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Abstract

Background: Participation in online health communities (OHCs) is a popular trend in the United Kingdom. However, so far,
no evidence exists to indicate an association between participation in OHCs and improved health outcomes.

Objective: This study aimed to (1) determine changes in patient activation over 3 months in new users of an OHC, (2) describe
patterns of engagement with an OHC, (3) examine whether patients’ characteristics at baseline were associated with subsequent
patterns of engagement, and (4) determine if patterns of engagement during the 3 months were associated with changes in patient
activation, health care utilization, and health status.

Methods: Active new OHC users on HealthUnlocked (HU) were surveyed to measure demographics, levels of patient activation
(describing a person’s confidence in managing their own health; scale 0-100 with 4 categories), health care utilization, and health
status using a Web-based survey at baseline and 3 months. Patient activation at baseline and 3 months was compared (aim 1).
Alongside, for a sample of HU users and survey responders, daily OHC website usage data were automatically captured. This
was used to identify clusters of engagement with HU (aim 2). For survey responders, baseline characteristics, patient activation,
health care utilization, and health status were compared at baseline and 3 months, overall, and between engagement clusters using
t tests and chi-square tests (aims 3 and 4).

Results: In 329 people who completed both surveys, baseline activation was most frequently level 3, described as taking action
but still lacking confidence. At follow-up, a change of 2.6 points was seen, with the greatest change seen in those at lowest baseline
activation levels. In addition, 4 clusters of engagement were identified: low, medium, high, and very high, who were active on
HU for a mean of 4, 12, 29, and 59 days, respectively. Survey responders were more commonly high or very high engagers.
Baseline activation was highest in low and very high engagers. Overall activation increased over time in all engagement groups.
Very high engagers had the greatest improvement in activation (5 points), although the average change was not above what is
considered clinically meaningful for any group. Fewer accident and emergency visits were seen at follow-up in those with higher
engagement, although this trend was not seen for other health care utilization measures. There was no change in health status at
3 months.

Conclusions: This observational study provides some insight into how patterns of engagement with OHCs are associated with
changes in patient activation, health care utilization, and health status. Over 3 months, overall, the change in activation was not
clinically significant, and there were some indications that OHCs may be of benefit to particular groups. However, the study
limitations prevent firm conclusions about causal relationships.
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Introduction

The internet is used by more than 90% of the population in the
United Kingdom, according to a national survey in 2017. Of
those who had used the internet in the last 3 months, 53% of
people had looked for health-related information [1]. In addition
to accessing websites from trusted organizations, such as the
National Health Service, and patient organizations or charities,
for example, Cancer Research UK, people are increasingly using
peer-to-peer online health communities (OHCs). OHCs are
forums where people with specific conditions can share
information and experiences with other people with the same
condition through peer support and discussion. A survey of US
adults found that 1 in 4 people read or watched commentary of
another person’s experiences of health or medical issues on the
Web [2]. Learning about other people’s experiences online may
have a number of impacts, ranging from finding information
and feeling supported to affecting behavior [3].

One way that OHCs may be particularly useful is in helping
with self-management of chronic diseases. Studies analyzing
OHC content have found that conversations may support
self-efficacy [4,5]. A cross-sectional survey of users of OHCs
for 3 different conditions (breast cancer, fibromyalgia, and
arthritis) found that 74% felt they now had the right knowledge
to manage their illness after participation in an OHC [6]. One
might therefore argue that accessing online information and
peer support would lead to empowerment, improved coping,
reduced uncertainty, and potentially even reduced health care
utilization [7]. Studies have found OHC use to be associated
with increased empowerment [6,8,9] with themes of feeling
better informed and social support [6-8,10,11]. Conversely,
there are arguments that information in OHCs may not be
reliable or accurate, and peer support, rather than information
from health care professionals, may amplify anxiety [12,13].

Patient activation is defined as a person’s knowledge, skills,
and confidence in managing their health or chronic condition
[14]. As a concept, patient activation differs slightly from
empowerment; it builds on self-efficacy and aims to capture
the development of a patient’s engagement with managing their
own health, from believing they have an active role to having
the confidence to self-manage their own health when under
stress [15]. The measure has been shown to be reliable and valid
[15] in a variety of countries and populations [16-21]. Higher
activation has been associated with positive health behaviors
such as attending screenings and eating 5 or more fruits and
vegetables per day [22]. Studies have shown that those with
lower activation scores are more likely to be hospitalized and
more likely to visit an accident and emergency department [23].
At present, it remains uncertain as to whether interventions to
improve disease knowledge can improve activation and in turn
lead to improved behaviors and health outcomes. Studies
investigating similar concepts such as empowerment and

self-efficacy are frequently cross-sectional [5,6]. To date, only
1 study has examined the relationship between OHCs and
activation specifically. In this study, experienced users of an
OHC had higher activation scores than new users, and activation
scores in both groups increased after 3 months’ OHC use, with
higher scores in those who self-reported using the site more
frequently [24]. This study did not investigate subsequent health
care utilization.

Studying the relationship between engagement with OHCs and
patient activation and health outcomes is complex because of
(1) confounding by indication (where people accessing the
platform are inherently different from those who do not, which
in turn affects their probability of the outcomes of interest) [25],
(2) natural changes in health care utilization at different stages
of disease (eg, general practitioner [GP] visits may naturally be
higher around the time of diagnosis than in subsequent periods),
and (3) challenges in quantifying the exposure of OHC
engagement [26]. However, because website visits leave digital
traces, it is possible to measure how commonly people interact
with a site, thereby allowing the relationship between different
engagement patterns and outcomes to be studied.

This study aimed to (1) determine change in activation over 3
months in new users of an OHC, (2) describe patterns of
engagement with an OHC, (3) examine whether patient
characteristics at baseline were associated with subsequent
patterns of engagement, and (4) determine if patterns of
engagement during the 3 months were associated with changes
in patient activation, health care utilization, and health status.

Methods

Setting
HealthUnlocked (HU) is a host to multiple OHCs with more
than 4.5 million visitors each month. HU has more than 700
communities for a variety of health conditions as well as hosting
communities to support aspects of well-being, for example,
weight loss and healthy eating [27]. These OHCs are built in
collaboration with patient organizations, who moderate the
communities, to ensure safety of its users and verify credibility
of content shared. Often, expert users with no formal association
with a patient organization volunteer to moderate communities
focused on health and well-being.

