
Original Paper

Effects of Video-Based Patient Education and Consultation on
Unplanned Health Care Utilization and Early Recovery After
Coronary Artery Bypass Surgery (IMPROV-ED): Randomized
Controlled Trial

Gijs van Steenbergen1, MD; Dennis van Veghel1, PhD; Dideke van Lieshout2, MA; Merel Sperwer2, MSc; Joost ter

Woorst1, MD, PhD; Lukas Dekker1,3, MD, PhD
1Cardiothoracic Surgery Department, Catharina Heart Centre, Catharina Hospital, Eindhoven, Netherlands
2Dutch Heart Foundation, The Hague, Netherlands
3Department of Biomedical Technology, Eindhoven University of Technology, Eindhoven, Netherlands

Corresponding Author:
Gijs van Steenbergen, MD
Cardiothoracic Surgery Department
Catharina Heart Centre
Catharina Hospital
Michaelangelolaan 3
PO Box 1350
Eindhoven, 5602
Netherlands
Phone: 31 040 239 9111
Email: gijs.v.steenbergen@catharinaziekenhuis.nl

Abstract

Background: Health care utilization after coronary artery bypass graft (CABG) surgery is high and is partly of an unplanned
nature. eHealth applications have been proposed to reduce care consumption, which involve and assist patients in their recovery.
In this way, health care expenses could be reduced and quality of care could be improved.

Objective: The aim of this study was to evaluate if an eHealth program can reduce unplanned health care utilization and improve
mental and physical health in the first 6 weeks after CABG surgery.

Methods: A single-blind randomized controlled trial was performed, in which patients scheduled for nonacute CABG surgery
were included from a single center in the Netherlands between February 2020 and October 2021. Participants in the intervention
group had, alongside standard care, access to an eHealth program consisting of online education videos and video consultations
developed in conjunction with the Dutch Heart Foundation. The control group received standard care. The primary outcome was
the volume and costs of a composite of unplanned health care utilization, including emergency department visits, outpatient clinic
visits, rehospitalization, patient-initiated telephone consultations, and visits to a general practitioner, measured using the Medical
Technology Assessment Medical Consumption Questionnaire. Patient-reported anxiety and recovery were also assessed.
Intention-to-treat and “users-only” analyses were used.

Results: During the study period, 280 patients were enrolled and randomly allocated at a 1:1 ratio to the intervention or control
group. The intention-to-treat analysis consisted of 136 and 135 patients in the intervention and control group, respectively. At 6
weeks, the primary endpoint had occurred in 43 of 136 (31.6%) patients in the intervention group and in 61 of 135 (45.2%)
patients in the control group (hazard ratio 0.56, 95% CI 0.34-0.92). Recovery was faster in the intervention group, whereas anxiety
was similar between study groups. “Users-only” analysis yielded similar results.

Conclusions: An eHealth strategy comprising educational videos and video consultations can reduce unplanned health care
utilization and can aid in faster patient-reported recovery in patients following CABG surgery.

Trial Registration: Netherlands Trial Registry NL8510; https://trialsearch.who.int/Trial2.aspx?TrialID=NL8510

International Registered Report Identifier (IRRID): RR2-10.1007/s12471-020-01508-9
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Introduction

Coronary artery bypass graft (CABG) surgery is one of the most
frequently performed cardiac surgeries in the world, which is
generally performed with good outcomes and relatively low
30-day mortality (~1.5%) [1]. In more recent years, the care
chain for patients undergoing CABG surgery has been
demonstrated to increase efficiency and reduce costs. As a result,
the duration of hospitalization has decreased substantially, with
patients discharged on the 7th postoperative day (mean). These
efficiency-driven early discharge protocols require more
self-management skills among patients. Early discharge reduces
the time physicians can spend with their patients in the direct
postoperative phase in spite of the well-known benefit of patient
counseling and guidance through recovery [2,3].

After discharge, patients commonly experience anxiety or
uncertainty about symptoms or appropriate physical exercise
[4]. These issues are typically addressed during hospitalization;
however, after discharge, patients’ recall of information is often
incomplete and they do not always know who to address with
questions [4]. The advantages of a shortened hospital stay might
therefore be counterbalanced by preventable unplanned health
care utilization, especially since planned care is not initiated
until several weeks after discharge. At present, nearly 1 in 7
patients are readmitted in the first 30 days after discharge for
noncardiac causes and roughly 15% of patients visit the
emergency department within 1 month after CABG surgery
[5-8]. It was estimated that potentially preventable readmissions
following CABG surgery cost Medicare US $151 million in
2005, placing a significant burden on society [7]. With the
expected increase in the number of future patients undergoing
CABG surgery, this is a pressing issue urging evaluation and a
potential redesign of postoperative follow-up.

eHealth is defined by the World Health Organization as “the
cost-effective and secure use of information and communication
technologies in support of health and health-related fields,”
which encompasses multiple digital interventions that can aid
in the delivery of patient-centered care and postoperative patient
guidance, thereby potentially reducing unplanned health care
utilization [9]. eHealth strategies have been successfully applied
in postoperative follow-up in various forms, which have been
shown to improve patient outcomes, speed recovery, and reduce
health care utilization in various surgical populations [10]. In
addition, eHealth has proven to be of value for patients to
enhance their self-management through better understanding
of their disease, increased independence, and improved
acceptance to adhere to lifestyle advice [3,11]. However,
experience with eHealth in patients following CABG surgery
is limited, and it remains unclear if eHealth strategies would be
effective in this population.

The objective of this trial was to fill this knowledge and
experience gap. We hypothesized that restructuring the
postoperative period with an eHealth strategy will reduce
unplanned health care utilization through improved mental and
physical health and faster recovery.

Methods

Trial Design
The IMPROV-ED trial was a randomized controlled trial (RCT)
performed between February 2020 and December 2021 at
Catharina Hospital in the Netherlands. A detailed study protocol
was published prior to enrollment of the first study participant
[11]. No changes were made to the study protocol between
publication and initiation of the trial. The trial is reported using
the CONSORT (Consolidated Standards of Reporting Trials)
checklist for RCTs [12].

Ethics Considerations
The study was approved by the medical ethics committee
(R19.100) and was registered in the Netherlands Trial Registry
(NL8510). Written informed consent was obtained from all
patients who met the inclusion criteria and were willing to
participate.

Participants
To minimize selection bias, all patients on the waiting list for
isolated CABG surgery over 18 years of age were contacted by
telephone and informed about the study by one of the
investigators. Patients were eligible for participation if they had
access to a computer/tablet/smartphone with internet connection
and a webcam/built-in camera; had sufficient knowledge of the
use of internet and email (assistance was allowed); and were
able to speak, read, and interpret the Dutch language. The
eHealth strategy would not be applicable to patients who did
not comply with these inclusion criteria and they were therefore
not eligible for participation. At inclusion, patients were
randomized 1:1 to the intervention or control group using a
block size of 4. A certified program was used for sequence
generation and randomization (Research Manager). When a
patient was randomized but no longer qualified for the inclusion
criteria or was lost to follow-up, the patient was excluded from
further follow-up and analysis.

Interventions
Patients randomized to the control group received standard
postoperative care, comprising planned outpatient follow-up
by their cardiothoracic surgeon at 6-8 weeks after discharge and
a cardiac rehabilitation program supervised by cardiologists
with outpatient follow-up starting between 4 and 8 weeks after
surgery. As a result of the COVID-19 health crisis and the
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measures taken by the government, most of these contacts were
telephone consultations (TCs) rather than physical consultations.

Patients randomized to the intervention group had access to the
eHealth strategy in addition to standard care. The eHealth
strategy comprised web-based educational videos developed
by the Dutch Heart Foundation and two postoperative video
consultations (VCs) with a physician from the department of
cardiothoracic surgery at 1 and 3 weeks after discharge.

Upon randomization, patients in the intervention group received
access to the educational videos via a link sent by email. The
same link was sent via email again at discharge. By clicking
the link, patients were referred to a hidden (for nonparticipants
and the control group) part of the website from the Dutch Heart
Foundation that contained the educational videos. The content
of the educational videos was constructed and validated by
physicians and patient representatives prior to the trial. Based
on these evaluations and a scoping review of the literature on
delivery of information to patients with varying degrees of
health literacy, the full content was delivered to patients at
inclusion instead of by fragmentized access to videos applicable
to the patient’s situation [13]. Nevertheless, to prevent cognitive
overload in patients with low health literacy, educational videos
were categorized in three categories: treatment (10 videos with
information on the surgery and how to prepare for admission),
recovery (6 videos about what to expect in the postoperative
course and when to contact a physician), and healthy living (2
videos on cardiovascular risk management, including smoking
cessation, weight reduction, cholesterol management, and
exercise). The videos were delivered in spoken text supported
by animations for optimal health communication to patients
with low and adequate health literacy [13]. Usage data were
extracted from the web log for evaluation purposes. Educational
videos were available to patients in the intervention group
throughout the trial (ie, not only when the link was sent). See
the published study protocol for an illustrative overview of the
educational videos [11].

VCs were conducted by a nurse practitioner or junior doctor
using Microsoft Teams. The dates for VCs were sent to patients
by email at discharge. On the day of the VC, patients received
an email with a link providing access to the VC. The VC was
not scheduled on the same day as routine outpatient follow-up.
During the VCs, patients were questioned about their recovery
and physical and mental complaints. The sternotomy wound
was visually inspected. Patients who required physical
examination or diagnostic tests based on the VC were instructed
to visit the general practitioner or emergency department, or
were scheduled for early outpatient follow-up (within 1 week)
at discretion of the physician. The nurse practitioner/junior
doctor who conducted the VCs was blinded to the study’s
objectives and outcomes. Study participants were not blinded.
If a VC was unexpectedly not possible (eg, due to unforeseen
connection errors, problems with hardware, technical issues),
the VC was replaced by a TC. Reasons for replaced VC were
reported.

Outcomes
The primary outcomes of the IMPROV-ED trial were the
volume and costs of unplanned health care utilization defined

by a composite of all emergency department visits, outpatient
clinic visits, rehospitalization, patient-initiated TCs, and visits
to a general practitioner, as measured by the Institute for Medical
Technology Assessment Medical Consumption Questionnaire
(iMCQ) at the 6-week follow-up [14]. Cross-validation with
the patients’ reported health care utilization was performed by
contacting their health care providers. The secondary outcomes
were the individual unplanned health care activities, and a
composite of planned and unplanned in-hospital care (emergency
department visits, outpatient clinic visits, rehospitalization, and
patient-initiated TCs) and planned and unplanned primary care
(consultations with a general practitioner, allied health
professionals, psychologists) at 6 weeks. The other secondary
outcomes were the patients’ self-reported physical and mental
health, as measured with the Hospital Anxiety and Depression
Scale (HADS) and Recovery Index-10 (RI-10) questionnaires
[15,16].

Data Collection
All patients received questionnaires at inclusion (anxiety
subscale of the HADS), at discharge (HADS and RI-10), 1 week
after discharge (HADS and RI-10), 2 weeks after discharge
(HADS and RI-10), and 6 weeks after discharge (HADS, RI-10,
and iMCQ). Only the anxiety subscale from the HADS was
used. A higher score indicated more symptoms of anxiety
(HADS maximum score 21) or favorable progress of recovery
(RI-10 maximum score 50). The iMCQ resulted in absolute
frequencies of visits for the questioned care activities. Patients
in the intervention group also received a self-made questionnaire
to evaluate the eHealth strategy and to question them about the
use of the education videos (see Figures S1 and S2 in
Multimedia Appendix 1). If patients had not returned the iMCQ
by 8 weeks postdischarge, the questionnaire was conducted over
the telephone. If patients had not returned 2 subsequent
questionnaires, a research nurse called patients with a reminder.
Questionnaires that were not returned or collected otherwise
were considered missing.

Statistical Analysis
We calculated the sample size needed for the study based on
the expected effect of the intervention on the primary outcome.
Previous studies using a comparable eHealth strategy in CABG
patients with health care utilization measured with the iMCQ
were not available. In a study with abdominal surgery patients,
total health care utilization was estimated at a mean of 0.88 (SD
0.15) per patient [17]. In a systematic review by van der Meij
et al [10], the effect of an eHealth strategy in surgical patients
was not consistent. Therefore, a small to medium effect (d=0.35)
was expected from our intervention. Combined with an α of
.05 and a power of 0.80, a total sample size of 260 patients was
required. We aimed for 280 participants to account for loss to
follow-up and nonadherence to the intervention and return of
questionnaires (attrition rate 5%, rounded up to a whole
number). Demographic data of randomized patients were
collected using definitions in line with the Netherlands Heart
Registration [18]. Education was grouped into three levels (low,
medium, and high) according to the general definition by
Statistics Netherlands (see Multimedia Appendix 1 for the full
definition).
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The main analysis was performed according to the
intention-to-treat (ITT) principle. Because patients in the
intervention group were not obliged to use the educational
videos and VCs might not be possible due to technical errors,
per-protocol analysis was also performed, which included only
patients who used the intervention strategy as intended (defined
as having at least one VC or TC and accessed the educational
videos at least once).

Planned subgroup analyses of the primary outcome were
performed according to age (<65 years vs ≥65 years), sex, recent
myocardial infarction, left ventricular function, diabetes, type
of CABG (on-pump vs off-pump), log EuroScore, and highest
level of education.

Continuous variables and outcomes are expressed as mean (SD)
in cases of a normal distribution and as median (IQR) in cases
of a nonnormal distribution. The Kolmogorov-Smirnov test and
Q-Q plots were used to test for normality of the data distribution.
Categorical data are summarized as absolute and relative
frequencies. The updated Dutch Manual for Cost Analysis in
Health Care Research was used as the source for cost prices per
health care activity if available [19]. Other tariffs were
calculated using top-down microcosting as described by Tan
and Hakkaart-van Roijen et al [20, 21] (see Multimedia
Appendix 1 for details). Each consumed health care activity
was multiplied by the cost price and total costs were calculated
by summing these multiplications. The HADS and RI-10
questionnaire scores at each interval were compared between
study groups. P<.05 was considered significant. Primary and
secondary outcomes are presented with effect-size estimates
and 95% CIs using the Cox proportional hazards model. The

proportional hazard assumption was assessed by log (–log)
plots. Analyses were performed using SPSS 25 and RStudio.

Results

Study Population
In total, 280 patients were included in the study between
February 2020 and December 2021, and subsequently
randomized yielding 140 patients in each study group. One
patient in the intervention group and two patients in the control
group were excluded after randomization because they
underwent percutaneous coronary intervention instead of CABG
surgery. In the intervention group, three patients were lost to
follow-up (1 withdrew consent, 1 had an early readmission due
to a complication, and 1 died). In the control group, three
patients were lost to follow-up (1 withdrew consent and 2 died).
The ITT analysis therefore consisted of 136 and 135 patients
in the intervention and control group, respectively. Weblog and
planning data revealed that 8 patients did not use the intervention
as intended, whereby 128 patients were included in the
intervention group in the per-protocol analysis (Figure 1).

Baseline characteristics of patients were similar in the two
groups (Table 1), with a median age of 67.9 and 69.6 years for
the intervention and control group, respectively. The majority
of patients were male in both groups. At the time of surgery,
25% of patients had an urgent indication and the remainder
underwent surgery in the elective setting. In the majority of
patients, on-pump CABG was performed using 3 distal
anastomoses. The left or right internal mammary artery was
used in >98% of patients. Duration of admission was also similar
in the two groups (Table 1).
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Figure 1. Enrollment overview. CABG: coronary artery bypass graft; PCI: percutaneous coronary intervention.
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Table 1. Baseline characteristics and procedural data (intention-to-treat analysis).

Standard care (n=135)eHealth group (n=136)Characteristics

69.6 (65.2-74.1)67.9 (61.5-73.3)Age (years), median (IQR)

113 (83.1)121 (89.6)Male, n (%)

27.2 (25.2-30.3)27.7 (25.1-30.6)BMI, median (IQR)

Medical history, n (%)

33 (24.3)45 (33.3)Diabetes mellitus

15 (11.0)7 (5.2)Chronic pulmonary disease

6 (4.4)9 (6.7)Atrial fibrillation

121 (89.0)117 (86.7)Multivessel disease

17 (12.6)17 (12.5)Peripheral vascular disease

1 (8.1)10 (7.4)Renal impairment (MDRDa<60 mL/min/1.73 m2)

5 (3.7)3 (2.2)Previous stroke

46 (33.8)45 (33.3)Recent MIb (90 days)

31 (22.9)36 (26.5)Previous PCIc

55 (50-55)55 (50-55)Left ventricular ejection fraction, median (IQR)

3 (2.2)0 (0)Ejection fraction≤30%, n (%)

7 (5.2)3 (2.2)NYHAd class>II, n (%)

Current health status

48 (40-51)51 (43-56)SF-36e physical score, median (IQR)

59 (55-64)58 (55-63)SF-36 mental score, median (IQR)

3 (1-6)3 (1-7)HADSf, median (IQR)

Level of education, n (%)

42 (31.1)36 (26.5)Low

55 (40.7)53 (39.0)Intermediate

38 (28.1)47 (34.6)High

Procedural data

2.87 (2.01-4.28)2.40 (1.82-4.06)EuroSCORE log, median (IQR)

1.32 (0.78-2.43)1.41 (1.05-2.04)EuroSCORE II, median (IQR)

101 (74.8)110 (81.5)Use of ECCg, n (%)

76 (64-91)74 (60-91)ECC duration in users (min), median (IQR)

3 (2-4)3 (2-4)Number of distal anastomoses, median (IQR)

6 (5-7)6 (5-7)Hospital stay (days), median (IQR)

aMDRD: Modification of Diet in Renal Disease.
bMI: myocardial infarction.
cPCI: percutaneous coronary intervention.
dNYHA: New York Heart Association.
eSF-36: Short Item-36.
fHADS: Hospital Anxiety and Depression Scale.
gECC: extracorporeal circulation.

Outcomes
At 6 weeks, care was consumed by less patients in the
intervention group than in the control group (Table 2). The
benefit of the eHealth strategy was most noticeable in patients

over 65 years of age, those of male sex, those with recent
myocardial infarction, or with a EuroScore>2 (see Figure S3 in
Multimedia Appendix 1). Reduction in individual care activities
was significantly different between groups for TCs and was
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borderline significant for general practitioner visits (Table 2).
Costs related to the primary outcome were significantly higher
in the standard care group compared with those in the eHealth
group (P<.001, Table 2), which was attributed to the higher
volume of care consumption in the control group (see Table S1
in Multimedia Appendix 1).

A composite of unplanned in-hospital care, a composite of
planned and unplanned in-hospital care after discharge, and use
of planned and unplanned primary care were all higher in the

control group than the intervention group (Table 2). The volume
of consumed care was also higher in the control group (Table
S1 of Multimedia Appendix 1).

The RI-10 score, indicating patient-reported recovery, was
significantly higher in the intervention group in the 3rd and 6th
weeks after discharge (Figure 2). Anxiety was not significantly
different between study groups (Figure 2). Per-protocol analysis
revealed similar findings (see Tables S2 and S3 in Multimedia
Appendix 1).

Table 2. Outcomes at 6 weeks.

P valueHazard ratio (95% CI)Standard care
(n=135)

eHealth group (n=136)Outcomes

Primary outcomes

.020.56 (0.34-0.92)61 (45.2)43 (31.6)Composite outcomea, n (%)

<.001N/Ac66 (0-215)0 (0-95)Cost (Eurob), Median (IQR)

<.001N/A285 (777)183 (515)Cost (Euro), mean (SD)

Secondary outcomes, n (%)

.030.56 (0.33-0.93)53 (39.3)36 (26.5)Composite unplanned in-hospital care

.110.56 (0.27-1.14)23 (17.0)14 (10.3)Emergency department visits

.590.76 (0.28-2.10)9 (6.7)7 (5.1)Readmissions

.831.10 (0.45-2.68)10 (7.4)11 (8.1)Outpatient clinic visits

.010.51 (0.29-0.87)47 (34.8)29 (21.3)Telephone consultations

.070.59 (0.34-1.04)41 (30.4)28 (20.6)General practitioner visits (unplanned)

<.0010.40 (0.24-0.67)97 (71.9)69 (50.7)Composite of all in-hospital cared

.040.58 (0.36-0.97)101 (74.8)82 (60.3)Composite of all primary caree

aComposite of unplanned health care utilization (ie, emergency department visits, readmissions, outpatient clinic visits, telephone consultations, or
general practitioner visits).
b1 Euro=US $1.13.
cN/A: not applicable.
dComposite of in-hospital care comprising planned and unplanned emergency department visits, readmissions, outpatient clinic visits, and telephone
consultations.
eComposite of primary care comprising planned and unplanned visits to the general practitioner, visits to allied health professionals (physical therapists,
dieticians, speech therapists, exercise therapy, social workers), and psychologist visits.
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Figure 2. Anxiety level measured with the Hospital Anxiety and Depression Scale (HADS) anxiety subscale (A) and progress of recovery measured
using the recovery index-10 (RI-10) questionnaire (B).

Process Evaluation
Among patients who were provided access to the educational
videos, 95% accessed the videos at least once. A total of 248
of the 272 planned VCs were conducted. Eight patients did not
use the intervention as intended and did not receive VCs (n=16
VCs). The other VCs that did not take place were substituted
with a TC due to technical errors (n=8). The median duration
of VCs was 10 minutes (IQR 8-11) for the first VC and was 8
minutes (IQR 7-9) for the second VC. Patients reported positive
attitudes toward the education videos and the VC (Figures S1
and S2 in Multimedia Appendix 1). Most notably, patients
reported a fairly positive attitude toward substitution of a
face-to-face contact with a VC, but patients also reported that

the VC with a physician (not the surgeon) or nurse practitioner
should not substitute the consultation with the surgeon.

Discussion

Principal Findings
The principal finding of the IMPROV-ED trial is that an eHealth
strategy comprising educational videos and VCs results in a
reduction of unplanned care and costs. In addition, the eHealth
strategy is associated with faster patient-reported recovery.
These findings are of medical and societal importance given
the increasing interest in digital health and the need for
value-based alongside evidence-based care. Our study is the
first to provide robust evidence that an eHealth intervention can

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37728 | p. 8https://www.jmir.org/2022/8/e37728
(page number not for citation purposes)

van Steenbergen et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


aid in reduction of health care utilization and associated costs.
This effect appears applicable to both in-hospital care as well
as primary care. One of the most pressing concerns from health
care insurance companies and decision-makers toward eHealth
is the great investment that is required for development of
content and the necessary infrastructure and issues that arise
after implementation due to lack of reimbursement options [22].
Our findings refute these concerns by showing positive effects
on costs. Furthermore, the eHealth strategy did not only
contribute to less patients consuming care (Table 2) but also
reduced the care consumed per patient (Table S1 of Multimedia
Appendix 1), which underlines the high potential of eHealth
strategies for this patient population to also positively influence
the burden on health care personnel. With an aging population,
a vast increase in health care consumption is expected in the
near future. Based on the results of our study, an eHealth
program is proven to aid in the sustainment of health care
systems.

The findings of our study shine new light on previous studies
comparing an eHealth program with standard care because it is
the first study to use health care utilization as a primary outcome
[10]. Very limited studies are available that use health care
utilization as an outcome, and those that have considered care
consumption as a secondary or tertiary outcome. Previous
studies were also not adequately powered to draw reliable
conclusions on the use of eHealth in reduction of care
consumption and, consequently, these studies reported mixed
outcomes. For example, Keeping-Burke et al [23] incorporated
health care use as a tertiary outcome in an RCT of patients after
CABG surgery using postoperative VCs, and concluded that
patients in the telehealth group had fewer physician contacts.
Zahlmann et al [24] used telecommunication in the postoperative
period after cataract surgery (n=62) and also concluded that
care in the intervention group was lower than that in the control
group. Conversely, Barnason et al [25,26] conducted two RCTs
in 232 and 50 CABG patients, respectively, using a supportive
telehealth program and concluded that both groups had similar
health care use at 6-month follow-up. Barnason et al [25] and
Keeping-Burke et al [23] both reported no differences in
emergency department visits and readmissions between study
groups. Readmission was also similar in a study by Gandsas et
al [27] after laparoscopic gastric bypass using robotic
telerounding during admission.

Another major strength of the current eHealth program is that
it provides patients of various degrees of socioeconomic status
and health literacy with information on the procedure and their
medical condition from a reliable source that is endorsed by
their surgeon. The Dutch Heart Foundation is a respected
organization that is dedicated to providing information on
cardiovascular health, advocating patient interests, and
conducting research [28]. The educational videos are developed
in conjunction with patient representatives and physicians. In
the VCs, additional questions are answered and uncertainties
are addressed. The impact of educational videos and VCs is
presumably in improvement of self-management skills and
reduction of fear and anxiety. Recall of information on
information provided preoperatively or at discharge is often
incomplete, and patients might not know what physical activity

is allowed after discharge or who to contact in case of
complaints. Patients can turn to the internet for information;
however, this information is uncontrolled, sometimes inaccurate,
and is not tailored to the care processes of their provider.
Because planned care is not initiated until 6 weeks after surgery
(and sometimes later in practice), conflicting advice can induce
insecurity, which will lead to use of care and will hamper
recovery. The results of our study are consistent with this
hypothesis. Nevertheless, the anxiety symptoms measured with
the HADS questionnaire relate to anxiety in a narrow sense,
whereas the anxiety experienced by patients after CABG surgery
is likely to be more subtle in nature, which may have contributed
to the nonsignificant difference in measured anxiety found in
this study.

However, health care utilization is the resultant of a
multifactorial behavioral model that attributes a combination
of predisposing factors (eg, patient characteristics such as age,
sex, sociodemographic parameters, or health literacy and attitude
toward health), enabling factors (eg, income, health insurance
status, health care organization), and need factors (eg, experience
with health care) to health care utilization [29]. The eHealth
strategy used in the IMPROV-ED trial has a positive influence
on some of these attributes but not all. Interestingly, subgroup
analysis showed that the eHealth program had a greater benefit
in more vulnerable patients (EuroScore≥2) and revealed a trend
toward more benefit in patients with a low level of education.
By contrast, a small group of patients who provided informed
consent did not use the educational videos or VCs that were
part of the eHealth strategy. These patients reported to have
received sufficient information from their physician, nurse, or
paramedic during admission, or that they found the relevant
information online themselves. It might therefore be reasonable
to consider adding different modes of digital health delivery to
the currently used eHealth strategy (eg, mobile apps, live chat,
home monitoring, telerehabilitation) to manage more attributes
of health utilization and to offer a more individualized approach
tailored to the patients’ needs. Combining different modes of
digital care might thereby further reduce health care utilization
and potentially also improve clinical outcomes [22].

Learning Points and Limitations
Even though the IMPROV-ED study yielded positive results
toward the primary outcome (Table 2) and patients were
generally positive about the eHealth strategy (Figures S2 and
S3 in Multimedia Appendix 1), several learning points and
limitations should be taken into account for future eHealth
programs.

First, the IMPROVE-ED trial is designed for patients who
consume care as a result of insecurity, anxiety, lack of medical
knowledge, and/or inadequate discharge counseling. As can be
concluded from Figure 1, a relevant number of patients who
were invited to participate in the trial did not provide informed
consent due to the general burden of having to undergo cardiac
surgery (patients used terms such as “stressful,” “anxiety,” and
“insecurity”) in conjunction with study obligations. The effect
of the eHealth strategy may be underestimated because this
group of patients might have been part of the target population
in which the eHealth strategy would have incremental value.
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Due to ethical constraints (patients did not provide informed
consent for participation and thus for data collection), these
patients were not further analyzed for the study outcomes.

In this study, standard care was not replaced by digital
alternatives, and yet the costs of the intervention group were
still lower than those of the control group receiving only
standard care. Because VCs were used as an add-on to standard
care, there are potentially more opportunities to reduce costs
further. The fact that eHealth is being implemented on top of
current health care services is, in addition to cost concerns, one
of the challenges identified by the European Society of
Cardiology as hampering the introduction of eHealth into
everyday clinical practice [22]. Future endeavors should focus
on investigating the potential of substitution of standard physical
care with digital alternatives, especially since the patients’
attitude was generally positive toward the (hypothetical)

substitution of a physical contact with a VC in this study (Figure
S1 of Multimedia Appendix 1). Previous studies also stated that
it is feasible to obtain the same effective communication and
interaction with VCs as with face-to-face care [30].

The majority of patients included in the IMPROV-ED trial were
included during the COVID-19 pandemic. The results of the
study might therefore be an underrepresentation of care
consumption because patients feared transmission in the hospital
setting [31]. Nevertheless, the randomized design balances this
influence between the study groups.

Conclusion
An eHealth strategy comprising educational videos and VCs
can reduce unplanned in-hospital and primary health care
utilization and costs, and can aid in faster patient-reported
recovery following CABG surgery.
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CONSORT: Consolidated Standards of Reporting Trials
HADS: Hospital Anxiety and Depression Scale
iMCQ: Institute for Medical Technology Assessment Medical Consumption Questionnaire
ITT: intention to treat
RCT: randomized controlled trial
RI-10: Recovery Index-10
TC: telephone consultation
VC: video consultation
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Abstract

Background: Secondary use of clinical data for biomedical research purposes holds great potential for various types of
noninterventional, data-driven studies. Patients’ willingness to support research with their clinical data is a crucial prerequisite
for research progress.

Objective: The aim of the study was to learn about patients’ attitudes and expectations regarding secondary use of their clinical
data. In a next step, our results can inform the development of an appropriate governance framework for secondary use of clinical
data for research purposes.

Methods: A questionnaire was developed to assess the willingness of patients with cancer to provide their clinical data for
biomedical research purposes, considering different conditions of data sharing and consent models. The Cancer Registry of the
German federal state of Baden-Württemberg recruited a proportionally stratified random sample of patients with cancer and
survivors of cancer based on a full census.

Results: In total, 838 participants completed the survey. Approximately all participants (810/838, 96.7%) showed general
willingness to make clinical data available for biomedical research purposes; however, they expected certain requirements to be
met, such as comparable data protection standards for data use abroad and the possibility to renew consent at regular time intervals.
Most participants (620/838, 73.9%) supported data use also by researchers in commercial companies. More than half of the
participants (503/838, 60%) were willing to give up control over clinical data in favor of research benefits. Most participants
expressed acceptance of the broad consent model (494/838, 58.9%), followed by data use by default (with the option to opt out
at any time; 419/838, 50%); specific consent for every study showed the lowest acceptance rate (327/838, 39%). Patients expected
physicians to share their data (763/838, 91.1%) and their fellow patients to support secondary use with their clinical data (679/838,
81%).

Conclusions: Although patients’ general willingness to make their clinical data available for biomedical research purposes is
very high, the willingness of a substantial proportion of patients depends on additional requirements. Taking these perspectives
into account is essential for designing trustworthy governance of clinical data reuse and sharing. The willingness to accept the
loss of control over clinical data to enhance the benefits of research should be given special consideration.
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Introduction

Background
Secondary use of clinical data for biomedical research purposes
has great potential for various types of noninterventional,
data-driven studies. We define secondary use of clinical data
as the collection and reuse of clinical data in data gathering,
noninterventional biomedical research, or learning activities;
clinical data are collected during and for the purpose of patient
care [1]. Research using clinical data has the ethical and
efficiency advantages of not requiring additional physical
interventions or collection of additional data. Although
secondary use aims at improving biomedical knowledge and,
in turn, medical care, it does not imply a direct benefit for the
patient who has released their data.

