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Abstract

Background: Failureto find and attract clinical trial participants remains a persistent barrier to clinical research. Researchers
increasingly complement recruitment methods with social media—based methods. We hypothesized that user-generated datafrom
cancer survivors and their family members and friends on the social network Twitter could be used to identify, engage, and recruit
cancer survivors for cancer trials.

Objective: This pilot study aimsto examine the feasibility of using user-reported health data from cancer survivors and family
membersand friends on Twitter in Los Angeles (LA) County to enhance clinical trial recruitment. We focus on 6 cancer conditions
(breast cancer, colon cancer, kidney cancer, lymphoma, lung cancer, and prostate cancer).

Methods: The social media intervention involved monitoring cancer-specific posts about the 6 cancer conditions by Twitter
usersin LA County to identify cancer survivors and their family members and friends and contacting eligible Twitter users with
information about open cancer trias at the University of Southern California (USC) Norris Comprehensive Cancer Center. We
reviewed both retrospective and prospective data published by Twitter usersin LA County between July 28, 2017, and November
29, 2018. The study enrolled 124 open clinical trials at USC Norris. We used descriptive statistics to report the proportion of
Twitter users who were identified, engaged, and enrolled.

Results: We analyzed 107,424 Twitter postsin English by 25,032 unique Twitter usersin LA County for the 6 cancer conditions.
We identified and contacted 1.73% (434/25,032) of eligible Twitter users (127/434, 29.3% cancer survivors; 305/434, 70.3%
family members and friends; and 2/434, 0.5% Twitter users were excluded). Of them, 51.4% (223/434) were female and
approximately one-third were male. About one-fifth were people of color, whereas most of them were White. Approximately
one-fifth (85/434, 19.6%) engaged with the outreach messages (cancer survivors: 33/85, 38% and family members and friends:
52/85, 61%). Of those who engaged with the messages, one-fourth were male, the majority were female, and approximately
one-fifth were people of color, whereas the majority were White. Approximately 12% (10/85) of the contacted users requested
more information and 40% (4/10) set up a prescreening. Two eligible candidates were transferred to USC Norris for further
screening, but neither was enrolled.

Conclusions: Our findings demonstrate the potential of identifying and engaging cancer survivors and their family members
and friends on Twitter. Optimization of downstream recruitment efforts such as screening for digital populations on social media
may be required. Future research could test the feasibility of the approach for other diseases, locations, languages, social media
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platforms, and types of research involvement (eg, survey research). Computer science methods could help to scale up the analysis
of larger data sets to support more rigorous testing of the intervention.

Trial Registration:

(IMIR Form Res 2021;5(11):€29958) doi: 10.2196/29958
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Introduction

Background

Degspite significant efforts to systematically describe barriers
to identifying and enrolling clinical trial participants [1,2],
insufficient recruitment of study participants remains a persistent
roadblock to successful clinical research and medical progress
[3-8]. A systematic review of randomized controlled trialsfound
that 76.1% (131/172) of trias discontinued because of poor
recruitment [9]. Asmany as 86% of clinical trialsdo not achieve
accrual targetswithin their specified time[2,10]. Failuretofind
and attract eligible participants is a key factor contributing to
clinical trial recruitment issues[9].

In recent years, researchers have increasingly complemented
traditional recruitment methods (eg, flyers, public posters,
advertisementsin newspapers, radio, and television) with social
media—based approaches [11,12]. Most of these studies have
used either paid advertisements or organic, nonpaid messaging
strategies to recruit study participants on social media. Social
media also offers publicly accessible data from those who
interact with and post on these platforms. This type of
user-generated data can be used to rapidly capture and describe
health-related attitudes and behaviors. Self-reported data from
patients are referred to as patient-generated health data, that is,
“health-related data created, gathered, or inferred by or from
patients and for which the patient controls data collection and
data sharing” [13].

Objectives

Thegoal of thispilot study isto examinethefeasibility of using
local user-reported data from cancer survivors and their family
members and friends on the socia network Twitter in Los
Angeles (LA) County as a tool to enhance clinica tria
recruitment at acomprehensive cancer center. According to the
National Cancer Institute, “a person is considered a survivor
from the time of diagnosis until the end of life” [14]. In this
study, we included family members and friends because they
play acritical rolein caring for cancer survivors and in making
cancer care decisions [15,16].