Once registered on the platform, a user can choose to follow
communities relevant to their health interest and post questions,
updates, or any information that they wish to share, or reply to
previous posts from other users. In addition to text, users can
post images on these OHCs. Users can also like other posts or
follow other users to build a network around them. An exemplar
post is included in Multimedia Appendix 1.
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Data
This study used data from a survey (Multimedia Appendix 2)
designed and run by HU in conjunction with a research team at
King’s Health Economics to understand health and economic
outcomes in new users of HU. The anonymized survey data
were sent to the University of Manchester after the survey ended,
and this analysis was designed to meet our study aims.

Population
HU is freely available to the public, and people sign up with
their email address and password. Those who signed up,
followed at least one of the communities included in this study,
and were active on the website between 48 and 72 hours after
signing up were eligible for the study and were emailed the
survey. People who completed the baseline survey were sent a
follow-up survey 3 months later. Reminder emails for both
surveys were sent 2 days after the original email. The survey
started in September 2016 and continued until the sample size
reached at least 300. This was based on the study having 90%
power to identify a mean difference of 3 between baseline and
follow-up in patient activation score.

Survey
The survey asked about demographics (eg, age, gender,
occupation, education, and ethnicity); information about health:
main diagnosis (collected as free text and verified against
community group followed); disease duration in response to
the question “How long since you were diagnosed with the
condition?” with the options less than a year ago, 1 to 3 years,
4 to 6 years, 7 to 9 years, and 10 years or more; and
comorbidities in response to the question “Do you currently
have other long-term concerns in addition to your diagnosis?”
with the options No, Yes I have 1 more, Yes I have 2 more, and
Yes I have more than 3. Patient activation was measured using
the Patient Activation Measure (PAM). The measure contains
13 statements where respondents indicate whether they strongly
agree (4 points), agree (3 points), disagree (2 points), or strongly
disagree (1 point) with each of the statements [15]. Using a
standardized table, these scores were converted to a score out
of 100 where a higher score indicates a person showing greater
activation. People with a score of 100 at baseline or follow-up
were removed from the cohort during analysis as a score of 100
is considered implausible (Personal communication, C Delaney,
2018). PAM score was then converted to 4 levels of activation,
as defined by the authors: level 1 (PAM score <47):
overwhelmed and passive in managing their own health; level
2 (PAM score 47.1-55.1): lack of knowledge and confidence;
level 3 (PAM score 55.2-72.4): taking action but still lacking
confidence; and level 4 (PAM score 72.5-100): have adopted
good health behaviors but may have problems when under stress
[15]. Health status was measured using the EuroQol-5D
(EQ-5D), which contained 5 questions about mobility, self-care,
usual activities, pain, and depression or anxiety. Each question
was scored between 1 and 5, and the score for each of these
questions was weighted using a value set for the UK population
and a single score created with the anchors 0 and 1 [28]. The
health care utilization questionnaire asked, “In the last 3 months,
roughly how many times have you visited the following
healthcare services?”: GP, outpatient clinic, primary care nurse,

accident & emergency (A&E) with the options never, 1 to 3
times, 4 to 6 times, and more than 6 times, and “In the last 3
months, roughly how many days have you spent admitted in a
hospital?”: a free-text box allowed respondents to indicate the
number of days. For the first question, categories 4 to 6 times
and more than 6 times were combined because of small numbers.
Number of days in hospital was categorized into none, 1 to 5
days, 6 to 10 days, and more than 10 days based on the spread
of the data.

HealthUnlocked Engagement
Engagement with HU was determined through the following
measures, which are automatically captured daily: pages viewed,
number of clicks anywhere on the website, number of
community groups followed, number of users followed
(subscribing to or following a community or user means posts
from these communities or users will appear in the subscribers
newsfeed), posts liked, written comments, and primary posts
(starting a post) for each user. A daily count of each engagement
measure was provided by HU for all people who completed
both baseline and follow-up surveys and a random sample of
336 people who completed only the baseline survey and a
random sample of 337 who completed neither survey.

Analysis
Mean PAM scores at baseline and follow-up were compared
using a t test. The proportion of people at each PAM level at
baseline and follow-up were compared. Users were then grouped
into clusters based on their daily HU engagement data. First,
for each day, a person was flagged as having engaged with HU
on that day if any of the HU engagement measure counts were
not zero. As this was time series data, a first-order Markov
Mixture model with an expected maximization algorithm was
used to identify clusters [29]. First, the model identified the
states of engagement each day, with 3 latent states assumed:
high engagement, low engagement, or disengaged. Everybody
started at high engagement, and disengagement was assumed
to be an absorbing state after which there would be no further
engagement. People were then clustered based on transitional
probabilities of changing engagement state. The optimum
number of cluster groups was identified using the elbow method
[30]. Baseline characteristics were compared among cluster
groups, and the mean number of days of engagement for each
cluster group was reported.

Patient activation score, EQ-5D score, and health care utilization
at baseline and follow-up were compared between cluster
groups. Health care utilization measures were reduced to binary
measures of whether participants had any visits in the last 3
months because of low numbers of people with a high number
of visits. Box and whisker plots were used to show the
distribution of PAM at baseline and follow-up. Kruskal-Wallis
tests checked if there was a statistically significant difference
in PAM scores between cluster groups. The proportion with a
change of PAM score by more than 5 points (a suggested
clinically meaningful difference [14]) was reported by
engagement cluster. PAM score was then categorized into levels
and compared at baseline and follow-up, with the proportions
where PAM had increased, remained stable, and reduced
reported by cluster group. EQ-5D scores were compared at
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baseline and follow-up, and a t test was used to see if there was
a statistically significant difference. The percentage of people
with each type of health care visit at baseline and follow-up for
each cluster group was compared using chi-square tests.

Ethical Approval
As this survey was service evaluation conducted by HU and
King’s Health Economics, NHS ethical approval was not
required. Ethical approval for the analysis was confirmed as not
required by the University of Manchester’s ethics committee,
as the data were already collected and were anonymized.

Results

Survey Response
The survey was sent to 9469 people; 990 people completed the
baseline survey, of whom 329 completed the follow-up survey
and had HU usage data available. Of those who completed the
follow-up survey, 78.5% (258/329) were aged 50 years or older,
76.6% (252/329) were female, and 93.0% (305/328) were white.
87 (26.4%) were from musculoskeletal community groups
(fibromyalgia, lupus, rheumatoid arthritis, polymyalgia
rheumatica and giant cell arteritis, pain), and 67 (20.4%) were
from endocrine (diabetes and thyroid) community groups (Table
1).