The blurring of the boundaries between research and care, as
envisaged in concepts of learning health care systems, is
currently visible only in few areas [1,2]. The endeavor to merge
these different system logics is faced with emerging challenges
such as limited utility of specific consent models for research
or false expectations regarding their benefits on the part of
patients [3]. The goal of this paper was to contribute the patients’
perspective to the debate and potential solutions to the current
challenges of secondary use of clinical data in the context of
learning health care systems.

Previous studies with citizens and patients have already shown
that certain aspects seem to be crucial for supporting secondary
use, such as who conducts the research (eg, academic or
commercial), whether data are transferred to other countries,
and what consent model is applied [2-9]. However, owing to
varying research designs, for example, by examining different
study units, applying different survey instruments, and being
conducted in diverse health care systems, these studies, taken
together, have heterogeneous results.

Consent is a crucial component of respecting patient autonomy
and building trust in health research. However, the specific
consent paradigm of clinical trials cannot easily be applied to
the secondary use of clinical data because most scientific
questions are unknown at the time consent is obtained, that is,
when the patient receives care. Newly applied models for
secondary use of clinical data, such as broad consent or data
use by default (with the option to opt out any time), facilitate
research with clinical data, but are criticized from an
informational self-determination perspective for offering patients
insufficient control over their clinical data. However, previous
studies have identified patients’ and citizens’ openness toward
these new models [5,10-12]. Other empirical studies show that,
to increase research benefits, participants seem willing to accept

the loss of control over their data [13-16]. However, no studies
have yet been conducted to assess the acceptance of consent
models in light of the trade-off between the control of clinical
data and research utility.

Aim
The objective of this study was to assess (1) patients’ general
willingness and relevant requirements to share pseudonymized
clinical data for research purposes, (2) acceptance of different
consent models including characteristics of data control and
research utility, (3) preferences regarding the setting to provide
consent, and (4) general expectations toward data use and other
stakeholders.

Methods

Survey Development
The questionnaire (Multimedia Appendix 1) was based on a
review of the relevant scientific literature and a preparatory
expert interview study among stakeholder groups engaged or
affected by the planned secondary use of clinical data in
Germany [17]. In total, 2 representatives for patient interests
were included in the expert sample. The questionnaire was
developed through several discussion and feedback rounds by
the international and interdisciplinary project team, consisting
of social scientists; ethicists; legal scholars; and clinicians with
expertise in social, ethical, legal, or practical aspects of
secondary use of clinical data. To ensure comprehensibility and
technical functionality of the questionnaire, cognitive interviews
(n=5) with patients with cancer and survivors of cancer who
had provided consent were conducted in the pretest phase,
resulting in minor adaptions.

To allow participants to develop an informed opinion, the survey
included background information about risks and benefits
associated with the secondary use of clinical data. The survey
consisted of 33 items on the following topics: sociodemographic
and disease-related information, expectations and risk perception
toward secondary use, willingness to provide clinical data under
certain requirements, and acceptability of consent models and
procedures. Attitudinal questions were designed as 5-point
Likert scale. The survey was approved by the data protection
officer of the Heidelberg University Hospital.

Operationalization of Consent Scenarios
In total, 3 vignettes were developed to measure the acceptability
of 3 consent scenarios: specific consent, broad consent, and
data use by default (with the option to opt out at any time).
Acceptance was measured using a 4-point Likert scale (Figure
1).
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Figure 1. Display of the 3 consent scenarios in the questionnaire (English translation).

Previous studies have reported that participants made a trade-off
between research utility and data control [13]. Hence, 3 consent
scenarios were designed with information about research utility
and control over data. In the process of operationalization, we
further reduced the complexity of the theoretical concept to
ensure good comprehensibility of the survey material:

1. By specific consent, we understand that consent is provided
for each individual study (option 1 in Figure 1), as currently
performed in clinical trials. Consistent with our preliminary
studies [1,17], we inform about high degree of control over
the secondary use of clinical data and low research benefit
owing to the administrative burden on researchers.

2. In the case of the broad consent scenario, 1-time consent
is provided for future medical studies with clinical data;
moderate control and research utility are presumed (option
2 in Figure 1).
This vignette refers to the implementation of a broad
consent process for the German Medical Informatics

Initiative; the development of a unified template for broad
consent was accompanied by the German Working Group
of Research Ethics Committees [18]. In practice, this model
involves safeguards such as the review of each individual
research project by a research ethics committee and data
access committees, organizational measures to protect
patient data, and comprehensive information for patients
[18]. To ensure comprehensibility, the details of these
safeguards are not provided to the participants of this study.

3. Data use by default is use of data for secondary research
by default (comparable with Denmark or Estonia) without
individual informed consent process, but with the possibility
to opt out at any time. This scenario is associated with low
degree of data control for patients and facilitation of
research as no individual consent needs to be obtained
(option 3 in Figure 1).
Regarding law, the European Union (EU) data protection
regulation provides some scope for this scenario of data
use based on a legal basis other than informed consent if
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the potential research benefit clearly outweighs the right to
informational self-determination (Art. 9, Paragraph 2, lit.
j [19]). Compensating efforts such as ambitious security
and privacy measures and extensive general public
education about data use and data governance are likely to
be ethically and legally necessary. To ensure
comprehensibility, the details of these safeguards are not
provided to the participants of this study.

Sampling and Recruitment
The Cancer Registry of the German federal state of
Baden-Württemberg sent postal invitations to a random sample
of patients with cancer and survivors of cancer, proportionally
stratified by age and gender, requesting study participation
(n=4219). The sample frame consisted of all registered patients
in Baden-Württemberg, Germany, with a diagnosed tumor
disease who were aged ≥18 years. Participants had the option
of either completing an anonymous and self-administered
web-based survey (the hyperlink was provided in the cover
letter) or returning an envelope by mail, consenting that their
address may be forwarded to the research group to subsequently
receive a paper-and-pencil questionnaire. Survey instruments
were adapted to the requirements of a mixed-mode survey [20].

Individuals who completed the survey were not compensated.

Data collection occurred from May 2021 to July 2021.

Analysis
Descriptive statistics were used to express the categorical
variables as counts and percentages. Differences in proportions

were assessed for statistical significance (P<.05) using
chi-square tests. The 2-tailed Pearson correlation coefficients
were computed. All analyses were performed using SPSS
(version 28; IBM Corp).

Ethics Approval
The study obtained ethics approval from the University of
Heidelberg’s research ethics committee (reference number
S-361/2018). Informed consent was obtained from the
individuals who participated in the study pretest measurement
and the written survey.

Results

Demographics of Participants
Of the 4155 patients with cancer approached by the Cancer
Registry Baden-Württemberg, 838 (20.17%) participants
completed the survey. Approximately half of the participants
who answered the respective question were women (389/820,
47.4%; Table 1). Of 832 participants, 390 (46.9%) participants
were aged between 60 and 74 years, and of 826 participants,
541 (65.5%) participants were retired. In total, 29.8% (247/830)
of the participants had a university degree. The most common
types of cancer were breast cancer (204/826, 24.7%), prostate
cancer (187/826, 22.6%), and gastrointestinal cancer (79/826,
9.6%). The distribution of age, gender, and cancer entity
mirrored that of the general distribution of patients with cancer
in the Cancer Registry Baden-Württemberg, with minor
deviation.
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Table 1. Demographics of participants.

Values, n (%)Characteristics

Gender (n=820)

389 (47.4)Women

431 (52.6)Men

Age groups (years; n=832)

186 (22.4)18-59

390 (46.9)60-74

256 (30.8)≥75

Highest educational degree (n=830)

84 (10.1)Elementary school diploma

398 (47.9)Secondary school diploma

97 (11.7)Qualification for university entrance

247 (29.8)University degree

4 (0.5)No school diploma

Employment status (n=826)

219 (26.5)Employed or self-employed

45 (5.4)Not employed owing to health reasons

541 (65.5)Retired

21 (2.5)Not employed owing to other reasons

Type of cancer (n=826)

204 (24.7)Breast

187 (22.6)Prostate

79 (9.6)Gastrointestinal

63 (7.6)Skin cancer

39 (4.7)Non-Hodgkin lymphoma

31 (3.8)Lung

22 (2.7)Leukemia

22 (2.7)Kidney

22 (2.7)Head and neck

21 (2.5)Uterine or endometrial

18 (2.2)Urinary bladder

16 (1.9)Stomach

9 (1.1)Pancreas

93 (11.3)Other

General Willingness to Provide Clinical Data for
Biomedical Research Purposes and Requirements for
Data Provision
Most participants indicated that they are generally willing to
make their clinical data available either without restrictions
(527/838, 62.9%) or under certain conditions (283/838, 33.8%).
Only 0.7% (6/838) of the participants generally refused to
provide clinical data.

Then, the participants who indicated general willingness were
asked about certain requirements under which they would

provide their clinical data. When asked about the general
requirements they deemed relevant, most participants stated the
highest possible data security standards (482/838, 57.5%),
followed by use of their data for as many research projects as
possible (254/838, 30.3%), and being informed about the most
important research results (208/838, 24.8%; Multimedia
Appendix 2).

Most participants (591/832, 70.5%) stated that they would
support research with their data in countries with high level of
data protection comparable with German standards; 17.9%
(149/832) of the participants stated that they would restrict data
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use to domestic research projects; and 8.8% (73/832) of the
participants agreed to support international projects, independent
of the level of data protection (Multimedia Appendix 3).

When asked how long their initial consent should be valid,
38.5% (320/832) of the participants set no time limit and
approximately half of the participants demanded to renew
consent either after 3 years (181/832, 21.8%), 10 years (227/832,
27.3%), or 30 years (10/832, 1.2%), respectively. In total, 10.2%
(85/832) of the participants favored renewal of consent each
time their data are used for specific research projects
(Multimedia Appendix 4).

A large proportion of participants (532/832, 63.4%) said that
they would grant access to researchers, independent of their
affiliation; however, 22.7% (189/832) of them did not want to
share their data with researchers at for-profit companies that
conduct medical research (Multimedia Appendix 5). Only a
small proportion opposed the secondary use of their clinical
data by their physicians (56/832, 6.7%) or researchers at
universities and university hospitals (48/832, 5.8%).

Acceptance of Consent Models
The questionnaire provided information about 3 consent models
that correspond to specific consent, broad consent, and data use
by default (with the option to opt out at any time), including
the trade-offs of each model between control over clinical data
and the facilitation of medical research (Table 2). For each
consent model, the participants rated the level of acceptance on
a 4-point Likert scale. Each of the 3 consent models showed a
medium degree of acceptance with significant mean differences.
Of the 838 participants, 491 (58.6%) accepted the broad consent
model, 421 (50.2%) accepted data use by default (with the
option to opt out at any time), and 323 (38.5%) accepted the
specific consent model. Of the 323 participants accepting the
specific consent model, 102 (31.6%) did not accept any other
model (102/838, 12.2% of the total sample). Sociodemographic
characteristics were not significant, except for older participants
being more likely to accept data use by default (Pearson
coefficient, 2-tailed: r=0.138; P<.001).

Table 2. Acceptance rates of 3 consent models: broad consent, data use by default, and specific consent (N=838)a.

Do not know or not
answered, n (%)

Not accepted, n
(%)

Accepted, n (%)DescriptionModel

117 (13.9)230 (27.4)491 (58.6)One-time consent for future studies, informed in person, low level of
control, and research is facilitated

Broad consent

70 (8.4)347 (41.4)421 (50.2)Use for future studies without consent process, not personally informed,
very low level of control, and research is significantly facilitated

Data use by default

143 (17.1)372 (44.4)323 (38.5)Consent for each study, informed in person, high level of control, and
research is hampered

Specific consent

aAcceptance was measured using a 4-point scale; results were collapsed into 2 groups (not acceptable: not acceptable and rather not acceptable;
acceptable: acceptable and rather acceptable).

Preferences Regarding the Setting for Providing
Consent
Participants were asked about the most appropriate setting for
providing consent for the secondary use of their clinical data
for research purposes. Most of them preferred to decide at their
general practitioner’s practice (528/838, 63%), and a small
proportion of participants preferred to decide during the
admission to a hospital (174/838, 20.8%; Multimedia Appendix
6).

When asked about preferred information formats, most
participants selected a brief written summary of key points in
easy-to-understand language to learn more about secondary use
(616/838, 73.5%), followed by face-to-face consultation with
physicians (347/838, 41.4%; Multimedia Appendix 7).
Participants were asked about who should decide about data
access and use by individual research projects: most participants

(393/838, 46.9%) favored committees with experts in which
the opinion of patients is represented, for example, by patient
representatives, whereas a small proportion of participants
preferred to leave the decision to an expert committee (without
patient representation; 185/838, 22.1%) or to decide for
themselves (200/838, 23.9%; Multimedia Appendix 8).

Concerns in the Event of Data Use
A small proportion of the participants (99/838, 11.8%) showed
major general concerns regarding their clinical data being used
for research purposes (Figure 2). Then, all participants were
asked about more specific concerns: the largest proportion of
participants were worried about the data being misused in
countries other than Germany (246/838, 29.4%), data being
misused by criminals (244/838, 29.1%), and data being used
by companies for something other than medical research
(235/838, 28%). Concerns about participants being discriminated
against because of cancer were very low (32/838, 3.8%).
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Figure 2. Concerns in the event of data use (N=838).

Expectations Toward Benefits, Other Patients, and
Physicians
Approximately all participants (788/838, 94%) expected a
benefit for other patients from making their clinical data
available for research purposes (Figure 3). More than half of
the participants (482/838, 57.5%) mistakenly expected a
personal benefit, even though the explanatory text explicitly
stated the opposite. Of the 838 participants, 676 (80.7%)

participants supported the claim that all patients should
voluntarily make their clinical data available for research
purposes. In total, 68.3% (572/838) of the participants expected
their physicians to protect the participants’ clinical data in all
circumstances, and approximately all participants (758/838,
90.5%) expected their physicians to support research, if consent
was provided, by making their patients’ clinical data available
for research.

Figure 3. Expectations toward physicians and other patients (N=838).
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Discussion

Principal Findings
Information about the requirements under which patients would
make their treatment data available for research is important
for any form of policy that regulates the secondary use of such
data. This paper provides the results of a representative sample
of German patients with cancer on general willingness and
decisive requirements for sharing their data for research
purposes and on the acceptance of consent models and
expectations toward relevant stakeholders. The following are
the main findings. First, we found an unprecedentedly high
general willingness (810/838, 96.7%) to make clinical data
available even after being informed about the potential risks of
secondary use; however, relevant requirements included the
following: ensuring a high level of data security, comparable
data protection standards for data use abroad, and renewed
consent at regular time intervals. Second, in contrast to previous
studies, three-fourths of respondents (620/838, 73.9%) supported
data use also by researchers in commercial companies. Third,
the highest acceptance rate was found for a broad consent model
(494/838, 58.9%), followed by data use by default (419/838,
50%); and specific consent for every study (327/838, 39%).
Fourth, high expectations for physicians and fellow patients to
support data sharing for research purposes were found.

To the best of our knowledge, this is the first representative
study on attitudes toward the secondary use of clinical data and
acceptance of consent models in combination with
characteristics of data control and research utility.

High General Willingness to Provide Clinical Data

Overview
An important finding of our study was the high willingness of
patients with cancer to make their clinical data available for
research purposes (810/838, 96.7%), either without any
restrictions (527/838, 62.9%) or under certain conditions
(283/838, 33.8%). Only 0.7% (6/838) of the participants
generally refused to provide clinical data. A
population-representative study in the United States found low
proportions of general willingness (76%) [21], similar to
representative studies in Germany in the contexts of the
COVID-19 pandemic (65%) [22] and medical data including
genetic data (56%) [13]. These different results suggest that
patients with cancer are more willing to provide clinical data
for medical research because they may either have benefited or
hope to benefit from research. As potential beneficiaries of past
studies, they may also feel greater responsibility than citizens
and other patient groups to support research to help future
generations of patients [11,23-25]. Although patients with cancer
are not representative of all patients, we assume that they can
hint well at the attitude of other patient groups with severe or
rare diseases, such as leukodystrophies [26]. A study conducted
in the United States shows slightly lower willingness among
patients with cancer and survivors of cancer (71%) [27] than
among the general population (76%) [21], which may point
toward country-specific factors in the context of health systems
and trust in institutions.

General Requirements: Data Security, Maximizing Data
Use, and Transparency
The most relevant general requirements for supporting the
secondary use of clinical data for research were high data
security (486/838, 57.9%), maximizing data use (251/838,
29.9%), and information about research results that made use
of patients’ clinical data (210/838, 25.1%). These findings
indicate the relevance of the ability of data governance to protect
clinical data, maximize accessibility (and usability) of data for
research, and report transparently on the results of data use.
These findings are largely consistent with previous literature
that describes secure data use, public benefits through effective
use by researchers, and transparency as important requirements
for data sharing [3,8,14]. It may well be that participants value
the reporting of results as an act of recognition and reciprocity.
Suggestions for future set up of governance for secondary use
of data to respond to the abovementioned requirements include
appropriate safeguards to protect patient data; high degree of
transparency regarding data use and benefits to society; and
technical, organizational, and legal data infrastructure that
enables researchers to maximize research benefits. Involving
patients to better understand their concrete needs in designing
these requirements for secondary use seems advisable [28].

Data Transfer Only to Countries With Comparable Data
Protection Standard
Most participants stated that they would restrict their data to
research in countries with data protection standards comparable
with those in Germany (737/838, 87.9%), and a small minority
of the participants was willing to provide data to other countries
(75/838, 8.9%). This resonates with another German study with
outpatients who generally support data donation in favor of
public research institutions in EU countries with similar data
protection standards (92%); only a minority of the participants
approved data access to countries outside the EU (24%), which
is a large share compared with our findings [6]. The high
relevance of this aspect is consistent with studies of Canadian
citizens [8,9]. However, further studies are needed to explore
the exact kinds of misuse that make people fearful about
international data transfers. Our study suggests that comparable
data protection standards are a decisive requirement for patients.
A suggestion to address this need is that policy makers and data
initiatives explain well to patients what the additional benefit
of multinational research is, what the specific risks are (eg,
foreign government access and less ability to enforce rights),
and how risks to data protection in these countries are mitigated.
They are well advised to give patients the choice of whether to
consent to data transfer to countries with low data protection
standards.

Most Participants Support Data Use by Corporate
Researchers
Low willingness of citizens to share data with the private
industry has been reported in several studies [3,4]. This finding
poses challenges to the biomedical research landscape, as many
studies are conducted by companies or in cooperation with
companies. In contrast, our results show that approximately
three-fourths of the participants (620/838, 73.9%) were willing
to make their clinical data available to company researchers.
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This is a much higher acceptance than in studies with German
citizens [5] and outpatients [6], which reported that only a
minority of those participants who agreed to data donation were
willing to provide data to the industry (17% and 29%,
respectively). A cross-country study found particularly low
support for medical and genetic data sharing with for-profit
researchers among German participants (22% compared with
32% on average across all countries) [29]. We hypothesize that
willingness to share data with company researchers may change
owing to experiences with a severe illness: patients with cancer
may develop strong awareness of contributions by corporate
researchers, possibly based on their experiences during their
therapy. In addition, our questionnaire item included a brief
explanation of the relevant contribution of industry to medical
research and of industry as an important collaborator with public
research institutions. We suppose the explanation increased the
participants’ understanding and willingness to provide clinical
data to the industry, which is consistent with a study examining
public attitudes toward commercial data access, in which
provision of information and deliberative methods increased
willingness to share data [15]. In addition, our findings indicate
that low willingness to share data with corporate researchers
can be addressed through collaboration with public research
institutions in public-private partnerships.

Renewed Consent Within Certain Time Intervals
The participants’ stance was divided on the duration of data use
after initial consent is provided. Most participants (408/838,
48.7%) preferred to renew consent for broad research use after
a period of 3 or 10 years. Only approximately one-third of the
participants (243/838, 28.9%) preferred 1-time consent with
unlimited duration of consent validity. In contrast, in a
representative study of German citizens, more than half of the
participants favored unlimited validity of consent (56%), and
a minority favored consent validity of 5 years (17%) [5]. Our
reported relatively high proportion of participants preferring
renewed consent may have resulted owing to the following
reasons. First, patients with cancer experience changing health
conditions, leading to a subjective sensitivity to release clinical
data without time limit. Second, our questionnaire explicitly
mentioned risks of data release, possibly reducing the approval
of unlimited data use. Third, the abovementioned study among
German citizens asked for unlimited use for “data donation,”
which can be understood as irrevocable by definition. To address
this potential need for patients to renew consent, further studies
should investigate the preferences using neutral wording.

Broad Consent and Data Use by Default Was More
Accepted Than Specific Consent—Research Benefits
Partially Outweigh Loss of Control

Overview
Participants were presented with general information about 3
consent models (specific consent for every study; broad consent;
and data use by default, with the option to opt out at any time).
Specific consent is related to maximum informational control
for patients, but less utility for research projects, whereas data
use by default is associated with less informational control, but
maximum utility for research projects. The broad consent model
features moderate control and research utility (Table 2). The

opportunity of being personally given information by health
personnel is not available in the case of data use by default.
Participants rated the level of acceptance for each consent
model. The broad consent model received the highest acceptance
rate (491/838, 58.6%), followed by data use by default (421/838,
50.2%) and the specific consent model with only a moderate
acceptance rate (323/838, 38.5%). The relatively high
acceptance rate for the broad consent model is consistent with
the results of previous studies. Different study designs and minor
deviations regarding the definition of consent procedures apply;
therefore, comparisons should be considered cautiously. In total,
2 studies with a German patient sample and a large sample of
Dutch patients found even higher acceptance rates in the context
of health care–embedded biobanking and data donation
(92%-93%) [5,10]. An earlier study of German patients (87%)
[11] and a study of a smaller sample of US citizens (96%) [12]
showed similar results. Our acceptance rates for each of the
presented consent models were lower than those in other studies.
This may be a consequence of the choice among 3 different
models, rather than only 1, as presented in other studies. The
low acceptance rates may also result from a trade-off decision
between support for research and control over one’s clinical
data. Previous studies have described this trade-off between
control and research benefits as a relevant influencing factor in
decision-making [12-16]. Accordingly, in our study, most
participants (520/838, 62.1%) agreed to give up control if it
increased the benefits of research. This finding is significant
because most participants (804/838, 95.9%) believe in the
benefits of secondary use for other patients. Evidence from other
studies [11,23-25] and our findings not only suggest that
research benefits partially outweigh the loss of control but also
that they are a critical motivational aspect of making data
available for research.

As none of the models achieved wide-ranging acceptance in
our study, it is worth discussing whether a meta-consent model
that allows participants to choose their preferred consent variants
[30] accounts best for individual ways of balancing control and
research benefits regarding consent models.

Preferred Framework Conditions for Providing Consent
and Data Release
When asked for consent, participants expected brief and
understandable written information (616/838, 73.5%) about
data use and preferred their primary care physician as a venue
for informed consent (528/838, 63%) over providing consent
upon hospital admission (174/838, 20.8%). This finding is
underpinned by a qualitative study in which support by health
care professionals was seen as an important facilitator [8].

Our findings indicate that, regarding place and time (ie, where
and when patients are informed and asked for consent), consent
in the clinical context is preferred over consent before becoming
a patient. This is consistent with the finding that patients prefer
providing consent at hospitals (64%-76%) over providing
consent outside the clinic [6]. However, another study concluded
that the decision about making data available for research should
be separated from the clinical context and anchored in everyday
life [31]. Owing to possible age and disease effects, further
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studies should investigate the differences between the general
population’s and patients’ acceptance.

When asked who should decide on data release when individual
research projects apply for using participants’ clinical data after
having personally released their treatment data for research
purposes, approximately half of the participants (394/838, 47%)
preferred a committee with experts and patient representatives
over a committee with experts only or deciding for themselves.
A suggestion to address this need is to involve patients in data
access committees.

Low Concerns and High Expectations

Low Level of Concern in General and About
Discrimination
In our study, the proportion of participants who were concerned
about the use of clinical data (101/838, 12.1%) was considerably
lower than the findings of 2 surveys conducted in Australia
among citizens (24%-25%) [32] and patients (24%) [33]. A
study conducted in the United States found that privacy concerns
had the strongest influence on individuals’ intentions to provide
clinical data [34]. This discrepancy may be attributable to
country-specific differences regarding trust in health care and
government institutions [3] and the lack of experience with
extensive data leaks or the misuse of clinical data in Germany.
Participants’concerns about discrimination owing to their cancer
were very low (34/838, 4.1%).

False Expectations of Personal Benefit
Most participants (486/838, 57.9%) incorrectly expected
personal benefits from making their clinical data available for
research purposes—even though the wording of the
questionnaire had been adjusted during the pretest phase.
Another study found that more than one-fourth of German
patients hoped for personal benefit (28%) after being asked for
consent for secondary use of clinical data and biomaterial
collected during routine care [11]. Owing to the severity of the
disease, patients with cancer may be particularly prone to this
false expectation of personal benefit from research with their
health data, which is comparable with therapeutic misconception
[35] in clinical trials. The study showed that the proportion of
those holding false expectation decreased considerably after the
modification of consent information material (12%). To reduce
the risk of false expectations, particularly in vulnerable groups
such as patients with severe illnesses, careful education about
the unlikelihood of direct benefits from making their clinical
data available for research purposes is needed.

High Expectations of Other Patients and Physicians
Our results indicate a clear expectation toward fellow patients
(696/838, 83.1%) to support medical research with clinical data,
which is consistent with a study conducted in Germany among
outpatients (80%-90%) [6]. Interestingly, more participants
expected their physicians to share clinical data for research
(754/838, 89.9%) than to protect their clinical data under all
circumstances (570/838, 68%). This is the first study to
investigate the expectations toward physicians.

Limitations
The recruited sample is largely representative of the population
of patients with cancer in the federal state of
Baden-Württemberg in age, gender, and cancer entity. However,
we found that the educational level in our sample was higher
than that of the corresponding age cohorts of the German
population [36]. The educational level of the German population
presumably applies to the group of patients with cancer and
survivors of cancer. Owing to the topic of the survey, we suspect
a self-selection bias correlating with high educational level.
According to a study in the context of genetic research and
biobanking, high educational level positively correlates with
willingness to provide data [24]; consequently, our results may
overestimate willingness to provide clinical data. In addition,
false expectations of personal benefits from providing data for
secondary use may have increased the participants’ willingness
to share clinical data.

A considerable proportion of participants who had previously
agreed to hypothetically make their clinical data available
without restrictions, favored restricted use of their clinical data
when asked about specific requirements such as data user,
duration, and data use in other countries (Multimedia Appendix
9). We assume that the participants have not yet formed a strong
opinion about sharing their clinical data. Hence, the general
willingness to provide clinical data seems to measure an overall
attitude toward secondary use, rather than the actual willingness
to provide clinical data without restrictions for research
purposes.

Conclusions
Our study shows very high general willingness of patients with
cancer to make their clinical data available for biomedical
research purposes. However, the willingness to provide clinical
data may be overstated owing to the above-average educational
level of the respondents. For a considerable proportion of
patients with cancer, willingness depends on certain
requirements. In addition to the basic prerequisite of high level
of data security and transparency in the use of the data, most
patients shared the view that the data must not be used in
countries with low data protection standards and that they should
have the possibility to renew consent. In contrast to previous
studies, the exclusion of use of data for private sector studies
is not a requirement for most participants.

High willingness on the part of patients to accept loss of control
over clinical data in favor of research benefits and request to
maximize accessibility (and usability) of data for research were
found. This is consistent with the acceptance of more
research-friendly and low-control models, namely the broad
consent model, followed by data use by default (with the option
to opt out at any time). The striving for maximizing data use is
also reflected by patients’ expectations toward physicians and
other patients to support secondary use.

Policy makers are well advised to account for patients’ views
when designing and implementing secondary use, with the aim
to contribute to a socially legitimized culture of data sharing.
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Abstract

Background: Sexual dysfunction is a private set of disorders that may cause stigma for patients when discussing their private
problems with doctors. They might also feel reluctant to initiate a face-to-face consultation. Internet searches are gradually
becoming the first choice for people with sexual dysfunction to obtain health information. Globally, Wikipedia is the most popular
and consulted validated encyclopedia website in the English-speaking world. Baidu Encyclopedia is becoming the dominant
source in Chinese-speaking regions; however, the objectivity and readability of the content are yet to be evaluated.

Objective: Hence, we aimed to evaluate the reliability, readability, and objectivity of male sexual dysfunction content on
Wikipedia and Baidu Encyclopedia.

Methods: The Chinese Baidu Encyclopedia and English Wikipedia were investigated. All possible synonymous and derivative
keywords for the most common male sexual dysfunction, erectile dysfunction, premature ejaculation, and their most common
complication, chronic prostatitis/chronic pelvic pain syndrome, were screened. Two doctors evaluated the articles on Chinese
Baidu Encyclopedia and English Wikipedia. The Journal of the American Medical Association (JAMA) scoring system, DISCERN
instrument, and Global Quality Score (GQS) were used to assess the quality of disease-related articles.

Results: The total DISCERN scores (P=.002) and JAMA scores (P=.001) for Wikipedia were significantly higher than those
of Baidu Encyclopedia; there was no statistical difference between the GQS scores (P=.31) for these websites. Specifically, the
DISCERN Section 1 score (P<.001) for Wikipedia was significantly higher than that of Baidu Encyclopedia, while the differences
between the DISCERN Section 2 and 3 scores (P=.14 and P=.17, respectively) were minor. Furthermore, Wikipedia had a higher
proportion of high total DISCERN scores (P<.001) and DISCERN Section 1 scores (P<.001) than Baidu Encyclopedia. Baidu
Encyclopedia and Wikipedia both had low DISCERN Section 2 and 3 scores (P=.49 and P=.99, respectively), and most of these
scores were low quality.

Conclusions: Wikipedia provides more reliable, higher quality, and more objective information than Baidu Encyclopedia. Yet,
there are opportunities for both platforms to vastly improve their content quality. Moreover, both sites had similar poor quality
content on treatment options. Joint efforts of physicians, physician associations, medical institutions, and internet platforms are
needed to provide reliable, readable, and objective knowledge about diseases.

(J Med Internet Res 2022;24(8):e37339) doi: 10.2196/37339
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Introduction

Knowledge regarding health and well-being is cobbled together
from health care professionals, family, friends, books,
newspapers, magazines, educational pamphlets, radio, television,
and pharmaceutical advertisements [1]. However, we are
increasingly heading online for answers rather than pursuing
information through these other avenues [2]. Approximately
6% of all internet searches in the United States are health-related
[3], and it is believed that internet searches have become
people’s first choice of method to seek information regarding
health issues [4]. In addition, the population of netizens in
mainland China reached 1011 million in 2021, and the number
of online medical users in China had reached 239 million by
June 2021, accounting for 23.7% of total internet users [5].
Information quality, emotional support, and source credibility
have significant and positive impact on the likelihood of health
care information adoption, and among these factors, information
quality has the biggest impact on patients’ adoption decisions
[6]. Given the large amount of inaccurate information online,
users are very easily misinformed [1]. Previous studies showed
that the quality of online health information is problematic [7,8].
Thus, the assessment of source reputability and the veracity of
information is a crucial and urgent task.

