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Abstract
Peer support is a crucial component of mental health care, offering
a more accessible and readily available alternative to professionally-
led therapy. Its effectiveness depends not only on verbal exchanges
but also on the social communicative behaviors that shape interac-
tions between peer supporters and seekers. While chat-based appli-
cations have been widely studied to support peer support in mental
health contexts, their inability to capture nonverbal exchanges
limits their capacity to fully replicate the depth of in-person con-
versations. In contrast, spoken communication methods—such as
Zoom, face-to-face meetings, and telehealth—are becoming increas-
ingly prevalent in mental health interventions, providing richer and
more immersive opportunities for engagement. This shift enables a
deeper exploration of communication metrics that incorporate non-
verbal cues, offering new ways to assess and enhance peer support
interactions. In this paper, we demonstrate how comprehensive
modeling of the affective space in peer support conversations allows
us to identify key opportunities for improving engagement, fos-
tering emotional connection, and ultimately enhancing the overall
mental well-being of participants.
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1 Motivation
In the last few years, mental health challenges have been on a
constant rise among many populations [7]. While many forms of
clinical and subclinical therapies are available, there are various
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cultural and systemic barriers to access them. Peer support, how-
ever, is a form of therapy that is easier to access and more widely
available [10]. As digital tools become integral to our life, online
peer support on social communities has become prevalent. Face-
to-face peer support via online video conferencing has also gained
ground with increasing use of telehealth systems.

Peer support therapies, in formalized settings, work on the idea
of people helping and supporting others with lived experience of
similar illnesses with the help of peer workers who can ensure a
safe space to talk about these experiences. Peer support meetings
can be conducted 1-1 or in group settings. Trained peer workers
are called facilitators and the ones seeking help are called seekers
or sharers. When conducted in group settings, each seeker has the
opportunity to share while the rest are in an active listener role.
Among others, empathic support, active engagement and a non-
judgmental space contribute immensely to the success of a support
session [6]. To achieve success, facilitators often use motivational
interviewing, cognitive reframing, and other techniques based on
applied cognitive behavioral therapy (CBT) [16].

Although there is a long history of evaluating aspects of profes-
sionally led group therapy sessions (e.g., examining therapist-group
rapport, group cohesion, or fidelity to a certain therapeutic modal-
ity via human review of audio/video tapes), peer support has less
often been examined for specific communication features that pro-
mote successful outcomes. The ability to computationally model
various components of a session can, therefore, help extensively in
understanding and empowering participants to achieve their goals
at scale.

In online text-based settings, recent advances [13, 14, 16] have
allowed modeling of different behaviors exhibited by seekers and
facilitators. They have also led to CBT-based solutions for rewriting
and reframing one’s thoughts in text conversations [14]. While
text-based interaction might be preferred by some, others may
prefer face-to-face interactions with a peer supporter. Typically
spoken-communication, be it in telephonic, video-conferences or in-
person settings, provides an added context of non-verbal behaviors,
including, for some, how something is being communicated might
be the most helpful aspect of the support they receive. In addition,
despite some successes, research showed how better results and
experiences can be achieved by adding a face or a voice to bare
name that is usually present in chats [1].
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Figure 1: Proposed approach to assess conversational outcomes in peer support settings. The data streams and surrounding
context from a conversation can be featurized into verbal and non-verbal cues that can then be used to infer state-of-mind of
each individual; collectively these can then be used to model various communication outcomes. These outcomes, or metrics,
can be used to influence various interactions in a conversational interface.

Despite the richer context available in face-to-face interaction,
the increased difficulty in collecting data in these contexts led to
restricting the scale of datasets, and resulted in limited studies and
interventions. To the best of our knowledge, there are currently no
studies that model spoken communication in peer support groups.

As we gear up to engage with data from such conversational
settings ’in the wild’, our formative work explores different metrics
of communication that can help understand conversational out-
comes and provide context to design interactions and help both
facilitators and speakers towards improved outcomes. Specifically,
we explore what metrics can eventually be computed through a
framework leveraging non-verbal cues. These metrics can inspire
different interactions for facilitators to promote successful meeting
outcomes, for seekers to achieve their goals, and for other peers to
become more empathic.

2 Overall Assessment Approach
The key competencies required for effective performance by facilita-
tors or peer-workers are, among others: recovery-oriented, person-
alized (and person-centered), relationship- and compassion-focused,
and trauma-informed [15]. As a result, communicative metrics of
success should focus on creating a judgment-free space and helping
seekers reframe their process of thinking about their situations. In
addition, continuous measures of emotive states of the sharer can
help passively inform the efficacy of each individual’s state. Build-
ing on these principles, we discuss the potential metrics that can
be assessed in a peer support group meeting with a broader focus
on non-verbal cues that can provide added information beyond

text chat-based exchanges. This approach is informed by recent
advances in modeling patient-provider communication [3, 4, 18].

