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ABSTRACT
....................................................................................................................................................

Objective Online health communities offer a diverse peer support base, yet users can struggle to identify suitable peer mentors as these communi-
ties grow. To facilitate mentoring connections, we designed a peer-matching system that automatically profiles and recommends peer mentors to
mentees based on person-generated health data (PGHD). This study examined the profile characteristics that mentees value when choosing a peer
mentor.
Materials and Methods Through a mixed-methods user study, in which cancer patients and caregivers evaluated peer mentor recommendations,
we examined the relative importance of four possible profile elements: health interests, language style, demographics, and sample posts. Playing
the role of mentees, the study participants ranked mentors, then rated both the likelihood that they would hypothetically contact each mentor and
the helpfulness of each profile element in helping the make that decision. We analyzed the participants’ ratings with linear regression and qualita-
tively analyzed participants’ feedback for emerging themes about choosing mentors and improving profile design.
Results Of the four profile elements, only sample posts were a significant predictor for the likelihood of a mentee contacting a mentor.
Communication cues embedded in posts were critical for helping the participants choose a compatible mentor. Qualitative themes offer insight into
the interpersonal characteristics that mentees sought in peer mentors, including being knowledgeable, sociable, and articulate. Additionally, the
participants emphasized the need for streamlined profiles that minimize the time required to choose a mentor.
Conclusion Peer-matching systems in online health communities offer a promising approach for leveraging PGHD to connect patients. Our findings
point to interpersonal communication cues embedded in PGHD that could prove critical for building mentoring relationships among the growing
membership of online health communities.
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INTRODUCTION
Online health communities provide a rich source of peer support,1,2 and
there is a wealth of person-generated health data (PGHD) embedded
within posts made in these communities.3 Online posts are one type of
data within a broad variety of PGHD4,5 (eg, patient-reported outcomes,6,7

observations of daily living,8 quantified self,9,10 and illness narratives11)
that has enormous potential for healthcare.12,13 Largely untapped, PGHD
offers a foundation for connecting individuals with experienced “peer
mentors” who share similar interests and health concerns.

Offline peer mentors, from “health coaches”14 to “peer naviga-
tors,”15 can improve patients’ diabetes control,16–19 treatment adher-
ence,20 and help patients cope with brain injury,21 heart disease,22

and cancer.23 These programs generally match patients with mentors
based on diagnosis and demographics,16 but they have suffered from
drop-outs,22 limited uptake,18 and complaints due to poor mentor
matching.16 Yet, “better patients,” who model good self-management,
do not necessarily make better health coaches.24 Although patients
also prioritize mentor qualities, such as having a non-judgmental or
upbeat outlook,15 when judging the merits of peer mentorship, other
factors are rarely examined. Further research is needed to understand
what makes a good mentor-mentee match for peer mentoring,25 both
offline and online.

Patients increasingly turn to online health communities for help
from “someone like me,”26 yet few communities leverage PGHD to

cultivate mentoring relationships.27–29 Mentoring through e-mail and
discussion groups shows targeted successes in education,30,31 pro-
fessional development,32,33 and support for patients with disabil-
ities.34–36 Although individual differences in expectations and
communication style are major sources of failure and frustration,37

careful mentor matching31,34 and interpersonal similarity32,38 appear
vital to the success of mentorship programs.

Interpersonal similarity also promotes member attachment in on-
line health communities.39 Online referents to shared experiences,40

personality,41 and interests33,42 facilitate homophily – a cornerstone of
online connections between individuals.43 The more homophilous
users perceive discussion groups to be, characterized by an “optimal
match”44 in health experiences and needs,45,46 the more likely it is
that users will adopt advice they are given by members of these
groups.47 As online communities grow and diversify, forging connec-
tions becomes increasingly arduous, leaving the burden on users to lo-
cate compatible mentors. Gaining awareness of the peer support
available in online communities often requires having multiple interac-
tions to build relationships.48 All too often, yielded advice does not fit
the user’s needs.23 Thus, uncovering suitable peer mentors is a grow-
ing challenge.

We aim to address this challenge by leveraging PGHD embedded
within online community posts to automatically profile and match
peers for mentorships (ie, “peer matching”). Although user posts
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provide rich insight into the diversity of the support available in online
health communities,49 traditional profiles that users enter manually do
not capture this rich PGHD. PGHD can form the basis of automated
health profiling for targeted prevention50 and treatment strategies,51,52

and shows promise for online health communities.53,54 Determining
what factors are important to mentees when choosing a peer mentor
is critical for designing peer matching tools that extract and profile the
PGHD that is of greatest value.