As the most common male sexual dysfunctions, erectile
dysfunction (ED; the persistent inability to attain and maintain
an erection sufficient to permit satisfactory sexual performance)
and premature ejaculation (PE; poorly controlled and rapid
ejaculation) greatly affect the quality of life of patients [9,10].
Furthermore, sexual dysfunction is closely associated with
chronic prostatitis/chronic pelvic pain syndrome (CP/CPPS;
urologic pain or discomfort in the pelvic region associated with
lower urinary tract symptoms) and is the most common
complication [11,12]. The prevalence of CP/CPPS in men is
about 8.2%, and men with CP/CPPS are more prone to ED and
PE than the general population [13]. A previous study found
that nearly half of patients with a self-reported diagnosis of
CP/CPPS reported mild to severe ED [14]. A meta-analysis of
24 studies suggested that the overall prevalence of sexual
dysfunction in patients with CP/CPPS was 0.62 [15]. In
particular, our previous study found that “prostate” and
“prostatitis” were the most queried terms by Chinese users with
PE [16], which highlighted the stigma and preferences of these
patients [17]. In addition, the complex and unclear etiology of
CP/CPPS and sexual dysfunction not only challenges clinicians
in the choice of treatment but also seriously affects the quality
of life of patients. Previously, public interest and the change
over time in the search volume for sexual dysfunctions and
lower urinary tract symptoms were analyzed [16,18,19]. People
tended to consult Dr. Internet in a combined manner on these
issues for treatment decision-making. Therefore, the issue of
sexual dysfunction is commonly investigated with CP/CPPS.

Wikipedia, the most popular and consulted encyclopedia website
in English, is a web-based encyclopedia that provides valuable
web-based health information [20]. Previous studies have shown
that Wikipedia is a reasonably reliable medical resource and it
was ranked higher on search engines than other general websites
[21,22]. Unfortunately, on May 19, 2015, “Chinese Wikipedia”

announced that mainland Chinese servers would be shut down
because of violation of mainland China’s laws due to the attack
and destruction of the internet. As the equivalent Wikipedia for
Chinese internet users, the Baidu platform and its Encyclopedia
service is the most popular and frequently consulted
encyclopedia site in mainland China [23,24]. In mainland China,
with 766 million users actively using the Baidu search service,
its usage in relation to health inquiries and symptom
confirmation accounts for 66.83% of use, and health and medical
topics ranked first among science topics [24]. Our previous
research on the Baidu search index showed that the search
demands by its users for sexual dysfunction and lower urinary
tract symptoms are huge. However, users often get irrelevant
online medical information, and there is little evaluation of the
quality of Baidu-related content [16,19]. The purpose of this
paper was to assess the reliability, readability, and objectivity
of Wikipedia and Baidu Encyclopedia content on ED, PE, and
CPPS/CP for the advancement of internet medicine.

Methods

Data Sources
The contents analyzed in this study are available on Chinese
Baidu Encyclopedia and English Wikipedia. The Chinese Baidu
Encyclopedia and English Wikipedia were investigated for
articles on ICD-10 version 2016 codes. All possible synonymous
and derivative keywords for each term were screened. Two
doctors evaluated the articles on Chinese Baidu Encyclopedia
and English Wikipedia. Any disagreement was reviewed by
and arbitrated by a third reviewer who was an expert on sexual
dysfunction. All authors have many years of experience in
andrology and urology and are competent in the diagnosis and
treatment of male sexual dysfunction and urinary disorders.
These reviewers have professional knowledge of male sexual
dysfunction and urinary disorders and can make professional
evaluations.

Assessment of the Quality of the Research Articles
The Journal of the American Medical Association (JAMA)
scoring system [25], DISCERN instrument [26], and Global
Quality Score (GQS) [27] were used to assess the quality of
disease-related articles. The contents of these scoring tables are
shown in Multimedia Appendix 1. The JAMA scoring system
is a well-known tool for evaluating the quality of information
obtained from health-related websites. It includes 4 evaluation
dimensions: author, attribution, disclosure, and currency. If it
meets the requirements of each dimension, it will get 1 point,
and the deimension with the highest quality will get 4 points.
The DISCERN instrument has been developed to judge the
quality of written health information [26]. To more
comprehensively determine the quality of information in the
article, the DISCERN tool consists of 15 questions plus an
overall quality rating, and each is scored on a scale from 1 to
5. The first section of the DISCERN instrument is commonly
used to evaluate the quality of published information, and the
second section focuses on the quality of treatment choices
offered to patients. The total score can range from 16 to 80,
where a score of 63 to 80 suggests excellent quality, 51 to 62
indicates good quality, 39 to 50 indicates fair quality, and 16
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to 38 indicates poor quality [26]. Experienced health information
users and providers can use the DISCERN instrument to
distinguish between high-quality and low-quality publications,
so as to promote the generation of high-quality, evidence-based
patient information. The GQS is a 5-point Likert scale that can
subjectively rate the overall quality of each reviewed website.
In addition to evaluating the overall quality of the website, GQS
also considers the flow and ease of use of each website [28].

Statistical Analysis
All databases were constructed with Excel 2019 (Microsoft
Corporation, Redmond, WA). The Shapiro-Wilk test was used
to test the normality of the data. Descriptive analyses are
reported as means and SDs for normally distributed variables.
Medians and IQRs are reported for non-normally distributed
variables. To ensure the quality of these scores, the intraclass
correlation coefficient (ICC) was used to evaluate interobserver
reliability. ICC values range from 0 (untrusted) to 1 (fully
trusted), and any concordance values less than 0.75 were
discussed by the research team to clarify the discrepancy. For
nonparametric tests, the Mann-Whitney U test was conducted
to test the significance of different ranks by using SPSS, version
22.0 (IBM Corp, Armonk, NY). The Fisher exact test was used
to test the difference in the frequency distribution of DISCERN
scores. We used Prism 8 for macOS, version 8.4.0 (455;
GraphPad Software Inc, San Diego, CA) to conduct statistical

analyses and create figures. For the statistical analysis, P<.05
was considered significant.

Results

Content Characteristics
We searched for “erectile dysfunction,” “premature ejaculation,”
“chronic prostatitis/chronic pelvic pain syndrome,” and similar
keywords on English Wikipedia and Chinese Baidu
Encyclopedia. The search results are shown in Table 1.
Wikipedia has only 1 entry for a disease, corresponding to a
specific article. In Baidu Encyclopedia, a disease may have
multiple entries and multiple articles. The information sources
of these articles are different, and the number of views varies
greatly. In Wikipedia, an article about a disease is constantly
supplemented by different registered individuals. However,
Baidu Encyclopedia's content providers are official organizations
or unregistered individuals. Moreover, some of the recently
updated articles in Baidu Encyclopedia show that the
information is more often provided by organizations or
institutions and is certified by experts. In addition, both Baidu
and Wikipedia provide links to external information, including
videos, articles, and images, while some links are unrelated
advertisements. The latter especially appear in Baidu
Encyclopedia. Furthermore, Wikipedia provides its own features
for assessing the quality of articles, and all Wikipedia articles
included in this study were rated as grade C.
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Table 1. Characteristics of the search results from 2 online platforms.

P valueaBaidu EncyclopediaWikipediaThemes

Available entries, n

N/Ac32CPPS/CPb

21EDd

31PEe

Real-time updates, n

.9984Yes

00No

External links, n

.5264Yes

20No

Advertisement, n

.2140Yes

44No

Author type, n

.4954Organization

30Individuals

.374119.7 (775.3-22029.8)1673.2 (240.0-3878.9)Page views (x1000), median (IQR)

.0020 (0.0-0.8)53.5 (19.3-84.0)Number of references, median (IQR)

aA Mann-Whitney U test was conducted to test the significance of different ranks.
bCP/CPPS: chronic prostatitis/chronic pelvic pain syndrome.
cN/A: not applicable.
dED: erectile dysfunction.
ePE, premature ejaculation.

Overall Scores for Baidu Encyclopedia and Wikipedia
A 2-way mixed/random effects model was used to analyze the
consistency of the ratings by the 2 independent reviewers. The
ICC results showed good consistency between the 2 reviewers
for the GQS scores (ICC=0.87), JAMA scores (ICC=0.91), and
DISCERN scores (ICC=0.82).

Comprehensively, the scores for Wikipedia were higher than
those for Baidu Encyclopedia (Figure 1A). The contents in
Wikipedia were significantly higher rated by the DISCERN
tool and JAMA tool than those in Baidu Encyclopedia,
suggesting that Wikipedia provides higher quality information.
Although there was no statistical difference between the GQS
scores for these websites, a numerically higher score on
Wikipedia indicates that Wikipedia may provide better reading

fluency and ease of use. In order to distinguish the differences
between the 2 websites in more detail, we compared the
DISCERN section scores for Baidu Encyclopedia and Wikipedia
(Figure 1B). The DISCERN Section 1 score for Wikipedia was
significantly higher than that for Baidu Encyclopedia, suggesting
that Wikipedia provides more reliable and more objective
information. The DISCERN Section 2 evaluates “How good is
the quality of information regarding treatment choices?” There
was no statistical difference between the DISCERN Section 2
scores for these websites, suggesting that they may have a
similar impact on patients’ choice of treatment options. Section
3 is the overall rating of the publication, and the lack of
statistical difference revealed that the overall quality of the
publication as a source of information about treatment choices
was similar for these websites.
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Figure 1. Overall comparison between Baidu Encyclopedia and Wikipedia: (A) median and IQR for DISCERN total scores, Journal of the American
Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS) scores; (B) median and IQR for the 3 DISCERN sections.

Overall Quality Comparison Between Wikipedia and
Baidu Encyclopedia for the Theme of ED
ED is one of the most common male sexual dysfunctions. By
comparing the content scores for ED articles on Baidu
Encyclopedia and Wikipedia, Wikipedia appeared to have
numerically higher total DISCERN scores, JAMA scores, and
GQS scores, but there were no statistically significant

differences (Figure 2A). Furthermore, the 3 DISCERN section
scores for Baidu and Wikipedia were also compared separately
(Figure 2B). Wikipedia appeared to have numerically higher
DISCERN Section 1 and 2 scores. In addition, they had similar
DISCERN Section 3 scores. These results suggest that there is
no statistically significant difference between Wikipedia and
Baidu Encyclopedia scores for ED content.

Figure 2. Comparison of erectile dysfunction (ED) scores between Baidu Encyclopedia and Wikipedia: (A) median and IQR for total DISCERN scores,
Journal of the American Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS); (B) median and IQR for the 3 DISCERN
sections.

Overall Quality Comparison Between Wikipedia and
Baidu Encyclopedia for the Theme of PE
A comparison of the scores for PE, the other most common
sexual dysfunction disorder, showed that Wikipedia had a
significantly higher total DISCERN score than Baidu

Encyclopedia (Figure 3A). Although Wikipedia seemed to have
higher JAMA and GQS scores than Baidu Encyclopedia (Figure
3A), this difference was not statistically significant, and all
DISCERN section scores showed a similar trend (Figure 3B),
which may be related to the great intragroup variability of Baidu
Encyclopedia.
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Figure 3. Comparison of premature ejaculation (PE) scores between Baidu Encyclopedia and Wikipedia: (A) median and IQR for total DISCERN
scores, Journal of the American Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS); (B) median and IQR for the 3
DISCERN sections.

Overall Quality Comparison Between Wikipedia and
Baidu Encyclopedia for the Theme of CP/CPPS
CP/CPPS, as one of the most common concomitant diseases of
sexual dysfunction, seriously affects the quality of life of male
patients. By comparing the overall scores for Wikipedia and
Baidu encyclopedia on CP/CPPS, we found that the scores of
Baidu Encyclopedia were mostly fair quality, while the scores

of Wikipedia ranged from fair quality to good quality (Figure
4A). Meanwhile, Wikipedia showed statistically higher JAMA
scores, but there were no statistical differences between total
DISCERN scores and GQS scores (Figure 4A). Furthermore,
the DISCERN Section 1 score for Wikipedia was statistically
significantly higher than that of Baidu Encyclopedia, while the
DISCERN Section 2 and 3 scores for both sites were not
significantly different from each other (Figure 4B).

Figure 4. Comparison of chronic prostatitis/chronic pelvic pain syndrome (CP/CPPS) scores between Baidu Encyclopedia and Wikipedia: (A) median
and IQR for total DISCERN scores, Journal of the American Medical Association (JAMA) scoring system scores, and Global Quality Score (GQS);
(B) median and IQR for the 3 DISCERN sections.

Distribution of the DISCERN Scores
After comparing the overall quality of the information for
different diseases on Baidu encyclopedia and Wikipedia, the
overall scores for Wikipedia seemed to be higher than those of
Baidu encyclopedia, but some scores only showed numerical
differences without statistical significance. Nevertheless, the
differences in the distribution of scores that had numerical
differences were seemingly obvious. Therefore, we performed
further statistical analyses of the score distributions for
Wikipedia and Baidu Encyclopedia. As aforementioned,
according to the DISCERN standard, a total DISCERN score

<50 (near 60%) is fair or poor quality, while a score >50 is good
or excellent quality [26]. Based on this rule, we took a score of
3 for each question as the cutoff value; that is, a score higher
than 3 points was defined as good quality.

The score distributions for each disease are shown in Table 2.
Wikipedia had a higher proportion of total DISCERN and
Section 1 scores distributed above 3 points, whether compared
with the overall score or the score for each disease, and was
significantly better than Baidu Encyclopedia. However, Baidu
Encyclopedia and Wikipedia had low Section 2 and 3 scores,
and most of these scores were ≤3, which are defined as low
quality.
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Table 2. Distribution of the DISCERN scores for each disease and comparisons via the Fisher exact test.

PEcEDbCP/CPPSaOverallDIS-
CERN

P val-
ue

Baidu Ency-
clopedia, n
(%)

Wikipedia,
n (%)

P
val-
ue

Baidu Ency-
clopedia, n
(%)

Wikipedia,
n (%)

P
val-
ue

Baidu Ency-
clopedia, n
(%)

Wikipedia,
n (%)

P
val-
ue

Baidu Ency-
clopedia, n
(%)

Wikipedia,
n (%)

Total

<.0018 (16.7)g11

(68.8)h
<.0017 (21.9)f10

(62.5)h
.00410 (20.8)g17 (53.1)f<.00125 (19.5)e38

(59.4)d
>3

40 (83.3)g5 (31.2)h25 (78.1)f6 (37.5)h38 (79.2)g15 (46.9)f103 (80.5)e26

(40.6)d
≤3

Section 1

<.0016 (25.0)i8 (100)j.0066 (37.5)h8 (100)j<.0017 (29.2)i15

(93.8)h
<.00119 (29.7)d31 (96.9)f>3

18 (75.0)i0 (0)j10 (62.5)h0 (0)j17 (70.8)i1 (6.2)h45 (70.3)d1 (3.1)f≤3

Section 2

.082 (9.5)n3 (42.9)o.991 (7.1)m1 (14.3)o.643 (14.3)n1 (7.1)m.496 (10.7)l5 (17.9)k>3

19 (90.5)n4 (57.1)o13 (92.9)m6 (85.7)o18 (85.7)n13

(92.9)m
50 (89.3)l23

(82.1)k
≤3

Section 3

.990 (0)r0 (0)s.330 (0)q1 (100)s.400 (0)r1 (50.0)q.993 (37.5)j2/4

(50.0)p
>3

3 (100)r1 (100)s2 (100)q0 (0)s3 (100)r1 (50.0)q5 (62.5)j2 (50.0)p≤3

aCP/CPPS: chronic prostatitis/chronic pelvic pain syndrome.
bED: erectile dysfunction.
cPE: premature ejaculation.
dn=64.
en=128.
fn=32.
gn=48.
hn=16.
in=24.
jn=8.
kn=28.
ln=56.
mn=14.
nn=21.
on=7.
pn=4.
qn=2.
Rn=3.
Sn=1.

Discussion

Principal Findings
Internet-based information is playing an increasingly important
role in the diagnosis and treatment of patients, especially for
privacy-sensitive conditions such as sexual dysfunction and
related concomitant diseases. Comprehensive and objective
information can help patients understand their condition, choose

the right time to visit a doctor, and then improve their prognosis.
However, incorrect or incomplete information may leave
patients vulnerable to misdiagnosis, leading to delays in
treatment and considerable health risks [1]. As a consequence,
at a time when internet health care is booming, there is an urgent
need to evaluate the credibility, readability, and accuracy of
online resources. This study evaluated the reliability, readability,
and objectivity of Baidu Encyclopedia and Wikipedia in terms
of ED, PE, and CP/CPPS content. Overall, the total DISCERN
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scores and DISCERN Section 1 scores for the content provided
by Wikipedia were significantly higher than those of Baidu
Encyclopedia. Also, Wikipedia had a higher proportion of total
DISCERN and Section 1 scores distributed within the
high-quality range than Baidu Encyclopedia. Combined with
higher JAMA scores, the results suggest that Wikipedia provided
more reliable, higher quality, and more objective information
than Baidu Encyclopedia. Baidu Encyclopedia and Wikipedia
had low DISCERN Section 2 and 3 scores, and most of these
scores were low quality. Similar DISCERN Section 2 and 3
scores for Wikipedia and Baidu Encyclopedia indicated that
they had an analogic and mediocre impact on patients’ choice
of treatment options. Although not statistically different,
Wikipedia had numerically higher GQS scores, suggesting that
Wikipedia might provide relatively better flow and be easier to
use.

By June 2021, the number of online medical users in China was
239.33 million, and the utilization rate of the internet was 23.7%,
an increase of 11.4% over December 2020 [29]. In an analysis
of internet search trends in China, some scholars found that
only 43.74% of the search results for PE were related to PE
[16]. In another study on lower urinary tract symptoms,
1.13%-93.92% of the retrieved content was found to be
irrelevant to lower urinary tract symptoms [19]. The study also
found similar problems in the contents about these diseases in
Wikipedia and Baidu Encyclopedia. Wikipedia provides more
standardized and unified content, with standard templates for
almost every disease, which allows readers to find the
information they need quickly and accurately [30]. In contrast,
the quality of content provided by Baidu Encyclopedia varies
widely, with some recently updated articles providing more
comprehensive content than Wikipedia, but the overall trend is
a lack of standardization and formality. In Baidu Encyclopedia,
the same disease may correspond to multiple entries and
corresponding articles, which compare poorly with each other,
and different articles may provide users with contradictory
information, which can cause great confusion to users. The
diversity of the content formats presented by Baidu
Encyclopedia is consistent with the great variability of its overall
score. The total DISCERN scores and JAMA scores for
Wikipedia were significantly higher than those for Baidu
Encyclopedia, and the proportion of Wikipedia scores within
the high-quality distribution was also higher than those for Baidu
Encyclopedia. These results suggest that Wikipedia provides
higher quality information than Baidu Encyclopedia. In addition
to the lack of a standard content presentation format, the low
quality of Baidu Encyclopedia is also related to other features
of its website, such as information sources and references. The
contents of Baidu Encyclopedia are mostly sourced from official
organizations or unregistered individuals, while information on
Wikipedia is provided by registered users. The comparison
shows that the quality of contents provided by unregistered
individuals is always rated as “poor quality.” Accurate citation
of high-quality references is an important guarantee for the
reliability of a paper [31]. The contents provided by these
unregistered individual users are almost always without
references and extended information. By contrast, the quality
of contents provided by registered users or official organizations
are almost rated as “good quality,” with accurate references.

These characteristics of the website are closely related to
DISCERN Section 1 scores, and significantly higher DISCERN
Section 1 scores for Wikipedia indicate that its publications are
more reliable than those of Baidu Encyclopedia. The other 2
main focuses of the quality assessment are “How good is the
quality of information regarding treatment choices?” and “the
overall quality of the publication as a source of information
about treatment choices.” Similar scores on DISCERN Sections
2 and 3 for Wikipedia and Baidu Encyclopedia indicated that
they had an analogic and mediocre impact on patients’ choice
of treatment options. Recent updates to Baidu Encyclopedia
also show an increasing number of medical professionals
involved in reviewing or writing the content, also significantly
improving the DISCERN and JAMA scores. This comparison
suggests that the inconsistency of disease presentation formats
and differences in information sources may account for the
lower Baidu scores.

CP/CPPS is characterized by localized pain or discomfort in
the abdomen, pelvis, and genitals, usually with lower urinary
tract symptoms, psychosocial disorders, and sexual dysfunction
[11,12]. The relationship between sexual dysfunctions and
CP/CPPS has been studied more extensively [32]. Previous
studies have shown a good correlation between the severity of
symptom scores between the 2 clinical conditions, CP and PE,
and that approximately 49% of male patients with CP have
concomitant sexual dysfunction [33]. It addition, “prostate” and
“prostatitis” were the most queried terms by Chinese users with
PE [16]. The complex and heterogeneous pathophysiology of
CP/CPPS makes the management of this troublesome situation
very challenging both for clinicians and patients, and
approximately 50% of older patients experience recurrence [34].
The UPOINT System classifies CP/CPPS patients into 7
different subgroups based on symptoms: urologic, psychosocial,
organ-specific, infectious, neurologic, tenderness (pelvic floor
tenderness), and sexual dysfunction; then, it proposes specific
treatment plans based on the different subgroups [35]. There is
growing evidence that the addition of second-line therapies,
such as 5-phosphodiesterase inhibitors, antidepressants and
muscle relaxants, according to the UPOINT System approach,
can significantly improve patients’ CP/CPPS symptoms [36].
These results showed that CP/CPPS and sexual dysfunctions
can directly or indirectly increase the economic burden of health
care and seriously affect patients’ quality of life. Patients with
CP/CPPS or sexual dysfunction may feel too embarrassed to
discuss their problems with doctors due to the influence of the
Chinese culture, and they are likely more willing to look for
disease-related information, such as symptoms, diagnosis,
treatment methods, prognosis, and hospital rankings, on the
internet first. There is no doubt that the information these
patients access from the internet affects their perception of their
health status, which in turn affects treatment choices and disease
prognosis.

By comparing the contents for ED, PE, and CP/CPPS on Baidu
Encyclopedia and Wikipedia, we found that the consistency of
Wikipedia is better, with almost all content rated as “good
quality,” while the scores for Baidu Encyclopedia were mostly
“fair quality.” Take PE-related articles in Baidu Encyclopedia
as examples. Both reviewers rated “早发性射精” (early-onset
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ejaculation) as “poor quality.” After analyzing the content on
the web page for “early-onset ejaculation,” we found there was
no introduction to “examination, diagnosis, and treatment,” and
the content in the article was not objective and scientific.
Contrary to the lack of effective information, there are more
than 25 irrelevant advertising links and only one reference on
this web page. The content on the “早泄” (premature
ejaculation) page on Baidu Encyclopedia was rated as “good
quality,” and the information was more comprehensive and
objective than that for “early-onset ejaculation.” Corresponding
to the quality grades for “early-onset ejaculation” and
“premature ejaculation,” there was a huge difference in page
views (early-onset ejaculation/premature ejaculation:
33,506/25,747,398). The discrepancy may be related to the
inconsistent identity of content providers. The irrelevant
advertising links or misleading information obtained by users
using Baidu Encyclopedia may be related to the fee-based
editing service. There are many third-party underground
industries that charge fees to write Baidu Encyclopedia entries
on their behalf, so as to insert advertisements and achieve the
purpose of attracting patients. In order to improve the quality
of the health information, Baidu Encyclopedia announced the
“rainbow plan” on December 9, 2012, wherein all medical
entries could only be edited and revised by certified medical
experts [37]. This is consistent with the findings of this study
that an increasing number of medical professionals are involved
in reviewing or writing content for Baidu Encyclopedia.
Consequently, attracting, encouraging, and even recruiting more
medical professionals to draft or proofread the content about
disease presentation provided on these websites may ensure the
content is objective and comprehensive. At the same time, the
Baidu Encyclopedia platform should strengthen content
regulation and establish a review mechanism to remove
interest-related content.

In contrast, Wikipedia has its own content quality evaluation
system, such as the “Wiki-Project article quality grading
scheme” and the “Wiki-Project priority assessments” [38,39].
In this study, all included Wikipedia articles were rated as grade
C, which means “Useful to a casual reader, but would not
provide a complete picture for even a moderately detailed study”
and “Considerable editing is needed to close gaps in content
and solve cleanup problems.” The “Wiki grading” for these
Wikipedia articles is similar to the grading by the 3 grading
tools applied in this paper. That is, the quality of these Wikipedia
articles is almost “good quality” but far from “excellent quality,”
and all articles needed further improvement. Despite this fact,
the formality and drafting on Wikipedia are better because of
the clear attribution and disclosure it provides. As mentioned
earlier, there is a lack of uniform standards for writing Baidu
Encyclopedia content, many of the information sources are not
supported by academic references, and external links are mostly
related to advertisements. Hence, though the content on both
sites leaves much to be desired, as a source to popularize
science, the content on Wikipedia could at least guide interested
individuals to the right source of informations, while Baidu
Encyclopedia is more likely to provide misleading information.

In the era of rapid internet development, more patients have
started to try online consultations [40]. This change in mode of

treatment has presented new opportunities and challenges for
doctors, medical institutions, physician associations, internet
platforms, and patients. In this study, we evaluated the
objectivity, reliability, and readability of the content on sexual
dysfunction and CP/CPPS on Baidu and Wikipedia and found
that the quality of the content provided by both sites was not
“excellent quality” and needed to be improved. This study is
only a microcosm of the vast amount of information available
in internet-based health care. Considering the increasing
coverage of the internet, more users will be influenced by
internet-based information, and incorrect or incomplete
information will have a negative impact on users’
decision-making. Therefore, we believe that, in the era of the
internet information explosion, physicians, physician
associations, and medical institutions should make full use of
their expertise and become more involved in the construction
of internet-based health care by providing objective and
comprehensive content. Internet platforms, on the other hand,
should strengthen the regulation and review of medical-related
content and remove false or irrelevant content. Wikipedia
already has a relatively complete self-censorship system and
self-evaluation system, but Baidu Encyclopedia has almost no
achievements in this regard. In China, the country with the
world’s largest population, the importance of popular science
education for the whole society and the world is self-evident.
Baidu Encyclopedia, as the largest platform for online science
education in China, still needs to be greatly enhanced to take
up the corresponding social responsibility. Through the joint
efforts of physicians and the platform, we hope to achieve the
goal of providing users with timely access to correct, objective,
comprehensive, and valid information when seeking medical
advice or searching for health science content on the internet.

Limitations
Some limitations must be addressed in this study. This study
only presents the results of medical professionals’ evaluations
of health-related science content on the internet, and further
research is needed on the specific impact of this information on
the audience and readers. Since information on the internet is
updated quickly, there may be some bias between the study
results and the actual situation, and the data need to be updated
in real time to ensure that the findings are true and valid. In
addition, the difference in the number of Chinese and English
entries indicates the information received by users will be
significantly different because of the entries they choose to
click. Therefore, our “combined” evaluation cannot fully
represent the quality of the information they really receive.
Fortunately, with the availability of infodemiology research,
academics can combine content analysis and infodemiology
search trends to better elucidate the impact of health-related
information on the internet on users, society, and the health care
industry.

Conclusions
Internet medicine, as a new medical model in the new era,
provides strong support for users to understand disease
information and choose the timing of treatment in a timely
manner. Although it is more formally composited, Wikipedia
also provides more reliable, higher quality, and more objective
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information than Baidu Encyclopedia. They also have a similar
impact on patients’choice of treatment options, and the websites
are similar in terms of flow and ease of use. To promote the
healthy and sustainable development of internet health care, the

joint efforts of physicians, physician associations, medical
institutions, and internet platforms are needed to provide more
reliable, accessible, and comprehensible disease knowledge to
the public.

Acknowledgments
This research was supported by the National Natural Science Foundation of China (grant numbers 81870513, .81600584,
81470980), 1.3.5 project for disciplines of excellence, West China Hospital, Sichuan University (grant number ZY2016104).