We used user-generated health data from the social network
Twitter for 2 reasons: first, research has demonstrated the active
use of Twitter among members of different patient communities
who share their disease experiences, for example, cancer
survivors [17-21], patients with diabetes [22], people with
autism [23], and people with psoriasis [24]. Second, hedlth
surveillance researchers have demonstrated the usefulness of
public Twitter datato understand public and patient perspectives
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on arange of diseases and health topics, such as COVID-19,
influenza, schizophrenia, smoking, HIV, and patient safety
[25-32]. In some cases, socid media user data have aso
demonstrated a correlation between disease prevalence and the
frequency with which Twitter users discussed a disease [33].

This study focused on cancer survivors and their family
members and friends who discussed any of the following 6
cancer conditions on Twitter in LA County (breast cancer, colon
cancer, kidney cancer, lymphoma, non—-small-cell lung cancer,
and prostate cancer). We hypothesized that their user-generated
data could be used to identify, engage, and potentially recruit
cancer survivors for cancer trials.

Methods

Ethical Approval

Thisstudy relied on publicly available Twitter data. The authors
adhered to Twitter’sterms of service and privacy policy [34,35].
Study-related data were collected using REDCap (Research
Electronic Data Capture; Vanderbilt University) at the
University of Southern California (USC), a secure, web-based
application designed to support data capture for research studies.
Any examples of Twitter account descriptions or tweetsincluded
in this report have been paraphrased to ensure user privacy.
Study approval was obtained from the Clinical Investigations
Committee at the USC Norris Comprehensive Cancer Center
(USC Norris; Protocol 0S-17-7) and the Institutional Review
Board at USC (Protocol HS-17-00811). This study was also
registered at Clinical Trials.gov (NCT03408561).

General Study Design and Study Setting

We set up the study as an interrupted time series with a
before-and-after social media intervention.

The implementation site was USC Norris. Twitter data
monitoring and data analysis were carried out at the School of
Medicine at USC. The study protocol was published in the
Journal of Medical Internet Research Protocols [36].

Intervention

Overview

The social mediaintervention to betested in thisstudy involved
2 steps: (1) monitoring cancer-specific posts about 6 cancer
conditions (breast cancer, colon cancer, kidney cancer,
lymphoma, lung cancer, and prostate cancer) posted by Twitter
usersin LA County with thegoal of identifying cancer survivors
and their family membersand friendsand (2) contacting eligible

JMIR Form Res 2021 | vol. 5 | iss. 11 | €29958 | p. 2
(page number not for citation purposes)


http://dx.doi.org/10.2196/29958
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH

users via public reply on Twitter to share information about
related cancer trials that were open to accrual at USC Norris.

Theintervention was used to identify potential trial participants
(cancer survivors either directly or indirectly through their
family members and friends) for all onboarded clinical trials.
We refer to this approach as centralized trial recruitment
because we clustered the trials into cancer disease groups and
promoted only 6 diseasetrial groups on Twitter rather than each
individual trial. This approach aligned with the USC Norris
internal screening and triage process where physicians and
clinical research coordinators are divided into disease-specific
teams and thus will consider potential trial participants for all
the relevant trials in the respective disease area. We onboarded
one disease trial group every 2 weeks in a randomized order.
The order in which the cancer trial disease groups were
onboarded in this study was shuffled randomly using a
Fisher-Yates shuffle [37]. Once a clinical trial disease group
was onboarded, the trials in that group remained on for the
period of this study.

Twitter Data Collection

To access public Twitter user data, we used Symplur Signals
[38], ahedlth care socia mediaana ytics platform that maintains
adatabase of disease- and health-related Twitter posts and user
data from the Twitter application programming interface. The
messages that we extracted included at least one of theidentified
keywords related to the 6 cancer conditions of interest. The
keywords and hashtags used in the search were determined
using an iterative process based on an established conceptual
framework for socia data collection and quality assessment
[39] and the Symplur Signals disease hashtag project [38]. The
complete list of keywords used in the data search is listed in
Multimedia Appendix 1.

Twitter Data Verification and Analysis

We reviewed both retrospective and prospective data posted by
Twitter users in LA County between July 28, 2017 and
November 29, 2018. Because of the focus of the project, the
analysis data set was limited to original tweets. Retweets (ie,
Twitter posts shared by userswho did not compose the original
tweet) were removed from the data set. The goal wasto identify
cancer survivors and their family membersand friendsfor each
trial disease group. Twitter accounts and posts were reviewed
and coded by 3 independent team members (KR, NL, and Alicia
MacLennan). The coprincipal investigator reviewed any
discrepanciesto help resolveinstances of disagreement between
the coders.