We extend our validated approach to automated profiling using
PGHD,55 by employing principles of “social matching systems”56 to
recommend online community members with similar interests.57

Outside the health context, similar systems make social recommenda-
tions based on user profiling from digital.58–63 Our peer-matching sys-
tem is designed to forge mentoring connections by recommending
peers with profiles that share similar health topics and other personal
characteristics gleaned from PGHD.

OBJECTIVE
We designed a peer-matching system that automatically profiles
and recommends peer mentors based on PGHD. Through a mixed-
methods user study, we examined mentor profile characteristics that
cancer patients and caregivers found most helpful when choosing a
peer mentor. We addressed the research question: What PGHD in an
online user profile helps establish a good mentor-mentee match in on-
line peer mentoring?

APPROACH
Our peer-matching system is designed to facilitate connections be-
tween individual “mentees” and “peer mentors” who share similari-
ties, which are gleaned from PGHD. The system recommends peer
mentors by processing text to generate and match the profiles of indi-
viduals with shared characteristics. In prior work with
CancerConnect.com, we demonstrated the validity and acceptability of
extracting health-related terms from online community posts to sum-
marize members’ health interests in individualized profiles.55 In this
study, we extended this approach by extracting additional language
style characteristics to generate profiles for mentors and mentees. We
then matched profiles using a similarity metric that analyzed health in-
terests, language style, and demographics to recommend matching
mentor profiles (Figure 1).

Generating Profiles
We generated user profiles from PGHD using text extraction to sum-
marize characteristics of peer mentors and mentees. Mentors were
drawn from users of CancerConnect.com, our partnering online health
community. This partnership enabled us to generate profiles for a
large pool of hypothetical peer mentors by processing the community
posts made by each member. Mentor profiles were generated through
text processing to extract and display: (1) health interests, (2) personal
language style, (3) demographics, and (4) sample posts. The mentees
were study participants who submitted a two-page personal story
about their cancer experience (see Materials and Methods section).
Mentee profiles relied on the same text processing procedures to
extract (1) health interests and (2) personal language style from men-
tees’ personal stories. Figure 2 shows a sample mentor profile with
the four key profile elements. Below, we briefly elaborate on the
extraction methods and the use of the four extracted profile elements.

Health Interests
We applied pre- and post-processing to improve MetaMap’s ability to
extract health-related concepts from PGHD.64 As in our prior work,55

we extracted health-related terms from mentor posts and grouped se-
mantically similar terms into four categories: health problems, treat-
ments, diagnostics and tests, and provider care.

Personal Language Style
We processed text with the Linguistic Inquiry and Word Count (LIWC)
tool.65 LIWC calculates the degree to which people use particular word
categories in text, such as positive or negative emotional terms, refer-
ences to one’s self, and other cognitive and emotional characteris-
tics,66. We grouped the extracted terms into the 13 categories that
LIWC associates with psychological processes and personal concerns:
social, affective, cognitive, perceptual, biological, relativity, work,
achievement, leisure, home, money, religion, and death.

Demographics
Because we lacked demographic data for the mentors identified from
CancerConnect.com, we assigned a fictitious sex and age to mentor
profiles for the study’s purpose of matching demographics with
mentees.

Sample Posts
We added sample posts to the mentor profiles to provide additional
context about the mentors. We chose snippets from each mentor’s ini-
tial post on Cancerconnect.com, their most recent post, and an inter-
mediate post.

Matching Profiles
To match profiles, we first established a pool of mentors whose pro-
files had a sufficient amount of text to allow for individualized matches
with text from a mentee’s profile. We excluded CancerConnect.com
members whose profiles did not include enough terms with which to
make a match or included so many terms that they matched with all
of the mentees. We chose members who had made five or more com-
munity posts containing 20–100 unique health interests. Applying
these criteria resulted in a pool of 415 potential mentors who, on aver-
age, contributed 13 posts covering 46 unique health interests.

We selected candidate mentors from this pool and presented them
to the study participants, who played the role of mentees in a hypo-
thetical scenario (see Materials and Methods section). For each men-
tee, we selected five candidate mentors who systematically varied in
their level of health interest, language style, and demographic similar-
ity, from high (ie, most similar match in the pool) to low (ie, least simi-
lar match in the pool) (Table 1). The selection of these five candidate
mentors was based on a weighted similarity rank metric that equally
weighted health interest similarity and language style similarity be-
tween mentor and mentee. For example, Profile B is the mentor with
both the highest similarity of health interests and the lowest similarity
of language style to the mentee. To make the demographic similarity
of Profile B low, we assigned the mentor a contrasting age and the op-
posite sex of the mentee. A detailed description of our similarity
matching approach is provided in the Supplementary Materials.