Patient Activation
There were 15 people with a PAM score of 100 at baseline,
follow-up, or both; therefore, change in PAM score is reported
for only 314 people. For those who completed both surveys,
the mean PAM scores at baseline and follow-up were 60.2 and
62.8, respectively, a statistically significant difference of 2.6
points (standard deviation: 8.4 points, P<.001). When stratified
by baseline PAM level (1 and 2 vs 3 and 4), those at levels 1
and 2 had a statistically significant 5.5-point increase (95% CI
4.1-6.8; P<.001). Those at levels 3 and 4 had a nonsignificant
1.1-point increase (95% CI 2.3 to −0.05). When categorized
into PAM levels, nearly half (49.4%, 155/314) were at level 3
(taking action but still lacking confidence), and overall, PAM
level increased at follow-up (Multimedia Appendix 3).

Engagement With HealthUnlocked
HU activity data were available across the 3-month period for
all 329 participants who completed both surveys, random
samples of 336 people who did not complete either survey, and
337 people who completed baseline only (total 1002).

Those who completed both surveys engaged with HU more
frequently (median: 47 days) than those who only completed
baseline (median: 24 days) or did not complete either survey
(median: 9 days), although there was a wide spread in the
number of people engaged with HU in each response group
(Multimedia Appendix 4). In terms of people’s activities at
visits to HU, 50.90% (510/1002) of participants posted at least
once with a median 1 post per person (interquartile range [IQR]:
0-2) and a maximum of 84 posts over 3 months. A total of
15,431 comments were made by 63.07% (632/1002) of
participants, with a median of 2 comments (IQR: 0-11) and a
maximum of 1549 comments over 3 months. Those who did
not complete either survey had fewer written posts, comments,
and posts liked per visit to HU than those who completed both
surveys, whereas those who completed the baseline survey only
had similar numbers of written posts, comments, and likes per
visit compared with those who completed both surveys.

The hidden Markov model identified 4 clusters: (1) low
engagers: (142/1002, 14.17%) who were active on HU for a
mean of 4.4 (SD 2.1) days before not visiting the platform
further; (2) medium engagers: (216/1002, 21.55%) who were
active on HU for a mean of 11.9 (SD 6.3) days; (3) high
engagers: (338/1002, 33.72%) who were active for a mean of
29.1 (SD 13.0) days; and (4) very high engagers: (306/1002,
30.54%) who were active for a mean of 59.2 (SD 22.2) days
(Figure 1).

The majority of those completing the follow-up survey were
high or very high engagers (114/329, 34.7%; and 163/329,
49.5%, respectively). The mean number of active days was
slightly higher in those who completed the survey (Table 2).
All further results refer to those who completed both surveys.
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Table 1. Baseline characteristics of respondents (N=329).

Values, n (%)Characteristics

Age (years)

26 (7.9)<40

45 (13.7)40-49

94 (28.6)50-59

118 (35.9)60-69

46 (14.0)>70

Gender

77 (23.4)Male

252 (76.6)Female

Ethnicity

305 (93.0)White

6 (1.8)Asian

7 (2.1)Black/African/Caribbean

1 (0.3)Hispanic/Latino

9 (2.7)Multiple ethnicities

1 (0.3)Missing

Employment status

97 (29.6)Employed

37 (11.3)On sick leave, unable to work

160 (48.8)Retired

3 (0.9)Student

31 (9.5)Unemployed

1 (0.3)Missing

Education

5 (1.5)Primary school

156 (47.6)Secondary school

116 (35.4)University degree

51 (15.5)Postgraduate degree

1 (0.3)Missing

Comorbidities

137 (42.0)None

103 (31.6)1

86 (26.4)≥2

3 (0.9)Missing

Community

41 (12.5)Cardiovascular

12 (3.6)Respiratory

34 (10.3)Cancers

7 (2.1)Mental health

44 (13.4)Digestive system

67 (20.4)Endocrine

16 (4.9)Genitourinary
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Values, n (%)Characteristics

87 (26.4)Musculoskeletal

4 (1.2)Nervous system

16 (4.9)Blood disorders

1 (0.3)Reproductive

Time since diagnosis (years)

113 (35.1)<1

105 (32.6)1-6

104 (32.3)>7

7 (2.1)Missing

Figure 1. The number of days of engagement with HU and states of engagement by engagement cluster for a sample of all users (N=50). Each line
represents a respondent, each dot represents a day the respondent engaged with the HU platform, the colors represent the engagement clusters, where
blue indicates low engagers, red medium engagers, green high engagers, and purple very high engagers. The shading of the color represents the state
of engagement where dark color indicates high engagement, and light color indicates low engagement. HU: HealthUnlocked.
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Table 2. Number of days of engagement with HealthUnlocked by cluster.

No surveys completed (N=336)Baseline survey completed (N=337)Both surveys completed (N=329)Engagement cluster

Active days, mean (SD)n (%)Active days, mean (SD)n (%)Active days, mean (SD)n (%)

3 (3)93 (27.6)5 (3)31 (9.1)6 (2.4)18 (5.4)Low

9 (7)113 (33.6)13 (10)69 (20.4)14.3 (6.5)34 (10.3)Medium

22 (17)80 (23.8)26.5 (17.5)144 (42.7)34.4 (12.9)114 (34.6)High

55 (60)50 (14.8)60 (28)93 (27.5)66.4 (15.8)163 (49.5)Very high

Characteristics
The characteristics of each cluster of survey responders are
shown in Table 3. High and very high engagers had a higher
proportion of females (95/114, 83.3% and 124/163, 76.1%,
respectively) compared with medium and low engagers (22/35,
64% and 11/18, 61%, respectively). Higher engagers had less
comorbidity: 22.2% (n=36/162) of very high engagers had 2 or
more comorbidities compared with 55.6% (n=10/18) of low
engagers, and a shorter time since diagnosis: 39.0% (n=62/159)
of very high engagers were diagnosed less than a year ago
compared with 19% (n=3/16) of low engagers.

Patient Activation by Engagement Cluster
Figure 2 shows the distribution of PAM scores for each
engagement cluster at baseline and follow-up. Median baseline
PAM scores differed little across the 4 engagement groups with
a difference of only 6 points from highest to lowest. PAM scores
increased at follow-up in all engagement groups. Medium
engagers had the lowest change of 0.5 points, and very high
engagers had the highest change of 5.1 points.

When scores were categorized into PAM levels, 81% (13/16)
of low engagers were at level 3 or 4 at baseline, increasing 94%
(15/16) at follow-up. All other engagement clusters had around
half at level 3 at baseline. Medium engagers had the highest
proportion at level 2, and very high engagers had the highest
proportion at level 4. At follow-up, the proportion at level 3
increased for all engagement clusters, and the only engagement
cluster with an increased proportion at level 4 was the high
engagement cluster (13.6% [15/110] at baseline vs 17.3%
[19/110] at follow-up). Moreover, 22.2% (36/163) and 20.5%
(33/163) of very high engagers were at level 4 at both baseline
and follow-up, respectively (Table 4).

