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ABSTRACT

KEYWORDS: Dialogue System; Mental Health; Natural Language Processing

Mental health issues are now the leading global cause of disability, with conditions such as anxiety and
depression escalating, particularly following the COVID-19 pandemic. However, traditional mental health
support methods remain heavily constrained by a severe shortage of trained professionals, making it
difficult to meet the increasing demand for mental health support systems. In response, we propose Virtual
Mental Health Assistants (VMHAS) as a scalable and accessible alternative, offering instant, anonymous,
and stigma-free method of support. Despite their potential, existing automated counseling systems
are limited by rigid, scripted dialogues and fail to replicate the nuanced adaptability and therapeutic
depth of human therapists. To address this, we focus on dialogue systems on modular levels, spanning
understanding, summarization, generation, and evaluation of therapeutic conversations. This thesis studies
the counseling interaction pipeline, refining its core components to enhance the efficiency and effectiveness
of professionals. The goal is to improve dialogue understanding, enabling VMHAS to interpret users’
implicit psychological intents through directive recognition. To maintain coherence and continuity across
conversations, we incorporate domain knowledge infusion into counseling summarization, allowing the
system to retain relevant memory. Additionally, we advance dialogue generation by integrating clinically
informed, emotionally adaptive response models, surpassing traditional rule-based and purely generative
approaches to ensure more human-like and therapeutic interactions. Next, we propose a dialogue
evaluation framework that centers on therapeutic bond assessment via trust modeling. Recognizing that
mental health support extends beyond one-on-one counseling, we further analyze peer interactions in online
communities and group therapy, positioning Al as a facilitator of collective support environments. Through
rigorous experimentation, user studies, and exhaustive analysis, this thesis establishes a carefully designed,
context-aware, and psychologically informed understanding of counseling interactions. Rather than
approaching VMHAS as standalone interventions, this research emphasizes their role as an augmentative
approach, proposed to enhance the efficiency of mental health professionals. We conduct each phase
of this study in close collaboration with domain experts, ensuring that the proposed methodologies are
novel and practically viable in real-world settings. Moreover, the findings presented here extend beyond
novel methodological contributions, positioning this thesis’ findings not just as novel solutions, but as
supportive alternatives that alleviate the burden on mental health professionals.
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1. Introduction

1.1 Thesis Overview and Statement

Natural Language Processing (NLP) has emerged as a transformative force across a wide array of
domains, from machine translation and search engines to personal digital assistants (3). However,
beyond these mainstream applications, its potential also arguably lies in addressing complex societal
challenges—particularly those that rely on human-centric, emotionally nuanced communication. One
such domain is mental healthcare, where language is not merely a medium of information exchange, but
the very instrument of support (4). Within this space, counseling dialogue is a unique communicative
process. It is characterized by interactive, collaborative conversations between trained mental health
professionals and clients, oriented toward cultivating emotional support, enabling behavioral change, and
improving overall psychological well-being. While one might intuitively imagine counseling as a one-on-
one exchange between a therapist and a client, the reality is more expansive. Counseling interactions span
across diverse settings, including group therapy, peer support circles, and increasingly, online community-
based forums (5). These multi-party and informal forms of support, though varying in formality and
expertise, still rely heavily on empathetic, context-aware communication, and thus share core attributes
with clinical counseling. This broader spectrum of therapeutic dialogue demands systems that can adapt to
various interpersonal dynamics, domain sensitivities, and communication styles. Importantly, counseling
conversations are fundamentally distinct from traditional clinical dialogues, such as those between a
doctor and a patient. Medical interactions often follow a structured, goal-oriented pattern (predominantly
diagnostic in nature) centered around symptom reporting, examination, and treatment recommendation
These interactions, while important, tend to be transactional and time-bound. In contrast, counseling is
relational and open-ended. It often involves navigating ambiguity, interpreting implicit emotional cues,
and responding with sensitivity to the client’s evolving mental states (6). Furthermore, the effectiveness of
counseling depends largely upon the therapeutic alliance, the relational bond formed through meaningful
dialogue between participants. Thus, the ultimate effectiveness of counseling hinges heavily on the quality
and depth of these interactions (7). Consequently, the effectiveness of interaction is not merely a function
of information accuracy or technical skill, but also tied to the quality, depth, and responsiveness of the
conversation itself.

This pressing need for high-quality, emotionally intelligent communication in therapy becomes even
more critical when viewed against the backdrop of the current global mental health crisis. Mental health
disorders now constitute the leading cause of disability worldwide. Rates of depression, anxiety, and
related conditions have surged dramatically, particularly in the wake of the COVID-19 pandemic, which
has disrupted lives and support systems at a global scal Unfortunately, this rise in demand has not
been met with a proportional increase in mental health resources or professionals. Existing support
frameworks (already strained under pre-pandemic conditions) now face critical bottlenecks, most notably
a severe shortage of trained professionals. The World Health Organization (WHO) estimates a global
deficit of over 1.2 million mental health therapist This gap in support delivery is not distributed evenly.
It disproportionately affects marginalized groups, rural populations, and economically disadvantaged
individuals, where access to mental health professionals is already limited. As a result, these shortages
compound existing social inequalities, turning logistical barriers into systemic injustices. Addressing

"https://www.sju.edu/centers/icb/blog/doctor-patient-relationship-part-ii-theoretical-models-and-clinical-reality

2NHS referrals for anxiety doubles the pre-Covid levels: https://www.theguardian.com/society/article/2024/aug/27/nhs-
referrals-for-anxiety-in-children-more-than-double-pre-covid-levels-england

3Workforce shortages for mental health: https://www.who.int/publications/i/item/9789241501019
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Figure 1.1: Modular illustration of components in the digital counseling ecosystem covered in this thesis.
The diagram highlights core modules to support effective and scalable counseling interactions.

this gap demands not just policy-level changes but innovative technological interventions that can scale
support without compromising the relational depth that counseling requires.

Virtual Mental Health Assistants (VMHASs) have emerged as a promising scalable and accessible solution,
offering anonymous, stigma-free, and immediately available digital support (8). However, current VMHAs
typically confine interactions to rigid, scripted dialogues, failing to replicate the nuanced adaptability
of human therapists (9). Furthermore, existing implementations frequently aim to replace rather than
complement human therapists, an approach this thesis critically challenges. Instead, this thesis advocates
for modular-level interventions designed explicitly to address fine-grained counseling processes, enhancing
the capabilities of mental health professionals rather than substituting them entirely. Specifically, this thesis
addresses three major limitations of existing VMHASs: (a) superficial understanding of therapeutic nuances
due to inadequate dialogue modeling, (b) limited capability to guide response generation according to
therapeutic principles, and (c) neglect of longitudinal conversational dynamics, particularly regarding
trust and therapeutic alliance.

Addressing these challenges requires a comprehensive VMHA pipeline, which is very similar to a
standard dialogue system pipeline containing dialogue understanding module for interpreting client’s
directive; dialogue management, responsible for maintaining coherence and adapting dialogue strategies;
and dialogue generation module for producing effective and clinically informed responses (10). Unlike
current LLLM’s that take an end-to-end approach, our modular approach gives us an edge over dialogue
generation block with two major controlling attributes: (a) dialogue understanding controlling parameter,
and (b) domain/external knowledge contributing parameter to provide factually relevant and effective
responses. Additionally, a robust evaluation framework is vital, continuously assessing performance
metrics and therapeutic quality, thus enabling feedback-driven improvements across understanding and
generation components. Such a system naturally branches into essential practical applications, most
notably Counseling Note Generation, which is mandatory during counseling processes and provides
clinicians with structured, clinically actionable insights. Hence, as shown in Figure this thesis
proposes five interconnected research thrusts within counseling interactions:

* Conversational Understanding: Development of a interaction-directive taxonomy and integrating
therapeutic intent, realized through domain-adapted transformer architectures.

* Counseling Summarization: A knowledge-enhanced summarization framework, linking under-
standing parameters explicitly to clinical concepts such as PHQ-9 criteria, enabling clinicians to
efficiently capture therapeutic nuances within conversation summaries.

* Controlled Response Generation: Ultilizing reinforcement learning along with informed psy-



chotherapeutic principles to guide empathetic, clinically aligned language modeling.

* Trust Dynamics Modeling: Study of dynamic computational models to quantify trust as a thera-
peutic bond assessment metric through longitudinal analysis of interactions.

* Peer Interaction Decoding: Behavioral cue analysis within OMHC:s, extracting critical interaction
patterns, such as intentional behavior, criticism, and emotional patterns, to understand and enhance
peer-led support interventions.

With state-of-the-art methods and established psycholinguistic theories, this thesis seeks to transform
support delivery from simple conversational agents into nuanced, assistive methods. Ultimately, these
contributions aim not merely at algorithmic improvement but at genuinely democratizing support to
the mental healthcare ecosystem, supporting mental health professionals, and enriching peer-support
environment.

This thesis focuses on supporting mental health professionals with novel methods that understand,
evaluate, and enhance therapeutic interactions in digital spaces. We study dialogues (both peer
and individual), personalized response generation, and assessing behavioral dynamics to bridge
NLP with counseling dynamics to enhance support delivery strategies via experts.

1.2 Preliminary

We first discuss the preliminaries under two broad categories: Conversation, which covers the core com-
ponents of interactions in mental health, and Psychology and Counseling, which outlines the fundamental
principles of therapeutic communication and behavioral analysis.

1.2.1 Conversations

Dialogue systems for mental health care must address several core challenges to enable effective human-Al
interactions. These challenges span dialogue understanding, generation, summarization, evaluation, and
the integration of large language models (LLMs).

1. Dialogue Understanding. At the heart of any effective dialogue system lies the ability to understand
and interpret user inputs. In mental health counseling, this involves recognizing directives, such
as clarification, questioning, and help-seeking, along with emotional states. Traditional dialogue
systems often focus on transactional tasks, but counseling conversations require a deeper, context-
aware understanding of clients’s directive and emotional subtext (11).

2. Dialogue Generation. The ability to generate empathetic and contextually appropriate responses is
critical for fostering therapeutic alliances. Unlike rule-based or retrieval-oriented systems, modern
VMHASs must produce responses that are personalized, emotionally resonant, and clinically safe.
Reinforcement learning with human feedback (RLHF) has emerged as a powerful approach, enabling
systems to align responses with therapeutic principles. By incorporating domain knowledge,
dialogue generation models can deliver responses that enhance the overall therapy experience.

3. Dialogue Summarization. Summarizing counseling conversations is a “'mandatory’ yet challenging
task, requiring the distillation of complex contextual and behavioral insights into concise and
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effective summaries. Traditional summarization models often miss domain-specific nuances, such
as therapeutic knowledge and therapy patterns (12; [13). Proposed approaches leverage clinical
knowledge bases, such as PHQ-9 criteria, to enhance the relevance and utility of summaries.
Automated summarization not only aids clinicians in documentation but also ensures continuity of
care by capturing critical insights from therapy sessions.

4. Dialogue Evaluation. Evaluating the performance of dialogue systems in mental health care
requires a combination of automated metrics and human assessments. Metrics such as BLEU and
ROUGE measure fluency and coherence, while empathy classifiers and clinical evaluations assess
therapeutic quality (14). Longitudinal metrics, such as therapeutic bond and trust levels, provide
insights into the long-term effectiveness of interactions. Together, these evaluation methods ensure
that dialogue systems meet both technical and clinical standards.

5. LLMs as Dialogue Systems. Portraying LLMs as a dialogue system represents a significant
advancement, enabling users to generate more nuanced and contextually aware responses. However,
LLMs also introduce challenges, such as hallucination risks and ethical concerns (15). Fine-tuning
strategies, such as instruction-tuning on counseling-specific prompts and hybrid architectures
have proved to be methods to bring domain nuances to some extent. Industry standards combine
traditional deep learning methods with rule-based modules, offer promising solutions, but limits the
generation within tight boundaries.

1.2.2 Psychology & Counseling

Mental health care introduces unique domain-specific requirements that NLP systems must accommodate.

1. Counseling Notes. Counseling notes are structured documents that capture key insights from
therapy sessions, including client history and trajectories (16). Automated note-generation systems
must balance conciseness with clinical relevance, ensuring that summaries are both effective and
comprehensive. By integrating domain knowledge and clinical expertise, NLP models can produce
summaries that enhance efficiency and effectiveness.

2. Online Mental Health Communities (OMHCs). OMHCs, such as Talklifd"|and 7 Cups’, provide
vital spaces for peer support and shared experiences. These platforms are rich in behavioral and
linguistic data, offering unique insights into peer counseling dynamics. At the same time, these
solutions come with a financial cost (17;18)). On the other hand, Reddit acts as a vast, free and
open community to discuss all sorts of interactions, including a peer support ecosystem. It is worth
noting that the unregulated nature of OMHC:s also poses challenges, such as varying quality of
support and potential for harmful interactions. By analyzing these interactions, we identify patterns
of effective peer support and develop strategies for enhancing the quality of online interactions.

3. Trust Dynamics. Trust is a cornerstone of effective counseling, encompassing factors such as
communication effectiveness, reliability, and confidentiality. In virtual counseling environments,
quantifying and modeling trust dynamics is essential for fostering long-term user engagement.

“Talklife: https://www.talklife.com/
>7Cups: https://www.7cups.com/



1.3 Thesis Organization

This thesis is organized into five major parts, each addressing distinct yet interconnected research verticals.
Below, we outline the structure and objectives of each part, highlighting their contributions to the
overarching goal. A comprehensive list of abbreviations used in this thesis is provided in Table

Part I: Conversational Understanding

In this part, we tackle the task of conversational directives understanding, particularly in the context
of mental health counseling dialogue. Particularly, we first propose a novel first-of-its-kind counseling
conversation dataset, HOPE, along with an expert-led manual annotation task of dialogue acts. The
HOPE dataset is a curated collection of 12.9K annotated utterances sourced from publicly available
counseling sessions. This dataset is tailored explicitly for mental health dialogue understanding, providing
a robust foundation for training and evaluating models. Building on this, we propose SPARTA, a speaker-
and time-aware transformer architecture designed to capture the dynamic and contextual nuances of
counseling conversations. SPARTA achieves state-of-the-art performance in dialogue-act classification,
demonstrating its ability to interpret and contextualize user queries and responses effectively.

Part II: Counseling Summarization

In this part, we address the challenge of summarizing mental health counseling conversations by framing
it as a structured language modeling task. Specifically, we tackle two major problems: (a) domain
knowledge infusion and (b) planning-based generation in LL.Ms, each as a standalone chapter. Unlike
general text summarization, counseling summarization requires extracting clinically relevant insights
while preserving key contextual nuances. To achieve this, we propose ConSum, a knowledge-guided
summarization framework that integrates domain expertise with dialogue structure awareness. ConSum
explicitly aligns conversational dynamics with mental health knowledge sources, such as PHQ-9 criteria,
to enhance summary effectiveness. We further extend the HOPE dataset with new annotations for
counseling components and reference summaries, introducing MEMO, a dataset tailored for structured
counseling note generation. Beyond direct domain knowledge infusion, we also enhance LLM-based
summarization by introducing a novel planning engine that orchestrates structured knowledge alignment
before generation. This planning engine employs a knowledge filtering-cum-scaffolding mechanism,
ensuring that domain-relevant insights are selectively integrated into summaries. This chapter not only
highlights the state-of-the-art in counseling summarization but also presents a practical evaluation from
mental health professionals, offering insights into how such solutions can assist in real-world counseling
note generation and clinical documentation.

Part III: Dialogue Generation

Unlike LL.Ms, where response control is primarily limited to prompt engineering, this part explores
modular-level control mechanisms for dialogue generation. Controlled response generation ensures
that generated outputs remain contextually aligned, domain-relevant, and therapeutically appropriate.
Instead of relying on implicit biases in training data, we introduce explicit control parameters to steer the
response generation process effectively. We focus on two key control mechanisms: (a) dialogue-directive
guided response generation and (b) commonsense-knowledge guided response generation. To implement
directive-control, we propose READER, a transformer-based response generation model that employs



reinforcement learning with human feedback (RLHF). READER integrates predicted future dialogue-acts
and semantic similarity metrics to optimize responses for contextual coherence and therapeutic value.
To address commonsense control, we introduce EmpRes, a response generation model that incorporates
commonsense knowledge from the COMET model. By using commonsense reasoning as a controlling
parameter, EmpRes enhances response interpretability and situational awareness, ensuring that VMHASs
generate responses that are both logically coherent and psychologically informed. This chapter studies
response generation for VMHASs by moving beyond static, predefined response models and introducing
adaptive, knowledge-aware control mechanisms, leading to more effective and human-like conversational
agents.

Part I'V: Assessing Client’s Bond with the Assistant

This chapter focuses on conceptualizing and modeling trust in virtual counseling environments, aiming
to forecast trust dynamics and assess the evolving therapeutic bond between clients and VMHAs. Trust
plays an important role in counseling, influencing the client’s openness and long-term adherence to
conversation. In this line of work, we propose trust as a therapist-assistive metric, allowing experts or
bots to adapt based on user trust levels over the course of interactions. We define trust as a dynamic
trajectory where a client’s willingness and openness to express themselves directly impact their therapeutic
experience. To study and benchmark computational trust modeling, we release MENTAL-TRUST, a novel
counseling dataset annotated with seven expert-verified ordinal trust levels, making it the first-of-its-kind
in this domain. To quantify trust, we frame the problem as an ordinal classification task and propose
TrustBench, a benchmarking framework evaluating a suite of classical and state-of-the-art language
models on MENTAL-TRUST. We conduct exhaustive experiments, evaluating model performance across
multiple metrics and analyzing key patterns in trust evolution within therapeutic interactions. This study
not only lays the groundwork for automated trust modeling in a conversational setting but also provides
actionable insights into how trust develops and fluctuates in mental health counseling.

Part V: Peer Behavior in Online Mental Health Communities (OMHCs)

OMHC:s, such as Reddit and 7 Cups, have emerged as vital platforms for individuals seeking information,
support, and guidance in managing their mental health needs. These platforms offer users immediate
interactions with peers, creating spaces for shared experiences and mutual support. However, the largely
unregulated nature of these platforms presents complex challenges, including varying quality of support
and potential for harmful interactions. This chapter explores the behavioral dynamics of peer counseling
threads, focusing on factors such as intent, criticism, readability, and emotional expression.

To achieve this, we curate the BeCOPE dataset, comprising over 10,118 posts and 58,279 comments
sourced from 21 mental health-specific subreddits. The dataset is annotated with fine-grained behavior
labels, enabling nuanced analysis of peer engagement patterns. Our findings reveal the prominence of
self-criticism as a prevalent form of criticism among help-seekers and highlight the role of readability in
eliciting peer support. By triangulating multiple sources of data, we provide mental health professionals
and online community moderators with actionable insights for enhancing the effectiveness of peer support
services. This chapter underscores the essential role of OMHC:s in offering personalized guidance and
support to individuals managing mental health issues, contributing to the broader understanding of peer
counseling dynamics.

Beyond one-on-one counseling, peer interactions in online mental health communities (OMHCs) play
a critical role in providing accessible, stigma-free support. In this part, we investigate peer-led mental



health interventions by analyzing how users seek and provide support in OMHCs. To facilitate this, we
curate BeCOPE, a dataset of over 10,118 posts and 58,279 comments from 21 mental health-specific
subreddits, annotated with fine-grained behavioral cues such as help-seeking intent, emotional support,
and criticism. Our analysis uncovers key behavioral patterns in peer counseling, providing actionable
insights for community moderation, peer-support enhancement, and hybrid Al-assisted mental health
interventions.

1.4 Ethical Considerations

Given the high-stakes nature of mental health, ethical considerations have been integrated throughout the
thesis, guiding decisions at every stage from dataset creation to model development to output evaluation.
This thesis treats ethics not as an afterthought but as a continuous process spanning three broad levels:
data preparation and processing, modeling, and output assessment. At the data stage, all datasets are either
publicly available, de-identified counseling data, or data obtained with explicit usability permissions.
Personally identifiable information (PII) is removed prior to annotation and analysis. Annotations and
data reviews are carried out by mental health professionals with extensive clinical and computational
expertise, with ethical integrity. For OMHCs, no user-identifiable information is retained; only relevant
mental health subreddits are included. Next, in the modeling stage, architectures are designed with bias
minimization and safety as explicit goals. Mechanisms such as knowledge filtering and planning are
incorporated to reduce hallucinations, domain constraints are applied to ensure therapeutic relevance, and
modularity is built in to allow substitution of taxonomies or knowledge sources for different contexts. No
diagnostic claims are made, and systems are intended to be therapist-assistive rather than patient-facing.
During development, any observed bias or unintended behaviors prompted updates to both model training
and data pipelines. Furthermore, at the output assessment stage, generated outputs are evaluated for
clinical acceptability by licensed domain experts following established frameworks, including assessments
of relevance, coherence, safety, and factual accuracy. In experimental deployments such as the EmpRes
user study, participants are provided with clear guidelines and declarations, participation is voluntary,
and no PII is collected. System outputs are monitored for hallucinations, emotional sensitivity, and
potential bias, with corrective measures applied where necessary. Across all contributions, the systems
developed are intended to support mental health professionals rather than replace them, keeping the
human/expert-in-the-loop so that clinical decision-making authority remains with the therapist. While
this thesis ensures compliance with core research ethics and fair research standards, it acknowledges
limitations such as potential cultural bias in datasets due to size and diversity constraints, as well as the
need for broader coverage. Deployment-ready systems will require additional steps to align with formal
regulatory frameworks and institution-specific protocols (more details in Chapter 10).
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Table 1.1: Abbreviations and their definitions used in the thesis.



2. Background

2.1 Mental Health Challenges and Digital Interventions

The current global mental health crisis is unprecedented, with millions affected worldwide and a severe
shortage of mental health professionals to meet the rising demand(19). Studies have highlighted that
in many regions, including low- and middle-income countries, access to adequate mental health care
is limited (205 21). This scarcity is further exacerbated by social and economic barriers, leaving many
individuals without timely or effective support. The urgent need for scalable, accessible interventions
has created a gap for researchers and practitioners to explore solutions that extend beyond traditional
methods of therapy (22). Digital interventions have emerged as a promising alternative to conventional
mental health services, essentially offering cost-effective and immediate support through virtual platforms
(23). Over the past decade, there has been a significant shift towards the use of digital mental health tools,
including VMHASs and online counseling platforms (24). These technologies leverage advanced natural
language processing (NLP) techniques to provide users with personalized guidance and empathy, thereby
partially relieving the burden on overextended healthcare systems (255 26). By delivering Al-based support
through scalable means, digital interventions hold the potential to bridge the existing care gap. On the
other hand, understanding how peer communities and many-to-many interactions operate has shown that
OMHC:s provide self-disclosure and community-based validation, which are vital components of effective
support (27; 28). These platforms enable users to express their concerns anonymously, seek advice, and
gain emotional reinforcement from peers facing similar challenges (29). However, the unregulated nature
of these interactions also introduces challenges in terms of ensuring that the support provided is both
accurate and constructive (30).

Despite these advancements, current digital interventions and OMHCs face significant limitations
(31). Many systems are still grappling with issues such as inconsistent response quality, lack of contextual
understanding, and an inability to dynamically assess and adapt to users’ needs(24). Recent research has
begun to address these gaps through dialogue modeling (32). With the help of state-of-the-art methods
and studies from psychological research on therapeutic interactions, there is a clear opportunity to create
more responsive and effective digital supportive methods that can improve outcomes and support mental
health professionals at scale (33).

2.2 Thematic Advances in Counseling Conversation Analysis

Recent research has increasingly focused on understanding the nuanced dynamics of therapeutic interac-
tions (34). A central theme across several studies is the evolution of therapeutic bonds, conceptualized as
a dynamic trajectory that unfolds throughout a session (35). While earlier work relied on static psycho-
metric instruments to gauge trust (36), the current literature emphasizes capturing moment-by-moment
fluctuations in a patient’s willingness to disclose sensitive information (37)). Such dynamic trust mod-
eling is vital for adapting therapeutic strategies (35). In parallel, the analysis of peer interactions has
revealed that user engagement is strongly influenced by behavioral and linguistic cues (38)). Studies have
demonstrated that online behavior is a critical determinant of whether help-seekers receive constructive
support (25; 27; 28). Another important strand of research focuses on the integration of commonsense
knowledge and domain-specific cues to enhance response generation in counseling dialogues (39). With
more and more external knowledge being infused into the dialogue systems, such as with the usage of



knowledge-graphs (40), say COMET (41), studies have shown that it is possible to inject commonsense
reasoning into dialogue systems, thereby producing responses that are both contextually relevant and
effectively supportive (42). Finally, thematic analysis of counseling conversations—especially in peer-to-
peer settings—reveals that behavioral signals like self-criticism, emotional expression, and clear problem
articulation play a crucial role in fostering engagement (43). Research on online interactions indicates
that posts with higher readability and explicit help-seeking language significantly increase the likelihood
of receiving peer support (25). These findings not only provide important insights into the factors that
drive a constructive support ecosystem in online platforms but also highlight the potential for taking the
research further. (44)

2.3 Dialogue Systems for Mental Health

The evolution of dialogue systems over time has been marked by a steady transition from rule-based
(45) and statistical methods (46) to sophisticated neural approaches (47). Early dialogue systems relied
on handcrafted rules and sparse representations, which, while effective for controlled environments,
struggled to capture the fluidity and nuance of human conversation (48)). With the origin of deep learning,
particularly transformer-based architectures such as GPT-2 (49) and DialoGPT (50), dialogue systems
began to generate responses that were not only grammatically correct but also contextually relevant
(49;151). These systems paved the way for more dynamic and interactive applications, setting a strong
foundation for their adoption in diverse fields, including mental health (52). Building on these advances,
research in dialogue systems has increasingly focused on incorporating richer context and domain-specific
cues to better mirror the complexity of human interactions (10). In the mental health domain, this evolution
is particularly critical given the sensitive nature of therapeutic conversations (53)). Early approaches in
this area were often limited to basic conversational agents that lacked an understanding of nuanced
structures (54). Recent studies have addressed this limitation by integrating more control over dialogue
understanding and dialogue generation that capture both global context and speaker-specific dynamics
(55). By employing reinforcement learning (56)) and transformer-based methods (57)), modern systems
now aim to generate responses that not only reflect the immediate conversational context but also align
with therapeutic objectives.

2.4 Integration of Domain-Specific Knowledge and Commonsense

A critical component in the development of VMHA is the integration of external knowledge with domain-
specific cues. Traditional dialogue systems, while powerful in generating coherent text, often lack the depth
required to understand nuanced emotional contexts and therapeutic needs (58). To address this, recent
research has turned to external knowledge bases such as ATOMIC (59) and ConceptNet (60), with models
like COMET (41) enabling the extraction of rich, structured commonsense information. By incorporating
these resources, dialogue systems can generate responses that are not only contextually appropriate
but also imbued with human-like reasoning about everyday situations (61). Alongside commonsense,
domain-specific knowledge plays a pivotal role in tailoring responses for more relevance(62). Specialized
pretrained models—such as MentalLLlama (63) and Mental-BERT (64)—are fine-tuned on mental health
data, thereby capturing psycholinguistic nuances that generic models tend to miss. These models support
the generation of responses that resonate more closely with the domain aspects of therapeutic interactions
(65). The integration of domain-specific embeddings with commonsense reasoning enables a richer,
multi-dimensional understanding of the conversation, allowing systems to align their responses with both
factual content and emotional context (66).
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Recent studies have also explored methods for fusing external knowledge with internal model repre-
sentations (67 68). For example, modified attention mechanisms have been proposed that incorporate
enriched knowledge representations from graph-based models (42)). By adapting the multi-head attention
in transformers to include keys and values derived from both commonsense and domain-specific sources,
these approaches enable a more controlled and context-sensitive response generation process (69). Such
methods not only improve the semantic richness of the output but also help maintain consistency in emo-
tional tone and therapeutic intent. Furthermore, integrating external knowledge into dialogue systems has
proven particularly beneficial in mitigating issues such as neural text degeneration and incoherent output
(705 [71). Models augmented with commonsense knowledge have shown improved capability in generating
responses that are both informative and emotionally supportive (415 42). This integration is especially
critical in the mental health domain, where the subtleties of empathy and sentiment can significantly
impact therapeutic outcomes (72). Overall, the fusion of domain-specific pretrained models with external
commonsense frameworks represents a promising avenue for developing robust and empathetic virtual
mental health assistants (73).

2.5 Summary and Gap Identification

The series of literature reviewed in this chapter illustrates a rapid evolution of dialogue systems, from
early rule-based approaches to sophisticated transformer-based architectures that now underpin mental
health applications. In particular, recent studies have demonstrated that understanding interactions’
core attributes and state-of-the-art dialogue modeling techniques significantly improves the contextual
relevance and therapeutic alignment of generated responses (74; (75). However, despite these advances, a
key challenge remains: most existing systems are primarily optimized for generic conversation without
a dedicated focus on the unique nuances of mental health counseling. Equally, the growing crisis in
global mental health has spurred the development of digital interventions that aim to bridge the gap
in access to care. Studies have shown that VMHAs and OMHCs can provide cost-effective, scalable
support (25). Nevertheless, these platforms often fall short in dynamically capturing and responding to
complex signals. Another important dimension emerging from the literature is the integration of external
domain-specific knowledge into dialogue systems. Models that combine pretrained mental health-specific
embeddings with commonsense reasoning frameworks (e.g., COMET) have shown promise in generating
emotionally nuanced and context-aware responses (415; 42). Yet, the challenge of effectively merging
these heterogeneous sources of information remains unresolved. Current approaches often struggle with
maintaining consistency and avoiding hallucinations while ensuring that the responses are both informative
and empathetic.

Overall, while substantial progress has been made across multiple facets, a significant gap persists
in unifying these threads into a coherent, adaptive framework that can eventually support either the
professionals or methods in the space of support delivery. This thesis focuses on developing holistic
models that seamlessly combine these elements, ensuring that digital interventions not only simulate
human-like dialogue but also continuously understand to the complexities in human interactions to further
have better control over the generations of aforementioned methods.
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3. Dialogue-act Classification

The onset of the COVID-19 pandemic has brought the mental health of people at risk.
Social counseling has gained remarkable significance in this environment. Unlike general
goal-oriented dialogues, a conversation between a patient and a therapist is considerably
implicit, though the objective of the conversation is quite apparent. In such a case, under-
standing the intent of the patient is imperative in providing effective counseling in therapy
sessions, and the same applies to a dialogue system as well. In this work, we take forward a
small but an important step in the development of an automated dialogue system for mental
health counseling. We develop a novel dataset, named HOPE, to provide a platform for the
dialogue-act classification in counseling conversations. We identify the requirement of such
conversation and propose twelve domain-specific dialogue-act (DAC) labels. We collect
~ 12.9K utterances from publicly available counseling session videos on YouTube, extract
their transcripts, clean them, and annotate them with DAC labels. Further, we propose
SPARTA, a transformer-based architecture with a novel speaker- and time-aware contextual
learning for the dialogue-act classification. Our evaluation shows convincing performance
over several baselines, achieving state-of-the-art on HOPE. We also supplement our experi-
ments with extensive empirical and qualitative analyses of SPARTA.

3.1 Introduction

Mental illness remains an alarming global health issue today. Due to the COVID-19 pandemic, there has
been a significant growth in mental health disorders such as depression, attention deficit hyperactivity
disorder (ADHD), and hypertension (76)). A recent study shows an unprecedented 20% increase in patients
with mental health illnes Similar study discusses the adverse impact on the mental health of US college
students due to the pandemic (77).

Counseling therapy can benefit many people at risk by providing them emotional support. Amidst the
surge in the number of patients, it has become a challenge for therapists to diagnose too many patients.
On the other hand, patients have found it difficult to access the services of the therapist amid lockdown.
Counseling therapy is a sophisticated procedure that deals with the expression of emotion and intent
of patients with different personalities. To build a strong therapeutic relationship with the patient, it is
essential for a therapist to develop a better understanding of the implicit intents of the patients. The
nature of conversations in a social counseling setting is particularly distinct as compared to a conventional
chit-chat or goal-oriented conversations. It follows a pattern which is different from both goal-oriented
and general chit-chat based conversations. Usually these conversations begin with greetings followed
by the therapist inquiring for problems faced by the patient. The therapist usually delves deeper into a
particular problem acquiring as much context and fine-grained information before advising a remedy.
These conversations also heavily utilise the contextual information of the entire conversation history.
Moreover, the prime objective of the conversation is to understand the explicit and implicit requirements
of the patients and suggest potential solutions accordingly. In comparison, a traditional goal-oriented
dialogue system does not regard any implicit requirements, whereas a chit-chat based system lacks a

"https://www.kff.org/coronavirus-covid- 19/issue-brief/the-implications-of-covid-19-for-mental-health-and-substance-use/



Utterance DAC

Therapist: Jackie, how are you? Greeting

Patient: Okay, How are you? Greeting

Therapist: Thanks for asking. I see that you have signed a release so I could talk to  Information Request
your mother and that she brought you in today. What’s going on there?

Patient: They think I have a drinking problem. My family.. Information Delivery
Therapist: Your family thinks you have a drinking problem? Clarification Request
Patient: Yeah. So we really started this was this past weekend.... Clarification Delivery
Therapist: So they asked you to come into the agency? Clarification Request

Patient: Yeah, you know, I don’t want them to hate me or anything. So I agreed to  Clarification Delivery
come.

Table 3.1: Example of a sample conversation session between a patient and a therapist. Each utterance
has an associated dialogue-act classification (DAC) label.

target and does not care about the final solution. Another major difference is the length of utterances and
conversations in a counseling session. These are particularly lengthy as patients describe their issues,
while the therapists list out possible causes and preventive solutions.

The task of Dialogue-act classification (DAC) is cardinal in a dialogue system and even more so in
counseling based conversations. It deals with understanding the intended requirements of the utterances,
which essentially act as one of the precursors for the dialogue response generation. For instance, we
present an example of a therapy session in Table For each utterance, a corresponding label defines
its dialogue-act. The first two utterances are a part of the complementary greetings that usually occur
at the beginning of a natural conversation. Subsequently, in the third utterance, the therapist leads the
conversation and requests for information. In response, the patient delivers the requested information.

Earlier studies like (78;[79)) tackle the task of dialogue-act classification on chit-chat based conversation
datasets such as Switchboard corpus (80). Their proposed architectures take into account the contextual
dependency of an utterance that aids in efficient dialogue-act classification. For example, an utterance
tagged as having a dialogue-act ‘question’ has a high probability of being followed by an utterance with
tag ‘answer’. In another work, (81) argued that the information of speaker change is a critical feature in
the dialogue-act classification task. Considering the severity of the issue and the complexity of the task,
designing an automated system can facilitate the counseling sessions or assist the therapist, thus allowing
them to cater to more patients. Literature in the natural language processing domain suggests a significant
effort in understanding and building models for conversational dialogue (82;83;84;85). However, there
are hardly any models that support mental-health counseling as a dialogue system; this is primarily due to
lack of data.