“Health interest similarity” was based on the cosine similarity of
health-related terms extracted from the mentee’s text and each poten-
tial mentor’s text. We used term frequency-inverse document fre-
quency (TF-IDF) to weigh the cosine similarity of health interest terms
in a vector space model.67

“Language style similarity” was based on language style matching
(LSM) of LIWC terms in the mentee’s text and each potential mentor’s
text. LSM represents the average similarity of LIWC scores and has
been used to predict personality68 and the initiation of interpersonal
relationships using text.69 For each potential mentor, we calculated
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LIWC scores that represent the percentage of total words that fall into
each of the 13 LIWC language style categories. We then compared the
LIWC scores in each category for the mentee and each mentor to yield
an average composite LSM similarity score.

“Demographic similarity” was based on the self-reported demo-
graphics of the participant (ie, the “mentee”). We systematically varied
the similarity of the sex and age of the candidate mentors by assigning
fictitious demographics to each of the mentor profiles.

MATERIALS AND METHODS
To examine what PGHD helps establish a good mentor-mentee match
in online peer mentoring, we conducted a mixed-methods user study
with cancer patients and caregivers. By asking the study participants
to evaluate the profiles of candidate mentors recommended by our
peer-matching system, we examined the relative importance of health
interests, demographics, language style, and sample posts when
choosing a mentor. The University of Washington institutional review
board approved the study procedures.

Using flyers, we recruited people who had experience with cancer,
as a patient or a caregiver, to take part in a two-part study comprised
of a brief intake survey and a 1-hour audiotaped follow-up session.
The 1-hour follow-up session was comprised of a scenario-based
profile evaluation task followed by a semistructured interview with
questions similar to those of Shami and colleagues.70 Although the
mentor profiles were generated from CancerConnect.com members’
community posts, mentor recommendations were hypothetical – study
participation carried no expectation for actual mentor contact. During
the follow-up sessions, we elicited participants’ perceptions about the
relative importance of the four profile elements when choosing a men-
tor and their broader attitudes about our peer-matching approach. The
study participants received $30 at the end of the session.

Data Collection Procedures
After providing informed consent, the study participants completed the
intake survey by reporting their demographics, cancer experience, and
technology experience. We then asked participants to compose and
submit a two-page personal story about their cancer experience,
which we processed to generate their “mentee” profile for mentor

matching. We scheduled a follow-up session with each study partici-
pant, during which the participants evaluated five recommended men-
tor profiles. To ground the session in the hypothetical context of online
peer mentoring, we asked the participants to imagine themselves
playing the role of a mentee in a peer mentoring scenario (Box 1).

Next, we asked participants to review and rank the five mentor
profiles presented to them by preference. Participants provided a se-
ries of ratings about their choice of mentors. First, participants
rated the likelihood that they would hypothetically contact each mentor
on a scale from 1 (ie, not at all likely) to 9 (ie, extremely likely).
Second, participants used the same 9-point scale to rate the helpful-
ness of each profile element for deciding whether to contact each
mentor. We prompted participants to comment on their reasoning, so
that we could qualitatively understand the characteristics they, as
mentees, sought when choosing mentors. To close the follow-up ses-
sion, we asked the study participants for feedback about the useful-
ness of peer matching and for feedback on how to improve the design
of profiles.

Data Analysis
We summarized the study participants’ characteristics and mentor
profile ratings with descriptive statistics. We applied linear regression
to examine the helpfulness ratings given to the profile elements as
predictors for the likelihood of a mentee contacting a mentor. Because
each study participant provided multiple ratings, we used a general-
ized estimating equation (GEE) to handle the correlation within
each participant’s data in our stepwise regression and identify the
strongest predictors. We conducted regression analyses in R
(v2.15.1),71 using the “geeglm” function from the “geepack” package
and utilizing the default parameters. We first conducted bivariable
analyses to independently test the association between each predictor
variable (ie, the helpfulness ratings for health interests, language style,
demographics, and sample posts) and the outcome (ie, the rating for
the likelihood of a mentee contacting a mentor). We then conducted a
multivariable regression that included all the predictor variables in a
single model to test the association between all the predictors and the
outcome.

Based on observing a large proportion of study participants who
had given extreme mentor contact ratings (ie, either a low rating of
“1” or “2” or a high rating of “8” or “9”), we also conducted an ex-
ploratory analysis on this extreme rating subset to examine whether
any profile element may have helped the mentees rule mentors in (ie,
subgroups of highest ratings) or out (ie, subgroup of lowest ratings).
Thus, among the subset with extreme ratings, we fit a binomial re-
gression model with a log-as-link function to estimate the relative risk
of mentees ruling mentors in (high rating) or out (low rating). Using
this model, we conducted both bivariable and multivariable regression
analyses.