Authors' Contributions
This study was conceptualized by MM and TL. The methodology was designed by MM, YF, and TS. The investigation was
carried out by MM and YF. MM and SY carried out the data statistics and interpretation. MM and MZ wrote the original draft.
MM, YF, TS, and TL reviewed and edited the draft. Funding was acquired by TL. All authors approved the final manuscript.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Scoring tables for the Journal of the American Medical Association (JAMA) scoring system, DISCERN instrument, and Global
Quality Score (GQS).
[PDF File (Adobe PDF File), 137 KB-Multimedia Appendix 1]

References

1. Swire-Thompson B, Lazer D. Public health and online misinformation: challenges and recommendations. Annu Rev Public
Health 2020 Apr 02;41(1):433-451. [doi: 10.1146/annurev-publhealth-040119-094127] [Medline: 31874069]

2. Johnson S, Park H, Gross C, Yu J. Use of alternative medicine for cancer and its impact on survival. J Natl Cancer Inst
2018 Jan 01;110(1):1. [doi: 10.1093/jnci/djx145] [Medline: 28922780]

3. Asch JM, Asch DA, Klinger EV, Marks J, Sadek N, Merchant RM. Google search histories of patients presenting to an
emergency department: an observational study. BMJ Open 2019 Feb 20;9(2):e024791 [FREE Full text] [doi:
10.1136/bmjopen-2018-024791] [Medline: 30787088]

4. Eysenbach G. Infodemiology and infoveillance: framework for an emerging set of public health informatics methods to
analyze search, communication and publication behavior on the Internet. J Med Internet Res 2009 Mar 27;11(1):e11 [FREE
Full text] [doi: 10.2196/jmir.1157] [Medline: 19329408]

5. The 48th "Statistical Report on Internet Development in China". China Internet Network Information Center. 2021 Sep 15.
URL: https://www.cnnic.net.cn/hlwfzyj/hlwxzbg/hlwtjbg/202109/t20210915_71543.htm [accessed 2022-02-11]

6. Jin J, Yan X, Li Y, Li Y. How users adopt healthcare information: An empirical study of an online Q&A community. Int
J Med Inform 2016 Feb;86:91-103. [doi: 10.1016/j.ijmedinf.2015.11.002] [Medline: 26616406]

7. Eysenbach G, Powell J, Kuss O, Sa E. Empirical studies assessing the quality of health information for consumers on the
world wide web: a systematic review. JAMA 2002 May 22;287(20):2691-2700. [doi: 10.1001/jama.287.20.2691] [Medline:
12020305]

8. Zhang Y, Sun Y, Xie B. Quality of health information for consumers on the web: A systematic review of indicators, criteria,
tools, and evaluation results. J Assn Inf Sci Tec 2015 Apr 29;66(10):2071-2084. [doi: 10.1002/asi.23311]

9. Salonia A, Bettocchi C, Boeri L, Capogrosso P, Carvalho J, Cilesiz N, EAU Working Group on Male Sexual and Reproductive
Health. European Association of Urology Guidelines on Sexual and Reproductive Health-2021 Update: Male Sexual
Dysfunction. Eur Urol 2021 Sep;80(3):333-357. [doi: 10.1016/j.eururo.2021.06.007] [Medline: 34183196]

10. Wei S, Wu C, Yu B, Ma M, Qin F, Yuan J. Advantages and limitations of current premature ejaculation assessment and
diagnostic methods: a review. Transl Androl Urol 2020 Apr;9(2):743-757 [FREE Full text] [doi: 10.21037/tau.2019.12.08]
[Medline: 32420180]

11. Krieger JN, Nyberg L, Nickel JC. NIH consensus definition and classification of prostatitis. JAMA 1999 Jul
21;282(3):236-237. [doi: 10.1001/jama.282.3.236] [Medline: 10422990]

12. Magistro G, Wagenlehner FM, Grabe M, Weidner W, Stief CG, Nickel JC. Contemporary management of chronic
prostatitis/chronic pelvic pain syndrome. Eur Urol 2016 Feb;69(2):286-297. [doi: 10.1016/j.eururo.2015.08.061] [Medline:
26411805]

13. Tran CN, Shoskes DA. Sexual dysfunction in chronic prostatitis/chronic pelvic pain syndrome. World J Urol 2013
Aug;31(4):741-746. [doi: 10.1007/s00345-013-1076-5] [Medline: 23579441]

14. Matta R, Doiron C, Leveridge MJ. The dramatic increase in social media in urology. J Urol 2014 Aug;192(2):494-498.
[doi: 10.1016/j.juro.2014.02.043] [Medline: 24576656]

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37339 | p. 10https://www.jmir.org/2022/8/e37339
(page number not for citation purposes)

Ma et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v24i8e37339_app1.pdf&filename=34c81320197520e73d019f64623ea669.pdf
https://jmir.org/api/download?alt_name=jmir_v24i8e37339_app1.pdf&filename=34c81320197520e73d019f64623ea669.pdf
http://dx.doi.org/10.1146/annurev-publhealth-040119-094127
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31874069&dopt=Abstract
http://dx.doi.org/10.1093/jnci/djx145
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28922780&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=30787088
http://dx.doi.org/10.1136/bmjopen-2018-024791
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30787088&dopt=Abstract
https://www.jmir.org/2009/1/e11/
https://www.jmir.org/2009/1/e11/
http://dx.doi.org/10.2196/jmir.1157
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19329408&dopt=Abstract
https://www.cnnic.net.cn/hlwfzyj/hlwxzbg/hlwtjbg/202109/t20210915_71543.htm
http://dx.doi.org/10.1016/j.ijmedinf.2015.11.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26616406&dopt=Abstract
http://dx.doi.org/10.1001/jama.287.20.2691
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12020305&dopt=Abstract
http://dx.doi.org/10.1002/asi.23311
http://dx.doi.org/10.1016/j.eururo.2021.06.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34183196&dopt=Abstract
https://doi.org/10.21037/tau.2019.12.08
http://dx.doi.org/10.21037/tau.2019.12.08
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32420180&dopt=Abstract
http://dx.doi.org/10.1001/jama.282.3.236
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10422990&dopt=Abstract
http://dx.doi.org/10.1016/j.eururo.2015.08.061
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26411805&dopt=Abstract
http://dx.doi.org/10.1007/s00345-013-1076-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23579441&dopt=Abstract
http://dx.doi.org/10.1016/j.juro.2014.02.043
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24576656&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


15. Li H, Kang D. Prevalence of sexual dysfunction in men with chronic prostatitis/chronic pelvic pain syndrome: a meta-analysis.
World J Urol 2016 Jul 6;34(7):1009-1017 [FREE Full text] [doi: 10.1007/s00345-015-1720-3] [Medline: 26546073]

16. Wei S, Ma M, Wen X, Wu C, Zhu G, Zhou X. Online public attention toward premature ejaculation in mainland China:
infodemiology study using the Baidu Index. J Med Internet Res 2021 Aug 26;23(8):e30271 [FREE Full text] [doi:
10.2196/30271] [Medline: 34435970]

17. Russo GI, di Mauro M, Cocci A, Cacciamani G, Cimino S, Serefoglu EC, EAU-YAU Men’s Health Working Group.
Consulting "Dr Google" for sexual dysfunction: a contemporary worldwide trend analysis. Int J Impot Res 2020 Jul
07;32(4):455-461. [doi: 10.1038/s41443-019-0203-2] [Medline: 31591474]

18. Hui J, He S, Liu R, Zeng Q, Zhang H, Wei A. Trends in erectile dysfunction research from 2008 to 2018: a bibliometric
analysis. Int J Impot Res 2020 Jul;32(4):409-419 [FREE Full text] [doi: 10.1038/s41443-019-0161-8] [Medline: 31235897]

19. Wei S, Ma M, Wu C, Yu B, Jiang L, Wen X, et al. Using search trends to analyze web-based interest in lower urinary tract
symptoms-related inquiries, diagnoses, and treatments in mainland China: infodemiology study of Baidu Index data. J Med
Internet Res 2021 Jul 06;23(7):e27029 [FREE Full text] [doi: 10.2196/27029] [Medline: 34255683]

20. Weiner SS, Horbacewicz J, Rasberry L, Bensinger-Brody Y. Improving the quality of consumer health information on
Wikipedia: case series. J Med Internet Res 2019 Mar 18;21(3):e12450 [FREE Full text] [doi: 10.2196/12450] [Medline:
30882357]

21. Laurent MR, Vickers TJ. Seeking health information online: does Wikipedia matter? J Am Med Inform Assoc
2009;16(4):471-479 [FREE Full text] [doi: 10.1197/jamia.M3059] [Medline: 19390105]

22. Thomas G, Eng L, de Wolff JF, Grover S. An evaluation of Wikipedia as a resource for patient education in nephrology.
Semin Dial 2013;26(2):159-163. [doi: 10.1111/sdi.12059] [Medline: 23432369]

23. Sun F, Yang F, Zheng S. Evaluation of the liver disease information in Baidu Encyclopedia and Wikipedia: longitudinal
study. J Med Internet Res 2021 Jan 18;23(1):e17680 [FREE Full text] [doi: 10.2196/17680] [Medline: 33459597]

24. Report on Chinese Netizens' Search Behavior for Popular Science Demand (Q1 2019). China Association of Science and
Technology. 2019 Apr 26. URL: https://www.cast.org.cn/art/2019/4/26/art_1281_94546.html [accessed 2022-02-11]

25. Silberg WM, Lundberg GD, Musacchio RA. Assessing, controlling, and assuring the quality of medical information on the
Internet: Caveant lector et viewor--Let the reader and viewer beware. JAMA 1997 Apr 16;277(15):1244-1245. [doi:
10.1001/jama.1997.03540390074039] [Medline: 9103351]

26. Charnock D, Shepperd S, Needham G, Gann R. DISCERN: an instrument for judging the quality of written consumer health
information on treatment choices. J Epidemiol Community Health 1999 Feb 01;53(2):105-111 [FREE Full text] [doi:
10.1136/jech.53.2.105] [Medline: 10396471]

27. Langille M, Bernard A, Rodgers C, Hughes S, Leddin D, van Zanten SV. Systematic review of the quality of patient
information on the internet regarding inflammatory bowel disease treatments. Clin Gastroenterol Hepatol 2010
Apr;8(4):322-328. [doi: 10.1016/j.cgh.2009.12.024] [Medline: 20060070]

28. Bernard A, Langille M, Hughes S, Rose C, Leddin D, Veldhuyzen van Zanten S. A systematic review of patient inflammatory
bowel disease information resources on the World Wide Web. Am J Gastroenterol 2007 Sep;102(9):2070-2077. [doi:
10.1111/j.1572-0241.2007.01325.x] [Medline: 17511753]

29. Yacob M, Lotfi S, Tang S, Jetty P. Wikipedia in vascular surgery medical education: comparative study. JMIR Med Educ
2020 Jun 19;6(1):e18076 [FREE Full text] [doi: 10.2196/18076] [Medline: 32417754]

30. Good BM, Clarke EL, Loguercio S, Su AI. Building a biomedical semantic network in Wikipedia with Semantic Wiki
Links. Database (Oxford) 2012 Mar 20;2012:bar060-bar060 [FREE Full text] [doi: 10.1093/database/bar060] [Medline:
22434829]

31. Heilman JM, West AG. Wikipedia and medicine: quantifying readership, editors, and the significance of natural language.
J Med Internet Res 2015 Mar 04;17(3):e62 [FREE Full text] [doi: 10.2196/jmir.4069] [Medline: 25739399]

32. McMahon CG, Jannini EA, Serefoglu EC, Hellstrom WJG. The pathophysiology of acquired premature ejaculation. Transl
Androl Urol 2016 Aug;5(4):434-449 [FREE Full text] [doi: 10.21037/tau.2016.07.06] [Medline: 27652216]

33. Liang C, Zhang X, Hao Z, Shi H, Wang K. Prevalence of sexual dysfunction in Chinese men with chronic prostatitis. BJU
Int 2004 Mar;93(4):568-570. [doi: 10.1111/j.1464-410x.2003.04662.x] [Medline: 15008731]

34. Clemens JQ, Meenan RT, O'Keeffe Rosetti MC, Kimes T, Calhoun EA. Prevalence of and risk factors for prostatitis:
population based assessment using physician assigned diagnoses. J Urol 2007 Oct;178(4 Pt 1):1333-1337. [doi:
10.1016/j.juro.2007.05.140] [Medline: 17706722]

35. Magri V, Boltri M, Cai T, Colombo R, Cuzzocrea S, De Visschere P, et al. Multidisciplinary approach to prostatitis. Arch
Ital Urol Androl 2019 Jan 18;90(4):227-248 [FREE Full text] [doi: 10.4081/aiua.2018.4.227] [Medline: 30655633]

36. Magri V, Marras E, Restelli A, Wagenlehner F, Perletti G. Multimodal therapy for category III chronic prostatitis/chronic
pelvic pain syndrome in UPOINTS phenotyped patients. Exp Ther Med 2015 Mar;9(3):658-666 [FREE Full text] [doi:
10.3892/etm.2014.2152] [Medline: 25667610]

37. Baidu: Medical entries will not be edited by ordinary people. BJNEWS. 2012 Dec 10. URL: https://www.bjnews.com.cn/
finance/2012/12/10/238299.html [accessed 2022-02-11]

38. WikiProject article quality grading scheme. Wikipedia. URL: https://en.wikipedia.org/wiki/Wikipedia:Content_assessment
[accessed 2022-02-11]

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37339 | p. 11https://www.jmir.org/2022/8/e37339
(page number not for citation purposes)

Ma et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/26546073
http://dx.doi.org/10.1007/s00345-015-1720-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26546073&dopt=Abstract
https://www.jmir.org/2021/8/e30271/
http://dx.doi.org/10.2196/30271
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34435970&dopt=Abstract
http://dx.doi.org/10.1038/s41443-019-0203-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31591474&dopt=Abstract
http://europepmc.org/abstract/MED/31235897
http://dx.doi.org/10.1038/s41443-019-0161-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31235897&dopt=Abstract
https://www.jmir.org/2021/7/e27029/
http://dx.doi.org/10.2196/27029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34255683&dopt=Abstract
https://www.jmir.org/2019/3/e12450/
http://dx.doi.org/10.2196/12450
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30882357&dopt=Abstract
http://europepmc.org/abstract/MED/19390105
http://dx.doi.org/10.1197/jamia.M3059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19390105&dopt=Abstract
http://dx.doi.org/10.1111/sdi.12059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23432369&dopt=Abstract
https://www.jmir.org/2021/1/e17680/
http://dx.doi.org/10.2196/17680
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33459597&dopt=Abstract
https://www.cast.org.cn/art/2019/4/26/art_1281_94546.html
http://dx.doi.org/10.1001/jama.1997.03540390074039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9103351&dopt=Abstract
https://jech.bmj.com/lookup/pmidlookup?view=long&pmid=10396471
http://dx.doi.org/10.1136/jech.53.2.105
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10396471&dopt=Abstract
http://dx.doi.org/10.1016/j.cgh.2009.12.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20060070&dopt=Abstract
http://dx.doi.org/10.1111/j.1572-0241.2007.01325.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17511753&dopt=Abstract
https://mededu.jmir.org/2020/1/e18076/
http://dx.doi.org/10.2196/18076
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32417754&dopt=Abstract
https://academic.oup.com/database/article-lookup/doi/10.1093/database/bar060
http://dx.doi.org/10.1093/database/bar060
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22434829&dopt=Abstract
https://www.jmir.org/2015/3/e62/
http://dx.doi.org/10.2196/jmir.4069
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25739399&dopt=Abstract
https://doi.org/10.21037/tau.2016.07.06
http://dx.doi.org/10.21037/tau.2016.07.06
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27652216&dopt=Abstract
http://dx.doi.org/10.1111/j.1464-410x.2003.04662.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15008731&dopt=Abstract
http://dx.doi.org/10.1016/j.juro.2007.05.140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17706722&dopt=Abstract
https://doi.org/10.4081/aiua.2018.4.227
http://dx.doi.org/10.4081/aiua.2018.4.227
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30655633&dopt=Abstract
http://europepmc.org/abstract/MED/25667610
http://dx.doi.org/10.3892/etm.2014.2152
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25667610&dopt=Abstract
https://www.bjnews.com.cn/finance/2012/12/10/238299.html
https://www.bjnews.com.cn/finance/2012/12/10/238299.html
https://en.wikipedia.org/wiki/Wikipedia:Content_assessment
http://www.w3.org/Style/XSL
http://www.renderx.com/


39. WikiProject priority assessments. Wikipedia. URL: https://en.wikipedia.org/wiki/Wikipedia:Version_1.0_Editorial_Team/
Release_Version_Criteria [accessed 2022-02-11]

40. Zhao Y, Zhang J. Consumer health information seeking in social media: a literature review. Health Info Libr J 2017 Dec
17;34(4):268-283 [FREE Full text] [doi: 10.1111/hir.12192] [Medline: 29045011]

Abbreviations
CP/CPPS: chronic prostatitis/chronic pelvic pain syndrome
ED: erectile dysfunction
GQS: Global Quality Score
ICC: intraclass correlation coefficient
JAMA: Journal of the American Medical Association
PE: premature ejaculation

Edited by JMIRPE Office; submitted 16.02.22; peer-reviewed by A Montilha, S Wei, B Yu, X Zhou; comments to author 03.04.22;
revised version received 17.05.22; accepted 05.07.22; published 09.08.22

Please cite as:
Ma M, Yin S, Zhu M, Fan Y, Wen X, Lin T, Song T
Evaluation of Medical Information on Male Sexual Dysfunction on Baidu Encyclopedia and Wikipedia: Comparative Study
J Med Internet Res 2022;24(8):e37339
URL: https://www.jmir.org/2022/8/e37339
doi: 10.2196/37339
PMID:

©Ming Ma, Saifu Yin, Mengli Zhu, Yu Fan, Xi Wen, Tao Lin, Turun Song. Originally published in the Journal of Medical
Internet Research (https://www.jmir.org), 09.08.2022. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is properly
cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright
and license information must be included.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e37339 | p. 12https://www.jmir.org/2022/8/e37339
(page number not for citation purposes)

Ma et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://en.wikipedia.org/wiki/Wikipedia:Version_1.0_Editorial_Team/Release_Version_Criteria
https://en.wikipedia.org/wiki/Wikipedia:Version_1.0_Editorial_Team/Release_Version_Criteria
https://doi.org/10.1111/hir.12192
http://dx.doi.org/10.1111/hir.12192
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29045011&dopt=Abstract
https://www.jmir.org/2022/8/e37339
http://dx.doi.org/10.2196/37339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


© 2022. This work is licensed under
https://creativecommons.org/licenses/by/4.0/ (the “License”). 

Notwithstanding the ProQuest Terms and Conditions, you may use this
content in accordance with the terms of the License.



Original Paper

The Technology Acceptance of Video Consultations for Type 2
Diabetes Care in General Practice: Cross-sectional Survey of
Danish General Practitioners

Daniel Cæsar Torp, BMedSci; Annelli Sandbæk, MD, PhD; Thim Prætorius, PhD
Steno Diabetes Center Aarhus, Aarhus University Hospital, Aarhus, Denmark

Corresponding Author:
Thim Prætorius, PhD
Steno Diabetes Center Aarhus
Aarhus University Hospital
Palle Juul-Jensens Boulevard 11
Aarhus, 8200
Denmark
Phone: 45 20539002
Email: thipra@rm.dk

Abstract

Background: During the COVID-19 pandemic, video consultations became a common method of delivering care in general
practice. To date, research has mostly studied acute or subacute care, thereby leaving a knowledge gap regarding the potential of
using video consultations to manage chronic diseases.

Objective: This study aimed to examine general practitioners’ technology acceptance of video consultations for the purpose of
managing type 2 diabetes in general practice.

Methods: A web-based survey based on the technology acceptance model measuring 4 dimensions—perceived usefulness,
perceived ease of use, attitude, and behavioral intention to use—was sent to all general practices (N=1678) in Denmark to elicit
user perspectives. The data were analyzed using structural equation modeling.

Results: The survey sample comprised 425 general practitioners who were representative of the population. Structural equation
modeling showed that 4 of the 5 hypotheses in the final research model were statistically significant (P<.001). Perceived ease of
use had a positive influence on perceived usefulness and attitude. Attitude was positively influenced by perceived usefulness.
Attitude had a positive influence on behavioral intention to use, although perceived usefulness did not. Goodness-of-fit indices
showed acceptable fits for the structural equation modeling estimation.

Conclusions: Perceived usefulness was the primary driver of general practitioners’ positive attitude toward video consultations
for type 2 diabetes care. The study suggests that to improve attitude and technology use, decision-makers should focus on improving
usefulness, that is, how it can improve treatment and make it more effective and easier.

(J Med Internet Res 2022;24(8):e37223) doi: 10.2196/37223

KEYWORDS

video consultations; telemedicine; diabetes; chronic diseases; general practice; technology acceptance; technology acceptance
model

Introduction

Background
Technological change and the use of new technologies in health
care are driven by objectives to increase access to health care,
reduce care costs, coordinate health care, and facilitate chronic
disease prevention and management [1]. The COVID-19
pandemic, caused by SARS-CoV-2 infection, has spurred health

care systems to rapidly change from delivering in-person care
to using different types of web-based care [2-4] such as video
consultations [5]. Within the primary care sector, the uptake of
video consultations has increased [6], and general practitioners’
use of the technology has internationally moved from being
used in pilot projects to wider-scale use [7-9]. The care potential
of using video consultations in general practice is considered
high [10,11], and this technology holds the potential to disrupt
how health care is delivered in the primary care sector [12].
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The recent uptake of video consultations in general practice is
intriguing as the use of new health care technology and its
implementation typically takes years [5,13]. This is because
digital-first approaches to primary care could increase general
practice workload [14] or threaten professional autonomy [15].
Similar to the hospital sector [16,17], knowledge about the
impact of video consultations on general practice is in its
infancy, and the literature is particularly short on quantitative
studies [18]. The nascent literature finds that offering video
consultations constitutes a significant change in how health care
professionals deliver and patients receive care [19]. Research
into factors that influence the implementation of video
consultations in routine practice finds that, for instance, training
is an important facilitator [20], and hesitance to change is an
equally important barrier [21]. Research suggests that general
practitioner characteristics (eg, age and sex) do not influence
use, although working in larger practices makes it more likely
[22,23]. Interaction and communication between patients and
general practitioners during video consultations are usually
effective [24,25]. However, patients and practitioners report
mixed user experiences but with the important point that user
ratings depend on the context in which video consultations are
used [26-31]. Younger patients were found to be more likely
to request or be offered a web-based visit [32].

However, research has not systematically elicited general
practitioners’ attitudes toward video consultations or their
perceptions of the ease of use or usefulness in general practice.
This research gap is unfortunate as it is well established in IT
literature that attitude and perception influence physicians’ use
of other types of health care technology such as electronic
patient records or telemedicine [33-35]. The technology
acceptance model (TAM) has proven to be a robust model
through rigorous empirical testing within and beyond health
care [36,37]. TAM is capable of studying user attitudes and
perceptions and has good predictive power of health technology
use [38]. Central to the original TAM [39] and later extensions
[40] is that the behavioral intention (BI) to use technology is
influenced by users’ ratings of perceived usefulness (PU),
perceived ease of use (PEOU), and attitude toward the
technology. Importantly, BI to use predicts actual user behavior
[41,42].

Using the insight that chronic disease prevention and
management are key drivers of technological change, this paper
studies the potential of using video consultations in general
practice to manage type 2 diabetes for 3 reasons. First, type 2
diabetes is a chronic disease for which video consultation
appears promising in general practice [43-45]. Second, previous
research on the use of video consultations in general practice
has mostly studied acute or subacute or out-of-hours care and,
to a much lesser extent, the management of chronic care taking
place during regular hours [17,25,31]. Third, it is important to
find care models capable of delivering high-quality and efficient
type 2 diabetes care in general practice [46,47] as the disease
prevalence is increasing [48] and people living with type 2
diabetes are at higher risk of developing complications [49].

The aim of this paper is to use TAM to study general
practitioners’ technology acceptance of video consultations to
manage type 2 diabetes in general practice. The hypotheses

were that higher levels of attitude, PU, and PEOU positively
affect general practitioners’ BI to use video consultations to
manage type 2 diabetes. Bringing to bear TAM on video
consultations in general practice allows exploring the potential
of using the technology for a type of chronic care where health
care systems need to find new ways of increasing health care
access and cutting care costs.

Research Model and Hypotheses
The research model (Figure 1) builds on TAM [39] and posits
that general practitioners’ perception of the degree to which
video consultations used to manage type 2 diabetes are easy to
use affects both perceptions of usefulness and attitudes toward
using the technology. General practitioners’ attitudes are also
influenced by their perception of how useful the technology is.
Ultimately, general practitioners’ intention to use video
consultations to manage type 2 diabetes can be explained by
their attitude toward the technology and PU. The following
develops 5 hypotheses by combining research insights on TAM,
general practitioners, and the primary health care domain.

PEOU influences BI to use indirectly through both attitude and
PU. A high PEOU represents the belief that using the technology
will require little to no effort [39]. PU concerns the extent to
which a user believes that the technology can improve or make
their work more effective and easier and how it will be
advantageous over the current practice. The relationship between
PEOU and PU is expected to be positive as health care studies
find that a higher level of PEOU leads to higher ratings of P
[50-52]. Moreover, studies have shown that when a technology
is perceived as easy to use, the attitude toward the technology
is more positive [40,52]. The attitudinal component of the model
measures an individual’s affective response to adopting a new
technology. Attitude concerns the extent to which a user finds
that using the technology is a good idea, beneficial, or
unpleasant for the way they work [39]. PU is considered
particularly important in general practice [53,54], and research
using TAM finds that physicians’PU influences attitudes toward
health care technology [55,56]. Thus, 3 hypotheses about PEOU,
PU, and attitude were formed:

• Hypothesis 1: PEOU has a positive impact on the PU of
video consultations for type 2 diabetes care.

• Hypothesis 2: PEOU has a positive impact on attitudes
toward video consultations for type 2 diabetes care.

• Hypothesis 3: PU has a positive impact on attitude toward
video consultations for type 2 diabetes care.

The BI to use represents an individual’s intention to use a new
technology [41]. BI to use is an important component as it is a
proxy capable of predicting subsequent actual user behavior in
health care and beyond [33,41,42]. According to TAM, the
extent to which users perceive a technology to be useful is
directly influenced by their ratings of BI to use [38]. In the
context of general practice, research has found a positive
relationship between PU and BI to use [35,57-59]. Similarly,
TAM suggests that the attitude of a user manifests itself as a
positive or negative view of the BI to use technology. Research
in the domain of primary health care finds that attitude
influences the BI to use health care technology [23,60,61]. Thus,
2 hypotheses about PU, attitude, and BI to use were formulated:
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• Hypothesis 4: PU has a positive impact on the BI to use
video consultations for type 2 diabetes care.

• Hypothesis 5: Attitude toward video consultations for type
2 diabetes care has a positive impact on the BI to use the
technology.

Figure 1. Research model based on the technology acceptance model.

Methods

Research Design and Setting
Data were collected through a cross-sectional web-based survey
distributed to all general practitioners in Denmark (n=3326).
The Danish health care system is mostly tax financed, and
citizens can receive care from general practice free of per service
charge. Danish general practitioners are self-employed but work
on contracts for the public funder. Most general practitioners
work in partnership practices, and their income is generated as
a combination of fee for service and capitation [62]. The
incentive for Danish general practitioners to use video
consultations increased during the COVID-19 pandemic because
of an agreement between the General Practitioners’Organization
(negotiating on behalf of Danish general practitioners) and the
Danish Regions (responsible for procuring health services),
which agreed on a fee for service to general practitioners to
provide video consultations to patients.

Survey Measures
The main measures (13 items) central to our hypotheses
originated from TAM [39] and health care studies [55] to ensure

the validity of the measures. The measures were adapted to the
specific context of general practice and video consultations,
translated into Danish, and repeatedly examined to ensure
consistency. PU, attitude, and BI to use were measured using
3 items each, and PEOU was measured using 4 items (Textbox
1). An item each in the attitude and BI to use dimensions was
negatively worded to reduce the risk of agreement bias [55].
All items were measured on 5-point Likert scales, with scores
ranging from 1 (strongly disagree) to 5 (strongly agree). For
PEOU, the items were worded according to the user status of
the respondent (user vs nonuser of video consultations) to make
the formulation relevant to the respondent. Respondents were
able to skip questions or choose do not know (the latter being
treated as missing data in subsequent analyses). Demographic
measures (12 items) such as age and sex were collected to
analyze the representativeness of the study sample in comparison
with the total population of general practitioners. Before
distribution and to test face validity, the survey was evaluated
and revised according to inputs from 5 general practitioners
working in each of the 5 Danish Regions.
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Textbox 1. Items used in the research model.

• Perceived usefulness (PU)

• PU1: can improve my treatment

• PU2: can make my treatment more effective

• PU3: can make my treatment easier

• Perceived ease of use (PEOU; worded differently for nonusers of video consultations as illustrated in brackets)

• PEOU1: learning to use was (would be) easy

• PEOU2: (would be) easy to get software to do what I need

• PEOU3: (would be) easy to master

• PEOU4: (would be) easy to use

• Attitude (ATT)

• ATT1: using is a good idea

• ATT2: using is unpleasant

• ATT3: using is beneficial

• Behavioral intention (BI)

• BI1: intend to use as often as possible

• BI2: even when possible, do not intend to use

• BI3: would use to the extent possible

Recruitment and Data Collection
The survey was administered using SurveyXact (Rambøll
Management) [63]. To identify general practices, a list of all
1718 general practices in Denmark was obtained from MedCom
(a provider of Danish public health care systems) [64] in January
2021. Of these 1718 practices, 44 (2.56%) general practices
were excluded as they were managed by parties outside the
target group of our study (eg, by Danish Regions). In total, 1674
general practices, representing 3326 general practitioners, were
available for distribution [65].

The survey was distributed to general practices as an electronic
letter on January 7, 2021, via the Danish public electronic
mailbox system (e-Boks Business) using publicly available data
from MedCom. The letter contained information about the study
and a survey link. Participants were informed about data
protection measures, anonymity of participation, and the option
to be paid—DKK 276.72 (US $44) based on a General
Practitioners'’ Organization tariff—for the 20 minutes it
maximally takes to complete the survey. The letter was
addressed to the clinic, and all trained general practitioners were
encouraged to participate. Unfortunately, it was not possible to
contact each general practitioner directly as this information
was not publicly available. The survey link was open and only
available in a letter to ensure anonymity and availability for all
general practitioners in a clinic. Data entry for payments was
conducted in a separate survey to preserve anonymity. Two
reminders were sent on January 21, 2021, and February 2, 2021.
The data collection ended on February 7, 2021.

The Committee of Multipractice Studies in General Practice
(journal number 25-2020) evaluated the study and recommended

that general practitioners participate in the survey. This study
was reported to the Danish Data Protection Agency (journal
number 1-16-02-343-20).

Ethics Approval
The Research Ethics Committees for Central Denmark Region
(1-10-72-181-20) concluded that the study could be conducted
without approval from the committee as “According to the
Consolidation Act on Research Ethics Review of Health
Research Projects, Consolidation Act number 1083 of 15
September 2017, section 14(2) notification of questionnaire
surveys or medical database research projects to the research
ethics committee system is only required if the project involves
human biological material.”

Data Analysis
Data were analyzed using Stata (version 17.0; StataCorp) [66].
To compare sample demographics with the population of general
practitioners, we analyzed the latter using registry data made
available by the Danish Health Data Authority [67]. The
measures used in TAM were analyzed for normality distribution,
internal consistency, convergent validity, and discriminant
validity. Normality was examined by calculating skewness,
kurtosis, and the Mardia multivariate kurtosis test. Internal
consistency was assessed using Cronbach α with an acceptable
threshold of .70 [68]. Confirmatory factor analysis was
performed to determine model validity. Factor loadings of ≥0.7
were deemed acceptable [69]. Subsequently, we explored the
research model using structured equation modeling [70], which
is standard in the data analysis of TAM [37]. We used
quasi-maximum likelihood as the estimator, with Satorra-Bentler
adjustments because of our findings of nonnormality for some
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of the measures [71]. P<.05 was set as the threshold for
statistical significance.

We report the unstandardized and standardized path coefficients
from structured equation modeling. The unstandardized path
coefficients reflect the expected (linear) change in the dependent
variable with each unit change in the independent variable,
given the other variables in the model. The standardized path
coefficients express relationships in the same unit; that is, SDs.
The interpretation is that when an independent variable (eg, PU)
changes by 1 SD, then the dependent variable (eg, BI to use)
changes by an SD as well. By placing all coefficients in the
same unit, the SDs for different variables measured in different
metrics become interpretationally equivalent.

Results

Demographic Characteristics
A total of 457 general practitioners answered the survey, from
which 32 (7%) incomplete responses were excluded, resulting

in 425 (93%) respondents. The sample represented 12.78%
(425/3326) of all Danish general practitioners. The sample
represented 18.82% (315/1674) of Danish general practices.
Compared with the population of general practitioners, Pearson
chi-square tests showed that the individual characteristics of
the study sample (ie, sex and age groups) were representative
of the population not participating (Table 1). The sample
differed with regard to general practice characteristics (ie, clinic
and municipality type) as general practitioners from more
partnership practices participated than from solo practices, and
a larger share of general practitioners working in practices in
the capital area participated. The incomplete responses had
similar demographics to the complete responses, with most
(23/32, 72%) dropping out during or directly after the
demographic items.

Table 1. Overview of respondents in sample and comparison with the remaining population.

Pearson chi-square (df)Population not in the sample (n=2901), n (%)Survey sample (n=425), n (%)Characteristicsa

0.2 (1)1659 (57.1)226 (53.1)Sex (female)b

0.8 (6)Age group (years)b

205 (7.1)26 (6.3)30-39

577 (20)75 (18.1)40-44

614 (21.2)100 (24.2)45-49

416 (14.4)59 (14.3)50-54

433 (15)64 (15.5)55-59

387 (13.4)57 (13.8)60-64

260 (9)33 (8)≥65

0.0 (4)Municipality type where general practitioners workc,d

789 (25.5)133 (31.3)Capital area

392 (12.7)63 (14.8)Large city

754 (24.4)88 (20.7)Province city

507 (16.4)70 (16.5)Suburban

654 (21.1)71 (16.7)County

<0.001 (2)Clinic typec

447 (35.7)105 (25.1)Solo clinic

145 (11.6)52 (12.4)Cooperation clinic

659 (52.7)419 (98.5)Partnership clinic

aMissing data in the population not in the sample and in the survey sample means that sums do not add to the population of general practitioners
(N=3326), general practices (N=1674), and study sample (N=425).
bPopulation data from General Practitioners’ Organization [65].
cPopulation calculated from data by the Danish Health Data Authority [67].
dMunicipality types based on the definition by Statistics Denmark [72].
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Measurements Based on the TAM
Table 2 presents the mean values (SD) of the 4 dimensions and
the items from TAM. On a 5-point Likert scale, the highest
mean value was PEOU 3.76 (SD 0.86) and ATT 3.48 (SD 0.92),
thus indicating that respondents were confident that they, for
instance, can use video consultations to manage type 2 diabetes

and that the technology was a good idea. The mean values for
PU 2.99 (SD 0.96) and BI to use 3.06 (SD 1.04) were similar,
and the answers averaged around neither agreeing nor
disagreeing. Across the studied dimensions and items, the data
variability around the mean of the study sample was
approximately 1 point on a 5-point Likert scale.