In this work, we aim to address these limitations by creating the HOF’ dataset which consists of therapy
conversations covering cognitive-behavioral therapy (CBT), child therapy, family therapy, etc. The HOPE
dataset contains ~ 12.9K utterances across 212 mental-health counseling sessions. Each utterance in
the dataset is tagged with one of the 12 counseling-aligned dialogue-act labels (c.f. Section[5.3). We
also propose SPART a novel speaker- and time-aware contextual transformer model for dialogue-act
classification. SPARTA exploits both the local and global contexts along with the speaker-dynamics in
the dialogue. We model the problem as a dialogue-level sequence classification task, where the aim is to
predict an appropriate dialogue-act for each utterance in a dialogue. To incorporate the global context,
we employ a Gated Recurrent Unit (GRU) (86)) that takes an utterance representation at each step of the

*Mental Health cOunselling of PatiEnts
3SPeaker and time-AwaRe conTextual trAnsformer
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dialogue. In addition, we introduce a novel time-aware attention mechanism to capture the local context
— a sliding-window based memory unit is maintained, and subsequently, a cross-attention between the
current utterance and the memory unit is computed. Our evaluation shows substantial improvement in
performance in comparison to the recent state-of-the-art systems. Furthermore, we provide empirical
evidences for each module of SPARTA using an extensive ablation study and detailed analyses. We
summarize the main contributions of our current work as follows.

» We present HOPE, a novel and large-scale manually annotated, counseling-based conversation data
for dialogue-act classification. To the best of our knowledge, the current study is one of the first
efforts in compiling a dataset related to the mental-health counseling dialogue system.

* To cater to the requirements of counseling conversations, we define a novel hierarchical annotation
scheme for the dialogue-act annotation. We propose twelve dialogue-act labels that are aligned with
mental-health counseling session.

» We propose SPARTA, a novel dialogue-act classification system that combines speaker-dynamics
and local context through a time-aware attention mechanism, along with long-term global context.

» We perform extensive ablation study to establish the efficacy of each module of SPARTA. Further-
more, the comparative analysis shows that it attains state-of-the-art performance on HOPE.

Societal Impact. A significant increase in the number of mental health issues has been observed in the
last few years. The lack of therapists is a stumbling block to the mental health of society. Therapist-Bots
(mental health chatbots) could bridge the gap by effectively interacting with patients and understanding
them. Conversely, end-to-end chatbots in the mental health domain are delicate, where every aspect of the
therapy is needed to be perceived precisely. Our research aims at the dialogue-understanding module in
the mental health conversational system. The ongoing research in the mental health domain could exploit
this work and benefit the chatbots to understand the therapy conversation in a better way.

3.2 Related Work

The current work is connected to the existing literature in at least two dimensions — first, the dialogue-act
classification, and second, text processing for mental health counseling. We present our literature survey
for both dimensions.

Mental Health and the role of text processing. The impact of Natural language processing in the
study of mental health is substantial. Though the field of therapeutic discourse analysis has been around
since 1960s (87)), research on dialogue systems in mental health domain is in a nascent stage. Previous
research on mental health intervention systems primarily focused on the problems related to the early
suicide ideation detection through by combining text-based cues with social network information and
historical author profiling (88) or generating empathetic responses to users (89). (90) studied the mental
health notes to detect suicide ideation, whereas, (91) employed text processing to detect symptoms of
anxiety and depression using social media text. In another work, (92) showed the importance of several
keywords in revealing users’ social and psychological behaviours. (93) proposed an emotion-aware model
for human-like emotional conversations.

(94) presented the Distress Analysis Interview Corpus (DAIC) to identify verbal and non-verbal cues
of distress during an interview. Among other methods, the data collection was done using the automated
agent Ellie based on the work of (95). Recently, (96) presented a survey of the chat-bots in the mental
health domain. The authors compared the strengths and weaknesses of three existing conversational
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agents, namely Wys Woebo and J oyﬁ The drawbacks of these systems are that some of these are
rule-based, while others are primarily data collection module for an offline counselling. In comparison,
ours is the effort in the development of an online counselling system.

Dialogue-act Classification. Studies on dialogue systems have always fascinated researchers ever since
ELIZA (97), the first rule-based system was developed. The dialogue-act classification module is one of
the most critical components of a dialogue agent which caters to the requirement of the dialogue system
by serving at the natural language understanding helm of the dialogue system.

Previous research treats the problem of dialogue-act classification either as a standalone text classifi-
cation task or a sequence labelling task. Recently, (98)) suggested a sequence-to-sequence text generation
approach for the dialogue-act classification. Earlier studies like (99) and (100) focused on lexical, syntac-
tical, and prosodic features for classification. In another work, (101) employed CNNs (102) and CRFs
103). (104) proposed a method based on CNNs and RNNs (105) that used the previous contextual
utterances to predict the dialogue-act of the current utterance.

(78) proposed a contextual dialogue-act classifier (CDAC) and used transfer-learning to train their
model on human-machine conversations. The model proposed by (106) uses self-attention mechanism
on RNNs to achieve impressive results on benchmark datasets. However, these works do not take into
account the speaker-level information which is imperative in social-counseling based conversations. (107)
proposed a method to detect relevant context in retrieval-based dialogue systems. (108) proposed a
CRF-attentive structured network to capture the long-range contextual dependencies using structured
attention mechanism. (109) proposed to classify concurrent dialogue-acts of an utterance by modelling the
contextual features. Recently, (110) used co-interactive relation networks to jointly capture sentiment and
the associated dialogue-acts with an utterance. Their model achieved significant results on Mastodon (84)
and DailyDialog (82) datasets. Similarly, (111) jointly learns the dialogue-act classification and emotion
recognition tasks in a multi-modal setup.

To the best of our knowledge, the model by (112) is the first one which takes speaker transitions
for DAC into account. It uses a modified version of CRFs to capture the speaker-change and achieves
state-of-the-art results on SwitchBoard dataset (80). Similar to earlier works, we also treat DAC as a
dialogue-level sequence labelling task. We jointly take the global and local contexts of the conversation
and the speaker of the utterance as the key factors for the classification. We hypothesize that such
information offers crucial clues at different stages of the model. In contrast, the existing systems had
incorporated the role of global context and speakers dynamic independently.

3.3 Dataset

In this section, we present our dialogue-act classification dataset, called HOPE. In total, we annotated
~ 12.9K utterances with 12 dialogue-act labels carefully designed to cater to the requirements of a
counseling session. The remaining section furnishes the details of data collection, annotation schemes,
dialogue-act labels and necessary statistics.

*“https://www.wysa.io/
>https://woebothealth.com/
®https://www.hellojoy.ai/support

17



Dialogue-act labels
Split  Speaker ID IRQ GT GC CRQ YNQ CD ACK PA NA OD ORQ Total

Patient 1886 23 155 494 77 12 666 607 269 271 205 3 4668

Trait  pperapist 393 1474 212 820 710 692 83 125 6 7 40 180 4751

| est Patient 466 7 32 122 13 6 189 97 73 66 48 - 1119
Therapist 66 376 44 209 199 134 15 31 6 - 8 34 1122

ya  Patient 246 3 17 83 8 - 97 63 34 27 16 1 595
Therapist 41 194 22 113 101 8 10 16 - - 3 14 59
Tota] FAtient 2598 33 204 699 98 18 952 767 376 364 260 4 6382

Therapist 500 2044 278 1151 1010 911 108 172 12 7 51 228 6472

Table 3.2: Dialogue-act distribution in HOPE. The train, test, and validation splits are 70:20:10

Data Collection

One of major hurdles we faced in the process of data collection was the unavailability of public counseling
sessions, mainly due to the fact that they usually contain sensitive personal information. To curate this
data, we carefully explored the web and collected publicly-available pre-recorded counselling videos on
YouTube. A substantial proportion of these recordings are mock or demonstration therapy sessions created
for accredited training programs, educational resources, or public outreach by licensed professionals, and
were selected for inclusion based on conversational coherence, adherence to clear therapeutic structure,
and alignment with accepted counseling techniques. To ensure confidentiality, we randomly assign
synthetic names to all patients and therapists in all examples.

In the next step, we extract the transcriptions of each video using OTTER (https://www.otter.ai/), an
automatic speech recognition tool. Subsequently, we correct transcription errors to remove any noise (i.e.,
spelling or grammatical mistakes). The data collection process provides us 12.9 K utterances from 212
counseling therapy sessions — all of them are dyadic conversations only.

Dataset Annotation Scheme

Since the counseling conversations have inherent differences with the standard conversations (such as the
SwitchBoard dataset conversation), it demands a carefully designed set of dialogue-act labels capable of
catering to the requirements of counseling conversations. Drawing inspiration from foundational speech
act theory (113;[114) while recognizing its limitations for this domain, we, in consultation with therapists
and counseling experts, design a set of 12 dialog-act labels that are arranged in a hierarchy. These labels
are designed to capture the intents of both the patient and therapist, and also be easily comprehensible
to assist in the development of a conversational dialogue system. A high-level annotation hierarchy is
shown in Figure Each utterance in the dialogue belongs to one of the three categorie— speaker
initiative, speaker responsive, and general or mixed initiative. Our annotation scheme assigns three distinct
dialogue-act labels to the first two categories, while the remaining four labels belong to the general
category.

» Speaker initiative labels: When the speaker drives the conversation for the next few utterances.
— Information Request (IRQ): This label is used as a request for some information, e.g., ‘Tell me
your name.’.

"Sometimes, an utterance can have multiple dialog-acts; however, they are rare in the annotated dataset. Hence, for simplicity,
we consider only one (primary) label for each utterance.
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Opinion Information Acknozﬁgclj(g)ement Positive (CD) Negative
Request Request Answer Answer

Figure 3.1: Annotation tree for HOPE.

— Yes/No Question (YNQ): The YNQ label is similar to IRQ; however, the expected response is a
trivial yes or no answer. For example, the utterance, ‘Did you complete your work?’ shows how a
query is raised with an expected answer of yes or no.

— Clarification Request (CRQ): This label is assigned to those utterances in which a speaker usually
asks the therapist for further clarification about topic that is being currently discussed. The
distinction between IRQ and CRQ is the continuation of topics — IRQ is used whenever a
discussion about a new topic or entity is started, and CRQ is used when the speaker wants to
gather more information and delves deeper into the current topic at hand. For instance, if the
therapist asks You’re in a situation where there is alcohol? and follows it with another utterance
And what sort of situations are you in?, the later utterance is an example of clarification request as
the therapist delves deeper to seek causes of distress for the patient.

— Opinion Request (ORQ): The ORQ label is used when the speaker seeks opinions of the listener.
For instance, the utterance How does it feel to tell me about this? is labelled as Opinion Request.

* Speaker responsive labels: The dialogue-act labels under this category are used in response to the
speaker initiative labels.

— Clarification Delivery (CD): This label is used when the speaker provides further clarifications
about a topic/entity under discussion. For example, while discussing about charges that have been
levied upon the patient, the therapist asks ‘You mean get out of the charge?’ and in response, the
patient responds with the utterance Yeah. I mean, I feel like they’re probably gonna make me like
go to like rehab or something like that. And I don’t want to do that.. The patient response is an
example of a clarification delivery.

— Information Delivery (ID): When the speaker provides some factual objective information about
herself. For instance, the utterances ‘In my last job I worked in a paper factory.” and ‘I do not like
my present job, I am fed up with my boss.’ are the examples of information delivery.

— Positive Answer (PA): These labels are used when the utterance is an answer in the form of a
simple yes to a question that was previously uttered, e.g., ‘Are you alright’ or ‘Yes’.

— Negative Answer(NA): It is used when the utterance is an answer of the form of a simple No to a
question asked earlier.

— Opinion Delivery (OD): When the speaker explicitly lists out her/his opinions. For example, ‘You
don’t seem real certain.’
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* General: The utterances under this category can be uttered by either of the speakers under varying

circumstances.

— Greeting (GT): Each session usually starts with greeting by one speaker and an appropriate
response from the other, e.g., ‘Hello, how are you?’ and ‘I am fine, thank you.”. We tag each of

these utterances as GT.

— Acknowledgment (ACK): In normal conversation, very often, we utter (e.g., ‘Yeah! You are
right.”) to acknowledge the other speaker or to show our agreement without an explicit information
request, question, or command. We also observe such cases in our collected dataset; hence, we tag

them as ACK.

— General Chit-Chat (GC): Other utterances that do not belong to any of the above labels are tagged
as GC, possibly because of the vagueness and the lack of sense in the context of the conversation.
For example, the utterance ’It’s a beautiful day today!’ is an example of GC.

Annotation Process

We employed three annotator who are experts in linguistics.

To ensure the understanding of the
tasks and annotation scheme, we took a
sample of the dataset and asked each anno-
tator to annotate them as per the prepared
set of guidelines. Following this, every an-
notation was discussed in the presence of
the annotators and an expert therapist as
moderator to ensure consistency. After a
couple of annotation and discussion rounds,
the whole dataset was made available for
the annotation. After the annotation pro-
cess, we compute Cohen’s Kappa score
to measure the agreement among an-
notators. We obtain the inter-rater agree-
ment score of 0.7234 — which falls under
the ‘substantial’ (115) category.

Dataset Statistics

The broad definitions of speaker-initiative
and speaker-responsive dialogue-act label
pairs, IRQ & ID; ORQ & OD, and CRQ &
CD, seem complementary in nature. How-
ever, the dataset does not support the above
view entirely. To show the relationship be-
tween the respective speaker-initiative and
speaker-responsive dialogue-act label pairs,
we present a chord diagram in Figure

Figure 3.2: Relationship among DAC labels. The di-
rected connection U — U/, , shows the co-
occurrence counts of two sequential utterances
with x & y dialogue-acts, respectively.

For any two consecutive utterances U;* and U/ .1 With corresponding dialogue-act labels x and y, each

8 Annotators are in the age group of 25-35, with 2-10 years of professional experience.
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directed link (U} — Uty " 1) between the two labels reflects their co-occurrence, and the strength of the link
signifies their co-occurrence counts. Though a significant number of IRQ utterances are followed by ID
utterance, in a few cases, they are followed by other dialogue-act utterances as well (e.g., ACK, GC, etc.).
Similarly, ID utterances are not always preceded by IRQ utterances. We observe similar behaviour for
YNQ & PA, NA, and CRQ & CD dialogue-act pairs as well. Table[7.1|provides the statistics of the HOPE
dataset. In total, HOPE has transcripts for 12.9% utterances which are annotated with 12 dialogue-act
labels. These utterances are evenly distributed between the patients and therapists with 6.38 K and 6.47K
utterances, respectively. We split the dataset into 70:20:10 ratio as the train, test, and validation sets,
respectively.

In contrast to the regular patient-doctor conversations (e.g., SOAP), the dialogue sessions in HOPE are
usually lengthy (~ 59 utterances per session). Moreover, the utterances in these sessions are themselves
significantly longer as compared to other conversational datasets, with the average length of utterance of a
patient being 103 words, whereas for therapist, it is ~ 124 words.

3.4 Proposed Methodology

We represent a therapy session as a conversation dialogue D consisting of a sequence of utterances
U[l:m] = (Uy,Us,...,Upn), where m is the number of utterances in a dialogue. These utterances are
uttered by the therapists and patients alternatively in a session. The objective of SPARTA is to assign a
correct dialogue-act label y; to every utterance U, in the dialogue.

SPARTA is a transformer-based architecture that incorporates the speaker-aware contextual infor-
mation for the dialogue-act classification. In our analysis of the HOPE dataset, we observed that a few
of the dialogue-act labels are majorly associated with the patient, while a few others are related to the
therapist. To model the speaker dynamics within a conversation dialogue, we consolidate a speaker-aware
(SA) module in addition to the speaker-invariant (SI) module. The latter does not consider the distinction
between a therapist and a patient utterance, while the former module distinguishes between the two
through a pre-trained speaker identification module. Moreover, we also propose a novel time-aware
attention (TAA) mechanism that considers the positions of contextual utterances during the attention
computation. We hypothesize that the recent past contextual utterances have higher significance than the
distant past utterances; hence, as opposed to the standard attention mechanism, TAA focuses more on the
nearby (local) utterances.

For each utterance U, in a conversation dialogue, we extract the semantic representation through
pre-trained RoBERTa model (116), which is subsequently utilized to leverage the local (L;) and global
(G?) contextual information within the dialogue. We incorporate a sliding-window based dynamic memory
unit to compute local context through a time-aware attention mechanism. In parallel, we employ a GRU
layer to capture the dialogue history as global context. Our analysis reveals that a few dialogues contain
utterances which discuss a topic (or an entity) that has occurred at the initial stage of the dialogue, and to
correctly exploit the semantic of the utterance, the global information is desirable. We repeat the process
of local and global context extraction for both speaker-aware and speaker-invariant setups. Finally, we
combine these two representations with the residual connections for the classification. Figure[7.3|shows a
high-level architecture diagram of SPARTA.
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Figure 3.3: Architecture of SPARTA. For each utterance U;, SPARTA computes the local-context L;,
through a time-aware attention (7TAA) mechanism on the sliding-window memory unit and the
current utterance. The dialogue-level global context is maintained using a GRU G;. Finally,
the speaker-aware and invariant local and global contexts are fused for the task.

Utterance Representations

As mentioned above, SPARTA maintains two separate modules for capturing the speaker-aware and
speaker-invariant information. For speaker-invariant representations, we employ a pre-trained RoBERTa
language model which is further fine-tuned on DAC task. The speaker aware module is a RoOBERTa model
fine-tuned on Speaker Classification task.

HP! = RoBERTa! (UY); H* = RoBERT a4 (U")

Local Context and Time-Aware Attention

At every point in a dialogue, the nearby utterances provide important clues in the prediction of a dialogue-
act label for the current utterance. For example, if the previous utterance is an information request (IRQ),
then there is a good chance that the next label should be either information delivery (ID) or yes-no-answer
(YNA). Therefore, we exploit the local context maintained in a memory M;_., for each utterance U; in
the dialogue, where k is the fixed local-context size.

M = MRy ) — Mg + M2 © HYA (3.1)
M[ffk:t] = M[?tl—l)—k:(t—l)] - M[Iizjk-&-l] + M[ffu} & HY' (3.2)
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We utilize TAA to learn the importance of contextual utterances based on their distance from the
current position. At first, we pass the utterance representation (H;), as computed by RoBERTa in the
previous step, through a ranh activation layer to obtain the pooler output, and subsequently project it as
the query (¢ € R'*?) vector in the attention computation. On the other hand, the contextual memory
Mi;_y.4) is projected as the key (K € RE*dy and value (V € R¥*?) matrices. Next, we encode the local
context as follows:

L, = Softmaa:(#)V;DERk, Di:%;szz 1<i<k

To extract the time-aware feature, we scale-down the dot product between the guery and the key by
a monotonically decreasing function of time. The inverse function was chosen based on its empirical
advantage as shown in (117). The hypothesis for scaling-down the dot-product is due to the fact that as
we move deeper into the dialogue history their influence on the dialogue-act reduces accordingly. Similar
interaction dynamics was used in (118); but to our knowledge, we introduce an inverse function for the
first time to compute the fixed window size attention for local context. Following the above procedure, we
compute local contexts Lf A and Lf T for both speaker-aware and speaker-invariant modules, respectively.

Global Context

As the dialogue progresses, we maintain the global context of the dialogue through a GRU layer on top of
the RoBERTa hidden representations.

Fusion and Final classification

Finally, we fuse the local and global contexts of speaker-aware and speaker-invariant modules for the final
classification. We also add residual connections for better gradient flow during backpropagation. Our
validation results supplement the choice of concatenation as the fusion operation to be better than other
operations such as global max-pooling, global mean-pooling, etc.

3.5 Experiments, Results, and Analysis

In this section, we report our experimental results. We compared the SPARTA with several state-of-the-art
models and present analyses.

Baselines

We choose the following existing systems as baselines. » CASA (79): It is a context-aware attention-
based system for the dialogue-act classification. It uses RNNs at dialogue and utterance levels and
computes context-aware self-attention before the final classification. » SA-CRF (81): This recent
baseline incorporates a CRF layer for the classification. Moreover, it consolidates the speaker-change
information using a Bi-LSTM encoder.

In addition to these recent baselines on dialogue-act classification, we also include other sequence-
labeling classification systems. » DRNN (119): It is a novel Disconnected RNNs architecture that
incorporates the position-invariant features for modeling. » ProSeqo (120): It was proposed to efficiently
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handle the short and long texts using dynamic recurrent projections and locality-sensitive projections
{121). » TextVDCNN (122): This is a deep convolutional network with residual connections for text
classification. The convolutional layer works at the character level, and k-max pooling is used to down-
sample the output of convolutional layers for classification. » TextRNN (123): This was the first work to
integrate RNNs into the multi-task learning framework. We use the uniform layer architecture as described
in the paper. » RoBERTa (116): We use RoBERTa as a baseline in this work due to its superiority on
various benchmarks. RoBERTa is similar to (124).

Experimental Results

For the experiments, we randomly split the HOPE dataset into 70 : 20 : 10 ratio for the train, test,
and validation sets. To measure the performances of SPARTA and other baseline systems, we compute
macro-F1, weighted-F1, and accuracy scores. We implemented our system in PyTorch (125) and utilized
the pre-trained models from Huggingface Transformers library.

. Precision Recall F1
Model Type of Modelling Macro Weighted Macro Weighted Macro Weighted Accuracy
TextVDCNN (122) Ut 11.01 21.02 19.53 38.53 13.37 36.81 41.77
ProSeqo (120) Ut 9.77 17.60 11.20 27.90 7.11 14.29 27.35
(RoBERTa{lle) 1 U 5101 5812 4714 5297 @ 4397 4913 = 5297
TextRNN (123) U'+GC 30.27 37.92 27.9 41.76 25.55 36.81 41.77
DRNN (119) U'+GC 28.39 36.72 31.87 44.32 28.12 37.82 4432
CASA (106) Ut +GC 59.78 62.56 51.22 58.46 51.65 55.95 58.46
_SPARTABS U'+GC 5894 6231 5202 5770 5183 5498 5770
SA-CRF (81) U! +LC +SA 33.30 38.97 26.18 45.07 3597 24.20 45.07
SPARTA-BS U'+GC+SA 58.87 63.02 53.28 58.41 52.22 55.57 58.41
SPARTA-MHA (3-fold CV) Ut +1C + GC + SA 69.60 71.77 59.45 62.67 59.00 62.12 62.67
SPARTA-TAA (3-fold CV) 71.01 72.36 60.49 63.82 60.74 63.38 63.82
"SPARTA-MHA P 6024 6653  59.64 6345 5816 6326 6345
SPARTA-TAA UHLCHGCHSA 15 6736 6113 6475 60291 64.530 64751
Significance T-test™ (p-value) 0.009 0.014 0.048

Table 3.3: Table showcasing the performance of baseline models as compared with our SPARTA model.
U represents the use of Utterance representation, GC represents Global Context, LC represents
Local Context and SA means the presence of Speaker Aware representations. The dagger
symbol () represents statistically significant results compared to the best baseline, CASA.

We also present the label-wise

performance of SPARTA in Table[3.4]

ACK

CD

CRQ

GC GT

ID

IRQ

OD

NA

PA

ORQ YNQ

We can observe that SPARTA consis-
tently yields good scores for the ma-

Pre 44.08
Rec 5234
F1 47.86

89.91
48.04
62.62

50.72
49.53
50.12

87.38 60.24 63.76 70.95 53.19 5875 57.33
5438 65.79 81.02 77.81

44.64 71.21

48.5 61.36

5443 7647 57.86

67.04 62.89 7136 7422 4854 6438 5584 59.09 59.56

jority of the dialogue-acts, except for
the Acknowledgement (ACK) where
it records an Fl-score of merely

Table 3.4: Label-wise classification report for SPARTA-TAA.

47.86%. Even for the under-represented labels (ORQ,NA and PA) in HOPE, SPARTA reports good
F1-scores of 59.09%, 64.38%, and 55.84%, respectively for these three labels.

Comparative Analysis

We compare SPARTA with various existing systems and other baselines. The comparative analysis is
reported in Table Based on the type of modeling, we categorize the baselines into three groups
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Prediction

Utterances Gold ~=ASA SPARTAT SPARTAM
Therapist: Hi Angela, how are you doing today ? GT GT GT GT
Patient: I am all right, thanks GT GT GT GT
Patient: I mean, what can I say I lost my job. I'm seeing you 1D ID ID CD

because I have a drinking problem. So things are not that great.

Therapist: When you’re drinking does it still feel good? IRQ IRQ IRQ IRQ

Patient: Nothing really feels good. ID ID ID ID
Therapist: Just gets back to normal? CRQ CRQ CRQ CRQ
Patient: Yeah, pretty much. CD ID CD ID
Therapist: When was the last time you drank ? IRQ IRQ IRQ IRQ
Patient: This morning. ID ID ID GC
Patient: Oh, I should stop. I mean, like, I'm not, not unrealisticO ID OD ID
Therapist: Yeah ACK OD ACK ACK

Table 3.5: An example therapy session showcasing the differences in predictions between the baseline
and SPARTA. SPARTA-T and SPARTA-M refer to the SPARTA-TAA and SPARTA-MHA
models. We truncate the dialogue due to its length (total 151 utterances).

— utterance-driven (Uy), utterance+global context driven (Uy + GC), and utterance + global context +
speaker-aware driven (U; + GC + SA). Comparatively, SPARTA incorporates local context in addition to
utterance, global context, and speaker dynamics (U; + LC + GC + SA). In the first category, the standard
RoBERTa model attains the best macro-F1, weighted-F1 and accuracy of 43.97, 49.13, and 52.97%,
respectively. In comparison, CASA (79) yields the improved weighted-F1 and accuracy scores at 55.95%
(+6.82%) and 58.46% (+5.49%), respectively, with the global context as an additional information.
Finally, we experiment with SA-CRF (81) which also includes the speaker dynamics for the dialogue-act
classification; however, its performance on HOPE is not at par with CASA (79). It reports 35.97, 24.20,
and 45.07% macro-F1, weighted-F1, and accuracy, respectively. In comparison, SPARTA-TAA obtains
significant improvements over all baselines. It reports improvements of +8.64%, +8.58%, and +6.29%
in macro-F1 (60.29), weighted-F1 (64.53), and accuracy (64.75%), respectively, as compared to CASA
suggesting the incorporation of local context extremely effective. Note that ProSeqo (120) and CASA (79)
are currently the state-of-the-art on switchboard dialogue-act corpus benchmarkﬂ; yet they report inferior
scores on HOPE compared to SPARTA. Moreover, we also report the mean of the 3-fold cross-validation
results for both SPARTA-MHA and SPARTA-TAA, and the results are consistent with the train-val-
test split case. We also perform a statistical significance T-test comparing SPARTA-TAA and the best
performing baseline (CASA). We observe that our results are significant with > 95% confidence across
macro-F1 (p-value= 0.009), weighted-F1 (p-value= 0.014), and accuracy (p-value= 0.048) values.

Error Analysis

In this section, we present two-way error analyses of SPARTA in terms of quantitative and qualitative
evaluations. Quantitative analysis: We report the confusion matrix for SPARTA-TAA in Figure
We observe three pairs with significant error rates (> 25%) — YNQ:IRQ (26%), OD:ID (43%), ID:ACK

*https://paperswithcode.com/sota/dialogue-act-classification-on-switchboard
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(28%). For the prediction of information delivery (ID), SPARTA is confused most of the time with other
classes — 19% with PA, 20% with NA, 43% with OD, 13% with GT, 17% with GC, 14% with CRQ, 28%
with ACK, and 22% with CD.. We can relate this behavior to the diversity of the utterances with ID
tag, i.e., the discussion in these utterances generally contains a fair segment of utterances from other
dialogue-acts (e.g., ‘Yeah, That’s something I always do.” could be easily be confused with PA). The other
prominent error case is found in IRQ:YNQ pair, we observe a confusion of 26% between IRQ and YNQ
utterances because of the versatile questioning behavior. For the remaining cases, error rates are nominal.
Thus, we articulate that SPARTA can be further improved with a more balanced dataset.

Qualitative analysis:  Table shows a sam-
ple session along with actual and the predicted

dialogue-act labels for SPARTA and the best base- H o L om Tom Lo D o1 o oo T Lo | o
line model (i.e., CASA). Due to the length of the

conversation, we truncate some of the utterances n
in between; however, the gist of the conversation ﬂ
is that the patient is stressed of losing her job and s | °= | * | = H

having drinking issues and the therapist is trying
to understand the core problem. The conversa-
tion has mostly information request and informa-
tion delivery types of utterances with a few other
dialogue-acts in between (e.g., CRQ GT, etc.).
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We can observe that for the first three utter- * 5 7"
ances, SPARTA and the baseline are consistent
with the actual labels. For the fourth utterance,
the SPARTA-MHA model misclassifies the utter-
ance as CD when the patient is clearly providing
objective information that is necessary for further
conversation. In the seventh utterance, the ther- Figure 3.4: Confusion matrix for SPARTA-TAA.
apist wants more clarification about the drinking
habits, and the patient provides the clarification
but CASA and SPARTA-TAA models wrongly classify this utterance as ID when there is no objective
information being provided here. Next, we notice that when the patient talks about stopping this and
provides her opinion that she is not unrealistic, the SPARTA-MHA and CASA models predict the wrong
label for this utterance as ID. In the next utterance, the therapist acknowledges this opinion, but the CASA
model predicts the wrong label. So, not only is the SPARTA-TAA model able to capture the semantics
of the utterances better, it also utilizes the contextual information in a better way by relating the past
information about the speaker with the current utterances.
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General Discussion: The work presented in this paper was motivated solely by the dire need of
understanding conversations that occur in counseling sessions and to design solutions that would help the
therapists to better understand the intents of their patients. However, the proposed model can be easily
adaptable to other domain (such as normal chit-chat-based conversation) as well. To ensure we do not
deviate from the prime objective of this work, we restrict ourselves to explore the dialog-act classification
in the counseling conversations only.
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3.6 Limitations

We aim to tackle a very sensitive and pervasive public health crisis. We transcribe the data from publicly
available counseling videos. The automatic transfer of utterance from the speech modality to the text
causes some information loss, though we tried our best to recover them through manual intervention.
Moreover, we consulted with mental-health professionals and linguists in preparing the annotation
guideline. However, the annotator’s bias cannot be ruled out completely. The names of the patients and
therapists involved in these sessions have been systematically masked. Another important aspect of the
current work is that the majority of the sessions in HOPE belong to mental health professionals and
patients based in the United States. Hence, the effectiveness of SPARTA on data from other geographical
or demographical regions may vary. We understand that building computational models in mental-health
avenues has high stakes associated with it and ethical considerations, therefore, become necessary. No
technology will work perfectly in solving the problems related to mental health (126). It is important to
note that we do not make any diagnostic claims. Further, the deployment of any such technology will be
done keeping in mind the safety-risks and mitigating any sources of bias that may arise.

3.7 Summary

Paying heed to the consequences of the COVID-19 pandemic on mental health, in this paper, we raised the
attention on the much deserved research on dialogue system for mental-health counselling. To this end,
we collected and developed the HOPE dataset for the dialogue-act classification in dyadic counselling
conversations. We defined twelve dialogue-act labels to cater to the requirement of counselling sessions.
In total, we annotated ~ 12.9k utterances across 212 sessions. We also proposed SPARTA, a novel
transformer-based speaker and time-aware joint contextual learning model for dialogue-act classification.
SPARTA utilizes the global and local context in the speaker-aware and speaker-invariant setups while
also using a novel memory-driven time-aware attention mechanism to leverage the local context. Our
extensive ablation study and the comparative analysis established the superiority of SPARTA over several
existing models. In future, we would like to extend our effort in the development of dialogue-systems
for mental-health counselling by including other crucial tasks such as emotion recognition, dialogue
summary generation, dialogue-state tracking, empathetic response generation, etc. Another dimension of
the future work is to include other languages and demographic diversities to cater the requirements of a
larger population.
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Part 11

Counseling Summarization
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4. Domain Knowledge for Counseling

Summarization

The psychotherapy intervention technique is a multifaceted conversation between a therapist
and a patient. Unlike general clinical discussions, psychotherapy’s core components (viz.
symptoms) are hard to distinguish, thus becoming a complex problem to summarize later.
A structured counseling conversation may contain discussions about symptoms, history
of mental health issues, or the discovery of the patient’s behavior. It may also contain
discussion filler words irrelevant to a clinical summary. We refer to these elements of
structured psychotherapy as counseling components. In this paper, the aim is mental health
counseling summarization to build upon domain knowledge and to help clinicians quickly
glean meaning. We create a new dataset after annotating 12.9 K utterances of counseling
components and reference summaries for each dialogue. Further, we propose ConSum,
a novel counseling-component guided summarization model. ConSum undergoes three
independent modules. First, to assess the presence of depressive symptoms, it filters
utterances utilizing the Patient Health Questionnaire (PHQ-9), while the second and third
modules aim to classify counseling components. At last, we propose a problem-specific
Mental Health Information Capture (MHIC) evaluation metric for counseling summaries.
Our comparative study shows that we improve on performance and generate cohesive,
semantic, and coherent summaries. We comprehensively analyze the generated summaries
to investigate the capturing of psychotherapy elements. Human and clinical evaluations
on the summary show that ConSum generates a high quality summary. Further, mental
health experts validate the clinical acceptability of the ConSum. Lastly, we discuss the
uniqueness in mental health counseling summarization in the real world and show evidences
of its deployment on an online application with the support of mpathic.ai.

4.1 Introduction

Mental health counseling is one of the front-line defenses against mental health illness. In medical and
primary care settings, the doctor follows a highly-structured assessment approach that elicits specific
information about the patient’s medical problems to rule out different diagnoses. In psychotherapy
counseling sessions, patients take center stage in elucidating their situation with subtle details. The
therapist introduces diverse auxiliary context in conversations to put the patient at ease, discuss events
happening in the patient’s recent past including the feelings, reflections and emotions that the patient
experiences, and other relevant topics. Follow-up conversations with the patient are also vital for a
successful treatment. The points of the counseling session that are crucial for continuity of care in follow-
up and treatment planning include: (a) the patient’s presenting problem, (b) symptoms and diagnosis, (c)
treatments (current and prior), (d) mental status and risk assessment, and (e) other varied context and
history. An efficient way to present this information to a therapist is to summarize the therapist-patient
conversation. The process highlighted earlier, differentiates a mental health counseling session from other
medical conversations, and extraction of relevant utterances is key to avoid noise in generated summaries.
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Abstractive Counseling Summary

The state-of-the-art models are capa-
ble of generating semantically rich text;
however, to pick the fitting symptoms
and essence of the counseling problem
is still a challenge. In this paper, we in-
corporated mental health domain knowledge using the Patient Health Questionnaire (PHQ-9) (131) to
represent an established set of questions to assess the patient’s mental health symptoms. The PHQ-9 specif-
ically assesses depressive symptoms but represents an example of symptom-specific domain knowledge.
This approach could be generalized to other frequently-used assessments focusing on other symptom
profiles like anxiety (e.g., GAD-7). Taking advantage of domain knowledge, we identify utterances cate-
gorized as discussion filler or irrelevant and will not be prioritized. Labeling across different counseling
conversations aids the model to map similarities and serve as the supervision signal to attend to salient
utterances and extract appropriate information to be a part of the summaries.

We propose ConSu a mental health counseling summarization architecture. The complete
pipeline of the model works in three different modules: (a) The first module (MH-Know) exploits domain
knowledge to filter utterances irrelevant to the counseling summarization task. (b) Secondly, we propose
a discussion filler classification module that filters irrelevant utterances like ‘yeah’, ‘ummm’, etc. (c)
The third module predicts the counseling components to utilize the structured therapy knowledge for
summarization task.