We qualitatively reviewed the audio recordings of the study partici-
pant interviews to identify illustrative quotes the about participants’ ra-
tionale for their mentor ratings and their feedback on our approach.
We used affinity diagramming72 to group quotes into qualitative
themes about the characteristics mentees seek in peer mentors.
Below, we report our results regarding participants’ characteristics,
mentor profile ratings, characteristics sought in peer mentors, and the
perceived value of peer matching.

RESULTS
Participants
Table 2 provides the characteristics of the 13 study participants
(Participant 1–Participant 13). The participants managed many types

Figure 1: Recommending peer mentors through peer
matching.
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Figure 2: Sample peer mentor profile. Profile elements include health interests, personal language style, demographics, and sample
posts. The numbers in parentheses indicate term frequency across the mentor’s posts. The font size of the personal style categories indi-
cates the relative term frequency for each of the 13 categories.
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of cancer, including breast, kidney, lung, ovarian, prostate, skin, and
uterine cancer, as well as Hodgkin’s lymphoma, leukemia, multiple
myeloma, and myelodysplastic syndrome. The study participants con-
tributed 320 mentor ratings across 65 mentor profiles. Data from one
participant (Participant 9), who provided an incomplete set of mentor
ratings, were excluded from the regression analysis.

Mentor Profile Ratings
Table 3 shows the distribution of the study participants’ likelihood rat-
ings for contacting mentors. On average, the participants rated the
likelihood of contacting any mentor a 5.2 out of 9 (standard deviation
[SD]¼ 2.8), with a rating of 7.9 (SD¼ 1.6) given to the highest-ranked
profile and a rating of 2.5 (SD¼ 1.7) given to the lowest-ranked pro-
file. Over half of the participants’ mentor contact ratings were at the
extremes – either “low,” with a rating of “1” or “2” (n¼ 17), or
“high,” with a rating of rating of “8” or “9” (n¼ 17).

The study participants’ helpfulness ratings of the profile elements
varied significantly (Friedman X2¼ 56.7, P< .001). Table 4 shows the
results of our regression analyses, including the association between
the mentor contact ratings and the ratings for each profile element in-
dependently (ie, bivariable analyses) as well as among all four profile
elements together (ie, multivariable analysis). The study participants
rated the sample posts as the most helpful profile element for deter-
mining whether to contact a mentor, followed by demographics, health
interests, and language style (Table 4). However, no profile element
significantly predicted the likelihood of a mentee contacting a mentor,
either in the bivariable or multivariable analyses. Although choosing a
mentor was a nuanced process that varied among the study partici-
pants, language style was the strongest predictor of a mentee’s

likelihood to contact a mentor, but was rated as the least helpful pro-
file element relative to the other profile elements.

Given the large proportion of mentor contact ratings at the ex-
tremes – either “low” (n¼ 17) or “high” (n¼ 17) – we examined,
through an exploratory analysis, whether any profile element may
have particularly helped mentees rule mentors in or out. For each sub-
set of extreme ratings (ie, “low” and “high” likelihood of a mentee
contacting a mentor), Table 5 shows the relative risk of a mentee rul-
ing a mentor in and out. In both the “low” and “high” subsets, the
helpfulness of the mentors’ sample posts significantly predicted the
mentees’ mentor contact ratings. Thus, the study participants appear
to have found sample posts to be quite helpful for deciding whether to
rule mentors in or out.

Characteristics Sought in Mentors
The study participants’ comments about choosing mentors offer in-
sight into both the helpfulness of the individual profile elements and
ways to improve the design of the mentor profiles (Box 2). Qualitative
themes highlight desirable mentor characteristics, such as being
knowledgeable, sociable, and articulate based on cues from PGHD.
The participants also emphasized the need for streamlined profiles
that minimize the amount of time required to chose a mentor. For
example, the participants suggested shortening lists of terms to ena-
ble scanning for key topics and layering content to enable details on
demand. Other suggestions included adding private messaging func-
tionality and an “e-hug” (Participant 2) button for users to show
support.

Health Interests
Although some study participants found it challenging to scan the
mentors’ health interests for key terms, they quickly learned about the
mentors’ specific medical experiences from this profile element.
Health interests helped the participants assess the applicability of the
mentor’s knowledge to their own health situation. Profiles that listed
the mentors’ cancer type helped participants understand a mentor’s
story quickly. The study participants suggested adding cancer type,
stage, and dates of diagnoses and treatments to the mentor profiles.
They also found listed treatments especially helpful for assessing how
far along a mentor was in their cancer experience. Some participants
noted that, even if a mentor profile listed a different type of cancer
than their own, they were interested in connecting with that mentor if
treatments were similar.