Table 2. Means and internal consistency of items in the research model (N=425).

Cronbach αValues, mean (SD)Participants, n (%)Item

PUa

.862.70 (0.97)389 (91.5)PU1: can improve my treatment

.783.01 (1.07)397 (93.4)PU2: can make my treatment more effective

.853.24 (1.13)396 (93.2)PU3: can make my treatment easier

.882.99 (0.96)379 (89.2)PU: all usability items

PEOUb

.853.99 (0.95)417 (98.1)PEOU1: learning to use was (would be) easy

.843.81 (0.98)401 (94.4)PEOU2: (would be) easy to get software to do what I need

.833.91 (0.91)412 (96.9)PEOU3: (would be) easy to master

.923.28 (1.1)372 (87.5)PEOU4: (would be) easy to use

.893.76 (0.86)359 (84.5)PEOU: all ease of use items

ATTc

.633.29 (1.15)409 (96.2)ATT1: using is a good idea

.922.04 (0.96)398 (93.6)ATT2: using is unpleasant

.683.13 (1.09)397 (93.4)ATT3: using is beneficial

.833.48 (0.92)380 (89.4)ATT: all attitude itemsd

.923.21 (1.08)393 (92.5)ATT1+3: ATT excluding ATT2

BIe to use

.822.66 (1.12)403 (94.8)BI1: intend to use as often as possible

.882.61 (1.2)404 (95.1)BI2: even when possible, do not intend to use

.783.12 (1.12)402 (94.6)BI3: would use to the extent possible

.883.06 (1.04)383 (90.1)BI: all intention itemsf

aPU: perceived usefulness.
bPEOU: perceived ease of use.
cATT: attitude.
dThe mean represents all ATT variables with ATT2 reversed because of its negative wording.
eBI: behavioral intention.
fThe mean represents all BI variables with BI2 reversed because of its negative wording.

The internal consistency of the items that comprise the 4
dimensions in TAM had Cronbach α >.8 (Table 2). Cronbach
α values of ≥.7 indicate acceptable internal consistency.
Although the internal consistency of attitude was .83, this value
should be interpreted with caution. The right-hand column of
Table 2 shows the effect of removing 1 of the 3 items on
Cronbach α; that is, for the attitude dimension, the Cronbach
α drops to .63 and .68 when removing items 1 and 2 and
increases to .92 when removing item 3. In addition to attributing
this change in internal consistency to this analytical finding,

free-text remarks by some respondents indicated that the
negative wording of item 3 could be confusing and challenging
to answer. On the basis of logical reasoning [73] and to reflect
the attitude dimension more accurately, we excluded item 2
from the subsequent analysis.

To determine the correct structural equation modeling estimation
method, we calculated the skewness and kurtosis of all the
measures to examine normality. The results showed a mild
degree of skewness (ranging from −0.971 to 0.232) with
moderate kurtosis (ranging from 2.134 to 3.841). Normality
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was further evaluated using the Mardia multivariate kurtosis
test, in which all dimensions failed except attitude, thereby

indicating nonnormally distributed measures (PU 20.4, χ2
1=90.9,

P<.001; PEOU 43.3, χ2
1=694.6, P<.001; attitude 8.22, χ2

1=0.3,

P=.57; BI 17.9, χ2
1=26.0, P<.001). As nonnormality invalidates

the assumption for the maximum likelihood method of structural
equation modeling estimation, we used Satorra-Bentler
adjustments to relax the assumption of normality. The measures
in TAM were also assessed for convergent validity and
discriminant validity (Table 3).

The measures were further validated using a confirmatory factor
analysis that showed factor loadings >0.7, except for the item

PEOU4—easy to use (0.63). PEOU4 was also an outlier in terms
of missing data, with 12.7% (53/425) of missing responses,
leading to the suspicion that the data were not missing at
random. We excluded PEOU4 from the analysis and ran a new
confirmatory factor analysis, which had factor loadings ranging
from 0.77 to 0.92, thereby confirming that the latent variables
of TAM were explained by the observed variables.
Goodness-of-fit indices confirmed that the confirmatory factor

analysis was a good fit for the data (χ2
38=51.5, χ2/df=1.4; P=.07;

root mean squared error of approximation 0.033 [recommended
value <0.05]; standardized root mean square residual 0.024
[recommended value <0.08]; comparative fit index 0.995
[recommended value >0.95]) [74]. The final research model
included data from 76.9% (327/425) of respondents.

Table 3. Correlations between dimensions and items in the research model.

BIdATTcPEOUbPUaItem

PU

0.6400.7020.2130.731PU1

0.7000.7610.3350.824PU2

0.7010.7850.3280.747PU3

PEOU

0.3780.2500.8030.204PEOU1

0.3590.2650.8260.181PEOU2

0.4100.3010.8530.224PEOU3

0.5510.5530.6070.477PEOU4

ATT

0.7890.8440.4190.800ATT1

0.7650.8440.3690.801ATT3

BI

0.8130.7540.4540.703BI1

0.7110.6680.4410.613BI2

0.7730.7500.4260.709BI3

aPU: perceived usefulness.
bPEOU: perceived ease of use.
cATT: attitude.
dBI: behavioral intention.

Hypothesis Testing
We used structural equation modeling to analyze our hypotheses
and the final research model. The goodness-of-fit indices model
showed an acceptable fit (Table 4).

Analysis of the research model using unstandardized coefficients
(Figure 2; Table 5) showed that the original paths of the model
were significant (P<.005), except for the path from PU to BI to
use (P=.84). PEOU had a positive influence on PU (β=.26, 95%
CI 0.14-0.38) and attitude (β=.16, 95% CI 0.08-0.24). PU had

a positive influence on attitude (β=1.22, 95% CI 1.09-1.36).
The influence of attitude and PU on BI to use was also positive
(β=.82, 95% CI 0.52-1.12; β=.04, −0.38 to 0.47); however, the

latter was statistically insignificant. The calculated R2 values
(Figure 2) showed that 82% of the variance in BI to use was
explained by attitude and PEOU, with attitude having the
strongest influence. Standardized coefficients showed similar
results (Figure 2; Table 6) and indicated that the strongest
relationship existed between PU and attitude and between
attitude and BI.
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Table 4. Fit indices for structural equation modeling estimation.

Recommended value [74,75]Structural equation modeling model with Satorra-BentlerFit index

N/Aa63.59 (39)Chi-square (df)

<3.01.63Chi-square/df

>0.050.008P value>chi-square (df)

<0.050.044Root mean squared error of approximation

>0.950.991Comparative fit index

>0.950.987Tucker-Lewis index

<0.080.036Standardized root mean square residual

aN/A: not applicable (the literature on structural equation modeling does not recommend a value).

Figure 2. Results of structural equation modeling, unstandardized (and standardized) coefficients. *P<.001.

Table 5. Structural equation modeling estimation, unstandardized coefficientsa.

95% CIP valuez valueβ coefficientPath

0.14 to 0.38<.0014.26.26PEOUb→PUc

1.09 to 1.36<.00117.441.22PU→attitude

0.08 to 0.24<.0014.01.16PEOU→attitude

−0.38 to 0.47.840.20.04PU→BId

0.52 to 1.12<.0015.35.82Attitude→BI

aSatorra-Bentler adjusted; unstandardized coefficients.
bPEOU: perceived ease of use.
cPU: perceived usefulness.
dBI: behavioral intention.
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Table 6. Structural equation modeling estimation, standardized coefficientsa.

95% CIP valuez valueβ coefficientPath

0.15 to 0.42<.0014.09.28PEOUb→PUc

0.84 to 0.94<.00138.19.89PU→attitude

0.07 to 0.19<.0014.09.13PEOU→attitude

−0.31 to 0.37.850.19.03PU→BId

0.57 to 1.19<.0015.54.88Attitude→BI

aSatorra-Bentler adjusted; standardized coefficients.
bPEOU: perceived ease of use.
cPU: perceived usefulness.
dBI: behavioral intention.

Discussion

Principal Findings and Comparison With Prior Work
To explore the potential of using video consultations to provide
type 2 diabetes care in general practice, we used insights from
technology adoption [36-40] to systematically elicit the
technology acceptance of general practitioners. From our survey
of Danish general practitioners, we found support for 4 of the
5 research hypotheses (standardized and unstandardized path
coefficients).

First, our findings suggest that PU is the primary driver of a
positive attitude toward using video consultations to provide
type 2 diabetes in general practice (hypothesis 3 accepted:
unstandardized β=1.22, 95% CI 1.09-1.36). Similarly, earlier
research in general practice found that this relationship appeared
to be highly important [53,54]. The unstandardized path
coefficient indicates that increasing the PU of the technology
by 1 unit will increase the attitude by 1.22 units, given the other
variables in the model. The standardized coefficient (β=.89,
95% 0.84-0.94) shows that a change of 1 SD in PU leads to an
increase by 0.89 SDs in attitude. Second, attitude toward the
technology is positively influenced by general practitioners’
PEOU (hypothesis 2 accepted: unstandardized β=.16, 95% CI
0.08-0.24); however, the impact is lower than that for PU
(β=1.22 vs β=.16). This finding mirrors previous studies that
found that PU, not PEOU, is the primary driver of users’
attitudes toward health care technology. A reason is that ease
of use is not necessarily a sufficiently large benefit to offset the
difficulties of integrating new technology into established work
routines [76]. Another reason is that the importance of a
technology that is easy to use tends to decrease with general
technology use [38,55,56].

Third, our analysis confirmed the expectation that general
practitioners’ PU of video consultations would be positively
influenced by their ratings of PEOU (hypothesis 1 accepted:
unstandardized β=.26,95% CI 0.14-0.38). This mirrors findings
from studies of other types of health care technology [50-52].
The relatively small impact of PEOU may be attributed to the
high education level of Danish general practitioners who use
IT technologies daily to deliver care, such as electronic patient
records, and thus have a basic level of IT skills that could be
speculated to give them confidence in learning new technologies.

Fourth, the BI to use video consultations to provide type 2
diabetes was positively influenced by the attitude toward the
technology (hypothesis 5 accepted: unstandardized β=.82, 95%
CI 0.52-1.12). This particular relationship has also been found
in other studies in the domain of primary health care [23,60,61].
Attitude is a central driver that corresponds to other influential
theories of behavior change, such as the theory of planned
behavior [77]. Fifth, our research model links PU to BI to use;
however, the positive influence was statistically insignificant
(hypothesis 4 rejected: unstandardized β=.04, −0.38 to 0.47).
Compared with the impact of attitude, the influence of the PU
of video consultations was also less influential (β=.82 vs β=.04).
Studies from general practice generally report that PU has a
positive influence on BI to use [35,57-59]. However, these
studies do not include the attitude dimension from the original
model [39] in their research models and, thus, do not address
the relative importance. Our findings indicate that the BI to use
video consultations for type 2 diabetes care is primarily the
result of the positive impact PU has on attitude.

By studying chronic care in our context—type 2 diabetes—our
research findings contribute to an emerging literature on video
consultations in general practice that has hitherto mostly studied
acute or subacute or out-of-hours care [17,25,31]. A major
strength of the study is that the findings build on TAM, which
is a robust model [36,37] with good predictive power for health
technology use [38]. The findings are also supported by
goodness-of-fit tests, showing that the research model has an
acceptable fit for structural equation modeling estimation. A
strength of our analysis is that it did not rely on the assumption
that the measures were normally distributed as we used the
Satorra-Bentler adjustments in the structural equation modeling.

Practical Implications
The potential of using video consultations in general practice
to deliver chronic disease management is promising [1,10,11]
and could fundamentally change how the primary care sector
delivers care [12,19]. Type 2 diabetes is a chronic disease for
which video consultations in general practice are particularly
relevant [43-45] because, as a new care model, it can deliver
high-quality, efficient care [46,47] at a time when the prevalence
of diabetes is increasing [48]. Our findings (standardized and
unstandardized path coefficients in the research model) indicate
that the strongest positive relationships are between PU and
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attitude and between attitude and BI to use. This suggests that
if a policy maker wants to increase general practitioners’ use
of video consultations to provide type 2 diabetes care, they must
ensure that the technology is useful in general practice as it will
have a positive influence on their attitude, which, in turn, will
positively affect their intention to use the technology. Policy
makers interested in scaling up video consultations could benefit
from looking into the items of the dimensions that constitute
the research model. For example, to improve PU, policy makers
should find solutions to three questions: how can it be ensured
that video consultations (1) improve treatment, (2) make
treatment more effective, and (3) make treatment easier?

Relatedly, our findings provide suggestions for mitigating
change hesitance, which remains a barrier to implementing
video consultations in routine practice [21]. As research shows
that working in larger practices—but not individual
characteristics such as age or sex—increases the likelihood that
a general practitioner uses video consultation [22,23], it appears
relevant to explore the perceptions of small and large practices
separately. Using the example of PU, small and large practices
may differ in the ways in which video consultations can improve
and make treatment easier. These insights are important as data
from, for example, the Danish Health Authority show a decrease
in the use of video consultations in general practice from 2020
to 2021 [78], which suggests that general practitioners use the
technology but also that it is not yet a regular work routine in
general practice. Moreover, continuous improvement of the
technology and its use in practice is central as there is a risk
that this new care model increases general practitioner workload,
and there may be a need to allocate more resources to implement
digital-first pathways [14]. To the latter end, research finds that
training facilitates the implementation of video consultations
in routine practice [20].

Limitations
Two modifications were made to the original TAM, underlining
the final research model. First, an item (attitude item 2) was
removed as it decreased the Cronbach α of the attitude
dimension. Another item (PEOU4) was dropped because of the
low factor loading from the confirmatory factor analysis. To
assess the extent to which removing these items changed the
findings, a structural equation modeling estimation, including
these items, was performed, which showed path coefficients
very similar to our final model, thereby supporting the accuracy
of the final structural equation model. Second, structural
equation modeling estimations were not performed with all
respondents as those skipping questions were omitted. Running
a structural equation modeling estimation that included
respondents with missing answers resulted in similar path
coefficients but had poorer goodness of fit. The final research
model met the recommended indices of the goodness of fit but
failed the chi-square test. Failing the chi-square test is a known
issue with structural equation modeling, which, similar to our
study, has a high number of respondents and survey answers
that are not normally distributed [75]. The issue of nonnormality
was addressed using Satorra-Bentler adjustments.

With the widespread research validation of TAM in combination
with acceptable goodness-of-fit indices, the final research model

is considered valid. However, as this study surveyed general
practitioners from a tax-financed health care system, the findings
may be most generalizable to countries with similar health care
systems such as the English National Health System. Some
authors also raise the concern that the original TAM and later
extensions lack precision in health care because of their inability
to consider the influence of external variables and barriers to
technology acceptance [36] such as psychological ownership
of IT [79] or social norms [55]. Nevertheless, for the purposes
of this study, the research model was kept simple for 2 main
reasons. First, findings from health care that extend TAM only
result in a relatively modest increase in explanatory power [55].
Second, getting general practitioners to answer surveys is
difficult [43], and including other variables to increase the
precision a little would likely come at the expense of a lower
response rate. More questions also increased the risk of
respondent fatigue and missing answers.

The relatively low response rate of 12.8% of all 3326 Danish
general practitioners increased the risk of selection bias.
Nevertheless, it improved confidence in the findings that the
individual characteristics of the sample of general practitioners
were comparable with the population, and the share of
respondents in the sample who used video consultations was
similar to that of other sources [78]. This finding supports the
generalizability of our results. The difficulty in getting Danish
general practitioners to participate in survey research is an
explanation as they operate as for-profit firms and are often on
a tight schedule [62]. The survey was also distributed during
the COVID-19 pandemic when other surveys of general
practitioners had similar low response rates [22,43,80]. It could
be speculated that general practitioners with the strongest
positive or negative attitudes toward technology were more
likely to participate. Univariate normality tests of the items in
the attitude dimension, as mentioned previously, showed that
the respondents’ attitudes were relatively normally distributed
and did not only represent the most negative or positive attitudes
toward video consultations used for diabetes care.

The study design was cross-sectional and, thus, only capable
of capturing the views of general practitioners at the time of
data collection. Although the cross-sectional design is standard
in most studies on TAM [37,38], longitudinal studies are
generally recommended to assess changes over time to make
study findings more robust. Collecting data on the variables in
TAM from the same source (ie, general practitioners) makes
common method bias [81] a potential risk in the study. However,
common method bias is of modest importance here as the
research model asks about the intention to use rather than actual
use.

Conclusions
This study explored the potential of using video consultations
to provide type 2 diabetes care in general practice by eliciting
the technology acceptance of a representative survey sample of
Danish general practitioners. On the basis of TAM, our study
suggests 2 main drivers: PU positively affects attitude toward
using video consultations for diabetes care, and attitude
positively affects the BI to use the technology. For policy makers
interested in scaling up general practitioners’ use of video
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consultations to provide diabetes care, our findings indicate that
they should emphasize how the technology can improve
treatment and make it more effective and easier. To this end,

policy makers may need to explore what these aspects of
usefulness mean to general practitioners working in different
organizational contexts.
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Abstract

Background: The ever-growing amount of health information available on the web is increasing the demand for tools providing
personalized and actionable health information. Such tools include symptom checkers that provide users with a potential diagnosis
after responding to a set of probes about their symptoms. Although the potential for their utility is great, little is known about
such tools’ actual use and effects.

Objective: We aimed to understand who uses a web-based artificial intelligence–powered symptom checker and its purposes,
how they evaluate the experience of the web-based interview and quality of the information, what they intend to do with the
recommendation, and predictors of future use.

Methods: Cross-sectional survey of web-based health information seekers following the completion of a symptom checker visit
(N=2437). Measures of comprehensibility, confidence, usefulness, health-related anxiety, empowerment, and intention to use in
the future were assessed. ANOVAs and the Wilcoxon rank sum test examined mean outcome differences in racial, ethnic, and
sex groups. The relationship between perceptions of the symptom checker and intention to follow recommended actions was
assessed using multilevel logistic regression.

Results: Buoy users were well-educated (1384/1704, 81.22% college or higher), primarily White (1227/1693, 72.47%), and
female (2069/2437, 84.89%). Most had insurance (1449/1630, 88.89%), a regular health care provider (1307/1709, 76.48%), and
reported good health (1000/1703, 58.72%). Three types of symptoms—pain (855/2437, 35.08%), gynecological issues (293/2437,
12.02%), and masses or lumps (204/2437, 8.37%)—accounted for almost half (1352/2437, 55.48%) of site visits. Buoy’s top
three primary recommendations split across less-serious triage categories: primary care physician in 2 weeks (754/2141, 35.22%),
self-treatment (452/2141, 21.11%), and primary care in 1 to 2 days (373/2141, 17.42%). Common diagnoses were musculoskeletal
(303/2437, 12.43%), gynecological (304/2437, 12.47%) and skin conditions (297/2437, 12.19%), and infectious diseases (300/2437,
12.31%). Users generally reported high confidence in Buoy, found it useful and easy to understand, and said that Buoy made
them feel less anxious and more empowered to seek medical help. Users for whom Buoy recommended “Waiting/Watching” or
“Self-Treatment” had strongest intentions to comply, whereas those advised to seek primary care had weaker intentions. Compared
with White users, Latino and Black users had significantly more confidence in Buoy (P<.05), and the former also found it
significantly more useful (P<.05). Latino (odds ratio 1.96, 95% CI 1.22-3.25) and Black (odds ratio 2.37, 95% CI 1.57-3.66)
users also had stronger intentions to discuss recommendations with a provider than White users.

Conclusions: Results demonstrate the potential utility of a web-based health information tool to empower people to seek care
and reduce health-related anxiety. However, despite encouraging results suggesting the tool may fulfill unmet health information
needs among women and Black and Latino adults, analyses of the user base illustrate persistent second-level digital divide effects.
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Introduction

Background
The ever-growing amount of health information available on
the web is increasing the demand for tools that provide
personalized and actionable health information. In addition,
patients avidly seek information to inform their own health care
decisions, either directly or by verifying information discussed
during professional consultations. The broad scope of web-based
health information includes generic information obtained
through web-based searches and decision aids and tools that
deliver personalized advice based on information specific to
users. Such tools include symptom checkers that provide users
with a potential diagnosis after responding to a set of probes
about their symptoms.

Web-based symptom checkers are becoming increasingly
popular, and the emergence of the COVID-19 pandemic has
increased interest in these tools [1]. However, only a few studies
have examined how and why they are used [2-4]. The limited
research on symptom checkers has found generally positive
effects of their use; technologically sophisticated web-based
triage systems may help reduce unnecessary visits to emergency
rooms and overuse of antibiotics [4], make health care accessible
in low-resource settings [5], and increase patient engagement
[6]. However, although the potential for their utility is great,
more research is needed on the actual use and effects of such
tools.

Some studies have raised concerns about the potential of
web-based health information systems to spread disinformation
and inaccurate diagnostic information [2,7,8]. For example, a
study evaluating the diagnostic and triage accuracy of 23
web-based symptom checkers found that physicians performed
better than the symptom checker algorithms [4]. However,
physicians made incorrect diagnoses in 15% of the cases.
Although research suggests that symptom checkers may be less
effective than physicians in terms of diagnostic accuracy, it
might be more critical that symptom checkers provide
recommended actions (eg, whether symptoms warrant a trip to
the hospital). Therefore, it is important to understand the impact
of symptom checkers on how patients seek care and respond to
health care advice.

A significant potential contribution of web-based symptom
checkers as triage systems may be to reduce the negative effects
of the current overwhelming health information environment,
such as the health information overload experienced by
web-based health information seekers and their struggle to
discern reliable information from misinformation. A web-based
medical information system that addresses the abovementioned
problems can help people better understand the potential causes
of the symptoms they are experiencing, empower them to seek

the right kind of help, and potentially reduce anxiety caused by
the symptoms they are experiencing.

Users must be able to trust and follow their recommendations
for web-based symptom checkers to make meaningful
contributions. If web-based symptom checkers are not trusted,
they are less likely to be adopted by users, thereby limiting their
potential [9]. Moreover, users may be unclear about the
technology behind web-based symptom checkers. Research
suggests that web-based symptom checkers’ artificial
intelligence (AI) systems are neither transparent nor
comprehensible to users, which may undermine trust in such
tools [10]. Nevertheless, despite hesitancy and concerns
regarding the accuracy, AI-powered symptom checkers have
been perceived as useful for diagnosis by users [11].

A large body of research on information seeking grounded in
the uses and gratification frameworks [12] has examined how
people use different media to fulfill or gratify various needs.
Research in this tradition has characterized health
information–seeking behaviors by sources (ie, web-based vs
offline seeking [13,14]) or objective (ie, seeking for themselves
vs others [15-17]). Multiple studies have confirmed that active
information seekers from nonclinical sources, including the
internet, are more likely to be White, female, and have relatively
high levels of education and income [18-22]. Racial differences
in health information–seeking, as well as confidence in
information and trust in various sources, have been well
documented. There may be different levels of trust and use of
sources by racial groups, which can lead to disparities if
inaccurate sources are used [23].

Research based on self-reported media use has established that
deliberate information seeking from media, including the
internet, has been associated with better health outcomes [24],
increased engagement in prevention behaviors [25], and more
positive patient-clinician interactions [26-28] and has also
assisted individuals in coping with uncertainty [20]. Web-based
health information–seeking before presenting to an emergency
physician also has the potential to improve patient-provider
interaction without negatively affecting adherence to treatment
[29].

Despite this extensive body of research on information seeking
and the importance of the internet and other “new” media as
sources of medical information, the quality of the evidence for
the effects has been limited. Most previous studies examining
information seeking from nonclinical sources, including nearly
all internet-based health information–seeking studies, are limited
by their reliance on self-reports of individuals’
information-seeking behaviors and behavioral or psychosocial
outcomes. Furthermore, most studies rely on generalized,
non–time-bound health information–seeking behaviors (ie,
“Have you ever looked for information about [a topic] from [a
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source]”), or ask about information seeking within a specific
timeframe, but do not examine the content of the information
retrieved or the recommendation provided. Thus, the next
frontier in this line of research is one that links objective
measures of information seeking—both sources and
content—with clinical and psychosocial outcomes to understand
how people use the information they seek and find from
nontraditional sources.

Objectives
This study aimed to address the methodological limitations of
prior information-seeking research and examine who seeks
information from an intelligent web-based symptom checker
and for what purpose, how users experience the tool, what they
intend to do with the information, and predictors of intentions
to follow the tool recommendations. The following research
questions (RQs) guided this study:

1. RQ1: Who uses a web-based symptom checker?
2. RQ2: What drives users to use a web-based symptom

checker?
3. RQ3: What were the web-based symptom checker’s

recommendations?
4. RQ4: How do users perceive the web-based symptom

checker?
5. RQ5: What is the relationship between perceptions of a

web-based symptom checker and intention to follow
recommended actions?

Methods

We conducted a cross-sectional survey of web-based health
information seekers immediately following the completion of

a visit to a web-based intelligent symptom checker, Buoy Health
(Buoy Health, Inc [30]; N=2437).

Buoy Health: an AI-Powered Web-Based Symptom
Checker
This cross-sectional study used data from patient encounters
using Buoy Health, an AI-powered web-based symptom checker,
between January 14, 2019, and February 28, 2019. Founded in
2014 by a team of physicians and researchers, the tool is based
on conversational medical interviewing, mirroring a
conversation with a provider. At the time of writing, Buoy’s
symptom checker remains accessible for free on the web or
through an app to any internet-connected person. The
AI-powered tool uses a progressive series of health questions
communicated via a chatbot to assess user symptoms (Figure
1). Buoy’s triage or diagnostic system by design offers health
information customized for the user.

Buoy’s proprietary algorithm sources data from >18,000 clinical
research studies [31]. Users receive 3 possible diagnoses and
recommendations for appropriate levels of care (Figure 2).
According to Buoy, the tool’s diagnostic accuracy is 90% [32].
Thus, tools such as Buoy—and other intelligent symptom
checkers—have the potential to cut through the clutter of too
much and contradictory information to provide personalized,
science-based recommendations. A study examining how
patients’use of Buoy affected their plans for seeking care found
that Buoy decreased uncertainty among users [33]. Buoy also
lowered the level of urgency in patients associated with their
condition. This study suggests tools such as Buoy are associated
with users’ intended behavior when seeking care based on triage
questions. Accordingly, our study adds to the growing literature
that seeks to understand how patients use tools such as Buoy
together with their providers to manage their health.
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Figure 1. Screenshot of the patient-facing, artificial intelligence–assisted Buoy Health symptom checker.
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Figure 2. Screenshot of a Buoy Health symptom checker recommendation.

Sampling and Procedure
A recruitment script was shown to Buoy users, assumed to be
web-based health information seekers, who met the inclusion
criteria via a pop-up window immediately following their Buoy
session. Inclusion criteria included completion of the Buoy
interview to the recommendation stage in ≤10 minutes, being
aged ≥18 years, and residency in the United States (although

not necessarily physically in the United States at the time of
seeking).

In addition, potential participants must have completed the Buoy
interview for themselves; that is, they were seeking information
about their symptoms. As 95% of Buoy users complete the
diagnostic interview within 10 minutes, users who took longer
were not representative of the typical user and thus were not
invited to participate in our study to avoid other unanticipated
ways in which they might differ from the typical user. Using
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similar logic, we excluded people who had a pre-existing serious
or chronic condition [34] as they may not be representative of
the typical Buoy user either. It is expected that their health
information–seeking habits and use patterns of Buoy would be
different from all other Buoy users. Finally, for ethical reasons,
we excluded users who Buoy advised to seek immediate medical
care from eligibility, including immediate medical care via 911
or in the emergency department. Figure 3 shows attrition at each
stage.

Participants received a US $5 electronic gift card in appreciation
of their time following completion of the survey, which had a
mean time to completion of 8.61 (SD 6.78) minutes. The gift
cards were delivered to an email address that was also used for
follow-up. Participants were informed that they would receive
another incentive (US $10) following the completion of a second
survey. A follow-up assessment was administered 2 weeks after
the initial survey to those who chose to provide an email address;
however, this study reports only the baseline data.

Figure 3. Flow diagram showing attrition of participants.

Constructs and Measures

Overview
This study followed the tradition of uses and gratifications
research [12]. We sought to understand who uses Buoy,
perceptions of the user experience, and what they intend to do
with the information they obtain. The survey was guided by the
integrative model of behavior change [35]. The key constructs
and measures are described in the following sections, and the
complete survey instrument is available upon request from the
corresponding author.

Reasons for Using Buoy
Patients could select ≥1 of 5 reasons for using Buoy; the list
was based on the review of internet use for appraisal of
symptoms of physical illness by Mueller et al [3]. Options
included not being confident that the health care provider
provided the correct diagnosis, symptoms not serious, sensitive
or embarrassing symptoms, new symptoms, and persistent
symptoms. An open-ended response was also provided, and the

results were interpreted by 2 coders to map to original
close-ended or new codes (access, anxiety, curiosity, and triage).

Trust in Health Information Sources
Trust in a variety of health information sources was assessed
using a single Likert item, with responses ranging from “Not
at all” (1) to “A lot” (4), adapted from the National Cancer
Institute’s Health Information National Trends Survey [36].
The question stem was “In general, how much would you trust
information about health or medical topics from each of the
following?” The list of sources was randomized:
physician/family or friends/newspapers or
magazines/radio/internet news/television/government health
agencies/social media (such as Facebook or
Twitter)/Google/blogs/Buoy.

Prior research has demonstrated that the usability of the health
information website affects trust in and credibility of the health
information found on the site [37]. Thus, we assessed
confidence, comprehensibility, perceived utility, and the
emotional effects of using Buoy.
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Confidence in Smart Symptom Checkers
A total of 2 items with 5-point response values from “Not at all
confident” to “Very Confident” were adapted from Sivakumar
et al [38] and combined as a scale where higher values
represented greater confidence.

Comprehensibility of Smart Symptom Checkers
We assessed the extent to which the language on the website
was easy to understand and the website was understandable and
easy to read using 3 response values of 5 points (strongly
disagree to strongly agree). Items were based on a scale by van
Weert et al [39], with higher values representing greater
comprehensibility of Buoy.

Perceived Utility of Smart Symptom Checkers
A total of 3 items with 5-point response values (strongly
disagree to strongly agree) and combined as a scale by Davis
[40] were used to assess the extent to which the website made
the diagnosis of symptoms quicker and easier and the website’s
overall usefulness.

Emotional Effects of Using Smart Symptom Checkers
The emotional effect was informed by White and Horvitz [41]
and was measured using a scale of 2 items of 5 points (strongly
disagree to strongly agree). The items assessed anxiousness
about a perceived medical condition and the extent to which
the website encouraged help seeking. Higher values represented
more positive emotional effects of using the website.