'"MEMO: Mental hEalth suMmarizatOn dataset
2ConSum: Counseling Summarization
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We run our experiments on the MEMO dataset. Evaluations show improvements across all baselines
and discuss the effect of counseling components and effective use of domain knowledge in our ConSum
model. Finally, we discuss the uniqueness of counseling summarization and explore the generalizability
of ConSum. Significant contributions of our work are as follows:

* We propose ConSum, a summarization model that exploits mental health domain knowledge and
counseling components.

» We propose a novel counseling summarization dataset - MEMO and present a novel annotation
scheme for psychotherapy elements viz. symptom and history, patient discovery, reflecting aspects,
and discussion filler in utterances of counseling dialogue.

* We propose a new problem specific metric to evaluate summaries i.e., Mental Health Information
Capture (MHIC) metric which reasonably evaluates summaries that are most useful from a coun-
seling’s perspective.

* Mental health experts in mpathic.ai meticulously analyzed MEMO. They studied the results on
various clinical and linguistic parameters to evaluate the acceptability of ConSum’s performance
for commercial and clinical application at scale.

4.2 Related Work

Given the critical nature of the medical domain, the pace of adoption of modern deep-learning models
did not gain enough traction for impactful change. Instead, it was used to address mundane medical
procedures. On the other hand, summarization is a long-studied problem in text processing. Earlier,
most of the focus and improvements were on extractive summarization, with a drastic shift to abstractive
summarization recently. Some of the work done in the medical health domain is discussed below, followed
by a section on technical progress in summarization methods.

4.2.1 Mental Health and NLP

One of the early works by (132) explored a simple information retrieval system to fetch information
from medical documents using document summaries. They employed medical ontology to help fine-tune
the user query; however, simple summarization methods limited its effectiveness. Later, an NLP-based
framework was introduced by (133) to identify a personnel’s physical exposure (in a battle) and their
emotional reaction to it. Their work highlighted the importance of subtle indicators of mental illness and
the advantages of diagnosing ‘early categories’, which in their case are a hand-crafted, frequent-word-
based ontology related to combat exposure. (134) analyzed clinical forms in mental health to cut down
on the arduous task of manual analysis using machine learning. Their work paved the way to explore
machine learning as a tool to automate tasks dependably, to a certain extent.

Secondly, certain efforts helped address mental health problems specifically. (135) showed a compre-
hensive study about the management of adults with Major Depressive Disorder (MDD). Their analysis
identifies different stages of depression and discusses an appropriate level of antidepressant to choose
based on the patient’s age, anxiety levels, and long episode duration. Subsequently, the prescribed
antidepressants are monitored for satisfactory patient response. This notion motivates the identification
of key indicators of the patient’s conversation with the therapist and follow-up sessions that rely on
the patient’s past interactions (and prescriptions). (136) experimented with neural network models to
predict the mental illness condition from neuropsychiatric notes. These notes comprised 300 words on
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average about the patient’s present illness and events associated with it, followed by a psychiatric review
system that mentions mental illness associated with the patient. Despite using various models such as
RNN, BiRNN, and LSTM, it is a straightforward classification problem among the 13 predefined mental
illnesses.

In deep learning based summarization models, extractive summarization (137) addressed the problem
of doctors going through elaborate discharge diagnoses by summarizing them using the BERT model.
They used character-level tokens to reduce the parameter size of the BERT model to deploy in low-resource
setups. However, there were no sizeable efforts made in explicitly capturing medical information in
summaries.

Some of the contemporary approaches include the work by (138) where they generated artificial
datasets from genuine mental health records. Besides, (129) focused on identifying PICO (Patient/Problem,
Intervention, Comparison, and Outcome) on a well-structured sequence of sentences from medical
documents to present a concise extractive summary only. Recently, to filter relevant utterances, (139) used
domain knowledge from patient health care questionnaire (PHQ-9) to build knowledge graphs. They used
an unsupervised approach to build abstractive summaries for the counseling session. (140) showed the
generation of summary in two steps, one for building chunks of partial summaries and then second for
fusing those chunks to generate final summary. Moreover, (141) showed an online application developed
based on medical domain-specific annotation and information extraction.

4.2.2 Dialogue Summarization

Broadly, the two categories of dialogue summarization tasks are extractive (utterance filtering) and abstrac-
tive (semantically rich). Summarization has been long studied under various settings (142;1143). Earlier,
(144) proposed a graph-based approach for extractive summarization wherein topical similarities between
each sentence are identified using Probabilistic Latent Semantic Analysis (PLSA). (145) highlighted two
broad extractive summarization techniques, which are superficial techniques including statistical-based
approach and knowledge-based methods for pre-training from a large corpora.

An observation on conversation summaries reveals that capturing salient points with a coherent
narration (abstractive) is the most succinct format to express. Hence, abstractive summarization gained
traction with early work by (128) exploring encoder-decoder architecture which was further extended
with suitable attention mechanism by (146) for abstractive summarization. Then, a mix of extractive and
abstractive summarization with a suitable copy model was introduced by (127). They used a generator
model for abstractive summarization, a copy model for extractive summarization, and a coverage vector
to limit repetition in summarization. In the sequence, (147) proposed a reinforcement learning-based
approach to extract the salient sentences and concised them to summary sentences with an abstractive
network. They employed a specific emphasis to reduce redundancy in the extracted utterances from the
conversation.

Further nuanced observation of the relation between salient sentence extraction and conversation
utterances shows the dependence on certain groups of utterances. On this basis, recent work by (148)
introduced topic distribution based on Latent Dirichlet Allocation (149). Extending on the idea of topic
segregation, (130) used three labels to tag each utterance with - Problem Description, Diagnosis, and Other.
They showed that adding utterance labels aids in summarization performance. Nevertheless, since their
reference summaries are extractive, the complexities of their models are limited. Further, (150) and (151)
pushed the boundaries of abstractive summarization by generating semantically rich sentences, diversely
adapted to different generative tasks. In the clinical conversation domain, (152) and (153) followed the
approach of important utterance selection for medical conversation summarization.
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4.3 Dataset

We create a novel dataset for the task of counseling conversation summarization in which we extend data
collected from the publicly available counseling conversation dataset — HOPE (1)). The dataset contains
12.9K utterances from 212 counseling conversations between therapist and patient. The dataset is gathered
from multiple counseling videos on publicly available platforms like YouTube. It belongs to diverse
demographic groups with distinct mental health matters and several therapists, helping researchers propose
a generalized approach. Further, the authors extracted transcriptions from the videos and pre-processed
them. Collected dialogues are dyadic, in which patients and therapists are the only interlocutors. Since
our task aims for counseling summarization built upon domain knowledge, we extend the HOPE dataset
to annotate psychotherapy elements and counseling summary. We consulted with a team of the leading
mental health experts and proposed a hierarchical labeling structure for each utterance. We discuss the
details related to annotation in Section The same experts helped us develop annotation guidelines
and validate the annotations. We now discuss the extended dataset, which we call MEMO.

Next, the task is to add psychotherapy elements to these dyadic conversations. We observe that the
conversations can contain three essential counseling components, namely symptom and history, patient
discovery, and reflecting utterances as shown in Figure The rest of the conversation between therapist
and patient falls under the category of discussion filler. Furthermore, to ensure the reference summaries
represent rich knowledge considering the clinical and linguistic perspectives and contained psychotherapy
elements, we follow the annotation guidelines designed by the team of mental health experts.

4.3.1 Annotation Process

Counseling conversations are typically =~ ,-==-===-==--=--=-----------------o-ooooo-- N
. . | Psychotherapy Elements
challenging as the patients are reluctant |
to express themselves in front of ther- i
apists. As a consequence, the thera- ! [ tory ] [Pa"e"‘(gt',) Y] [ Retesy ] ["' P "“'e']
pist articulately involves the patient into | e
the discussion. In support of this, we = S=------=-==---=---——---——“~-~—~—~——~-~—-——~--------- g
meticulously analyze counseling conver-
sations to symptom and history of the
mental health problem, the discovery of
the patient’s behavior, and insights into
the past story reflecting on the patient’s
current situation. The rest of the counseling conversation is generally enclosed with discussion filler
phrases. To better understand the counseling and support summarization task, focusing only on a subset
of knowledge-enhanced utterances, we annotate counseling components and discussion filler for all utter-
ances. With the help of a comprehensive annotation process in place, the techniques used by therapists are
highlighted with each utterance. Therapists can be significantly helped with Al-based tools adhering to
such domain-specific annotation guideline With the help of guidelines, the annotations keep track of
the therapy techniques; therefore, the summaries generated are succinct in their information.

Counseling Components

Figure 4.2: Hierarchical labeling for each utterance. Counsel-
ing components including SH, PD and RT essen-
tially contribute in summary generation.

Psychotherapy elements: Mental health therapy sessions are composed of counseling components
that effectively contribute towards successful interventions and discussion filler which barely add any
relevance to the summary generation. We labeled utterances with four fine-grained labels:

* Symptom and History (SH): It captures the utterances that comprise the most insightful information

3https://familytherapybasics.com/blog/therapy-case-summary
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for the therapist to assess the patient’s situation. A few examples are mentioned below:

Speaker

Examples

Patient

“Ever since I moved into the apartment
I have been feeling anxious"

Patient

"This has been the first time I have ex-
perienced mood swings"

Patient

“I would be so stressed afterward. And
worried I would make another mistake"

* Patient Discovery (PD): The patients coming in for a counseling session arrive with complex
thoughts. The therapist tries to build therapeutic relationships to calm patients to unravel their
thoughts. Examples are as follows:

Speaker

Examples

Therapist

“Don’t worry if it lasts for several days"

Therapist

“I believe sleep is not an issue for you
anymore now that you are getting eight
hours of sleep everyday"

Therapist

“Any drug or alcohol use?", “Has it
ever happened to you?"

» Reflecting (RT): Therapist utterances are concise most of the time, which is to ensure there is
sufficient space for the patient to express themselves. Patients are encouraged to share their stories
and events of their lives. On the other hand, the therapist understands the patient by giving them an
imaginary situation to assess their actions. Some utterances are shown below:

Speaker

Examples

Therapist

“It’s been bothering you for a few
weeks, something new, something a lit-
tle frightening for you ..."

Patient

“By the time it it’s my turn to present |
start. 1 just, I’'m almost like just ..."

* Discussion Filler (DF): When a therapist and a patient engage in conversation, they articulate some
utterances that are peripheral to the session. In this work, we tag them as discussion filler. These
include pleasantries (‘Good morning!’), non-lexical fillers (‘Ummm’), acknowledgments (‘Right’),
and restatement of affirmations in subsequent utterances (‘Yeah. Yeah’), etc. Discussion Filler
utterances carry little to no relevance in the summary generation.

4.3.2 Data Analysis

Table shows data analysis on MEMO. The dataset consists of an almost equal number of patient
and therapist utterances. Therapist utterances are tagged more with discussion filler labels showing that
therapists converse to put the patients at ease and agree with them. PD is the most prominent label in the
dataset. Patients tend to talk about several auxiliary topics, not their mental health issue, when asked to
share their experiences, whereas RT is the least tagged label.
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4.3.3 Ethical Considerations

Three domain experts reviewed the annotations at mpathic.ai, a seed-stage corporation specializing in
conversation analysis in commercial applications, including evaluation of psychotherapy, coaching, and
customer services. All experts are independently licensed in clinical practice and have backgrounds in
automating fidelity of therapy at scale. They included a board-certified, licensed psychologist (SPL) with
over 15 years of experience in applying machine learning to psychotherapy evaluation, a licensed clinical
social worker specializing in the evaluation of human labeling for machine learning, and doctoral-level
counselor, director of Clinical Al at mpathic.ai.

Following Sekhon et al.’s framework (154), they reviewed the summaries for clinical acceptability in
the areas of affective attitude, burden (i.e., the cognitive load of interpreting the summaries), ethicality,
coherence (i.e., how well the summaries were understood), opportunity costs (i.e., pros and cons of
utilizing the summaries), and perceived effectiveness (i.e., how well they might perform in a clinical
setting). The acceptability parameters were independently evaluated and given a ranking of 0-2 on each
parameter with 0 being not acceptable, 1, being acceptable with modification, and 2 being acceptable
for commercialization. After independent ranking, discrepancies were discussed, and an average gold-
standard acceptability the ranking was determined for each summary. Additionally, the experts provided
feedback for commercialization considerations in applications like electronic health care records and
quality assurance.

4.4 Methodology

In this section, we describe our proposed method, called ConSum. It encodes dialogue utterances
and uses three modules in the pipeline to extract complementary information. These three modules
operate independently on the selection and filtering of utterances. We use mental health’s Patient Health
Questionnaire (PHQ-9) (131) knowledge similarity (MH-Know) and discussion filler classification to filter
utterances from each counseling dialogue. Further, we classify utterances from dialogue for counseling
component labels and use these label information to generate abstractive summaries. Figure shows a
high-level architecture of ConSum.

Consider a dialogue containing n utterances, D = (u1, ug, . .. uy). We fine-tune DistilBERT (155)
embeddings to create utterance representation of d dimension. With knowledge-infused utterance selection
(MH-Know) module and discussion filler classifier, we generate binary mask arrays from each module,
which are fused to filter the utterances. On the other hand, the classification from the counseling
components classifier augments each utterance with regard to mental health aspects. We describe each
module below.

* Discussion Filler Classifier (DFC): Discussion filler classification is a binary classification task.
We use a feed-forward network with 2 hidden layers to classify each utterance u; into ‘counseling’
or ‘discussion filler’ from the obtained input representations. It compresses representations to 100
dimensional hidden representation and then to 2 at the output layer. A dropout of 30% is applied
between the linear layers to regularize the model’s performance. The model is trained with adam
optimizer to minimize the cross-entropy loss. The output is a mask array labeled 7, where 7;
represents mask array from dialogue D;. Using independent networks to classify the discussion
filler label and the counseling components helps smooth errors better than having a single unified
classifier.

* Mental Health Knowledge Infused Utterance Selection (MH-Know): Earlier efforts in mental
health counseling summarization paid less attention to the domain knowledge. Patient Health
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Questionnaire (PHQ-9) represents an established set of questionings to assess the patient’s mental
health condition (131). We use PHQ-9 lexicons (156) to compute similarity between nine questions
and input utterance. The intuition is to obtain the most relevant utterances corresponding to
knowledge infused questions. We use BERTScore (157) to compute the similarity between the
utterances u; and the PHQ-9 lexicons PH(Q = (phqi, phqa, . . . phqy). The nine similarity scores,
s = (s1, 82, ... S9) corresponding to each utterance ranges between 0 to 1 each. The summation
of the similarity score, denoted by 1, is compared with the hyperparameter-tuned value of the
threshold, denoted by ¢.

m=9
s; = bertscore(u;, phq;) = 1; = Z Sm
m=1

The value of ¢ is determined by exploring a range of candidate values € [1, 9] and selecting the
one that best balances retention of domain knowledge and intervention components with minimal
impact on the performance of other pipelines. This creates a mask-array, o; = (01,02...0,)
containing 1 for cases where intervention similarity score is less than the threshold and O otherwise.
Here, i in o; represents i utterance.

{1, if y; < ¢.
o; =

0, otherwise

ConSum prioritizes the utterances fetched from the MH-Know module along with corresponding
counseling tags to generate summary. During experimentation, we use the threshold value of 6 to
extract utterances relevant to the task.

Counseling Components Classifier (CCC): As discussed earlier, the four components are SH, RT,
PD, and DF (c.f. Section[4.3.T). Considering SH, RT and PD as the key components contributing to
the summary generation, we frame the problem as a four-class classification task. Hence, for each
utterance representation of dimension d, we first fetch the ‘counseling context’ across utterances.
As the counseling progresses, we maintain the context of the dialogue through a GRU layer on
top of the utterance representations. Further, we apply multi-head self-attention following (146).
Representations fused with attention weights are passed through two dense layers to learn hidden
representations from 100 dimensional and then further to 3. We apply a softmax classifier to predict
probabilities corresponding to each class label.

Identification of discussion filler is a domain-independent binary classification task. Therefore,
rather than following an end-to-end model for psychotherapy element classification, we opt for a
hierarchical model to predict discussion filler and counseling components. In our case, the standard
model performs well for DFC. However, we sense the requirement for a model that can learn
contextual counseling labels in the summary generation process. The remaining section shows the
direct use of counseling labels in the summary generation module.

Summary decoder: We obtain two mask-arrays from the MH-Know module and DFC. Discussion
Filler mask 7 and knowledge-infused mask o are merged as follows. F' denotes the resulting mask
array. Further, utterances U; from the dialogue D; are concatenated with predicted counseling
components (c.f. Section and filtered using the final mask array F. The final subset of
utterances with domain knowledge and counseling components (C'L;) are concatenated, resulting
in G. It is used as an input to fine-tune the pre-trained T5 model (151) for abstractive summary
generation.
F=(n7);G=U;®CL;)®F
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4.5 Experiments and Results

This section reports our experimental re- F Abstrasive Counseing
sults, comparative study, and other anal- + (0| ME >
. C_» ) # |of| ———— -0
yses. To evaluate the summaries, we use C v )+ 0| ——___ N
ROUGE (158) metrics, namely Rouge- C e J+« U _____ » |0
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ity of generated summaries.
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Representation
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Figure 4.3: Model diagram of ConSum. The Utterance em-
beddings are reused across three modules in the
pipeline.

4.5.1 Baselines

We choose the following systems as

our baselines - Pretrained Language

Model (PLM): (161) used DialoGPT to

segment topics and then generated summaries with BART. RankAE: (162) used BERT to group utter-
ances into segments and further generated summaries using denoising auto-encoder (163). Segmented
Modeling (SM): (164) leveraged dialogue act information on standard BiLSTM (128) architecture.
Transfer Learning with unified Text-to-Text Transformer (T5): (151) used a shared framework on
transformer architecture to pre-train on huge custom crawled corpus (C4). Pegasus: (150) introduced a
novel pre-training objective of using gap-sentences-generation and then generated summaries.

4.5.2 Results and Ablation Study

The experimental results on MEMO are shown in Table ConSum performs better than all other
baselines with the highest R-1 score of 45.36 and R-2 score of 15.71 — significant improvements of 11.12
and 4.52 points over the best baseline, respectively. The PLM model turns out to be the second ranked
model in both cases with an R-1 score of 34.24 and an R-2 score of 11.19. It shows the importance of
topic segmentation in a conversational dataset, which aids in the summarization outputs. In contrast,
PLM scores the highest R-L score of 33.35; however, its summaries have a higher structural similarity
instead of contextual similarity between its output and the reference summaries. On the other hand,
ConSum produces a dominant performance on Bleurt score with a difference of 0.90 points over the best
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baseline (—0.5655 of T5 vs 0.3407 of ConSum). This score indicates contextually superior performance
concerning the reference summary.

We also show the effect of counseling
components and different modules in the — p, 4. R-1 R2 R-L OQAE BS
pipeline and analyze the results. We demon-

strate the importance of our domain-specific PLM 3424 1119 3335 2434 -0.8678
modules by evaluating various combinations RankAE 2557 343 2416 2998  -1.063
of counseling components. We show our SM 2046 3.80 18.87 20.22 -0.9454
ablation study in Table We observe Pegasus 2971 7.77 27.57 36.80 -0.6130
that masking SH and PD utterances have a _ TS 3144 563 2738 3355 -0.5655
drastic effect on R-1 score as it reports a ConSum | 45.36 15.71 2475 2542 0.3407

reduction of over 25 points. Similarly, we
observe reductions in other metrics as well —
10 points in R-2, 17 points in R-L, 5 points
in QAE, and 33 points in BS. Moreover, we
observe similar phenomena in masking any
two components (PD and RT; SH and RT) as well. We also perform experiments with masking one compo-
nent at a time and observe inferior results on average. Overall, we observe that removing the information
of any counseling components degrades the performance of ConSum. Further, we perform ablation with
the MH-Know module and observe a similar phenomenon with the omission of the MH-Know module as
well.

Table 4.1: Results obtained on MEMO. We report Rouge-
1 (R-1), Rouge-2 (R-2), Rouge-L (R-L), Bleurt
Score (BS) and QuestEval Score (QAE).

4.5.3 Error Analysis

Table [4.4]shows example summaries gener-

ated by T5 as well as ConSum. Sticking to  Counselling Label R-1 R2 R-L OQAE BS
our primary aim of covering mental health-  consum — sH — PD 2092 5.00 7.44 2071  0.0019
related aspects in summaries, we observe ~ ConSum —PD —RT 36.00  9.00 9.4 2047  0.2032
hat T5 ich st h ConSum — RT — SH 28.63 806 9.55 23.02 —0.0209
that T5 generates rich semantics; however, o sum — s 3977 955 898 2411  0.1908
lacks in attending critical domain-related  ConSum — PD 36.87 10.02 11.22 33.38  0.2420
phrases in many cases. On the other hand, ~ onSum - RT 4201 9.83 16.50 18.03  0.2060
, ConSum — MH-Know — CCC | 39.67  9.95 12.69 21.19  0.2003
ConSum encapsulates more domain knowl-  Consum - MH-Know | 40421009 1100 23.97  0.2429
edge and captures critical information in- ConSum 45.36 1571 2475 2542 0.3407

herited from three counseling components.
For instance, in the first example in Table
T5 covers only the high-level gist of
the conversation, viz. ‘They secretly talk
about incident.”, whereas ConSum covers
essential phrases keeping the semantics in-
tact viz. ‘Patient feels overwhelming and
feels like having this issue since childhood’.
Likewise, due to its domain relevance, Con-
Sum is able to highlight cases such ‘family history of suicide’, which is not included in T5’s generated
summary. Moreover, we observe that TS5 also commits a few grammatical mistakes and generates irrelevant
text in both examples (as highlighted in red).

Table 4.2: Ablation study on the effect of different modules
of ConSum. SH, PD, DF and RT are psychother-
apy elements. MH-Know and CCC are knowl-
edge infused module and counseling component
classifier module respectively. We present our
analysis on five scores to understand all aspects
of summary generation.
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Table 4.4: Comparative analysis on generated summaries between T5 and ConSum model. Green denotes
primary medical condition information, Cyan denotes SH information, Brown denotes RT
information and Red denotes errors/irrelevance in generated summaries. Comparison shows
ConSum captures better contextual information compared to TS.

Model | Summaries

TS5 Patient is asked a series of questions to test their housing. Patients do not want to take drugs, police arrest them and others in their area. They
secretly talk about the incident. The patient lives with friends from different places including the city, where they are arrested or taken into custody.
The patients feel they have no medical condition such as diabetes or stroke. These occured recently. The patient has had problems with housing due
augensis. Patients feel they have been victimized by drug abusers since they were 12 years old. They know people who don’t use marijuana to steal

" ConSum | Whenever there is a basketball or or football, the patient does not really hear what to take. Patient feels overwhelming and feels like having this -
issue since childhood. Therapist made him realise his problems and patient was curing gradually. Therapist suggested him use. The patient was
raised Catholic and they feel guilty about spending more money on drugs and parties. The patient has switched 12 houses in the past year and feel
it must have affected their kids. The patient occasionally borrows money and gets less sleep in general

T5 The patient is tired when they have to go to work and it’s a bit frustrating for them. They feel tired throughout the day without any food, no panic
attacks, no medical condition such as diabetes or stroke. Patients are in a position where they can focus on anything. They do not want pills to
reduce stress hence their life is limited by diet. The patient has lost three pounds in recent weeks due to this fatigue

" ConSum | Whenever the patient goes to work. The patient is worried that they might have ADHD. The patient does not suffer from depression, anxiety nor use -
drugs or call it a metaphysical stuff. The patient wishes to get better and needs something to hold. The patient feel they sway at things, and they
have two options. The patient was sent in by a counselor fearing they might hurt themselves. The patient’s dad had committed suicide 15 years ago
and their sister had attempted once. The patient has been diagnosed with depression and anxiety. The patient lives alone

4.5.4 Clinical and Human Evaluation

A team of mental health experts use clinical acceptability framework (154) to evaluate generated sum-
maries. The clinical acceptability framework involves six parameters — affective attitude, burden, ethicality,
coherence, opportunity costs, and perceived effectiveness. Experts rate each summary considering the
acceptability parameters on a continuous scale of 0 to 2, where higher rating signifies better acceptability.
Through expert evaluation, we obtain an average rating of 0.94 out of 2.00 — which falls under the standard
acceptability range of 0.70 to 1.40 by mental health experts (154). Hence, the domain experts conclude
the summaries to be acceptable for applications in therapy settings. However, in some cases, they pointed
out issues with ConSum in comprehending metaphors and subtle transcription errors, which affected the
semantic.

Furthermore, results of human evalu-

ation on four standard linguistic parame-  fo4e| ‘ Relevance Consistency Fluency Coherence
ters namely, rel selection of relevant

Y re. evance ( . N RankAE 2.80 291 3.02 2.98
content), consistency (factual alignment be- TS 799 3.05 3.04 505
tween the summary and the source), fluency ~conSum 1~ 337~~~ 322 311 313

(linguistic quality of each sentence), and co-
herence (structure and organization of sum- Table 4.3: Human evaluation on the summaries generated

mary) are shown in Table[7.4] Each param- from ConSum model.
eter 1s rated on the scale of 1 to 5 and found

to be qualitatively better than the best baselines.

4.6 Mental Health Information Capture (MHIC) Metric

Our primary aim is to capture most critical components of mental health counseling leading to successful
interventions. Since most of the deep learning methodologies are able to generate contextually and
semantically rich text, we observe their incompetence in attaining essential phrases relevant to mental
health aspects such as symptom, history of the illness, or other reflecting aspects. Consequently, it becomes
challenging to qualitatively assess the summaries and discriminate between latest and domain-specific
models. Hence, we propose a new problem-specific metric, MHIC, to mitigate the issue of disregarding
such aspects. Mental Health Information Capture (MHIC) attains to the domain-specific counseling
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components in generated summaries.

It incorporates the prediction of counseling
components classifier and Rouge 1 score (R-1) to
evaluate the generated summaries qualitatively. We
calculate MHIC for each counseling component
CL; € {SH,PD, RT} as follows:

20

M consum M T5

MHIC(CL;) = R1_Score(Sy, H;)

Mental Health Information Capture (MHIC)
3

where H; represents concatenation of all utterances o i e 0 s 0 s
predicted with C'L; and S, denotes the generated Symptom and History Patient Discovery Reflecting
summary. Figure 4.4] shows the performance of
our model and the best baseline, TS. We also show
plots with the inclusion and exclusion of counsel-
ing labels for each component. We observe that
ConSum’s summaries are more aligned towards
the three counseling components. Moreover, we
observe that utterances tagged with the SH label
have significant representation in generated sum-
maries.

Figure 4.4: Comparison between ConSum and T5
summaries and condensed dialogue utter-
ances based on counseling components.
The y-axis represents Rouge-1 F1 scores.
D’ denotes the concatenation of utter-
ances tagged with a particular counsel-
ing component, and D - D’ denotes the
concatenation of utterances excluding the
corresponding counseling component.

4.7 Discussion

4.7.1 Justification for Selection of PHQ-9
Framework

Clinically, PHQ-9 is among the most widely used and validated instruments for screening, diagnosing,
and monitoring depression, making it a credible choice in our work. From the modeling perspective, prior
research has developed lexical extrapolations of the PHQ-9 questionnaire, which makes it feasible for
NLP models to directly use it. Furthermore, a substantial portion of the counseling dialogues in our dataset
naturally center on depressive symptoms. That said, we agree that expanding this approach to incorporate
additional clinical instruments in future work would enhance symptom diversity. Such extensions would
require collaboration with experts to first produce lexicons associated with each symptom.

4.7.2 Uniqueness of Mental-health counseling and ConSum

Though dialogue summarization in clinical domain (130;[165; is a well-explored research area, it
remains unexplored in the mental health counseling domain. Considering this, in this paper, we raise the
research question as “Why mental health counseling summarization is different than other medical
conversation summarization?". To answer this question, first we draw significant differences between
the two domains and subsequently, show that our proposed model, ConSum, is specifically designed to
handle crucial counseling components of the mental health conversations. Clinical practitioners directly
aim for the core problem and the conversation about disease and symptoms are up-front — usually patients
do not shy away discussing their concerns. On the other hand, patients suffering from mental health issues
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are very much reluctant to speak out their issues in a blunt fashion.

In our proposed model, we leverage these insights and specifically design various domain-specific
sub-modules (DFC, MH-Know, and CCC) to account for such attributes. As a result, ConSum is unique
to the mental-health counseling domain instead of other domains. To demonstrate this, we exploit an
existing summarization dataset for clinical conversations in Chinese (ChiCCo) (130) and extend it for our
purpose. Following (130), we translate the dataset into English using Google Translate. Since ConSum
requires counseling psychotherapy elements to operate, we obtain these from the pretrained counseling
component and discussion filler classifiers. Subsequently, we train ConSum and other comparative
systems on the ChiCCo dataset.

In comparison with the encouraging performance of ConSum on MEMO (c.f. Table [4.1)), we
argue that ConSum is competent in handling crucial components of the mental health counseling pretty
efficiently, as in the absence of such components in other domains, it underperforms.

4.8 Summary

Considering the situation of mental health therapies amid the COVID-19 pandemic, in this paper, we
attempted to empower therapists through our research in mental health counseling summarization. To this
end, we developed a novel summarization dataset, MEMO, in a dyadic counseling setup. Moreover, to
model the counseling summarization in an abstractive fashion, we proposed a domain-enrich transformer
architecture, ConSum. It utilized three domain-centric sub-modules viz. a discussion filler classifier, a
counseling component classifier, and a PHQ-9 driven mental health knowledge-infused utterance selection
module. Our extensive ablation study and the comparative analysis established the superiority of ConSum
over several existing models.
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5. Plan Before Summarization

In mental health counseling, condensing dialogues into concise and relevant summaries
(aka counseling notes) holds pivotal significance. Large Language Models (LLMs) exhibit
remarkable capabilities in various generative tasks; however, their adaptation to domain-
specific intricacies remains challenging, especially within mental health contexts. Unlike
standard LL.Ms, mental health experts first plan to apply domain knowledge in writing
summaries. Our work enhances LLMs’ ability by introducing a novel planning engine to
orchestrate structuring knowledge alignment. To achieve high-order planning, we divide
knowledge encapsulation into two major phases: (i) holding dialogue structure and (ii)
incorporating domain-specific knowledge. We employ a planning engine on Llama-2,
resulting in a novel framework, PTECE. Our proposed system employs knowledge filtering-
cum-scaffolding to encapsulate domain knowledge. Additionally, PTECE leverages sheaf
convolution learning to enhance its understanding of the dialogue’s structural nuances. We
compare P IECE with 14 baseline methods and observe a significant improvement across
ROUGE and Bleurt scores. Further, expert evaluation and analyses validate the generation
quality to be effective, sometimes even surpassing the gold standard. We further benchmark
PIECE with other LLMs and report improvement, including Llama-2 (42.72%), Mistral
(+2.04%) and Zephyr (+1.59%), to justify the generalizability of the planning engine.

5.1 Introduction

Mental health counseling serves as a crucial frontline defense against mental illness. In a typical counseling
session, clients articulate their issues while therapists provide support. An essential component of these
sessions involves building a strong therapeutic bond and documenting the entire dialogue, commonly
known as counseling note, record, or summar However, traditional methods of note-taking during
sessions can present significant challenges, where therapists are required to divert their attention to
note-taking, disrupting counseling interaction and support quality. This distraction not only hinders the
therapist’s focus but also deteriorates the required therapeutic bond, necessitating the need to automate
this process.

While recent advancements in Large Language Models (LLMs) for mental health are enormous
(167;1168), it is crucial to incorporate fundamental domain knowledge and understanding of the structural
nuances of the dialogue, which current research lacks in ability (169). Consequently, we require a
knowledge planner to adeptly capture domain intricacies and determine generation priorities. For instance,
Figure illustrates a sample counseling conversation between a therapist (T) and a client (C). Unlike
conventional approaches that directly generate summaries using foundational models, our proposed
pipeline introduces a planner. Through this planner, we infuse nuanced dialogue structure and domain-
specific knowledge into LL.Ms.

Earlier efforts in counseling summarization (170) focused on utilizing domain knowledge by integrat-
ing patient health questionnaires (PHQ) and counseling components. However, it fell short compared to
recent LLMs. The broader scope of such models has been explored for incorporating knowledge into
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generated text (171) and controlling text generation (172). While these efforts are focused on general-
purpose downstream tasks, the complexity of counseling dialogue necessitates introducing a more (a)
domain-centric and (b) knowledge-structured approach to cater to this problem.

Our study introduces a novel planning engine,
designed specifically to guide the generation of
LLMs. Focused on enhancing counseling summa-

Counseling Dialogue

—

rization, we employ MentallLlama as the founda- C: Im done talking to all of you; it's a waste of 7
. . time. You're all the same, offering nothing.
tion to develop our framework — P IECE, planning T: You're saying we're all alike? S
engine for mental counseling note generation. Our C: Yes, everyone's the same, no solutions. How Model
K K K do | get better? | came here to fix things.
model’s planning engine exploits knowledge scaf- T

folding and sheaf learner by integrating domain-
specific and structural knowledge into LLMs. We
evaluate our PIECE against several LLMs, such

C: Yes, something tangible to grasp.
T: It needs an organic process between us.
C: I'm always intense, either full force or nothing.

T: So, attack or compromise?

Structural
Knowledge,

T
|
|
|
|

Domain
Knowledge

Conversation Context

C: Full force feels better; silence angers me. I'm
stuck; can't go either way.

Planning Engine

as Mistral, Zephyr, and Llama. To assess the ef-
fectiveness of our approach, we compare PIECE’s 71 sonse your pain. 11 do my bos fo help, Lot
performance against 14 baseline methods. Our T G e G ,
quantitative evaluation consists of four automatic
summary evaluation metrics —- ROUGE: R-1, R-2,
R-L, and Bluert, along with a domain-centric met-
ric, Mental Health Information Capture (MHIC)
proposed by (170). We observe a clear improve-
ment of 3.42%, 10.11%, and 6.01% across R-1,
R-2, and R-L metrics, respectively. Furthermore,
to assess the generalizability of PIECE, we exper-
iment on ACI-BENCH, a clinical note generation
dataset (173). We observe that PTECE surpasses
the state-of-the-art LLMs with planning-engine on
ACI-BENCH as well.

Summary: The patient complains that therapy doesn’t work. The patient feels\
they have two options, either fall with the crowd and compromise or go all guns
blazing. The patient feels better with going all guns blazing, but wishes to find a
middle ground as they can't go one way or the other. The patient also has habit
of getting angry. The therapist suggested CBT to help.

Summary

Figure 5.1: The proposed pipeline allows LLMs to
first plan and then generate. In our ap-
proach, prioritizing planning before gen-
eration enriches summarization with con-
versational structure and domain knowl-
edge.

Additionally, we perform an extensive expert evaluation through an established clinical relevance
framework on a set of six dedicated metrics and three task-relevant survey questionnaires. The results
affirm the superiority of PIECE against the baselines and demonstrate the adaptability of the planning
engine across various LLMs. Our contributions are summarized below:

* We propose PIECE that integrates the planning engine with MentalLLlama to address the issue of
unreliable generation by LLLMs. This engine plans the LLM’s generation by filtering dialogue and
injecting domain and structural knowledge.

