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ABSTRACT
Extensive research has been published on the conversational fac-
tors of effective volunteer peer counseling on online mental health
platforms (OMHPs). However, studies differ in how they define and
measure success outcomes, with most prior work examining only
a single success metric. In this work, we model the relationship
between previously reported linguistic predictors of effective coun-
seling with four outcomes following a peer-to-peer session on a
single OMHP: retention in the community, following up on a previ-
ous session with a counselor, users’ evaluation of a counselor, and
changes in users’ mood. Results show that predictors correlate nega-
tively with community retention but positively with users following
up with and giving higher evaluations to individual counselors. We
suggest actionable insights for therapy platform design and out-
come measurement based on findings that the relationship between
predictors and outcomes of successful conversations depends on
differences in measurement construct and operationalization.

CCS CONCEPTS
• Human-centered computing → Empirical studies in collabora-
tive and social computing.
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1 INTRODUCTION
People in need of mental health support have reported benefits
from interacting with peers through online mental health platforms
(OMHPs) [49]. These platforms have been growing in popularity
[68], are accessible and cost-effective [56], reduce stigma about
mental health by building anonymous connections among individ-
uals [10, 51], empower the sharing of individual journeys [45, 78],
and enable individuals in times of need to find advice and support
for their problems [64, 73, 79]. Prior research has provided valuable
insights on effective support strategies for those in need by study-
ing a variety of success metrics such as satisfaction with support
[3, 70], mental health status [20], community participation [73, 74],
and linguistic behavior such as amount of self-disclosure [72, 78].
The use of diverse metrics offers online platforms the ability to
track the impact of peer counseling holistically.

Despite the multiplicity of perspectives in the study of OMHPs,
prior research has tended to use singular outcomes without exami-
nation of a larger body of potentially meaningful metrics. Examin-
ing a single outcome may lead to non-robust and non-generalizable
findings, and peer counseling strategies could correlate with dif-
ferent success outcomes in inconsistent or conflicting patterns,
limiting potential applications in the design of OMHPs. In the re-
lated area of computational psychology, interest in measurement
validity has led to calls for metrics triangulation. Chancellor and De
Choudhury [18] noted that lack of transparency in the operational-
ization of predictor variables raises concerns regarding validity,
algorithm choice, and replicability of research that aims to predict
mental health status using social data. Ernala et al. [27] suggested
triangulation of diagnostic signals for predictive models to remedy
issues in the validity and contextualization of predictor variables.

Outcome triangulation can be used to study conversation suc-
cess for OMHPs, which are simultaneously community platforms,
on-demand counseling services, and clinical interventions. Some
previous studies have researched how a user’s continued engage-
ment with an OMHP constitutes a successful outcome in terms of a
community’s ability to support those seeking help [73, 78]. Others
have found that online mental health support is sought out during
major life transitions, arguing that a user may leave a community
based on many factors including when a user has received sufficient
support [47, 80]. This raises an important question for healthcare
technology design: How do we balance the notion that peer support
increases user engagement with a community yet decreases the
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probability of users staying on a platform? Triangulation can begin
addressing this question by allowing us to compare the social and
clinical outcomes of OMHP design.

To the best of our knowledge, no studies have paid attention
to systematically triangulating outcomes for peer counseling on
OMHPs. We expect that using multiple metrics will reveal tensions
among outcomes and predictors of successful peer counseling. To
examine this expectation, we propose two research questions (RQs):

• RQ1: Does triangulating across multiple outcomes provide
novel insights for finding indicators of counseling success?

• RQ2: Do widely used predictors of counseling success have
consistent relationships with separate outcome metrics?

We first review prior research and note inconsistencies and am-
biguities in the way that different authors define and operationalize
OMHP outcomes. Next, we document our process for identifying
four measures of peer counseling success for therapy-focused plat-
forms: retention in the community, following up on a previous
session with a counselor, users’ evaluation of a counselor, and
changes in users’ mood. Then, using statistical analysis of a large
dataset of one-to-one chats between support seekers and support
providers, we compare the relationships of several widely used
predictor variables with these four measures. Results show that
predictors of successful conversations correlate negatively with
community retention and correlate positively with the likelihood
of users following up and giving higher counselor evaluations.

Contribution. In this paper, we make an original contribution
toward unifying diverse approaches to online peer counseling re-
search by triangulating different success outcomes and studying
how they correlate with widely used predictors for peer counseling.
Concretely, we leverage a dataset of 1.7M chat sessions between
support seekers and support providers to conduct a large-scale
regression analysis of peer counseling on 7 Cups of Tea, an on-
line therapy-focused platform. By investigating the relationship
between widely-used linguistic predictors of effective counseling
and multiple outcome metrics, we validate different prior reported
outcomes using large-scale data from a popular OMHP. We dis-
cuss the implications of our results and provide novel insights for
therapy platform design with peers.

2 RELATED WORK
We review prior literature to support our modeling process by
identifying work on measuring peer counseling success, quantify-
ing peer counseling strategies, and triangulation methodology for
interpreting multiple metrics.

2.1 Measuring Peer Counseling Success
A variety of social and clinical outcomes with different constructs
and operationalization methods have been reported in OMHP re-
search. Social outcomes examine factors that influence seeker be-
havior towards the group after receiving support, reflecting theories
of participation in groups to make sense of illness [43, 47]. For ex-
ample, engagement has been defined as posting within the same
conversation thread [63] or posting in any thread across an entire
platform [73] after an initial post to an online forum. Engagement
may also be broken down into its own factors, such as engagement

with specific types or groups in a community and how diverse that
engagement is across multiple topics [61]. Other studies have used
attitudinal measures to capture seeker attitudes toward individuals
or the broader community [39, 70, 78].

Clinical approaches emphasize the potential of online platforms
as interventions, focusing on individual changes to mental health
status using a diverse range of psychological and linguistic out-
comes. Ideally, status may be measured directly through the use
of validated clinical questionnaires [20]. However, challenges in
sampling and demographic differences among various platforms in-
hibit the use of lengthier clinical instruments that cause drop off in
responses. Mood has been used as an alternative construct in some
prior studies, either as a single question metric [3] or as a behavioral
pattern based on the types of topics or conversations users have
[41]. Other constructs include cognitive-behavioral changes such
as moments of cognitive change, a measure of whether a seeker
learns to reframe a problem as a result of receiving support [57].

The same construct may be operationalized differently, posing a
challenge in examining the validity of previously reported outcomes.
For example, depression can be measured from seekers’ self-reports
using a PHQ-9 clinical questionnaire [20] or behaviorally using
word choice and writing style [61]. The operationalization method
is critical to OMHP research as biases can be introduced during
data collection and feature engineering. [27] found that predictive
models of mental health status using social media data had strong
internal validity during model building, but showed weak exter-
nal validity when used for clinical diagnosis due to sampling bias
and unclear construct validity. If outcomes for peer counseling
are meant to capture the effectiveness of therapeutic techniques,
then a gap exists in understanding when, where, and how to select
outcomes to evaluate platform-wide counseling success.

2.2 Quantifying Peer Counseling Strategies
In order to study factors that lead to successful counseling online,
recent work has also begun quantifying effective counseling strate-
gies. Supporters on therapy platforms such as 7 Cups of Tea1 and
TalkLife2 receive little to no counseling training [81] in contrast
to professional therapists who are trained using multiple feedback
channels [13, 15, 75] and volunteer crisis counselors who undergo
dozens of hours of practice and receive feedback from supervi-
sors [30, 53]. Motivated by the fact that peer counselors often do
not have the same feedback mechanisms or training as traditional
therapists, automatic methods have been leveraged for capturing
counseling expertise on a variety of platforms such as crisis hotlines
[3, 83], counseling platforms [62, 63], and social media [61, 64].