We used a hybrid approach of qualitative research and machine
learning (ML) methods to reliably determine the Twitter
accounts of cancer survivors and their family members and
friends. First, the classification of cancer survivors was based
on self-reported information by Twitter users in either their
profile description or tweet content. Data from users who did
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not clearly state their cancer survivor status (or the cancer
survivor status of a family member or friend) were excluded
from the study. To do so, we manually reviewed each Twitter
account (N=25,032), including the Twitter profile description
(paraphrased example of a Twitter profile description of acancer
survivor: Hard working man with big dreams, cancer survivor)
and the content from the tweets in our data set (paraphrased
example of tweet from a family member of a cancer survivor:
Here's an update from my sister about her fight with stage IV
colorectal cancer). Only those data were included in the final
data set in which users (cancer survivors or family members
and friends) clearly mentioned their cancer experience or
survivorship status (eg, on or off treatment). During the data
review, we excluded non-English tweets from the analysis data
set. In addition, 2 research team members independently
reviewed the user accounts and coded the demographic
characteristics of the Twitter users. We used 3 types of datafor
thisanalysis: (1) user profile description, (2) username, and (3)
profile picture. Caseswhich were not clear were coded unclear.
Because of the limited demographic information on Twitter,
we limited this analysis to sex and race (people of color vs
White).

Second, we used the ML program Brontometer (formerly
BotOrNot) [40] established by Indiana University to verify our
selection of human accounts. The program identifies automated
Twitter accounts, the so-called bots [41], created by industry
and interest groups that influence discussions and promote
specific ideas or products[42,43]. Messages from these accounts
pollute social and health research data sets. Botometer examines
multiple variables such as the account’s network (diffusion
patterns), user (metadata), friends (account’s contacts), temporal
patterns (tweet rate), and sentiment (content of messages) and
detects automated accounts with a 95% success rate [40].

Eligibility
Characteristics of Eligible Clinical Trials

Clinical trials were required to meet the eligibility criteria
presented in Textbox 1. Trial selection was independent of
cancer stage. The 6 cancer trial disease categorieswere selected
based on 2 factors: the results of a preliminary Twitter data
analysis in Cdlifornia to determine the most frequently
mentioned cancer topicsin the region and the number of clinical
trials at USC Norris that were open for accrual at the time.
Between January 1, 2016 and January 30, 2017, we found
36,502 Twitter users in California who had sent a total of
159,396 Twitter messages in English including at least one of
the selected 6 cancer disease terms (unpublished data from
Symplur Signals). A preliminary analysis of clinical trials at
USC Norrisbetween January 1, 2017 and July 7, 2017 identified
84 clinical trialsthat were open for accrual at thetime and were
eigiblefor this study. We intended to onboard all eligibletrials
in the 6 cancer disease areas that were open for accrua at the
time of the onset of this study.

JMIR Form Res 2021 | vol. 5 |iss. 11| €29958 | p. 3
(page number not for citation purposes)


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

JMIR FORMATIVE RESEARCH

Reuter et al

Textbox 1. Inclusion and exclusion criteriafor the clinical trials included in this study.

Inclusion criteria

1. Focusison one of the 6 cancer disease types: breast cancer, colon cancer, kidney cancer, lymphoma, non—small-cell lung cancer, or prostate

cancer.

Isaphase 1 trial in expansion, phase 2 or 3.
Isan interventional trial.
Has recruited in English

Has recruited for at least 9 months at enrollment.

N o gk~ WD

Exclusion criteria

« Isaphaseltria in dose escalation.

IsInstitutional Review Board—approved and open to accrual at the University of Southern California Norris Comprehensive Cancer Center.

Has set amonthly accrual target of =1 and annual accrual target of >12.

Characteristics of Eligible Twitter Users

Participant recruitment for the onboarded clinical trials occurred
on the social network Twitter. The study was limited to those
Twitter userswho met the dligibility criteriaoutlined in Textbox
2. We applied both Boolean and Regex location code categories
(Multimedia Appendix 2) to determine the user locations. Any

Twitter user located in LA County who mentioned at least one
of the selected cancer disease topics (Multimedia Appendix 1)
was contacted via Twitter using the public reply feature. We
included al potential trial participants in this study who
expressed interest in trial participation via Twitter or through
the contact form on the trial webpage (Figure 1). They were
invited to an initial phone prescreening.