* We extensively evaluate PIECE against 14 baseline methods. We present PIECE’s significant
improvement evaluated across both automatic, human, and expert evaluation metrics.

* We demonstrate the adaptability of the planning engine as it seamlessly integrates with alternative
LLMs like Mistral, Zephyr, and Llama. This may also expand the research in planning the
generations of diverse LLMs.

5.2 Related Work

We present our literature review under three major segments to understand and build a planner for
LLM-based counseling summarization.
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Generative Al in Mental Health Domain. Recent advances in generative research in mental health
have led to a diverse range of investigations. For instance, (174; 175) utilized GPT-2 for reinforced
feedback generation within peer counseling setups. Subsequent studies employed similar methods with
language models (LMs) for empathetic generation (175) and facilitated human-Al collaboration. Several
studies have concentrated on controlled dialogue generation using LMs, leveraging reinforcement learning
(176;1177;1178;1179;1180; 181;1182). Despite this, there remains a scarcity of research aimed at enhancing
LLMs in this domain (183). The concept of counseling summarization was previously explored by (170),
where they proposed a filtering mechanism based on annotation and domain knowledge to generate
counseling summaries using LMs. As the focus has gradually shifted towards LL.Ms, recent findings
by (184) have indicated that while LLMs exhibit robust capabilities, they still exhibit significant gaps
compared to domain-specific methods.

Knowledge Enhancement in LLMs. There has been a significant effort to incorporate external and
domain-specific knowledge into LLMs, as noted in various studies (185; [186; [187). Tailoring LLMs
to specific domains has notably enhanced their ability to handle downstream tasks. Within the clinical
domain, a series of specialized LLMs have emerged (188). There exist a few dedicated LLMs specifically
trained on mental health corpora, such as the variants of Llama-2 (189), BART (190), and T5 (151) as
MentalLlama, MentalBART and MentalT5, respectively (191). While domain-specific LLMs facilitate
more contextual relevance, they do not entirely mitigate risks associated with hallucinations or missing
context. Planning LLM generations is one of the many solutions here (192). Planning methodologies
have been explored in various generative tasks, including reasoning (193), temporal generation (194), and
code generation (195). However, existing planning systems often lack domain-specific planning, notably
within the mental health space.

Text Summarization. Knowledge-guided summarization has long been a research focus, and its vari-
ations include information-aware techniques (196)), perspective-based strategies applied in educational
dialogues (197) and scientific document summarization (198;1199), commonsense-driven clinical summa-
rization (200), as well as approaches focusing on topic-awareness (201) and attention mechanisms (202).
However, many of these methods largely rely on annotated corpora and the LMs to generate coherent
text, neglecting deeper exploration into structural comprehension of input data. Limited research efforts,
exemplified by (203), discuss the use of sheaf for enhanced structural understanding, while (204) proposed
sheaf to encapsulate structural information for summarization.

5.3 Dataset

We utilize MEMO, a common counseling summarization dataset with 191 counseling dialogues with
11, 543 utterances (170). Each dyadic counseling dialogue contains a conversation between a therapist
(5, 722 utterances) and a client (5, 814 utterances), along with an expert annotated counseling summary. In
addition to this, MEMO further contains each utterance labeled with a counseling component — Symptom
and History (SH), Patient Discovery (PD), Reflecting (RT), or Discussion Filler (DF). The dataset contains
2379 utterances tagged with SH, 5428 utterances tagged with PD, and 1242 utterances tagged with RT.
These counseling components act as labels of relevance for utterances.
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5.4 Methodology

Our proposed model, PTECE, operates on the MEMO dataset and aims to generate knowledge-enriched
counseling summaries for a counseling dialogue containing n utterances, D = (u1, ug2,us, ... uy). There
are two specific kinds of knowledge that PTECE focuses on — (a) (mental health) domain knowledge and
(b) structural understanding of dialogue. The model achieves this knowledge integration through a novel
planning engine that filters and fuses relevant information to guide the generation of knowledge-enriched
summaries by the underlying LLM. Figure[5.2] presents a schematic diagram of PIECE.
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Figure 5.2: Architecture of PIECE. We propose a novel planning engine consisting of two primary
sections: (a) integrating knowledge filtering-cum-scaffolding and (b) encapsulating structural
understanding of dialogues. Filtration of relevant utterances utilizes component labeling
counseling within the MEMO dataset to mask filler utterances, followed by knowledge
scaffolding. Additionally, sheaf learners are employed for the structural understanding of
counseling dialogue. The planning engine operates using a rotating attention mechanism using
knowledge from both segments for better LLM generation.

5.4.1 Domain Knowledge Encapsulation

Knowledge encapsulation module involves knowledge filtering and knowledge scaffolding.

Knowledge Filtering. Knowledge filtering requires carefully identifying the most relevant utterances
for crafting a knowledge-rich summary. This process initiates with classifying each utterance U; into
counseling components (SH, PD, RT, and DF). Among these, SH, PD, and RT are considered essential for
generating comprehensive summaries, while DF utterances are regarded as non-essential and are therefore
masked by leveraging the dedicated Counseling Component Classifier. This classifier is purposefully
crafted to process the context of utterances, (uq,us,us,...u;), through a GRU unit coupled with a
self-attention block. Subsequently, a sequence of two dense layers learns these context-rich utterance
representations to predict counseling components and filter non-essential discussion fillers.

The subsequent step involves examining the filtered utterances and further scrutinizing them using
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a mental health knowledge selection module, MH-Know. Similar to the approach opted by (170) with
the MEMO dataset, our module leverages the lexicon derived from the Patient Health Questionnaire
(PHQ-9) to gauge the degree of mental health-specific content embedded within each utterance (205). The
similarity scores (s;) are computed between individual utterances and the PHQ-9 lexicons. Subsequently,
a predetermined threshold (7T° = 50%, in our study) is applied to ascertain whether an utterance merits
retention or should be masked. The resulting filtered dialogue, composed of essential and knowledge-
rich utterances, then proceeds to the knowledge scaffolding stage to ensure optimal preservation of the
embedded knowledge.

Knowledge Scaffolding. To ensure the cohesion and effective organization of the filtered knowledge
segments, PTECE employs a knowledge scaffolding module. We adopt the scaffolding methodology pro-
posed by (206), where the authors incorporated structural information of scientific papers into citations for
citation-intent classification. We modify their knowledge scaffolding for dialogue settings by employing a
mix of contextual and non-contextual representations for each relevant utterance, as shown in Equation
5.1

Ry, = Attention[ (C(us) @ C°(u;))] (5.1)

Here, the contextual embeddings C'(x) are captured through BERT (51), while the non-contextual
embeddings C°(x) are extracted using Glove (207). These representations are then carefully concatenated
and fed into a bidirectional LSTM layer ?, ensuring the underlying semantic context. The resulting
context-rich representations, enriched with domain-specific knowledge, subsequently serve as key, query,
and value vectors within a self-attention block. This orchestrated interplay emerges in generating filtered
scaffolded representations Ry, enriched with the essence of extracted knowledge. Before understanding
the role of these representations within the planning engine, we first understand the encapsulation of
structural knowledge, another crucial component of PIECE’s knowledge-enriched summary generation
pipeline.

5.4.2 Structural Knowledge Encapsulation

To ensure that the generated summaries accurately reflect the overall structure and flow of the original
dialogue, PIECE incorporates a dedicated structural knowledge module. Sheaf has been long studied for
its ability to hold structural knowledge in graphs via sheaf diffusion (208; 209; 203). With a similar objec-
tive, we first construct a dialogue graph G = (V, E) that captures the intricate network of relationships
between the utterances within the dialogue D. Each utterance u; is represented as a vertex v € V' within
the graph, while edges e € FE are directed toward the progression of dialogue. In the adjacency matrix Ay
of the graph G for each dialogue instance d € D with o utterances, we place each node’s feature f with
its encoded utterance representations f <— bert(u;). As a result, we construct G to preserve the inherent
dialogue structure while learning the graph representations via sheaf learner.

Sheaf Learner. Graphs inherit a notion of the neighborhood but not distance or direction. Sheaf theory
provides a mathematical framework for imbuing graphs with geometric structure by associating vector
spaces, known as stalks, with each node and edge, along with defining restriction maps (which are
essentially linear transformations) between the stalks of incident nodes and edges. These restriction maps
capture the local-to-global context, ensuring consistency of information across the graph. The resulting
structure, comprising the graph along with the decorated stalks and restriction maps, is termed a cellular
sheaf (208). To facilitate the understanding of complex graph relationships, we construct a sheaf, which
is a collection of interconnected cellular sheaves. Drawing inspiration from (203), we employ a sheaf
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convolution network (SCN) (see Equation to learn these sheaves.
Ryen = n((I = A)(I @ W) AL DTW) (5.2)

Here, A is the input to the network, whereas W, and W5 are learnable weights. A acts as a sheaf laplacian,
I is an identity matrix, and ® represents direct matrix multiplication. We apply an activation function
71 on top as a relu function. For the resultant representation R, we employ a dense layer to learn the
graph geometry over topological space, inheriting better structural knowledge. The resultant structure-rich
representations 7 act as an input to the planning engine.

5.4.3 Planning Engine

The planning engine is the core module that integrates the structural and domain-specific knowledge using
a rotating attention mechanism. Acknowledging the equivalent significance of both structural and domain-
specific insights, the rotating (cyclic) attention mechanism aims to retrieve information evenly from each
segment. Here, domain-rich scaffolded representations Ry, and structure-rich sheaf representations R act
as both key (K) and value (V') once per cycle, yielding two rich dialogue representations. The query, the
foundation model’s hidden representations, acts as query (@) for both cycles, as shown in Equation

QK" vy
Vi Vi

The language model head (LM-Head) operates on top of the fused representations of both dialogue
representations to generate a counseling summary.

)W @ sm( VK (5.3)

Ryep = sm(

5.5 Experiments and Results

Here, we discuss the selection of baseline methods followed by the performance comparison with baselines,
the ablation of PIECE, and analyses.

5.5.1 Baselines

We choose the following systems as our baselines — (i) Segmented Modeling (SM) leverages dialogue-
acts on BiLSTM (164). (ii)) BART is a standard transformer with a BERT encoder and GPT decoder
(190). (iii) Pegasus is pretrained with an objective of gap-sentence-generation (150). (iv) TS uses a
shared framework on transformer to pretrain on huge C4 corpus (151). (v) Pretrained Language Model
(PLM) uses DialoGPT to segment topics and generate summaries with BART (161). (vi) RankAE
uses an encoder to filter dialogue utterances into segments and generates summaries using denoising
auto-encoder (162). (vii) Summ” is a language model pretrained for dialogue summarization (210). (viii)
DialoglLM is pretrained for long conversational summarization task (211). (ix) ConSum is the reported
state-of-the-art for counseling summarization task on the MEMO dataset, marking as the most relevant
baseline method to compare with (170). (x) Flan-TS5 is a T5-based LLM, instruction-tuned on a mixture
of tasks (212). (xi) Mistral-7B is an LLM instruction tuned with a sliding window attention mechanism
for efficient and longer context (213). (xii) Zephyr-7B is a fine-tuned Mistral LLM to surpass the large
chat models (214). (xiii) Llama-2-7B is an optimized auto-regressive LLM currently state-of-the-art for
many language generation tasks (189). (xiv) MentalLLlama is a standard Llama-2 model pretrained on a
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huge Reddit-based mental health corpus (191). Our work is proposed on top of MetallLlama because of its
domain-specific knowledge and performance.

To evaluate the performance, we employ widely recognized metrics: ROUGE and Bleurt Score.

5.5.2 Performance Comparison

Table [5.1] shows the performance of
the basehnjc rpodels, revealing the  ny 4. R-1 R-2 R-L BS
clear superiority of PIECE across

three out of four metrics. Notably, SM (164) 20.46 3.80 18.87 -0.9454
MentalLlama turns out to be the best- ~ BART (190) 34.92 12.66  18.83 -0.7118
performing baseline. PIECE excels Pegasus (150) 29.71 707 27.57 -0.6130
in capturing both semantic and syn- TS (151) 31.44 5.63 2738 -0.5655
tactic structures, as evidenced by PLM (161) 34.24 11.19 33.35 -0.8678
the improvements of best-performing RankAE (162) 25.57 343 2416 -1.0630
LLMs like Llama variants. Specifi- SUMMY 210) 34.06 1132 20.99 -0.6088
cally, PTECE demonstrates improve- DialoglM (211) 28.14 9.21 17.57 -0.7377
ments of +3‘42%’ +10‘11%’ and ConSum (170) 45.36 15.71 24.75 0.3407
—|—601% in R-l, R—2, and R-L points, Flan-T5 (2120 41.30 16.00 29.05 0.2281
respectively. On the other hand, Mistral-7B (212) 46.74 1498 32.48 0.3056
Llama yields the best scores for Zephyr-7B (214) 38.90 9.90 26.35 0.0094
the Bluert metric; however, PTECE Llama-7B (189) 47.22 16.74 33.16 0.4106

closely matches its performance, ex- MentalLLlama (191) 47.92 16.90 35.81 0.3953

hibiting a marginal drop of only (fm : MentalLlama) 49.62  18.61 38.10 0.4102
—0.0004 Bluert points. However, A_ppsr(%) 1342 11011 16.01 10.09
compared with ConSum, the bench-
marked state-of-the-art model for Table 5.1: Results obtained on the MEMO counseling summariza-
counseling summarization, our find- tion dataset. We report Rouge-1 (R-1), Rouge-2 (R-2),
ings reveal a significant boost in per- Rouge-L (R-L), and Bleurt Score (BS).

formance metrics. Notably, P TECE shows improvements of +9.39%, +18.45%, +53.93% and +20.39%
in R-1, R-2, R-L and Bleurt points, respectively.

5.5.3 Ablation Study

We perform an ablation study to assess the performance of underlying components contributing to PTECE.
By systematically deconstructing the planning engine and analyzing various elements of our model
architecture, we present our findings in Table The impact of the planning engine on the acting
foundation models (fm) assesses the generalizability of the planning engine. Evidently, the role of the
addition of knowledge is highlighted as we observe a clear decline in the performance of PTECE across all
four metrics. We observe the same trend for both structural and domain knowledge, with the performance
declining by a significant margin of —2.83 (R-2) points. At the same time, we perform a generalizability
check for the planning engine to be inducted on top of multiple LLMs such as Mistral, Zephyr, and Llama,
finding that each LLM, in general, benefits from the planning engine.

5.5.4 Qualitative Analysis
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Model

‘ Summaries

Gold

Patient visited the therapist for feeling bad. Therapist knew that patient had such feelings in the past, but this time patient found it harder. Two
months ago patient visited GP after that GP referred to therapist. Earlier patient had a breakup and felt lonely. Therapist asks how things have
been since the patient went to GP. Patient feels nothing changed and unable to accept failure. Patient’s mom was not happy with the patient’s
behavior. Therapist suggested CBT. Patients accept that the first year was tough. Therapist asks that it doesn’t sound like you want to go back.
Patient wants to but just doesn’t feel like meeting the man. Patient used to sit in a friend’s restaurant for money and stuff in the meantime. Patient
used to like it because the patient used to speak to people. Therapist asks to scale the thoughts out of 100. Patient says 80. Patient feels empty when
asked about negative thoughts. Patient doesn’t want her mom to be too worried.

Llama

Patient adrift after a brutal breakup finds solace in a therapist’s office. The weight of past struggles, a university hiatus, and crushing expectations
press down, leaving her numb and weary. Work, once at a restaurant, becomes a reminder of self-doubt. But as secrets unfurl — anxieties, fears,
and the facade she wears for her mom — a glimmer of hope flickers. Maybe, just maybe, this conversation, this courageous first step, can illuminate
a path back to wholeness.

MentalL.lama

Patient, battling depression and loneliness, seeks therapeutic guidance. Past heartbreak and struggles weigh heavily, leaving her drained
and empty. Work offers a temporary escape, but anxieties about "not being good enough" resurface. The therapist recognizes the pa-
tient’s inner strength and the burden of hiding pain from her mother. Through the conversation, a flicker of hope emerges, hinting at the
possibility of a different path forward rooted in understanding and compassion.

PIECE

The patient visited the therapist feeling unable to recover from recent emotional difficulties, notably following a breakup with a long-
term boyfriend. Expressing disappointment in seeking therapy and reluct to admit feelings of failure after being referred by the
GP, the therapist highlighted the normalcy of anxiety. Concerns about returning to university after a break were discussed,
reflecting the patient’s desire for success amidst overwhelming pressure and self-doubt. Additionally, feelings of inadequacy arose during a
recent work shift at a friend’s restaurant, causing the patient to feel good but confused in talking to people. The therapist further explored the
patient’s sense of guilt for not meeting expectations, especially with mom, revealing a deep emotional impact. The patient admitted to feeling
empty and drained, rating their emotional distress at 80 out of 100 and describing physical ions 1 bling ner The therapist
understood the patient’s struggle to appear unaffected for their mother’s sake, despite internal turmoil, ultimately feeling worse for doing so.

Table 5.3:

A comparative analysis of three most relevant models — Llama, MentalL.lama, and PIECE.
The key emphasis on being analyzed here is understanding the core counseling components,
including discussions on symproms and reasons, reflecting client’s story, and critical routine
details along with the additional intricate domain understanding. While Llama generates
general-purpose summaries, Mentall.lama, being pretrained on mental health data, captures
nuanced knowledge beyond Llama’s scope. In contrast, PIECE is able to capture in-depth
domain knowledge, surpassing other models in touching upon counseling nuances. Despite
the grammatical proficiency of baselines, P IECE stands out for its structural understanding,
focusing on intricate details, in some cases, with more detailed accounts of these aspects than
are provided in the reference summary

We assess PIECE’s text

: Sk Ablations R-1 R-2 R-L BS

generation capabilities,
o PIECE
apart from quantitative — StructKnow 4825 (1 1.37) 16.22(/ 2.39) 37.40 (| 0.70) 0.4085 (| 0.0017)
metrics, via detailed  — DomainKnow 4836 (| 1.26) 1578(] 2.83) 3696 (| 1.14) 0.3994 (] 0.0108)
comparative analysis be-  (fm=a)
tween PIECE and the 2700 B 279 113601148 279415 00106( 0001
_ « : +Zephyr . . . . . . . .

two most relevant mod a : +Llama 4825 (11.03) 14.02(2.72) 35.88(12.72) 0.4098 (| 0.0008)
els: Llama and Men-
talLlama. Given that

PIECE builds upon the
MentallLlama, we care-
fully compare its per-
formance against these
two models and the gold

Table 5.2: Ablation study of the proposed model, PIECE and generalizability

of the planning engine on top of notable LLMs as foundation model
(@), including Mistral, Zephyr, and Llama, illustrating a clear im-
provement (1) in LLM generations by integrating planning engine.

standard. Table|5.3|presents an illustrative comparison. Our scrutiny centers on discerning the understand-
ing of core counseling components, including discussions on symptoms and reasons, reflecting client’s
story, and critical routine details of the dialogue along with the additional domain understanding.

In Table [5.3] the first row showcases the gold standard summary. Evidently, Llama excels in text
coherence but falls short in producing domain-specific insights and barely touches upon the critical domain
information, for example, client’s referral from GP, self-emotional-assessment rating, and declaration
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of anxiety. In contrast, MentalLLlama demonstrates better mental health-specific nuances, highlighting
counseling components such as battling depression and loneliness, the burden of hiding pain, and past
heartbreaks and integrating intricate domain information such as struggles weigh heavy and the possibility
of a different path forward. Apparently, MentalLlama’s performance lacks a grasp of the structural
intricacies of dialogue. On the other hand, the summaries by PIECE are descriptive, emphasizing
the complete dialogue structure and crucial counseling components inherited from the conversation
such as therapist highlighting normalcy, self-assessment, reluctance to admit feelings, instances which
Mentall.lama and Llama skipped. Additionally, PTECE excels in enhancing domain understanding by
incorporating spans from the LLM’s vocabulary rather than the conversation’s vocabulary.

Error Analysis: We extend the
analyses for cases where our model i 4e]
falls short in capturing the intended

Relevance Consistency Fluency Coherence

. . . Llama 3.12 322 3.76 3.68
details. ;?Eﬁgcfssdtvfo.unlpzﬂam MentalLlama |  3.57 331 375 371
cases: a) ends to include ex- - 57" - 3B 330 373w

aggerated information in shorter dia-

logues, leading to extra details, and b) - apje 5. 4: Human evaluation on the summaries generated from

PIECE summaries are usually longer PIECE model. The average interrater’s agreement
than gold summaries and, on average, score (k) for PTECE is 0.82.

struggle to capture patient’s behavior.

Human Evaluation We present hu-

man evaluation on four standard linguistic parameters, namely relevance (selection of relevant content),
consistency (factual alignment between the summary and the source), fluency (linguistic quality of each
sentence), and coherence (structure and organization of summary) as shown in Table We employed
12 linguistics experts to rate each parameter on the Likert scale of 1 to 5. Out of twelve, seven were
female, whereas five were male, all of them aged between 23 - 35. As shown in Table PIECE
surpasses the average scores across three out of four evaluation parameters. Notably, it achieved a score
of 3.73 for relevance, indicating that PIECE’s summaries capture the core knowledge. Additionally,
PIECE scored 3.39 and 3.75 for consistency and coherence, respectively, showing the logical flow of the
original conversation. Finally, PTECE competes with Llama on fluency metric. The superior performance
underscores the model’s linguistic quality and structural coherence. The average Cohen’s kappa score (k)
for PIECE is 0.82, which falls under the substantial category.

5.5.5 Mental Health Information Capture

The Mental Health Information Capture (MHIC) computes the intersection of utterances predicted by
the counseling components classifier and the generated summary using the ROUGE-1 score to provide a
qualitative evaluation of these summaries. Figure[5.3] presents a comparative metric study of the three
top-performing models — ConSum, MentalLLlama, and PIECE. Evidently, the earlier state-of-the-art
benchmarked model, ConSum, on the MEMO dataset appears to be easily surpassed by MentallLlama
without any additional effort. However, after integrating the planning engine to MentalL.lama, i.e., PIECE,
performance surpassed both variants, highlighting the efficacy of PIECE.

5.5.6 Mental Health Expert Validation
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Our model, PIECE acts as
an assistance for complex
counseling processes, as ex-
perts can utilize the sum-
maries by PIECE as coun-
seling notes, reducing both
time and cost. To validate
the generation’s effectiveness,
we collaborated with a clini-
cal psychologist (having 10+
years of clinical experience)
who assessed the summaries
on two major fronts: clinical
acceptability and LLM rele-
vance.

Clinical Acceptability. Ex-
perts exploit a clinical accept-
ability framework (154) that
evaluates parameters such as
affective attitude, burden, eth-

40
@ consum (@ MentalLlama [} PIECE

30

20

Mental Health Information Capture (MHIC)

bl D-D' D' D-D' D' D-D'
Symptom and History Patient Discovery Reflecting

Figure 5.3: Domain-centric evaluation using Mental Health Info Capture
(MHIC) metric. The proposed model, PTIECE, distinctly ex-
cels in capturing domain knowledge compared to the two most
relevant models.

icality, coherence, opportunity costs, and perceived effectiveness. The expert rated summaries on a scale
from O to 2, with higher scores indicating better acceptability (c.f. Table[5.5). The expert evaluation
shows an average rating of 1.20 out of 2.00, falling well within the standard acceptability range of 0.70 to
1.40. As a result, the expert concluded that the generated summaries demonstrate suitability for therapists,
sometimes surpassing the gold standard.

LLM Relevance. To assess com-
mon LLM flaws, quality of genera- | Af. Att. Burden Ethic. Intv. Coh. Cost Percv. Eff.

tion, and relevance to experts, we ask
experts to address the following as-

pects:

* Did the expert observe our

model hallucinate?

Iz 1.23 0.36 1.03 1.20 0.85 1.27
(A) | (0.21)  (0.34) (0.23) (0.33) (0.19) 0.27)

Table 5.5: Expert evaluation across six domain-centric metrics:
affective attitude (Af. Att.), burden, ethicality (Ethic),
intervention coherence (Intv. Coh.), opportunity cost,

* How does the model’s gener- and perceived effectiveness (Percv. Eff.). We present
ation compare to that of the mean (1) and standard deviation (A) scores.
most competitive model (Men-

tallLlama)?

* [Is the generated summary rele-

vant to the expert?

Evidently, 75% of instances having ‘negligible’ hallucinations in PTECE and 56.3% cases outper-
formed the most competitive model, MentalLLlama. Consequently, 93.8% of cases were deemed either
‘totally relevant’ or ‘relevant to some extent’ for practical applications by experts. However, with 12.25%
of instances marked hallucinated, there remains room for improvement in the future.
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Impact. The end goal of this study is to prepare PIECE for a pilot study for experts via an assistive
framework that can help professionals streamline note-taking. Subsequently, this will allow more focus
on patient care and improve time efficiency.

5.6 Limitations

Research in the space of mental health counseling summarization, in general, poses several complex
challenges. Firstly, there’s a substantial scarcity of diverse and high-quality datasets tailored for counseling
summarization. Our work primarily relies on the MEMO dataset, which, to the best of our knowledge,
remains the only publicly available dataset in this domain. The limited dataset diversity hinders robustness,
emphasizing the critical need for more datasets in this research area. Another challenge arises from the
scale of the LLMs utilized in our research. Pretraining these super-large models on domain-specific
corpora incurs significant costs and environmental implications. MentallLlama, chosen as the foundation
model due to its pretraining corpus, underscores the necessity for more domain-centric models specifically
tailored for mental health counseling. Additionally, evaluating LLM generations in a sensitive domain
like mental health necessitates a nuanced understanding of the domain’s intricacies. LLMs, by nature,
exhibit tendencies to generate information that might not accurately represent the domain context and
could potentially "hallucinate". Hence, our research, on one end, reduces hallucination by planning the
generation and, on the other end, is positioned as an assistive tool tailored for mental health experts rather
than direct client-facing applications. This approach mitigates the risks associated with LLM-generated
content and underscores the need for expert oversight and intervention in sensitive mental health contexts.

5.7 Ethical Considerations and Future Work

Our research is an augmentation of established state-of-the-art foundation models, focusing on enhancing
the generational proficiency of Language Models (LLMs) via planning LLLM generation rather than
introducing LLLMs from scratch. This approach ensures continuous refinement, specifically targeting
improvements in mental health counseling summarization within existing models. Given the sensitive
nature of research in the domain of mental health, we portray our research as an assistive module
designed exclusively for mental health experts. Such a strategic approach mitigates risks associated
with direct support-seeking client interactions, safeguarding against unintended impacts on client
sentiments or mental states. Mental health professionals retain autonomy, choosing whether to accept
PIECE’s generated summary or further tailor it based on their expertise. However, our research scope
acknowledges the evolving nature of complexities and diversity, emphasizing the need for not merely
larger but planned LLMs. This leads to aligning LLMs with optimal parameter sizes and prioritizing the
planned generational capabilities. Hence, paving the way for more responsible LL.Ms, upholding ethical
standards in the research for sensitive domains like mental health counseling.

5.8 Summary

In our work, we explored the research space of mental health counseling summarization. Our research
focused on strategically orchestrating LLMs to plan before generating content, thereby incorporating
relevant dimensions of conversational structure- and domain-centric knowledge into the summarization
process. We proposed a novel planning engine for LLMs, integrated and presented in this research with
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MentalLlama as P TECE. We compared the performance of P IECE against a spectrum of 14 potential base-
line methods, including state-of-the-art LLMs like Mistral, Llama-2, Flan-T5, Zephyr, and MentalL.lama.
Next, we presented an extensive evaluation spanning automatic, human, and expert evaluations. Expert
analysis indicated that the summaries generated by P IECE exhibit better relevance and structure, often
surpassing the closest competitive LLMs and, in certain instances, even surpassing the gold standard. We
conclude by discussing our research’s ethical considerations and applicability, emphasizing our approach
as an assistive module tailored exclusively for mental health experts, which mitigates potential risks
associated with direct client interactions, ensuring a safeguard against unintended harm. This strategic
positioning underscores our commitment to safe utilization in mental health contexts.
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6. Dialogue-act Controlled Response

Generation

Virtual Mental Health Assistants (VMHASs) have become a prevalent method for receiv-
ing mental health counseling in the digital healthcare space. An assistive counseling
conversation commences with natural open-ended topics to familiarize the client with the
environment and later converges into more fine-grained domain-specific topics. Unlike other
conversational systems, which are categorized as open-domain or task-oriented systems,
VMHA s possess a hybrid conversational flow. These counseling bots need to comprehend
various aspects of the conversation, such as dialogue-acts, intents, etc., to engage the client
in an effective and appropriate conversation. Although the surge in digital health research
highlights applications of many general-purpose response generation systems, they are
barely suitable in the mental health domain — the prime reason is the lack of understanding
in the mental health counseling conversation. Moreover, in general, dialogue-act guided
response generators are either limited to a template-based paradigm or lack appropriate
semantics in dialogue generation. To this end, we propose READER — a REsponse-Act
guided reinforced Dialogue genERation model for the mental health counseling conversa-
tions. READER is built on transformer to jointly predict a potential dialogue-act d¢; for the
next utterance (aka response-act) and to generate an appropriate response (u¢+1). Through
the transformer-reinforcement-learning (TRL) with Proximal Policy Optimization (PPO),
we guide the response generator to abide by d;41 and ensure the semantic richness of the
responses via BERTScore in our reward computation. We evaluate READER on HOPE, a
benchmark counseling conversation dataset and observe that it outperforms several baselines
across several evaluation metrics — METEOR, ROUGE, and BERTScore.

6.1 Introduction

Virtual Mental Health Assistants (VMHASs) are the backbone of the new-age digital healthcare industry.
More than 60% of therapies conducted in the past three years are via virtual assistants. This massive spike
in the number of users using VMHASs to gain mental health assistance is due to the ease and safety of
access to Al-based therapist-bots (215). Numerous potential platforms, viz. Weobot, Wys etc. in the
digital health space are developing practical and effective ways for the common public. More popular
than ever, VMHAs are now becoming an instant solution to millions of clients struggling with mental
health issues?|

Limitations of existing methods. Many such conversational agents fail to (a) understand the directives
of the client with whom they are in active conversation and (b) take the conversation in the required
directio This is similar to the fact that even human therapists find it impossible to reply to something
they do not understand from the help-seeker. Therefore, clients’ directives directly impact the response

"https://woebothealth.com/; https://www.wysa.io/
Thttps://psychnews.psychiatryonline.org/doi/10.1176/appi.pn.2022.05.4.50
3https://www.bbc.com/news/technology-46507900
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generation capability. Current open domain conversational systems viz. Xiaolce (216) and GPT-3-based
systems (217) generate semantically and grammatically rich responses. However, these open-domain
counseling systems lack contextual understanding in the response generation process, which includes
being unable to respond with the intended dialogue-act. Therefore, modeling this problem using open-
domain dialogue systems cannot suffice the task of goal-oriented dialogue systems. To mitigate the issue
in the mental healthcare domain, there is a need to harmonize VMHA's dialogue with individual intentions
to be useful for clinical practice. A very generic solution to this is to design a model that gauges the
dialogue context and predicts the next dialogue-act (aka response-act), which collectively helps generate
the next utterance.

Our approach. Our work focuses on response generation by exploiting response-acts. To understand
the problem better, Figure shows an example of a counseling conversation. As we observe, the
dialogue contains both therapist’s and client’s utterances, each possessing a dialogue-act that is critical in
maintaining the flow of the conversation. Evidently, the dialogue-acts of the utterances generally form
a pattern. For instance, the dialogue-act of the third utterance from the therapist is information-request,
which in succession is followed by information-delivery in the fourth utterance by the client.

Earlier approaches (218;[219;111) exploited
dialogue-act and context to build rich representa-
tion for several tasks on dialogue system. Another
work proposes a dialogue management strategy
in order to improvise on response generation task
exploiting fine-grained belief states (220). These
fine-grained belief states are task-specific, and their
proposed system, SimpleTOD, needs relatively
more information (specific slots) in order to gen-
erate a response. At the same time, exploiting
the slot-filling task to generate responses supports
the dialogue system in most goal-oriented cases.
However, counseling conversations cannot be cat-
egorized either into open-ended or goal-oriented
dialogue and hence need a separate focus on the |
hybrid conversational pattern. On the other hand,
several studies utilize other guiding factors, such |
as keyword, target, etc., for the response genera- l
tion task (221;1222). In our work, we predict the
dialogue-act of the next utterance aka response-
act and take advantage of state-of-the-art language
models to generate relevant responses. At the same

Counseling Dialogue Dialogue-act

[ Therapist: Jackie, How are you? ] |
|
[ Client: Good! How are you? ] | Greeting |

I
Therapist: Thanks for asking. | see that you
have signed a release so | could talk to your Information Request
mother and that she brought you in today. a

What's going on there?

Greeting |

[ Client: My family thinks | have drinking

Information Delive
problem. ] id
I

[ Therapist: | see. When did it start?

|
Client: Yeah. So we really started this was
this past weekend. They came to pick me up
for my bridal shower. And | was drunk
when they came to get me so | couldn’t go
and now everybody'’s pretty pissed at me.

]l Clarification Request |

Clarification Delivery

Conversation Context

Therapist: Looks like you feel bad about this.
Can you tell more about your family?

Information
Request

Generated Response Predicted Response-act

Figure 6.1: A sample counseling conversation along

time, contextual information in the conversation
plays an essential role in developing a full-fledged
conversational system. To this end, we propose
a response-act guided dialogue generation model
named READER. It comprises a foundation lan-
guage model, on top of which we deploy three

with associated dialogue-acts. The pro-
posed model — READER takes utterance-
and dialogue-act context to predict
response-act and subsequently generate
a response.

unique heads, namely, the response-act head (RAC-Head), the language model head (LM-Head), and the
value head (V-Head). These three heads jointly learn to optimize the reinforced loss and primarily perform
the response generation task. READER learns by optimizing Proximal Policy Optimization (PPO), for
which we curate a unique reward function.
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Evaluation. We benchmark READER on the HOPE dataset (1), which is a dyadic counseling
conversation dataset containing 13k utterances from therapist and client. We observe that READER
outperforms several baselines across three relevant quantitative metrics -— METEOR, ROUGE, and
BERTScore, with improvements in the range of 0.82 — 11.53%. In addition, we also present an extensive
qualitative and quantitative analyses of the performance, error analysis and human evaluation. Furthermore,
to evaluate the generalizability of the READER, we benchmark it over the Switchboard Dialogue-act
corpus (SWDA) (223) and obtain better results than baselines by 0.1 — 9.4%. Below, we summarize the
contributions:

* We exploit future dialogue-acts (aka response-acts) in guiding the response generation model to generate
the intended response and maintain the flow of counselling conversation in the mental-health domain.
To the best of our knowledge, ours is one of the first attempts that exploits response-acts to generate
precise responses in VMHAS or any other dialogue systems.

* We propose a novel transformer-reinforcement-learning (TRL) driven response-act guided model,
READER to generate response in mental health counseling conversations.