Effective counseling depends on therapist behaviors, the ways
in which a conversation is carried out by a therapist, and therapist
processes, the strategies a therapist chooses to work on with a client
[21]. For crisis hotlines, where one-on-one conversations are the pri-
mary method of seeker-provider interaction, successful volunteer
counselors have been found to be less rigid and more adaptable in
their control of the flow of conversation. This is achieved by using
more diverse language, writing more in response to ambiguous mes-
sages, and changing the topic of conversation more deftly to deal

1www.7cups.com
2www.talklife.com
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with diversity in support seeker needs [3, 83]. The study of linguis-
tic and social norms on OMHPs with public forums has examined
factors such as the amount of informational support and emotional
support [41, 64, 70, 73] and self-disclosure [78] in conversations.
Other research has used word distributions to study the amount
of affect used in communication [41, 57, 61], topical distributions
[19], or writing behaviors such as linguistic style [61, 64].

2.3 Triangulation Methodology
Triangulation allows researchers to better ensure the validity of
their findings [22, 38] and has a rich history in both HCI [46, 55, 69]
and healthcare research [5, 11, 23, 52]. A range of methodological
triangulation approaches have been used for studying the social
and clinical outcomes of online health communities that involve
peer support. Yao et al. [80] cross-examined interviews, surveys,
and behavioral logs to develop a holistic view of journeys on the
Cancer Survivors Network (CSN), a forum for discussion of cancer-
related topics. Ma et al. [45] used classificationmethods and survival
analysis to examine the role of expressive journal writing in user
engagement and associated survival rates on CaringBridge, a blog-
ging platform. Zhang et al. [84] used behavioral logs and clinical
questionnaires to capture the correlation between mental health
app usage habits and better clinical outcomes to define clinically
meaningful use of technology. In these studies, triangulation occurs
using multiple methodologies to generate novel insights.

While such studies highlight the added interpretability of meth-
ods triangulation, outcome triangulation is also valuable in sys-
tems and platform research because multiple outcomes provide a
comprehensive overview of user engagement [54] and empower
design for large numbers of users [31] as a form of data analytics.
Rodden et al. [60] proposed happiness, engagement, adoption, re-
tention, and task success as complementary metrics for tracking
user experience (UX) in large-scale products, each of which may be
operationalized and prioritized differently depending on goals for
design, development, and research. Healthcare analytics leverages
multiple types of data and insights to support better decisions for
healthcare providers [58]. Analytics have also been used to exam-
ine challenges to designing effective online mental health support
systems [66, 82]. Inspired by this line of work, we focus on the
triangulation of multiple outcome measures and their associations
with different linguistic predictors of conversation success.

3 TRIANGULATING OUTCOME MEASURES
Our aim is to empower designers and researchers of OMHPs by
unifying social and clinical perspectives in the literature and to
develop a proposal for platform-level decision-making with regard
to identifying success outcomes. In this section, we first conduct a
review of outcome measures and organize them by the construct
they measure. Next, we outline multiple metrics available on the 7
Cups of Tea platform and discuss our choice of outcome metrics.

3.1 Literature Review
Since our approach blends both social and clinical perspectives, we
conduct a review of outcome measures for peer counseling using a
keyword search of papers [44] defining outcomes for participation
in platforms or communities for online peer counseling, mental

health support, and therapy. Studies in which peer support was part
of a larger body of mental health-related features were excluded.
Qualitative analysis of outcomes was excluded to focus on met-
rics for platform analytics. Identified outcomes were grouped by
community, conversational, and individual levels based on social
computing, psychotherapy, and clinical perspectives respectively.
We also noticed differences in method of measure that lead to mul-
tiple operationalization of the same constructs in the literature.
Lastly, we identify prior work that has used multiple outcomes and
note differences in their approaches to ours.

3.1.1 Community. Community-level constructs track behaviors
or attitudes spanning interactions with a broader group of many
users. Examples include continued seeker engagement across mul-
tiple conversations [45, 73, 74], commitment [77], support seeking
behavior [78, 80], support provision behavior [14, 80], or general at-
titudes toward the community such as the desire for support [39, 80].
Community metrics may also track broader perceptions about the
platform on which the community is built, reflecting the UX nature
of measuring attitudes [42]. For example, Alvarez-Jimenez et al.
[4] evaluated an online social therapy platform for first-episode
psychosis recovery using attitudinal measures of perceived degree
of social interaction and platform usability.

3.1.2 Conversation. Conversation-level constructs track outcomes
of support provided by specific individuals, capturing the impact
of dyadic relationships within public forums or private chats. Prior
work in this space has leveraged both attitudinal and behavioral
measures. Attitudinal measures such as the Session Rating System
[10], counselor helpfulness [83], and counselor rating [62] align
with psychotherapy research aimed at evaluating client-therapist
alliance [12, 35]. Some papers have examined behavioral outcomes
such as amount of self-disclosure in response to what others have
said [7, 8, 72, 78], linguistic alignment [71], and amount of sup-
port provision [64, 71, 79, 80]. Vlahovic et al. [70] evaluated seeker
satisfaction with support using third-party annotation methods.

3.1.3 Individual. Individual-level outcomes capture the impact of
receiving support on a single user’s cognitive state. Outcomes in-
clude moments of cognitive change in how an individual thinks
about a problem [57, 61], clinical questionnaires of mental health
symptoms [4, 20, 41, 84], mood [3, 41], and various proxies of mental
health status such as affective language use and linguistic measures
of cognitive behavior [61].

3.1.4 Method of Measure. Several outcomes not only spanned mul-
tiple construct levels but also had differences in how they were
measured. For example, support provision was operationalized as
both an annotated, community-level outcome and a behavioral,
conversation-level one. The former occurred in the analysis of so-
cial roles that an individual adopts (e.g., old-timers who contribute
significantly to their communities) among the larger community
[14, 80]. The latter was measured within a conversation in which a
member of an online community provided informational or emo-
tional support to a seeker [79]. Satisfaction was tracked as an atti-
tudinal metric at the community level with regard to general peer
counseling experience on a platform [82], as an attitudinal metric
at the conversation level in response to experience with a specific
counselor [10], and as an annotated metric at the conversation level
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based on seeker responses to receiving support [70]. To accom-
modate a range of outcomes, we note a second dimension for the
method of measure in our literature review to account for overlaps
in measured construct but differences in data collection methods.

3.1.5 Multiple Outcomes. Some studies leveraged more than one
outcome to measure multiple hypotheses of peer counseling impact
[4, 41, 78, 80]. Others report hybrid constructs that span multiple
construct levels or methods of measure depending on platform or
experiment design. For example, threaded conversations may be
conversations when there is only a single user responding to a
top-level post but can generalize to include multiple discussions
using a nested structure. This has led to engagement outcomes that
measure both community and conversational results depending on
the number of providers within a thread [73, 74]. We found one
example of a composite outcome that usedmultiple outcomes across
individual and community levels to create an overall proxy score
for mental health [61]. In general, outcomes were chosen or created
based on the theories being tested, which may lead to challenges in
measurement validity [9, 18]. This finding supported our hypothesis
that systematic outcome triangulation is an opportunity to discover
new insights about outcome selection in OMHP research.

3.2 Selecting Outcome Variables for
Triangulation on 7 Cups of Tea

We contribute to research on effective peer counseling by studying
conversations and multiple outcomes on 7 Cups of Tea (7 Cups), a
coping and therapy platform where users can discuss a variety of
issues with peer volunteers who are ready to listen. The platform
allows support seekers to register asmembers and support providers
to register as listeners. A user can also register as both roles. 7 Cups
requires all listeners to complete a 30-60 minute long initial training
that teaches various talk therapy techniques such as active listening,
showing empathy, summarizing and reflecting back to members
their concerns, and asking guiding questions. Chats on 7 Cups start
with a member requesting support. Available listeners then choose
to chat with members based on incoming requests, a process that
allows listeners to match themselves with requests related to topics
they specialize in or have personal experience with.