A PAM score increase of at least 5 points was seen in 35.0%
(110/314) of respondents, with the highest proportion in the
very high engagers (63/156, 40.4%) and lowest proportion in

medium engagers (6/32, 18%). A PAM score decrease of at
least 5 points was seen in 15.0% (47/314), with proportions
similar across engagement clusters.

Health Status
Respondents had a mean EQ-5D score of 0.69 at baseline and
0.70 at follow-up, where 1 indicates perfect health, and less
than zero indicates a state worse than death. There was little
difference in average health status between baseline and
follow-up within the 4 engagement clusters, with a maximum
mean change within groups of 0.02 units.

Health Care Utilization
At baseline, 88.4% (283/320) of people visited their GP at least
once and 37.5% (102/272) visited a primary care nurse at least
once in the previous 3 months. 64.2% (190/296) people visited
outpatients in the previous 3 months. 21.7% (62/286) visited
A&E and 21.6% (71/328) were hospitalized in the previous 3
months. At follow-up, the proportion of people visiting a GP
was slightly lower at 83.8% (268/320), and the proportion
visiting a primary care nurse was similar to baseline. The
proportion of people visiting outpatients or A&E or being
hospitalized reduced, the biggest reduction being in A&E visits
where only 12.6% (36/285) visited A&E at follow-up (Table
5). When stratified by engagement cluster, all engagement
clusters had fewer people visiting a GP, outpatients, and being
hospitalized at least once at follow-up, except medium engagers
where the proportion of people visiting a GP remained the same.
The proportion of people visiting a primary care nurse varied
across engagement clusters with no clear pattern. The only
statistically significant difference between engagement clusters
was for A&E visits at follow-up, where there was a trend toward
those with greater engagement with HU having a smaller
proportion of people visiting A&E at follow-up. Low engagers
had a 12% more people visiting A&E, and very high engagers
had a 12.6% fewer people visiting A&E at follow-up (Table 5).

J Med Internet Res 2019 | vol. 21 | iss. 8 | e13477 | p. 7http://www.jmir.org/2019/8/e13477/
(page number not for citation purposes)

Costello et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Table 3. Baseline characteristics of baseline and follow-up survey respondents by engagement cluster (N=329).

Engagement cluster, n (%)Baseline characteristic

Very high (n=163)High (n=114)Medium (n=34)Low (n=18)

Age (years)

8 (4.9)14 (12.3)3 (8)1 (5)<40

18 (11.0)17 (14.9)7 (20)3 (16)40-49

46 (28.2)36 (31.6)6 (17)6 (33)50-59

64 (39.3)33 (28.9)15 (44)6 (33)60-69

27 (16.6)14 (12.3)3 (8)2 (11)>70

Gender

39 (23.9)19 (16.7)12 (35)7 (38)Male

124 (76.1)95 (83.3)22 (64)11 (61)Female

Ethnicity

155 (95.7)101 (88.6)32 (94)17 (94)White

2 (1.2)2 (1.8)1 (2)1 (5)Asian

0 (0.6)6 (0.0)1 (2)0 (0)Black/African/Caribbean

1 (0.0)0 (5.3)0 (0)0 (0)Latino

4 (2.5)5 (4.4)0 (0)0 (0)Multiple ethnicities

1 (0.6)000Missing

Employment status

40 (24.7)46 (40.4)8 (23)3 (16)Employed

18 (11.1)13 (11.4)4 (11)2 (11)On sick leave, unable to work

90 (55.6)44 3(8.6)17 (50)9 (50)Retired

0 (0.0)1 (0.9)1 (2)1 (5)Student

14 (8.6)10 (8.8)4 (11)3 (16)Unemployed

1 (0.6)000Missing

Education

0 (0.0)3 (2.6)1 (2)1 (5)Primary school

73 (45.1)54 (47.4)19 (55)10 (55)Secondary school

58 (35.8)41 (36.0)12 (35)5 (27)University degree

31 (19.1)16 (14.0)2 (5)2 (11)Postgraduate degree

1 (0.6)000Missing

Comorbidities

69 (42.6)46 (41.1)18 (52)4 (22)None

57 (35.2)37 (33.0)5 (14)4 (22)1

36 (22.2)29 (25.9)11 (32)10 (55)≥2

1 (0.6)2 (1.8)00Missing

Community

22 (13.5)14 (12.3)3 (8)2 (11)Cardiovascular

6 (3.7)4 (3.5)1 (2)1 (5)Respiratory

22 (13.5)8 (7.0)4 (11)2 (11)Cancers

2 (1.2)2 (1.8)1 (2)5 (27)Mental health

22 (13.5)12 (10.5)5 (14)4 (22)Digestive system

35 (21.5)21 (18.4)7 (20)4 (22)Endocrine
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Engagement cluster, n (%)Baseline characteristic

Very high (n=163)High (n=114)Medium (n=34)Low (n=18)

3 (1.8)11 (9.6)2 (5)5 (27)Genitourinary

39 (23.9)34 (29.8)10 (29)20 (30)Musculoskeletal

2 (1.2)1 (0.9)1 (2)1 (1)Nervous system

10 (6.1)6 (5.3)1 (1)1 (1)Blood disorders

0 (0.0)1 (0.9)1 (0)0 (0)Reproductive

Time since diagnosis (years)

62 (39.0)40 (35.4)8 (23)3 (18)<1

56 (35.2)32 (28.3)12 (35)5 (31)1-6

41 (25.8)41 (36.3)14 (41)8 (50)≥7

4 (2.5)1 (0.9)02 (11.1)Missing

Figure 2. Box and whisker plot of PAM scores by engagement cluster (N=314). Box plots represent the median (central line), interquartile range (box),
range, excluding outliers (whiskers), and outliers (dots) of the percentage of patients within each engagement cluster. PAM: Patient Activation Measure.

Table 4. Baseline and follow-up Patient Activation Measure level by engagement cluster.

Very high, n (%)High, n (%)Medium, n (%)Low, n (%)PAMa level

Baseline PAM level

8 (5.1)11 (10.0)2 (6.3)1 (6.3)1

42 (26.9)28 (25.5)12 (37.5)2 (12.5)2

73 (46.8)56 (50.9)16 (50.0)10 (62.5)3

33 (21.2)15 (13.6)2 (6.3)3 (18.7)4

Follow-up PAM level

3 (1.9)6 (5.5)3 (9.4)1 (6.3)1

31 (19.9)22 (20.0)7 (21.9)0 (0.0)2

90 (57.7)63 (57.3)20 (62.5)11 (68.8)3

32 (20.5)19 (17.3)2 (6.3)4 (25.0)4

aPAM: Patient Activation Measure.
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Table 5. Health care utilization at baseline and follow-up by engagement cluster.