Textbox 2. Inclusion and exclusion criteria for identifying eligible Twitter users.

Inclusion criteria

1. Islocated in Los Angeles County based on the self-reported description provided on user’s Twitter profile.

2. Mentionsin any of their Twitter messages at least one word or hashtag related to the 6 cancer disease types.

3. Messageisan original Twitter message or reply to another user’s message

4. Message indicates that Twitter user has been diagnosed with cancer or that they know someone who has been diagnosed with cancer.

Exclusion criteria
1. Isyounger than 18 years.
Notes that arelative or friend has died of the disease.

Retweets (ie, user shares message that other Twitter users sent).

2
3
4. Isacancer survivor in remission with reduced signs and symptoms of the cancer.
5

Isacancer survivor without any traces of cancer.
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Figure 1. Example of awebpage that includes information about the clinical trials on lung cancer that are open to accrual at the University of Southern
California (USC) Norris Comprehensive Cancer Center. Squares highlight the following page elements: ageneral video about reasons for participating
in clinical trials, general information about clinical trials and USC Norris, and a privacy disclaimer including a URL link to the privacy policy of the

USC. USC: University of Southern California.

Recruitment of Eligible Twitter Users

General
description of
the purpose of
these types of
cancer trials

Study site
information

General video
about reasons
for participating
in clinical trials

Opportunity to Participate in Non-Small Cell Lung Cancer Clinical Trials at
= the USC Narris Comprehensive Cancer Center

Purpose
y oo 4— Target audience
E
Contact form
that triggers an
T email to this
——
Study Sites study team

List of open non-small cell lung cancer trials at the USC
Morris Cancer Center

Many clinical studies face
critical de 12 1o lack of General information
E pation, Be a part of = =
pRICpaton SeAPAe about clinical trials
the solution =
o= and the Center
About Clinical Trials /
iy g e Privacy
disclaimer
About the USC Norris Comprehensive Cancer Center including a URL
link to the
privacy policy of

i I R—— — the University of
B S —— Southern

California

user via the @USCTrias Twitter account. Each of the 3
messages served a different purpose in building trust and

Any Twitter user who met the eligibility criteria (Textbox 2)  fostering investigator transparency [36,44]. The first message
was contacted via Twitter through the public message reply  included a link to the related study webpage (Figure 1) that

feature. No advertised (paid) messages were used in the provided more information and alowed interested users to
outreach. The outreach messages (Textbox 3) weresenttoeach  contact the trial coordination team.
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M essage type and the message

«  Reply to the user’'s post that mentions the cancer disease including thelink to related study webpage: “Dear (name): we noticed your mention of
#kidneycancer and wanted to reach out. Did you know about these open #di sease studies @K eckMedUSC? You can find more information here:

(study page link) #Clinical Trial”

«  Message to introduce the research project: “We are reaching out to you as part of aresearch project trying to understand if Twitter can be used

to better connect patients with clinical research opportunities.”

«  Privacy and security disclaimer: “The security of social media is not guaranteed. Contact us about the study. Do not post if concerned about

privacy.”

Participant Compensation

Participants (ie, contacted Twitter users) did not receive
monetary compensation for their participation in the social
media—based outreach but could receive compensation if they
consented to participate in one of the clinical trias, depending
on thetrial.

Outcome M easures

The primary study outcomesincluded the proportion of Twitter
users who (1) were identified on Twitter; (2) engaged with
outreach messages through Twitter replies, mentions, likes,
retweets, direct messages, or contact form use on the trial
webpage; and (3) enrolled in a cancer trial. This paper reports
the results of the tested intervention and related feasibility
outcomes. It does not include the qualitative study results, that
is, results of the qualitative interviews with study coordinators
at the Cancer Center, to assess the feasibility and the level of
acceptance that was al so described in the protocol paper [36].

Analysis

Twitter Data Coding

All coding was performed independently by at least 2 research
team members. The Cohen Kk coefficient [45,46] was used to
assess the interrater agreement of the 3 coders who analyzed

https://formative.jmir.org/2021/11/e29958
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the Twitter accounts and posts. A coefficient greater than 0.8
was considered substantial for this study.