Recommended Action
At the conclusion of the Buoy diagnostic interview, users were
given at least one and up to 3 of 8 possible recommendations
for the next steps (triage level) that correspond to their cluster
of symptoms and potential diagnosis: (1) wait and watch, (2)
self-treatment, (3) phone call or in-person visit in the next 3
days, (4) primary care physician in 2 weeks, (5) primary care
physician in 1 to 2 days, (6) in-person visit that day or as soon
as possible, (7) hospital emergency room, and (8) emergency
medical service. Buoy users who received the 2 most urgent
recommended actions were not included in our study for ethical
reasons. A complete description of the recommendations is
available in Multimedia Appendix 1. Buoy provided the research
team with the actual recommendations shown to all eligible
users. In addition, we asked participants to indicate which of
the 6 possible recommendations they had received from Buoy.
We compared participants’ self-reports with the Buoy-reported
recommendations as a manipulation check. The comparison
matched survey responses with at least one of the Buoy
recommendations. Most self-reported recommendations matched
at least one recommendation, as reported by Buoy (1595/2141,
74.49%).

Intention to Follow Recommended Action
The reasoned action approach informed this measure [35].
Intention was measured for all 6 included recommended actions
and intentions to discuss Buoy’s recommendation with a
physician or other health professional. The response values
ranged from 1 (strongly disagree) to 5 (strongly agree).
Examples of the statement are as follows, “I intend to [follow

Buoy’s recommendation]” and “I intend to discuss the
information I got from Buoy with my doctor or other health
care professional.” Higher values on the item represented a
stronger intention to follow Buoy’s recommendations or discuss
the same with the physician. The recommended action was
assessed as a binary variable. Users who scored 4 or 5 on
intention (high) were classified as having medical intention,
whereas those who scored 1, 2, or 3 were classified as having
no medical intention. Intention to follow “Wait and Watch” and
“Self-Treatment” were combined on a “No Medical Intention”
scale. The intentions “Phone Call or In-Person Visit in the next
3 Days,” “Primary Care Doctor in 1-2 days,” and “In-Person
Visit Today or ASAP” were combined in a “Medical Intention”
scale.

Coding of Symptoms and Diagnoses
Users’ self-reported symptoms resulting from the Buoy
interview were coded into 13 categories using the Centers for
Disease Control and Prevention National Ambulatory Medical
Care Survey (NAMCS) coding protocol [42]. During the
interview, the users were prompted to enter up to 5 presenting
symptoms. We report only on the first as that was the primary
issue driving the use of the web-based symptom checker. Using
an iterative coding process, we generated a set of unique
symptoms (N=2040) and unique diagnoses (N=938) from all
Buoy data sets.

A total of 2 coders independently coded the first symptom.
Coder 1 was part of the codebook development process. Coder
2 was introduced into the study once the codebook was finalized.
Disagreements were resolved by discussion. The second author
resolved disagreements when consensus was not possible. Cohen
κ was run to determine interrater reliability between the 2
coders’ assignment of NAMCS codes for the 2040 unique
symptoms; there was substantial agreement between the 2 coders
(κ=0.73; [43]). We further categorized whether the first
symptoms were serious and likely to require medical attention
based on Shapiro et al [44] (chest pain that is heart related,
bleeding, loss of consciousness, shortness of breath, and weight
loss).

Users are provided with up to 3 possible diagnoses or display
names at the completion of their interview, ranked and weighted
according to Buoy’s proprietary algorithm, along with
recommendations for subsequent actions. Diagnoses were coded
into 25 categories comprising major systems, disorders, and
conditions, in line with the NAMCS. We report the first
diagnosis display name as the algorithm had the highest
confidence in it. In addition, the first diagnosis display name
had no missing data.

Analytic Approach
For this descriptive analysis, we computed frequencies and
percentages to summarize participant characteristics and
experiences, overall and by sex and ethnicity where relevant,
and to assess intentions to comply with Buoy recommendations.
ANOVAs with Bonferroni correction examined the mean
outcome differences between racial or ethnic groups on user
experience and recommendations. Nonparametric tests in the
form of the Wilcoxon rank sum test were performed to test the
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mean differences between sexes in user experience and
recommendations. The relationship between perceptions of the
symptom checker and intention to follow recommended actions
was assessed using logistic regression. Logistic regression
models examined the factors affecting confidence in
recommendations and intention to follow these. Analyses were
conducted using R (version 4.0.3; R Foundation for Statistical
Computing).

Ethics Approval
The University of California, Merced Institutional Review Board
approved this study (approval number: UCM2018-124).

Results

Users of a Web-Based Symptom Checker
Consistent with prior studies on health information seekers,
Buoy users were well-educated (1384/1704, 81.22% some

college or more), mostly White (1227/1693, 72.47%), and
female (2069/2437, 84.89%). The mean age of the users was
39.4 (SD 14.7) years. Users were similar to other users of
web-based symptom tools, and a prior study of web-based
symptom checkers found that users were predominantly female
with a mean age of 40 years [33]. Findings from other studies
further indicate an age, sex, and socioeconomic divide among
adults’ web-based health information–seeking behaviors [45].
The sampled users were also relatively privileged in terms of
health care access; most had insurance (1449/1630, 89%) and
a regular health care provider (1307/1709, 76%). They were
generally in good health; 59% (1000/1703) reported their health
as good, very good, or excellent. Table 1 shows the additional
demographic details.
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Table 1. Sample characteristics and comparison with all users of an intelligent web-based symptom checker.

Eligible opt-outs (N=27,816)Analytic samplea (N=2437)Characteristics

Age (years)

36.92 (14.13)39.35 (14.43)Values, mean (SD)

18-8918-87Values, range

Ethnicity (N=1693), n (%)

—b1227 (72.47)White

—189 (11.16)Black or African American

—139 (8.21)Latino or Hispanic

—86 (5.08)Asian or Pacific Islander

—52 (3.07)Other

Education (N=1704), highest level completed, n (%)

—320 (18.78)High school or less

—689 (40.43)Some college

—695 (40.79)College

Household income (US $; N=1654), n (%)

304 (18.38)<20,000

—226 (13.66)20,000-34,999

—232 (14.03)35,000-49,999

—316 (19.11)50,000-74,999

—237 (14.33)75,000-99,999

—339 (20.50)≥100,000

General health status (self-reported; N=1703), n (%)

—63 (3.70)Excellent

—288 (16.91)Very good

—649 (38.11)Good

—532 (31.24)Fair

—171 (10.04)Poor

—1307 (76.48)Have regular health care provider (N=1709), n (%)

—1449 (88.90)Have insurance (N=1630), n (%)

aThe number of Buoy users in the analytic sample was 2437; during the period of the study, there were a total of 27,816 potentially eligible users (aged
≥18 years, US IP address, those seeking for themselves, and who completed the Buoy interview in <10 minutes) who opted not to participate.
bData not available.

Drivers for Users to Use a Web-Based Symptom
Checker
Users selected ≥1 of the 5 stated reasons for using Buoy, as well
as open-ended responses, which were coded into 5 new
categories. Over one-third (839/2437, 34.43%) of the users
indicated persistent symptoms as a reason for using Buoy,
followed by new symptoms (767/2437, 31.47%), symptoms not
serious (545/2437, 22.36%), sensitive or embarrassing symptoms
(269/2437, 11.04%), and not confident that health care provider
provided correct diagnosis (220/2437, 9.03%). Less common
reasons included new categories/codes: curiosity (66/2437,

2.71%), access (36/2437, 1.48%), anxiety (16/2437, 0.66%),
triage (29/2437, 1.19%), and other (30/2437, 1.23%; data not
shown).

Recommendations of the Web-Based Symptom
Checker
We report the patterns in symptoms and diagnoses in 2 ways.
First, we report the frequencies of symptoms and diagnoses
organized by the NAMCS Biological Systems associated with
them (Multimedia Appendix 2 [42,44]). Second, we report the
top 10 symptoms and diagnosis categories, overall and by sex
and race/ethnicity (Table 2).
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Table 2. Top 10 symptoms and diagnoses (sorted into major categories), overall and by sex and ethnicity (N=2437).

Asian or Pacific Is-
lander (n=86)

Black
(n=189)

Latino
(n=139)

White
(n=1227)

Male
(n=368)

Female
(n=2069)

OverallSymptoms and diagnoses

Primary symptom, proportion

0.210.210.310.400.420.340.35Musculoskeletal pain; headache; other
pain

0.010.020.020.060.060.050.05Axial musculoskeletal pain

0.030.030.060.070.080.060.06Muscle pain

0.070.030.070.090.090.080.08Joint pain

00.020.020.030.020.030.03Headache

0.010.020.030.020.030.020.02Chest pain

0.080.080.100.110.130.100.11Other pain

0.260.220.160.080.000.140.12Gynecological problems

0.090.100.070.090.130.070.08All masses, lumps, and tumors

0.030.050.060.050.050.050.05Edema

0.080.080.060.050.090.040.05Skin issues

0.060.030.100.060.040.050.05Gastrointestinal problems

0.030.040.010.040.060.030.04Impaired sensation

0.030.040.030.030.020.030.03Urinary tract problems

0.030.020.050.030.010.040.03Acute upper respiratory tract symptoms

0.160.220.150.190.170.190.18Other

Primary diagnosis, proportion

0.070.070.080.140.170.120.12Musculoskeletal conditions

0.020.040.040.060.050.050.05Musculoskeletal injuries

0.200.220.170.0900.150.12Gynecological conditions

0.140.150.090.120.170.110.12Skin problems

0.130.090.190.130.100.130.12Infectious diseases

0.060.050.070.080.080.070.07Digestive conditions

0.100.050.080.090.080.070.07Neurological conditions

0.010.0200.040.050.040.05Cancer and benign growths

0.050.040.040.030.020.040.03Urination problems

0.030.040.010.030.020.030.03Endocrinal problems and conditions

0.010.030.010.020.030.020.02Heart related issues

0.170.190.240.180.220.180.17Other

Only 3 types of symptoms—pain (855/2437, 35.08%),
gynecological issues (293/2437, 12.02%), and masses or lumps
(204/2437, 8.37%)—accounted for almost half (1352/2437,
55.48%) of the site visits. The top 3 symptoms entered by men
included pain (154/368, 41.8%), masses or lumps (49/368,
13.3%), and skin issues (33/368, 8.9%), whereas the top 3
symptoms in women included pain (701/2069, 33.88%),
gynecological issues (293/2069, 14.16%), and masses or lumps
(155/2069, 7.49%). Pain, gynecological issues, and masses or
lumps were also reported as the top 3 symptoms for White,
Black, and Asian or Pacific Islander users. The top 3 symptoms
in Latino users were pain (43/139, 30.9%), gynecological issues
(22/139, 15.8%), and gastrointestinal problems (14/139, 10.1%).
In comparison, Native Americans, who represented <1% of

users, only entered five symptoms: pain (4/13, 31%),
gynecological issues (4/13, 31%), skin issues (1/13, 8%),
gastrointestinal problems (1/13, 8%), and impaired sensation
(1/13, 8%).

Among the entire sample, major diagnoses were musculoskeletal
(303/2437, 12.43%), gynecological (304/2437, 12.47%) and
skin conditions (297/2437, 12.19%), and infectious diseases
(300/2437, 12.31%). Comparably, the top 3 diagnoses reported
by Buoy for men included musculoskeletal conditions (63/368,
17.1%) and skin conditions (62/368, 16.8%) and infectious
diseases (37/368, 10%). The top 3 diagnoses for women included
gynecological conditions (304/2069, 14.69%), infectious
diseases (263/2069, 12.7%), and musculoskeletal conditions
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(240/2069, 11.59%). The diagnoses based on race or ethnicity
followed a similar pattern. White users also reported
musculoskeletal conditions (177/1227, 14.42%), infectious
diseases (163/1227, 13.28%), and skin conditions (148/1227,
12.06%) as the top 3 diagnoses. Latino, Black, and Asian or
Pacific Islander users reported gynecological conditions, skin
conditions, and infectious diseases as the top 3 diagnoses.
Gynecological conditions were reported as the top diagnosis
category by Black (42/189, 22.2%) and Asian or Pacific Islander
(17/86, 20%) users, whereas Latino users reported infectious
diseases (26/139, 18.7%) as the top diagnosis category.

Buoy’s primary recommendation was more evenly split across
the less-serious triage categories. Users self-reported primary
care physicians in 2 weeks (754/2141, 35.22%), self-treatment
(452/2141, 21.11%), and primary care in 1 to 2 days (373/2141,
17.42%) as the top 3 recommendations provided by Buoy,
followed by wait and watch (339/2141, 15.83%). Only 5.74%
(123/2141) and 4.67% (100/2141) of users self-reported phone
calls or in-person visits in the next 3 days and in-person visits
that day or as soon as possible, respectively. The
recommendations reported by Buoy closely matched primary

care physicians in 2 weeks (924/2437, 37.91%), self-treatment
(552/2437, 22.65%), and primary care in 1 to 2 days (456/2437,
18.71%). Most users (2098/2437, 86.09%) had 2
recommendations. Approximately 71.85% (1751/2437) had 3
recommendations, as reported by Buoy.

Users’ Perceptions of the Web-Based Symptom
Checking Experience
Users generally reported high levels of confidence in Buoy
(mean 3.47, SD 0.97), found it useful (mean 4.18, SD 0.81) and
easy to understand (mean 4.64, SD 0.53), and said that Buoy
made them feel less anxious (mean 3.60, SD 1.05) and more
empowered to seek medical help (mean 3.75, SD 0.96)
Compared with White users, Latino and Black users had
significantly more confidence in Buoy (P<.05), and the former
also found it significantly more useful (P<.05; Table 3).
Consistent with prior studies on trust in web-based health
information sources [46-48], physicians were the most trusted
source. However, Buoy was trusted more (mean 3.68, SD 0.61)
than any other nonmedical source, including government
agencies (mean 2.85, SD 0.95), family (mean 2.64, SD 0.76),
and Google (mean 2.52, SD 0.79).
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Table 3. Buoy user experience and recommendations (N=2437).

Asian or Pacific
Islander (n=86)

Black
(n=189)

Latino
(n=139)

White
(n=1227)

Female
(n=2069)

Male
(n=368)

OverallItem

4.60 (0.45)4.67 (0.53)4.68 (0.55)4.67 (0.50)4.65 (0.53)4.61 (0.49)4.64 (0.53)Comprehensibility of Buoy, mean
(SD)

4.57 (0.50)4.60 (0.63)4.63 (0.67)4.63 (0.57)4.60 (0.62)4.57 (0.54)4.60 (0.61)Buoy website was understandable,
mean (SD)

4.64 (0.48)4.71 (0.55)4.69 (0.59)4.68 (0.54)4.67 (0.57)a4.62 (0.52)4.66 (0.56)Buoy website was easy to read, mean
(SD)

4.59 (0.49)4.70 (0.54)4.71 (0.58)4.70 (0.51)4.68 (0.55)4.65 (0.51)4.68 (0.55)Language used on the Buoy website
was easy to understand, mean (SD)

3.48 (0.88)3.63 (1.04)3.69 (0.92)b3.44 (0.96)b3.49 (0.99)3.39 (0.89)3.47 (0.96)Confidence in Buoy, mean (SD)

3.35 (0.96)3.53 (1.11)c3.58 (0.99)b3.29 (1.05)b,c3.36 (1.06)3.27 (0.97)3.34 (1.05)Confidence in diagnoses, mean (SD)

3.60 (0.91)3.73 (1.09)3.79 (0.98)3.60 (1.01)3.62 (1.03)3.52 (0.95)3.60 (1.02)Confidence in the recommendation,
mean (SD)

4.20 (0.76)4.25 (0.86)4.43 (0.73)d4.16 (0.80)d4.19 (0.82)4.14 (0.77)4.18 (0.81)Perceived utility of Buoy, mean (SD)

4.19 (0.80)4.20 (0.92)f4.45 (0.75)e,f4.12 (0.84)e4.16 (0.86)4.11 (0.81)4.15 (0.85)Buoy enabled me to diagnose my
symptoms more quickly, mean (SD)

4.14 (0.81)4.23 (0.91)4.38 (0.79)b4.13 (0.85)b4.16 (0.87)4.12 (0.81)4.16 (0.86)Using Buoy made the diagnosis of
my symptoms easier, mean (SD)

4.27 (0.77)4.31 (0.89)4.47 (0.75)b4.22 (0.85)b4.24 (0.86)4.19 (0.83)4.23 (0.86)Overall, I found Buoy useful to diag-
nose my symptoms, mean (SD)

3.76 (0.66)3.72 (1.00)3.76 (1.02)3.65 (0.88)3.68 (0.91)3.65 (0.79)3.68 (0.90)Emotional consequences of using
Buoy, mean (SD)

3.67 (0.79)3.59 (1.16)3.70 (1.15)3.58 (1.04)3.61 (1.07)3.56 (0.94)3.60 (1.05)Less anxious, mean (SD)

3.84 (0.76)3.86 (1.05)3.83 (1.11)3.73 (0.95)3.76 (0.98)3.74 (0.88)3.75 (0.96)Encouraged to seek help, mean (SD)

aSignificant difference between sex (P<.05).
bSignificant difference between White and Latino users (P<.05).
cSignificant difference between White and Black users (P<.05).
dSignificant difference between White and Latino users (P<.001).
eSignificant difference between White and Latino users (P<.001).
fSignificant difference between Latino and Black users (P<.05).

Relationship Between Perceptions of a Web-Based
Symptom Checker and Intention to Follow
Recommended Actions
Overall, most users reported intentions to follow Buoy’s
recommendations (1428/1886, 75.71%) and discuss Buoy’s
recommendations with a physician or health care professional
(1198/1830, 65.44%; Table 4). Users reported the strongest
intention to follow Buoy’s wait and watch recommendation
(mean 4.38, SD 0.90), followed by self-treatment (mean 4.33,
SD 0.93), in-person visit that day or as soon as possible (mean
4.17, SD 1.01), phone call or in-person visit in the next 3 days
(mean 4.05, SD 1.05), primary care physician in 2 weeks (mean
3.92, SD 1.19), and primary care physician in 1 to 2 days (mean
3.68, SD 1.26).

Intention to discuss Buoy’s recommendations was positively
associated with having a regular provider (odds ratio [OR] 1.37,
95% CI 1.04-1.82), and an income >US $50,000 was negatively
associated (OR 0.75, 95% CI 0.57-0.98; OR 66, 95% CI
0.48-0.91; Table 5). Users aged between 35 and 44 years (OR

1.51, 95% CI 1.13-2.03) and 45 and 64 years (OR 1.57, 95%
CI 1.18-2.10) had better intentions of discussing
recommendations than younger users (aged 18-34 years).
Compared with White users, Latino (OR 1.96, 95% CI
1.22-3.25) and Black (OR 2.37, 95% CI 1.57-3.66) users had
stronger intentions to discuss recommendations with a provider,
and Black users were twice as likely to intend to do so.
Confidence in Buoy (OR 1.54, 95% CI 1.34-1.76), perceived
utility (OR 1.32, 95% CI 1.10-1.58), and anxiety reduction
because of using Buoy (OR 1.43, 95% CI 1.24-1.63) were
associated with higher intention to discuss Buoy’s
recommendations.

Overall, users had strong intentions to follow Buoy’s
recommendations, and users who self-reported very good or
excellent health had the strongest intention to wait or watch or
self-treat (OR 1.92, 95% CI 1.04-3.65; Table 5). Those who
reported Buoy as easy to read and understand were 2.2 times
(95% CI 1.21-4.14) more likely to intend to wait or watch or
self-treat than those who reported lower comprehensibility for
Buoy. Users with health insurance (OR 2.21, 95% CI 1.36-3.57)
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and a regular provider (OR 1.59, 95% CI 1.11-2.28) had the
strongest intentions to seek care. Confidence in Buoy (OR 1.87,
95% CI 1.56-2.25) and anxiety reduction because of Buoy (OR

1.54, 95% CI 1.29-1.83) were also associated with a higher
intention to seek care.

Table 4. Intentions to follow and discuss Buoy recommendations (N=2437).

Asian or Pacific Is-
lander (n=86)

Black
(n=189)

Latino
(n=139)

White
(n=1227)

Female
(n=2069)

Male
(n=368)

OverallItem

62 (3.29)149 (7.9)116 (6.15)908 (48.14)1241 (65.8)187 (9.91)1428
(75.71)

Intentions to follow Buoy’s recommenda-
tions (n=1886), n (%)

22 (7.8)29 (10.2)23 (8.1)146 (51.6)225 (79.5)24 (9.6)249 (87.9)Wait and watch (n=283), n (%)

8 (2.1)32 (8.3)34 (8.8)226 (58.7)289 (75.1)50 (14.7)339 (88.1)Self-treatment (n=385), n (%)

3 (2.8)8 (7.5)7 (6.5)49 (45.8)67 (62.6)14 (13.1)81 (75.7)Phone call or in-person visit in the next 3
days (n=107), n (%)

17 (2.5)48 (7.0)35 (5.1)317 (46.1)427 (62.1)60 (12.3)487 (70.7)Primary care physician in 2 weeks
(n=688), n (%)

10 (3.0)22 (6.5)9 (2.7)137 (40.8)176 (52.4)29 (14.1)205 (61.0)Primary care physician in 1 to 2 days
(n=336), n (%)

2 (2.3)10 (11.5)8 (9.2)33 (37.9)57 (65.5)10 (11.5)67 (77.0)In-person visit that day or as soon as pos-
sible (n=87), n (%)

51 (2.79)150 (8.19)109 (5.96)758 (41.42)1042
(56.94)

156 (8.52)1198
(65.46)

Intentions to discuss Buoy’s recommendations
(n=1830), n (%)
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Table 5. Intentions to follow Buoy’s recommendations.

Medical intentionNo medical intentionDiscuss Buoy’s recommenda-
tions

Predictors

P valueORP valueORP valueORa

<.001b0.02 (0.00-0.11).03b0.04 (0.00-0.75)<.001b0.02 (0.01-0.06)Intercept

.671.09 (0.74-1.60).280.66 (0.32-1.40).006b1. 51 (1.13-2.03)Age 35 to 44 years

.701.07 (0.74-1.55).160.57 (0.26-1.26).002b1.57 (1.18-2.10)Age 45 to 64 years

.741.12 (0.58-2.27).960.97 (0.28-4.08).301.31 (0.79-2.21)Age ≥65 years

.991.00 (0.65-1.54).590.79 (0.31-1.80).390.86 (0.62-1.20)Female

.141.49 (0.89-2.54).230.62 (0.27-1.57)<.001b2.37 (1.57-3.66)Black

.331.38 (0.74-2.68).501.56 (0.48-7.12).007b1.96 (1.22-3.25)Latino

.570.82 (0.43-1.64).720.79 (0.24-3.23).991.04 (0.62-1.74)Asian or Pacific Islander

.890.94 (0.41-2.28).580.67 (0.18-3.39).201.56 (0.80-3.18)Other ethnicities

.001b2.21 (1.36-3.57).570.74 (0.24-2.01).250.79 (0.52-1.18)Have insurance

.01b1.59 (1.11-2.28).120.51 (0.21-1.14).031.37 (1.04-1.82)Have regular provider

.730.95 (0.70-1.29).04b1.92 (1.04-3.65).501.09 (0.86-1.38)General health status: very good or excellent

.610.89 (0.57-1.38).951.03 (0.41-2.46).770.95 (0.68-1.38)Some college

.110.69 (0.43-1.08).180.54 (0.21-1.29).080.73 (0.52-1.04)College degree

.311.20 (0.85-1.70).221.55 (0.76-3.18).03b0.75 (0.57-0.98)US $50,000-99,999

.680.92 (0.61-1.38).201.74 (0.76-4.17).01b0.66 (0.48-0.91)≥US $100,000

.490.90 (0.65-1.22).01b2.24 (1.21-4.14).171.19 (0.93-1.53)Comprehensibility of Buoy

<.001b1.87 (1.56-2.25)<.001b2.23 (1.61-3.14)<.001b1.54 (1.34-1.76)Confidence in Buoy

.321.12 (0.90-1.39).931.02 (0.63-1.62).002b1.32 (1.10-1.58)Perceived utility of Buoy

<.001b1.54 (1.29-1.83).931.02 (0.66-1.53)<.001b1.43 (1.24-1.63)Emotional consequences of using Buoy

aOR: odds ratio.
bSignificant association.

Discussion

Principal Findings
This study sought to understand who uses web-based
AI-powered symptom checkers and for what purposes. The
demographic profile of Buoy users was similar to that described
in other studies of web-based health information seekers,
suggesting that older, marginalized groups continue to be
digitally excluded. Consistent with data on internet-based
health-seeking behaviors more generally [49], most Buoy users
were middle-aged (or younger), female, and highly educated.
More research is needed to better understand older adults’
web-based health information–seeking behaviors and support
their medical and health decisions [50]. Although a scoping
review of articles examining AI-driven symptom checkers from
various perspectives found that those who do not have access
to health care services are more likely to use symptom checkers
[51], Buoy users overwhelmingly reported having health
insurance. This finding does not negate the possibility that users
were motivated by financial considerations, as most

contemporary health plans require an out-of-pocket copayment.
Nevertheless, this suggests that other considerations such as
convenience were also salient.

Along these lines, prior research has identified an association
between stigmatizing conditions and the use of symptom
checkers [51]. In this study, gynecological problems were among
the top 3 symptom groups. Furthermore, across presenting
symptoms or diagnoses, approximately 11.04% (269/2437) of
the respondents were “too embarrassed” to seek in-person care.
Taken together, these findings suggest that symptom checkers
might be particularly useful for users affected by conditions
considered personal, embarrassing, stigmatizing, not warranting
the physician’s attention, or requiring potentially uncomfortable
or psychologically stressful physical examinations (such as
pelvic examinations).

In examining the reasons for using the tool, approximately
one-third of the respondents had persistent symptoms that failed
to resolve spontaneously, another one-third had new symptoms,
and the rest either thought they did not need professional
attention or (as mentioned previously) were too embarrassed to
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seek care. Thus, some patients used the symptom checker
because they had significant health-related concerns; some
because they lacked sufficient concern to warrant in-person
care; and some because they had issues with perceived quality,
cost, or convenience of available care or simply wanted a second
opinion. Symptoms that persist longer than expected have been
identified as strong drivers of health-related anxiety and, thus,
health care use [52]. At the same time, valuing convenience and
lack of trust in the health care system (factors that may be
particularly prominent among young people and racially and
ethnically minoritized groups, respectively) have been associated
with a lower propensity to use formal health care services [53].

Regarding the user experience, users had high levels of
confidence in Buoy and found it useful. Moreover, users trusted
Buoy more than any other nonmedical source. Perceived
confidence, utility, and trust were associated with a stronger
intention to discuss Buoy’s recommendations with a physician.
This finding is in line with a study examining patient
perspectives on the usefulness of a symptom checker [11]. Most
Buoy users found the tool useful for diagnosis, and most
reported that they would use it again. Although the experiences
of users who discussed recommendations with their physicians
varied, most felt that physicians were open to discussing the
results of the tool. This is an important finding, as users may
not follow recommendations to seek care if they believe that
acting on the advice of a symptom checker will be questioned
or even belittled by their physician, regardless of their
confidence in the tool.

This study ultimately advances the understanding of web-based
health information–seeking behaviors and outcomes by linking
objective measures of information seeking from a web-based
AI-powered system with clinical and psychosocial outcomes.
The results demonstrate the potential utility of an artificially
powered web-based health information tool to improve outcomes
for users. Symptom checkers have been described as a means
of addressing the lack of access to physicians and reducing
unnecessary office visits [4].

There is a lack of research on whether the use of symptom
checkers translates into medical care–seeking behaviors [4,33].
Future research should examine the effects of such tools on
medical care seeking, specifically how users interpret
recommendations, whether the recommendations are followed,
and how user responses vary among sociodemographic groups.
For example, one might surmise that individuals with limited
access to care or with prior negative health care experiences
might be more likely to attend to, appreciate, and follow such
recommendations than their more privileged counterparts.
Although symptom checkers may empower users to make more
informed decisions, they might paradoxically worsen health
disparities if their use were less accessible to some groups.
Currently, web-based symptom checkers are mostly available
for free. As web-based symptom checker companies establish
partnerships with employers and health insurance companies
to ensure profits, not all users may be equally ready or able to
pay for symptom checking.

Limitations and Strengths
We partnered with the Buoy technical and medical staff to
sample the users. Owing to our partnership approach, we were
able to obtain the specific symptoms reported by the participants
as the primary reason for using Buoy, as well as the possible
diagnoses identified by Buoy and Buoy’s triage
recommendation. This allowed for the comparison and
validation of self-reported data. We also obtained from Buoy
the symptoms, diagnoses, triage, and sex of eligible users who
opted not to participate in our study. This allowed us to compare
our sample to the population of users and assess potential bias.
In addition, a benefit of a collaborative approach is the potential
to overcome the self-report limitations of prior studies. Thus,
we obtained from Buoy the paths that individuals took and
Buoy’s final recommendation. We were also able to match the
initial reason for the consultation to the reason reported in the
survey and assess the extent to which respondents understood
the recommendation and intended to act upon it. By leveraging
a public or private partnership, we were able to explore the use
and effects of a web-based symptom checker, which has
important implications for health equity and the health care
system during and after the COVID-19 crisis.

The limitations of this study include the use of cross-sectional
data, which limited the ability to make any causal inferences,
and the potential lack of applicability to other web-based
symptom checkers. In addition, we did not assess the actual
search terms entered by users. Finally, our study used a limited
definition of web-based health information. Searches for
symptoms using a web-based symptom checker differ from
other forms of health-related information communicated through
the internet. For example, web-based health communities can
also be a source of social support [54] and peer-to-peer medical
advice [7].

Conclusions
The results of this study demonstrate the potential utility of a
web-based health information tool to empower people to seek
appropriate care and reduce health-related anxiety. An
interactive symptom checker might provide more personalized
and potentially reliable medical information than other forms
of web-based health information–seeking. Despite encouraging
results suggesting that the web-based tool may fulfill unmet
health information needs among women and Black and Latino
adults, analyses of the user base illustrate persistent second-level
digital divide effects.

For web-based symptom checkers to make a meaningful
contribution, they must not only be trusted by users but also
meet their diverse needs, especially those concerning usability
and comprehensibility. The inability to access web-based
symptom checkers may also be associated with increased
disparities in access to care, particularly among groups that have
lagged historically in terms of digital access and literacy.
Moreover, web-based symptom checker business models may
further exacerbate these disparities. In contrast, AI technologies
such as Buoy have the potential to alleviate disparities by
allowing users to access accurate, actionable, and personalized
advice within an evolving but often confusing web-based health
information environment. Finally, there is a lack of evidence
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on whether web-based symptom checkers influence care-seeking
behaviors. To address this gap, future research will use Buoy
users’ follow-up data to assess the extent to which users discuss

their web-based findings with physicians, as well as barriers to
the same and patient satisfaction.
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Abstract

Background: In recent years, an increasing number of users have joined online health communities (OHCs) to obtain information
and seek support. Patients often look for information and suggestions to support their health care decision-making. It is important
to understand patient decision-making processes and identify the influences that patients receive from OHCs.

Objective: We aimed to identify the posts in discussion threads that have influence on users who seek help in their
decision-making.

Methods: We proposed a definition of influence relationship of posts in discussion threads. We then developed a framework
and a deep learning model for identifying influence relationships. We leveraged the state-of-the-art text relevance measurement
methods to generate sparse feature vectors to present text relevance. We modeled the probability of question and action presence
in a post as dense features. We then used deep learning techniques to combine the sparse and dense features to learn the influence
relationships.