Language Style
Language style helped the study participants learn about each men-
tor’s personal life and character. The participants used the mentors’
language style to assess the interpersonal compatibility between
themselves and the mentors. However, the majority of the participants
found this profile element confusing and overwhelming, because the
terms to describe language style could not be categorized in a relat-
able way. LIWC’s categories reflect its design as an analytic tool for
personality analysis. Participants who did not shy away from this ele-
ment tended to prefer concrete categories (eg, work, leisure, money,
religion), because they were easy to understand and provided personal
life cues that might strengthen interpersonal affinity with the mentor.
The participants suggested listing only concrete categories and short-
ening the term lists for easy scanning. One study participant sug-
gested color-coding categories to highlight the mentor’s key language
style.

Table 1: Candidate Mentors Matching Approach

Mentor
Profile

Health
interest
similarity

Language
style
similarity

Demographic
similarity

A High High High

B High Low Low

C Low High Low

D Low Low High

E Low Low Low

Box 1: Peer Mentoring Scenario

Let’s say you visit an online health community with an interest in
connecting with a peer mentor. A peer mentor is an online community
member, often a patient or caregiver, that you could turn to for help
and advice about the cancer experience. For example, a peer men-
tor can provide advice from their own cancer experience, such as
what to expect, help with treatment decisions, managing side effects,
and other issues that impact everyday life. After visiting the online com-
munity, you receive recommendations for potential peer mentors. Your
job is to review the recommendations to decide whom to contact for
help.
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Demographics
The study participants varied with respect to how helpful they per-
ceived the demographic information to be when choosing a mentor.
Some participants preferred that mentors have a similar age and sex
or gender to their own. For instance, one participant preferred female
mentors with whom she could discuss fertility concerns. A transgen-
der participant expressed the importance of representing diverse gen-
der categories. Two participants shared that similar demographics
might be more important than sharing the same diagnosis with a

mentor. Other participants placed less importance on demographics
than on other profile elements. Several participants suggested adding
more details to the demographic information available in the profile,
such as marital status, whether or not the individual has children, na-
tionality, and location, because treatment protocols can vary by region
or country, and some mentees may wish to meet mentors in person.
The study participants also noted that adding the mentor’s role, both
with respect to cancer (eg, patient, survivor, caregiver) and everyday
life (eg, mother, sister), was important.

Sample Posts
Consistent with our regression analysis, the study participants found
that the mentors’ sample posts were the most universally helpful pro-
file element, apparently due largely to communication cues embedded
in their text. Through these cues, the participants discovered contex-
tual insights about the mentors that were not captured elsewhere,
such as tone, attitude, and perspective (eg, optimism); empathy and
social courtesies (eg, greetings, apologies); personality; and the men-
tor’s overall “story.” The study participants varied in the characteris-
tics to which they were drawn. For instance, Participant 3 liked one
mentor because their posts exhibited “more fight and attitude and
don’t take it lying down,” whereas Participant 2 told us, “I don’t want
to be preached to.” The mentors’ posts were also used as indicators
of their online community involvement and availability. For example,
some participants viewed short posts as a sign that a mentor could be
difficult to connect with regularly. The participants suggested adding
features, such as links to a mentor’s additional posts, that could be
used to gain additional context about potential mentors.

Overall, the study participants considered a broad number of char-
acteristics when choosing a mentor. They were drawn to people who
“know what they are talking about” (Participant 11). Providing links to
websites, book titles, descriptions of treatments, and advice from per-
sonal experience were factors that made mentors stand out as knowl-
edgeable. Participants sought articulate mentors who communicated
clearly in easy-to-understand terms. Other informative communication
cues included frank and specific posts; an informal and positive tone;
transparency; having a similar life mantra (eg, “attitude is everything”
– Participant1); having similar religious or spiritual beliefs; and socia-
bility, such as greeting others, apologizing for mistakes, and not talk-
ing in platitudes or ‘yelling’ through the use of all capital letters. Many
of these characteristics, which are critical to the formation of

Table 2: Study Participant Characteristics

Demographics

Age, mean (SD) 48 (12.8)

Sex

Female 11/13

Male 1/13

Transgender 1/13

Race

Asian 1/13

Black 2/13

White 10/13

Ethnicity

Hispanic/Latino 1/13

Education

High school degree 1/13

College degree 8/13

Post-graduate degree 4/13

Cancer experience

Role

Patient 7/13

Caregiver 4/13

Both patient and caregiver 2/13

Years managed

<1 year 4/13

1–3 years 6/13

�3 years 3/13

Technology experience

Computers

Moderate experience 6/13

Extensive experience 7/13

Online communities

No experience 2/13

Moderate experience 5/13

Extensive experience 6/13

SD, standard deviation.

