoms which were found to be in line with the daily reported cases and local outbreaks prediction
(Lamsal et al., 2022).

Health, medicine or disease related discussions on social media platforms often occur around patient
symptoms. Analysing these patient discussions can give useful insights into the various ways in which
diseases are experienced by patients and contribute to a more detailed understanding of symptom
clustering. Data from an online health forum was used to understand the clustering of various breast
cancer symptoms (Marshall et al., 2016). More recently, data from social media groups of patients with
long covid was used to investigate the type of symptom constellations patients experienced with this
novel disease (Ziauddeen et al., 2022).

Clinical Management

How patients are treated and cared for (e.g. access to available therapies) can be further understood
using social media data.

While electronic health records and pharmacy prescription data describes more accurately the humber
of times medicines have been prescribed to patients, they often do not capture the reasons why a
medicine may not have been prescribed to some patients even though they may have benefitted from
them (Y. Li et al., 2011). Patients often turn to social media platforms to discuss experiences with their
HCPs and with receiving treatment. A study on Psoriatic Arthritis (PA) patients’ experiences analysing
reports from various online platforms and including popular social media sites like Facebook and X,
described the types of barriers to treatment access, such as high costs and ineligibility for insurance
coverage that PA patients face (Sunkureddi et al., 2018). Insights on access to care gathered from
social media data can help paint a more complete picture of patient clinical care.

Reynolds et al. (2018) also demonstrated how patients often seek opinions from peers in online patient
discussion groups for various reasons, and in doing so describe the advice and treatment they have
received from an HCP. Their study showed how patients on patient-focused online groups and
platforms describe the clinical care received to a high level of detail, from the prescribed drug dose and
regimen to patient medical characteristics and lab test results (Reynolds et al., 2018). While posts on
an online discussion do not depict an accurate, exhaustive or complete image of clinical care, they can
complement the information collected via other established means (i.e. EHRs, claims data) by
providing some patient’s perspective related to specific medicines or health conditions.

Drug Utilisation

An area where social media data seems to have particular benefit is in supporting the understanding of
real-world medicine use. Social media data can shed light on aspects of patient drug use such as off-
label use, alternate drug use patterns and use of multiple substances, that may not be captured during
clinic visits or in other RWD sources.

Social media data analysis allows for the examination of a much wider array of drug use patterns than
those tested in clinical trials, from different doses to taking medicines on an ad-hoc basis or taking
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breaks to increase efficacy (Walsh et al., 2021). A study on patient data from X and Reddit led to
identifying novel administration routes for benzodiazepines employed by users as well as poly-drug use
trends (Mullin et al., 2024). By analysing user posts on various social media sites, Walsh et al. (2021)
found that Modafinil was being used by patients to treat 33 different conditions globally while it has
only gained regulatory approval for 4 indications in Europe, with approved use in most other non-EU
countries being equally or more limited than in Europe (European Medicines Agency, n.d.). They were
also able to retrieve measures of effectiveness, safety, impact on quality of life (QoL), and the various
dosages and patterns which patients followed. In fact, they observed that some patients have created
usage patterns based on their personal lifestyle and even that smaller doses than indicated in package
labels are sufficiently effective for some.

Other studies describe how there is a particular utility for leveraging social media data to better
understand abuse and misuse of medicinal products, as nhonmedical users of medicinal products are
unlikely to report their off-label use to HCPs yet many self-reports can be observed in online
discussions (Jain et al., 2020; Nasralah et al., 2020; Sarker et al., 2020). In this manner, social media
data has been used to discover themes and topics surrounding drug abuse, understanding public
sentiment on- and risk factors for misuse, and factors influencing the spread of online content on off-
label use (Jain et al., 2020; Sarker et al., 2020; Young et al., 2020).

Though these findings are compelling, no action by regulatory authorities based on these results were
identified. In general, regulatory actions such as labelling changes or calls to withdraw product from
the market based on the analysis of social media data were not identified in the reviewed literature,
nor in an additional search on the topic. However, this calls for more use of social media and use such
findings to trigger a more detailed investigation via other pathways, which could lead to further
regulatory action or changes in product label for example.

Consequently, social media data can help regulators to identify unmet needs in current treatments by
capturing patient experience data, prescription data and usage patterns, particularly for off-label use.
These can be nuanced through the supplementary information on characterisation of patient groups
that social media data allows for as described in section 5.1, to understand who or which patient
groups are affected.

In addition, social media can be used to investigate why some patients do not start or discontinue
treatment, understanding the underlying reasons and make hypothesis about the causes of the unmet
needs (Roborel de Climens et al., 2020).

5.3. To investigate associations and impact

Effectiveness and safety studies

Another use-case where social media seems to have a particular utility is in medicines’ safety and
effectiveness research. A recent report on patient experience data for medicines regulation identified
the promising opportunities for social media data to support signal detection and identification of
adverse drug reactions (ADRs) in addition to assessing patient risk perception and drug misuse
(Almeida et al., 2024). Arguably, the most mature domain in which social media data could readily be
leveraged by the European medicines regulatory network is for the detection of adverse drug reactions
(ADRs), while it could also offer complementary insights into effectiveness.

Though current ADR reporting systems allow for reliable detection, it is estimated that up to 90% of
ADRs go undetected (Dirkson et al., 2022). Particularly less severe ADRs or those which patients may
confuse with other common symptoms rarely get reported to HCPs, even though they may have a
sizeable impact on the patients QoL. Many patients will look to online forums and social media to seek
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information on symptoms they experience, to determine whether they need to go see a professional or
to receive advice from other users. As such social media has been recognized as a particularly useful
source for ADR detection. Song et al. (2022) retrieved ADRs from WebMD medication user posts
finding that more potential ADRs can be found by combining online reviews with ADRs reported
through routine pharmacovigilance systems. Another study reviewed and highlighted the cost
effectiveness of gathering large amounts of data from social media, and the likelihood for such data to
include mild and moderately severe ADRs compared to conventional ADR reporting systems (Walsh et
al., 2022). The same review identified social media to be a particularly useful source for identifying
unknown drug-to-drug interactions as well as substantiating the knowledge base on drug interactions.
Social media can also lead to more rapid detection of ADRs once a product is on the market. A scoping
review demonstrated that several studies worldwide have shown social media data to contain novel
ADRs from 3 months and up to 9 years before a labelling change enforced by a regulatory agency (Lee
et al., 2021). It should be noted that health specific patient forums were more likely to capture ADRs
early in general, while for some drugs traditional pharmacovigilance systems were faster. Moreover
Gao et al. (2022) suggest that ADR reports from social media accelerate the product recall time
meaning that increased number of ADR reports on social media may lead to faster withdrawal of
medicinal product from the market. It seems that social media data is useful for early detection of
potentially unsafe products for patients.