Total, n (%)Very high, n (%)High, n (%)Medium, n (%)Low, n (%)Healthcare utilization type

At least one GPa visit in the last 3 months

283 (88.4)137 (86.2)103 (92.8)28 (84.8)15 (88.2)Baseline

268 (83.8)129 (81.1)97 (87.4)28 (84.8)14 (82.4)Follow-up

At least one nurse visit in the last 3 months

102 (37.5)55 (40.7)34 (36.6)6 (21.4)7 (43.8)Baseline

101 (37.1)60 (44.4)27 (29)9 (32.1)5 (31.3)Follow-up

At least one Outpatient visit in the last 3 months

190 (64.2)98 (67.6)65 (63.1)16 (51.6)11 (64.7)Baseline

170 (57.4)85 (58.6)62 (60.2)14 (45.2)9 (52.9)Follow-up

At least one A&Eb visit in the last 3 months

62 (21.7)28 (19.6)27 (27.8)5 (17.2)2 (11.8)Baseline

36 (12.6)10 (7)18 (18.6)4 (13.8)4 (23.5)Follow-up

At least one hospitalization in the last 3 months

71 (21.6)32 (19.6)28 (24.6)7 (21.2)4 (22.2)Baseline

51 (15.5)24 (14.7)22 (19.3)4 (12.1)1 (5.6)Follow-up

aGP: general practitioner.
bA&E: accident & emergency.

Discussion

Principal Findings
This study found that a group of HU users, who had completed
a baseline and follow-up survey, had, on average, a moderate
activation score at level 3 taking action but lacking in
confidence. The improvement in activation over 3 months was,
on average, only a modest 2.6 points overall. Overall, 1 in 3
respondents had a lower baseline PAM at levels 1 or 2: this
group had the highest change in PAM, with an average increase
of 5.8 points, a change thought to be clinically meaningful [14].
There were 4 different levels of engagement with the HU
platform (low, medium, high, and very high engagers). Very
high engagers used the platform on average 60 days over 3
months, were more frequently female, had no comorbidities,
and a diagnosis within the previous year. Their activation
increased the most over 3 months. Perhaps, indicating that those
most recently diagnosed and with few comorbidities gain the
most benefit from high engagement with HU. In terms of health
care utilization, overall health care utilization reduced over
follow-up. Those who engaged most with HU had fewer visits
to A&E at follow-up, although this trend was not seen in other
health utilization measures. If these findings represent a causal
relationship (see below), it would have important implications
for how OHCs can improve outcomes in patients with long-term
conditions. Information provision from health care professionals
and emerging initiatives such as social prescribing [31] could
include directing patients to OHCs. Robust evidence on the
effectiveness of OHCs as well as their cost-effectiveness would
allow clearer positioning within the armamentarium of
treatments for people living with health conditions.

Representativeness
The study reports on a population of people who completed a
baseline survey and a follow-up survey 3 months later. We were
able to compare this group with people who completed only the
baseline survey and a random sample of other HU users. We
noted that survey responders had higher levels of online
engagement than those who did not complete the survey. This
is perhaps unsurprising as those more motivated to engage with
the platform may be more likely to complete the surveys.
Nonetheless, this does not detract from comparisons among
engagement groups in our study. Thinking further about
representativeness, the population for this study was
predominately female, older than 50 years, and White. A study
of health-related social media users in the United States found
similar proportions of health forum users were female [32];
therefore, this population may be a true representation of OHC
users in terms of gender. It was expected that users of OHCs
would be a younger population, as seen in other studies
[6,24,32]; therefore, our older cohort may reflect some selection
bias related to willingness to complete surveys. It has been
shown that there are still digital disparities in terms of ethnicity,
which may reflect why our sample is predominantly White [33].
It has been shown that African Americans had lower PAM
levels; these were shown to be mediated through education and
health literacy [34,35]. Unfortunately, the numbers are too small
to investigate whether PAM was lower in those of
non-Caucasian ethnicity in this study.

Previous Studies
Activation, as measured by the PAM, was similar to a UK
sample whose mean PAM score was 59.4. Interestingly, when
categorized into levels, only 17% were at level 4 at baseline in
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this study compared with 21% of a random sample of the UK
population, many with chronic conditions [36]. One might have
expected patients accessing an OHC to have had higher levels
of activation. In a study that examined activation in a Hebrew
online social network, the authors found that people who were
experienced users of the online social network, classified as
those who had used the site for 6 months or more, had
significantly higher PAM scores than new users, with a mean
PAM 69.3 points for experienced users compared with 62.8
points for new users [24]. Both new and experienced users had
higher PAM scores than scores in this study where responders
had a mean score of 60.2 and 62.8 points at baseline and
follow-up, respectively, although in this study experienced users
had only used the OHC for 3 months.

Strengths and Limitations
This was a prospective study of changes to patient activation,
health care utilization, and health status with the ability to
associate changes with different patterns of engagement with
an OHC, with a reasonably large sample size. Meaningful
changes in activation were seen in some groups; however, we
need to be careful in our interpretation of these findings and
must consider some important limitations. First, there was no
control group; therefore, we do not know how activation changes
in people who did not use an OHC. This makes it difficult to
make causal inferences: the small increases in PAM observed
in all groups may well be an expected change from the point at
which someone signs up to an OHC. It is indeed reasonable to
hypothesize that people will sign up at times of greater clinical
need. Over the course of the subsequent 3 months, their
activation and health care utilization might change for the better
regardless of OHC use. Although the clustering allowed
identification of those who used HU very little and enabled
comparisons across levels of engagement, the numbers were
very small, with only 18 and 34 participants in the low and
medium engagement groups who completed both baseline and
follow-up surveys, making the comparisons across engagement
groups less robust. Second, as already mentioned, this was a
self-selecting population with only 329 people completing both
baseline and follow-up surveys of over 9000 people contacted.
This means the sample may not be representative of users of
the OHC as a whole, with a skew toward those who engage
more with the site. Third, there have been very few longitudinal

studies where PAM has been repeatedly measured, which makes
it difficult to interpret change in PAM over time. It has been
suggested that a change of 5 points is a meaningful difference
[14], and we found that 1 in 3 had an increase in PAM score of
5 points or more, although 1 in 10 had a decrease in PAM of 5
or more points. The appropriateness of this threshold for clinical
importance is somewhat questionable having been derived from
cross-sectional data, where 5 points was identified as the
common difference in mean PAM score in people with healthy
versus unhealthy behaviors [14]. Fourth, the study’s follow-up
was 3 months, which is not very long in terms of disease course
and may not be long enough to identify a clear change in
activation, health status, or health care utilization. We found a
mean increase in PAM of 2.6 points, which is a small change—a
longer follow-up may have allowed us to identify a larger
change were one to transpire. We were unable to show, despite
the small increase in activation, any significant change in health
status. This may be because of the length of follow-up. Any
interpretation of health status is again hampered by the lack of
a control group. In the absence of any engagement with an OHC,
it could be argued that health status would either improve (in
response to a recent diagnosis and treatment) or worsen (because
of progression of disease). We therefore do not know how the
OHC engagement has influenced health status. Given these
limitations, further investigation is warranted to see how
activation changes seen compare with a control population and
if certain groups of patients may benefit from OHC use, such
as newly diagnosed patients. Understanding what functions
within OHCs would deliver better outcomes would also be
worthy of future investigation.