7 Cups was chosen as a research site for validating prior work on
peer counseling because the majority of interactions on 7 Cups are
through private, one-to-one conversations where member-listener
pairs converse anonymously. Private messages comprise roughly
90% of over 400 million messages sent between users of the platform
from January 2020 to August 2022. Other mental health apps for
therapy such as BetterHelp and TalkSpace focus on professional
therapist services while online communities with public spaces such
as Reddit, CSN, or TalkLife center around many-to-many interac-
tions. Although 7 Cups offers these features as well, the emphasis on
connecting seekers to providers in chats offers a close environment
for replicating prior work on peer counseling strategies conducted
on one-to-one channels such as crisis hotlines.

Next, we describe available member outcomes for 7 Cups and
our rationale for selecting specific ones for triangulation.

3.2.1 Community. One challenge with platform metrics is iden-
tifying meaningful measures of community outcomes as 7 Cups

offers a number of individual and social features. Although 7 Cups
administers several attitudinal measures such as a product market
fit survey [25] and the net promoter score [59], these metrics may
not capture community outcomes since several platform features on
do not support peer-to-peer interaction. Similarly, product reviews
may contain insights about user experience, but they are likely to
reflect high-level perceptions of 7 Cups such as interface usability
or app design [2]. As a result, we considered possible behavioral
outcomes at the community level based on user logs data. We define
community-level outcomes as variables representing a member’s
relationship with more than one listener.

• Engagement is the presence or absence of a member’s
continued participation in spaces with other 7 Cups users
[41, 61, 63, 73, 74].

• Frequency of participation is a behavioral metric quan-
tifying the amount by which something occurs such as the
number of posts or responses over a member’s lifetime on
the platform [61, 64, 77, 80].

Retention was chosen as a community-level outcome and opera-
tionalized from engagement as whether or not a member chatted
with other listeners after a conversation on 7 Cups. This parallels
definitions of community engagement as posting or commenting in
multiple threads in online health communities research. We select
this measure to represent the significant body of prior work on con-
tinued participation as a meaningful outcome of receiving support
in communities. Frequency of participation, operationalized as the
number of past conversations a member had prior to conversing
with a listener, was used as a control variable (Section 4.6).

3.2.2 Conversation. Conversation level outcomes represent mem-
ber outcomes for a single conversation involving a member and
listener. In addition to user logs, other metrics were available based
on instruments currently deployed on 7 Cups.

• Engagement is the presence or absence of a member’s con-
tinued participation in conversation [73, 74].

• Rating is a single-question attitudinal measure of a mem-
ber’s perception towards a listener [62].

• Hearts are a feature where members and listeners can react
with a heart for any message, similar to emoji functionality
for SMS-based text chats and the like button on social media.
Hearts are a novel measure that we speculate to represent
shallow engagement based on social media research [54].

We found no prior work exploring the use of a similar metric to
hearts in peer counseling for OMHPs, although turn or message-
level metrics exist in other domains [6, 50]. With our focus on
examining previously reported outcomes, we did not pursue adding
hearts as a novel outcome due to a lack of interpretability. How-
ever, to account for the possibility that usage of hearts may impact
conversation outcomes, we use the historical usage of hearts as a
control variable (Section 4.6).

Two conversational outcomes, follow-up and rating, were chosen
to address our primary interest in peer counseling. Follow-up was
operationalized from engagement because we hypothesized that
support provision should lead to a higher desire to continue a
conversation [61, 63, 73, 74, 79]. Rating data was chosen as a metric
for tracking satisfaction towards support provision [10, 70, 83].



Triangulating Outcomes for Online Peer Counseling CHI ’23, April 23–28, 2023, Hamburg, Germany

Construct Level
Individual Conversation Community

Attitudinal

BAI [4]
BPRS [4]
CDSS [4]
GAD-7 [20]
PHQ-9 [20, 41]
Mood [3, 10, 41]

Rating [62, 83]
Satisfaction [10]
Session rating scale (SRS) [10]
Support provision [80]

Attachment [77]
Ease of use [4]
Helpfulness [4]
Information utility [39]
Participation [39]
Perceived support [39]
Patient empowerment [39]
Satisfaction [82]
Social interaction [4]

Method
of

Measure

Behavioral

Affective word use [61]
Complexity or repeatibility [61]
Psycholinguistic keywords [61]
Readibility [61]
Readibility [61]
Symptomatic word use [61]

Conversation length [7, 8]
Engagement [63, 73]
Frequency [8]
Support provision [79]

Engagement [45, 63, 73, 74, 82]
Length of participation [77]
Number of posts [61]
Number of topics [61]
Number of responses [61, 77]
Support seeking [78]

Annotation Moment of change [41, 57]
Satisfaction [70]
Self-disclosure [7, 8, 78, 79]
Support provision [64]

Support provision [14, 80]

Table 1: Outcome measures employed in this study (purple) with referent work organized by construct level and method of
measurement, contextualized using reported outcomes in peer support or therapy literature.We operationalize using behavioral
measures retention and follow-up from community and conversation engagement respectively.

3.2.3 Individual. Individual outcomes reflect measures of the mem-
ber’s mental state. 7 Cups administers multiple self-report measures
at different frequencies. In addition, user logs were also available for
creating psycholinguistic proxy variables of mental health status.

• General mood is a single-question instrument asking a
member how they feel at that moment [3] that occurs at
most once every hour.

• PHQ-9 is a nine-item battery of questions for depressed
mood [20] administered at most once every two weeks.

• GAD-7 is a seven-item battery of questions for anxiety [20]
administered at most once every two weeks.

• Psycholinguistic proxies of mental health status could
be used to measure a member’s cognition based on language
use found in user logs [61].

Mood was chosen over clinical questionnaires to replicate stud-
ies by Althoff et al. [3] and Kushner and Sharma [41], both of which
used mood as a proxy for mental health status. While clinical ques-
tionnaires are the gold standard in clinical research, the two-week
delay in the administration of 7 Cups led to doubts about sensitiv-
ity to peer counseling effects. We did not pursue the replication
of a psycholinguistic outcome following Saha and Sharma [61],
as they conducted a group-level aggregate analysis by counselors
with this metric. It was unclear if their method generalized to our
session-based analysis while all other outcomes in our study had
been applied in similar contexts examining individual counseling

sessions. Furthermore, the moment of cognitive change was ex-
cluded from modeling as it may be confounded with our goal of
identifying successful peer counseling sessions: a high rating or
lack of follow-upmay be the result of a moment of cognitive change,
which may appear before a session is concluded.

3.3 Situating Outcomes in Literature
The review of literature and available measures on 7 Cups illus-
trated a need to differentiate between construct levels and methods
of measure as part of outcome variable operationalization. As the
method of measure can have an impact on validity of outcomes, we
add a dimension capturing attitudinal, behavioral, and annotation
methods of measure. Attitudinal measures offer a more direct con-
nection to a user’s perceptions but suffer from issues with response
rate or human bias [42]. Behavioral measures such as engagement
benefit from being observed [60], avoiding pitfalls with issues in
drop-off or bias in reporting at the cost of being more difficult to
interpret. More recently, human annotation using experts or crowd
workers has been used as a method of labeling behavioral outcomes
for machine learning models [18].

Table 1 situates our four outcome measures among literature
reviewed in Section 3.1 organized by construct level and method of
measure. In total, we use four metrics across three different con-
struct levels and two methods of measurement. We position our
work as a form of external validation, leveraging regression models
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to ascribe relative merits to existing constructs and operationaliza-
tion methods [9, 42]. Considering that human annotation is also a
form of external validation and the private nature of 7 Cups chats,
we choose not to pursue a secondary validation method through
annotation for this particular study and instead focus on investigat-
ing attitudinal and behavioral outcomes. An attitudinal community
outcome and behavioral individual outcome were not included for
triangulation following the selection process in Section 3.2.