* Our evaluation on the HOPE dataset shows significant improvements in the performance of response
generation over several competing baselines. We also perform extensive ablation analysis and justify
the choice of various components of READER.

* We conduct a through and qualitative human evaluation on the generated responses and establish that
the proposed approach is qualitatively efficient as well.

* We also show the effective generalizability of READER on another dataset, i.e., the Switchboard
Dialogue-act dataset.

The code of READER is open sourced for research purposeﬂ

6.2 Related Work

To bring more clarity in understanding the role of dialogue-acts, we present relevant studies in two broad
areas — (i) dialogue-act classification, and (ii) dialogue/response generation. We intend to comprehend
how dialogue-acts could bring effective innovation in building a conversational system for a dedicated
task.

Dialogue-act Classification. Earlier studies by (224) and (225) employs a sparse representation
of each dialogue-act in the form of triple vectors (domain-action-slot); this triple vector is represented
as a one-hot encoding. However, acts become very large with the use of such sparse representations.
Later, (226)) addressed the issue by considering dialogue-act structures. Further, the authors represented
dialogue-acts considering the act structures with level-wise vectorization on a one-hot scale where a binary
classifier predicts each dimension of vectors. Their methods are further improved in a recent work by
(227). The authors exploited a separate expert decoder for different areas and dialogue-acts to fuse them
with a main chair decoder. A recent work applies a fusion approach to fuse their language model with
a next utterance generation decoder (228). Several other studies use reinforcement learning to generate
dialogue responses (229).

Response Generation. Studies on dialogue generation (230; [124) showed improved performance
by leveraging data corpus size, which in turn resulted in learning better context-sensitive features from

“Code: https://github.com/LCS2-IIITD/READER
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large language models. (231) extended this idea further by deploying models with large parameters. They
used a similar idea on XLNet, a generalized autoregressive pretrained model, in order to (i) maximizing
the expected likelihood over all permutations of the factorization order allowing learning of bidirectional
contexts, and (ii) coping with the drawbacks of BERT by leveraging the proposed approach’s autoregressive
formulation.

Later (49) explored their hypotheses of the zero-shot learning capacity of large language models
as multi-task learners on the task of response generation using GPT-2. The authors also showed an
intuitive qualitative analysis of a sample to fetch quality insights. The analysis shows the reflection of
coherent responses to prompts. The result presents a better path toward building a response generation
system that learns to perform the task from their naturally occurring demonstrations. A recent study on
transformer-based models has been fine-tuned for dialogue modeling through various data modification
techniques. This includes methods such as adding information about the user’s persona, masking, etc.
(232).

At the same time, studies by (233) control responses using meta-words and manually controlled
features (viz. length of response, specificity, etc.). They defined a meta-word as an organized record.
The authors further described the response attributes. This allows them to model the relationship (one-
to-many) within task-independent conversations and execute the problem of generating a response in an
explainable and controllable manner. (220) proposed a simpler architecture which relies on the belief-
states generated by the dialogue management module. These belief states are similar to fine-grained
intents and slots, exploiting which the authors aimed for the dialogue-generation task. Further, (234)
proposed a distributional method for handling text generation in a controllable manner by exploiting
language models. This method allows point-wise specification of details and distributional constraints on
the target language model in one standard framework. Their work is the first effort into this concept while
minimizing relative entropy from the earlier proposed language model distribution. They uniquely defined
the optimal target distribution as an explicit EBM (Energy-Based Model) representation. Moreover,
using those optimal representations, we train a target-controlled autoregressive language model through
an adaptive distributional variant of the policy gradient. They conducted experiments on point-wise
constraints and showed the advantages of their method over traditional fine-tuning methods. Furthermore,
one of the studies on dialogue modeling (235) propose to combine the merits of template-based and
corpus-based DRGs by introducing a prototype-based, paraphrasing neural network, called P2-Net, which
aims to enhance quality of the responses in terms of both precision and diversity. Instead of generating a
response from scratch, they generate system responses by paraphrasing template-based responses. Their
approach learns to separate a response into its semantics, context influence, and paraphrasing noise, and
to keep the semantics unchanged during paraphrasing.

6.3 Methodology

In a regular conversation, dialogue-acts of the interlocutors tend to form a pattern. For instance, if person
A seeks some clarification from person B, the most probable response from B would be to elucidate
the clarification raised by A. Therefore, leveraging the above connotation, we propose to utilize the
next dialog-act (or response-act) in the response generation task. Formally, we formulate the problem as
follows:

Given a counseling dialogue containing utterances and their corresponding dialogue-acts as U &€
{ug, w1, ...;ur—1,u} and DA € {do,dy, ...,di—1,d; } respectively, where t is the time step, our twofold
Jjointly-learned tasks are — (a) to predict the response-act dyy1 (auxiliary), and (b) to generate a response
U1 in the dialogue abiding by the predicted response-act dy1 (primary).

58



! ] Logit Mean
Head 1 g
! RAC-Head 1 Pooling
Speaker Utterances DAs : : -
i
E ! Head 2 1 !
C?pe:t Foundation H V-Head "
on - Language |

1

1

1

1

1

| u

: ——— .

——

| B u Model
Client  s——

: Expert [}

1

1

1

1

1

1
! Head 3

: L | LM-Head

1

1

of RegRes (unfrozen)

)

1
1
1 & .
Reference Model 1 - 1 1 U,
' ' [ | " [Coooooog]
: : ReWEnM’opy: Fm—————— T _________ :
! - l; o | BS/R |—|— | : 1
: v U | Reward |:| 1 1 T i | Reference Model RAC-Head
———————— | o e .
! 1 Rew ! ! : __________________________
1 | BS-R| 1 T i =
1
P ! : : : : ; C] Reward Flow @ Reward Value
1l GPT2 | 1 1| Reward = [\i(R) + Xo(BS) + \s(p) —A;RE]|I
L 1 ! PPO Gradients
I —» | Forward Pass [
: f : : 1 optimize model
1
1 1 1 ) ’
| Language Model Head \ I 1 00000 Last Hidden Representation
I 1 1 :
1 1 ! 1
1 1 1

Reward Parameters

Figure 6.2: Architecture of READER. It contains three heads on top of the foundation language model,
GPT-2: (a) RAC-Head classifies the response-act trained on context-aware representations,
(b) LM-Head generates the response, and (c¢) V-Head calculates the final reward and initiates
Proximal Policy Optimization (PPO).

To this end, we propose READER, a novel response-act guided reinforced response generation model.
The architecture of READER is presented in Figure[7.3] READER leans on the joint transfer-reinforcement-
learning (TRL) paradigm for generating response-acts and responses. Our method of transformer re-
inforcement learning takes inspiration from an earlier work (229) . Moreover, we train the foundation
language model with Proximal Policy Optimization (PPO) (236). We define a vocabulary X and the
foundation language model & (in our case, GPT2) that defines a probability distribution over sequences of
tokens.

On top of the foundation language model, we place three task-cum-learning specific heads. First,
the language model head (LM-Head) is generalized for text generation tasks. Secondly, we introduce a
response-act classification head (RAC-Head), an encoder-only model to classify response-acts. At last,
we have a value head (V-Head) to compute the reward to send back to the foundation model. Next, we
train the model jointly to generate responses from LM-Head and predict response-acts from RAC-Head
simultaneously. Subsequently, V-Head computes the reward considering the scores of LM-Head and
RAC-Head, which in turn is optimized via PPO. We furnish details related to each head and the reward
computation in subsequent sections.

RAC-Head. Dialogue-acts play an essential role in articulating dialogue flow. RAC-Head is a
transformer-based encoder-only module on top of the foundation language model that learns to predict the
future response-act. The head exploits the last hidden representations of the foundation language model.
We feed the hidden representations to a GRU to exploit the contextual pattern of the dialog. In parallel,
we obtain linear projections of the hidden representation. Next, these contextually rich representations are
passed through a multi-head attention module in which we treat the GRU representations as the guery
and the linear projections as the key and value. Finally, we apply softmax to classify a response-act.
The prediction calibrates READER to adapt the PPO optimization through the RAC-Head’s logits, thus
allowing LM-Head to generate an appropriate response.



LM-Head. We use GPT— as our foundation language model. It has been established as one of the
preferred models for a variety of generative tasks (237; 1238} 239;240).

6.3.1 Reference Models for Reward Computation

We aim to augment the response by inheriting adequate semantics and response-acts. To maintain the
stability of the reward function, we deploy state-of-the-art reference models to compare the outcomes
for both tasks. For the language model head (LM-Head), we employ the pre-trained GPT-2 model as the
reference model, whereas, SPARTA (1) is used for the response-act head (RAC-Head). Subsequently,
we compute ROUGE (R), BERTScore (BS), and relative entropy (RE) between the proposed and the
reference language model’s outputs. Unlike primitive methods of RL-training with a standard reward
function where the model deviates to learn biased features in order to maximize the reward, where for
instance, the model may start copying text from reference text to maximize ROUGE, Our approach
employs each metric to calculate the reward function and tracks the relative entropy with the performance
of reference model in parallel. It ensures that READER’s prediction does not deviate significantly and
leverages the semantic richness of the pre-trained reference language model. We calculate the relative
entropy as follows:

RE =E..p,,[log Pm,(z) — log Pim,es (2)] 6.1

where z is sampled from P,,,, and [m,, refers to the proposed language model; whereas Im,.. s refers to
the reference model. A lower RE score demonstrates better generations; therefore, we employ RE as a
direct parameter in the reward computation.

Similarly, we utilize SPARTA (1)) to compute the logit values for the predicted dialogue-act and apply
mean-pooling for the reward computation.

V-Head. The value head (V-Head) is responsible for accumulating the reward parameters from other
heads to yield the reward and subsequently, use it to reinforce the READER.

For our reward function, we use metrics including BERTScore and ROGUE Score. Along with these,
we use known response-acts to train a reward model (SPARTA), and then optimize that reward model.
Our proposed reward function accumulates the weighted Rouge score (R), BERTScore (BYS), the relative
entropy (RFE), and the DAC-Head’s logit value (p). The former three components (R, BS, RE) offer
feedback on the semantic and syntactic richness of the current state, while the last component (p) guides
the model towards the desired response, exhibiting the predicted response-act. We compute the reward as
follows:

Reward = [A1(R) 4+ A2(BS) + A\3(p) — MRE] (6.2)

where A1, A9, A3, and A4 are hyperparameters and tuned to optimize and maximize the reward. Subse-
quently, we reinforce the yielded reward to optimize the current state using PPO.

6.3.2 Training and Proximal Policy Optimization
Similar to the optimization policy explored by (229) on a general-purpose task, the training of GPT-2 with
PPO in READER is a three-step process:

Initiate RAC-Head and LM-Head: Given u, d; along with the context { < ws—g, dp— >, ..., < wp—1,dp—1 >
}, where k is the context size, READER generates a response-act and the response.

>https://openai.com/blog/better-language-models/
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Evaluate Outcomes: In this step, we calculate the log-probability distribution of logits from the active
component (trainable model) of LM-Head and RAC-Head. Subsequently, we obtain the difference in
the log probability distribution of the reference model, which is used to impose a penalty and ensure the
coherence of the outputs.

PPO Optimization: We choose ROUGE, BERTScore, and Relative entropy to assess the quality of the
generated response and the max-logit scores in case of the response-act classification task. We receive
the reward score from V-Head (c.f. Equation[6.2). In order to optimize READER, we first compute the
relative entropy from LM-Head. At the same time, LM-Head and RAC-Head yield the remaining reward
parameters. At last, V-Head accumulates and computes the reward from each head as per Equation
We perform optimization that subsequently allows READER to learn to penalize/reward the foundation
language model.

This approach is extended from an earlier work (229). The authors initialized a policy m = 6, and then
fine-tuned 7 to operate on downstream tasks using PPO. If the task is defined by a reward function
(r: X xY — R), then the authors used PPO to optimize the expected reward. In their algorithm, PPO
utilizes clipped surrogate objective, and the model maximizes a surrogate objective. Another study (229)
exploited the usage of PPO algorithm to further define the downstream task to optimize the main objective
function. The authors opted for minimum of the clipped and unclipped objective. Hence the final objective
is lower bound (i.e., a pessimistic bound) on the unclipped objective. With this scheme, we observe that
only probability ratio is ignored when it improves the objective.

As a result, we then exploit the above mentioned PPO method to optimize our PPO algorithm (229)
with the following equation.

R(z,y) =r(x,y) — B -logn(y|z) - 0(y|x) (6.3)

where r and 6 represent reward function and foundation language model, respectively. In our case, we
experiment with a constant as well as dynamic 3 to achieve a favorable value of RE(, ). The relative
entropy plays the role of an entropy bonus; it prevents the policy from moving too far from the range
where r is valid. We rely on the relative entropy to sync with the fine-tuned reference model’s coherent
responses.

6.4 Experiments

In this section, we first discuss the counseling dataset. We then define the baseline systems and evaluation
metrics which we use to compare the performance of the proposed model and baselines.

6.4.1 Dataset

We use HOPE (1), a mental health counseling conversation dataset. It contains 12.8 K utterances from
212 dyadic counseling sessions between therapists and clients, publicly available on a video sharing
platform. The conversation encompasses diverse demographic groups with distinct mental health dis-
cussions. (1) extracted transcriptions of the utterances and processed them to remove any noise and/or
transcription issues. The collected dialogues are dyadic in nature, i.e., clients and therapists are the
only interlocutors. Each utterance in the HOPE dataset is annotated with one of the twelve dialogue-
acts — information-delivery (ID), information-request (IRQ), yes/no-question (YNQ), clarification-
request (CRQ), opinion-request (ORQ), clarification-delivery (CD), positive-answer (PA), negative-
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RI R2 RL BS METEOR

P R Fl p R Fl P R Fl

DialoGPT (241} 1234 4048 1572 292 1183 442 1223 3860 1576 07603  0.2021

_ GPT2(49) 1270 3263 1498  3.08 7.92 351 1374 3205 1587 0.7445  0.1754
£ DialogVED (242) 1248 3174 128 098 245 122 1245 3111 1446 07189  0.2000
'S ProphetNet (243) 12.15 3429 1448 330 1041 417 1224 33.12 1518 0.6707  0.1901
& VHCR (246} 1129 2133 1181 266 3.49 300 1001 1972 1099 05953  0.1041
HRED (244) 1152 2151 1072 1.89 6.42 292 1212 2436 13.56 0.6259  0.1425
HRED w/ Sp. Utt. Encoder (245} 1177 28.63 1008  1.29 4.19 206 1225 2127 1272 06171  0.1801

, READER w/ DialoGPT 1241 4391 1612 370 1372 498 1192 41.02 1630 0.7656  0.2098
& READER - RAC-Head 1264 4148 1578 360  11.83 458 123 3864 1590 0.7628  0.2039
READER 1282 4393 1615 377  13.67 493 1251 4082 1632 07666  0.2103

. — Rew(R) 11.73 38.82 14.65 2.8 8.45 2.96 1121 3576 1453 0.7561  0.1840
£ — Rew(RAC) 1236 4071 1543 3.3 1112 406 1191 37.63 1540 0.7609  0.2000
g — Rew(RAC +R) 11.92 3806 1470 243 8.26 301 1140 3498 1458 07530  0.1874
2 — Rew(R + BS) 1248 4113 1557 352 1185 447 1222 3829 1577 0.7527  0.2092
- Rew(RAC + BS) 1201 4045 15.18 272 9.93 352 1146 3705 1497 07577  0.1908
Agenver—pesT(%) 1094 185 1273 11424 11550 111.53 1890 1560 1283 10.82 14.05

Table 6.2: Results obtained on the HOPE dataset. We show ROUGE (1, 2, L), BERTScore (BS), and
METEOR to assess the performance of the READER. Rew(z) is the reward function, where x
is the parameter.

answer (NA), opinion-delivery (OD), greeting (GT), acknowledgment (ACK), general chit-chat (GC).
A detailed statistics of the HOPE dataset is

presented in Table The dataset shows ~ opg | Train Validation Test Total
a high correlation between certain pairs of

dialogue- and response-acts. For instance, Dialogue Sessions 149 21 43 212
Client Utterances 4668 595 1119 6382

;‘E utterance relq“?tlllng miolr)ma“on (abeled — p  pist Utterances | 4751 599 1122 6472
Q) is most y followe Yy an utterance - Lt T {ieraranas 90419 ~ T 1194 T 2041 12854

. ; . #Total Utterances
delivering the information (labeled IRD).

Table 6.1: Statistics of the HOPE dataset (1). The dyadic
counseling conversational dataset contains a total
of 12.8k utterances, each associated with one of
the 12 dialogue-act labels.

6.4.2 Baselines and Evaluation Met-
rics

We compare READER’s performance with

various competitive baselines in the domain

of dialogue generation. Moreover, to have

a fair comparison with READER, we choose

systems which leverage and exploit the dialogue context for the response generation. To the best of our
knowledge, no other systems have reinforced the response-act for the dialog generation. We choose the
following baselines in this work. DialoGPT (241) is a pretrained transformer model dedicated for response-
generation task. GPT-2 (49) is a decoder only model trained on a large corpora. A vanilla finetuned
version of GPT-2 works well in our use case. DialogVED (242) introduces continuous latent variables
into the encoder-decoder pre-training framework to increase the relevance and diversity of responses.
ProphetNet-Dialog (243) focuses on pretraining of dialogue specific corpus to generate coherent response.
HRED (244) is based on generative modeling to develop conversational response containing hierarchical
encoder-decoder paradigm. It is trained on a large dialogue corpus for the utterance generation task.
HRED with Speaker and Utterance Encoder (245) adds speaker and utterance level information to the
hierarchical encoder-decoder (HRED) setup. It leverages the personalization parameters in a dialogue
system. It is also trained on a large dialogue corpus. VHCR (246) uses variational hierarchical RNNs for
the conversation-only setup. It is trained on a large conversation corpus for the dialogue modeling task.
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For evaluating the performances of READER and other comparative systems, we employ ROUGE,
METEOR, and BERTScore as evaluation metrics. We use py-roug nltk-meteo and Hugging Face -
BERTScor for computing the scores.

6.5 Results and Analysis

In this section, we discuss the results obtained from the READER model and the aforementioned baselines.
Table summarizes the comparative and ablation results on the HOPE dataset.

6.5.1 Performance Comparison

Our evaluation shows superior performance of READER across a majority of the metrics. Evidently,
there is a significant increase in the recall of the ROUGE-2 score — our model receives a ROUGE-2
recall of 13.67, which is +15.50% as compared to the second best performer, DialoGPT (11.83). At
the same time, our model yields 43.93,40.82; and 76.66 scores of ROUGE-1 recall, ROUGE-L recall,
and METEOR, respectively, with an increase of +3.45, +2.22 and + 0.63 points as compared to the
best baseline, i.e. DialoGPT. On the other hand, to evaluate the linguistic properties in the generated
utterances, we calculate METEOR on READER’s generations. Similar to the earlier cases, READER
reports an improved BERTScore of 0.2103, +4.05% points better than DialoGPT.

Ablation on Foundation Model. Among all baselines, DialoGPT performs the best on average with
GPT-2 closely competing with it. However, in our case, we choose GPT-2 as the foundation language
model due to the marginally better performance in READER. We also experiment by swapping it with
DialoGPT and report the results in Table We observe that READER with GPT-2 performs better
on recall scores of R1 (+0.41), R2 (4+0.02), RL (40.2), BS (4+0.0139) as compared to READER with
DialoGPT.

Model Component Ablation Study. One of the prime contributions of this work involves the role
of the RAC-Head. READER relies on the RAC-Head to determine the response-act of the generated
utterances. Further, RAC-Head gradually allows the response generation to adapt according to the
predicted response-acts during the PPO optimization. We perform ablation on RAC-Head and present
the results in Table We observe that READER without RAC-Head scores 41.48, 11.83, 38.64 on
ROUGE-1, 2, L (recall scores), respectively. The final model performs relatively better with an increased
score (42.45,+1.84, +2.18) on the same metrics as compared to the READER without RAC-Head.

Discussion on Reward Selection and Reward Ablation. We meticulously conduct experiments on
several hypotheses to design a reward function that optimizes the PPO policy and penalizes the model for
every shortcoming. While experimentation, we consider several metric scores as a parameter to the reward
function (c.f. Equation[6.2). However, most of the parametric configurations deteriorate the results. We
show various possible ablations on the final set of parameters, i.e., ROUGE, BERTScore, and RAC-Head’s
logits in the lower half of Table We observe that a combination of RAC-Head along with BERT
Score, ROUGE scores, and relative entropy yields the best result. In addition, using only BERTScore or
ROUGE scores in the reward function deteriorates the results significantly. We also observe a decrease
in the metrics after detaching RAC-Head. This justifies the contribution of both the heads of READER
toward the generation task. Moreover, Figure shows the incremental graph of the reward function

®https://pypi.org/project/py-rouge/
"https://www.nltk.org/api/nltk translate.meteor_score.html
8https://huggingface.co/spaces/evaluate-metric/bertscore
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Context | Next utterance | RAC

Therapist: Oh great, which is a little different. But yeah, that’s great. Gold: Okay, so you're getting A’s and B’s in really good numbers. So what CRQ
That’s a really good goal. did you discover about this?

Client: Yeah, thanks. ‘ READER: Okay. Okay. What classes are you not getting A’s and B’s in? ‘ CRQ
Therapist: It’s hard work to get into law school. Are you doing well in GPT2: Anyway, I should mention I'm probably going to get through that

school? What kind of grades you get? anyway. That might not be fun.

Client: I'm doing okay. I'm getting mostly A’s and B’s so I'm pretty good. ‘ DialoGPT: Are you going to law school? ‘ -
Client: My employer just said I wasn’t a good fit. ‘ Gold: My anxiety is really bad. ‘ D
Therapist: wasn’t a good fit. So this so these symptoms have caused you READER: Oh, I get really anxious. just scared that something’s going to ‘ D

some real problems. happen and your anxiety is going to be costly.

Client: Yeah. GPT2:That’s it. Lerner. It’is a honest fact and it is one piece of information

about your mind. Lerner

— . . N
Therapist: With employment and how about with your anxiety level? ‘ DialoGPT: I'm not sure if you're joking or not. ‘ B

Table 6.3: An example showing the generated response along with the reference response.

during the PPO optimization. Evidently, the plot demonstrates the progressive learning curve considering
the mean reward score, and supports our claim that the model improves with the increasing step.

6.5.2 Qualitative Analysis

To further assess the quality of the gener-
ated responses of READER, we present
a qualitative analysis in Table In
comparison with the reference utterance,
we observe that semantics and gram-
mar are well established in the gener-
ated response. Additionally, we ob-
serve that the response-act of the gen-

erated response is in accordance to the - 'Steps
intended act. It suggests the effective-
ness of RAC-head in reward computa-
tion. We also show generated utterances
for the two best performing baselines
(DialoGPT and GPT). Though the outputs are syntactically correct, they are mostly incoherent with the
dialogue context.

Mean Reward Score per Batch

Figure 6.3: The increment flow of reward in the PPO of
READER.

Human Evaluation We also perform human evaluation on a subset of model outcomes on linguistic
ground. We use four linguistic parameters, namely, relevance, consistency, fluency, and coherence, to
perform the human evaluation (247). We define these parameters as follows: Fluency demonstrates the
linguistic quality of the generated responses; Coherence shows the structure and organization of the gen-
erated responses; Relevance shows the selection of relevant content in the generated response considering
the reference utterance; and Consistency evaluates the factual alignment between the generated response
and the source utterance. Evaluators are blind to the source of each dialogue, with responses shown in
random order and no indication of their origin; only the source utterance and corresponding response
were provided.

In total, we take 50 randomly-selected instances and ask 10 human evaluators to assign a score on a
scale of [1, 5] to each of the four parameters, where 5 represents the best outcome. All human evaluators
are linguistic experts, aged between 20 to 35. For comparison, we repeat the exercise for DialoGPT and
GPT?2 as well. Finally, we compute the average score and report the findings in Table Our analysis
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shows that READER’s outputs are also qualitatively better than baselines in each dimension.

6.5.3 Application of READER: Dialogue Generation

In this section, we present the applica-
tion of READER for generating counsel-  yjo4el
ing dialogues. To do so, we adopt

Relevance Consistency Fluency Coherence

DialoGPT 2.11 2.42 2.90 2.30
two setups: a) Natural: an end-to- GPT2 270 3.00 301 244
end conversation between a client and “Rgaper |~ 2.85 305 305 295

an agent (READERTherqpist); and b) Syn-
thetic: an end-to-end conversation be- Table 6.4: Human evaluation on the responses generated

tween two agents, i.€., READERTherapist from READER when compared to the top two
and READERyent- The first setup is a nat- best-performing baselines. We observe that the
ural configuration for VMHAS, when de- performance of READER across all metrics is
ployed at the application stage, it gener- up to the mark and slightly better than the best-
ates therapist utterances to interact with real- performing dialogue models.

time clients having mental health issues. To

do so, at every step ¢ of the response generation, we provide actual client inputs and the previously-
generated READER’s outputs for therapist ({i —n, - -+ ,i — 2,7 — 1}) as the recurring context to READER.
On the other hand, the second setup is an analysis configuration to assess the effectiveness of READER
in handling diverse inputs (e.g., generated by an agent). Moreover, this can also be viewed as a data
augmentation technique to generate synthetic dialogues. In this setup, we provide READER’s generated
outputs for both client and therapist as context.

Furthermore, in both setups, we assume that a context is present to instigate the conversation, such
that the agent (or READER in our case) understands the dynamics of the conversation and starts generating
responses that are aligned with the conversation. This approach is similar to existing VMHAs, like
WoeBot, where the agent collects initial information from the client in terms of template-based questions
and propels the conversation further with the provided details. Evidently, we observe that the proposed
model is able to comprehend the context of the conversation in both setups and generates aligned responses
as shown in Figure[6.4]and Figure[6.5

6.5.4 Generalizability

READER outperforms several baselines across most of the metrics on the HOPE dataset. Further, to
assess the model’s generalizability, we extend our experiments and evaluate READER on the Switchboard
Dialog-act corpus (223). We observe that READER improves the performances of two best performing
baselines (DialoGPT and GPT2) by 0.1% — 9.4% in 10 out of 11 metrics. In particular, we observe a
significant improvement of 9.4% in BERTScore; thus suggesting that READER’S outputs are semantically
richer than other baselines along with the marginal improvements in textual similarity. We argue that in
the presence of the information of dialogue-acts, READER harnesses the context in an efficient way for
generating semantically-richer responses.
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6.6 Discussion

Societal Impact and Deployment. Our work acts as a support to the mental health community and
ongoing research by leveraging the advancements in Al-based dialogue systems for counseling. Such
advancements in the mental health domain are likely to bring a high social impact by directly assisting
experts and providing on-demand availability to help-seekers.

Ethical Considerations and Future Work. Considering the severity of the research area, we make sure
that at each step, we maintain the privacy of the personal data of clients. In the future, we plan to extend
our work in the expansion of Virtual Mental Health Assistants (VMHAs) modules and scale the idea of
including dialogue components such as empathetic understanding.

6.7 Summary

The continuous need to face the shortage in the number of mental health experts is becoming a significant
challenge every coming year. With new Al-based therapist-bots coming into the picture, clients receive
much support with ease of access. However, generation of an accurate yet effective response for the clients
with intended dialogue-act remains unexplored. To this end, we proposed a novel response-act guided
dialogue generation model, READER. We designed a unique reward function that exploits several linguistic
properties to train the model using transformer-reinforcement learning (TRL) and further improvised
the PPO optimization. We added three heads on top of the foundation language model: RAC-Head,
Value-Head, and LM-Head, which collectively curate the reward. We compared the performance of
READER with several baselines. Our model outperformed several baselines. At last, we demonstrated
an extensive ablation study and concluded the paper with a discussion on ethical considerations and
generalizability.
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Therapist Client
g N

——{ Hi George, how you doing today? ]
Therapist Client [ Okay. }
Robert Smith, thank you for coming to see me say.m Dr. [ I'd like to give you a test that measures your thinking and
Stanley. I'm one of the doctors that works here. Obviously *® memory. Is that okay with you?
[ anything that we say is confidential between us and the team 2
that | work with a new GP who's asked me to see you. | hear c W
there have been some problems with your housing. Do you want o Yeah J
to tell me a little bit about it? o
Yeah, I've had all sorts of problems. | mean,where do you want | So ask if you have questions and if you could answer as best as
"; me to start? neighbors police. People spying on me in my street. you can that would appreciate.
() You know, none of them admit to it. But | that you know, my
"E neighbors they, but it's my it's mainly them at number nine. But
) I've seen them talking to the ones that number six and across Okay. W
(&) the road as well. . )
——'[ You know, so what, when did things start to go wrong? } 74{ What's today's date? }
Well, it's it's the harassment. It's the spying on me in my street. 1 }
You know that J 15t J
....................................................................... || That's good George thank you. | would fike you to spell the word

—-[ What makes you think they want you out on the street? } world backwards

I thought maybe someone else had a big problem with my
attention. And | guess found the time where my attention was
coming from.

—-[ Why do you think they're doing that? }
{ Well, nobody told me. }-—

{Yesican.world

Thank you, George. This has been helpful. | appreciate you
participating. | mean, I'm not great at this. But, | appreciate the

effort you put into this. Can you explain your issues?

| meant, of course, that at a certain point reaching for a drink
becomes habit. You wake up every day and can't seem to get
any work done without a drink. | feel so stressed after work.

| suppose | just want to reassure you that it's absolutely normal
to have feelings of depression and anxiety. It's really very
common, and it certainly isn't auto strange at all. So I'm glad we

T T

—-[ You said your phone was clicking What was that about? ]

Well, | can hear him next door. Always on the phone again,
always

were able to come to come here and talk about it, it's really
important for us to have this talk.

[ | see but this does not help me. }7

So, did you tell me that you were indifferent to the drink? And
why am | curious about that? Because usually, you've seemed to

—-[ Any other explanation for that? }

I'm definitely confused. And | think they're getting on me. But you
know, I've been very difficult to do it. I'm just

Okay, so just to summarize at this point, your your phones
Something's happening to telephone, you can hear your
neighbors talking about what you're doing, making a
commentary on your actions every day, every day. And you feel
that there's some sort of reason for their actions doing this. Any
other things that you've got problems with?

READER’s Generated Output for Therapist

take issue with it. And now I'm curious as to whether that's still
the case.

{ I guess | just don’t know why | should keep living like this. }7

You're fine. It is not quite as bad as its been before. You
mentioned earlier that you've had ups and downs before

So they started properly, like deciding that they wanted, they
wanted me out of the street. And when | was there in the street
people came by. Well, yeah, | mean, I've been thinking about
killing myself seriously wrong. And I'm scared.

READER’s Generated Output for Therapist

Figure 6.4: Application of READER — Natural setup.
Given a context, at each step, READER Figure 6.5: Application of READER — Synthetic
generates an output for the therapist. setup. Given a context, at each step,
This aligns with the natural configura- READER takes turns to generate outputs
tion of VMHAS, where a client seeks for the therapist and the client. This

help from a bot or a virtual agent. setup is an analysis configuration to as-
sess the effectiveness of READER in

handling diverse inputs (e.g., generated
by an agent).

67



7. Commonsense Guided Response

Generation

The crisis of mental health issues is escalating alarmingly. Effective counseling serves as a
critical lifeline for individuals suffering from conditions like PTSD, stress, depression, etc.
Therapists forge a crucial therapeutic bond with clients, steering them towards positivity.
Unfortunately, the massive shortage of professionals, high costs, and mental health stigma
pose significant barriers to consulting therapists. As a substitute, Virtual Mental Health
Assistants (VMHAs) have emerged in the digital healthcare space. However, most existing
VMHA s lack the commonsense to understand the nuanced sentiments of clients to generate
effective responses. To this end, we propose EmpRe s, a novel sentiment-guided mechanism
incorporating commonsense awareness for generating responses. By leveraging foundation
models and harnessing commonsense knowledge, EmpRes aims to generate responses that
effectively shape the client’s sentiment towards positivity. We evaluate the performance of
EmpRes on HOPE, a benchmark counseling dataset, and observe a remarkable performance
improvement compared to the existing baselines across a suite of qualitative and quantitative
metrics. Moreover, our extensive empirical analysis and human evaluation show that the
generation ability of EmpRes is well-suited and, in some cases, surpasses the gold standard.
Further, we deploy EmpRes as a chat interface for users seeking mental health support.
We address the deployed system’s effectiveness through an exhaustive user study with a
significant positive response. Our findings show that 91% of users find the system effective,
80% express satisfaction, and over 85.45% convey a willingness to continue using the
interface and recommend it to others, demonstrating the practical applicability of EmpRes
in addressing the pressing challenges of mental health support, emphasizing user feedback,
and ethical considerations in a real-world context.

7.1 Introduction

Mental health issues are on the incline, demanding immediate attention. However, the accessibility to
mental health professionals remains limited, exacerbating the challenges faced by individuals seeking
support. In fact, according to a recent report by Mental Health America 2023, out of the staggering
50 million people affected by mental health issues, over 55% did not receive the necessary treatment,
highlighting the magnitude of the problerrﬂ To address the gap of experts and meet the requirements of
support-seekers, virtual mental health assistants (VMHASs) come to the rescue.

The VMHA'’s ultimate goal is to provide effective responses that positively influence clients’ sentiments
to lead toward healthy counseling practices and ensure client stability throughout sessions. Studies suggest
prioritizing control over clients’ sentimental feelings as the key focus for counselors working with new
clients displaying negativity (248). In a real-world setting, mental health experts proficiently employ
their commonsense knowledge, along with active listening and validation skills, to understand clients’

'https://mhanational.org/issues/state-mental-health-america



experiences and subsequently provide effective responses during counseling. To mimic such a counseling
approach, our research aims to explore the benefit of commonsense knowledge as a means to aid VMHASs
in understanding clients. To explain this better, a sample of the counseling session is shown in Figure
As we observe, each counseling utterance is tagged with a sentiment label, which is utilized by the
knowledge extractor in a way such that the mental health assistant generates a response that influences
the client positively. Several VMHAs, including notable ones like Wys and Woebo are designed
to function as mental health professionals. However, they currently lack the capability to primarily
address clients’ sentimental states and respond using commonsense knowledge within their conversational
methodologies.