Conclusions
The main findings of this study are that HU users have varied
levels of activation when they start using the platform. Patient
activation seems to increase over time, although the extent of
change did not seem to differ markedly between different levels
of platform engagement. Activation increased the most in those
with very high engagement with the HU platform and in those
with low activation at baseline; however, it is unknown whether
these improvements would have been seen irrespective of the
use of the platform. Understanding the impact of participation
in an OHC on health outcomes will require studies designed
specifically to examine this putative causal association.

Acknowledgments
The authors would like to thank Professor Paul McCrone and Huajie Jin for their work in developing and refining the methodology
for this study. They are grateful to Dr John McBeth for comments on a draft manuscript. They are grateful to David Selby for
his help with hidden Markov modeling. This work was supported by the Arthritis Research UK Centre for Epidemiology: grant
number 20380.

Authors' Contributions
MJE and AA contributed to survey design and were responsible for acquisition of the data, REC and WGD designed the analyses
and interpreted the data, REC conducted the analyses and drafted the manuscript, and all authors critically revised the manuscript
and approved the final version.

Conflicts of Interest
WGD has received consultancy fees from Google and Beyer. MJE is the Chief Medical Officer and cofounder of
HealthUnlocked.com. AA is an employee of HU. REC has no conflicting interests to declare.

J Med Internet Res 2019 | vol. 21 | iss. 8 | e13477 | p. 11http://www.jmir.org/2019/8/e13477/
(page number not for citation purposes)

Costello et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Multimedia Appendix 1
Exemplar post from HealthUnlocked.
[PDF File (Adobe PDF File), 342KB-Multimedia Appendix 1]

Multimedia Appendix 2
Study survey.
[PDF File (Adobe PDF File), 375KB-Multimedia Appendix 2]

Multimedia Appendix 3
Baseline and follow-up patient activation levels.
[PDF File (Adobe PDF File), 99KB-Multimedia Appendix 3]

Multimedia Appendix 4
3. Box and whisker plot of the number of days of engagement by the number of surveys completed (N=1002).
[PDF File (Adobe PDF File), 89KB-Multimedia Appendix 4]

References

1. Office for National Statistics. 2017. Internet Access – Households and Individuals, Great Britain: 2017 URL: https://www.
ons.gov.uk/peoplepopulationandcommunity/householdcharacteristics/homeinternetandsocialmediausage/bulletins/
internetaccesshouseholdsandindividuals/2017 [accessed 2019-08-09]

2. Pew Research Center. 2013. The Diagnosis Difference URL: https://www.pewresearch.org/science/2013/11/26/
the-diagnosis-difference/ [accessed 2019-08-09]

3. Ziebland S, Wyke S. Health and illness in a connected world: how might sharing experiences on the internet affect people's
health? Milbank Q 2012 Jun;90(2):219-249 [FREE Full text] [doi: 10.1111/j.1468-0009.2012.00662.x] [Medline: 22709387]

4. Wang Y, Willis E. Supporting self-efficacy through interactive discussion in online communities of weight loss. J Health
Psychol 2018 Sep;23(10):1309-1320. [doi: 10.1177/1359105316653264] [Medline: 27338630]

5. Willis E. Patients' self-efficacy within online health communities: facilitating chronic disease self-management behaviors
through peer education. Health Commun 2016;31(3):299-307. [doi: 10.1080/10410236.2014.950019] [Medline: 26325224]

6. van Uden-Kraan CF, Drossaert CH, Taal E, Seydel ER, van de Laar MA. Participation in online patient support groups
endorses patients' empowerment. Patient Educ Couns 2009 Jan;74(1):61-69. [doi: 10.1016/j.pec.2008.07.044] [Medline:
18778909]

7. Allam A, Kostova Z, Nakamoto K, Schulz PJ. The effect of social support features and gamification on a web-based
intervention for rheumatoid arthritis patients: randomized controlled trial. J Med Internet Res 2015 Jan 9;17(1):e14 [FREE
Full text] [doi: 10.2196/jmir.3510] [Medline: 25574939]

8. Audrain-Pontevia AF, Menvielle L. Do online health communities enhance patient-physician relationship? An assessment
of the impact of social support and patient empowerment. Health Serv Manage Res 2018 Aug;31(3):154-162. [doi:
10.1177/0951484817748462] [Medline: 29280679]

9. Aardoom JJ, Dingemans AE, Boogaard LH, van Furth EF. Internet and patient empowerment in individuals with symptoms
of an eating disorder: a cross-sectional investigation of a pro-recovery focused e-community. Eat Behav 2014
Aug;15(3):350-356. [doi: 10.1016/j.eatbeh.2014.04.003] [Medline: 25064280]

10. Mo PK, Coulson NS. Are online support groups always beneficial? A qualitative exploration of the empowering and
disempowering processes of participation within HIV/AIDS-related online support groups. Int J Nurs Stud 2014
Jul;51(7):983-993. [doi: 10.1016/j.ijnurstu.2013.11.006] [Medline: 24342449]

11. Bartlett YK, Coulson NS. An investigation into the empowerment effects of using online support groups and how this
affects health professional/patient communication. Patient Educ Couns 2011 Apr;83(1):113-119. [doi:
10.1016/j.pec.2010.05.029] [Medline: 20599338]

12. van Uden-Kraan CF, Drossaert CH, Taal E, Shaw BR, Seydel ER, van de Laar MA. Empowering processes and outcomes
of participation in online support groups for patients with breast cancer, arthritis, or fibromyalgia. Qual Health Res 2008
Mar;18(3):405-417. [doi: 10.1177/1049732307313429] [Medline: 18235163]