Results: We evaluated the proposed techniques on discussion threads from a popular cancer survivor OHC. The empirical
evaluation demonstrated the effectiveness of our approach.

Conclusions: It is feasible to identify influence relationships in OHCs. Using the proposed techniques, a significant number of
discussions on an OHC were identified to have had influence. Such discussions are more likely to affect user decision-making
processes and engage users’ participation in OHCs. Studies on those discussions can help improve information quality, user
engagement, and user experience.

(J Med Internet Res 2022;24(8):e30634) doi: 10.2196/30634

KEYWORDS

influence relationship; decision-making threads; online health communities; patient engagement; deep learning; text relevance
measurement

Introduction

Background
In recent years, online health communities (OHCs) such as the
Cancer Survivors Network (CSN), MedHelp, DoctorLounge,
WebMD, and Health-boards message boards have become one
of the most important resources that patients leverage [1]. An
OHC is defined as an asynchronous web-based message board
system for patients that contains multiple message boards, each

of which typically focuses on 1 disease. OHCs provide a
web-based channel that enables information exchange, facilitates
communication, and provides support to patients and caregivers
[2-4]. They are especially valuable for patients with chronic
diseases to learn about their conditions and seek social support
[5,6].

Empowering and supporting patients to make informed health
care decisions is a key component of patient-centered health
care and is a social, economic, and technical necessity [7,8]. A
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lot of patients seek information and advice on OHCs. Existing
work has found that nearly half of the threads in a breast cancer
forum [9] are related to patient decision-making [1]. Studies
have also shown that patients are often influenced by web-based
sources and social media in their health care decision-making
[10,11].

Objectives
The goal of this study was to identify the influence relationship
of posts in discussion threads related to health care
decision-making. Specifically, we defined the influence
relationships and identified post replies that influenced the initial
author, who had questions posted on OHCs.

The outcomes of this study are important for health care
professionals to help patients make informed decisions for
several reasons. First, analyzing the writing style and pattern
of posts that have influence may help explain why they have
influence and provide insights to health care professionals on
effective communication with patients. Second, if the
information provided by posts that have an influence is not
accurate, it will mislead patients. It is important to check the
information quality in such posts to improve the quality of
influence. Furthermore, a patient who has questions but does
not receive any replies that have an influence may need further
help.

Literature Review
There is a lot of research conducted on OHC analysis, although
with limited study on identifying influence relationships of

posts. Several studies have been conducted on analyzing the
reciprocal patterns between users’ replies in discussion forums
[12-14]. There is also work on analyzing the patterns between
post views and post replies [15]. Many studies have been
conducted on identifying influential users in a community
[16-20]. In those applications, a post, blog, or tweet typically
expresses an opinion of the author, and the replies are considered
as an indication of being influenced by the opinion of the
original post. That is, the reply relationship is considered as an
influence relationship. The focus is on judging the influential
power of an author based on activeness of post writing [21] and
social network features [17,18] such as PageRank-like
algorithms or clustering algorithms.

Finding influence relationships among posts in discussion
forums is different from finding influential users and requires
different techniques. In an OHC, the initial author of a thread
typically expresses a question, not an opinion. The influence
happens when a reply to the question affects the initial author.
There are only 2 existing studies that consider the influence of
the replier on the initial author [21,22]. This influence is
identified when the sentiment of the initial author is changed
to be similar to that of the replier. However, this definition may
not be accurate.

Let us look at an example of a discussion thread related to
patient decision-making, shown in Figure 1. An OHC user
initialized a thread asking for advice on whether to have
chemotherapy before surgery for her mother’s treatment plan
in post pA.

Figure 1. Example of a discussion thread.
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In Figure 1A, a user replied by comforting her in post pB1. The
reply was not informative. Even though the initial author
expressed gratefulness to the author of post pB1, with sentiment
changing to be positive in post pC1, she was not influenced by
post pB1. Indeed, studies show that 75% to 85% of CSN forum
participants change their sentiment in a positive direction
through web-based interactions with other community members
[23]. A change in sentiment is not necessarily an indicator of
being influenced.

In contrast, in Figure 1B, a user shared her experience in a
similar situation suggesting to have chemotherapy before a
surgery in post pB2. The initial author expressed her gratitude
and indicated that she would consider this suggestion in
determining her mother’s treatment plan (the sentences in italics)
in pC2, showing her being influenced.

Contribution
Instead of considering sentiment changes, we propose using
questions or future actions on relevant replies as an indicator
of being influenced, as illustrated in the aforementioned
example. There are 2 major challenges in identifying influence
relationships. First, we need to define influence relationships
of posts. We examined the semantics of post content to define
influence relationships. Unlike influential users, who are defined
by network features in the existing work [16-20], text content
is the key to determine whether posts have influence. Second,
it is hard to identify influence relationships. Unlike typical text
classification problems, influence relationships involve multiple
posts with reply relationships rather than a single paragraph of
text. In addition, influence is an abstract concept. It is
challenging to extract relevant features to capture the influence
patterns considering both content and the reply relationship.

This study makes novel contributions to identifying influence
relationships in discussion threads in OHCs related to patient
decision-making. Specifically, (1) we defined the influence
relationship between the posts based on the semantics of the
post content, (2) an extensible deep learning model that extracts
and combines both sparse and dense features was proposed to
identify the influence relationships in OHC decision-making
threads, and (3) the proposed model achieved good performance
in identifying influence relationships in empirical evaluation.

Methods

In this section, we first model the OHC data and define the
influence relationship in discussion threads. We then propose
a deep learning–based model to identify the influence
relationships.

Problem Definition

Definition of Discussion Threads
Figure 2 presents an overview of the OHC data structure. We
modeled an OHC as a set of discussion threads T = {t1, t2,...,
tn}. Each thread ti is composed of a set of posts and a function
R that represents the reply relationship. For example, Figure 2
illustrates a thread that contains a set of 5 posts {pA, pB, pC, pB’,
pC’}. One of the reply relationships, R(pB) = pA, represents that
post pB replies to post pA. Each post pi consists of a sequence
of sentences pi = {s1, s2,..., sl}. Each post has an author. We
denoted the author relationship using a function U. U(pi)
represents the author of post pi. Note that a post only has a single
author; however, an author may write ≥0 posts in a thread. We
used pA to present the first post of a thread and named it the
initial post. The author of the initial post, U(pA), is referred to
as the initial author of the thread.

Figure 2. Data structure of an online health community.

Existing work [1] has studied the thread discussions in OHCs
and identified that a subset of threads is related to patient
decision-making. Such a thread is characterized by questions
in the initial post and replies with suggestions of options.
Techniques have been developed to identify decision-making
threads in OHCs.

In this paper, we study how to identify the cases where the initial
author of a decision-making thread is influenced by a reply post.
Note that our study is general to any thread discussions related
to decision-making. The definition and identification of
decision-making threads can be handled using the approach
developed in existing work [1] or other approaches. In the rest

of this paper, we use threads to refer to decision-making threads
for simplicity. The defined influence relationship may not be
applicable to discussion threads that are not related to
decision-making, such as discussion threads for casual
communication or experience-sharing threads providing social
support.

Definition of Relationships

Overview

Before introducing the definition of influence relationships, we
first introduce relationships. A relationship is defined on a triple
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of posts in a thread with reply relationships: an initial post, a
reply to the initial post, and the initial author’s subsequent reply.

Definition 1 (Relationship)

We define the relationship among three posts pA, pB, and pC, in
a thread as ri = (pA, pB, and pC), where post pA is the initial post
of the thread, post pB replies to pA, post pC replies to pB, and the
authors of pA and pC are the same person. That is, R(pB) = pA,
R(pC) = pB, and U(pA) = U(pC).

We used ri = (pA, pB, pC) to denote the relationship among pA,
pB, and pC. Note that there are many such relationships in a
thread, and we considered all such triples. For instance, Figure
2 shows a thread with 2 relationships, r1 = (pA, pB, pC) and r2 =
(pA, pB’, pC’).

Also, note that existing work on identifying influential users
[16-20] does not consider the relationships among post triples
but only considers the reply relationship between 2 posts.

Definition of Influence Relationships

Intuition

Now, we discuss how to define influence relationships on
relationship (pA, pB, pC), where post pB has an influence on the
initial author U(pA).

First, intuitively, if post pB influences the initial author U(pA),
then the content of these 3 posts must be relevant.

Second, we referred to the definition of influence in
Merriam-Webster [24]—“to affect or alter by indirect or
intangible means”—and the reaction of being influenced is to
sway rather than being convinced. If the initial author considers
the suggestion given in post pB, even if she eventually does not
take the suggestion, she is considered to have been influenced
by post pB. On the basis of this definition, we observed 2
indications that the initial author, U(pA), was influenced by pB.

An observation of being influenced is that the initial author may
ask questions in pC based on the suggestions in pB. Curiosity is
a motivator for learning and influential in decision-making [25].
An existing study [26] used a statistically large sample of
learning forum posts to investigate whether student participation
in the forum could be influenced. They observed that students
who were influenced by others’ interesting answers were more
likely to ask follow-up questions. This indicates that asking
further questions is a sign of being influenced. The same pattern
also exists in OHCs. Let us look at the example in Figure 1C.
The initial author expressed concerns about hair loss in pA.
Another user replied in post pB3 suggesting the use of wigs. The
initial author then replied in post pC3 with questions (the
sentences in italics) for more details about the suggestion given
in post pB3. These questions indicate that the initial author was

thinking about the suggestion given in post pB; that is, being
influenced.

The second indication that the initial author was influenced by
a post pB is that she expressed her intention to take action in
post pC. Adjei et al [27] found that member-to-member
communication in web-based brand communities greatly
influenced the members’ future purchase behavior. Similarly,
the communication through discussion threads in OHCs may
also affect the initial author’s future actions. Let us look at the
example in Figure 1B again. For the treatment question asked
in pA, a forum user shared her experience and discussed the
treatment in post pB2. The initial author then replied with a
planned action (the sentence in italics) in pC2. The intention of
future action based on the communications in the thread is an
indicator of the influence relationship.

On the basis of these observations, we define influence
relationships in decision-making threads in the following
section.

Definition 2 (Influence Relationship)

A relationship ri = (pA, pB, pC) is considered as an influence
relationship—that is, U(pA) is influenced by pB—if and only if
the following conditions are met: (1) the content of pB is relevant
to post pA, (2) the content of pC is relevant to post pB, and (3)
pC contains questions or indicates future actions.

To identify influence relationships, we modeled it as a
classification task. Given a set of relationships R = {r1, r2,...,
rn}, for each relationship ri, we predicted its label to be either
1 or −1, where label 1 indicated that ri was an influence
relationship and label –1 indicated that ri was not an influence
relationship. The goal was to learn a model from the labels of
known relationships and predict the labels for unlabeled
relationships.

Model Design

Overview
In this section, we present the method to identify the influence
relationships in decision-making threads in OHCs. Figure 3
presents the framework of the proposed method.

Given a set of discussion threads as the input, we first extracted
the triple relationships using the relationship extraction module.
Text relevance features, question probability features, and action
probability features were then calculated using the text relevance
measurement module, the question probability calculation
module, and the action probability calculation module,
respectively. Finally, all the features were combined using a
deep learning model in the feature combination module to
generate the probability of a relationship being an influence
relationship.
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Figure 3. Workflow of influence relationship identification.

Relationship Extraction Module
In this section, we introduce the relationship extraction module,
which extracted all relationships defined in definition 1.

In the first step of relationship extraction, we built the reply tree
structure based on the indented format in html files. For each
adjacent post pair, the post that was posted earlier was treated
as the parent of the latter post. The ancestor-descent distance
between a post and the initial post was represented by the
number of tab characters. The reply structure of a thread is
illustrated in Figure 2. Each post is a node in the thread tree,
and each edge represents a reply relationship. The root of the
thread tree is the initial post (ie, pA) in definition 1.

Existing work observes that, in some forums, the reply structure
in a discussion thread may not be fully available and proposes
techniques to construct full reply structures [28]. The OHCs
used in our experiments had a full reply structure. Existing
techniques can be leveraged if needed for other forums.

We then navigated the thread tree to extract all relationship
triples, as defined in definition 1. Each triple started with the
initial post followed by a reply to the initial post written by
another author and then a subsequent reply by the initial author,
all of which were on the same path in the thread tree. For
example, r1 = (pA, pB, pC) and r2 = (pA, pB’, pC’) are 2
relationships in the thread tree in Figure 2.

Text Relevance Measurement Module
The text relevance measurement module measures the content
relevance, or text semantic similarity, of 2 posts using a
relevance score between 0 and 1.

There are mainly 2 types of deep learning–based methods in
the literature that measure text relevance. The first type of
method extracts content feature vectors of 2 input texts and then
combines them to make a prediction, such as the Deep
Structured Semantic Models (DSSM) [29], the Convolutional
DSSM [30], and Architecture-I (ARC-I) [31]. The intuition of
this method is to highlight the important information of the
original texts so that irrelevant content can be removed before
the feature combination phase. However, the drawback of this
type of method is that it runs the risk of losing detail [32].

The second type generates the word-level relevance first and
then uses neural networks to learn the hierarchical interaction
patterns for content-level relevance, such as DeepMatch [33],
Architecture-II (ARC-II) [31], and MatchPyramid [34]. The
motivation is that making a good relevance judgment requires
considering the interactions in the text relevance measurement
process, starting from the interactions between words to patterns
in phrases and those in whole sentences [34]. However, the
training process for the second type is much more expensive
than for the first one.

We evaluated both approaches to measure text relevance in
experiments. We chose 2 state-of-the-art representative methods
for the text relevance measurement module in the evaluation.
For the first type, we chose ARC-I [31], which uses a multilayer
perceptron to combine relevance feature vectors. It shows better
performance than the DSSM [29] and Convolutional DSSM
[30], both of which use cosine similarity [34]. We chose
MatchPyramid [34] to represent the second type of method as
it exhibits better performance than the other 2 methods
(DeepMatch [33] and ARC-II [31]) in experiments on multiple
data sets [34].

We further proposed the adaptation of Bidirectional Encoder
Representations from Transformers (BERT) [35] as the
embedding layer in the ARC-I and MatchPyramid models.
BERT is a state-of-the-art embedding method for word
representation in many natural language understanding tasks,
trained on BookCorpus and English Wikipedia. We considered
both BERT (trained on Wikipedia) and word2vec (trained on
the training data set) as the embedding methods for both ARC-I
and MatchPyramid. Different variations of the text relevance
measurement module are evaluated in the Text Relevance
Evaluation section.

Question Probability Calculation Module
We now discuss how to calculate the probability of a post
containing a question using the question probability calculation
module.

There are 2 types of methods to identify question sentences in
forums: a rule-based approach and a learning-based approach.
In a rule-based approach, question marks and 5W1H words
(what, who, when, where, why, and how) are used to identify
question sentences [36]. A learning-based approach uses
sequential question patterns to train a binary classifier on labeled
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data [37-40]. Liu and Jansen [37] used the question mark to
extract question posts from Sina Weibo. In the studies by
Ranganath et al [38,39], frameworks were proposed to identify
rhetorical questions by modeling the motivation of the user for
posting them. In the study by Ojokoh et al [40], questions from
ResearchGate were identified based on the maximum probability
value of a naïve Bayes classification with part-of-speech tag
features.

Both rule-based and learning-based approaches can achieve
excellent performances. A study shows that a rule-based
approach can outperform complicated learning-based approaches
[36]. Thus, we followed a rule-based method [36] to identify
question presence in the posts. In total, 2 types of rules were
considered: question marks and 5W1H words. We made
adaptations of this approach for OHCs. As a question mark is
the most significant sign of a question, we gave a higher
confidence score to a sentence with a question mark. We also
set some constraints on 5W1H words to simulate the pattern of
question sentences. First, 5W1H must appear at the beginning
of a sentence. Second, auxiliary words were added to the original
words for more specific patterns. For example, we considered
what is, what are, what does, and what do instead of what.

After the question probability of each sentence in a post pi was
calculated, the maximum probability was used as the likelihood
of post pi containing at least one question, denoted as Q(pi).

Action Probability Calculation Module
This section presents the action probability calculation module,
which generated the probability of action presence in a post.

The indication of a future action can be captured by the presence
of verbs and appropriate sentence tense. The Natural Language
Toolkit (NLTK) [41] tagger module defines a standard interface
for augmenting each token of a text with supplementary
information, such as its part of speech or its WordNet synset
tag, and provides several different implementations for this

interface. We leveraged the NLTK tagger module to assess the
likelihood of a post containing future actions by checking the
existence of words with a future tense verb tag (eg, will consider
in Figure 1B) or a modal auxiliaries tag (eg, can, could, may,
and must). To count on the cases where future tenses may not
be identified because of forum users’ typos or informal writing,
we set the probability of future action to be 0.5 when the rules
failed to identify future actions. Equation 1 shows the calculation
formula to generate the action probability of a post pi.

Note that we did not consider negation in the action probability
calculation module. For example, in post pC, the initial author
disagrees with the suggestions proposed in pB and decides to
do something different. For those cases, the overall meaning of
pB and pC would be the opposite and, therefore, would be
captured by the relevance vectors generated in the text relevance
measurement module. Thus, we did not consider negations in
this phase to avoid double counting.

Feature Combination Module

Overview

Referring to Figure 4, the text relevance measurement module
calculated PAB—the relevance score between pA and pB—and
PBC—the relevance score between pB and pC. The question
probability calculation module and action probability calculation
module calculated the question probability Q(pC)—or Q in
short—and action probability A(pC)—or A in short—based on
the text of pC.

We now discuss the feature combination module that measures
the influence score based on these features. We discuss 2
alternative methods: a baseline approach and a deep learning
model.

Figure 4. Architecture of the feature combination module.
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Baseline Approach

Recall that, according to definition 2, the presence of an
influence relationship requires the relevance between post pA

and post pB, the relevance between post pB and post pC, and the
presence of a question or action in post pC. We started with an
intuitive method to detect influence relationships based on the
definition using Equation 2.

Pbaseline = PAB × PBC × max [Q(pC), A(pC)] (2)

We set the thresholds to 0.5, 0.5, and 0.9 for each component.

Deep Learning Approach

We further proposed a deep learning model that combines the
text relevance, the likelihood of question presence, and the
likelihood of future action presence to identify influence
relationships. The architecture of this model is shown in Figure
4.

Compared with the baseline approach, there are 3 major benefits
of using a deep learning model. First, it is labor-intensive,
time-consuming, and difficult to determine appropriate
thresholds for cutting off the probabilities using a rule-based
approach such as the baseline approach. A threshold that works
well for one data set may not be optimal for another. Both a
rule-based approach and a deep learning model require different
thresholds for different data sets. A rule-based approach requires
manual parameter tuning for each data set. In contrast, a deep
learning approach learns thresholds from the ground truth and,
thus, can easily adapt to a new data set with minimal human
intervention [42]. Second, the question and action features may
have different interactions with the relevance features. We
observed that questions are often relevant, but actions are not
necessarily. People typically express appreciation in post pC or
sometimes even mention actions totally irrelevant to post pB,
such as the plan to travel or shop. Being relevant is more
important to consider in the presence of actions compared with
in the presence of questions. However, in the baseline approach,
the question and action features are merged before being
combined with the relevance features, resulting in the loss of
important information. Furthermore, we used relevance vectors
as inputs to the deep learning model to calculate the influence
score. Compared with the baseline approach, which uses the
relevance scores as input to measure the influence score,
relevance vectors provide much richer information. This can
be especially helpful when there are several topics involved in
the discussion. The relevance information is also leveraged
during the phase of combining the relevance features with the
question or action features.

Let VAB denote the relevance vector between pA and pB and VBC

denote the relevance vector between pB and pC. We generated
VAB,VBC from pA, pB, and pC and calculated Q and A from pC.

These features were then connected. The question or future
action in pC must be related to the content of pA and pB. Thus,
we combined VAB and VBC with Q and A using one of the
following two operators: (1) cat (concatenating each relevance
vector with question or action probability) and (2) dot

(multiplying each relevance vector with question or action
probability).

There are 2 major differences between these 2 operators for
connecting the features: cat and dot. First, dot makes sure that
Q and A affect each dimension in the relevance vectors, whereas
cat cannot guarantee this as some neurons or nodes are dropped
out. Some interactions between questions or actions and text
relevance may be ignored by the cat operator. Second, the
training process of the cat is more expensive than that of the
dot because, for each dense layer 1 to 4, there is an additional
dimension for the cat compared with for the dot.

In Figure 4, we use ⊗ to present the combination operator, which
can be either cat or dot. The combination step produces 4 feature
vectors: VAB ⊗ Q, VAB ⊗ A, VBC ⊗ Q, and VBC ⊗ A. To extract
the key information from these combined feature vectors, 4
dense (fully connected) layers were used to populate the
summarized feature vectors (S1, S2, S3, S4). The concatenation
of these 4 summarized feature vectors was passed through 2
dense layers. The first one was used to further combine the
summarized feature vectors. The second one aimed to generate
the probability distribution over the labels. To avoid gradient
vanishing and exploding [43], we chose the Relu function as
the activation function for all the dense layers except the output
layer, which uses the softmax function to populate the
probabilities.

We trained the model using the binary cross-entropy loss
function defined in Equation 3, which minimizes the distance
between the probability distributions of the ground truth and
those of the predicted score.

Where yi is the ground truth label of the ith training sample and
si is the score predicted by the model. The Adam optimizer [43]
was leveraged for optimization because of its advantage of
processing sparse features and obtaining faster convergence
compared with the normal stochastic gradient descent with
momentum.

Ethics Approval
All materials were obtained from anonymous open-source data.
Thus, ethics approval was not required.

Results

Experiment Setting and Evaluation Metrics
We implemented a prototype system for influence relationship
identification on discussion threads. The prototype system and
data sets used in the evaluation are publicly available at GitHub
[44].

For empirical evaluation, we collected 25,208 threads that were
publicly available in the CSN breast cancer forum [9]. The
webpages were collected and processed by a web crawler we
developed leveraging the Spider Crawler library [45]. There
were 321,000 posts with 1.9 million sentences in total. We
applied the classifier proposed by Li et al [1] on all 25,208
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threads to identify the ones that were related to patient
decision-making and obtained 11,815 (46.87%) such threads.
Note that other models for classifying decision-making threads
can also be plugged in.

We then extracted relationships from the decision-making
threads using the relationship extraction module and obtained
9053 relationships. We randomly picked 853 (9.42%) of them
to label. A total of 4 PhD students worked on the manual
labeling. All the relationship triples and post pairs were first
independently labeled. In case of disagreement, a consensus
was reached after discussion. A total of 261 relationships were
labeled as influence relationships. Recall that, per definition 1,
each relationship is presented as a triple (pA, pB, pC). We also
labeled whether posts pA and pB were relevant (ie, PAB) and
whether posts pB and pC were relevant (ie, PBC). We observed
some reply posts with content expressing only comfort or
wishes. Although they express care about the initial author’s
conditions and seem relevant, they are generic. After discussion,
we reached an agreement that, when the initial post and reply
post shared similar medical terms (such as chemotherapy and
chemo), we would label them as relevant. All 1706 post pairs
(pA, pB) and (pB, pC) of the 853 relationships were labeled. Of
the 1706 pairs, 1210 (70.93%) were relevant pairs, and the
remaining 496 (29.07%) were irrelevant. We split the set of
relationships into a training set (90%) and a testing set (10%).
The post pairs in the aforementioned training and test sets were
used for text relevance training and testing, respectively.

The metrics used for evaluation included precision, recall, F1

score, accuracy, area under the receiver operating characteristic
curve (ROC AUC), and area under the precision-recall curve

(PR AUC). They evaluated the effectiveness of a system using
different aspects: (1) precision, also known as positive predictive
value, is the fraction of relevant instances among the retrieved
instances; (2) recall, also known as sensitivity, is the fraction
of relevant instances that are retrieved among all relevant
instances; (3) F1 score measures a model’s performance by
calculating the harmonic mean of the precision and recall, as

shown in the following equation: (4); (4)
accuracy is a common evaluation metric for binary classification
problems and is defined as the fraction of corrected predictions
among the total number of predictions; (5) ROC AUC is a
common evaluation metric for binary classification problems
and is created by plotting the true positive rate against the false
positive rate at various threshold settings; and (6) PR AUC is
commonly used to evaluate the performance of a model on data
sets with imbalanced labels.

Text Relevance Evaluation
Table 1 presents the classification results of the text relevance
measurement module. In total, 2 observations were made. The
first observation was that the models using BERT achieved high
recall but low precision, whereas the models with
word-embedding vectors trained on OHC data obtained balanced
precision and recall values. There are 2 reasons for these results.
First, OHC data are domain-sensitive and can benefit from
domain-specific word representation. Second, the BERT
transformer tends to link words in adjacent sentences by mistake.
In the text relevance measurement module, precision was more
important than recall as the accuracy of influence relationship
identification depended on the precision of relevance
classification. Thus, we used the word vectors trained on OHC
data instead of BERT in the following experiments.

Table 1. Text relevance measurement module results.

PR AUCbROC AUCaAccuracyF1RecallPrecision

0.5830.5020.5120.7300.992 d0.578MatchPyramid with BERTc (trained on Wikipedia)

0.8540.7630.6920.8060.820d0.781MatchPyramid with word2vec (trained on the training data set)

0.5540.4930.5030.6590.890d0.523ARC-Ie with BERT (trained on Wikipedia)

0.9030.8480.7840.7850.747d0.832ARC-I with word2vec (trained on the training data set)

aROC AUC: area under the receiver operating characteristic curve.
bPR AUC: area under the precision-recall curve.
cBERT: Bidirectional Encoder Representations from Transformers.
dThe P value is statistically significant at P=.05.
eARC-I: Architecture-I.

The second observation was that, with word vector embedding,
ARC-I achieved a better performance than MatchPyramid in
most of the evaluation metrics. In the ARC-I model, each input
text goes through an embedding layer, a convolution layer, and
a max pooling layer, and the extracted feature vectors are then
concatenated together as the input to a fully connected layer
that calculates the predicted relevance scores. MatchPyramid
populates the local word relevance matrix first. Each cell of the
matrix presents the dot product of the word-embedding vectors
of the words in the text input. The patterns of these interactions

are then extracted using a convolutional neural network [46].
Thus, ARC-I focuses on checking relevance based on the
meaning of the whole text, whereas MatchPyramid focuses on
summarizing the important relevance features based on local
word similarity. For OHC data sets, posts were relatively long
and often contained noisy information; thus, considering the
meaning of the entire post text was more important than focusing
on adjacent words. This is why the performance of ARC-I was
better than that of MatchPyramid in our evaluation. We also
observed that ARC-I with word2vec outperformed
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MatchPyramidwith word2vec in both ROC AUC and PR AUC
but had an inferior F1 score. Note that F1 averages the
performance of all the samples by combining the precision and
recall, whereas the ROC AUC and PR AUC cumulate the
precisions among all samples with different recall thresholds.
This indicates that the average performance of
MatchPyramidwith word2vec was better, but the overall
performance of ARC-Iwith word2vec was better.

Question and Action Probability Evaluation
Now, we present the evaluation of the question probability
calculation module and the action probability calculation
module. The performance is shown in Table 2. Good
performance was achieved for question identification. For future
action identification, a high score was achieved on recall but
not on precision. The following are a few examples of posts

that are classified as containing future actions but actually do
not have action intent: I will tell you though I hated my silicone
or I would worry about it. These sentences have verbs in the
future tense, but those verbs only convey opinions or feelings
rather than taking action on health care. We plan to improve
action detection by training action sentence models as future
work.

Recall that in the deep learning approach, question and action
probabilities are considered as input features instead of imposing
a strict requirement on their presence. We conducted an analysis
on the test data in terms of their presence. All positive cases
either had a probability of action presence of 1.0 or had a high
probability of question presence, with an average probability
of 0.986 (SD 0.033). This indicates that the deep learning
approach captures definition 2 well, ensuring the high likelihood
that either a question or a future action is present.

Table 2. Question and action calculation module results.

PR AUCbROC AUCaAccuracyF1RecallPrecision

1.0001.0001.0001.0001.000 c1.000Question probability calculation module

0.7710.7330.8100.8711.000 c0.771Action probability calculation module

aROC AUC: area under the receiver operating characteristic curve.
bPR AUC: area under the precision-recall curve.
cThe P value is statistically significant at P=.05.

Influence Relationship Classification Evaluation
Table 3 shows the performance of the baseline and deep
learning approaches with alternative ways to combine text
relevance vectors, question features, and action features. Recall
that, for the feature combination module, baseline combines
the text relevance score, the likelihood of question presence,
and the likelihood of future action presence to identify influence

relationships. MatchPyramid+cat Q/A represents the model
using MatchPyramid to calculate the text relevance score and
cat as the combination operator ⊗, whereas MatchPyramid+dot
Q/A uses dot as the combination operator ⊗. ARC-I+cat Q/A
represents the model using ARC-I to calculate the relevance
score and cat as the combination operator ⊗, whereas
ARC-I+dot Q/A uses dot as the combination operator ⊗.

Table 3. Influence relationship classification results.

PR AUCbROC AUCaAccuracyF1RecallPrecision

0.3070.4950.5950.2610.231c0.300Baseline

0.4420.5600.7140.250.154c0.667MatchPyramid+cat Q/Ad

0.4810.6340.6670.6030.577 c0.633MatchPyramid+dot Q/Ae

0.5150.6370.7140.250.154c0.667ARC-I+cat Q/Af

0.6310.7240.7860.5710.462c0.750ARC-I+dot Q/Ag

aROC AUC: area under the receiver operating characteristic curve.
bPR AUC: area under the precision-recall curve.
cThe P value is statistically significant at P=.05.
dMatchPyramid+cat Q/A: model using MatchPyramid to calculate the text relevance score and cat as the combination operator ⊗.
eMatchPyramid+dot Q/A: model using MatchPyramid to calculate the text relevance score and dot as the combination operator ⊗.
fARC-I+cat Q/A: model using Architecture-I to calculate the relevance score and cat as the combination operator ⊗.
gARC-I+dot Q/A: model using Architecture-I to calculate the relevance score and dot as the combination operator ⊗.

We also visualized the operating characteristic curves of all
methods, as shown in Figure 5. From Table 3 and Figure 5, we
have the following observations.

First, all proposed deep learning methods, which use relevance
features and consider the interaction between relevance and the
presence of questions or actions, significantly outperformed the
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baseline approach. This indicates that the relevance feature
vectors generated by the text relevance measurement module
were effective in capturing relevant content. Combining these
feature vectors with the features of question presence and action
presence helped capture their interactions and achieved good
performance in influence relationship classification. In contrast,
the baseline approach, which directly follows definition 2, did
not perform well. This was due to the inability to capture the
interactions between text relevance and question or action
presence and the challenge of manually setting an appropriate
cutoff threshold for each module.

Second, the models using the dot operator performed better than
those using the cat operator. There are mainly 2 reasons for this.
First, question probability and action probability may interact
with VAB and VBC relevance vectors, which can be captured well
by the dot operator. Figure 1B shows an example in which the
action in pC is related to the discussion in pA and pB. The action
in pC2 is related to chemo, which is the common content of pA

and pB2. In this case, the action probability needs to be combined
with VAB. Although, in another case, the action refers to an
option mentioned in pB, the interaction between pB and pC is

more likely to be the context of the action and, thus, the action
probability needs to be combined with VBC. In contrast, the cat
operator ignores some interactions between questions (actions)
and the context because of the dropout of some neutrals.
Therefore, the cat-based methods had a much lower recall than
the dot-based methods. The results show that interactions
between action and context are important for influence
identification.