Statistical Analysis

As this was a pilot study, P values were of limited use to
determine group differences. We used descriptive statistics to
describe our study findings and calculated the proportions of
targeted Twitter users who were identified, engaged with
outreach messages, and enrolled in cancer trials.

Data Sharing

The deidentified and aggregated data that support the findings
of thisstudy are availablein the datarepository figshare [47-49].

Results

Volume of Cancer-Related Conver sations on Twitter
in LA County

Between July 28, 2017, and November 29, 2018, we retrieved
and analyzed 107,424 tweetsin English posted by 25,032 unique
Twitter usersin LA County (Figure 2). We found user-generated
postsfor all 6 cancer conditions. The highest number of tweets
(71,649/107,424, 66.7%) and the highest number of users
(16,474/25,032, 65.81%) were related to breast cancer (Figure
2). Thetopic lymphomaresulted in the lowest number of tweets
(4883/107,424, 4.55%) and the lowest number of users
(2243/25,032, 8.96%).
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Figure 2. Number of Twitter posts and usersin Los Angeles County by cancer type found between July 28, 2017, and November 29, 2018 in the data

set of 107,424 posts.

B Total number of tweets

T1649 (66.79%)

1647 4 (65.81%)

7278 (6.78%) ) .
5986 (5.57%)

I2364 (9.44%) I24 37 (9.74%)

Breast Cancer  Colon Cancer  Kidney Cancer

o Total number of users

9351 (8.92%)

2047 (7.49%)

4583 (4.55%)
2608 (14.41%)
I2243 (8.96%) 2263 (9.04%)

Lung Cancer Lymphoma  Prostate Cancer

Cancer type

Cancer Survivorsand Their Family Members and
Friendson Twitter in LA County

Of the 25,032 unique Twitter users in LA County who
mentioned any of the cancer conditions, we identified 434
(1.73%) as eligible cancer survivors or their family members
and friends. Approximately one-third (127/434, 29.3%) of them
were cancer survivors, whereas the majority (305/434, 70.3%)
mentioned a family member or friend who had cancer. Less
than (2/434, 0.5%) discussed their own cancer experience and

https://formative.jmir.org/2021/11/e29958

the cancer of a family member or friend. In (4/434, 0.9%) of
the posts, the person affected by cancer was unclear. Of the 434
users, 175 (40.3%) discussed breast cancer, 86 (19.8%)
lymphoma, 64 (14.7%) lung cancer, 61 (14.1%) colon cancer,
28 (6.5%) prostate cancer, and 20 (4.6%) kidney cancer.

We further attempted to determine the sex and race of the
eligible Twitter users (Table 1) and found that half of them were
female, about one-third were male, and the sex of less than
one-fifth was unclear. More than half of them were White, and
about one-fifth were people of color.
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Table 1. Demographics of the Twitter users who were identified as either cancer survivors or their family members and friends (n=434).

Characteristics

Participants, n (%)

Sex
Mae
Female
Unclear

Race
People of color
White

Unclear

140 (32.3)
223 (51.4)
71 (16.4)

99 (22.8)
254 (58.5)
81 (18.7)

Responsesto Cancer Trial Recruitment M essages on
Twitter

Of the 434 targeted Twitter usersweidentified aseligible cancer
survivors or their family members and friends, 85 (19.6%)
engaged with the outreach messages (cancer survivors: 33/85,
38% and family membersand friends: 52/85, 61%). We defined
message engagement as any of the following user actions (on
Twitter: reply, mention, like, retweet, and direct message and
on the study webpage: contact form used to get in touch with
the trial coordinator). In addition, of the 434 targeted Twitter
users, 7 (1.6%) blocked the project account @USCTrials after
the outreach, and 5 (1.2%) were deceased (based on replies by
relatives or friends on Twitter). Figure 3 presents the results of
the main study procedures.

Positive user engagement regarding the intervention included
feedback (paraphrased) such as:

| just finished my treatment, but this is such a good
use of social media.

Do you know of programs or trials for colon cancer
patients? | would like to learn if my family member
iseligiblefor trialsin the area.