Given the long history of NLP and

mental health studies, such as on social Counseling Dialogue
media (249;250;251), linguistic behav- PO

. . . Client: Academic stress has been a lot
ioral COdlng (252), and virtual counsel- lately. Only place | feel relaxed is with my
ing agents (253 254: 255) there has friends. | guess some drinking and chilling
oY > YT makes me feel better. Commonsense
been a significant leap in the conver- Knowledge
sational research space for multiple re [Therapm: Hol much are you drinking? J
~arct p p %

search applications. Presently, open- € |:[ Client: | don't think | am drinking much, it's Extract
domain conversational systems such as 8 just social gathering. Like it's nothing that | commonsense

. g | :( do by mysef. knowledge to
ChatGPT (256), Xiaolce (216), and S positively influence

. . 4 Therapist: | am just so concerned. Can’t you client’s negative
GPT-3-based variants (217) excel in 2 think of anything better to do? sentiment
generating responses that are linguisti- S Extract
. _ Client: | guess | can, | can probably be more xtrac
cally accurate E}Hd semant.lc.ally coher productive i my school work rather than commonsense
ent. However, in the sensitive context going out to parties as much. But | feel t:‘;‘ge‘; geto @
. . helpless. "

of counseling, these open-domain sys- v "o (Negative Sentiment]: the tposnnt/gt t

g . S sentiment Intaci
tems lack the capability to sufficiently . :
meet the requirements (257). Onthe L ____ SN
other hand, certain approaches have fo- /
cused on utilizing conventional methods [ Mental Health Assistant ]

" [ Positive Infl
to generate responses for mental health " [Posttive Infiuence |
Counsehng (258; 259; 260)- More re- Therapist (VMHA): You haven'’t been able to have an
cent works have researched into con- easier time getting back into good habits. We can work
. . together to identify strategies that will support your

trolling the response generation method- journey toward positive habits.
ologies with factors like dialogue-acts Generated Response

(261), empathy (176;(175), target (222),
and related aspects. These conventional Figure 7.1: A sample counseling conversation in which the

methods were seen to be helpful only client expresses negative sentiment at last; the job

for a handful of specific cases, leaving of a VMHA is to generate a response to positively

room for dedicated research in the space influence the client and contains rich commonsense

of mental health counseling to tackle knowledge.

the nuanced demands of VMHAs. To

address these gaps, we propose EmpRes, a sentiment-guided commonsense-aware response generation
mechanism for mental health counseling. We use a commonsense transformer to exploit commonsense
knowledge and subsequently influence the client’s sentiments in such a way that — (i) if the client pos-
sesses a negative sentiment, EmpRes’s response influences the client toward the positive sentiment, and
(ii) if the client is already in a positive state, EmpRes’s response should keep the client in the same
sentiment state. This approach is motivated by the analysis of psychiatric conversations (262), where

Zhttps://wysa.com
3https://woebothealth.com
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clients express complex (mostly negative) sentiments, and the therapeutic process aims to guide them
toward a more positive state (263). At last, we employ GPT-2 with modified knowledge-aware attention to
learn commonsense and sentimental influence. As a result, the proposed system helps stabilize a client’s
sentimental state, making them more receptive toward subsequent treatment.

We evaluate EmpRe s using the HOPE dataset, a recognized benchmark in counseling (1), and compare
its performance against 12 potential baselines. Our approach demonstrates significant superiority over all
the baselines across five key metrics. Furthermore, through empirical analysis and human evaluation, we
ascertain that EmpRes’s generation capability is well-aligned with expectations, even surpassing the gold
standard in certain instances. Additionally, we deploy EmpRes as a chat interface for individuals seeking
mental health support, evaluating its effectiveness through a comprehensive user study in a constrained
setting. Findings indicate a notable positive response, with 91% of users acknowledging the system’s
effectiveness, 80.25% expressing satisfaction, and over 85% expressing a willingness to continue using
and recommending the interface, thereby underscoring the practical utility of EmpRes. We summarize
our contributions below:

* We propose EmpRes, a novel transformer-based model for therapist response generation. It
prioritizes the central objective of enhancing the therapeutic experience by influencing the client’s
sentiment toward the positive side.

* We exploit commonsense knowledge to understand clients better and construct sentiment-guided
and commonsense-aware graph representations for counseling dialogue.

* QOur evaluation on the HOPE dataset shows EmpRe s’s improved performance in generating therapist
responses across 12 competing baselines on five text-generation metrics.

* QOur thorough qualitative analysis and human evaluation demonstrate EmpRes’s efficacy, which in
some cases, surpasses the gold standard.

* We deploy EmpRe s-assistant as a chat interface for individuals seeking support. We conduct an
exhaustive user study to evaluate the deployed system’s effectiveness.

7.2 Related Work

Commonsense Knowledge for Dialogue Generation. The positive outcomes of exploiting commonsense
knowledge in Al and, more precisely, in NLP have been well studied (264). Most of the early research
primarily focused on incorporating commonsense knowledge in improving various aspects of text genera-
tion, including textual inference, story comprehension, and generation (265;266; 267). Commonsense
is vital for generating coherent, contextually appropriate, and plausible text by providing background
information and logical connections between ideas. As research advanced, there was a growing interest
in conversational systems and domain-specific assistants, and therefore, there was a need for applying
commonsense to dialogue generation for more relevant responses. (268) highlighted the problem of
neural text degeneration, in which dialogue models tend to generate generic and uninformative responses.
It supports the argument that there is a need to incorporate commonsense knowledge to avoid such
degeneration. Recent advancements in dialogue generation leveraging commonsense knowledge are
using commonsense transformer (COMET) (269). COMET is a generative model that possesses rich
commonsense understanding by using deep pretrained language models. Using ATOMIC and Conceptnet,
which are external knowledge graphs, authors capture different aspects of commonsense knowledge.
Several studies (39; [270; 1271) highlighted the use of the COMET model in different contexts, such as
counseling, Chinese dialogue and emotional support. These models seek to enhance dialogue responses by
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Utterances Positive Negative
Therapist Utterances 6472 4569 1903
Client Utterances 6382 2540 3842
~ #Total Utterances | 12854 7109 5745

Table 7.1: Statistics of the HOPE dataset (1). The dyadic counseling conversational dataset contains a
total of 12.8k utterances, each tagged with positive/negative sentiment.

integrating external commonsense knowledge, but exploiting commonsense knowledge for text generation
is still relatively nascent. Challenges include acquiring, representing, and effectively integrating external
commonsense knowledge, making the generation process more complex.

Response Generation. Response generation is a fundamental aspect of dialogue systems, in which
the system generates appropriate and contextually relevant responses based on user input. Several
techniques, along with commonsense to control response generation, are available. A few earlier works
have highlighted the importance of incorporating emotion into response generation for empathetic and
personalized dialogue systems (272;1273;[274). By incorporating techniques such as selecting appropriate
exemplars based on emotional content, recognizing emotional causes in conversations, and considering
both user sentiment and desired emotional tone, they can use emotion in their response. Additional research
works considered response generation as a sequential decision-making problem (275;[276). This approach
consists of a dialogue agent that learns to generate responses by interacting with an environment, receiving
rewards based on the quality of its responses, and updating its policy through trial and error. By leveraging
reinforcement learning algorithms, dialogue agents can optimize their response generation strategies to
improve dialogue quality and achieve specific objectives, such as coherence, informativeness, or engaging
conversations. On the other hand, there exist works that employ graph structure to capture crucial aspects
of conversation context, including self-other awareness, causality reasoning, and multi-party dependencies,
which account for participant relationships, causal dependencies, and diverse contextual information,
leading to a contextually relevant and engaging dialogue (277;278;279). This motivated us to design a
sentiment-guided commonsense relation graph.

7.3 Dataset

We use HOPE (1), a benchmark counseling conversation dataset. It contains 12.8 K utterances from 212
dyadic counseling sessions between therapists and clients, publicly available on social platforms. The
conversation in the dataset encompasses a wide range of demographic groups, each engaging in unique
discussions related to mental health. To ensure data quality, earlier work was conducted to thoroughly
process the transcriptions, eliminating any instances of noise or transcription errors (1). The dialogues
collected for further analysis adopt a dyadic structure involving only two participants — clients and
therapists. To enhance the dataset, we apply a pseudo-labeling approach, tagging each utterance with its
corresponding sentiment label. A detailed statistic of the HOPE dataset is presented in Table We
exploit the popular BERT-based fused with commonsense knowledge for the sentiment classification
model to perform pseudo—labelin This auxiliary binary classification task enables us to tag 12.8 K
utterances with sentiment labels. In our analysis, we observe an uneven distribution of emotion labels
(as it should be), particularly between positive and negative sentiments. While therapists predominantly
maintain a neutral stance in most cases, the binary nature of emotion labels leads to a considerable
presence of negative sentiment labels as well. We discuss the additional details about pseudo labeling in
the next section.

“nlptown/bert-base-multilingual-uncased-sentiment
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7.3.1 Dataset Extension

For our research, we utilized the HOPE benchmark counseling conversation dataset. This dataset comprises
212 counseling conversations, amounting to approximately ~ 13 utterances. To annotate the dataset with
sentiment labels, we employ pseudo-labeling by utilizing both the commonsense transformer (COMET)
and a BERT-based sentiment classification model. The central idea behind our approach is to utilize
additional attributes derived from each utterance to enhance the performance of the sentiment classifier.
Specifically, we used COMET to extract commonsense attributes related to the utterances, which we then
integrated into the sentiment classification process. This integration aimed to provide the classifier with
more contextual information, subsequently improving its accuracy. After conducting iterative experiments
with various foundation models for sentiment classification, we observed that our approach performed
marginally better than more sophisticated models. This led us to opt for a simpler and lighter foundation
model, which balanced performance with efficiency.

The overall dataset extension pipeline is illustrated in Figure In this pipeline, the utterance
encoder first processes the input utterance. Subsequently, COMET retrieves the xAttribute relations for
the utterance, providing a set of attributes that describe likely properties or characteristics associated with
the utterance. To ensure robustness, we selected the top-5 attributes from COMET for each utterance.
These selected attributes were then concatenated with the original utterance using a [SEP] tag, creating an
enriched input that was passed through a feed-forward layer for final classification.

7.3.2 Discussion on COMET Relation Selection

The selection of commonsense relations plays a
crucial role in our model’s understanding of the CAttributes

sentiment and intent of the clients. To assess the | 7 1
impact of different relations, we individually ran 8 . ||3
the commonsense transformer (COMET) on a sam- |~ Commonsense Transformer £l3|(5||2 22
ple of the HOPE dataset. For this purpose, we em- 57 ]1° |8 g
ploy all nine COMET’s relations — oEffect, oReact, T :

oWant, xAttr, xEffect, xIntent, xNeed, xReact, and | Utterance Encoder | [DO000N00000n000]
xWant. We observe that the xArtr relation provides T |
valuable insights into the specific attributes or char- [DO00000000000000 /\
acteristics related to the client’s utterance. By ana- Input Utterance

lyzing this relation, we can determine whether the Positive  Negative

client is experiencing positive or negative emotions,
which aids in sentiment classification. Hence, we
employ such relation in the sentiment classification
task as discussed in the Section[Z.3.1]

Figure 7.2: A schematic diagram of pseudo labeling
for sentiment labels for each utterance
in the HOPE dataset. We augment top-
5 additional attributes using COMET to

At a moment, a client can be found in one out assist state-of-the-art sentiment classifier
of two possible states — (i) positive or (ii) nega- in predicting sentiment label.

tive. In order to positively influence the client, we

formulate the problem to fetch the commonsense

knowledge in such a way that it conditions the knowledge extractor based on the client’s last sentimental

state. In general, if a client falls into a negative sentimental state, others (in our case, the therapist)

consoles the client and influences them toward a positive side. Hence, we employ oReact and oWant
relations effectively to capture what others would want for the client and how they feel about the client,
respectively. These relations demonstrate a positive, helpful, and sentimental understanding of the client’s
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negative sentiments. On the other hand, if a client feels positive, we intend to keep the client in the same
state only. In addition, whatever client’s thought is bringing positivity, we further exploit it in our response
via three specific and meticulously analyzed relations — xReact, xWant, and xIntent. These relations
augment the self-feelings and self-thoughts, which further assists the VMHASs in generating responses
capable of embedding similar thoughts and feelings into the response.

Overall, the selection of commonsense relations plays a significant role in capturing the nuances of
sentimental influence in our model. By leveraging the most relevant relations, we ensure a more accurate
representation of clients’ sentimental states and enable our model to provide supportive responses.

7.4 Methodology

Regder Sentiment 5 {/ T T T Reet T T T T T T T T T T =~
P 8 How does the speaker react to that oReact I
C meessssssssssssssssm  Positive A situation? How does others react to that
T Positive i | E xWant situation? |
]
[ T ™ §’ I g What are the goals of speaker? oWant |
Q< o xIntent What others want speaker to do I
i ?
T eesssssssssssssss Negative § | What does the speaker intend to in that situation? |
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Figure 7.3: A schematic diagram of EmpRes. Knowledge Extractor exploits conditional commonsense
relations (r;) to construct Sentiment-Guided Commonsense Relation Graph (SGCR-Graph).
A graph attention layer (GAT-SGCR), on top of SGCR-Graph, formulates sentiment-guided
commonsense-aware representations. A similar layer on Speaker-Context Graph (SC-Graph),
called GAT-SC, is responsible for formulating dialogue representations. Fused graph repre-
sentations act as key and value for GPT-2’s attention block, responsible for therapist response
generation.

In a de facto setting, clients and virtual assistant exchange utterances. During this conversation,
clients tend to express their sentiments, and VMHASs are expected to utilize commonsense to gain a clear
understanding and subsequently generate responses.

Problem Formulation. Suppose there is a counseling dialogue between a therapist and a client containing
utterances and their sentiment labels as U € {ug, u1,...,u;} and S € {so, s1,..., s} respectively,
with ¢ being the time step. Here, sentiment labels are either positive or negative along speaker labels,
S, € {T, C}, corresponding to each utterance. Our twofold jointly-learned tasks include (i) exploiting
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COMET to generate sentiment-guided commonsense-aware dialogue representations (auxiliary), and (ii)
generating an effective therapist response ;41 against a client’s utterance with an intent to keep the client
with positive sentimental feeling (primary).

To this end, we propose EmpRe s, a novel commonsense aware sentiment-guided response generation
mechanism for VMHAs. EmpRes integrates the effectiveness of commonsense knowledge and sentiment
guidance to place the utmost importance on fostering positive sentimental states in clients. Figure (7.3
illustrates the schematic framework of EmpRes. EmpRes generates the therapist’s response against the
client’s last utterance. Initially, we construct a Speaker-Context Graph (SC-Graph) utilizing BERT to
capture comprehensive representations of utterances and their relations with speaker information. On the
other hand, the Knowledge Extractor module leverages a commonsense transformer (in our case, COMET)
to extract relevant commonsense knowledge, taking into account the associated sentiment labels. To
maintain a positive sentiment within the client, we conditionally employ distinct commonsense relations
for utterances with positive and negative sentiments. This conceptual framework enables us to incorporate
sentiment-guided knowledge effectively, thereby assisting in the construction of the Sentiment-Guided
Commonsense Relation Graph (SGCR-Graph). A collective information from both SC-Graph and SGCR-
Graph helps to train the foundation model (in our case, GPT-2) and subsequently generates responses that
elicit positive sentiment labels throughout conversations. We provide details of each module below.

7.4.1 Speaker Context Graph (SC-Graph)

Dialogue structure is maintained by the utterance and the speaker’s information. To effectively capture
and maintain the dialogue structure, we utilize the Speaker Context Graph (SC-Graph). Such an approach
models the dialogue by treating each utterance and its corresponding speaker information as nodes within
the graph, thus encapsulating the relevant context for each part of the conversation.

In the SC-Graph, each utterance node is connected via an edge to its respective speaker label, SC-
Graph(S, — u). This connection ensures that the speaker’s identity is directly associated with their
respective utterance, preserving the speaker-specific context. Furthermore, the sequential nature of
the dialogue is maintained by connecting consecutive utterances through edges, represented as SC-
Graph(u; — ugy1). This structure captures the chronological progression of the conversation, ensuring
that the temporal context between utterances is preserved.

To learn the contextual graph representations derived from the SC-Graph, we employ a graph attention
layer (GAT-SC). This layer learns attention weaights allowing the model to assess the importance of
different nodes and edges selectively and generate richer contextual representations.

7.4.2 Commonsense Knowledge

We employ a commonsense transformer, COMET, to extract sentiment-specific knowledge pertaining to
each utterance. This extraction process involves the utilization of two distinct modules within it’s pipeline
— (1) Knowledge Extractor, and further, this acquired knowledge is used to construct (ii) Sentiment-Guided
Commonsense Relation Graph (SGCR-Graph).

Knowledge Extractor. For each utterance-sentiment tuple (u;, s;), we define a conditional commonsense
knowledge extraction rule. We feed a pretrained commonsense transformer with w; as input by retrieving
relevant knowledge aligned with sentiment-guided relations. For utterances expressing positive sentiments,
we select COMET relations such as xReact, xWant, and xIntent. This selection is supported not only by
empirical observations but also by psychological theories, indicating that individuals tend to experience
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a psychologically happier state of mind when expressing positive sentiments and primarily focusing on
themselves (280;281). Conversely, for utterances reflecting negative sentiments, we employ COMET
relations such as oReact and oWant. In these cases, clients typically perceive themselves in a negative
state of mind, prompting others (in our case, the therapist) to offer consolation and encourage a shift
toward positivity. Considering the robustness of the model, we fetch top-5 knowledge inferences for each
utterance. Once knowledge from the commonsense transformer is retrieved, we construct an SGCR-Graph
associating the utterance-specific knowledge and speaker labels. We discussed the commonsense relation
selection in detail in Section[7.3.2

Sentiment Guided Commonsense Relation Graph (SGCR-Graph). The process begins with encoding
the knowledge extracted by the knowledge extractor using Knowledge-Encoder. This module is responsible
for generating meaningful representations of the input knowledge. The input to the Knowledge-Encoder
consists of a concatenation of a sentiment label prompt and the top-5 outputs of extracted knowledge,
separated by a special separator tag used by the BERT transformer. This concatenation ensures that both
sentiment and relevant knowledge are considered simultaneously during encoding.

Graph Structure: The resultant representations () for each utterance (u;) are then used to construct
a new graph. In this graph, edges are established between the speaker labels (Counselor (T) or Client
(C)) and the utterance knowledge representations. This structure allows the graph to encapsulate both the
speaker’s identity and the associated commonsense knowledge for each utterance. To maintain the context
and capture the dialogue progression, directed edges are also added between the knowledge representation
nodes of consecutive utterances to ensure that the temporal flow of the dialogue is preserved within the
graph structure.

To further capture the nuances of sentiment knowledge and commonsense, we apply an additional
graph attention layer (GAT-SGCR). This layer selectively focuses on important nodes and edges, refining
the contextual representations.

7.4.3 Response Generation Block

For generating responses, we utilize models like GPT-2, which are pretrained on extensive text corpora
and capable of producing semantically rich text. However, these models typically lack mechanisms for
controlled and customized text generation. To address this, we employ GPT-2, a decoder-only transformer,
and enhance its capabilities by incorporating external knowledge using a novel approach called Knowledge
Aware Attention. The parametric size of GPT-2 (and others) is particularly suitable for our approach, as it
allows for effective control of external knowledge without introducing significant noise. Larger models,
while more powerful, tend to dilute the impact of external knowledge.

Knowledge Aware Attention. To integrate external knowledge into the GPT-2 model, we modify
its multi-head attention block (MHA-Block). This modifies the conventional attention mechanism into a
new cross-attention block designed to incorporate enriched knowledge representations. In our approach,
the query in the attention mechanism is derived from the hidden representation of the previous decoder
layer, following the standard dot product attention method. However, the key and value components
are sourced from enriched representations obtained through two graph attention layers: GAT — SC
and GAT — SGCR. These layers provide contextual and sentiment-guided commonsense information,
respectively.

The representations from GAT-SC and GAT-SGCR are concatenated and then passed into the Knowl-
edge Aware Attention block. This fusion of external knowledge with the internal mechanisms of GPT-2
improves the model’s ability to generate responses that are not only semantically coherent but also
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RI R2 RL BS  METEOR

P R Fl p R Fl p R Fl

HRED (244) 7.86 6.29 5.73 0.65 0.61 039  7.01  8.00 7.87  0.2421  0.298
VHCR (246} 7.28 5.66 5.28 0.44 0.04 0.41 8.2 8.96 832 05030  0.3266

_ HRED w/ Sp-Utt. Enc. (245) 8.26 7.55 7.08 0.69 0.83 0653 838 1753 707 04169  0.0465
8 GPT2 49) 113 923 9.23 1.02 1.52 113 1149 1212 926 04727  0.3494
'S ConKADI 282) 8.43 6.34 6.38 1.24 0.98 098 948 9.3 783 02745  0.2588
& DialoGPT 241) 11.00 1027 1027  1.05 1.74 130 1204 1173 1010 05819  0.3623
CoMAE (283) 0.15 0.27 0.16 0.01 0.03 00l 010 020 0.11 02930 04030
ProphetNet (243) 8.60 8.31 6.63 1.05 0.97 101 851 883 722 05422 0.3998
DialogVED (242} 988 1070 875 111 1.29 146 1002 115 905 05898  0.3711
EmpHi @272 6.45 4.48 4.49 1.14 1.02 093 1152 1123 857 04658  0.2758
CEM (288 8.25 5.58 6.78 0.75 0.91 081 954 859 707 03910  0.1232
READER (261) 1059 1085 1085  0.58 1.23 071 1085  9.32 946 07600  0.2103
1323 1333 1293 182 1.99 192 1323 135  11.80 0.8532  0.5984

£ — SC-Graph — SGCR-Graph ~ 11.13 923 9.23 1.02 1.52 113 1149 1212 926 04727  0.3494
g — SC-Graph 1294  12.84 1174 168 1.73 1.82 1292 13.02 1147 07654  0.5000
2 — SGCR-Graph 1212 1283 1283 1.0 1.52 154 1254 1283 1073 0.6363  0.4240
A_pesr(%) 11886 12285 119.17 146.77 114.36 147.69 19.88 111.38 116.83 11226 151.28

Table 7.2: The upper half shows the results obtained on the HOPE dataset. We show ROUGE (1, 2, L),
BERTScore (BS), and METEOR to assess the performance of the proposed model, . The lower
half of the table shows the ablation study in which we present individual contributions of two
essential graph components in . Here, SC-Graph represents speaker-context graph, and SGCR
denotes sentiment-guided commonsense relation graph. A_ppsr(%) shows the percentage
increment in the final model’s metric when compared with the baselines.

contextually and sentimentally informed. By integrating these enriched representations, we improve the
model’s capacity to control text generation, leading to more relevant responses.

7.5 Experiments and Results

We perform numerous experiments to evaluate the performance of EmpRes, on the HOPE dataset by
comparing it against twelve potential baselines. In this section, we provide comprehensive information
about the HOPE dataset, the selection of baselines, and the metrics chosen for evaluation.

7.5.1 Comparable Baselines

We compare EmpRes with 12 competing baselines, focusing on systems that leverage dialogue context,
commonsense, and empathy for response generation. Notably, the selected baselines cover all possible
aspects of comparison. However, to the best of our knowledge, no other system has addressed the
sentimental influence of any one interlocutor. In this study, we consider the following baselines as part of
our analysis.

* HRED is based on a hierarchical encoder-decoder and trained for the dialogue modeling (244).
* VHCR is based on variational hierarchical RNNs for dialogue modeling (246).

* HRED with Speaker and Utterance Encoder enhances the HRED framework by incorporating
speaker and utterance level information (245).

* GPT-2 is a decoder-only transformer model. Our model, EmpRes, is also developed on GPT-2
(49).
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Context

Therapist’s Response

Therapist: How much are you drinking?

Client: I don’t think I am drinking that much. I mean, it’s just social gathering.
Like its nothing that I do like by myself or whatever.
Therapist: I am just so concerned. Can’t you think of anything better to do?

Client: I guess I can probably be more productive in my school work rather than
going out to parties as much. But I feel helpless. [Negative Sentiment]

Gold: Yeah, are your friend’s the problem? Maybe you just start hanging
out with more kids in the youth group and not with your party kids?

: You haven’t been able to have an easier time getting back into good habits.
We can work together to identify strategies that will support your journey
toward positive habits. [Positive Influence]

GPT2: You are going through something?

ChatGPT: Exploring healthier coping mechanisms and finding fulfilling
activities can greatly improve your overall well-being.

Therapist: You were in asylum for two weeks. How are you feeling now?

Client: Yes, initially it was good then I got bored of daily stuff. I think, you
know, it helped my craving for smokes though.

Therapist: Can you tell me if you have smoked after getting discharged?

Client: I think sometimes cravings can go high but my self control over my
thoughts has improved so thanks to you. [Positive Sentiment]

Gold: Tell me more about your new life.

: That is an incredible improvement. Do you want to discuss about what
other improvements you see?/Positive Influence]

GPT2: It is hard to live with such habits and no self control.

ChatGPT: Acknowledging cravings without acting on them is a crucial
step. Just track your progress, and find healthier coping mechanisms.

Error Analysis

Therapist: I think that’s right. I see you crawled up over there. Also, you have a
worried face and you’re having hard time approaching it. You're feeling fear, but
do not worry. When was the last time you had cheesecake?

Client: I honestly can’t remember. I don’t know.

Therapist: I know it’s been a really long time. You certainly didn’t need it all
through when you were really stuck in your eating disorder.

Client: I used to, I used to like it. I remember that, but it was a long time ago.
Yet controlling is hitting hard on me. [Negative Sentiment]

Gold: I know, and so you’ve been avoiding food like this for so long that it
totally makes sense that you’re feeling fear.

: You are so much more than just being scared about this.

GPT2: When was the last time you had cheesecake?

ChatGPT: It sounds cheesecake holds some nostalgic memory for you, but
it’s also connected to a difficult time with your eating disorder.

Table 7.3: A comparative analysis of therapist’s response by the proposed model, , in contrast with the
best-performing baseline (GPT-2), gold responses, and a state-of-the-art model, ChatGPT.
Unlike other models, the responses generated by possess a positive influence on the client’s
negative sentiments. This is evident via the model’s ability to control the response generation
by exploiting sentimental control and commonsense awareness.

* ConKADI is an early effort in commonsense aware response generation (282).

* DialoGPT is a pretrained language model trained specifically on dialogue corpus (241).

* CoMAE is a multi-factor hierarchical framework trained for empathetic response generation (283).
* ProphetNet-Dialog is trained to chat naturally and generate coherent responses (243).

* DialogVED introduces continuous latent variables into the pretraining framework to enhance the
relevance and diversity (242).

* EmpHi focuses to generate empathetic dialogue responses (272).
* CEM leverages the user’s cognitive understanding for dialogue generation (284).
* READER is a transformer-reinforcement-learning approach for dialogue-act guided response

generation. It is also trained on counseling conversational dataset (261).

To assess the comparative performance of all baseline approaches and EmpRe s, we evaluate them
using three widely-used evaluation metrics, namely ROUGE, METEOR, and BERTScore. The computa-
tion of these metrics is facilitated by specific libraries — py-roug for ROUGE scores, nltk—meteorﬁ for
METEOR, and Hugging Face - BERTScor for BERTScore.

>https://pypi.org/project/py-rouge/
®https://www.nltk.org/api/nltk.translate.meteor_score.html
"https://huggingface.co/spaces/evaluate-metric/bertscore
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7.5.2 Performance Comparison

Table shows the performance of the competing models. The results demonstrate the superiority of
EmpRes across all evaluation metrics. Notably, our model excels in capturing both semantic and syntactic
structures, as evidenced by the significant improvements of +12.26% and +51.28% in BERTScore and
METEOR metrics, respectively. Interestingly, none of the baselines were able to capture the n-gram
overlap (n > 2) efficiently, whereas EmpRes receives a significant increase of 47.69% in F1 and 46.77%
in ROUGE-2 precision. In addition, EmpRe s consistently outperforms the baselines in ROUGE-1 with
an improvement of 18.86%, +22.85%, and +19.17% across precision, recall, and F1, respectively.

7.5.3 Ablation Study

EmpRes comprises two crucial modules, namely the Speaker-Context Graph composed of (SC-Graph)
and the Sentiment-Guided Commonsense Relation Graph and (SGCR-Graph), both of which are important
in capturing the dialogue structure and fostering commonsense awareness.

To thoroughly assess their impact, we conducted an ablation study as outlined in the latter portion of
Table The results of this study underscore the importance of both components in enhancing EmpRes’s
performance. Removing either the SC-Graph or the SGCR-Graph significantly influences the model’s
ability to generate coherent and contextually relevant responses. Interestingly, when the SC-Graph is
eliminated, leaving only the influence of the SGCR-Graph, the model still demonstrates a commendable
capability to produce responses that retain semantic richness and effectiveness.

This observation highlights the substantial contribution of sentimental influence and commonsense
awareness to the dialogue generation process. Even though there is a marginal decrease in performance
compared to the complete EmpRes, the responses generated in the absence of the SC-Graph remain
remarkably close in quality. Thus, these findings reinforce the pivotal role played by sentimental cues and
commonsense understanding in facilitating more natural and engaging conversational interactions.

7.5.4 Qualitative Analysis

To provide comprehensive support for our findings, we perform an extensive qualitative analysis. This
analysis probes into the model’s generation capability, followed by a detailed examination of the human
evaluation scores.

Generation Analysis. We investigate the quality of generations obtained from EmpRes. We observe
that the responses generated by EmpRe s contain structured semantics as shown in Table[7.3] To provide
an estimate of the generative capabilities of other LLMs, we support EmpRes’s generations with gold
responses from the HOPE dataset along with generations from GPT-2 and ChatGP Evidently, the
EmpRes is able to compete with the semantic generation standard of ChatGPT and surpasses the ability to
influence the client in the counseling conversation positively. Table[7.3]highlights the section of EmpRes’s
responses in which we observe sentimental control and commonsense awareness. We further observe that
the responses received from EmpRe s are comparable to the gold responses and, in some cases, superior
and influential.

Error Analysis. EmpRes performs well in most of the cases. However, we uncover a few instances
where a disproportionate emphasis on one of the integral components is observed. For instance, we

8https://chat.openai.com/
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scrutinize a counseling scenario in the error analysis section of Table which carries discussion related
to eating disorders. Although EmpRes’s response adheres to the gold standard in terms of positive
influence and sentiment, it falls short in terms of generating responses embedded with considerable
knowledge. Our thorough analysis reveals that approximately 10% of randomly sampled responses exhibit
deficiencies in either sentimental influence or the incorporation of relevant commonsense knowledge.
Not to ignore that such generations are also possible due to the weak gold standard as in many cases,
our human evaluation further claims that there exists a significant number of generations surpassing the
quality of the gold standard. These evaluations are discussed next.

Human Evaluation. To ensure the quality and effectiveness of EmpRe s, we conduct a comprehensive
human evaluation on linguistic grounds (247). We employ four dedicated metrics:

* Relevance shows the selection of relevant content in the generated response considering the
reference utterance.

» Consistency evaluates the factual alignment between the generated response and the source utter-
ance.

* Fluency demonstrates the linguistic quality of the generated responses.

* Coherence shows the structure and organization of the generated responses.

We conducted an assessment of

70 randomly chosen instances, with Model Relevance Consistency Fluency Coherence
15 linguistic evaluators aged between = ChatGPT 2.13 1.89 341 3.15
GPT2 2.08 2.46 2.27 3.06
25 and 45. Each evaluator was tasked g no o515 = 0:0048) 279 () = 0.0032) 336 (p — 0.0044) 3.31(p = 0.0052)

with assigning a score between 1
and 5 to four distinct parameters, Table 7.4: Human evaluation on the responses generated by

where 5 represents the highest qual- EmpRes when compared to the best-performing base-
ity. This evaluation was repeated for line and ChatGPT, along with their statistical signifi-
both ChatGPT and GPT-2 for com- cance test (p-value, p). The performance of EmpRes
parison purposes. By calculating the across all metrics is up to the mark and slightly better
average scores obtained, we present than comparing systems.

the results in Table[7.4] We observe

that EmpRes consistently demonstrates its superior qualitative performance except fluency, where Chat-
GPT has surpassed due to its exceptional ability to formulate human-level generation. Evaluators further
stated that the model, in some cases, is able to generate better than the gold standard.

Relevance to Mental Health Experts. To further validate the work’s relevance, we collaborated
with a licensed clinical psychologist and professor from a prominent organization. The effectiveness of
EmpRes is validated through an exhaustive expert evaluation using three parameters on the scale of 1
(absent) to 5 (present).

* Positive Impact shows responses’ positive contribution to the user’s sentimental well-being.

* Commonsense Understanding shows the incorporation of contextually relevant responses that
reflect a commonsense from context.

* Therapeutic Appropriateness ensures advice and guidance align with a therapeutic approach.

We observe an average rating of 2.70, 2.80, and 2.60 on the EmpRes’s responses for positive impact,
commonsense understanding, and therapeutic appropriateness parameters, respectively. In addition,
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Figure 7.4: The figure illustrates (A) the prototype deployment of the chat interface and (B) findings of
the user study conducted to evaluate the real-world effectiveness of the deployed EmpRes.
(C) The user study comprises user feedback of conversation with the deployed system across
five major criteria — (i) perceived effectiveness, (ii) user satisfaction, (iii) continued usage, (iv)
likelihood to recommend, and (v) observed hallucination.

experts have confirmed that our model’s average rating surpasses that of competitive responses, further
affirming the model’s capabilities. On the other hand, experts also claim that the proposed system
sometimes fails to reflect certain crucial elements, showing a scope for improvement for future studies.

7.5.5 Experimental Setup

We perform numerous experiments using various combinations of the relevant commonsense relations,
modeling loss. Further, we extensively experimented with graph construction. The process of graph
construction for each batch is executed beforehand to keep the learning efficient. With this process, we
significantly dropped the training time, making the model 10x more efficient. Moreover, we conduct
extensive hyperparameter tuning, using a held-out validation set to explore a range of settings for key
parameters (e.g., learning rate, batch size, and training epochs) to accurately learn the joint learning
framework and observe a significant boost in the BERTScore and METEOR metrics. We perform all
experiments on an Nvidia A6000 GPU. We tune our hyperparameters to find the optimal configurations.
Our final version utilizes the learning rate of 2 x 1075, batch size of 8, which we run for 20 epochs. We
observe that the model provides a significant decrease in the loss for the first ten epochs and then stabilizes
itself in the next ten epochs.

7.6 User Study

We have implemented EmpRes in a controlled yet natural setting to assess its efficacy, allowing users to
interact with the assistant. The primary objective is to introduce this system to a group of users, providing
them access to the interface and encouraging engagement with the assistant. This deployment serves as the
foundation for a comprehensive user study aimed at evaluating the real-world effectiveness of EmpRes.
After gathering initial feedback from this study (stage 0), we advanced to stage 1, conducting a pilot study
under expert supervision to explore usability aspects more thoroughly. The insights obtained from this
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pilot study will inform refinements to EmpRe s, enhancing its functionality in preparation for wider public
usage in stage 2. Next, we present the findings from the initial user study conducted during stage O.

We conducted a comprehensive user study to evaluate the real-world effectiveness and user satisfaction
of EmpRes as a well-being assistant. A diverse group of participants (N = 55) were invited to engage
with the assistant within a controlled setting and provide feedback on various interaction aspects. Invited
participants represented a wide demographic range, including individuals from varying age groups (20-
40), backgrounds, and geographic locations, to ensure a fair study and feedback mechanism. After
each interaction, participants were prompted to provide feedback through a structured survey. The
study focused on several key research questions to assess EmpRes’s performance pertaining to the
perceived effectiveness, satisfaction, likelihood of continued usage, recommendation to others, and user’s
perceptions regarding hallucinations. Based on these aspects, we discuss the findings of the study. Figure
summarises the key findings from the user study.

Firstly, regarding effectiveness and satisfaction, 91% of users rated EmpRes as significantly or
substantially effective in providing mental health support. This high effectiveness rating indicates that
EmpRes has the potential to positively impact users’ well-being. Additionally, 80% of participants
expressed satisfaction with their interactions, demonstrating a generally positive user experience.