13. Moorhead SA, Hazlett DE, Harrison L, Carroll JK, Irwin A, Hoving C. A new dimension of health care: systematic review
of the uses, benefits, and limitations of social media for health communication. J Med Internet Res 2013 Apr 23;15(4):e85
[FREE Full text] [doi: 10.2196/jmir.1933] [Medline: 23615206]

14. Fowles JB, Terry P, Xi M, Hibbard J, Bloom CT, Harvey L. Measuring self-management of patients' and employees' health:
further validation of the patient activation measure (PAM) based on its relation to employee characteristics. Patient Educ
Couns 2009 Oct;77(1):116-122. [doi: 10.1016/j.pec.2009.02.018] [Medline: 19356881]

J Med Internet Res 2019 | vol. 21 | iss. 8 | e13477 | p. 12http://www.jmir.org/2019/8/e13477/
(page number not for citation purposes)

Costello et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app1.pdf&filename=33ff82f8f0b493890f024a3972e81637.pdf
https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app1.pdf&filename=33ff82f8f0b493890f024a3972e81637.pdf
https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app2.pdf&filename=cd59da9cb8876f42b51a775ac48c19d9.pdf
https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app2.pdf&filename=cd59da9cb8876f42b51a775ac48c19d9.pdf
https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app3.pdf&filename=93fd96a1b4076cc209d4cfa3e8b3af6d.pdf
https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app3.pdf&filename=93fd96a1b4076cc209d4cfa3e8b3af6d.pdf
https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app4.pdf&filename=91047818834e49e94d31fce41ef8afea.pdf
https://jmir.org/api/download?alt_name=jmir_v21i8e13477_app4.pdf&filename=91047818834e49e94d31fce41ef8afea.pdf
https://www.ons.gov.uk/peoplepopulationandcommunity/householdcharacteristics/homeinternetandsocialmediausage/bulletins/internetaccesshouseholdsandindividuals/2017
https://www.ons.gov.uk/peoplepopulationandcommunity/householdcharacteristics/homeinternetandsocialmediausage/bulletins/internetaccesshouseholdsandindividuals/2017
https://www.ons.gov.uk/peoplepopulationandcommunity/householdcharacteristics/homeinternetandsocialmediausage/bulletins/internetaccesshouseholdsandindividuals/2017
https://www.pewresearch.org/science/2013/11/26/the-diagnosis-difference/
https://www.pewresearch.org/science/2013/11/26/the-diagnosis-difference/
http://europepmc.org/abstract/MED/22709387
http://dx.doi.org/10.1111/j.1468-0009.2012.00662.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22709387&dopt=Abstract
http://dx.doi.org/10.1177/1359105316653264
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27338630&dopt=Abstract
http://dx.doi.org/10.1080/10410236.2014.950019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26325224&dopt=Abstract
http://dx.doi.org/10.1016/j.pec.2008.07.044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18778909&dopt=Abstract
https://www.jmir.org/2015/1/e14/
https://www.jmir.org/2015/1/e14/
http://dx.doi.org/10.2196/jmir.3510
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25574939&dopt=Abstract
http://dx.doi.org/10.1177/0951484817748462
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29280679&dopt=Abstract
http://dx.doi.org/10.1016/j.eatbeh.2014.04.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25064280&dopt=Abstract
http://dx.doi.org/10.1016/j.ijnurstu.2013.11.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24342449&dopt=Abstract
http://dx.doi.org/10.1016/j.pec.2010.05.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20599338&dopt=Abstract
http://dx.doi.org/10.1177/1049732307313429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18235163&dopt=Abstract
https://www.jmir.org/2013/4/e85/
http://dx.doi.org/10.2196/jmir.1933
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23615206&dopt=Abstract
http://dx.doi.org/10.1016/j.pec.2009.02.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19356881&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


15. Hibbard JH, Mahoney ER, Stockard J, Tusler M. Development and testing of a short form of the patient activation measure.
Health Serv Res 2005 Dec;40(6 Pt 1):1918-1930 [FREE Full text] [doi: 10.1111/j.1475-6773.2005.00438.x] [Medline:
16336556]

16. Moljord IE, Lara-Cabrera ML, Perestelo-Pérez L, Rivero-Santana A, Eriksen L, Linaker OM. Psychometric properties of
the patient activation measure-13 among out-patients waiting for mental health treatment: a validation study in Norway.
Patient Educ Couns 2015 Nov;98(11):1410-1417 [FREE Full text] [doi: 10.1016/j.pec.2015.06.009] [Medline: 26146239]

17. Rademakers J, Nijman J, van der Hoek L, Heijmans M, Rijken M. Measuring patient activation in the Netherlands: translation
and validation of the American short form patient activation measure (PAM13). BMC Public Health 2012 Jul 31;12:577
[FREE Full text] [doi: 10.1186/1471-2458-12-577] [Medline: 22849664]

18. Brenk-Franz K, Hibbard JH, Herrmann WJ, Freund T, Szecsenyi J, Djalali S, et al. Validation of the German version of
the patient activation measure 13 (PAM13-D) in an international multicentre study of primary care patients. PLoS One
2013;8(9):e74786 [FREE Full text] [doi: 10.1371/journal.pone.0074786] [Medline: 24098669]

19. Ngooi BX, Packer TL, Kephart G, Warner G, Koh KW, Wong RC, et al. Validation of the patient activation measure
(PAM-13) among adults with cardiac conditions in Singapore. Qual Life Res 2017 Apr;26(4):1071-1080. [doi:
10.1007/s11136-016-1412-5] [Medline: 27645458]

20. Packer TL, Kephart G, Ghahari S, Audulv A, Versnel J, Warner G. The patient activation measure: a validation study in a
neurological population. Qual Life Res 2015 Jul;24(7):1587-1596. [doi: 10.1007/s11136-014-0908-0] [Medline: 25557496]

21. Maindal HT, Sokolowski I, Vedsted P. Translation, adaptation and validation of the American short form patient activation
measure (PAM13) in a Danish version. BMC Public Health 2009 Jun 29;9:209 [FREE Full text] [doi:
10.1186/1471-2458-9-209] [Medline: 19563630]

22. Hibbard JH, Mahoney ER, Stock R, Tusler M. Do increases in patient activation result in improved self-management
behaviors? Health Serv Res 2007 Aug;42(4):1443-1463 [FREE Full text] [doi: 10.1111/j.1475-6773.2006.00669.x] [Medline:
17610432]

23. Kinney RL, Lemon SC, Person SD, Pagoto SL, Saczynski JS. The association between patient activation and medication
adherence, hospitalization, and emergency room utilization in patients with chronic illnesses: a systematic review. Patient
Educ Couns 2015 May;98(5):545-552. [doi: 10.1016/j.pec.2015.02.005] [Medline: 25744281]