However, it also became evident that some users included
detailed medical information in their responses that posed user
privacy risks, for example (paraphrased):

https://formative.jmir.org/2021/11/e29958

My wifeis stage 4. They found lepto metsin her brain.
After inserting an ommaya reservoir they started
intrathecal chemotherapy, which didn’'t work so now
they are considering partial brain radiation. Shewas
also on letrozole and ibrance but they took her off
due to her low blood counts. We don't favor brain
radiation and would like another option. Do you have
any related clinical trials?

Engagement with outreach messages varied according to cancer
type. We found the highest level of engagement with the
outreach messages for breast cancer (26/85, 30%), followed by
lymphoma (22/85, 25%), lung cancer (18/85, 21%), colon cancer
(12/85, 14%), prostate cancer (4/85, 4%), and kidney cancer
(3/85, 3%).

We attempted to describe the characteristics of the 85 userswho
engaged with the recruitment messages. A quarter of them were
male, whereas the mgjority were female. About one-fifth were
people of color, whereas the majority were White (Table 2).

We further examined the engagement type with outreach
messages by cancer survivors versus family members and
friends (Figure 4). Of the 85 users who engaged with outreach
messages, 33 (38%) were cancer survivors and 52 (61%) were
family membersand friends. Public replies (14/33, 42%), contact
form use (11/33, 33%), and likes (14/33, 42%) were the primary
forms of engagement among cancer survivors, whereas family
members and friends primarily engaged viapublic reply (24/52,
46%) and likes (26/52, 50%).
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Figure 3. Resultsfor the main study procedures. USC Norris: University of Southern California Norris Comprehensive Cancer Center.

25]032 Uniqua Twitter users who talked about
a cancer condition on Twitter

1

24,598 Non-eligible Twitter users

434 cancer survivors or their family/friend
(1.7%)  caregivers eligible for outreach

| !

127 (29.3%) cancer 305 (70.3%)

survivors® family/friend caregivers*®

! |

Outreach messages sent via Twitter to

344  Did not engage with message

434 gligible Twitter users. Included link to trial
webpage.
I
]
85 Eligible Twitter users engaged with the

(19.6%) ©outreach message (eg, replied, used the
contact form link, mentioned, retweeted)

5 Were deceased

| !

33 (38.2%) cancer 52 (61.2%) family/friend
survivors caregivers
t l * 75 Did not request more information

Twitter users requested more information
(11.8%) through Twitlgr repligs or contacting the
study team via the trial page

|

(11.8%) screening call

10  Twitter users were contacted to set up pre-

A

6 Did not respond

( ‘:%) Cancer survivors were pre-screened

v

2  Were ineligible

2 Cancer survivors were eligible and triaged
(50%) to trial group coordinator at USC Norris

|

2 Cancer survivors were screened at USC
(100%) Norris and eligible

)

*| 2 Did not enroll in cancer trial

0 Cancer survivors enrolled in clinical trial at
0%)  Norris

*Less than 0.5% (2/434) discussed their own cancer

experience and the cancer of a family member or
friend.
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Table 2. Demographics of the Twitter users who engaged with the outreach messages (n=85).

Characteristics

Participants, n (%)

Sex
Mae
Female
Unclear

Race
People of color
White

Unclear

22 (25)
52 (61)
11(12)

16 (18)
57 (67)
12 (14)

Figure 4. Message engagement with outreach messages by cancer survivors versus family members and friends.

B Cancer survivors

24 (46.15%)

14 (42.42%)

11(33.33%)

2 (3.85%)

Family members/friends

26 (50%)

14 (42.42%)

6 (11.54%)
5(15.15%)

1(1.92%)
0 (0%)

Public reply on Twitter

Contact form used on

Retweets Likes Mentions

IMessage engagement type

Prescreening, Screening, and Enrollment

Of the 85 Twitter users who engaged with the outreach
messages, 10 (11%) requested moreinformation through replies
on Twitter, through emails, or through the use of the contact
form on the trial webpage. Paraphrased example responses are
asfollows:

Thank you for sharing this information. How do |
apply? | did not know about thiswork at USC.

| was diagnosed with colon cancer (stage 3) and had
my operation in December. Now I’'m on infusion
chemotherapy treatment, xelox and capecetabine.
Please call me; I’'m available by phone.

https://formative.jmir.org/2021/11/e29958

Of the 10 individual swho reguested moreinformation, 1 (10%)
had breast cancer; 5 (50%), colon cancer; 1 (10%), kidney
cancer; and 3 (30%), lymphoma. We followed up with these
users either on Twitter or viaemail (in the case a user provided
email information) to set up a prescreening phone call, but we
only managed to set up a prescreening call with 40% (4/10) of
them.