Social media can also be used to investigate effectiveness of medicinal products to some extent. In the
absence of verified clinical tests, measurements of effectiveness from social media data are based on
patient self-reports. On some health specific sites like Patients Like Me, users may disclose their
laboratory results and clinical diagnoses and these data may be collected through standardized surveys
which makes studying effectiveness of a single drug and cross-drug comparisons more feasible (Blaser
et al., 2017). More common in spontaneously generated patient experience data (SGOPED) is the
presence of more general user posts on the perceived benefit of the medicine by the patient, for
example. Several studies noted that causality is difficult to establish based on unverified data or a
placebo effect making accurate conclusions on medicine effectiveness nearly impossible to establish
(Walsh et al., 2021, 2022; Wessel & Pogrebnyakov, 2024). However, Walsh et al. (2021), suggested
that searching for language indicating particularly rapid onset of effects such as “within an hour I
started to feel better” can give an understanding of the perceived effectiveness of the medicine. Saha
et al. (2019) explored how the use of psychiatric medications can impact mental health through
investigating changes in mental health symptoms of social media users as well as their affect and
cognition before and after taking psychiatric medication. By simulating a randomized controlled trial
(RCT) and adopting a causal inference framework based on matching, they were able to compare the
effectiveness of different drugs and drug families as well as analyse effectiveness on individuals.

Impact of Regulatory Actions

The utility of investigating the impact of regulatory actions via social media has been recognised
(Brosch et al., 2019). Analysing patient conversations can give an understanding of their knowledge of
proper safety measures as well as their sentiment. While the utility of non-individual specific data is
limited in most other use-cases, it can imply the scale of the issue by indicating how many people
agree or relate. As social media captures a large variety of users across many regions, it seems to
have great potential to study the permeability and patient awareness of risk minimisation measures
(RMMs) for medicines. Thanks to temporal information embedded to some social media posts,
retrospective temporal analysis can be conducted. A study looked at online discussions on X over a
period of two years on four therapies for COVID-19, of which two had gained regulatory approval (Hua
et al., 2022). The time-stamped data allowed for time-trend analysis and measured the impact of
significant events such as regulatory approval or celebrity support of certain medications on the public
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perception of available medications. Moreover, as groups and pages targeted for HCPs exist in social
media, such analysis can be done to understand awareness of HCPs on appropriate safety measures.

5.4. To monitor, prepare for and address public health challenges

Given the unique features of social media data (further described in section 6.), their utility in
regulatory decision making expands beyond the previously identified use-cases for RWD by portraying
potential as a valuable tool to support crisis preparedness and identify information of high interest to
public health. (European Medicines Agency, 2023).

Supply and availability of medicines

One such use-case is the investigation of availability of medicines, particularly for identifying emerging
and ongoing medicines shortages. Anwar et al. (2020) describe how a peak in the amount of social
media mentions correlated with a shortage of hydroxychloroquine and chloroquine during the COVID-
19 pandemic as it was dubbed online as a ‘game-changer’ COVID-19 treatment. The shortage
impacted the people using these medicines to treat their auto-immune diseases, and led to adverse
reactions and deaths in the populations making off-label use of them to treat COVID-19 (Anwar et al.,
2020). As another example Cano-Marin et al. (2023) leveraged data from X to explore challenges
related to the COVID-19 vaccine supply chain and were able to gain insights into vaccine distribution
and demand forecasting for example based on online user generated content. Moreover, it has been
identified that the social media mentioning of rapid weight loss properties of the glucagon-like peptide
1 receptor agonist (GLP-1 RA) could be a contributing factor for the global shortage of these drugs.
(Han et al., 2024; Pacific, 2023). In instances where the need or demand for a particular product is
unusually heightened, as with GLP-1 RA products or COVID-19 Vaccines, social media data could be
linked link with the availability of medicinal products (Cano-Marin et al., 2023; Han et al., 2024). To
assess the potential use to monitor and potentially predict drug shortages more research applying big
data analytics and automated social media mining across various platforms is needed.

Public health emergency response preparation

Early preparation to respond to public health threats is key in their effective and timely management.
The need for a well-prepared health care system and thorough emergency response protocols was
undeniably demonstrated at the onslaught of the COVID-19 pandemic. Identifying the threat is a key
step before launching responsive measures. In the EU, the European centre for disease prevention and
control (ECDC) leverages some social media data during routine epidemic intelligence (ECDC, 2024).
They monitor data from several sources, including Facebook and X as popular social media platforms,
to rapidly detect and assess health events that are related to communicable diseases in the
EU/European Economic Area (EEA) member states (ECDC, n.d.). In a similar manner, monitoring social
media data can be useful for the EU medicines regulatory network in preparation for emergency
responses. In particular, several retrospective studies have shown how signs of infection with the
COVID-19 virus could be identified on social media weeks before health care authorities in Europe as
well as globally declared the presence of the virus in their respective regions (L. Li et al., 2021;
Lopreite et al., 2021; Wang et al., 2020). Moreover, social media data can also give rapid and near
real-time insights into associated challenges, for example on monitoring the increase of depression
during the pandemic (Zhang et al., 2021). In these ways social media data can be valuable for work
on crisis preparedness and epidemic intelligence done in the EU regulatory network.

Misinformation and stakeholder communication
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As social media platforms can be accessed by virtually anyone, they act as a common space connecting
all stakeholders. Importantly, social media as a communication forum creates a unique opportunity for
any user (from patient to industry and regulators) to engage together and to a certain extent influence
each other. Understanding relevant online discussions is key for better stakeholder communication.
Moreover, since social media data can be generated by anybody, even non-human bots, the prevalence
of misinformation can be high and it can be useful to understand how this can influence patients, on
their sentiment and awareness regarding medicines and the evidence around their safety and efficacy.
Several studies have used NLP and other AI approaches to detect and classify misinformation on
medicinal products on social media channels (Edinger et al., 2023; Hossain et al., 2020; Joshi et al.,,
2023). Mapping misinformation regarding topics relevant to medicine regulation allows for more
effective stakeholder communication to combat misinformation and to ensure continuity of public trust
on medicinal products.