Table 3: Distribution of Mentor Contact
Ratings

Rating Frequency

1 11

2 6

3 5

4 3

5 7

6 5

7 11

8 8

9 9
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interpersonal relationships, were evident from communication cues
embedded within the text of the mentors’ posts.

Perceived Value of Peer Matching Based on PGHD
When asked about the usefulness of online peer matching, the study
participants noted the advantage of saving valuable time and energy
during the process of finding mentors who had similar circumstances
to their own. For instance, Participant 2 told us that, “You choose your
spouse, it’s this special person and when you lose them and watch
them die it’s really awful. It would be really nice to have somebody
else who’s gone through that say ‘Keep breathing, you’re going to be
ok’.” The participants thought that recommending peer mentors
through profiles “helps me make judgments faster because you spend
a lot of time on those forums” (Participants 1). Overall, the participants
found that the peer-matching system was a valuable tool for helping
them quickly making connections with peer mentors: “I think it’s a
fabulous way of finding support” (Participant 3).

The study participants also noted the potential disadvantages of peer
matching. The cancer experience itself can be emotionally and physi-
cally taxing: “You’re so exhausted and everything is emergent and
you’re trying to have a normal life when nothing is normal” (Participant

2). Peer matching helped participants find mentors who offer both
knowledge and emotional support: “These three [mentors] seem like
people I could talk to either on an intellectual level or on a feelings level”
(Participant 3). Although participants valued a “give and take” relation-
ship between mentor and mentee, some expressed concerns about bal-
ancing the expectations of reciprocity while dealing with cancer: “I
wouldn’t have the energy or the strength to help ‘me’ when I needed to
because I’d be wanting to help him. I didn’t do group therapy for that
reason. It would be too hard. I would want to help other people”
(Participant 2). Thus, forming reciprocal relationships with others
through online communities can feel taxing, due to the perceived social
obligations involved in such relationships: “When you’re diagnosed you
get a lot of Facebook messages and you get a lot of emails and you feel
obligated to answer them . . . it becomes another obligation”
(Participant 1). Privacy concerns also surfaced: “there’s anonymity is-
sues” (Participant 1). Some participants suggested chatting and secure
messaging with mentors as solutions to these concerns.

Generally, the study participants felt that peer matching could add
value to online health communities. Existing online communities can
make searching for key information about peers burdensome. A suc-
cessful peer-matching system can address these barriers with PGHD,
but it must be sensitive to the context of the cancer experience and
prioritize ease of use. The users of online health communities are
likely to be emotionally and physically exhausted. For instance,
Participant 2 told us that, “I don’t want to have to do research to reach
out to this person to find out what they’re talking about.” Thus, to build
relationships with peers online, mentor profiles should leverage PGHD
to provide a succinct snapshot of a mentor that allows mentees to
make judgments about potential mentors without asking them probing
questions or having in-depth interactions that require valuable time
and energy.

DISCUSSION
Our peer-matching system recommended mentors to mentees by pro-
filing individuals using PGHD and matching profiles with shared health
interests, language style, and demographics. The study participants
found that the mentors’ sample posts were the most helpful profile
element when they were choosing mentor, particularly because of
the interpersonal communication cues embedded therein. This finding
is important, because the weakest predictors in our linear regression
– namely, health interests and demographics – are key dimensions
upon which peer mentors are traditionally matched in offline interven-
tions.16–18,24 In our exploratory analysis, these traditional profile ele-
ments were also associated with a lower relative risk for mentees
ruling mentors in or out compared to the sample posts. Because we
lacked demographic data for the potential mentors, however, our sys-
tematic assignment of sex and age to the sample mentor profiles
could have lost important nuances in the ways people speak based on
their age or gender. Our qualitative findings reflected differences
among the study participants in how they judged the importance of
age, gender, and other demographics commonly used in concordance
matching, such as race, culture, or ethnicity. Even though, on average,
the participants rated demographics as the second most helpful ele-
ment of a mentor profile, our small participant sample limited the
power to detect significant predictors. Thus, further investigation is
warranted.

Online settings offer PGHD that points to additional dimensions of
a good mentor-mentee match. In addition to diagnoses and demo-
graphics, interpersonal communication cues about an individual’s
knowledge, sociability, communication skills, and availability provide
invaluable context when judging mentor compatibility. Our findings

Table 4 Regression Analysis (N¼ 60)

Profile
element

Rating Bivariable analyses Multvariable
analysis

Mean (SD) Coefficient (SE),
P-value

Coefficient (SE),
P-value

Health interests 5.7 (2.5) –0.05 (0.23), P¼ .80 –0.09 (0.18), P¼ .62

Language style 4.4 (2.3) 0.18 (0.16), P¼ .24 0.22 (0.16), P¼ .18

Demographics 6.4 (3.2) –0.03 (0.17), P¼ .86 –0.03 (1.76), P¼ .76

Sample posts 7.9 (1.8) 0.09 (0.19), P¼ .61 0.11 (0.17), P¼ 0.50

N, number of profiles rated; SD, standard deviation; SE, standard
error.