4 METHOD
4.1 Ethical Considerations
This research study has been approved by the Institutional Review
Board (IRB) at the researchers’ institution. Data was provided in
collaboration with 7 Cups and the data collection process follows
HIPAA and confidentially agreements. Given the private nature
of the conversations, the authors adopt additional steps to protect
the participants’ privacy throughout the research process such as
anonymizing data to prevent association with any particular user.
All researchers associated with this work have completed Collabo-
rative Institutional Training Initiative (CITI Program) certifications.

4.2 Dataset Creation
We received access to all conversations between March 1st, 2020,
andMarch 7th, 2022 via a data use agreement with 7 Cups of Tea. To
study the effectiveness of counseling sessions on 7 Cups, we follow
Kushner and Sharma’s approach to studying bursts of activity inside
conversations [41]. A conversation is split into multiple sessions if
two bursts of messages between seekers and support providers are
separated by five days or more. The five-day interval represents
three standard deviations of time between consecutive messages in
the dataset. This resulted in over 7 million sessions. Since a seeker-
supporter pair could have multiple sessions, we only analyze the
first to ensure that outcome measures are not influenced by the
contents of prior sessions. This reduced the dataset to over 4 million
sessions. Lastly, we analyzed sessions only up until March 1st, 2022
but tracked both retention and follow-up for one week after this
date, following the average of five days for session intervals. We
acknowledge this as a limitation in dataset creation.

Next, we examined the length of sessions to focus on modeling
conversational factors. The median number of messages per session
was 47 (mean 79.8) and 50% of the dataset had 3 or fewer messages.
Manual examination of conversations with less than 10 messages
revealed a significant portion of discontinued conversations; e,g.,
Listener: "Hi, welcome to 7 Cups!", Member: "Hey.", Listener: "Is
there anything on your mind today?" before the member stops
responding. Because we were not interested in factors that could
lead conversations to stop prematurely, we removed short sessions
from the dataset with less than 20 messages, which is less than half
of the median number. This threshold resulted in a final dataset of
1,739,398 sessions containing 583,842members and 118,701 listeners.
Even after filtering sessions with fewer than 20 messages in length,
the final dataset had over 1,000,000 sessions were between 20 to 50
messages in length as shown in Figure 1.

4.3 Outcome Variables
Next, we describe concrete operationalizations for outcome vari-
ables chosen in Section 3.

4.3.1 Retention. Retention is a community-level behavioral mea-
sure that describes whether a member returns to 7 Cups to start
a conversation with a different listener after the member’s first
session in our dataset. We give a binary label of 1 if the member re-
turns for another conversation and 0 otherwise. A higher likelihood
of retention is considered a positive outcome of seekers receiving
support in an online community [73, 78].

4.3.2 Follow-up. Follow-up is a conversation-level behavioral mea-
sure that describes whether a member returns to the platform to
continue their conversation with the same listener after their first
session together in our dataset. We treat this as a binary label of 1 if
the member returns to continue a conversation and 0 otherwise. A
higher likelihood of follow-up is considered a positive outcome of
seekers participating in conversations within a community [73, 78].

4.3.3 Rating. Rating is a conversation-level attitudinal measure
that a member can leave for listeners at any point during or after
a conversation. Ratings vary from 1 (worst) to 5 (excellent) and
can be given anonymously. We ensure that a rating describes the
current session by accepting reports during the session or within
the five-day window separating sessions.

4.3.4 General Mood. Mood is an individual-level attitudinal mea-
sure asking "How are you feeling right now?" with responses vary-
ing from 1 (Awful), 2 (Bad), 3 (Okay), 4 (Good), to 5 (Great). It is
administered to members independently of conversations with lis-
teners, appearing on the 7 Cups home interface. We capture the
post-session mood as an outcome measure and use the pre-session
mood as a control. We ensure that mood scores before and after a
session are within a 24-hour window, following sampling practice
recommended in other clinical evaluations of mood [1, 48]. If a
member has multiple mood self-reports within 24 hours before or
after a session, we take the score(s) closest to the start and end
of the session. High mood scores are a positive outcome from the
perspective of OMHPs as clinical interventions [3, 20].

4.3.5 Outcome Distributions. The distribution of each outcome
is shown in Figure 2. 1,569,185 (90.2%) sessions result in member
retention on the platform and 139,769 (8%) of members followed up
with the same listener after the initial session, reinforcing Baumel’s
[10] findings that members on 7 Cups "shop around" to find a
listener they would like to hold a long conversation with. 261,940
(13.09%) of sessions have a rating in which a member evaluates a
listener. Ratings follow a J-shaped pattern seen in prior research
on product and service reviews [36].

While a total of 14,434 (1.5%) of sessions had post-session mood
score reported within 24 hours, only 4,839 (0.8%) of sessions have
both pre- and post-session mood reports within 24 hours. The low
percentage of reported mood data relative to the amount of sessions
may be due to a combination of factors. The mood question is the
most frequent measure employed on 7 Cups, which may lead to
members selectively responding depending on their mental health
status due to its availability. Furthermore, administration is trig-
gered by platform usage rather than conversations, so members are
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out sessions less than 20 messages in length. Over 1,000,000 sessions had less than 50 messages (left). Over 100,000 sessions had
over 250 messages long and remained a small portion of the dataset (right).
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Figure 2: Distribution of outcome variables.

not encouraged to report mood immediately before and after a chat.
Lastly, platform design elements such as usability or discoverability
may also impact response rates.

4.4 Model Choice
Table 2 summarizes our model choices. Behavioral outcomes, reten-
tion and follow-up, are binary variables without missing data, so
we use logistic regression for modeling. Attitudinal data is difficult
to triangulate with other metrics due to selection bias in reporting.
In prior work, eighty percent of conversations in [3] and two-thirds

of the samples in [20] are discarded because users did not provide
any feedback. For ratings, we employ the Heckman selection model
[33] to estimate a Gaussian distribution based on observed data
(stage 1) that is used for linear regression predicting on rating (stage
2). We did not use the Heckman model for mood as the low number
of samples can lead to significant bias in estimating the distribution
of missing data [40]. Instead, we conduct ordinal regression on
post-session mood score using pre-session mood score as a control
variable. We acknowledge that the mood model uses a much smaller
dataset than other models, which may introduce selection bias due
to a non-random dropping of data.
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Outcome Model Description Samples
Retention Logistic Predict likelihood member stays on the platform 1,739,398
Follow-up Logistic Predict likelihood member follows-up with the same listener 1,739,398

Rating Heckman
(Stage 1) Estimate latent variable for censoring based on observed data (Observed) 261,940
(Stage 2) Predict rating with Gaussian approximation of latent variable (Total) 1,739,398

Mood Ordinal Predict post-session mood score 4,839
Table 2: Descriptions of each model and the amount of data used. Due to the small number of observed data for mood, we do
not use a Heckman selection model to estimate mood across the entire dataset.

4.5 Explanatory Variables
Explanatory variables are based on prior work quantifying effective
peer counseling strategies. All explanatory variables are mean stan-
dardized. Those with long-tailed distributions were log-transformed
prior to standardization. As we did not seek to develop new vari-
ables for this work, we note explicitly prior work from which these
variables are operationalized.

4.5.1 Total Words. This metric describes the quantity of content
exchanged between member and listener in a particular session.
A greater number of total words exchanged between users repre-
sents conversation progress and is associated with desirable mental
health outcomes [3, 20, 72–74].

4.5.2 Member Words Ratio. We capture the proportion of words
sent by the seeker relative to the total number of words as a measure
of interaction between seekers and supporters [57]. Since 7 Cups
trains listeners to listen, the ratio of member words suggests how
much a member is willing to engage in conversation and how much
a listener is dominating the conversation.