We triaged 2 eligible candidates—one with colon cancer and
one with kidney cancer—and referred them to the USC Norris
coordinator team for further screening. One participant qualified
for kidney cancer clinical trials, and the other qualified for colon
cancer clinical trials. Finally, regardless of the abovementioned
engagement with outreach messages, none of the recruitment
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outreach and engagement among Twitter users resulted in
patients enrolling in atrial.

Discussion

Principal Findings

Our findings demonstrate that both cancer survivors and their
family members and friends affected by different cancers can
be found on Twitter based on their social media activity (ie,
posts about cancer). In this study, approximately one-third of
theidentified Twitter userswere cancer survivorswho discussed
their cancer experience, whereas others were family members
and friends. Our data support the findings of previous studies
that showed that both groups were present on social mediafor
various reasons, such as seeking information resources and
emotional and peer support on the web [17-21,50-52].

We found differences in the volume of posts and users across
the 6 monitored cancer types. These variations could be
explained by cancer prevalence and the size of the respective
disease community on Twitter. For example, breast cancer is
the most common type of cancer among women in the United
States[53] and the third most common typein LA County [54].
It was al so the most preval ent cancer topic in our dataset (40.3%
of the posts).

Our data further indicate that diverse, non-White cancer
survivors and family members and friends can be found on
social media, although more than half of the identified users
were White. However, the social media user base has grown
more representative of the broader population, and thistrend is
expected to continue. According to Pew Research [55], the
percentage of American adultswho use at least one social media
site has increased across age groups: for example, among
18-29-year-olds, from 78% in 2009 to 90% in 2019; and among
50-64-year-olds, from 25% in 2009 to 69% in 2019. The same
trend was reported for the racial diversity of social mediausers,
but it may depend on the location in the United States. For
exampl e, based on datafrom 2019, on Twitter, 25% of the users
are Hispanic, 24% Black, and 21% White.

Of the 434 targeted Twitter usersweidentified aseligible cancer
survivors or their family members and friends, 85 (19.6%)
engaged with the outreach messages. Some users included
detailed medical information in their responses, which posed
user privacy risks. Future studies are needed to develop
strategies for managing such responses. We encouraged these
Twitter usersto delete their Twitter responses and continue the
conversation with our team viathe private direct message feature
on Twitter, email, or phone.

Because of alack of baseline data, it ischallenging to determine
whether we should have expected a higher message engagement
rate. We directly contacted the cancer survivors or their family
members and friends on Twitter who had mentioned the cancer
keywords we were monitoring. We acknowledge that the level
of acceptance of our direct targeting approach might vary among
social media users. Gelinas et al [44] described this form of
recruitment as active, which “occurs when research staff
approach and interact with specific individuals with the aim of
enrolling them in research, usually on the basis of knowledge
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of characteristics that would make them suitable candidates for
particular trials’ [44]. However, before we implemented this
pilot study, we examined the level of concern among Twitter
users and nonusers about using Twitter surveillance data to
recruit potential clinical trial participants [56]. We found that
most Twitter users did not consider monitoring Twitter for
clinical trial recruitment as inappropriate surveillance or a
violation of privacy. That said, the expressed attitudes were
highly contextual, depending on factors such as the type of
disease or health topic (eg, HIV vs cancer vs smoking), the
entity or person monitoring users on Twitter, and the monitored
information. We found that the monitoring of Twitter user data
related to HIV raised the highest level of concern compared
with monitoring related to cancer, HPV, obesity, or smoking.
This may be partly because HIV is still associated with stigma
[57]. Bender et d [58] suggested that “within health information,
there are gradients of sensitivity,” and certain health topics and
disease types, such as cancer, may be considered less sensitive
personal health information.

Furthermore, we did not tailor the content and language of the
outreach messages to specific sex or racial and ethnic groups.
Doing so may aid in engaging diverse socia media users.
One-fourth of those engaged with outreach messageswere male,
whereas more than half were female. About one-fifth were
people of color, whereas more than half were White. Future
research could assess the effectiveness of culturally tailored
messaging strategies for this type of active recruitment.