Table 5 Exploratory Analysis

Profile element Bivariable analyses Multivariable analysis

RR (95% CI), P-value RR (95% CI), P-value

Low likelihood of mentee contacting mentor (rating 5 1 or 2) (N 5 17)

Health interests 1.02 (0.78-1.34), P¼ .88 1.11 (0.94-1.20), P¼ .63

Language style 0.86 (0.72-1.03), P¼ .09 0.88 (0.71-1.11), P¼ .29

Demographics 1.04 (0.83-1.30), P¼ .74 1.03 (0.88-1.22), P¼ .70

Sample posts 1.11 (0.74-1.65), P¼ .62 2.06 (1.44-2.96), P < .001

High likelihood of mentee contacting mentor (rating 5 8 or 9) (N 5 17)

Health interests 0.93 (0.79-1.11), P¼ .43 0.93 (0.83-1.04), P¼ .22

Language style 0.99 (0.84-1.16), P¼ .87 1.10 (0.98-1.24), P¼ .11

Demographics 0.95 (0.85-1.06), P¼ .35 0.96 (0.87-1.05), P¼ .35

Sample posts 4.02 (1.59-10.2), P 5 .003 4.04 (1.96-8.31), P < .001

CI, confidence interval; N, number of profiles rated; RR, relative risk of
“low” or “high” mentor contact rating. Cells are bolded that show sig-
nificance at 0.05 level or better.
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support prior research on online peer mentoring that has suggested
that interpersonal similarity of goals, attitudes, and beliefs may be as
important as demographic similarity in building effective mentoring re-
lationships.32 This work also contributes a deeper understanding of
the breadth of PGHD that can help establish a good match between
mentees and mentors and also suggests design considerations for
peer-matching systems (Figure 3).

Because we engaged only a small number of cancer patients and
caregivers who were mostly female and white, our findings may have
limited generalizability to other groups or contexts. However, our mixed-
methods approach led to rich qualitative insights into the value of PGHD

for technologies that connect people with shared interests and health
concerns for peer support. Our study participants found value in profiling
peers with a succinct snapshot that enables quick and confident judg-
ments about compatibility. Thus, our future research directions include
extracting and representing a greater breadth of profile characteristics
from PHGD and exploring additional matching strategies with a larger
number of individuals from diverse backgrounds. Whereas some profile
characteristics can be manually entered, other characteristics can be ex-
tracted automatically by processing PGHD. Future research that exam-
ines communication cues in text structure (eg, emoticons, text typed in
all capital letters)73,74 and language style,69 such as sentiment,75–77

Box 2: Qualitative Comments About Choosing Mentors

Health interests “Health interests were probably the most helpful, because there were a lot of very specific things in there.” (Participant 9, patient)

“[It was] hard to get a good read on what is his cancer, but then I looked for the health interests and saw prostate cancer.”
(Participant 4, caregiver)

“Because I have such a rare cancer, I go for the people that have my specific type of cancer . . . naturally I would gravitate towards
someone who has survived for 7 years with stage 4, because it gives me hope.” (Participant 5, patient)

“I’m looking for someone who has gone through the treatments [that I have] or I know I could be in the future, and he has less talk
about the treatments than [other mentors].” (Participant 4, caregiver)

“There’s tons of people that have breast cancer . . . but at the same time, we don’t exchange a whole lot of information with each
other because the treatment is so different.” (Participant 5, patient)

Language style “There’s almost a little bit more of an outside life kind of bit . . . where he talks about books and he talks about work and he talks
about songs and all these other things besides his cancer.” (Participant 4, caregiver)

“I probably can relate to the cognitive processes, the uncertainty.” (Participant 2, caregiver)

“Religion stands out to me . . . money is [also] a big issue because it’s so expensive.” (Participant 12, patient)

“I’d like to scan over some stuff . . . it’s just a lot to read . . . how often did they say this . . . I don’t really care!” (Participant 2,
caregiver)

Demographics “Extremely helpful, 9, based on demographics. Female, age . . . first thing I looked at.” (Participant 2, caregiver)

“I would want a female mentor because I like mentors that have gone through the same thing as me. Anything that would be more
similar to me.” (Participant 6, patient)

“Since I have prostate cancer, I probably would like to talk to a man. You know, because that’s specific to men. But I would also
like to [talk with a woman], as I have learned, there is a very powerful relationship between the characteristics and treatments of
breast cancer and prostate cancer.” (Participant 11, patient and caregiver)