4.5.3 Member & Listener Self-disclosure. This construct describes
how much information about oneself is given in a conversation
[7, 8]. Previous research [73, 78] suggests that more personal self-
disclosure could lead to more continual participation in a thread or
on a platform. Following [72], we utilize pre-existing dictionaries
from the Linguistic Inquiry and Word Count (LIWC) to capture
counts of words that represent a discussion of personal details.
Manual additions weremade to this corpus for positive and negative
affective words from LIWC, positive and negative emoticons seen
in 7 Cups chat logs, pronouns that describe how much the user is
talking about themselves or loved ones from the "I", "We", "Family",
"Friends", "She/He", and "They" categories in LIWC, and common
nicknames which users may use when talking about their loved
ones such as ’hubby’ or ’darling’.

4.5.4 Listener Median Response Time. This variable represents how
quickly the listener responds. [63] investigate the effect of a similar
measure and show that faster response time leads to favorable
retention outcomes on TalkLife posts. We include this measure
based on our inspection of shorter messages that were removed
from the dataset in which members become disengaged, leave the
platform, or leave negative ratings when a listener takes too long
to respond or when a listener responds too quickly.

4.5.5 Linguistic Style Matching. We describe coordination between
member and listener based on linguistic function words such as

prepositions, conjunctions, articles, quantifiers, personal pronouns,
and negation. Higher coordination suggests mutual attraction and
shared understanding using a variable for linguistic style match-
ing [29]. [64] showed that support seekers that conform to the
general linguistic style of a Reddit community receive greater emo-
tional and informational support from others. These results suggest
that higher linguistic style matching may be a predictor of seeker-
provider alignment and better counseling outcomes.

4.5.6 Topic Matching. The topic matching variable describes co-
ordination between member and listener in terms of discussion
content. We obtain various topic dictionaries from the dataset us-
ing Empath engine [28]. Topic dictionaries are used to obtain a
vector that describes the topic distribution of members’ and listen-
ers’ messages in a session. The topic-matching score is calculated by
computing the Euclidean distance between members’ and listeners’
topic vectors. Specific topics and the procedure for obtaining them
will be described in the next session 4.6.

4.6 Control Variables
Control variables are variables representing individual traits such as
prior behavior and overall engagement with 7 cups that we hypoth-
esize influence outcome measures. We include various experience
and demographic descriptors for both members and listeners as
well as topical controls to account for potential variation in needs
across topics previously reported on 7 Cups [10]. Control variables
were also mean standardized and log-transformed when necessary.

4.6.1 Listener Experience & Demographics. These features allow us
to remove confounds in outcomes as a result of individual factors or
tenure on 7 Cups. Yao et al. [81] showed that experienced listeners
are more competent in being able to navigate novel situations and
difficult problems that members want to discuss. Listener expe-
rience variables include average hearts received, average rating
received, badge count (listeners receive badges for completing lis-
tener training-related content), number of past conversations, and
number of forum upvotes. One demographic variable, age, was used
to control for life skills that older listeners may bring to counseling.

4.6.2 Member Experience & Demographics. Kushner and Sharma
[41] show that users that are more persistent or active on a platform
are more likely to experience a positive change. Member experience
variables include average hearts given, average hearts received,
average rating given, number of past conversations, and number
of forum upvotes. Age was used to control for life skills that older
members may bring to cooperation with listeners. In addition, the
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Topic Session Count Percent (%)
Self Improvement 579192 33.30
Dating 297088 17.08
Parents 200584 11.53
Depression 162014 9.31
Romantic Relationship 135624 7.80
Lonely 120538 6.93
Suicide 67428 3.88
Pandemic 38114 2.19
Anxiety 28012 1.61
Home 26715 1.54
Family 20285 1.17
Sexuality 20235 1.16
LGBTQ 11331 0.65
Dissociative Identity 9856 0.57
Overwhelming 8004 0.46
Stress 5188 0.30
Health 4920 0.28
Intimacy 4270 0.25
Total 1,739,398 100

Table 3: Empath topical overviewof all first sessions on 7Cups
from March 2020 to March 2022.

pre-session mood score was used as an extra control variable only
when modeling the post-session mood score. Similar to the post-
session mood score, pre-session mood is captured within a 24-hour
window prior to a session’s start. If there is more than one mood
score within the window, we use the most recent one.

4.6.3 Topics. Users arrive on 7 Cups with a wide variety of prob-
lems such as romantic relationships, loneliness, depression, and
anxiety [10]. To this end, we utilize Empath [28] to generate custom
lexical categories for various topics seen in our dataset. Empath
draws connotations between words and phrases using neural word
embeddings trained on large text corpora. To tune the model for
our dataset, we use regular expressions to extract the top 18 most
frequently discussed topics between new members and a chatbot
during new user onboarding. Then, we randomly sample ten ses-
sions in each topic and manually select seed words per topic to
feed the Empath engine. Distributions of the primary topic for all
sessions can be found in Table 3. The top 18 topics are romantic rela-
tionships, dating, pandemic, self-improvement, suicide, depression,
parents, anxiety, family, stress, lonely, overwhelming, sexuality,
LGBTQ, intimacy, home, dissociative identity, and health.

5 RESULTS
5.1 Models
Figure 3 shows the correlations among the four outcome variables
in this study using Kendall’s 𝜏 . Correlations are low, with the mean
absolute 𝜏 coefficient being .04. Since these alternate measures of
counseling success are relatively independent of each other, the

Figure 3: Kendall rank correlation coefficients between four
outcome measures.

low correlations offer the possibility that triangulating across the
community, conversation, and individual levels may provide new
insights for assessing counselor success (RQ1). The largest positive
correlation is between rating and follow-up (𝜏 = .11), supporting
our belief that conversation-level constructs should be more highly
correlated with each other. The largest negative correlation is be-
tween rating and retention (𝜏 = −.05), which validated our choice
in the triangulation stage to identify conversational-level outcomes
separately from community-level ones. In general, mood and reten-
tion show a smaller correlation with other outcomes. Engagement
at the community and conversational levels (𝜏 = −.03) can be seen
as relatively independent measures with respect to predictors of
effective counseling for an online therapy platform.

Next, we examine the consistency of predictor variables across
outcomes (RQ2). We focus our analysis on consistency in coeffi-
cients for several reasons. The aim of our research is not to find
the best-fitting model, but to understand the relationship between
previously reported measures of effective counseling and measures
of counseling success. For ratings and mood, report timing does
not directly coincide with the end of a session and has the potential
to include confounds within the temporal window. A large amount
of observational data with unbalanced outcomes (e.g., 90% of the
members in our dataset continue using 7 Cups) increases the like-
lihood of highly significant variables being found (type 1 error)
and reduces the goodness of fit for each individual model. Differ-
ences in the logistic, Heckman, and ordinal regression models and
the amount of data for each outcome make it difficult to directly
compare effect sizes across models.

Table 4 reports regression coefficients for all models. Tests of
collinearity for all independent variables are provided in A. Co-
efficients for topical controls and stage 1 of the Heckman model
are provided in B. For logistic regression models, the coefficients
represent the log odds of the outcome occurring. For the Heckman
model, the coefficients follow a standard linear regression in the
stage 2 phase. The coefficients for ordinal models represent the
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Category Features Retention Follow-up Rating Mood
Prior
Work

Agree

Explanatory
Listener perf.