6. Challenges and opportunities to use social media data in
regulatory decision-making

The most commonly reported characteristics of social media data in the literature reviewed for this
report are outlined below.

e Social media platforms are hugely popular, with X hosting 206 million daily active users while 52
million daily interactions occur on Reddit (Mullin et al., 2024). In the EU alone X is used by an
average of 111.4 million users each month while Reddit hosts 12.8 million active monthly users
(AMARS in the EU, n.d.; Digital Services Act (DSA), 2024). Social media data accumulates rapidly,
and related datasets are large. However, many interactions like reposts of other users’ content may
not add new information and instead clutter the data set. Many user posts are also short and do
not have extensive patient information or contextual details, which poses challenges for the utility
of the data for some use-cases.

e The type of content in social media varies largely by platform. While some are built around video or
image sharing such as Youtube or TikTok, others feature mostly text, e.g. reddit or X (formerly
known as Twitter) (Walsh et al., 2022). Some like Instagram allow users to browse new content
and search for any other registered user, while others, like Whatsapp or Telegram, create a more
closed ecosystem. Each platform embodies a mixture of the aforementioned features to different
extents, and direct user to user communication is common across platforms. Moreover, different
social media platforms are favoured by and thus cater to different userbases which impacts the
type of content available on any given platform. TikTok and Snapchat are more popular with
younger audiences for example, while Facebook and LinkedIn are also popular among older
populations. Social media as a (real world) data source is described in more detail in Annex 8.4.

e Social media data encompasses all data generated via social media, and the proportion of
irrelevant data, including false data, is high. Data relevant to regulatory decision-making could be
a part of any social media post, though most of the relevant data for regulatory decision-making is
generated in patient-focused forums, in online groups of patients with the same condition or health
specific social media platform such as PatientsLikeMe. The relevance and fitness of data will depend
on the regulatory use-case and the research question at hand.

e Social media data is present in various formats depending on the type of user interaction and the
type of social media platform. Social media data can be related to user profile information (e.g.
username, age, and gender), original user generated content (e.g. distinct video, text, or image
posts), online user activity (e.g. time spent on the platform, direct user messages, and connections

Social Media Data for Real World Evidence in Regulatory Decision Making

12



to other platform users/pages), groups and communities (e.g. public or private user groups and
their members and moderators), content metadata (e.g. geotag and timestamp), and content
engagement metrics (e.g. likes, shares, and views) for example.

e Free-text data is common across platforms and can be posted alone or to accompany visual
content (e.g. videos and images). Image, video and text data are mostly unstructured and thus
will bring specific challenges. But most social media platforms also collect structured data such as
the number of “views” indicating the popularity or spread of that post. Another example are simple
engagements with user content through “likes” or “shares” indicating how other users react to it.
Additionally, some platforms collect user data in a structured way via standardized questionnaires
or polls.

e Social media data captures various patient information from demographic and geographic
information to patient experience data. Patients often share impacts of treatments or diseases on
their QoL, specifically how their mood and emotions, social relationships, employment and daily
functioning has changed (Walsh et al., 2021). To varying degrees, social media data can also give
indications of the medical history of a patient, i.e. how long they have been using a drug,
experiencing symptoms or co-morbidities.

e Social media is widely used globally across different populations, however difference in use
patterns exist. Wealthier and younger people are more likely to use social media, impacting the
representativeness of the available data. Some studies have found women to be overrepresented
specifically in posting health related content (Anderson et al., 2024; Park et al., 2022). However,
these studies relied on content from social media posts instead of user profile information and with
many users not explicitly stating their gender, it is not possible to ascertain the actual breakdown
of users’ genders.

e A unique feature of social media is its potential to capture data from populations who have not yet
been classified as patients in the health care system, for example by identifying and predicting
influenza infections early on (Athanasiou et al., 2023; Velardi et al., 2014).

e Another particular feature of social media as a RWD source is the relative speed at which a data
entry can be created and thus how early it can reach regulatory authorities. The administrative
actions preceding a social media post in most cases is limited to user log-in while updating an EHR
or patient registry may require additional steps such as data processing, sharing, and logging as
well as human resources and thus can exhibit a more significant time-lag. Data generation on
social media is less restricted by temporal and logistical restrictions as institutionalized RWD
sources.

e Access to social media data is increasingly restricted and depends on the platform and the type of
data sought after. Data posted in private groups or platforms protected by user login may be
inaccessible or more difficult to make use of in line with the general data protection regulation
(GDPR). X and Facebook used to be some of the main sources of social media data, however due
to recent changes in Facebook and X's privacy policies, less data is available and freely accessible
for research.

6.1. Operational challenges and opportunities

Challenges of operational nature include barriers to access to social media data, ethical use of such
data and patient data protection, as well as limited guidance due to little to no prior use of social media
data in regulatory decision making.
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Though social media platforms host vast amounts of data, access to social media data is unstable and
restricted. First of all, activity taking place on social media and the operation of the platforms
themselves are situated in a greater socio-political and economic context creating a volatile landscape
for data availability and access. For example, TikTok, the popular social media app has faced scrutiny
over privacy concerns leading several governments issuing bans for the use and operation of the
platform (Fjallhed et al., 2023). As another example, previously open and public social media groups
can become closed private groups limiting both access to the data as well as its usability under the
GDPR as non-public data (Walsh et al., 2021). This in turn limits the analysis and replicability of some
studies using social media data. Moreover, as companies continue to capitalize on the profitability of
patient data, free and open access for health research has become a rarity in the market for social
media data. Platforms like X and Facebook, which have been the go-to sources of social media data for
research due to easy access to large data sets via their application programming interfaces (APIs),
have now blocked free access or drastically reduced the number of users’ posts available (Walsh et al.,
2022). While these trends are influenced by economic incentives, increased emphasis on data privacy
has also called for restricted general access and strengthened data protection measures. Even though
access to data from previously useful social media platforms is currently restricted and may change in
the future, data that has already been collected can still be useful, particularly in training Artificial
intelligence (AI) models to mine other platforms (Klein et al., 2024).

The secondary use of patient data posted online is coated with complex ethical considerations. Social
media sites collect identifiable personal data such as username, IP address, and location from users
when creating a social media post, even on public sites. Several studies have exhibited ways to either
anonymise or pseudonymise these identifiable data or not collect these data in the first place (Al-
Hamid et al., 2024; Anderson et al., 2024; Sunkureddi et al., 2018; Walsh et al., 2021). However, as
the paper by Wessel and Pogrebnyakov (2024) shows, even data of interest, such as symptoms,
patient gender and diagnostic status can be traced to a single user and thus a risk of patient re-
identification remains. Re-identification attacks are a documented patient data privacy issue (Emam et
al., 2011). More reliable ways to eliminate these data privacy concerns are needed.

Though a convincing case is made for social media recruitment, advertising clinical trials through social
media has significant ethical issues and can undermine social media users’ privacy (Muthlhoff & Willem,
2023). Advanced algorithms and machine learning techniques are currently leveraged on many social
media platforms for targeted advertising, to identify potentially eligible participants for clinical trials
(MUhlhoff & Willem, 2023). In doing so, large amounts of a user’s behavioural data is being collected,
sold, and used to make predictions around sensitive health related information like disease status or
behaviours risk factors to determine the user’s likelihood of being an eligible participant (Mihlhoff &
Willem, 2023). Not only does this violate the user’s privacy by making assumptions and disclosing
sensitive health information to the platform, but it also puts other users at risk as these data are used
to train models which could be applied to other users for different conditions and purposes. Moreover,
targeted advertising may impact research quality by mending the sample selection. While these issues
are significant, they seem to be specific to targeted advertising making use of behavioural data and
predictive algorithms. Moreover, some platforms such as Facebook have banned health related
advertising to an extent which also restricts advertising possibilities for clinical trials (Facebook Ad Ban
May Squelch Medical Research Recruitment, 2022). Further ethical and methodological consideration is
needed, however, seemingly social media data could still, to a limited capacity, be helpful via non-
targeted advertising methods on some platforms.