“When I look at this person with similar things, demographics and symptoms, it encourages me to want to reach out even though it
might not be my same cancer.” (Participant 5, patient)

“I was more interested in what they had to say, and less interested in their gender or age.” (Participant 4, caregiver)

Sample posts “[The post] tells a lot about the mentor, what you can expect if you start a discussion.” (Participant 13, caregiver)

“I feel like I can get a better view of how they communicate, if they are easy to follow or not . . . She was very thorough, she writes
a lot. She’s very specific.” (Participant 4, caregiver)

“Personal style became less important as I read the posts . . . it’s something about the tone of the posts – straightforward and not
judgmental . . . I’m very familiar with the rah-rah type. Even though it’s the same diagnosis, it’s a different mentality.” (Participant
9, patient)

“Those [posts] are really helpful because, again, I get sort of an idea of how empathetic he is, how he uses sort of down to earth
language.” (Participant 1, patient)

“The person seems to be very authentic . . . with the description and his vulnerability and openness about the treatment.”
(Participant 5, patient)

“I like how this person reaches out to this other person and says ‘if you need a friend or whatever else I can help you with.’”
(Participant 10, patient)

“I just don’t like the capital letters. I feel like he’s yelling at someone. Too opinionated or something.” (Participant 8, patient and
caregiver)
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affect,78 or personality,68,79,80 could show promise for peer-matching
systems. Although homophily engenders attraction (ie, “birds of a
feather flock together”),43 there is merit in exploring alternative mentor-
matching strategies, such as “difference matching” (eg, “opposites at-
tract”), “optimal matching” based on support needs,44,45 or “reciprocal
matching” that considers the preferences of both the mentor and the
mentee.81 Extensions of our work could investigate the design and im-
plementation of peer-matching systems in settings other than online
cancer communities.

Profiling users based on PGHD extracted from online community
posts also presents challenges, requiring advances in natural language
processing.82 Just because a mentor’s profile lacks a term like “chemo-
therapy” does not necessarily mean that that individual lacks experience
with chemotherapy, and vice versa. Advances in machine learning, un-
structured information management architectures, and other natural
language processing techniques3,76,83 can reveal “digital phenotypes”
from symptoms, diagnoses, treatments, and other features extracted
from PGHD.84 Because online health communities have unique nomen-
clatures and language structures,85,86 more research is required to fully
leverage available PGHD from these communities.

Our study participants valued peer matching because it could save
them time and energy when seeking support from others in online com-
munities. With improvements to the design and content of mentor pro-
files, the study participants agreed that peer matching could help them
efficiently forge connections with others in online health communities. A
key design recommendation includes a layered approach to overview a
mentor’s distinguishing characteristics, paired with links to deeper de-
tails.87,88 Flexibility also appears to be important for design. Different
participants valued different matching characteristics, rendering a one-
size-fits-all solution disadvantageous. Instead, peer-matching systems
should provide multiple individualized matches based on those charac-
teristics that a given user values most. Although most participants
viewed the resulting mentor match as a give-and-take relationship with

demonstrated reciprocal benefits,18 future research is needed to reduce
burden and promote supportive mentoring dynamics.15 For example,
patients and caregivers could have different needs and preferences for
mentors. With a larger sample of participants, we could stratify our re-
sults to compare preferences among the subgroups to inform the design
of tailored approaches for different mentoring dynamics.

Finally, privacy was found to be an important consideration for
peer-matching systems, one which extends to digital health innova-
tions in the era of precision medicine.89,90 Many people take care in
disclosing and selectively sharing personal information in online health
communities.91 The study participants suggested that private messag-
ing and chatting features in peer-matching systems would be valu-
able. We should explore other solutions that guard users’ anonymity91

and facilitate user agency in the age of Big Data,92 such as granular
sharing controls93 and user ability to opt in and edit their profiles.
Likewise, we, as researchers, designers, and other stakeholder
groups, must take care to ground the extraction and use of sensitive
PGHD in ethical principles.91,94,95

CONCLUSION
Looking for a compatible peer mentor among the growing diversity of
candidates in online health communities is a major challenge. Peer-
matching systems address this problem by leveraging PGHD to convey
the interests, health concerns, and communication cues of available
peer mentors to mentees. Our findings suggest that there is more to a
good match than a shared diagnosis and demographics. Sample posts
on user profiles, which often embed communication cues to judge
interpersonal similarity, help establish a good mentor-mentee match
in online peer mentoring. Leveraging various types of PGHD may prove
critical for facilitating mentoring relationships among the growing
membership of online health communities.

Figure 3: Design considerations for peer-matching systems.
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