We use different degrees of information to predict outcomes
from conversations. Our approach can be broken down into four
major steps: (1) unpacking conversational context, (2) analyzing it
to extract specific features, (3) deriving the state of mind of each
speaker, and (4) using the above features to model communication
metrics (see Fig. 1).

Conversational Context – To capture the conversational context,
we need to first get access to the conversation’s data. Depending
on the interface chosen for the peer support meeting, data streams
from different modalities might be available: typically audio and
transcribed text, and potentially video feeds. We might also be
able to capture other context about the participants such as their
demographics, the physical environment they are in, their person-
ality, past experiences with peer support groups, and potentially
physiological data. Since sessions might have multiple sharers, it is
important to identify the role of each participant at any given time:
facilitators will typically have speaking turns spread throughout a
session, while seekers will have a higher turn density at a specific
time in the meeting.

Conversation Analysis – For each speaker we extract differ-
ent descriptors of their communication. Specifically, given their
ability to describe affect and mental states [17], we extract prosodic
features from speech. We also aim to model clarity of speech and
sentiment using transcripts [18]. Further, if available, video infor-
mation can help us identify facial expressions, body language, and
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gaze, all of which can help describe various aspects of a person’s
cognitive state [5]. The availability of video can also shed light on
silent listeners in group settings and how their non-verbal cues
might impact the perceived relief by the sharer. In addition to explor-
ing the above person-level descriptors, we also aim to capture the
interpersonal dynamics that can describe the social relationships in
the conversations. These could range from explicit measures related
to turn-taking [4] or implicit measures such as synchrony in the
non-verbal behaviors. Similarly, we also aim to capture the content
of actual spoken information using techniques such as LIWC [11]
that can help understand insights into the linguistic style used, the
relationships and activities discussed, and the cognitive processes
reflected in the language. These elements can inform us about the
speakers’ reflection process and their fidelity to particular models
of peer support [9].

State of Mind – As an intermediary to modeling the commu-
nication outcomes themselves, we aim to infer the state of mind
for each individual peers in the conversation. State of mind could
be determined by the valence, arousal and emotional changes of
the participants [12], or their perceived stress and anxiety during
the peer support process [8]. Inferring a specific state of mind can
help both support seekers and facilitators. Support seekers might
be able to identify what enables them to achieve their goals and
help them open up – their peers’ behaviors, specific style of facil-
itation (motivational interviewing, active listening, etc.), or their
own body language; if they track their state of mind changes over
time, they can also investigate their progress, resilience, and reg-
ulation abilities. Facilitators can use the inferred state of mind of
support seekers as a key indicator of their performance, such as if
they are making progress and identifying causal indicators of their
behaviors that lead to improved conversation outcomes.

Communication Metrics – We aim to identify two forms of
communication metrics. The first group relates to the emotive be-
haviors exhibited during social settings, or social signals; these
include person-centered behaviors such as dominance, interactiv-
ity, engagement, warmth [4] or interpersonal dynamics such as
empathy and compassion [13]. The second type of metrics involves
the CBT-inspired concept of cognitive reframing that aims to reduce
falling into thinking-traps or being rational and emotionally regu-
lated about their actions [14]. Additionally, to investigate wether
the meeting created an open space, it is important to identify the
presence of microaggressions or invalidations [3] .

The described 4-steps process is highly non-linear, meaning that
non-verbal cues might influence the state of mind as well as com-
munication metrics in different ways. Our proposed approach high-
lighted in Figure 1 should therefore be considered a starting point
to explore the interplay of affect and predictors: each cognitive
behavior could be used as a latent descriptor to identify new causal
relationships between affect, and emotion, and how they present
in our body language. Additionally, given how our framework is
based on multiple layers of abstraction, each of them can be used as
context to inform different interactions with our end-users (sharers
and facilitators).

3 Next Steps: Exploring affect-aware
interactions in the real-world

We described our approach to enhance spoken communication
experience in mental health support groups by presenting a model
that extracts from each peer group session non-verbal cues, state
of mind and communication metrics, and how these can inform the
efficacy of treatment, facilitation, and success strategies to improve
peer support experiences. We believe that (i) each of these elements
can inform critical feedback for different roles to achieve their goals
better, and (ii) such interactions can be visualized in real-time, after
a session or over-time [2] to help both facilitators and support
seekers.

In ourwork, we are investigating how to leverage existingmodels
for computing various affects while fine-tuning our approach to
a specific dataset of online peer support meetings collected by
Recovery International.1 We are focusing on how to represent this
information in real-time by using specific visual nudges that help
participants to be mindful of interruptions, or introducing subtle
guidance about cognitive reframing [14]. We are also exploring
tracking the temporal progress of each participant over a session
and use that information to inform personalized facilitation.
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