Furthermore, the existing regulations and terms and conditions of social media platforms must be
followed. Chiauzzi and Wicks (2019), describe how unauthorized scraping of social media data and
referencing of users in closed groups without appropriate consent or ethical approval have occurred in
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social media research. Users expect different levels of privacy across different platforms and platform
functionalities. Users expect more privacy, in terms of how many and which other users are able to
view a given users data and posts, on password protected social media sites compared to those where
user registration is not required (Walsh et al., 2021). In similar fashion, users expect more privacy and
restricted viewership for the content they may post in closed groups compared to public forums. This
begs for critical evaluation of patient consent and the ethics around using social media data,
particularly from closed groups, each time the use of social media data is considered to address a
(regulatory) research question. Still, opportunities exist in leveraging platforms geared for the public
discussion of health topics or those which are run or supported by patient organizations or are
otherwise trusted entities aiming to bring together patient voices to be heard by the healthcare system
(Walsh et al., 2021).

6.2. Technical challenges and opportunities

Technical challenges related to social media data include data completeness, volume, reliability,
verifiability and processing which inform and influence its quality.

Patient data collected from social media often suffers from incompleteness. On social media platforms,
patients may not describe the medication to a sufficiently granular level (i.e. dose and brand name)
and they may leave out other relevant factors such as demographic information, personal risk factors,
and other medical history. Social media data may not always provide the complete context of
medication use, nor be specific enough to address some research questions. The data may turn out to
be unsuitable for being regarded as a stand-alone source for RWD or to replace any of the existing
RWD sources. As showed by this report, insights from social media data can however complement
evidence generated through other methods in areas of post-authorisation safety monitoring, and it can
be used to describe patient experiences and contribute to inform decision-making in a variety of
domains.

But it should be noted that the necessity for completeness decreases when social media data is utilised
as an initial approach either to flag novel ADRs or to support the planning of clinical trials and non-
interventional studies for example, ultimately functioning as a springboard for further research.
Dirkson et al. (2022) highlighted how some of the key advantages of social media are the unparalleled
volume of data, near real-time monitoring, and leaning into an informal environment where patients
are more likely to share information with peers than with HCPs. Moreover, inspecting patients’ social
media posts allows for direct observation of patient perspectives (Walsh et al., 2021). Any patient
perspectives observed from other RWD sources such as EHRs have been filtered through an HCP or
another party inputting and sharing the data. In addition, social media has the advantage of capturing
ADRs not reported through other systems, where trivial or common ADRs for example may go
underreported due to limited time of HCPs (Dirkson et al., 2022). In addition, all medicinal products do
not enjoy the same amount of attention and discourse on social media, opening room for different
types of biases in the use and interpretation of social media data. Products for psychiatric indications
have a high number of mentions across platforms in general (van Stekelenborg et al., 2019).
Differences can be observed between platforms and type of data as well. Higher volumes of posts
discussing ADRs for cancer treatments and medicines with an orphan designation are more likely to be
found on health specific patient forums and platforms compared to general sites like X (van
Stekelenborg et al., 2019). In addition, social media trends as well as drug marketing can influence the
volume of data for a particular medicine. A glucagon-like peptide 1 receptor agonists (GLP-1 RA)
approved for the treatment of diabetes became viral on social media, with posts being viewed by
millions, and was promoted by several social media users for its weight loss effects (Basch et al.,
2023). As such, the analysis of social media data for some drugs is more beneficial to some than
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others, due to the apparent differences in availability of data, and it requires careful contextualisation
and appropriate methodologies to account for potential biases and confounding factors.

The rapid generation of high volumes of data on social media creates challenges around data
processing. The large data sets require more advanced and highly performing analytical infrastructure.
The recent years have seen major developments in computational tools available to deal with Big Data,
and thus currently available methods, particularly Al powered approaches render the large volumes as
an opportunity to be harvested instead of a limiting challenge.

Social media data is also often crowded with irrelevant content, duplicates in the form of re-posts, or
fabricated content which may skew the available data. Social bots, automated social media accounts
run by computer algorithms as opposed to humans, have become increasingly sophisticated and more
and more common across social media platforms (Gorodnichenko et al., 2021). On X, the platform on
which most literature on social bots has focused on, it is estimated that around 9-15% of all accounts
are automated, which equals to almost 50 million accounts (Hayawi et al., 2023). Social bots can be
benign, and automatically post-earthquake alerts when one is detected, they can be neutral and post
jokes or nonsense, or they can be malicious and post fake news or spam (Orabi et al., 2020).
Regardless of the type of content social bots post, all their posts are by non-human users and thus
these accounts must be identified so that their contribution can be restricted in a social media data
sample. Several deep learning and other AI methods have been developed for the identification of
social bots, though these methods ought to be continually refined with social bots becoming more
sophisticated (Hayawi et al., 2023; Orabi et al., 2020).

The informal use of language leads to colloquialisms and complexities with semantics as well as
alternate or misspellings of words (Walsh et al., 2022). However, various data processing and analytical
tools have been widely researched and many can effectively deal with unstructured, large, and
incomplete datasets. NLP tools are particularly useful for the appropriate translation of social media
jargon to MeDRA terms. While the accuracy of these tools seems high, their utility for regulatory uses
beyond ADR identification need to be assessed.

In addition, data types other than text data from social media have been less researched for patient
data. With the popularity of video based social media platforms like TikTok and Youtube, more research
is needed to leverage their potential for regulatory decision making. Additionally, methods to overcome
the particular challenges such as processing of video, image and audio data, low image resolution,
differences in accents and tones, to name a few, need to be developed. As more Al powered tools will
be required to process visual and audio data, challenges related to bias in developing Al tools must
also be accounted for.

Lastly, the inability to verify the reliability of information described by patients as well as their motives
is a challenge which limits the utility of social media data. Particularly when data is anonymised there
is no appropriate way of contacting the user or cross checking with other sources. Social media users
are mostly not HCPs and thus their descriptions may not always be accurate. In addition, more and
more pharmaceutical companies are investing in direct-to-consumer marketing on social media
platforms by paying social media ‘influencers’, users with a substantial followers base, to promote their
product (Willis & Delbaere, 2022). Recent years have seen an increase in the amount of drug related
social media posts where the underlying financial incentive is not always appropriately disclosed (Willis
& Delbaere, 2022). Social media data that has been generated because of a paid partnership should
not be used or considered as patient data. The lack of transparency likely makes it more difficult to
discern between paid partnerships and spontaneous user posts, and thus more research and
development of methods capable of identifying promotional material where it may not be obvious is
needed. Fake accounts, or bots, may also be creating content on social media leading to a skewed and
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inaccurate view of the actual situation. However, it has been shown that many users on health forums
match real patients and their medical records (Eichler et al., 2016). Combining data from already
established sources with the novel insights from social media could allow to contextualise and verify
reported information or control for biases for example. Additional measures can be taken to minimize
the impact of some false posts by analysing large data sets and prioritising health related social media
sites over general mainstream sites which promote posts that gain a lot of reactions instead of
accuracy of information.