Evidently, the results indicate a significant positive response, with 91% of users rating EmpRes to be
significantly or substantially effective in providing mental health support. Additionally, 80% expressed
satisfaction, and over 85.45% conveyed their likelihood of continued usage and recommendation to others.
On the other hand, a minute portion of 20% of users observed potential hallucinations in the model’s
responses, highlighting the importance of controlling the model’s abilities to minimize such occurrences
in future research.

7.6.1 Ethical Considerations for User Study

While deploying EmpRes as an assistant, we adhere to stringent ethical standards to safeguard user
privacy, safety, and overall well-being. Prior to engaging with the assistant, we present participants in the
user study with comprehensive guidelines and declarations. These declarations ensure that no personally
identifiable information is collected within the deployed system, granting users the freedom to express
themselves anonymously. In addition, participation in the study is entirely voluntary. The system adheres
to ethical standards, emphasizing transparency and cultivating a positive user experience.

7.6.2 Societal Impact

Our proposed method serves as a valuable contribution to the mental health community and ongoing
scientific investigations by harnessing the advancements in current-age dialogue systems specifically
meant for counseling purposes. Such novel contributions within the realm of mental health hold significant
potential for delivering substantial societal benefits. By directly aiding mental health professionals and
industries in this space and offering accessible assistance to individuals in need, our work aims to foster a
positive social impact in this domain.

81



7.7 Discussion

The design of commonsense relation selection is grounded in empirical modeling choices and evidence-
based psychotherapeutic principles. While our earlier framing emphasized self-focus and positive thinking
as drivers of adaptive conversational flow, it is important to note that our approach draws heavily from
well-established therapeutic frameworks. Mindfulness-based interventions, as demonstrated in prior
clinical studies (280), present acceptance. Within therapy, this typically follows a two-step process: first,
validation of the client’s expressed emotional state; second, gentle guidance toward adaptive perspectives.
Our method follows this same sequence. For utterances with negative sentiments, we retrieve and
generate commonsense relations (e.g., oReact, oWant, causal scaffolds) that acknowledge and validate
the client’s perspective before suggesting adaptive response generations. For positive sentiments, we
emphasize xReact, xWant, and xIntent relations to reinforce beneficial mental states and sustain therapeutic
momentum.

7.8 Ethics and Limitations

The research conducted in this sensitive area necessitates a comprehensive consideration of ethical impli-
cations and limitations. Given the gravity of the research, we prioritize the preservation of client privacy
by implementing rigorous safeguards at every stage of our study. The study is backed with promising
quantitative and qualitative results along with human feedback, who were adequately compensated. While
the significance of this work to society cannot be overstated, it is important to acknowledge the scope
of improvement in certain aspects, such as the model’s ability to handle extreme cases such as suicidal
thoughts and accommodate linguistic diversity such as languages other than English. Furthermore, it
is crucial to recognize that our approach represents only one facet of the broader efforts in this space.
To illustrate this further, consider the typical trajectory of counseling. In the initial stages, clients often
experience emotional distress, making it challenging for them to assess their situation or engage in formal
treatment. Our primary goal is to develop a system that can effectively stabilize a client’s mental state,
thereby making them more receptive to subsequent treatment. Therefore, its primary purpose is not posed
to be an end-to-end treatment framework; instead, it serves as a crucial preliminary module within an
end-to-end VMHA framework.

7.9 Summary

The perpetual challenge of addressing the scarcity of mental health professionals has become increasingly
pronounced with each passing year. While the emergence of Virtual Mental Health Assistants (VMHASs)
has provided clients with convenient access to support, the generation of commonsense-grounded effective
responses remains an underexplored area. In this paper, we presented EmpRes, a novel model that
leverages two fundamental graphs: the speaker-context graph and the sentiment-guided commonsense
relation graph—to preserve dialogue structure and facilitate the extraction of relevant knowledge. Ad-
ditionally, we employed GPT-2 with a modified knowledge-aware attention mechanism to incorporate
augmented commonsense knowledge and sentimental influence into the response generation process.
Our comprehensive evaluation against 12 competitive baselines demonstrated the superiority of EmpRes.
Furthermore, we conducted an extensive ablation study, qualitative analysis, and human evaluation to
highlight the effectiveness of EmpRe sand identify its limitations. To assess the real-world applicability
of our system, we deployed EmpResas a chat interface and conducted a user study to evaluate its efficacy.
The findings from the user study were promising, showing that 91.0% users found the assistant’s responses

82



to be effective. On the other hand, 80% users reported increased satisfaction with the interaction quality,
noting that the responses felt more natural and supportive compared to other VMHASs they had previously
used. The positive results from this deployment have laid the groundwork for further scalability and future
enhancements. Our findings underscore the potential of EmpRe sto significantly improve the quality and
responsiveness of VMHAs.
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Therapeutic Bond
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8. Trust: A Therapeutic Bond Metric

In mental health counseling, a variety of earlier studies have focused on dialogue modeling.
However, most of these studies give limited to no emphasis on the quality of interaction
between a patient and a therapist. The therapeutic bond between a patient and a therapist
directly correlates with effective mental health counseling. It involves developing the pa-
tient’s trust on the therapist over the course of counseling. To assess the therapeutic bond in
counseling, we introduce frust as a therapist-assistive metric. Our definition of trust involves
patients’ willingness and openness to express themselves and, consequently, receive better
care. We conceptualize it as a dynamic trajectory observable through textual interactions
during the counseling. To facilitate trust modeling, we present MENTAL-TRUST, a novel
counseling dataset comprising manual annotation of 212 counseling sessions with first-
of-its-kind seven expert-verified ordinal trust levels. We project our problem statement
as an ordinal classification task for trust quantification and propose a new benchmark,
TRUST-BENCH, comprising a suite of classical and state-of-the-art language models on
MENTAL-TRUST. We evaluate the performance across a suite of metrics and lay out an
exhaustive set of findings. Our study aims to unfold how trust evolves in therapeutic interac-
tions.

8.1 Introduction

Mental health counseling relies on dynamic, evolving strategies tailored to the needs of each patient. For
therapists, a successful session hinges on their ability to gauge the effectiveness of their approach, often
relying on subtle cues to adjust their methods. This adaptability becomes especially crucial in text-based
therapy, where the challenge of understanding patient engagement is even more complex. One of the
many contributing factors responsible for effectiveness is the therapeutic bond. To assess this, we propose
the need for a therapist-assistive metric to evaluate the success of ongoing strategies, one that could signal
when recalibration is needed during counseling (285). In this work, we propose frust as a metric to assess
the therapeutic bond. Trust, in a therapeutic context, reflects a patient’s willingness to disclose sensitive,
personal matters; it unfolds as a dynamic trajectory rather than a static state. For instance, when a patient
shifts from surface-level observations (e.g., “I’ve been feeling a little down”) to deeper self-exposure (e.g.,
“I’ve been scared of losing my job because I think it defines me”), it signifies growing trust. Conversely,
hesitancy or disengagement might indicate faltering trust. The need for trust as an evaluative metric
is particularly urgent in text-based therapy, which has seen exponential growth in recent years (286).
However, they also place the burden of building and sustaining trust solely on the therapist’s linguistic and
the patient’s reactions (287). Current research in mental health focuses primarily on tracking sentiment,
emotion, or engagement but lacks mechanisms to assess the interaction quality (288; 289;290).

Existing research has explored related areas like sentiments, user reactions, and moods in conversations
(291;1292). Still, it often falls short of addressing trust as a measurable construct (293). Unlike existing
attributes, trust possesses an evaluative component: it not only reflects the patient’s feelings but also signals
the effectiveness of the ongoing therapy approach. Without a system to identify trust flow, therapists
and the evaluative systems designed to assist them are left without actionable insights into the relational
dynamics of their sessions.



In our work, we address this gap by proposing frust, a novel and expert-verified metric designed to
assess therapeutic bonds. We conceptualize trust as a patient’s willingness to disclose sensitive, relevant
matters, reflecting their engagement and confidence in the therapeutic process. To practically assess this,
we propose MENTAL-TRUST, a large, manually annotated dataset capturing trust dynamics and topic-
switch patterns across patient-therapist dialogues. Furthermore, we evaluate the potential of computational
models for trust detection through TRUST-BENCH, a comprehensive benchmarking of classical and
state-of-the-art language models. Finally, we conduct an in-depth analysis of trust trajectories, uncovering
key insights into how trust evolves during counseling conversations. Our findings reveal that while large
language models (LLMs) excel at capturing topical understanding, they often struggle with accurately
detecting fluctuations in trust levels. Interestingly, smaller models such as BART, BERT and DeBERTa
outperforms LLMs in this regard, showcasing a stronger ability to capture subtle variations in trust.
Additionally, our in-depth analysis of trust trajectory paths, comparing increasing, decreasing, and neutral
fluctuations, demonstrates that these smaller models effectively follow trust trajectories across all three
cases. Our contributions are summarized below.

* We propose trust, a novel metric for evaluating therapeutic bonds.

MENTAL-TRUST: We propose a novel and expert-backed annotated counseling dataset, capturing
trust levels and topic-switch patterns in patient-therapist dialogues.

TRUST-BENCH: We benchmark the performance of state-of-the-art language models, assessing
their ability to detect trust.

We analyze and criticize the findings from TRUST-BENCH to further understand trust trajectories,
highlighting their potential to assist therapists in real-time strategy recalibration.

8.2 Related Work

Mental health has emerged as a profound global concern, necessitating innovative solutions beyond
traditional approaches. The rise of digital interventions, particularly Al-powered tools, such as chatbots
and diagnostic algorithms, have transformed the landscape of mental healthcare. Amidst growing demand
and stretched resources, current research has focused on multiple verticals. Earlier works within dialogue
space for counseling understanding include counseling understanding (294;295), ethics (296)), counseling
note generation (170; 297), behavior assessment, generation (261). However, barely any work touches
upon the quality of interaction between therapist and patient.

Study of bonds and psychology in digital interventions. The study of human bonds, especially
in the context of psychological interactions (298} 299; 300), has gained increased attention in digital
interventions. Research has shown that building a therapeutic bond between patients and healthcare
providers is a critical factor in achieving alignment with treatment goals (3015 302;1303). In traditional
settings, this bond is forged through direct human interaction. However, as current methods become
more prevalent in counseling, understanding how bonds form between patients and these systems has
become essential. Studies highlight the challenges of replicating the empathetic connection that a human
therapist provides, pointing out that Al tools often struggle to instill a sense of trust and rapport, both
crucial elements of therapeutic progress (304).

Trust. Plutchik’s wheel of emotions is one the early successful attempts to classify human emotions
into eight basic categories, including trust (305). Here, trust is understood as the emotion that signals

86



# Utterances Trust Topic Discussing

1 Therapist: In the other chair, let’s have critic that’s inside, that internal critic. That’s advocating for settling down, 1.5  Balancing career

for getting married, for having kids. In a way, it represents societal pressure . These two sides separate to you? and settling down
Patient: Yeah.

2 Therapist: You feel like you can be your emotional self here and the internal critic there? 1.5  Balancing career
Patient: [ think so. and settling down
3 Therapist: Ok so, I think you remember how this works. You’ll be talking to the internal critic, right? So, the 2 Balancing career
internal critic is on the side of settling down and getting married. And then, when you’re ready to have the critic and settling down

respond, you’ll switch to that chair and respond to the emotional, needs-driven side. Does that make sense?
So whenever you’re ready, go ahead and speak directly to the internal critic.

Patient: I want to finish what I’'m doing, and I want to finish what I started. I've worked so hard on my career path,
and I’'m so close to finishing. I want to finish for me. I want to accomplish those goals that I've set for myself.
It’s something I’m passionate about.

4 Therapist: So you’ve made your statement. If you are ready to switch then I use the internal critic. 2 Balancing career
Patient: There’s always time to pursue a career, but I need to focus on what’s expected of me at this time, on and settling down
the best age for having kids I have a loving boyfriend who is ready and wants to get married and settle down.

And you are being selfish by just following a path that you can take at any time.

5 Therapist: Okay. So the internal critic is just called a selfish and one of the things is a response. 2.5 Balancing career
Patient: I feel like I'm being attacked. And it’s not wrong to think about myself and what I am passionate about. and settling down
6 Therapist: Let me interrupt you. So your hands are pointing back toward the career emotional self. What can you 3 Decision Making

do with your hands that really embody that you want to communicate to the internal critic? Anything else?
Patient: The pointing towards me to protect myself from what critic is saying. I wanna push that back to the critic.

Table 8.1: Dataset example. The table showcases a dialogue snippet from the dataset, accompanied
by trust level annotations and the discussion topic. We highlight the key portions of the
text contributing significantly to the constructive and incremental trust trajectory for better
interpretability.

that ‘something is safe.” Major theories in human psychosocial development emphasize the relevance of
trust in building well-functioning relationships between individuals (306} [307), although there has been
little research specifically on the patient’s level of trust toward psychotherapists (308). (36) attempted to
define therapeutic trust (default therapeutic trust and overriding therapeutic trust), and differentiated it
from ordinary trust. (35) aimed to develop and report preliminary psychometric analyses of a new brief
measure to evaluate a patient’s level of trust and respect for their clinician. However, none of these model
the trust dynamics of the patient during the progress of a dialogue.

In contrast to previous definitions that conceptualize trust as a static measure, our work focuses on
trust as a dynamic trajectory within dialogue. Unlike psychometric measures that evaluate trust as an
outcome, we define trust as a moment-by-moment phenomenon, capturing its fluctuations in response to
the patient-therapist interaction.

8.3 Dataset

We propose MENTAL-TRUST, a trust-level rated counseling dataset specifically curated for trust modeling
in counseling conversations. The dataset consists of 12.9 K utterances extracted from 212 dialogues, where
each patient utterance is annotated with seven expert-verified ordinal trust labels. These labels are designed
to capture the nuanced progression of trust within therapeutic interactions. To create MENTAL-TRUST,
we extend the publicly available HOPE counseling dataset, which includes a total of 12,912 utterances
across multiple counseling sessions (294). Our subset focuses exclusively on patient utterances, providing
a targeted framework for studying trust as a dynamic construct. The following subsections detail the data
collection process, annotation scheme, trust labels, and key dataset statistics.
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8.3.1 Data Annotation

Counseling conversations differ from standard dialogues, particularly in their nuanced focus on emotional
depth, trust dynamics, and therapeutic context (309;(310;311). These unique characteristics necessitate
a specialized annotation approach to capture the intricate patterns. To address this, we collaborate with
mental health experts to design a specialized annotation scheme. This scheme comprises seven ordinal
trust levels, explicitly crafted to capture the evolving dynamics. Before detailing the annotation guidelines,
it is essential to first establish an understanding of trust, which we discuss next.

Trust. Trust reflects the patient’s willingness to depend, or intent to depend, on the expert/therapist
with a feeling of relative security in spite of a lack of control over the expert, even though negative
consequences are possible. Specifically, the trust of a patient towards their therapist is characterized by
(a) sharing personal, detailed, or sensitive information, (b) opening up about relevant concerns, and (c)
maintaining focus on the topic of concern without unnecessary deviation. It is worth noting that our
primary goal is to assess the patient’s trust in the therapist; however, the impact of the therapist’s responses
and interventions would affect the client’s degree of opening up. Therefore, we annotate trust levels for
every patient utterance from seven levels defined by experts. A trust level is an ordinal value assigned to
each flip, determined by considering its conversational context and preceding trust levels. Finally, prior to
annotation, the relevant topic of discussion is identified to ensure accurate context alignment. To make it
more streamlined and precise to ongoing annotations, we mark the change of topic, both instances and the
shifted topic. Annotators evaluate and update trust levels based on shifts in the conversation’s focus for
better alignment with the identified topic. Detailed annotation guidelines are discussed below.

8.3.2 Annotation Guidelines

To effectively capture the dynamics of trust in counseling conversations, we develop a framework of seven
ordinal trust levels. These levels represent a spectrum of a patient’s openness, ranging from complete
refusal to engage with the therapist to fully opening up about their core issues. While there are seven levels
in total, four major levels: least trust (L1), low trust (L2), building trust (L3), and achieved trust (L4),
serve as the foundation. The intermediate levels (e.g., 1.5, 2.5, and 3.5) account for complex situations
where a patient’s trust behavior does not fit neatly into one of the major categories. Below, we define each
trust level:

1. Least Trust. This level is assigned when the client demonstrates an active refusal to open up. This
could include non-aligning responses or outright rejection of the therapist’s attempts to engage.

2. Low Trust. This level represents a slight increase in trust from Level 1 or a slight decrease from
Level 3. The patient shows hesitation when opening up but does not completely refuse. Indicators
of low trust include:

* Limited self-expression.

¢ Use of discussion filler such as “um” or “hm”.

* Expressions of insecurity or doubtfulness, such as “maybe” or “I guess”.

3. Building Trust. This level is scored when the patient demonstrates consistent engagement and
openness, though they may still require prompting from the therapist or digress from the main topic
of concern.
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Avg. Utt. Len./Spk. Avg. Tok/Spk./Utt.

Models #Sessions #Utterances Avg. Utterance Length

T P T P
Train 116 6902 56.56 28.51 28.05 26.15 29.75
Test 17 949 52.71 27.00 25.71 25.07 21.06
Val 34 2321 65.21 32.71 32.50 26.73 19.32

Table 8.2: Split-wise dialogue- and speaker-based analysis of the proposed dataset, MENTAL-TRUST.

4. Achieved Trust. This level is assigned when the patient fully opens up to discuss their core issues
without any digression. At this point, they actively engage with the therapist on the point of concern,
indicating complete trust.

Intermediate Trust Levels. In many conversations, patient utterances do not always fit neatly into one of
the four primary trust levels. For instance, an utterance might exhibit elements of both Level 1 (least trust)
and Level 2 (low trust), creating ambiguity for the annotators. To address this challenge, we experiment
with intermediate levels, such as 1.5, 2.5, and 3.5, positioned between the major trust levels. These
midpoints allow annotators to capture complex shifts in trust that might otherwise lead to inconsistencies.
Not only annotators report that these additional levels significantly improved their ability to assign accurate
trust scores, resulting in better alignment with expert judgment and inter-annotator agreement. One such
importance is that the conversations are initialized with a trust level of 2.5, representing a neutral midpoint.
This is a fair assumption to ensure consistency across annotations, as there is no prior context available to
set a more specific initial trust level. From this point, annotators observe the patient’s trust trajectory and
annotate based on the guidelines.

Annotating Topic Shifts. In addition to trust lev-

els, we annotate topic shifts to capture changes
in the focus of the conversation. A topic shift is 08
marked whenever the conversation deviates from
the current topic of discussion to introduce anew (g4
subject. This annotation helps track how trust dy- £
c
namics interact with the flow of dialogue, as main- & 04
. . . [
taining alignment. We ask annotators to record the £
. . . ® 02
new topic introduced and the point in the dialogue
where the shift occurred, ensuring a detailed record o
of conversational transitions and digressions. '
05 10 15 20 25 30 35 40 45

Trust Levels

We present a dialogue snippet in Table[8.1]to

showcase example annotations. Along with the
dialogue, it includes the topic and trust level an-
notations, highlighting key factors contributing to
incremental trust levels.

8.3.3 Annotation Process

Figure 8.1: Distribution of ridge density for each
trust level between 1 (min) — 4 (max) in
MENTAL-TRUST.

To ensure reliable annotations, we adopt an iterative approach involving three expert linguists and a team
of domain experts. In Iteration 1, we begin with four primary trust levels only for a random sample of
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10 dialogues and ask them to assign trust levels based on the initial guidelines. However, this iteration
revealed significant disagreements, with an inter-annotator agreement (IAA) score of 0.22, as many
utterances exhibited mixed characteristics that did not fit neatly into the defined levels. In Iteration 2,
we introduced intermediate trust levels, and this refinement initially resolved much of the disagreement.
However, a new challenge emerged: subjective interpretations of whether a patient’s utterance reflected
engagement with the relevant topic of concern or constituted digression. Despite this, the IAA score
improved to 0.43. To address this issue, Iteration 3 incorporated expert-provided criteria to clarify how
the topic of discussion should influence trust levels. Annotators were instructed to consider whether
utterances aligned with the core topic or diverged as digressions. With these refined guidelines, annotations
became more consistent, and the final iteration achieved a Cohen’s Kappa score of 0.77, falling into the
‘substantial” agreement category. This iterative process not only resolved key ambiguities but also ensured
a robust and reliable annotation framework for the dataset.

8.4 Dataset Analysis

We conduct a detailed analysis examining both the structural composition and trust dynamics to understand
the characteristics of MENTAL-TRUST.

Statistical Analysis. Table [8.2]presents the key statistics of our dataset split across training, testing,
and validation sets. The dataset comprises a total of 167 counseling sessions, with 116 sessions (6, 902
utterances) allocated to training, 17 sessions (949 utterances) to testing, and 34 sessions (2, 321 utterances)
to validation. The average utterance length shows consistent patterns across splits, with validation
utterances being slightly longer (65.21 tokens) compared to training (56.56 tokens) and test (52.71 tokens)
sets. This variation is natural in therapeutic conversations where utterance length often correlates with the
depth of discussion.

We observe interesting patterns in speaker-specific assessment. The average utterance length per
speaker shows therapists maintaining relatively consistent lengths across splits (28.51, 27.00, and 32.71
tokens), while patients demonstrate similar consistency (28.05,25.71, and 32.50 tokens). This balance
between therapist and patient utterance lengths suggests equitable dialogue participation. Likewise, the
average tokens per speaker per utterance reveals that therapists typically use fewer tokens (26.15, 25.07,
and 26.73) compared to patients in the training and test sets (29.75 and 21.06), except in the validation set
where patient utterances are notably more concise (19.32). This pattern might reflect varying degrees of
patient expressiveness across different sessions, while therapists maintain more consistent communication
patterns.

Trust Distribution. Analysis of trust level distribution in our dataset reveals notable patterns in thera-
peutic trust dynamics. Figure [8.1] presents a ridge density plot of trust levels, demonstrating three distinct
peaks. The primary peak occurs at trust level 2.0 with the highest density of 0.88, indicating that moderate
trust levels are most prevalent. Two secondary peaks emerge at trust levels 2.5 and 3.0, suggesting that
patients commonly transition through these intermediate trust states. On the other hand, the density tapers
significantly at both extremes (below 1.0 and above 4.0), indicating that both very low and very high
trust states are relatively rare. This aligns with clinical observations that establishing deep trust requires
sustained therapeutic engagement, while complete distrust is uncommon once patients initiate therapy.
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Models Acc F1,, F1l, P, R, P, R, OL¢gg Params

Encoder Only
BERT (312) 85.04 68.93 8490 69.02 69.16 85.02 85.04 3.67 109 M
Mental-BERT (313) 84.12 70.14 83.87 71.83 69.12 8399 84.12 3.75 109 M
RoBERTa (314) 80.76 61.96 81.01 6158 63.60 82.12 80.76 4.28 124 M
ALBERT (315) 84.48 72.777 8434 83.88 7021 85.19 84.48 3.73 11 M
DeBERTa (316) 85.30 72.01 85.23 82.82 7291 85.81 8530 3.46 184 M
XL-Net (317) 78.76 5349 7822 5260 5526 7827 7876 4.89 117 M
Encoder-Decoder
BART (318) 87.39 81.15 87.34 8482 7935 87.52 8739 292 407 M
Mental-BART (319) 89.03 81.63 88.96 89.48 7822 89.15 89.03 2.53 407 M
T5 (320) 71.82 49.58 7093 51.04 49.70 71.10 71.82 593 738 M
Decoder Only
Llama 3.1 (321) 66.51 4372 64.63 4850 42.83 6592 6651 660 8000 M
Mistral-7b (213) 64.17 42.60 6275 4736 42.13 64.13 64.17 7.11 7000 M
Phi 3.5 (322) 7443 5024 73.10 5298 49.52 7327 7443 527 3800M
Closed-Source
GPT 40 (323) 23.38 12.85 20.57 14.80 15.38 24.37 23.38 - Large
Gemini 1.5 (324) 23.58 12.06 19.10 15.79 17.56 25.38 23.58 - Large

Table 8.3: TrustBench — Benchmarking. We evaluate 14 models on the proposed dataset, , across four
major categories: encoder-only, decoder-only, encoder-decoder, and closed-source. Evidently,
smaller models outperform larger models across eight metrics, including Accuracy (Acc), F1,
Precision (P), Recall (R), and Ordinal Cross-Entropy Loss (OL¢cg).

8.5 TrustBench

Building on our definition of trust, we propose TrustBench, a benchmarking framework designed to
evaluate how well existing methods can quantify trust in counseling conversations. We operationalize the
problem statement as an ordinal classification task. This section outlines the methodologies, experiments,
and evaluation metrics employed in TrustBench to benchmark state-of-the-art models.

8.5.1 Trust Modeling

The input to these models is meant to capture the dynamics of trust through conversational context rather
than treating utterances in isolation. To capture the dynamics of trust as it evolves during a conversation,
we consider contextual representations of patient utterances within their dialogue history. Given a dialogue
D consisting of n utterances {uy, u, . . ., u, }, where each utterance u; is either from the patient (P) or
the therapist (7°), the task is to predict the trust score ¢; € {1,2,3,4,5} for each patient utterance u;. The
context window {u;_, ..., u;—1}, consisting of the k preceding utterances for context.

8.5.2 Competing Models

We discuss 14 competitive yet diverse baseline methods that we employ to benchmark.
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Figure 8.2: Examples of trust progression scenarios (increasing, constant, decreasing) across top-
performing models. The ground-truth trust values are represented by the blue line. Decoder-
only models, particularly domain-specific variants such as Mental-BART, achieve the closest
alignment with true trust values, while closed-source models perform the worst due to their
inherent rigidity.

Enoder-only Methods. »BERT (312) is a bidirectional model that excels in understanding context
through deep pretraining on large text corpora. »Mental-BERT (313) is a variant fine-tuned on mental
health data, making it well-suited for tasks with psycholinguistic nuances. » RoOBERTa (314) improves
upon BERT by optimizing training strategies, making it highly effective for a wide range of NLP tasks.
» ALBERT-base-v2 (315) is a lighter version of BERT that reduces model complexity while maintaining
competitive performance. »DeBERTa-v3-base (316) incorporates disentangled attention mechanisms,
allowing it to better capture semantic relationships. »XLNet (317) uses a permutation-based training
approach, which enhances its capability to model bidirectional context.

Encoder-Decoder Methods. »BART (318) is pre-trained as a denoising autoencoder. »Mental-BART
(319), fine-tuned on mental health conversations, makes it highly effective for generating therapeutic
dialogue. »T5 (320) reframes NLP tasks into a text-to-text format, making it a versatile encoder-decoder
model capable of diverse tasks.

Decoder-only Models. »LLaMA-3.1 (321) is designed for efficiency with smaller datasets, demon-
strating strong performance. »Mistral-7B-v0.1 (213) is optimized for language modeling. »Phi-3.5
(322) is a small language model (SLM) particularly useful for easy compute power and inference while
maintaining the abilities of LLMs.

Close-sourced Models. We also integrate closed-source, state-of-the-art models such as » GPT-40
(323), known for its complex reasoning and strong performance in general NLP and instruction following
tasks, and »Gemini (324), which excels in multitasking scenarios, particularly in generative Al
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8.6 Results and Analysis

Here, we discuss the performances achieved by
participating methods.

Past Greeting

8.6.1 Performance Comparison

We benchmark the proposed dataset, MENTAL-TRUST,
evaluating the performance of 14 competing base-  Job
line methods across nine evaluation metrics. The
baseline methods are categorized into four ma-

jor architectures: encoder-only, encoder-decoder,
decoder-only, and closed-source language models.

Table [8.3]highlights Mental-BART as the best per- ~ Substance
former.

Anxiety

Paranoia

Depression

Within the encoder-only category, DeBERTa
achieves the best results, surpassing other meth-
ods with scores of 85.30 (accuracy), 85.23 (F'1,,), Physique
85.81 (Py), and 3.46 (OL¢cg). Notably, De-
BERTa’s performance closely aligns with that of
ALBERT, demonstrating competitive capabilities
in this architecture. On the other hand, for the Anxiety
decoder-only methods, Phi-3.5, a small language
model, emerges as the best performer, recording
scores of 74.43 (accuracy), 73.10 (F'1,,), 73.27
(Py), and 5.27 (O L¢g). Meanwhile, in zero-shot
comparisons with closed-source LLMs such as
GPT-40 and Gemini-1.5, these models fall short of Conflict
fine-tuned methods across all metrics. Surprisingly,
despite their advanced capabilities, even these so-  Fjgyre 8.3: Topic of discussion in counseling ses-
phisticated models fail to outperform smaller, fine- sions segmented into two major seg-
tuned encoder-only models like DeBERTa. ments. Top: illustrating core topics in

General
Questions

ting

Job

sessions with a positive topic alignment;
Bottom: showing topics in sessions with
negative topic alignment.

Finally, we test full-fledged transformer archi-
tectures, including BART and its variant Mental-
BART. These models consistently outperform all
other baselines across all the segments, with
Mental-BART achieving the best scores on seven
out of nine metrics. For Mental-BART, we observe a performance of 89.03 (accuracy), 88.96 (F'1,,),
89.15 (Py,), and 2.53 (O L¢ ), further cementing its position as the top-performing model on the proposed
dataset. Our findings underline the effectiveness of specialized and smaller models like Mental-BART in
the trust modeling task and highlight the limitations of general-purpose LLMs in addressing the ordinal
classification tasks. We discuss the effect of model sizes for trust modeling in Section|8.7.1

It is worth noting that all decoder-only models in the TrustBench evaluation were assessed using
identical few-shot, instruction-tuned prompts to ensure fairness in comparison. For smaller models, we
additionally performed instruction-based fine-tuning, while larger proprietary models (e.g., GPT-4 and
Gemini) were restricted to few-shot inference without fine-tuning due to proprietary constraints. The
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Splits +ve Jumps Max(+A) Min(+A) Avg(+A) —veJumps Min(—A) Max(—A) Avg(—A) Avg Streak

Train 228 1.0 0.5 0.504 110 -0.5 -2.0 -1.032 8.79
Test 37 0.5 0.5 0.5 16 -0.5 -2.0 -1.063 7.61
Val 71 1.0 0.5 0.506 36 -0.5 -2.0 -1.069 9.30

Table 8.4: Trust jumps and streak analysis. The table shows trust dynamics and includes the counts of
trust level jump, their respective maximum, minimum, and average changes (+A and — A),
and the average streak length, highlighting the progression and fluctuations in trust trajectories.

observed performance gap between smaller and larger models is largely attributed to the differences
in fine-tunability. Targeted fine-tuning allowed smaller models to align closely with domain-specific
objectives. Closed-source inclusion is intended to assess whether current state-of-the-art LLMs could
address the problem effectively in their default form. Our results indicate that, without domain-specific
adaptation, these models fall short, necessitating the need for our proposed line of approach.

8.6.2 Analysis

We study the dynamics of trust modeling in counseling, examining two major fronts: (a) trust trajectory
modeling and (b) topical analysis. We study these aspects for two therapeutic alignments: positive
topic alignment, where concluding trust exceeds initial trust levels, and negative topic alignment, where
concluding trust falls below initial trust levels. We lay out an evidential analysis and present our findings,
highlighting both the strengths and limitations of models in capturing trust dynamics.

Trust Trajectory Analysis

The quantitative evaluation of trust modeling, as presented in Table [8.3] provides a comprehensive
overview of each model’s performance when compared with expert-annotated trust levels as an ordinal
classification task. While these scores reflect the overall ability of models to predict trust levels, we further
study to understand how well models follow trust trajectories from the beginning of a session. To achieve
this, we analyze model-predicted trajectories against gold-standard annotations for three distinct cases
based on their overall alignments, including positive, negative, and neutral topic alignments (where trust
levels remain relatively stable).

To balance thoroughness and efficiency, we focus on the best-performing model from each architecture
paradigm, including LLMs, SLMs, encoder-only, decoder-only, and transformer-based. Evidently, as
shown in Figure Mental-BART demonstrates superior alignment with the gold standard, particularly
excelling in scenarios involving abrupt fluctuations. Its performance closely rivals ALBERT, reflecting
robustness in handling moderate trust variations. On the other hand, ALBERT, while competitive, shows
limitations in scenarios involving sharp trust fluctuations, such as rapid dips or surges. Similarly, the SLM,
Phi-3.5, struggles with rapid directional changes.

Topic vs Therapeutic Alignment
We perform a topical analysis of counseling sessions to investigate thematic trends across different

therapeutic alignments. Figure [8.3]illustrates the frequency distribution of key topics discussed during
these sessions, providing insights into the relationship between topic alignment and trust trajectories.
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Sessions with positive topic alignment are characterized by ‘in-depth discussions’ on focused topics
such as anxiety, academic examinations, and substance use or abuse. These conversations display
‘minimal digressions’, with patients maintaining alignment with the core topic of concern. Additionally,
a recurring pattern emerges where sessions often begin or conclude with proper greetings, a seemingly
routine element that contrasts sharply with negative topic alignment sessions, which frequently lack
such exchanges. Furthermore, the topics discussed in positive alignment tend to be coherent and closely
aligned with the therapeutic goal. Conversely, sessions with negative topic alignment exhibit scattered
and tangential discussions, often touching on topics such as general questions, casual chitchat, family
dynamics, physical appearance, and anxiety. A striking feature of these sessions is the prevalence of topic
digressions, where patients shift focus away from the core concern to peripheral or unrelated issues, and
an even bigger concern is ‘frequent digression’. These deviations are commonly linked to diminished
trust, as the therapeutic bond is weakened when alignment on core emotional or therapeutic goals is not
maintained.

8.7 Discussion

In this section, we discuss two key aspects of our work: (a) the patterns of trust evolution and (b) the
counterintuitive relationship between model size and trust modeling.

8.7.1 Discussion on Effect of Model Sizes

Our findings reveal a counterintuitive relationship between model size and trust modeling performance.
Despite the common assumption that LLMs lead to better performance, our analysis shows an inverse
trend in the context of therapeutic trust modeling. Smaller encoder models like BERT (1091 parameters)
and ALBERT (11M parameters) achieve notably higher accuracy (85.04% and 84.48% respectively)
compared to larger models such as Llama 3.1 (8B parameters) and Mistral (75 parameters), which
achieve only 66.51% and 64.17% accuracy respectively. This inverse relationship becomes even more
surprising with closed-source models like GPT-4 and Gemini 1.5, which, despite their large parameter
counts, perform significantly worse with accuracies around 23%. It is worth noting that all decoder-based
models were evaluated using a few-shot instruction-tuned prompting strategy, with prompts kept consistent
across all models for fairness. Smaller models underwent instruction-based fine-tuning, whereas large
proprietary models (GPT-4, Gemini) were evaluated in few-shot inference mode without fine-tuning due
to their closed-source nature.