Total words⋆ -0.240*** 0.735*** 0.257*** 0.107* Yes Yes
(M) words ratio -0.0132*** -0.133*** -0.082*** 0.118*** Yes Yes
(L) self disclosure -0.035*** 0.059*** 0.030*** -0.032 Yes Yes
(M) self disclosure -0.044*** -0.019*** 0.198*** 0.006 Yes Maybe
Median response time⋆ 0.005 0.208*** 0.062*** 0.003 Yes Yes
Linguistic style matching -0.031*** -0.029*** 0.054*** 0.026 Yes Maybe
Topic matching 0.002 -0.018*** -0.204*** 0.003 No

Control
User history
Demographics

(M) age 0.013*** 0.009*** 0.008** -0.059*
(M) avg. hearts given⋆ 0.0273*** 0.116*** -0.010** 0.011
(M) avg. hearts received⋆ 0.138*** -0.053*** 0.013*** -0.033
(M) # of past conv.⋆ 1.478*** 0.251*** -0.008* -0.076
(M) # of upvotes given⋆ -0.061*** 0.042*** -0.047*** -0.026
(M) Prior mood 0.023***
(L) age -0.010*** 0.085*** 0.024*** -0.022
(L) avg. hearts received⋆ -0.016** 0.087*** 0.026*** -0.023
(L) # of past conv.⋆ -0.117*** 0.186** -0.005 0.023
(L) badge count⋆ 0.044*** 0.058*** 0.038*** -0.010
(L) # of upvotes given⋆ -0.037*** 0.052*** 0.012*** -0.024

Table 4: Coefficients of predictor variables for four different regression models utilizing unique success measures. Rating
is reported from the prediction (stage 2) step of the Heckman model. Positive coefficients are colored blue and negative
coefficients are colored red for explanatory variables. Log-transformed variables are noted with superscript⋆. The significance
for coefficients are ‘***’ for P < .0001, ‘**’ for P < 0.001, and ‘*’ for P < 0.01. PriorWork cites references used in the operationalization
of the predictor. Agree refers to consistency across construct levels in our comparison.

log odds of moving one interval up the ordinal scale. Our findings
suggest that prior reported predictors of counseling success are
not consistent across construct levels but are consistent within the
conversational outcome level.

5.1.1 Retention. Retention on the platform is negatively associated
with the total number of words exchanged in a session (p < 2e-
16), the member words ratio (p < 5e-6), listener self-disclosure (p
< 2e-16), member self-disclosure (p < 2e-16), and linguistic style
matching (p < 2e-16). Since 90% of the members in our dataset stay
on 7 Cups after their first session, this result suggests that predictors
of conversation success may have an inverse relationship with the
need to participate in more chats on 7 Cups. Our results align
with those of [41], who report that users turn to mental health
platforms during times of need. We also replicate similar findings
to those of Yang et al. [78], who noted that self-disclosure decreases
commitment to a community.

5.1.2 Follow-up. Follow-up with the same listener is positively
impacted by the total number of words (p < 2e-16), listener self-
disclosure (p < 2e-16), and median response time (p < 2e-16). Follow-
up shows a negative relationship with member words ratio (p <
2e-16), member self-disclosure (p < 4e-8), linguistic style match-
ing (p < 1e-14), and topic matching (p < 0.0002). We expect higher

amounts of member words ratio and member self-disclosure to
represent information exchange during support provision [79], so
lower amounts of it reducing the chance of follow-up suggests a
problematic conversation. The negative impact of linguistic style
matching and topic matching aligns with previous findings that
more successful peer counselors change the topic or flow of con-
versation to progress conversations to important topics [3, 83]. 10%
of members in our dataset follow up with their listener after the
initial session, which suggests that this outcome measure may track
long-term relationships built between member and listener in cases
of an unfinished initial conversation.

5.1.3 Rating. A higher rating is positively associated with the total
number of words (p < 2e-16), listener self-disclosure (p < 2e-16),
member self-disclosure (p < 2e-16), the median response time (p <2
e-16), and linguistic style matching (p < 2e-16). Rating is negatively
associated with member words ratio (p < 2e-16) and topic matching
(p < 2e-16). Rating is the most consistent with predictors of effec-
tive counseling with prior literature. Unlike follow-up, member
self-disclosure and linguistic style matching are associated with
high ratings in this model. This suggests that rating is an appro-
priate attitudinal measure of a member’s satisfaction with support
received as a conversation reaches conclusion.
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5.1.4 Mood. Member mood is positively associated with the total
number of words (p < 0.038) and member words ratio (p < 6e-6), but
is the least associated with prior predictors of listener performance
among our outcomes. Our findings replicate [41] that individual
mood does not changemuchwith effective peer counseling, but con-
trasts with those of [3]. We discuss the differences in methodology
between these two studies in 7.1.

5.1.5 Follow-up vs. Rating. Comparing within construct levels,
predictors with the same directionality for both outcomes are to-
tal words, member words ratio, median response time, and topic
matching. Our results for total words and member words ratio are
consistent with findings by Althoff et al. [3], who found that suc-
cessful supporters have longer message lengths and control the flow
of conversation better than unsuccessful ones. Our results for topic
matching are consistent with those of Zhang et al. [83], who found
that lower amounts of topic matching suggested that a supporter is
better at controlling the flow of conversation. In contrast, we found
that longer response times lead to a higher likelihood of follow-up
and a higher rating, unlike Saha and Sharma’s [61] claim that faster
response times lead to more engagement within TalkLife threads.
These differences may be due to community or channel differences
between platforms as TalkLife’s interactions are forum-based.

Interestingly, member self-disclosure and linguistic style match-
ing change signs within conversation outcomes, negatively corre-
lating with follow-up but positively correlating with rating. The
conflicting directionality in the two predictors suggests that follow-
up and rating are related but distinct outcomes. Since prior work
has suggested that more self-disclosure leads to more support provi-
sion [64, 79] and that more linguistic style matching in both dyadic
[29] and group [64] conversations represent alignment between
participants in a conversation, our findings suggest that follow-up
sessions occur on 7 Cups when a conversation has not reached
closure. A member who has not yet had time to self-disclose infor-
mation and align with their listener in their first session is more
likely to follow up after an idle period.

5.2 Robustness Checks
To rule out bias introduced by our choice of models for self-report
data, we use model triangulation to check for robustness for the
Heckman selection model and our mood model.

The Heckman model handles missing ratings by estimating a
Gaussian variable in the selection step (stage 1) and using it for
linear regression in the prediction step (stage 2). One drawback to
this model is that it cannot handle missing data in control variables,
so we were unable to use a member’s prior ratings to control for in-
dividual differences in rating reports. We validate the results of our
Heckmanmodel using an ordinal regressionmodel with a member’s
average rating given in all sessions prior to the current one added
as an additional control variable. Observations for members that
did not have at least one prior rating in addition to a session rating
were dropped. This resulted in a 126k session subset for ordinal
regression. Results showed agreement between the Heckmanmodel
and the ordinal regression model. All explanatory variables in the
ordinal regression were significant and had the same directionality
as those of the Heckman model.

Post-session mood was modeled using pre-session mood as a
control variable, which reduced the dataset size from 14,434 to
4,839 data points. To check that the change in sample size does not
impact model coefficients, we ran two comparison models without
pre-session mood as a control variable. The first model used the
14,434 data points from members who reported post-session mood
but not pre-session mood. The second model used the same 4,839
observations from members who reported both pre-session and
post-session mood scores, but with the pre-session mood control
variable removed from modeling. Results showed that member
words ratio, member self-disclosure, and linguistic style matching
are significant variables that impact mood for both of these models.
This suggests that the lack of significant variables impacting our
mood outcome is not due to changes in the sample size.

6 DISCUSSION
The most important finding in our work is that alternative ways
of measuring counseling success used in prior research are not
strongly correlated with each other and show different patterns
of association with conversational features that others have hy-
pothesized to influence counseling success in online mental health
platforms. For RQ1, results reinforced our hypothesis that outcome
triangulation provided novel insight into interactions on OMHPs
by revealing tensions in desirable outcomes previously noted in the
literature. For RQ2, we find that the directionality of previously
reported predictors of counseling success are mostly consistent
within construct levels but not across them.

Retention has a negative relationship with almost all predictors
of effective counseling previously reported in the peer counseling
literature. It also shows a weak negative correlation with conver-
sational outcomes, echoing [78]’s findings that support provision
inside a conversation may lead to seekers leaving a community. Al-
though the weak relationship implies that individual conversations
may not strongly influence a member’s decision to continue chat-
ting with other listeners on 7 Cups, our findings reinforce reports
that users leave platforms when their needs are fulfilled [47, 80].