6.3. Methodological challenges and opportunities

In terms of methodological challenges, lack of precedent as RWD source as well as the
representativity, bias and lack of verifiability of social media data curbs its utility across regulatory use-
cases.

As prior use of social media data in medicine regulation is limited, preceding experience to draw
learnings from as well as guidance around leveraging social media data are insufficient. For the time
being, existing support mechanisms, namely the EMA’s Innovation Task Force (ITF) meetings and
scientific advice (SA) should be leveraged by applicants planning to utilise social media data.

Social media data, though vast, does not accurately represent the general population. Users tend to be
younger and wealthier overall and women and more highly educated people are more likely to make
use of patient-focused social media communities (Dirkson et al., 2022). Though accessibility features
exist, people who have too little functional capability for example may be unable to use social media,
thus entire patient groups may not be represented in social media data. Moreover, users who feel more
strongly about a product may be more vocal than other users, leading to a skewed representation of
the patient population. Measures to ensure data privacy, such as anonymising data or not collecting
identifiable data in the first place, may also narrow the researcher’s ability to determine the
representativeness of the sample, when factors like location and gender may be lost.

On the contrary, social media data may in fact be well suited to gather information about particular
patient groups otherwise underrepresented in health research. A pertinent case is to better understand
drug use behaviour and the patient experience of individuals who are pregnant or lactating. As
insufficient data exists on the safety and effectiveness of many medicines for pregnant people due to
limited inclusion in clinical trials, the importance of data from other sources is heightened (Gelder et
al., 2019). Rezaallah et al. (2019) used social media data to explore experiences and perceptions of
patients with multiple sclerosis regarding medication use during pregnancy. They were able to identify
topics related to disease progression, drug related concerns, advice giving and recounting of health
care experiences for example. Moreover, Gelder et al. (2019) used social media data to understand
pregnancy related patient perceptions through comparatively investigating differences in perceptions of
safety of medicines in pregnant women and local safety classifications. They found some vast
differences in perceived safety and safety classifications according to the classification scheme. There
seem to be particular opportunities for leveraging social media data to further understand relevant
aspects of patient experiences of underrepresented patient groups, such as pregnant and lactating
individuals.

Representativity bias also remains an issue for other modes of evidence generation from clinical trials
to EHRs. In fact, one of the relative strengths of social media data is that patients who otherwise might
be included in clinical trials, i.e. patients with co-morbidities or who use several medicines, are able to
make their contribution through social media data. Thus, opportunities exist to benefit from the unique
array of patients on social media to complement data from other sources.
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Selection biases also impact the utility of social media data as some patients may not be comfortable
discussing personal topics related to health in public settings such as open social media platforms for
example. Thus, social media data should not be exclusively relied on. However, in general, users of
social media and online discussion forums are willing to share personal medical information,
particularly when it can be done anonymously (Roborel de Climens et al., 2020). This could be due to a
variety of reasons, for example given the expectation that they will get personalised help from the
community, or because they are more comfortable sharing certain aspects of their behaviour and drug
use with perceived peers than with authoritative figures during clinical visits (Dirkson et al., 2022;
Puspitasari & Firdauzy, 2019). Moreover, in some cases social media may capture important
conversations that would otherwise not be reflected in health system records, for example when a
particular disease or condition is stigmatized. To illustrate, sexually transmitted diseases (STDs) and
HIV/AIDS remain stigmatized in various communities, and particularly in smaller cities (White Hughto
et al., 2017). Social media sites, specifically those which allow for user anonymity, foster a space
where patients can engage in discussion around difficult or stigmatized topics without a risk of personal
identification and judgement. In this way opportunities exist in leveraging social media data where
other RWD sources may be expected to fall for such non-response bias.

Social media data hosts potential unlike many other data sources to get population level data on off-
label use and alternative therapies directly from patients and in near real-time. As social media data is
not generated in a controlled environment, the lack of posts about the topic of interest, for example an
ADR, does not mean that it did not occur. When exploring medication use, most patients only discuss
the current situation they face and may not describe medications they may have used but stopped due
to side-effects for example (Blaser et al., 2017).

7. Points for consideration for future actions

7.1. Operational points for consideration for future actions

1. Expedite access to social media data

For the regulatory system to adopt more social media data in its decision-making, pathways enabling
access to social media data must first be established.

¢ Social media data sourced from private companies: Some social media platforms provide
data for research purposes which could be leveraged for insights into PED or other data
relevant for regulatory decision-making. Several third-party companies also provide social
media mining services which could provide a simple solution for collection and analysis of social
media data.

¢ Social media data collected by the EMRN: Alternatively, the regulatory network could
consider setting up network social media data collection, potentially leveraging Al tools for
social media mining.

Proof-of-concept programs to access social media data and generate evidence from RWD and/or PED
through the aforementioned pathways should be established. This might be particularly useful to
address wider public health issues such as international drug shortages or preparing responses to
epidemics. Examples of studies for EMA scientific committees are given in 7.2.2.

2. Increase discoverability of RWD studies and sources utilising social media data

In the recently launched HMA-EMA catalogues for RWD studies and sources, it is currently not possible
for users to filter for RWD sources or studies using social media data. For the time being, registrants of

Social Media Data for Real World Evidence in Regulatory Decision Making

18


https://catalogues.ema.europa.eu/catalogue-rwd-sources

RWD studies are only able to indicate the use of social media data under the category ‘other,’ but this
is not reflected in the filtering criteria for the end-user interface. For RWD sources, it is currently not
possible to register a source as containing ‘social media data’ nor is it possible to specifically search for
sources containing social media data. To increase discoverability, the RWD catalogue for studies should
better depict when a study has utilized data collected from social media by considering specific tags or
filters for social media data. The catalogue for RWD sources should be updated with features allowing
the explicit indication of social media data use both in the registration of a data source as well as in the
search filters available in the end-user interface.

3. Engage and collaborate with all actors and relevant initiatives/research in the healthcare
sector and leverage ongoing initiatives on PED

Much of social media data falls under the umbrella of Patient Experience Data (PED) as social media
provides a platform for patients to express their concerns and share their experiences with diseases
and treatments with peers, experts and the wider scientific community. Social media platforms can
provide crucial and early PED where scientific literature is still emerging, as seen with post-COVID-19
conditions or long COVID. The EU network is in the process of developing a reflection paper on the best
EU approaches for defining, generating, collecting and analysing PED. This work should leverage social
media data to support the use and establish the value of PED and social media data for regulatory
decision-making.