Furthermore, the ARC-I+dot Q/A had a much better precision,
accuracy, ROC AUC, and PR AUC than MatchPyramid+dot
Q/A but had lower recall and slightly lower F1. This is because
ARC-I achieved a better performance than MatchPyramid in
the text relevance measurement module. ARC-I+dot Q/A was
stricter than MatchPyramid+dot Q/A when fitting the model to
the relevance factor. For applications that want to analyze the
writing style and patterns of posts that have influence, precision
is critical. ARC-I+dot Q/A is effective for locating such
discussions. In contrast, for applications that want to check the
information quality of the posts that have influence to prevent
and mitigate the spread of misleading information,
MatchPyramid+dot Q/A is more suitable because of its higher
recall.

Figure 5. Influence relationship classification.

A Case Study
Figure 1 shows an example of 3 relationships, (pA, pB1, pC1),
(pA, pB2, pC2), and (pA, pB3, pC3), where (pA is the initial post of
the thread. The scores of these 3 relationships calculated using
our system were 0.282, 0.793, and 0.622, respectively. Our
system identified (pA, pB2, pC2) and (pA, pB3, pC3) as each
containing an influence relationship, and (pA, pB1, pC1) does not.
As we can see from the post content, pB2 provides suggestions
to the initial author regarding the treatment decision. In post
pC2, the initial author expresses actions to take based on the
suggestions in pB2. In post pB3, the replier recommends that the
author use wigs. The initial author then asks further questions
about the wig information. Both relationships indicate that the
initial author was influenced. In contrast, pB1 discusses general
information and comforts the initial author, and the initial author

expresses thanks in pC1, but there is no indication of being
influenced.

Discussion

Principal Findings
To the best of our knowledge, this is the first study that defines
the influence relationships of discussion posts related to
decision-making in OHCs. We proposed a deep learning–based
natural language processing prototype to identify influence
relationships. We then applied the developed techniques to
identify the influence relationships in an OHC, the CSN breast
cancer forum. There were 2 major observations.

First, we found that there is a significant amount of influence
relationships in the OHC. Of the 9052 relationships in
decision-making threads identified by Li et al [1], 3069 (33.9%)
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were identified as influence relationships. That is, approximately
one-third of the communications influence the initial authors
on their decision-making. Furthermore, of the 5143
decision-making threads, which have at least one relationship,
2417 (47%) contain at least one influence relationship. Owing
to the prevalence, it is important to study posts that have
influence.

Second, we also observed that posts that have influence may
contribute to engaging users in discussions. The average number
of posts in threads containing at least one influence relationship
was 15.5, whereas the average number of posts in threads
containing no influence relationship was 12.6. Our conjecture
is that posts that have an influence likely provide helpful
information or good reasoning, which are thought-provoking
and help engage users in discussions.

On the basis of these observations, there are several applications
that can benefit from the identification and analysis of influence
relationships.

First, analyzing the quality of posts that have influence helps
improve the quality of the influence. As discussed in the first
observation, influence relationships are common. Quality
checking of those posts is more critical than that of other posts
in terms of improving the effect of influences and mitigating
the spread of misleading information.

On the basis of the identification of influence relationships, we
can further identify influential users in OHCs. We can use
existing techniques that analyze the network features to identify
influential users [16-20], where this work calculates the edge
weights (ie, the influence of a post). Identifying and checking
influential users contributes to high-quality information
dissemination.

Second, based on the second observation, analyzing the writing
style of posts that have influence provides insights to health
care professionals about effective communication for patient
engagement.

Furthermore, identifying influence relationships contributes to
effective information recommendations for addressing the
information overload problem. When a user searches for
information in OHCs, it is important to rank discussion threads
and posts and recommend to users the most relevant and helpful
discussions. On the basis of the analysis of influence
relationships and the second observation, discussions that
contain influence relationships are more likely to provide helpful
information and encourage patient engagement. Thus, the
presence of influence relationships is a positive factor in ranking.

Limitations
Our results are not without limitations. First, our definition of
relationship was based on 3 posts, including the initial post in
the thread. Therefore, we only identified the posts that had an
influence on the initial author. However, any 3 posts that have
a sequential reply relationship with the first and third posts from
the same author can represent a relationship. We conjecture that
the proposed techniques can be used to identify influence
relationships among the generalized relationships and plan to
study that problem in the future. Second, in this study, we
considered text relevance between the posts in the relationship.
Sometimes, even though 2 posts, pB and pC, are relevant overall,
the specific sentence that has a question or future action
indication in pC may not be relevant to the suggestions in pB.
In addition, the current technique for future action detection
sometimes generates false positives. To address these issues,
we will investigate how to leverage part-of-speech and reference
resolution techniques [47] to improve natural language
understanding.

Conclusions and Future Work
We studied the problem of identifying influence relationships
of web-based discussions and developed techniques and a
prototype system for identifying influence relationships in
OHCs. The proposed deep learning model demonstrates the
performance advantage of the compared methods. As future
work, we will address the aforementioned limitations to improve
the generality and accuracy of the proposed techniques.
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Abstract

Background: The increasing prevalence of smartphone apps to help people find different services raises the question of whether
apps to help people find physical activity (PA) locations would help better prevent and control having overweight or obesity.

Objective: The aim of this paper is to determine and quantify the potential impact of a digital health intervention for African
American women prior to allocating financial resources toward implementation.

Methods: We developed our Virtual Population Obesity Prevention, agent-based model of Washington, DC, to simulate the
impact of a place-tailored digital health app that provides information about free recreation center classes on PA, BMI, and
overweight and obesity prevalence among African American women.

Results: When the app is introduced at the beginning of the simulation, with app engagement at 25% (eg, 25% [41,839/167,356]
of women aware of the app; 25% [10,460/41,839] of those aware downloading the app; and 25% [2615/10,460] of those who
download it receiving regular push notifications), and a 25% (25/100) baseline probability to exercise (eg, without the app), there
are no statistically significant increases in PA levels or decreases in BMI or obesity prevalence over 5 years across the population.
When 50% (83,678/167,356) of women are aware of the app; 58.23% (48,725/83,678) of those who are aware download it; and
55% (26,799/48,725) of those who download it receive regular push notifications, in line with existing studies on app usage,
introducing the app on average increases PA and decreases weight or obesity prevalence, though the changes are not statistically
significant. When app engagement increased to 75% (125,517/167,356) of women who were aware, 75% (94,138/125,517) of
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those who were aware downloading it, and 75% (70,603/94,138) of those who downloaded it opting into the app’s push notifications,
there were statistically significant changes in PA participation, minutes of PA and obesity prevalence.

Conclusions: Our study shows that a digital health app that helps identify recreation center classes does not result in substantive
population-wide health effects at lower levels of app engagement. For the app to result in statistically significant increases in PA
and reductions in obesity prevalence over 5 years, there needs to be at least 75% (125,517/167,356) of women aware of the app,
75% (94,138/125,517) of those aware of the app download it, and 75% (70,603/94,138) of those who download it opt into push
notifications. Nevertheless, the app cannot fully overcome lack of access to recreation centers; therefore, public health administrators
as well as parks and recreation agencies might consider incorporating this type of technology into multilevel interventions that
also target the built environment and other social determinants of health.

(J Med Internet Res 2022;24(8):e30581) doi: 10.2196/30581

KEYWORDS

computational modeling; digital health; physical activity; BMI; obesity; built environment; impact; app; exercise; simulation;
intervention; women; African American; agent

Introduction

The increasing prevalence of smartphone apps to help people
find different services (eg, Yelp and OpenTable to find
restaurants, Fandango to find movie theaters, AllTrails to find
hikes, GasBuddy to find gas stations, Expedia to find hotels,
and Zillow to find homes and apartments) raises the question
of whether apps to help people find physical activity (PA)
locations (eg, ClassPass [1] and Fit Reserve [2]) would help to
better prevent and control having overweight and obesity. Such
place-tailored apps can help assemble, collate, and present
information that may be available on different websites so that
an individual can quickly find the closest location of interest.
These place-tailored apps can be particularly helpful for PA
locations and opportunities since they may exist in different
and less obvious forms (eg, irregular timing of classes, walking
and bike paths, outdoor tracks, and tennis or basketball courts).
Such an app can also offer crowdsourced ratings of each
location, details about specific services (eg, time, availability,
costs, promotions, and deals), and even social connections with
people who have the same interests or are in the same area.
Previous studies have shown that people may not be aware of
or have difficulty finding locations to engage in PA [3-5]. This
may be the case in underresourced and otherwise disadvantaged
communities where parks, affordable gyms, and other
opportunities may be more difficult to find if they are in
less-frequented or obscure locations, or if they are not regularly
advertised or promoted [6]. African American women who live
disproportionately in underresourced communities spend at
least as much time as any other racial or ethnic group using
apps and the internet (approximately 19 hours and 27 minutes
each week versus 17 hours and 8 minutes each week), and
approximately 80% of African American women own a
smartphone [7], raising the possibility that this could be an
effective means to help these women find PA opportunities.
However, before such an app is rolled out in the “real world,”
it can be helpful to use simulation modeling to guide the design
and test the potential impact of such an app. Such an approach
is used in other fields (eg, aeronautical engineering and
manufacturing) since running simulation models can take much
less time and can be significantly less costly than conducting a
real-world trial (which can take months to set up, recruit for,
and implement). Moreover, once a trial is completed, one cannot

go back and change the circumstances as they can in a
simulation model. Therefore, we further developed our
agent-based simulation model of Washington, DC to test the
impact of such a place-tailored digital health app.

Methods

Ethics Approval
All authors’ institutions were included in the institutional review
board approval (IRB #00004203) at Johns Hopkins as the study
began while certain members of the research team (MCF, KJO,
YA, MM, SMB, PTW, SS, SR, MSG, MD, KR, DH, RS, and
BYL) were based at Johns Hopkins.

Model of Washington, DC
We used and further developed a Virtual Population Obesity
Prevention, agent-based model of Washington, DC in 2020-2021
[8,9], which includes computer model–based representations
of households, workplaces, and recreation centers throughout
all 8 wards (similar to districts in other cities) in Washington,
DC.

Agents Representing People
We represented each of the 167,356 African American women
(aged 18-65 years) living in Washington, DC with a computer
model–based agent. Each agent (ie, each African American
woman in Washington, DC) has attributes for age, height, lean
or fat mass, household location, work location, and income
based on representative data for the region and population. Each
agent also has an embedded metabolic model, which converts
daily caloric intake and expenditure to corresponding lean or
fat mass [10,11]. Caloric expenditure from exercise is
determined by exercise intensity, duration, and the agent’s
current body weight [10,11]. Since individuals may vary in their
inclination to exercise, each agent had a baseline probability of
wanting to exercise each day. This accounts for an agent’s past
experiences and existing tendencies to exercise and includes
factors such as household financial status, family
responsibilities, chronic health conditions, and social influences.
Different scenarios ranged this baseline probability from 10%
(10/100) to 50% (50/100) to explore how this probability might
affect the results.

J Med Internet Res 2022 | vol. 24 | iss. 8 | e30581 | p. 2https://www.jmir.org/2022/8/e30581
(page number not for citation purposes)

Powell-Wiley et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.2196/30581
http://www.w3.org/Style/XSL
http://www.renderx.com/


In each simulated day, women may participate in a recreation
center class, depending on a number of factors (Figure 1;
Multimedia Appendix 1, Table S1 [8, 9, 12-23]), including the
following: (1) her baseline probability to exercise (this accounts
for an agent’s past experience and existing tendencies to
participate in recreation center classes), which we vary between
simulation experiments; (2) objective accessibility to locations,
based on the geographic locations of recreation centers [12],

the distance individuals need to travel to reach these locations,
and access to the types of transportation (eg, cars) that might
be required to reach locations further away [24,25]; (3)
perceived accessibility of locations [15], based on the
individual’s understanding and knowledge of nearby recreation
centers; (4) awareness of classes at recreation centers; and (5)
preparedness to exercise (whether or not she remembers her
apparel and equipment).

Figure 1. A digital health app that helps locate and send reminders about recreation (rec) center classes. *Factors influenced by phone app.

Representations of Recreation Centers
Multimedia Appendix 1, Table S2 shows key characteristics
(eg, number of recreation centers) for each ward. If an agent
ultimately participates in a recreation center class, she is active
for 50 minutes [12] at an intensity of approximately 6.5
metabolic equivalents [16].

Representations of Digital Health App
In the model, we represent a digital health app that helps locate
and send reminders about in-person recreation center classes to
increase the agents’ likelihood of participation (Figure 1). This
mobile app uses a database of public locations that have been
previously identified as locations for PA, such as recreation
centers in the case of this paper. Once this registry is verified,
a geofence—a geographic boundary—can be created within the
mobile app with a set distance surrounding the chosen location;
in this case, our simulated app searched for recreation centers
within 0.5 miles of the user. When the simulated mobile app
detects that the user is within this defined boundary, it will
generate a notification that will alert the user of the available
resources in the area. Unlike existing fitness apps, this digital
health app considers the geographic location of the user and the
recreation centers to connect agents with recreation center
classes that align with their neighborhood environment and
schedules; prompts users to remind them about upcoming classes

and what equipment they will need; and provides individually
tailored information about class time, location, and necessary
equipment to maximize user engagement (Figure 1). If an agent
has a smartphone, downloads the app, and opts into notifications
(Multimedia Appendix 1, Table S1), the app will send a question
each evening asking the user which activity or class she would
like to participate in the following day, thereby increasing an
agent’s knowledge of class schedules. After selecting the class,
agents will receive a notification with a reminder of the class’s
time, location, and activity, as well as a reminder to bring clothes
or equipment, thereby increasing an agent’s probability of being
prepared for and attending class. When representing the digital
health app, we introduced it at the beginning of the 5-year
simulation, but not all participants continued to use the app for
the entire simulation duration (eg, we represented attrition,
people discontinuing app use, during the 3 months following
the introduction of the app; Multimedia Appendix 1, Table S1).

Representations of Engagement With the Digital
Health App
Since only a certain percentage of the population may be aware
that the app is available, we varied the proportion of women
across the population who, in a given scenario, were aware of
the app, subsequently downloaded the app, and then opted into
push notifications (25%-75%). This means, 25%
(41,839/167,356) of women are aware of the app, 25%
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(10,460/41,841) of those who are aware download it, and 25%
(2615/10,460) of those who download it receive regular push
notifications from the app. We ranged this to 75%
(125,517/167,356) of women aware of the app, 75%
(94,138/125,517) of those who are aware download it, and 75%
(70,603/94,138) of those who download it opt into the app’s
push notifications. Varying the level of user engagement across
a range can help identify the thresholds of app engagement that
result in observable and statistically significant impacts on PA
and weight.

Simulation Experiments
We used the model of Washington, DC to simulate the impact
of a digital health app on in-person recreation center class
participation, recreation center class PA (minutes per week),
subsequent changes in BMI, as well as the prevalence of obesity
and the state of having overweight. Each simulation experiment
consisted of running the model of Washington, DC and all
167,356 computer model–based agents, 10 times over 5
simulated years.

Validation
Validation consisted of comparing different model-generated
metrics to observed values to determine if the model was
representing what was occurring. For example, when we ran
simulation runs, we saw that, on average, 2.1% (3514/167,356)
of women were participating in recreation center classes daily
compared to the observed 3.8% from the 2017 American Time
Use Survey [17]. Since the people who exercised on one day

will not necessarily be the same people who exercised on a
different day, there will be a certain proportion of the population
that exercised at least once over the course of the month. Thus,
we also simulated the average percentage of women
participating in recreation center classes at least once on a
monthly basis (19.1% [31,965/176,356]) and compared this to
the observed proportion of women participating in workout
class activity on a monthly basis (16.1%), as reported by the
Behavioral Risk Factors Surveillance System [18]. The
model-generated data generally matched the observed data, and
the differences are likely due to differences between populations
and the classes available to that population. Further model
validation details are available in Multimedia Appendix 1.

Results

No Mobile App
Table 1 shows PA from recreation center classes and
weight-related outcomes after 5 years with no mobile app for
different baseline probabilities to exercise. Figure 2 shows how
the percent of women who exercised at least once in the
simulation when there was no app varied by the Washington,
DC ward. For example, Ward 6 had the highest percent of the
population who exercised at least once (69.1% [4331/20,739],
95% CI 68.9%-69.2%), while Ward 7 had the lowest (48%
[15,710/32,729], 95% CI 47.9%-48.0%) when there was no
mobile app (25% [25/100] baseline probability to exercise).
This trend in ward-level variation was consistent across all
baseline exercise probabilities.
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Table 1. Physical activity, overweight, obesity, BMI outcomes by baseline probability to exercise for different scenarios (eg, with and without digital
health app).

Average BMI
among women
with obesity, mean
(95% CI)

Average BMI,
mean (95% CI)

Obesity preva-
lence, mean (95%
CI)

Overweight preva-
lence, mean (95%
CI)

Average number of
physical activity
min/week, mean
(95% CI)

Percent of popula-
tion exercising at
recreation centers,
mean (95% CI)

Simulation scenarios at
each baseline probability
to exercise

10% (10/100) baseline probability to exercise

34.20 (34.00-
34.41)

30.16 (29.86-
30.45)

56.10 (54.56-
57.64)

24.44 (23.91-
24.97)

36.97 (34.45-
39.50)

58.66 (54.65-
62.67)

No digital health app

Introducing place-tailored digital health app

34.21 (34.00-
34.43)

30.15 (29.86-
30.45)

56.09 (54.53-
57.65)

24.42 (23.88-
24.96)

37.26 (34.71-
39.81)

58.91 (54.87-
62.94)

25%-25%-25%a

34.16 (33.94-
34.37)

30.07 (29.78-
30.36)

55.67 (54.15-
57.19)

24.45 (23.91-
24.98)

39.83 (37.12-
42.54)

61.09 (56.92-
65.26)

50%-50%-50%b

34.04 (33.83-
34.26)

29.90 (29.60-
30.19)

54.68 (53.12-
56.25)

24.70 (24.21-
25.20)

44.45 (41.41-
47.50)

65.10 (60.64-
69.56)

75%-75%-75%c

25% (25/100) baseline probability to exercise

33.81 (33.61-
34.01)

29.56 (29.27-
29.86)

52.75 (51.06-
54.43)

25.52 (25.04-
26.01)

52.84 (49.23-
56.45)

58.67 (54.66-
62.68)

No digital health app

Introducing place-tailored digital health app

33.83 (33.62-
34.05)

29.56 (29.26-
29.86)

52.62 (50.91-
54.33)

25.54 (25.04-
26.04)

53.25 (49.61-
56.89)

58.92 (54.89-
62.94)

25%-25%-25%a

33.83 (33.62-
34.03)

29.44 (29.14-
29.74)

51.25 (49.47-
53.04)

26.24 (25.68-
26.80)

56.98 (53.09-
60.88)

61.17 (56.99-
65.35)

50%-50%-50%b

33.82 (33.63-
34.02)

29.23 (28.92-
29.54)

48.66 (46.75-
50.56)

27.72 (27.05-
28.40)

63.52 (59.18-
67.87)

65.10 (60.64-
69.55)

75%-75%-75%c

50% (50/100) baseline probability to exercise

33.00 (32.80-
33.21)

28.38 (28.06-
28.70)

44.42 (41.63-
47.20)

27.88 (26.36-
29.39)

86.33 (80.43-
92.22)

78.30 (72.96-
83.64)

No digital health app

Introducing place-tailored digital health app

33.08 (32.84-
33.31)

28.38 (28.05-
28.71)

43.90 (41.27-
46.52)

28.24 (26.81-
29.67)

86.88 (80.93-
92.83)

78.22 (72.86-
83.58)

25%-25%-25%a

33.10 (32.86-
33.34)

28.24 (27.91-
28.57)

42.63 (40.03-
45.23)

28.57 (27.17-
29.96)

92.17 (85.89-
98.45)

78.25 (72.90-
83.60)

50%-50%-50%b

33.15 (32.91-
33.40)

28.00 (27.65-
28.34)

40.27 (37.75-
42.78)

29.40 (28.15-
30.66)

101.41 (94.48-
108.33)

78.29 (72.95-
83.63)

75%-75%-75%c

a25% (41,839/167,356) aware of the app, 25% (10,460/41,839) of those who are aware download the app, and 25% (2615/10,460) of those who download
it receive notifications.
b50% (83,678/167,356) aware of the app, 50% (48,725/83,678) of those who are aware download the app, and 50% (26,799/48,725) of those who
download it receive notifications.
c75% (125,517/167,356) aware of the app, 75% (94,138/125,517) of those who are aware download app, and 75% (70,603/94,138) of those who
download it receive app notifications.
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Figure 2. Percent of women exercising with and without the mobile app within each ward in Washington, DC.

Impact of Introducing a Place-Tailored Mobile App
That Connects Users to Recreation Center Classes
With lower levels of user engagement with the mobile phone
app, that is 25% aware of app (41,839/167,356), 25% of those
aware download app (10,460/41,839), and 25% (2615/10,460)
of those who download it receive app notifications, the app had
a negligible and nonsignificant impact on the additional minutes
of PA (<1 minute), on the additional percent of women who
ever exercise (0.2% [335/167,356]; Figure 2), and on reductions
in obesity prevalence (0.1% [167/167,356]). Thus, even lower
levels of app engagement (eg, below 25% [25/100]) would have
no effect on physical activity and weight.

Increasing user engagement to approximately 50% (eg, 50%
aware [83,678/167,356], 58.23% [48,725/83,678] of those who
are aware download the app [19], and 55% [26,799/48,725] of
those who download it receive regular push notifications [20])
resulted in moderate improvements to PA from recreation center
classes and weight-related outcomes across the population.
Figure 3 shows these observable changes to PA (panel A), BMI
(panel B), and overweight and obesity prevalence (panel C).
With a 10% (10/100) baseline probability of exercise, the PA
minutes per week increase by 2.9 minutes (95% CI –1.4 to 17.9),

BMI decreases by 0.09 kg/m2 (95% CI –0.56 to 0.39), and
obesity prevalence decreases by an absolute 0.43%
(720/167,356; 95% CI –2.7% to 2.93%) at the end of the 5-year
simulation. When baseline probability increases to 50%
(50/100), there are larger increases in weekly PA minutes (5.4
minutes, 95% CI –4.1 to 15.8), and larger reductions in BMI

(0.14 kg/m2, 95% CI –0.67 to –0.4) and obesity prevalence
(1.8% [3012/167,356]; 95% CI –2.6% to 6.2%).

The percent of women attending at least one recreation center
class over the course of the simulation shows additional gains
between when the baseline probability to exercise is between
10% (10/100; 2.43% [4067/167,356], 95% CI –4.24% to 9.1%)
and 25% (25/100; 2.5% [4184/167,356]; 95% CI –4.2% to
9.2%). When the baseline probability to exercise is 50%
(50/100), the percent of women exercising at least once hits a
ceiling of 78% (130,538/167,356) (increase of 0.05%
[84/167,356]; 95% CI –8.68% to 8.77%), due to the location
and accessibility of recreation centers for some women. Thus,
at lower probabilities to exercise (eg, 10%-25%), the app is
more effective at increasing the number of women participating
in at least one recreation center class (Figure 2). However,
additional PA minutes per week from recreation center classes
increase with baseline probability to exercise (eg, 4.14, 95% CI
–1.9 to 10.2 vs 5.9, 95% CI –4.1 to 15.7 minutes per week at
25% [25/100] and 50% [50/100] baseline probabilities to
exercise, respectively; Figure 3). Figure 3 also shows how
reductions in BMI and overweight and obesity prevalence due
to app use accrue over time during the 5-year simulation.

Further increasing app engagement to 75%, with 75%
(125,517/167,356) of women aware of the app, 75%
(94,138/125,517) of those who are aware downloading the app,
and 75% (70,603/94,138) of those who download it opting into
the app’s push notifications resulted in statistically significant
gains to PA and reductions in obesity prevalence. For example,
weekly PA increased by 10.7 (95% CI 4.2-17.2) minutes per
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week, and obesity prevalence decreased by an absolute 4.09%
(6,845/167,356; 95% CI 1.2%-7.0%) with 25% baseline exercise

probability (Table 1).

Figure 3. Impact of mobile app on physical activity, BMI, as well as overweight and obesity prevalence at each baseline probability to exercise. Rec:
recreation.

Ward-Level Impact of Place-Tailored Mobile App
The results varied substantially by ward. For example, at 25%
(25/100) baseline probability to exercise (assuming 50%
[83,678/167,356] aware, 50% [48,725/83,678] of those who are
aware downloading the app, and 50% [26,799/48,725] of those
who download it receiving app notifications), Ward 6 had the
highest absolute increase in average PA minutes per week (4.85,
95% CI 4.58-5.11), and the greatest reduction in average BMI

(–0.15 kg/m2, 95% CI –0.19 to –0.11). However, Ward 7 had
the lowest (3.39, 95% CI 3.24-3.53) increase in PA minutes per

week and the smallest reduction in BMI (–0.09 kg/m2; 95% CI
–0.12 to –0.06). Changes in overweight and obesity prevalence
also varied between wards and decreased by as much as 2.6%
(539/20,739; 95% CI 2.3%-2.9%) in Ward 6, where participation
in recreation center classes was highest and as little as 1.9%
(622/32,729; 95% CI 1.7%-2.1%) in Ward 7 (25% baseline
exercise probability).

Discussion

Principal Findings
Our simulation model of African American women in
Washington, DC, and their use of a place-tailored digital health
app to help identify recreation center classes shows that the app
does not result in substantive population-wide health effects at
lower levels of app engagement (eg, 25% of women are aware
of the app, 25% of those aware of the app download it, and 25%
of those who download it receive regular push notifications
from the app). When 50% of women are aware of the app,
58.23% of those who are aware download the app, and 55% of
those who download it receive regular push notifications from
the app, there are observable changes in PA and weight across
the population, but the impact is not statistically significant. For
the app to result in statistically significant increases in PA and
reductions to obesity prevalence over 5 years, there needs to be
at least 75% of women who are aware of the app, 75% of those
aware of the app downloading it, and 75% of those who
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download it opting into the app’s push notifications. Thus, we
demonstrated the minimum levels of engagement needed at the
outset of a mobile phone app campaign (approximately 50%
aware of the app, 50% of those who are aware download the
app, and 50% of those who download it receive app
notifications, assuming reductions in use over the first 3 months)
to observe a change in PA and weight across the population.
Studies have shown how perceived usefulness of an app,
user-friendliness, backing from health care professionals, and
continued engagement impact app usage [26,27] could be
addressed through a structured marketing and communications
strategy. Thus, future interventions should prioritize efforts to
increase marketing for the place-tailored app to increase the
percent of women who are aware of and use the app to reach
the impactful threshold of engagement and obtain further
benefits.

Further, our results show that a place-tailored app is more likely
to be successful in increasing PA in those who already have a
higher likelihood to exercise. While the results showed that the
app was successful at encouraging individuals who have a low
baseline probability (eg, 10% [10/100] and 25% [25/100]) to
exercise to attend at least one new class over the course of the
simulated period, this alone was not enough to drive a sustained
change in regular exercise. The app did a better job at increasing
the average duration of PA each week as baseline probability
to exercise increased. This indicates that improving knowledge
of recreation center classes, while important, should be coupled
with interventions to help overcome personal and social barriers
(eg, limited social support for PA or time constraints) that
determine baseline exercise probability [28,29]. Place-tailored
digital health apps could potentially address some of these
barriers through the release of new features and functionality
such as a social networking component [30,31].

Regardless of user engagement with the app, place-tailored
digital health apps need to be combined with increasing physical
access to recreation centers to see greater than additive effects
in PA and subsequent health outcomes. There is a limit to a
place-tailored app’s impact because some individuals cannot
access recreation centers due to the distance and lack of
transportation (eg, access to car) from their home location. As
shown in our results, there are clear disparities in the success
of the app in improving health outcomes in neighborhoods with
greater access to recreation centers (with nearly a 1.4-fold
increase in the use of recreation center classes in these
neighborhoods [eg, Ward 6]) compared to neighborhoods with
less accessible recreation centers (eg, Ward 7), even with 75%
of women who are aware of the app, 75% of those aware of the
app download it, and 75% of those who download it opt into
the app’s push notifications. Past studies have shown that
lower-income neighborhoods in many cities around the United
States have less accessible PA locations and recreation centers
[32]. Therefore, it is important for public health administrators
and park and recreation agencies to consider pairing this type
of digital health technology with improvements to recreation
center access such as changes to the built environment,
perceived safety, or transportation.

Our results also show that it takes time for the effect of the
place-tailored mobile app to fully manifest (>2 years). In

general, 1 year is not enough time to see an impact on BMI and
overweight and obesity prevalence, as population-level effects
on weight and subsequent health benefits accrue over years.
This shows the need to continuously measure the value of
intervention programs over a period of several years, since
reductions in overweight and obesity prevalence may not be
demonstrated immediately, and effective interventions may
wrongly be deemed unsuccessful if evaluated too early.
Accounting for this ramp-up period is important, as it can also
take time for a new technology to be adopted and used. Our
results show that the speed of the reduction in overweight and
obesity prevalence in the population increases year after year
as adoption rates increase, revealing a potential opportunity to
increase momentum as more users adopt similar place-tailored
digital health technology.

In addition to being able to simulate extended periods of time,
another benefit of simulation modeling is that it can be adapted
and refined over time. For example, simulation modeling can
be used in conjunction with clinical trials [33,34] so that the
model can continuously inform digital health phone app design
and multipronged PA interventions. The simulation model can
be run first, to help determine the impact of an app, which can
then inform the implementation of a trial. Data and information
from the trial can then further update the model. This iterative
process can continue until the app or intervention is optimally
designed.

Limitations
All models are simplifications of reality and cannot account for
all possible factors that may affect PA decision-making. Our
model included a few simplifying assumptions. For example,
we did not account for objective accessibility to a recreation
center near a woman’s workplace and used the objective
accessibility near the home as a proxy. In addition, since we
wanted to demonstrate how to design an app that harnesses
geographic location and the value of such an app, our study
focused on the app locating and reminding individuals about
in-person classes, rather than web-based classes. However, such
an app may offer similar benefits for web-based classes such
as reminding individuals about when classes are scheduled and
what equipment is needed, while reducing potential geographic
barriers to exercise. We also assumed that in-person classes are
available (eg, not during a public health emergency such as the
COVID-19 pandemic). When determining body weight changes
for each woman, we assumed that compensatory eating did not
occur. Our model simulated behavior of and used data specific
to Washington, DC African American women, which may limit
generalizability to other populations or geographic areas.

Conclusions
Our study shows that a digital health app that helps identify
recreation center classes does not result in substantive
population-wide health effects at lower levels of app engagement
(eg, 25% of women who are aware of the app, 25% of those
who are aware of the app download it, and 25% of those who
download it receive regular push notifications from the app).
For the app to result in statistically significant increases in PA
and reductions to obesity prevalence over 5 years, there needs
to be at least 75% of women aware of the app, 75% of those
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aware of the app download it, and 75% of those who download
it opt into the app’s push notifications. Even so, the app cannot
fully overcome lack of access to recreation centers, and
therefore, public health administrators as well as parks and

recreation agencies might consider incorporating this type of
technology into multilevel interventions that also target the built
environment and other social determinants of health.
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