Both dyad-level outcomes were mostly consistent with predic-
tors but showed nuanced differences. Rating is the most consistent
outcome in relation to prior literature on predictors of effective
counseling. Contrary to rating, less member self-disclosure and
linguistic style matching correspond with an increased likelihood
of follow-up. A novel insight from this difference is that some con-
versations have an idle period, yet are likely to continue if members
are not given the opportunity to speak about their problems and
receive feedback from a listener. Combined, high ratings and low
follow-ups may signal effective single-session counseling on 7 Cups.

General mood shows little relationship with prior predictors.
Outcomes that track the impact of a single conversation on an
individual member need to be cautiously adopted when analyzing
the impact of conversations on individuals. Our results replicate
those of Kushner and Sharma [41], who found little change in
mood following conversations on TalkLife. Based on the positive
relationship between member words ratio and mood, it is possible
that counseling expertise does not correlate with positive moods,
but simply chatting with someone does. However, our findings do
not necessarily disagree with those of [3] as our methodologies
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were different. We did not leverage group-level aggregation and our
reporting 24-hour reporting window for mood has limitations in
terms of temporal causality. Lastly, the lack of interaction between
predictors and mood scores may also be due to issues with sampling
or questionnaire administration on 7 Cups.

In summary, our results demonstrate the value of systematic
outcome triangulation across construct levels and methods of mea-
sure. Similar to previously reported findings on other platforms
[47, 78, 80], we hypothesize that some members who have their
peer counseling needs met leave 7 Cups based on the small negative
correlation between retention and both conversational outcomes.
There is also a small segment of 7 Cups users who continue a con-
versation with the same counselor after an idle period if their needs
are not met. Rating, an attitudinal metric, becomes a key signal of
attitude toward support received when interpreting the behavioral
metrics of retention and follow-up. One nuance in interpreting the
relationship between retention and follow-up is that seekers on
therapy platforms always have the option of finding new supporters
to discuss their problems with. This design may lead to trade-offs
between community and conversation engagement.

Based on the above, we argue that 7 Cups provides an on-demand
service similar to single-session therapy (SST), a therapy delivery
method in which the aim is to maximize the efficacy of the first, and
sometimes only, session with a walk-in therapist [24, 37]. Yip et al.
[82] reported similar findings from an online text-based counseling
service for youth called Open Up, noting that 23.6% of 81,654 ses-
sions on the platform came from users that only accessed the service
a single time. We provide an even larger dataset suggesting that SST
may naturally arise in OMHPs. The lack of significant individual
mood change is no longer surprising in light of the single-session
perspective. Extratherapeutic circumstances are a large factor in
the effectiveness of SST as a service [17, 65].

7 IMPLICATIONS
7.1 Interpreting Prior Outcomes
Our findings re-emphasize the importance of individual context in
understanding community-level outcomes for OMHPs. In this study,
retention was replicated from prior social computing literature as
representing a form of engagement with the community beyond
individual conversations. Despite differences in the design of on-
line therapy platforms and online health communities, we found
evidence on 7 Cups that seekers leave when their needs are fulfilled.
This aligns with models of user engagement with technology [34]
and disease journeys [47, 80]. Both theories suggest that long-term
participants may need persistent support compared to seekers with
short-term needs. On 7 Cups, peer counseling topics span both
short-term and long-term problems. Our retention results may be
reflecting the high frequency of topics such as self-improvement,
dating, or issues with parents that may be more immediate in terms
of care compared to chronic disease diagnoses.

Within the conversation level, the operationalization of follow-
up sheds light on unfinished conversations over multiple bursts
of time whereas ratings suggest satisfaction with conversations.
The predictors of an incomplete conversation on 7 Cups, member
self-disclosure and linguistic style matching, are consistent with
prior work suggesting that effective counselors on crisis hotlines

are better at moving conversations to a close than less effective
ones [3, 83]. While these may appear incompatible with findings
by Sharma et al. [63] that seeker engagement within discussion
threads increases with more mutual discourse between seekers and
supporters on TalkLife and Reddit, our findings are compatible
if we consider that engagement in a conversation is necessary
for successfully concluding a peer counseling session. That is, we
want to see high engagement within a session, but the end goal
may not be continued long-term engagement itself. Since we did
not investigate in-depth the differences between these perspectives,
triangulation of these two outcomes provides a direction that future
researchers and developers of OMHPs can build off of to study
single-session versus long-term seeker-provider relationships.

The value of mood as a proxy outcome for mental health sta-
tus remains unclear. Our study examined seeker-provider pairs
in private chats and found that individual mood is not likely to
change. In contrast, Althoff et al. [3] were able to identify effective
crisis counselors that improved seeker mood outcomes in a single
text-based counseling session. We argue that these findings are not
necessarily incompatible. When seeker outcomes are grouped by
provider performance, models are now comparing group means
similar to controlled trials [3, 20, 61]. Future research on individual
outcomes should distinguish and compare their level of aggregation
between groups and individuals using experimental design-based
approaches for causal inference of observational data to guard
against regression to the mean artifacts [32]. Furthermore, the sen-
sitivity of mood scores as an instrument may impact generalizability
across platforms. The properties of mood reports from crisis inter-
vention platforms, where seekers might be experiencing intense
emotions, may differ from those of reports from 7 Cups, a platform
where seekers can have conversations about a variety of topics.

Implications for individual-level metrics arise from applying
the SST perspective to online therapy platforms. Prior literature on
walk-in counseling clinics has suggested that SSTwasmost effective
for those who had mild severity of illness, motivation to receive
counseling, and strong social support for clinical symptoms or
coping mechanisms [37]. Without access to contextual knowledge
of seekers who respond to questionnaires, it is difficult to know if
we should expect a change in individual self-report data such as
mood. Those who take questionnaires multiple times on a platform
may a priori be individuals who need more involved counseling,
thus violating the assumptions of SST. Since our definition of a
session allows variable session lengths, extratherapeutic factors
could impact reported mood score directly before and after a session
if a session lasts for an extended period of time. Caution is necessary
for generalizing individual self-report data across platforms due to
the potential impact of individual journeys on measurement.

7.2 Therapy Platform Metrics
If the goal of a counseling platform is to provide support to people
in need, leaving a platform is a natural consequence of people hav-
ing their needs met. To increase retention, platforms can leverage
user journeys that capture common pathways to motivate users
to continue participating in the community when they are most
likely to drop off the platform [16]. For example, seekers looking
for conversation in a moment of panic may need an immediate
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match with a supporter while others who want to discuss long-
term mental health diagnoses may benefit from slower but more
personalized matchmaking [51]. We found that some members on
7 Cups would frequently start new chats, other members engaged
in frequent follow-ups with the same listeners, and some showed
both behaviors. A population of long-term users on 7 Cups likely
has different needs than individuals seeking timely counseling, and
future work can look into how to better support this long-term
subset of users through the segmentation of user groups.

Platforms could also develop separate measures of retention
for support seekers and support providers in light of the complex
interactions that occur between community roles. For example,
on 7 Cups, 10% of private conversations are between two listen-
ers. In general, little is known about the transition from seeker to
supporter, which may be a form of retention for peer counseling
platforms. [60] emphasized user acquisition as a valuable metric to
triangulate with retention and engagement. While not explored in
this study, the acquisition of supporters, their retention, and their
engagement with seekers and other supporters could constitute a
community of practice that can be studied and nurtured.