Early and continuous engagement with all stakeholders is essential for building skills and
competencies, and laying a solid foundation for the use and adoption of social media data. Patients and
patient organisations’ expertise and knowledge should be leveraged when considering use of
spontaneously generated online patient experience data (SGOPED) to ensure that the patient’s
messages are interpreted and applied in a meaningful way. Furthermore, some patient organisations
manage their own patient-focused platforms or social media groups meaning partnerships can facilitate
access to more targeted and reliable patient social media data. Moreover, as many HCPs participate in
online discussions and generate social media data while also playing a key role in the clinical care of
patients, their engagement is crucial. In addition, coordination with the pharmaceutical industry is
necessary to ensure alignment with current industry practices.

Furthermore, despite lacking regulatory precedent in the EU, valuable work on the field of social media
research has already been conducted from which learnings can be used to strengthen regulatory
processes. For example, the WEBRADR initiatives’ both editions have been fundamental in establishing
the basis for further use of social media data, while more recently initiatives like the Pistoia Alliances’
initiative “Social Media to Produce Real World Evidence (RWE)"” have worked to advance the utility of
social media data in medicine regulation and drug development (Maskell, 2022). Identification of
relevant initiatives is rudimentary to leveraging their contributions. Moreover, to leverage the research
skills present in academia, social media data and the areas where this report identified further research
needs should be more strongly represented in the EMA’s regulatory science research needs and/or at
EU level.

Ultimately it is proposed to organise a workshop on social media data to discuss use case, share
learnings from initiatives and experts, and agree on a common network position and roadmap to
further progress the use adoption of social media data in EU medicine regulation.

4. Draft a guiding principle on ethical considerations for the use of patient data from social
media.
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Compliance to data protection requirements is expected by default. But as discussed in this report,
social media data use comes with complex ethical challenges. Patient consent, use of sensitive patient
information and the risk of re-identification warrant detailed assessment of the ethics of the EMRN
leveraging social media data in regulatory decision making. These findings are to be translated into
guiding principles for the ethical use of social media data in regulatory decision making. Patient
involvement is urged in the development of the guiding principles, learnings from proof of concepts
studies. To minimize potential data protection issues, data from publicly available online discussions,
with a focus on platforms that are freely accessible without a log in barrier, should be prioritised in any
proof-of-concept studies.

7.2. Technical points for consideration for future actions

1. Launch and evaluate proof-of-concept studies on social media data for regulatory decision
making

As social media data is yet to be widely accepted in EU medicines regulation, proof-of concept studies
on the use of such data for the different regulatory use-cases outlined in this report should be
considered to help build experience and learnings. Potential topics are listed hereafter.

Given the unparalleled reach of social media, as well as already existing patient groups for a wide array
of conditions, the committee for orphan medicinal products (COMP) could investigate the added value
of social media data to justify significant benefit to patients. More specifically, monitoring online
discussions on rare diseases and relevant treatments can give insights to patient perspectives on the
burden of treatments, including potential burden of product administration and unmet needs in current
standard of care. These findings may be particularly helpful to substantiate claims for major
contribution to patient care and thus be useful in the context of orphan designation assessments.

As young people are overrepresented particularly on generic social media platforms, these platforms
may seem to carry potential as an abundant source for paediatric PED. The paediatric committee
(PDCO) could investigate the use of social media to further understand children’s sentiments as well as
drug use patterns and off-label use for example. Platforms, such as TikTok, Reddit and Instagram,
favoured by minors should be prioritised.

Considering the unique potential of leveraging social media data to better understand drug abuse and
misuse, the pharmacovigilance risk assessment committee (PRAC) could consider exploratory projects
to analyse online discussions around inappropriate use of medicinal products. Such analysis is likely to
be beneficial in assessing the success of RMMs. Particular attention should be placed on how social
media data may supplement insights from other data sources given its unique characteristics and
capacity to amplify the patient experience.

As another example, the regulatory network could pilot the use of social media data to prepare for
public health emergencies responses and monitor medicine shortages. Social media data across the EU
member states would be valuable in this, and thus cross regulatory collaboration would be particularly
beneficial for this. Moreover, given rapid developments in AI methods, the regulatory network should
consider launching initial pilots to assess the feasibility of AI powered approaches to mine social media
platforms for regulatory quality patient data.

Later on, findings from these proof-of-concept studies and the workshops proposed in section 7.1.2.
could be used to launch more established projects. Ultimately, the results could culminate in the
development of network principles to guide when and how social media data could be leveraged, and
which social media data sources are fit-for-purpose for different regulatory use-cases. As social media
sites are many, with new platforms continuously being created and the amount of content on different
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medicinal products on social media varies significantly, guidance specific to social media could be
considered. Therefore, the workshop and pilot learnings could be used to build on the currently
available suitability criteria for RWD data-sources which are laid out in the Good Practice Guide for the
use of the Metadata Catalogue of Real-World Data Sources (European Medicines Agency, 2022b).

7.3. Methodological points for consideration for future actions

1. Support projects for understanding the current use and development and validation of new
methods for analysing social media data

For social media to be adopted more widely, confidence in the analytical methods must be fostered as
well as their use in regulatory procedures up to date must be better understood. While some reporting
on the use of social media data has been conducted, particularly in pharmacovigilance activities, a
detailed exploration on the use of social media data in the pre-submission phase and at time of benefit
risk assessment would be fundamental. This research should investigate how social media data may
have been used in previous MAAs as well as a comprehensive exploration on discussions of social
media in SA and ITF meetings. For example, whether social media data was used to support participant
recruitment, or to refine study design based on PED. Once the current state has appropriately been
described, a more detailed understanding of the regulatory position regarding social media data is
expected to be achieved. Subsequently, such an evaluation will be useful for validating where
additional regulatory efforts should be aimed. Therefore, such review could be included in the next
revision of EMA's regulatory science research needs by identifying knowledge gaps and evaluating the
reasons for or against use of social media data in MAAs or early interactions so far.

Further research to develop and validate analytical methods to draw insights from social media is to be
facilitated. Notably, both academia and industry have made great progress in developing efficient and
precise tools powered by Al techniques, as seen in the work presented in the annual Social Media
Mining for Health Applications (SMM4H) symposiums (Klein et al., 2024). Regulatory bodies must
ensure up to date knowledge of the currently available analytical methods and of their clinical
relevance and reliability for regulatory needs. The increased knowledge on Al in the regulatory network
through the work done on Al in the BDSG will be crucial to better prepare for the use of social media in
more regulatory uses. As such, the BDSG should consider the further exploration of Al approaches and
methods leveraging social media data as a case-study or focus.
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8. Annexes
8.1. Search Strategy & Characteristics of Search Results

The literature search on Embase yielded 4091 articles and 549 reviews as results coming to a total of
4640. In addition, key word searching was used to find articles related to specific topics emerging from
the literature search such as “social media and product recall.” Articles were reviewed if their research
focus was evaluating social media data or related aspects relevant to its use or collection as RWD, such
as papers developing NLP tools to gather social media data. Studies were excluded if their research
focus was solely on social media as a health intervention, for example social media as a health
promotion intervention.