24. Grosberg D, Grinvald H, Reuveni H, Magnezi R. Frequent surfing on social health networks is associated with increased
knowledge and patient health activation. J Med Internet Res 2016 Aug 10;18(8):e212 [FREE Full text] [doi:
10.2196/jmir.5832] [Medline: 27511272]

25. Kyriacou DN, Lewis RJ. Confounding by indication in clinical research. J Am Med Assoc 2016 Nov 1;316(17):1818-1819.
[doi: 10.1001/jama.2016.16435] [Medline: 27802529]

26. Baltierra NB, Muessig KE, Pike EC, LeGrand S, Bull SS, Hightow-Weidman LB. More than just tracking time: complex
measures of user engagement with an internet-based health promotion intervention. J Biomed Inform 2016 Feb;59:299-307
[FREE Full text] [doi: 10.1016/j.jbi.2015.12.015] [Medline: 26732997]

27. Agca R, Heslinga SC, Rollefstad S, Heslinga M, McInnes IB, Peters MJ, et al. EULAR recommendations for cardiovascular
disease risk management in patients with rheumatoid arthritis and other forms of inflammatory joint disorders: 2015/2016
update. Ann Rheum Dis 2017 Jan;76(1):17-28. [doi: 10.1136/annrheumdis-2016-209775] [Medline: 27697765]

28. Devlin N, Shah KK, Feng Y, Mulhern B, van Hout B. Valuing health-related quality of life: an EQ-5D-5L value set for
England. Health Econ 2018 Jan;27(1):7-22. [doi: 10.1002/hec.3564] [Medline: 28833869]

29. Druce KL, McBeth J, van der Veer SN, Selby DA, Vidgen B, Georgatzis K, et al. Recruitment and ongoing engagement
in a UK smartphone study examining the association between weather and pain: cohort study. JMIR Mhealth Uhealth 2017
Nov 1;5(11):e168 [FREE Full text] [doi: 10.2196/mhealth.8162] [Medline: 29092810]

30. Alpaydin E. Introduction to Machine Learning. Cambridge, Massachusetts: MIT Press; 2010.
31. Drinkwater C, Wildman J, Moffatt S. Social prescribing. Br Med J 2019 Mar 28;364:1285. [doi: 10.1136/bmj.l1285]

[Medline: 30923039]
32. Sadah SA, Shahbazi M, Wiley MT, Hristidis V. A study of the demographics of web-based health-related social media

users. J Med Internet Res 2015 Aug 6;17(8):e194 [FREE Full text] [doi: 10.2196/jmir.4308] [Medline: 26250986]
33. Nguyen A, Mosadeghi S, Almario CV. Persistent digital divide in access to and use of the internet as a resource for health

information: results from a California population-based study. Int J Med Inform 2017 Jul;103:49-54. [doi:
10.1016/j.ijmedinf.2017.04.008] [Medline: 28551001]

34. Gwynn KB, Winter MR, Cabral HJ, Wolf MS, Hanchate AD, Henault L, et al. Racial disparities in patient activation:
evaluating the mediating role of health literacy with path analyses. Patient Educ Couns 2016 Jun;99(6):1033-1037 [FREE
Full text] [doi: 10.1016/j.pec.2015.12.020] [Medline: 26809936]

35. Eneanya ND, Winter M, Cabral H, Waite K, Henault L, Bickmore T, et al. Health literacy and education as mediators of
racial disparities in patient activation within an elderly patient cohort. J Health Care Poor Underserved 2016;27(3):1427-1440
[FREE Full text] [doi: 10.1353/hpu.2016.0133] [Medline: 27524777]

36. Ellins J. www.picker.org. 2005 Nov 01. How engaged are people in their health care? URL: https://www.picker.org/
wp-content/uploads/2014/10/How-engaged-are-people-in-their-health-care-....pdf

J Med Internet Res 2019 | vol. 21 | iss. 8 | e13477 | p. 13http://www.jmir.org/2019/8/e13477/
(page number not for citation purposes)

Costello et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/16336556
http://dx.doi.org/10.1111/j.1475-6773.2005.00438.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16336556&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0738-3991(15)00282-7
http://dx.doi.org/10.1016/j.pec.2015.06.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26146239&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-12-577
http://dx.doi.org/10.1186/1471-2458-12-577
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22849664&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0074786
http://dx.doi.org/10.1371/journal.pone.0074786
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24098669&dopt=Abstract
http://dx.doi.org/10.1007/s11136-016-1412-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27645458&dopt=Abstract
http://dx.doi.org/10.1007/s11136-014-0908-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25557496&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-9-209
http://dx.doi.org/10.1186/1471-2458-9-209
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19563630&dopt=Abstract
http://europepmc.org/abstract/MED/17610432
http://dx.doi.org/10.1111/j.1475-6773.2006.00669.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17610432&dopt=Abstract
http://dx.doi.org/10.1016/j.pec.2015.02.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25744281&dopt=Abstract
https://www.jmir.org/2016/8/e212/
http://dx.doi.org/10.2196/jmir.5832
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27511272&dopt=Abstract
http://dx.doi.org/10.1001/jama.2016.16435
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27802529&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(15)00295-6
http://dx.doi.org/10.1016/j.jbi.2015.12.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26732997&dopt=Abstract
http://dx.doi.org/10.1136/annrheumdis-2016-209775
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27697765&dopt=Abstract
http://dx.doi.org/10.1002/hec.3564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28833869&dopt=Abstract
https://mhealth.jmir.org/2017/11/e168/
http://dx.doi.org/10.2196/mhealth.8162
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29092810&dopt=Abstract
http://dx.doi.org/10.1136/bmj.l1285
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30923039&dopt=Abstract
https://www.jmir.org/2015/8/e194/
http://dx.doi.org/10.2196/jmir.4308
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26250986&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2017.04.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28551001&dopt=Abstract
http://europepmc.org/abstract/MED/26809936
http://europepmc.org/abstract/MED/26809936
http://dx.doi.org/10.1016/j.pec.2015.12.020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26809936&dopt=Abstract
http://europepmc.org/abstract/MED/27524777
http://dx.doi.org/10.1353/hpu.2016.0133
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27524777&dopt=Abstract
https://www.picker.org/wp-content/uploads/2014/10/How-engaged-are-people-in-their-health-care-....pdf
https://www.picker.org/wp-content/uploads/2014/10/How-engaged-are-people-in-their-health-care-....pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/


Abbreviations
A&E: accident & emergency
EQ-5D: EuroQol-5D
GP: general practitioner
HU: HealthUnlocked
IQR: interquartile range
OHCs: online health communities
PAM: Patient Activation Measure
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