7.3 Peer Counselor Training
Prior research on peer counseling online has tended to focus on
measuring seeker outcomes without addressing other desirable
measures of dyadic interaction. While no definitive operationalized
measures exist for alliance in psychotherapy research [26], rating
and follow-up can be paired to train peer counselors. Rating can
serve as a signal of support provision, while follow-up may suggest
that a conversation has not yet reached a point of satisfaction. Since
volunteers lose motivation without feedback that lets them improve
their skills [67, 76], user dashboards or additional badge-like fea-
tures that capture these metrics could give peer supporters more
control over how they interpret their effectiveness in supporting
seekers who have diverse short-term and long-term needs.

Specifically for 7 Cups, Yao et al. [81] noted that listeners struggle
with understanding the impact of their conversations due to a lack
of feedback, which in turn can lead to poor mental well-being. For
example, listeners may not be aware that it is common for members
to stay on a platform to chat with other listeners and that members
may pursue multiple conversations to find a better relationship
fit [10]. To promote listener well-being, listeners can be informed
that drop off may not be a sign of a poor conversation, but instead
reflect quality when paired with measures of listener metrics such
as rating score. 7 Cups can train listeners to understand their role as
single-session counselors or relationship builders while minimizing
the connection between a single conversation and individual mood.

8 LIMITATIONS AND FUTURE WORK
Our methodology and analysis focused on correlations across met-
rics rather than the causal impact of particular predictors on specific
outcomes. Future work can examine true effect sizes and predictive
models for each individual outcome in this study to help platforms
identify the best predictors of key success outcomes. In addition,
our choice of using a therapy platform, 7 Cups of Tea, as a research
site may limit our analysis to platforms of this type. We urge prac-
titioners to use our findings with caution when applying them to

mental health sub-communities on social media or topical plat-
forms such as Breastcancer.org. Design choices in the development
of these platforms such as public and private channels, the use of
conversation threads versus chats, and illness-specific user needs
may change our understanding of what outcomes are important.

Future work can help validate the usefulness of our triangulation
methodology by using a similar distinction between construct levels
and methods of measurement to identify meaningful outcomes on
OMHPs. In this study, follow-up and rating showed opposite rela-
tionships with member self-disclosure and linguistic style matching,
which suggests additional nuances in measured construct despite
sharing the same relationships with all other predictor variables at
the conversation level. There is also room to expand the construct
levels to include turn-based metrics. In this study, hearts were used
as a control variable for participation in a conversation on 7 Cups
but were not used as an outcome measure. It is unclear what a turn-
level metric means within the context of peer counseling, unlike
in social media where hearts or likes represent positive sentiment
and shallow engagement with a post [54]. Although [61] has in-
vestigated turn-level predictors of online counseling satisfaction,
turn-level outcomes do not appear to be understood in the context
of online peer counseling.

9 CONCLUSION
In this study, we examined two research questions around whether
triangulating across multiple outcomes provides novel insights
for finding counseling success indicators and whether previously
reported predictor variables of counseling success track multiple
outcome metrics consistently. We answer these questions by mod-
eling the relationship between previously reported linguistic pre-
dictors of effective counseling with four outcomes: retention in
the community, following up on a previous session with a coun-
selor, users’ evaluation of a counselor, and changes in users’ mood.
Our findings suggest that community retention and conversational
outcomes are relatively independent, follow-up and rating capture
two complementary measures of conversation progress, and mood
outcomes show little relationship with proposed predictors of coun-
seling success. To the best of our knowledge, this paper is the first
to systematically triangulate four outcome measures at different
construct levels to examine effective peer counseling on therapy
platforms. Our work shows that research on peer counseling ben-
efits from a systematic approach to outcome measurement that
prior work in the literature has not always been fully clear in defin-
ing. Based on our findings, we raise questions and discuss future
directions for interdisciplinary research on OMHPs.
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A MULTICOLLINEARITY TEST
Table 5 reveals the relationships between predictor variables using
the Variance Inflation Factor (VIF) as a measure of multicollinearity.
All variables are mean normalized before computing the VIF and
variables with superscript ⋆ are log transformed to reduce skew.
Results show that some of our variables have more covariance than
others, suggesting that some measures track similar constructs
or may have underlying interaction factors. For example, listener
badge count (VIF = 4.966) was included as a control for engagement
with 7 Cups training and listener number of past conversations
(VIF = 5.377) was included as a control for experience, but they may
both be tracking time spent on the platform.

B TOPICAL AND HECKMAN STAGE 1
COEFFICIENTS

Table 6 lists the coefficients of the topical control variables for
all models and the selection step (stage 1) of the Heckman model.
The Heckman model leverages user experience and demographics
control variables in addition to topical controls.

Features VIF
Total Words⋆ 4.093
Member Words / Total 1.548
Listener’s Self Disclosure 1.221
Member’s Self Disclosure 1.168
Response Time⋆ 1.036
Linguistic Style Matching 1.493
Topic Matching 1.713
Member age 1.009
Member avg. hearts given⋆ 2.016
Member # of past conversations⋆ 2.147
Member hearts received⋆ 1.062
Member # of forum upvotes given⋆ 1.145
Listener age 1.018
Listener avg. hearts received⋆ 1.681
Listener badge count⋆ 4.966
Listener # of forum upvotes given⋆ 1.548
Listener # of past conversations⋆ 5.377
Romantic_Relationship⋆ 1.850
Dating⋆ 1.552
Pandemic⋆ 1.443
Self_Improvement⋆ 1.197
Suicide⋆ 1.597
Depression⋆ 1.880
Parents⋆ 2.690
Anxiety⋆ 2.507
Family⋆ 2.595
Stress⋆ 2.573
Lonely⋆ 1.489
Overwhelming⋆ 1.321
Sexuality⋆ 1.724
LGBTQ⋆ 1.083
Intimacy⋆ 1.887
Home⋆ 1.512
Dissociative_Identity⋆ 1.462
Health⋆ 1.265

Table 5: Variation Inflation Factor for all independent fea-
tures. All variables are mean normalized before computing
theVIF and variableswith superscript⋆ are long transformed
to reduce skew
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Categories Features Retention Follow-up Rating Mood

Control
User history
Demographics

(M) age 0.008**
(M) avg. hearts given⋆ -0.004201***
(M) avg. hearts received⋆ 0.144***
(M) # of past conversations⋆ -0.130***
(M) # of forum upvotes given⋆ -0.038***
(M) Prior mood 0.080***
(L) age 0.002
(L) avg. hearts received⋆ 0.009***
(L) # of past conversations⋆ 0.074***
(L) badge count⋆ 0.013***
(L) # of forum upvotes given⋆ -0.098***

Topics

Romantic Relationship⋆ 0.013*** -0.033*** 0.014*** -0.053
Dating⋆ 0.025*** -0.052*** 0.026*** 0.000
Pandemic⋆ 0.015*** 0.012*** 0.041*** 0.041
Self-improvement⋆ 0.018*** -0.035*** 0.065*** 0.002
Suicide⋆ -0.004 -0.025*** 0.051*** -0.084**
Depression⋆ -0.012** -0.042*** 0.020*** -0.021
Parents⋆ 0.006 -0.004 0.006** -0.078
Anxiety⋆ 0.003 0.016*** 0.024*** -0.0129***
Family⋆ -0.006 0.025*** 0.016*** 0.012
Stress⋆ -0.016*** 0.024*** 0.034*** 0.085*
Lonely⋆ -0.021*** -0.022*** 0.034*** 0.004
Overwhelming⋆ 0.004 -0.053 0.072 0.017
Sexuality⋆ 0.016*** -0.032*** -0.028*** 0.063
LGBTQ⋆ 0.005 0.003 0.019 0.013
Intimacy⋆ -0.021*** -0.036*** 0.003 -0.056
Home⋆ -0.014*** -0.019*** 0.031*** 0.009
Dissociate Identity⋆ -0.005 -0.011** 0.013*** -0.090***
Health⋆ -0.015*** -0.005 0.015*** 0.024

Table 6: Coefficients for topical control variables for each model and the selection step (stage 1) of the Heckman model.
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