The most relevant and recent articles were prioritized for this review, due to the large volume of
results. Using the “sort by relevance” filter on Embase the first 500 abstracts of the search results were
scanned, though after roughly 300 articles, a point of saturation was reached meaning the remaining
papers did not contain new use-cases for social media data, or new information on data collection or
analysis methods relevant to the scope of this paper. To ensure that appropriate representation was
achieved, every 10th page of the remaining search results was checked but no new relevant concepts
were discovered. Using the “sort by date” filter, the abstracts of the first 500 of the most recent articles
were scanned to ensure the inclusion of most recent developments otherwise not captured by the
currently available systematic reviews and meta-analyses. In addition, a free internet search was
conducted to look for initiatives relevant to social media data.

8.2. Search Terms

Subject Head Search Terms:

'social media' OR instagram OR 'social platform*' OR whatsapp OR youtube OR 'social network*' OR
reddit OR pinterest OR myspace OR linkedin OR tumblr OR twitter OR facebook OR tiktok OR 'online
patient*' OR 'online community' OR blog* OR 'e-communit*' OR 'digital patient*' OR 'digital
communit*' OR 'e-patient*' OR 'social media monitoring'

AND

'medicine regulation' OR pharmacovigilance OR 'adverse drug reaction' OR regulator* OR 'regulatory
decision making' OR 'clinical decision making' OR 'medical decision making' OR 'shared decision
making' OR 'drug* regulation*' OR 'narcotic* control*' OR 'drug* control*' OR 'marketing
authori?ation' OR 'drug* approval*' OR 'approval procedure*' OR 'approval process*' OR 'medicine*
approval*' OR 'drug* assessment*' OR 'medicine* assessment*' OR 'drug* evaluation*' OR 'medicine*
evaluation*' OR 'european medicines agency' OR 'food and drug administration' OR 'adverse drug
event*' OR 'side effect*' OR 'adverse reaction*' OR 'adverse event*' OR 'drug monitoring' OR 'drug
surveillance' OR 'post marketing authorization' OR 'drug safety' OR 'benefit-risk' OR 'risk assessment'
OR 'drug efficacy' OR 'drug effectiveness' OR 'drug use' OR 'epidemiology' OR 'disease course' OR 'off
label drug use' OR 'treatment pattern' OR 'drug therapy' OR 'drug dose' OR 'patient reported outcome'
OR 'medical record'

Key Word Searches
‘Social media data in pharmacovigilance’

‘Social media and labelling change or product recall’
‘Social media data secondary use health’
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8.2.1. Search strategy visualisation

Search Terms » 4640 Results
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8.3. Tables
OPTIMAL Challenge
Operational Access

Data access is unstable due to:
- Political restrictions
- Company (privacy) policy changes
- Public groups may become private

Data Protection & Ethics

- Much SM data is sensitive (health)
data

Abstract screening
= 232 Abstract not available
» * 452 Duplicates

162 articles

" = 614 Not in scope
o (eg. mHealth as
intervention)

Full text review
* 78 Fulltext not available
a ° 71Notinscope

v

13 reviews

4 o (not relevant for
regulatory decision
making)

Opportunit

Leveraging already collected data to
gain insights into the various use-
cases despite limited access
Anonymising available social media
data / using methods (AI powered)
to not collect personal identifiers

Employing appropriate existing
methods to ensure privacy (and
stop re-identification) in processing
and secondary use of SM data.
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OPTIMAL Challenge
-  Stricter protection measures and
ethical considerations
- Risk of Re-identification
- (Un)availability of patient consent &
Expectations of privacy depending
on the platform

Limited Guidance

- Lack of prior experience
- Grey areas on ADR reporting
responsibility
Technical Incompleteness
- User posts not always detailed
enough

- Patients may not describe past
treatment and medical history

Varied amount of data

- Some medicinal products are
discussed less in social media
leading to less data

Reliability

- Presence of irrelevant data

- Duplicate posts (reposts)

- Bot posts

- Limited scope to verify reliability of
data
= Data used should be anonymised

which makes follow up difficult

- Some date is based on financial

incentives

Quality

- Misspellings and colloquialism
- Language, Current Al tools lack
behind in other languages than
English (though rapidly evolving)
- Video, image and audio data analysis
less researched than text data
Methodological Limited Regulatory Experience and
Precedent

- Little to no prior EU regulatory
experience may hinder regulators
confidence in social media data

Population Representativeness

- Age and social status of users of
social media platforms can vary
greatly and introduce biases to
consider when analysing data, e.g.
older and less wealthy patients are
underrepresented in general

- Women are overrepresented on
patient focused platforms

Opportunit

Prioritise use-cases that are more
clearly ethically aligned with
applicable ethical principles, e.g.
leveraging public discussions and/or
those facilitated by patient
organizations

More specific guidance, SM data
quality reflection paper

Continue and implement WEBRADR
and other related initiative’s work

Making use of SM as a
supplementary data source
Using large datasets to mitigate
missing data

Using social media for those
medicinal products which have a lot
of data

Prioritising patient focused
platforms as many users there
match real patients

Leveraging advanced (AI) tools,
e.g. to process/clean data and
better identify and exclude
irrelevant and promotional content

Opportunity to leverage latest Al
tools, pretrained models which get
retrained on the specific data set,
which can effectively fix
misspellings and understand
abbreviations.

Leveraging existing support
mechanisms like ITF meetings and
SA to address concerns

Accessing more & different patients
than CTs

Leveraging social media for areas
where it holds unique potential (e.g.
PED, stigmatized topic like STDs, or
misinformation), not for general
conclusions about safety and
efficacy

Social Media Data for Real World Evidence in Regulatory Decision Making

24



OPTIMAL Challenge

Opportunit

Patients may not discuss all topics
in public settings

Points for consideration for future actions

OPTIMAL Points for

consideration for

Core Action

Strategic Goal

future actions

Operational gypedite access to

social media data

Increase
discoverability of
RWD studies and
sources utilising
social media data
Engage and
collaborate with all
actors in the
healthcare sector
and leverage
ongoing initiatives
on PED

Draft a guiding
principle on the
ethical
considerations of
use of patient data
from social media

Assess the need
for specific data
quality guidance
for social media
data

Technical

Launch and
evaluate pilots on
social media data
for regulatory
decision making

Facilitate access to social media
data by exploring the two main
pathways for data access:

- Through social media
companies or external
contractors

- Through an internal work
program and/or team
focused on social media
patient data collection and
analysis

Options to tag RWD sources

and studies that utilise social

media data should be included
in the RWD catalogues.