Although one-fifth of the targeted Twitter users engaged with
the outreach messages, our team was challenged to translate
this type of user attention into prescreening phone calls,
screening, and ultimate trial enrollment. We were cautiously
optimistic that we would be ableto enroll trial participantsusing
this method. Our goal was to establish an effect size using the
pilot data. However, we did not complete any enrollment.
Nonetheless, we believe that the identification of cancer
survivors and family members and friends creates opportunities
for study recruitment and intervention research. Future research
should examine the barriersto social media—based clinical trial
recruitment.

The fact that less than half of the identified Twitter users
responded to our efforts to set up a phone call indicates that
successful social media engagement may not correlate with
clinical trial enrollment. Without additional research into the
barriers to social media—based clinical trial recruitment, it is
difficult to identify adjustments required for the study design.
Inputs from social media—based patient communities could shed
light on the issue of the significant drop-off.

The barriersto follow through are still unknown and need to be
studied. The lack of follow-through could be because of the
variables that affect downstream clinical trial processes, such
as screening and consenting. These aspects of the recruitment
process are unrelated to social media monitoring and outreach.
In addition, barriers can be at the patient level (eg, education
about clinical trials and financial barriers), at the system level
(eg, inability to take time off work to schedule calls or
appointments), or even at the community level (eg, lack of
public transportation to the site and lack of resources) and can
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includefactorsrelated to the social determinants of health [7,59].
Approaches such as patient navigation have proven to be
effectivein addressing barriers at multiple levelsin other settings
[60] and could be adapted for social media—based recruitment
methods. Digital forms of patient navigation could employ
digital disease community members, influencers, and disease
advocates on social media. We propose virtual focus groups
and in-person interviews with cancer survivors on social media
to identify barriers and facilitators of digital trial recruitment
efforts and other types of interventions.

A detailed cost-effectiveness analysis was not included in this
pilot study. However, information about the time and staff
required may prove helpful in informing similar surveillance
recruitment efforts. In this 1-year pilot, 4 team members were
involved (10%-50% effort) to plan and implement the study
(eg, devel oping the search strategy and weekly searches, coding
extracted tweets and users to determine cancer survivors and
family members and friends, sending outreach messages,
tracking responses, following up and prescreening, and
coordinating with the Cancer Center team). Future studies could
conduct more robust cost-effectiveness and sustainability
analyses.

Limitations and Challenges

We recognize that this is a pilot study and that the
generalizability of the results is somewhat limited because
cancer-related Twitter messages from locations outside of LA
County and non-English messages (eg, Spanish) were not
included. Moreover, social mediainterventionsfavor those with
internet access and exclude those without, thusintroducing bias
in the participant population. The social media user base on
Twitter is generally younger (38% are aged 18-29 years),
college-educated, and located in urban or suburban areas [53]
compared with the average study participant. Thus, recruiting
via Twitter has the potential to select for this segment of the
population and could therefore introduce bias. Future research
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should determine the extension of the findings and conclusions
to the population at large.

Much of the Twitter data we used were prospective. However,
we also included retrospective social media data (ie, relevant
Twitter messages sent by usersin LA County 6 months before
the onset of the study). Whether a user’s message was posted
1 week or 6 months ago may have affected the user's
engagement with the outreach messages. It isa so possible that
factors such as disease awareness months and trending news
affect the attention to outreach messages.

Finally, the classification of cancer survivors was based on
self-reported information from Twitter users. Although we
excluded any data from users who did not clearly state their
cancer survivor status (or the cancer survivor status of afamily
member or friend), there is a risk of misclassification,
particularly if users provide fal seinformation. However, weare
not aware of any research that suggests patient imposters on
social media, that is, individuals falsely posing as patients.

Conclusions

Our findings demonstrate the potential of identifying and
engaging cancer survivorsand their family membersand friends
on Twitter, but we were unable to enroll clinical trid
participants. However, we believe that the identification of
cancer survivors and family members and friends creates
opportunities for study recruitment and intervention research.
Future research could examine barriers to this type of socia
media—based clinical trial recruitment, ways to talor efforts
downstream of the initial engagement, such as prescreening,
screening, and consenting to the preferences of digital
populations on social media, and thefeasibility of the approach
for other diseases, locations, languages, and socia media
platforms. Furthermore, the integration of computer science
approaches such as deep learning, ML, and natural language
processing to scale up the analysis of larger data sets would
further support more rigorous testing of the intervention.
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