Promote early interaction with
regulators. Leverage social
media in PED work and explore
use of social media where
scientific literature is still
emerging.

Organise a workshop to involve
patients in the development of
a road map and agree on the
EMRN vision for the use of
social media data in regulatory
decision making.

Evaluation of the ethics of
EMRN use of social media data
should be pursued. Ultimately
an ethical guiding principle
should be developed, outlining
the ethical considerations to be
considered when making use of
social media data.

Consider whether social media
data should be included in the
DQF or as an additional chapter
or guidance, with a particular
focus on pharmacovigilance.

Pilot projects for the various
proposed use-cases should be
conducted. For example, for
the investigation of different
presentations of rare disease or
for paediatric indications.

To pave way for the efficient
incorporation of social media data
into the routine regulatory
decision-making processes for
which social media data can be
beneficial.

Making the RWD studies and
sources that include social media
data more explicit, transparency
and discoverability is increased.

Patient involvement ensures
correct interpretation and
meaningful application of social
media data in regulatory
decisions. Alignment with industry
is crucial for effective use of social
media data in the EMRN and
promoting and engaging with
existing initiatives supports a
stronger network.

Establishing a strong ethically
sound foundation for the use of
social media data is essential to
ensure patient and EMRN trust
given the large amount of
sensitive data, and thus risk to
data privacy that accompanies its
use.

Given the particular potential of
social media for enhanced safety
monitoring, additional efforts to
ensure high quality social media
data may increase the regulatory
acceptability of social media data.
Pilots on social media data use will
build the necessary foundation for
the further adoption of social
media data into routine regulatory
decision making.
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OPTIMAL Points for Core Action Strategic Goal

consideration for
future actions

Methodolog Support initiatives  In depth assessments of These studies will give valuable
ical for further previous MAAs, SA and ITF input on the capacity to which
development and meetings should be conducted. social media has been and could
validation of new be implemented into existing
methods to Support network initiatives to regulatory processes.
analyse social investigate and develop new
media data methods for analysing social

media data, e.g. considering
analytical biases around age,
sex, social status.
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8.4. Social Media as a RWD Source

Various kinds of social media platforms exist with an array of different features and thus different
available RWD. There are so-called general social networking sites or general social media platforms
where usership or user interactions are not limited to a specific topic. There are also platforms created
specifically for health-related topics, or patient focused platforms, for patients with a particular disease
for example. For social media platforms to offer utility for regulatory decision making, the data must be
relevant and accessible among other necessary data quality aspects. Given the diversity of social
media platforms in use by patients globally it is necessary to understand the features which shape the
utility of data available on social media. Moreover, the private or public status of the data is a key
consideration for its secondary use.

8.4.1. Common features of social media platforms

The type of available features and user content varies between social media platforms. However some
common features that are found in most platforms are distinguished, but not limited to the user
profile, network, messaging and content stream (Bayer et al., 2020).

The user profile represents the individual using the social media platform. Here the user can update
personal information such as age, name, location, and personal status updates for example. As such
the user profile can be used to gather demographic data of patients as well as data relating to the
individual's medical history and drug use if they have posted relevant status updates. Depending on
the platform and user preferences, however, some user profiles can be publicly accessible while some
can be private, only accessible by the user’s contacts.

The network represents the web of connections the user engages with and includes a user’s contact
lists and ‘tags’ or ‘mentions’ of or by other users. Depending on the platform user connections can be
one-way ‘following’ or two-way ‘friends’ or ‘contacts’. Analysing the network, data on the social
behaviour and connectivity of users can be analysed, which could give insights on disease spread for
example.

Messaging represents the direct communication between user profiles. Some popular platforms such as
SnapChat, Whatsapp, and Telegram centre this feature while other platforms such as Instagram or
Facebook include it as supplementary feature. Since direct messages are meant only for the
recipient(s), some patients may be more likely to share sensitive patient information. However, as
these data are not public, access is highly restricted and their mining as RWD would be a breach of
ethics and data privacy.

The stream refers to the flow of content on social media platforms that is made up of posts from
different accounts, as well as the reactions and comments to these posts. The stream a user observes
is curated to that user as it consists of content by the accounts in the user’s network, as well as
sponsored or otherwise promoted content by the platform’s algorithms. Though the exact selection and
order of posts is specific to an individual user, the content reflected on the stream draws on user
content available in a pool of content on the platform’s servers. These user posts can also often be
accessed by any user through appropriate key words and tags as long as they have access rights. From
a health care data perspective, the stream features public user posts which can be mined or analysed
for the collection of social media patient data to understand unmet needs or patient awareness of
safety measures for example.

Platforms may exhibit any of these features to different extents, while some have aspects combine or
reject some of these features and thus can blur the lines between private and public further. To
illustrate, many social media platforms allow for the creation of groups or specific discussion threads.
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On Facebook, for example, users can create discussion groups where several discussions can be
observed in a stream like manner, yet the posts may not be public and are limited to the topic or
theme at hand. Some groups require screening prior to admission while other are free for anyone to
join. Regardless, the selected audience of the group may induce different understandings and
expectations of privacy which does not make the public or private status of the group as clear cut. As a
different example, Reddit mainly hosts discussion threads on specified topics instead of a general non-
specific stream of content. In this way all or almost all discussions are public, however, they are
already siloed into particular topics instead of free-standing posts.

8.4.2. General Social Media Platforms

The most widely used social media platforms, such as Facebook, Instagram, TikTok and X are so-called
general social media platforms. These platforms are not catering for a particular theme or topic. It was
estimated that in 2022 around 1.7 million pieces of content were created on Facebook, 2.4 million on
Snapchat, and 347 000 on Twitter every minute of every day (Domo, 2022). As such these platforms
contain enormous amounts of data, of which some is created by patients, HCPs and caregivers. It
should be noted that given the wealth of posts on all topics, there is a significant amount of data not
relevant to regulatory use-cases or patient data, and a significant portion of fabricated data which
must be filtered out. Relevant patient data is present in patients’ user profiles as well as in public user
posts on the stream related to topics of interest. Additionally relevant data may be present in private
content such as closed groups or direct messages; however, these are inaccessible.

8.4.3. Patient Focused Platforms

A plethora of social media platforms targeted for patients are also widely used today. PatientsLikeMe
hosts around 830 000 users on their platforms while more than 230 000 people use HealthUnlocked
daily (HealthUnlocked | The Social Network for Health, n.d.; PatientsLikeMe, n.d.). These platforms
allow for users to find peers and access and create content by other users with the same disease or
who follow the same treatments. As such, the data present on these platforms is highly relevant and
categorized to various therapeutic areas. Moreover, discussions on these platforms are more likely to
include more complete data in terms of drug doses, medical history, and clinical care than discussions
on general social media platforms overall. Some patient focused platforms even collect medical data in
a standardised format through questionnaires which makes data analysis more feasible.
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