Our understanding of this pattern is that smaller models are more focused architectures suited to
learning the specific patterns and subtle indicators of trust levels. For instance, smaller models are better at
learning local, contextual patterns specific to trust dynamics rather than relying on broad world knowledge.
Moreover, the specialized nature of trust modeling might benefit from models that can be more precisely
fine-tuned to the task. Also, the inclusion of closed-source models in our experiments serves primarily
to assess whether state-of-the-art proprietary LLMs, in their standalone form, could already address the
targeted problem. The results confirm they cannot fully solve it without domain-specific fine-tuning,
underscoring the novelty and necessity of our proposed approach.
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Figure 8.4: Illustration of the progression in trust scores, represented as either increasing or decreasing
jumps. The y-axis denotes the starting trust score ("From"), while the x-axis indicates the
resulting trust score ("To"). For instance, a progression from 2.0 to 2.5 corresponds to the
(4, 5) cell in the upper triangular tables. Increasing trust score jumps are shown in green,
while decreasing jumps are displayed in orange. Darker shades signify higher counts of the
respective trust score changes.

8.7.2 Discussion on Trust Evolution Patterns

The trust level typically progresses through three stages: refusal (L1-L2), digression (L2-L3), and opening-
up (L3-L4). Refusal involves reluctance or rejection of the therapist’s prompts. Digression occurs when
peripheral topics are discussed instead of the core issue, and opening-up reflects direct engagement
with the concern. For instance, a woman from initially dismisses discussing resentment toward her
mother-in-law (refusal), later shares unrelated grievances (digression), and eventually addresses her hurt
over personal comments (opening-up). This behavior is unique to this problem — trust modeling, and we
further analyze this through the statistical point of view, as shown in Table 8.4

Our analysis yields distinct patterns in how trust evolves during therapeutic conversations. Trust
progression demonstrates an inherent positive inclination, with positive transitions occurring approximately
2x as negative ones, as building trust is a fundamental goal. Notably, we observe that trust typically
builds gradually, with average positive changes of ~(+0.5) levels, while trust decreases tend to be more
dramatic, with average ~(—1.0) levels. This asymmetry suggests that while trust is carefully cultivated in
therapeutic relationships, it can be easily diminished by situational digression.

Another interesting finding is the presence of trust stability periods, averaging 8 — 9 consecutive
utterances without level changes (c.f. avg. Streak in Table[8.4). These trust plateaus may represent stable
therapeutic states where the patient-therapist bond has reached a temporary equilibrium. Figure[8.4 shows
such plateaus in detail.
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8.8 Limitations and Future Work

While our work studies trust modeling in counseling conversations, several limitations highlight opportu-
nities for future research. The dataset is limited to interactions in English-language only, restricting its
applicability in multilingual contexts and overlooking cultural nuances critical to therapeutic dynamics.
We plan to address such gaps in future works by expanding the dataset to include diverse languages and
cultural contexts. Additionally, the reliance on textual data alone omits other modalities, such as vocal tone
and facial expressions, which are vital for capturing the full spectrum of trust dynamics. Incorporating
these modalities into future models is vital for real-world applicability. Furthermore, we benchmarked
various models but did not propose a method for trust modeling, which we plan to focus on in the future.

8.9 Ethical Considerations

Our work focuses on trust modeling with the primary objective of assisting therapists in developing
more effective and adaptive therapeutic strategies. Importantly, this study is not patient-facing, ensuring
that our study remains risk-free for patients. The data we use in this study is derived from a publicly
available counseling dataset, which has already undergone necessary procedures to ensure user anonymity
and protection of personally identifiable information (PII). Furthermore, every step of data construction
and annotation has been carried out in close consultation with domain experts to ensure reliability and
alignment with ethical standards. Despite the ethical practices we followed, we acknowledge the possibility
of cultural biases due to its limited size and diversity. We explicitly address this limitation in our work and
view it as an area for improvement in future iterations. Our study adheres to established ethical standards
in data handling, privacy protection, and annotation.

8.10 Summary

In this paper, we introduced the novel concept of using trust as a metric to evaluate therapeutic strategies
in text-based counseling. Our approach to quantifying trust dynamics leverages psycholinguistics and
psychological theories, providing an actionable tool for therapists to calibrate their methods in real-
time. We proposed a robust, annotated dataset containing trust ratings and topic-switch patterns from
real counseling dialogues, which we used to benchmark state-of-the-art AI models. Our experiments
demonstrated the viability of using Al to detect and quantify trust in therapeutic contexts, showing
promising results in predicting patient engagement. The insights gained from this work lay the foundation
for future advancements in automated mental health counseling support.
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Part V

Peer Interactions
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9. Understanding Peer Behavior

Online Mental Health Communities (OMHCs), such as Reddit, have witnessed a surge
in popularity as go-to platforms for seeking information and support in managing mental
health needs. Platforms like Reddit offer immediate interactions with peers, granting users
a vital space for seeking mental health assistance. However, the largely unregulated nature
of these platforms introduces intricate challenges for both users and society at large. This
study explores the factors that drive peer engagement within counseling threads, aiming
to enhance our understanding of this critical phenomenon. We introduce BeCOPE, a
novel behavior encoded Peer counseling dataset comprising over 10, 118 posts and 58, 279
comments sourced from 21 mental health-specific subreddits. The dataset is annotated using
three major fine-grained behavior labels: (a) intent, (b) criticism, and (c) readability, along
with the emotion labels. Our analysis indicates the prominence of “self-criticism”™ as the
most prevalent form of criticism expressed by help-seekers, accounting for a significant
43% of interactions. Intriguingly, we observe that individuals who explicitly express their
need for help are 18.01% more likely to receive assistance compared to those who present
“surveys” or engage in “rants.” Furthermore, we highlight the pivotal role of well-articulated
problem descriptions, showing that superior readability effectively doubles the likelihood of
receiving the sought-after support. Our study emphasizes the essential role of OMHCs in
offering personalized guidance and unveils behavior-driven engagement patterns.

9.1 Introduction

The prevalence of mental health distress has risen sharply in the last several years. A recent report reveals
that one in six individuals suffers from mental health-related challenge At the same time, there is a
severe shortage of mental health providers to facilitate adequate support to those in nee (325:1326)). As a
result of these growing challenges, we specifically examined the patterns and factors that drive individuals
to engage with peer-to-peer mental health threads, focusing on the impact of behavioral, emotional, textual,
and topical signals during peer-to-peer interactions.

To this end, we develop the BeCOPE (BEhavior enCOded PEer Counseling) dataset, composed
of peer-to-peer mental health conversational interactions across 10, 118 posts and 58,279 comments
from 21 mental health-specific subreddits. We inspect the level of engagement on Reddit for three
different OMHC categories — (a) interactive, (b) non-interactive, and (c) isolated — based on the pattern of
interaction between users and the original help-seeker (see Figure[0.1). Analyzing the critical factors in
each engagement category, we comprehend factors and patterns that lead to constructive versus detrimental
peer-to-peer mental health interactions. Understanding peer-to-peer interactions on OMHC:s is key to
the ethical and safe monitoring of these communities, including the moderation of safe interactions and
sharing of accurate mental health information. We explore the following research questions:

"https://www.who.int/news/item/17-06-2022-who-highlights-urgent-need-to-transform-mental-health-and-mental-health-
care

Zhttps://www.newamericaneconomy.org/press-release/new-study-shows-60-percent-of-u-s-counties-without-a-single-
psychiatrist/
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Figure 9.1: Taxonomy of counseling methods along with examples. Here, OP (original poster) is a
common Internet terminology for the person who creates posts on peer-to-peer platforms. In
peer-to-peer therapy, we inspect the level of engagement in three different categories based on
the abundance of interaction with the help-seeker — (a) interactive: if there are back-and-forth
conversations between the OP and peers, (b) non-interactive: if the post engages peers, but
the OP does not reply to peers, and (c) isolated: if the post does not have any comment,
but one-to-one therapy involves the continuous exchange of dialogues between therapist and
client (help-seeker).

RQ1. When examining peer-to-peer OMHC interactions, how do intent (i.e., help-seeking), readability,
and criticism impact peer willingness to engage with the original post (e.g., validation, advice-giving)?

RQ2. How does the expression of emotions in posts impact user engagement in the OMHC platforms?

Reddit is a popular OMHC platform that has steadily emerged as a platform for seeking help con-
cerning a spectrum of mental challenges with specific posts devoted to disorders such as depression,
attention-deficit/ hyperactivity disorder (ADHD, sometimes ADD), bipolar disorder and alcohol and
substance use (327;1328; 1329). Typically, users (i.e., support-seekers) create original posts to discuss
their mental health issues, describing their symptoms and the contexts of their specific situations, like
job loss or a recent divorce. The support-seekers, in turn, receive replies from peers (other users on the
platform) with advice, recommendations for symptom management, and general support. This process
allows support-seekers to share and ask for help for their mental health challenges in a cost-effective,
convenient, and anonymous manner that typically results in immediate support. A recent study(330)
analyzed patterns of posts on two popular OMHC platforms, Talklife and Reddit, by leveraging natural
language processing for communication models in human-computer interaction and communication the-
ory, operationalizing a set of four engagement indicators based on attention and interaction. The authors
found that the back-and-forth peer platform communication effectively contributes to early support. A
similar study(331) examined the change in sentiment to analyze peer-to-peer counseling settings to read
whether a counseling thread or a post on the platform is correlated with a moment of cognitive change.
It turned out that behavioral signals such as sentiment, affect, and topics associated with language are
decisive toward effective counseling. On the same track, another study discussed the temporal engagement
on social media correlating with patient disclosure(332). The authors developed an autoregressive time
series computational model that assesses engagement patterns and subsequently forecasts alteration in
the intimacy of disclosures. They found that attributes of audience engagement, like emotional support,
personal behavior, and self-disclosure, strongly predict patterns in future counseling behavior.

Previous studies on the analysis of peer-to-peer mental health interactions identified threads that
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Intent Criticism Readability

Subreddits Posts Comments Hel.p Rant Survey Chitchat .S.el.f Other w/  Other w/o ) No Clear Non-clear
seeking criticism Reason Reason criticism

r/Anxiety 469 1773 252 129 62 26 278 48 7 136 467 2
1/ptsd 494 1567 221 144 64 65 180 135 1 178 494 0
r/suicideWatch 403 2545 90 246 17 50 231 34 10 128 378 25
r/addiction 487 3581 217 148 43 79 246 67 6 168 466 21
/ADHD 423 3856 169 104 78 72 139 31 9 247 418 5
r/alcoholicsanonymous | 498 6021 181 107 47 163 155 58 5 280 490 8
r/Anger 464 2620 233 184 31 16 245 140 16 63 462 2
1/BPD 519 2744 180 185 113 41 234 99 4 182 518 1
r/depression 547 1951 83 363 26 75 243 91 18 195 546 1
r/domesticviolence 425 2847 254 94 25 52 34 277 1 113 421 4
r/eating_disorders 568 2021 256 209 51 52 346 43 1 178 567 1
r/getting_over_it 476 2551 230 163 35 48 258 72 2 144 473 3
r/mentalillness 484 1895 208 155 52 69 209 99 2 174 480 4
r/OpiatesRecovery 493 6112 215 116 62 100 185 28 3 277 493 0
r/rapecounseling 481 2390 288 142 26 25 125 269 1 86 481 0
r/sad 486 2258 44 287 27 128 115 71 8 292 485 1
r/seltharm 467 1928 136 232 52 47 243 39 0 185 465 2
1/selfhelp 419 2001 177 60 28 154 163 37 0 219 390 29
r/socialanxiety 461 2798 167 128 64 102 201 58 0 202 428 33
r/OCD 424 2528 159 117 63 85 209 29 3 183 424 0
r/helpmecope 473 2121 277 127 17 52 170 160 2 141 471 2
Total ‘ 9961 58108 ‘ 4037 3440 983 1501 4209 1885 99 3771 9817 144
TAA (k) | - - | 0.963 0.888 0.861

Table 9.1: Statistics of the BeCOPE dataset. We collected a total of ~ 10K posts and ~ 50K comments.
We annotated all the posts using three core labels — (i) intent, (ii) criticism, and (iii) readability
(Clear: Excellent, Good and Average; Non-clear: Mediocre and Poor). IAA (k) represents the
inter-Annotator agreement using Cohen’s kappa score.

fall into affective(329), content-based (333;1334), and supportive (335) categories, thus demonstrating
reliability for the functioning of peer-to-peer mental health platforms. However, little is known about
how these categories of peer-to-peer mental health interactions are associated with constructive and/or
detrimental outcomes. Understanding the characteristics of such OMHC users (336;1337;1338;1339) and
given the widespread use of OMHC platforms, specific patterns and factors that drive engagement in peer-
to-peer mental health interaction must be identified(340; 341;/342). In doing so, social media platforms
should be better able to monitor and intervene for the benefit of their users in distress(343;1344;(345).

9.2 Dataset and Methods

9.2.1 Data Collection

To study latent signals in peer-to-peer mental health interactions, we develop BeCOPE by curating posts
from 21 subreddits. Reddit is organized into spaces called subreddits, where each subreddit is specific
to a certain discussion topic. To analyze behaviors on peer-to-peer mental health platforms, we scraped,
processed, and annotated subreddit data to develop the dataset. We explored numerous subreddits and
handpicked 21 most active mental health-related subreddits, as shown in Table For each shown
subreddit, we curated 500 posts and their comments from January 2020 to December 2020. Further, we
performed a sanity check to ensure that conversations were acceptable (e.g., noise-free, written in English).
We collected 10, 118 posts and 58, 279 comments along with their metadata, such as author information,
score (upvotes), time of creation, and the number of comments.

Step 1: Categorization of interactions by the level of peer engagement. Depending on the comments
on a post, we classified the collected conversations into one of the three engagement categories: (i)
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interactive, (il) non-interactive, or (iii) isolated. If an original post involved back-and-forth comments
from the original user and peers, the conversation was deemed “interactive”. If an original post had
zero comments, the conversation was deemed “isolated.” Finally, if an original post received more than
one comment from peers, but the original user did not acknowledge or reply to peers’ comments, the
conversation was deemed ‘“‘non-interactive”.

Step 2: Annotation of posts by behavioral and emotional labels. The first step in the annotation
process was the curation of Reddit posts on mental health topics by categorizing them based on (i) intent,
(i1) criticism, (iii) readability, and (iv) emotion labels. We manually annotated ~5K posts and subsequently
learned respective classifiers to obtain pseudo-labels for another ~5K posts. Next, a sanity check of the
annotated dataset was performed to ensure the reliability of the annotations. Finally, we used the resultant
dataset of ~10 posts for our analyses. Detailed statistics of the annotated BeCOPE dataset (including
pseudo labels, discussed later) are presented in Table

9.2.2 Data Annotation

Peer-to-peer counseling conversations are open-ended, where users express their diverse and different
perspectives. We observe that users exhibit a variety of intents while discussing mental health issues viz.
rating, seeking help survey, or doing general chit-chat. On the other hand, some alleged criticism for
their issues. Moreover, another aspect of peer-to-peer counseling is to understand whether users convey
their needs clearly and crisply. A well-written post may have attracted more and perhaps better responses
than a poorly-written post. Therefore, the readability of the post is another factor that directly affects the
chances of receiving help on a mental health post from peers. At the same time, studying the expressed
emotions is highly imperative. We hypothesize that all the above-discussed factors — the knowledge of
intent, the presence of criticism, the study of emotions, and the readability of the posts, are crucial in
understanding the need of the help-seeker and accordingly providing appropriate assistance. Considering
the literature and observations, we designed a set of guidelines to annotate the curated Reddit posts. A
detailed discussion of the guidelines considering the four factors is presented below.

Intent

Intent defines the purpose of the original poster (OP) in the post. We divide the posts into four categories
based on the user’s needs: help-seeking, rant, survey, and chitchat.

» Help-Seeking: Original posters explain mental health issues and expect peers to provide helpful
suggestions to improve their condition.

» Rant: Original posters share their (strong) views on mental health issues without expecting help
from peers.

* Survey: Original posters share mental health issues and ask peers to share their experiences. Survey
differs from help-seeking as survey-labeled posts ask for a generic point of view on related mental
health issues rather than individual-centric assistance.

* Chitchat: The Chitchat label is used for filler posts that are not directly related to mental health
issues. Such posts include well wishes, general guidelines, occasional greetings, etc.
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Figure 9.2: (a) Confusion matrix to represent the performance of pseudo labeling of criticism, intent, and
readability labels. We exploit BERT to fine-tune on ~5K manually annotated posts to predict
criticism, intent, and readability on the remaining posts. (b) Distribution of behavioral signals

(criticism and intent) along with readability in the complete BeCOPE dataset.

Criticism

Original posters often criticize the situation caused due to their or others’ mental health issues. Sometimes,
criticism is on their own; other times, it is on others. Hence, it is important to study if showing criticism
could be a cause to receive better help. In other words, do peers prefer helping others who use criticizing
language in posting their mental state? To understand this, we define four criticism labels: no-criticism,

self-criticism, others’ criticism with reason and without reason.

* Self-Criticism (SC). We use this label for posts where original posters criticize themselves for their

mental health issues.

* Criticism on Others with Reason (CR). We use this label for posts where original posters criticize
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others for their mental health issues. Also, they provide some reasons (justification) to support their
criticism.

¢ Criticism on Others with No Reason (CNR). This label differs from CR as the criticism is not
backed by reasoning.

* No-Criticism (NC). We use this label for posts where there is no criticism.

Readability

Readability is essential in imparting most of the information via textual communication in all professional
domains(346). Earlier works utilized the readability criteria to decide the impact of a mental health post
using statistical properties of posts such as length of the post (330). However, we argue that a shorter
post could also be interpreted as poorly readable. Therefore, in this work, we define the readability score
based on the clarity of the text and the amount of effort one needs to put into comprehending the post. We
observe that lengthier sentences pose a degree of uneasiness in readers besides the use of SMS slang and
abbreviations. Based on our observations, we define five readability levels for a post — excellent, good,
average, mediocre, and poor.

Emotion

Emotion labeling is the practice of cultivating empathetic knowledge in conversations (347). We employ
a set of 28 emotion classes —admiration, amusement, anger, annoyance, approval, caring, confusion,
curiosity, desire, disappointment, disapproval, disgust, embarrassment, excitement, fear, gratitude, grief,
Jjoy, love, nervousness, optimism, pride, realization, relief, remorse, sadness, surprise, and neutral— for
our Reddit posts. Moreover, we observed that many posts conveyed multiple emotions in a single post;
hence, we assigned two emotions for each post, i.e., the primary emotion and the secondary emotion.

Ethical Consideration

Considering the sensitivity of research in mental health, this paper does not include any personal, identifi-
able information of any OMHC user. Further, our models involve sophisticated deep-learning models,
which are careful not to take any bias toward any gender, caste, race, diagnosis, or peers with specific
symptoms. We collected data solely based on the most relevant mental health subreddits and did not
include any bias in the choice of particular subreddit channels. Finally, we conducted all experiments
without compromising the anonymity of online users in BeCOPE.

9.3 Analysis and Findings

RQ1: When examining peer-to-peer OMHC interactions, how do intent (i.e., help-seeking),
readability, and criticism impact peer willingness to engage with the original post (e.g.,
validation, advice giving)?

Intent. We observe that help-seekers on OMHC platforms are 18.01% more likely to receive help when
they explicitly convey their pressing needs through queries, as opposed to when they make statements
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Emotion

Primary | Secondary Read

Post ‘ Intent

Criticism ‘

Hello all. T unfortunately used again today, despite going to my first NA meeting last night. My | Help-seeking SC Sadness Gratitude Excellent
loneliness, is a trigger. I spent the whole day by myself, and decided it wouldn’t hurt to light up one
more time. I have a job interview, next Monday. I don’t want to lose my life. I am usually a proud
person, and solve my problems on my own. But, I know I need to reach out to someone before I spiral
out of control. T honestly see myself giving up everything for it. Please, any advice and tips would
help me in this low moment. I have no one in my life currently. Thank you. [ Interactive |

I recently found out my boyfriend has been crushing or opening then snorting most of his prescription Rant CR Sadness Disappointment | Average
medications. We had been arguing non-stop over his marijuana addiction, but this brings it to the
next level.Not just his ADHD meds, but his depression and anxiety meds too. He claims it makes
them more effective. I tried negotiating with him over letting me dispense his ADHD meds to him
one week at a time, and he goes on tirades about loss of control/lack of trust/I'm not his mother/the
government and his doctors can’t control him etc. I already am exhausted from our constant fighting
over marijuana abuse.He says it’s not my problem because it’s his body and his decision. He has
ADHD, depression, and anxiety concurrent with substance abuse disorder (marijuana and alcohol).
He has been hospitalized and gone to rehabilitation multiple times. Now he’s adding RX abuse to
his problems. I told him I was considering reporting him to his doctors, and he told me to keep my
mouth shut and let him make his own decisions. I think his illness keeps him from making logical
decisions about this, as he is constantly seeking ways to “not be bored”, “’kill the anxiety”, or “not feel
anything”. TLDR: SO says his decision to abuse prescription medications is not my problem, despite
his diagnosed substance abuse disorders. [/ Interactive |

I live in Canada. I started the application process for medical assistance in dying. It was nice to finally Chitchat CNR Optimism Joy Excellent
receive an intelligible response to "I really want to die." as oppose to the usual parroted phrases and
hollow cheerleading. Not sure that I will go through with it tbh, but I hope that I do. Getting two
witness signatures seems like the only real obstacle here. [ Isolated |

‘Who’s an alcoholic stay at home wife/mom? Just super interesting to me. What are your days typically Survey NC Excitement Neutral Excellent
like? Do you hide your consumption or own it? [ Non-Interactive ]

Every day I read to you from Daily Reflections. This book is published by Alcoholics Anonymous, Chitchat NC Neutral Neutral Poor
and is an important resource for members of this LIFE-saving association. Many recovering alcoholics
use this literature to start their day. AA is a fellowship of men and women who share their strengths
and hopes with each other for the common purpose of helping the alcoholic who still suffers. It is the
faith and the love of the LIFE which allows the cure or rather ashes the progression of the disease and
helps us to leave the hell of alcoholism one day at the time. Addiction is very powerful and sneaky.
Although these writings are primarily intended for alcoholics, their families and friends, many people
who feel they have no contact with alcoholism greatly appreciate the wisdom that emanates from them.
‘We hope you will gain the freedom we know! MERCI! Thank you for your support by subscribing to
our YouTube channel. <youtube channel> #recovery #alcoholism #alcoholics anonymous love #LIFE
#January [ Isolated |

Table 9.2: Example of posts and their corresponding labels in BeCOPE. Intent: Help-seeking, Rant, Chit-
chat, and Survey; Criticism: Self-criticism (SC), Criticism with reasoning (CR), Criticism with
no reasoning (CNR), and No-criticism (NC); Readability: Excellent (5), Good (4); Average (3),
Mediocre (2), and Poor (1); Emotion: Admiration, Amusement, Anger, Annoyance, Approval,
Caring, Confusion, Curiosity, Desire, Disappointment, Disapproval, Disgust, Embarrassment,
Excitement, Fear, Gratitude, Grief, Joy, Love, Nervousness, Optimism, Pride, Realization,
Relief, Remorse, Sadness, Surprise, and Neutral; Engagement: Interactive, Non-interactive,
and Isolated.

about their experiences. When an original post contains a help-seeking approach, it increases peer
engagement. Specifically, 45.35% of interactive posts, 42.16% of non-interactive, and 27.34% of isolated
posts are help-seeking in nature, indicating that peers who explicitly ask for help for their mental issues
experience greater peer engagement. We also observe that when an original post is constructed as a “rant”
(a long statement of the problem with no explicit ask for help/advice), it receives less peer engagement.
The number of isolated posts labeled with the rant intent (38.11%) exceeds non-interactive posts (34.73%)
and interactive posts (32.56%) by a margin of 3.38% and 5.55%, respectively. Further, posts with rant
intent receive the least interaction compared to other intent labels across all engagement categories,
showing that the survey posts do not elicit peers’ attention toward assistance. Our analysis sheds light on
RQ1 by indicating the conveyance of explicit intentions through queries or the articulation of pressing
needs on the OMHC platforms yields a more efficacious response. We present the distribution of intents
across three engagement categories in Figure[9.3(a). The four annotated intent labels achieve statistically
significant Cohen’s Kappa agreement scores with a confidence > 95% on the p-values of help-seeking
(0.022), rant (0.046), chitchat (0.016), and survey (0.028).

105



(a)

Survey Seek Help
(10.69%) 45.35%

Explicit intentions of seeking direct help queries or the articulation of pressing needs on
OMHC platforms yields a more efficacious response as opposed to merely airing
surveys or rants. On the contrary, isolated posts are dominated by chitchat intent.

Intent Distribution
in

Interactive Posts

Rant (32.56%)
Chitchat (11.40%) Non-Interactive Posts Isolated Posts

No Criticism
(34.87%)

Criticism w/ Reasoning
20.82%

When criticising others, our findings infer that
peers who communicate with a proper
reasoning of causation of a situation and a
profound comprehension of the topic at hand
are more apt to receive assistance.

Criticism Distribution Non-Interactive

Posts
in

Self Criticism
43.32%

Self criticism is the most common attribute
among the support seekers where our findings
shows that open communication or swearing
with greater emotional freedom are more likely

to receive help. Isolated Posts

Interactive Posts

Criticism w/
No Reasoning
(0.98%)

(c

Interactive Non-Interactive

2-2x
More Support Rate Toward Good Writers

Study shows that users prefer short, correct, and well-written
posts to read while scrolling the feeds online.

Isolated

Nature of Interaction “=*

Frequency of Well Written Posts by Help Seekers

Figure 9.3: Distribution of behavioral signals and readability in BeCOPE across all engagement
categories. (a) The intent distribution indicates that a majority (45.35%) of posts show
explicit intentions (seek-help) through queries or the articulation of pressing needs on OMHC
platforms, yielding a more productive response as opposed to merely airing surveys or rants.
(b) The criticism distribution shows that help-seekers are more likely to engage in self-criticism
(43.32%), and those who criticise openly on others with proper reasoning are more likely to
receive assistance. (¢) The readability statistics of posts in BeCOPE state that well-written
posts receive 2.2x more support (responses) as compared to poorly written posts.
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9.4 Experiments and Results

RQ1: When examining peer-to-peer OMHC interactions, how do intent (i.e., help-seeking),
readability, and criticism impact peer willingness to engage with the original post (e.g.,
validation, advice giving)?

Intent. We observe that help-seekers on OMHC platforms are 18.01% more likely to receive help when
they explicitly convey their pressing needs through queries, as opposed to when they make statements
about their experiences. When an original post contains a help-seeking approach, it increases peer
engagement. Specifically, 45.35% of interactive posts, 42.16% of non-interactive, and 27.34% of isolated
posts are help-seeking in nature, indicating that peers who explicitly ask for help for their mental issues
experience greater peer engagement. We also observe that when an original post is constructed as a “rant”
(a long statement of the problem with no explicit ask for help/advice), it receives less peer engagement.
The number of isolated posts labelled with the rant intent (38.11%) exceeds non-interactive posts (34.73%)
and interactive posts (32.56%) by a margin of 3.38% and 5.55%, respectively. Further, posts with rant
intent receive the least interaction compared to other intent labels across all engagement categories,
showing that the survey posts do not elicit peers’ attention toward assistance. Our analysis sheds light on
RQ1 by indicating the conveyance of explicit intentions through queries or the articulation of pressing
needs on the OMHC platforms yields a more efficacious response. We present the distribution of intents
across three engagement categories in Figure[9.3(a). The four annotated intent labels receive a significant
agreement score with a confidence > 95% on the p-values of help-seeking (0.022), rant (0.046), chitchat
(0.016), and survey (0.028).

Criticism. We observe that isolated posts have maximum no-criticism (NC) labels (50.34%) as compared
to non-interactive (34.92%) and interactive (34.87%) posts. Figure [9.3(b) shows the distribution of
criticism labels across all engagement categories. Conversely, individuals who can obtain support from
their peers on OMHCs are frequently found to engage in criticising themselves and others. We bifurcate
the criticism of others into two indicative categories — criticism with reasoning (CR) (i.e., a logical
presentation of one’s experience), and criticism with no-reasoning (CNR). Out of all three engagement
categories, interactive engagement carries the maximum CR label, 2.75% and 5.39% more than non-
interactive and isolated engagement categories, respectively. This trend directly draws attention to the fact
that proper reasoning in criticism is vital for receiving help. In contrast, CNR is most prevalent in isolated
engagement, highlighting that criticism without proper reasoning only adds a noisy understanding to the
reader’s mind. Similarly, self-criticism is considered the most prevalent type of criticism among those
who receive help. This implies that people seeking support are more likely to engage in self-criticism, and
those who express their emotions more openly are more likely to receive assistance. As a result, we infer
that peers who criticise and have a profound comprehension of the topic at hand are more apt to receive
assistance. The four annotated criticism labels receive adequate agreement score with confidence > 95%
on the p-values of criticism w/ reasoning (0.043), criticism w/ no reasoning (0.010), no criticism (0.009),
and self-criticism (0.035).

Readability. We hypothesize that well-written posts (i.e., easier to read) foster better understanding and
subsequently attracted more peers to engage. Our initial observation supports the hypothesis; most of the
posts in the BeCOPE dataset are hard to read, i.e., rated < 2 on a scale of 1 to 5, with 1 being the least
comprehensible. Our analyses reveal that posts scoring higher in readability result in 2.2 x greater support
ratings from peers, as shown in Figure [09.3|c). We further employ experts in linguistics to understand
what contributes more toward understanding posts. We observe that factors like the length of the post, the
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division into paragraphs and listicles, grammar, spelling, clarity of the issue, and usage of short forms
(SMS language) are critical that peers take into consideration when reading and deciding to engage with a
post. The readability score receives significant confidence of > 95% with average p-values across all five
labels to be 0.040.

RQ2: How does the expression of emotions in posts impact user engagement in the OMHC
platforms?

Emotion labels. Emotions play a vital role in mental health support seeking. Empathetic understanding
is an attempt by the observers/experts to regulate emotions that help-seekers express(348). Figure
shows a frequency-based radial distribution of the most frequent emotion labels in BeCOPE. Our analysis
of emotion labels shows that 10% of the isolated posts carry neutral emotion labels. In contrast, only
3% posts carry neutral emotions for both interactive and non-interactive posts combined. Furthermore,
12.3% of the non-isolated posts exhibit curiosity as the secondary emotion compared to 7% isolated posts.
Evidently, labels such as sadness, curiosity, fear, and realization are more prevalent in non-isolated posts.
On the other hand, emotion labels such as caring, confusion, approval, joy, and neutral are more prevalent
in isolated posts. Consequently, peers exhibiting explicit emotional expression in posts, such as curiosity,
fear, and sadness, receive more significant support in 86% of the cases. For the remaining 14% of the
posts, emotions are observed to be with tepid emotional labels, such as caring, confusion, or neutral, to
which peers often ignored responding, leading to no interaction.

On analyzing a sample of 100 posts, we subjectively categorize extreme emotions expressed into
various types, including fear, excitement, sadness, etc. In the category-wise emotion distribution (Figure
9.4), we observe that posts expressing such explicit extreme emotions have a higher chance of receiving a
response, whereas posts with tepid emotional labels, such as caring, confusion, and neutral tend to be
ignored.

9.4.1 Metadata and Content Analysis

We conduct an auxiliary analysis of the BeCOPE dataset with a prime focus on metadata and textual
properties. These experiments aim to assess the impact of minor actions, such as subjectivity, interaction
count, anonymity, etc., on help-seeking. We conclude that specific minor actions taken by help-seekers
on OMHC platforms can increase the probability of receiving assistance. Our initial findings suggest
that descriptive titles and body content attract more help than compact usage of words. Likewise, the
active participation of the help-seeker in the conversation (through comments) increases the chances of
receiving help two-fold. Such approaches might assist help-seekers in gaining early access to assistance.
We observe that a few mental health subreddit channels like r/OpiatesRecovery are entirely dedicated to
providing frequent assistance to help-seekers, including during late hours.

9.4.2 Topical Analysis

We also perform a topical analysis of peer-to-peer interactions, aiming to understand what specific topics
and keywords drive the conversation in three engagement categories (viz. interactive, non-interactive, and
isolated). To this end, we apply Latent Dirichlet Allocation (LDA)(2) on the posts in each engagement
category. The idea is to understand the topics on which peers respond and don’t respond. Therefore, we
segregate isolated and non-isolated posts to study the topics on which support is received and not received,
respectively. We observe that the most frequently occurring topics in isolated posts include discussions
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Figure 9.4: (a) Distribution of emotion labels in the BeCOPE dataset. For brevity, we show plots for
the top 10 emotion labels only. Each post is tagged with primary and secondary emotion labels.
We further analyze the emotion label distribution across three engagement categories. (b)
Topical analysis on the BeCOPE dataset. We perform Latent Dirichlet Allocation (LDA) (2)
to form 8§ clusters of topics. To analyze the topics on which peers respond, we club interactive
and non-interactive posts, where peers respond and compare them with topics from isolated
posts.

about school-related issues, abuse, rape, pressure to meet society’s standards, salary, and freedom to
express opinions and feelings. On the other hand, we observe that the frequently discussed topics from the
non-isolated category are anxiety, drugs, common symptoms/illness and diagnosis, parenting behaviors,
body image issues, food and weight, anxiety, and relapsing on drugs. Figure [9.4{shows a cluster of topics
for posts from each category to obtain the most common topics in conversations. Evidently, the common
topics of discussion in isolated posts elucidate that people shared experiences about many sensitive and
stigmatized issues; subsequently, they remain unexplored, as indicated by the number of isolated posts. As
a result, topics that resonate with peers and enjoy widespread prevalence tend to attract more interactions
and are more likely to receive active engagement from peers on OMHCs.

9.4.3 Additional Auxiliary Analysis

This section analyses the auxiliary properties of the BeCOPE dataset. We run fundamental experiments to
analyze BeCOPE’s focus on metadata and textual properties.
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Title Length in BeCOPE

We run a short analysis on the length of the titles of posts from each category in BeCOPE. The aim is to
comprehend if more descriptive titles are helpful while receiving help or make it cambersome for helpers
to skip over the post. We find that the mean length of the title for interactive posts is greater than that of
non-interactive and isolated posts by a margin of 3.4 and 5.5 words, respectively. These statistics indicate
that descriptive titles are more explanatory and likely to receive help. We further conclude that the original
poster, who wrote descriptive titles, is likelier to engage with the peers trying to help. This explains the
fact that peers primarily look for self-explanatory titles to decide to help.

Body Length in BeCOPE

Once a descriptive title catches the helper’s attention, we hypothesize that the body of the text should also
be descriptive enough to impart proper information to receive help. To verify this, we run a simple analysis
of the body lengths of the post. Furthermore, the statistics show that the mean length of the body for
interactive posts (189.95) is greater than that for non-interactive and isolated posts by a margin of 25.64
and 35.24, respectively. This supports our hypothesis, indicating that help-seekers who write descriptive
posts are more likely to receive help. We also analyze that the mean body length for non-interactive posts
is greater than for isolated posts by a margin of 9.6. Once again, this indicates that posts with longer body
lengths are more likely to attract helpers by imparting information better.

The Number of Peer Comments

Here, we analyze how many peers interact with the posts. On average, an interactive post receives 10.12
comments, whereas a non-interactive post receives merely 3.41 comments. Evidently, the number of
peer comments on interactive posts is tripled compared to the peer comments on non-interactive posts
by a margin of 6.71. This analysis significantly differentiates the interactivity among the interactive
and non-interactive posts on mental health subreddits. Moreover, the average number of unique peers
interacting on the interactive posts is more than two times the number of non-interactive posts. The same
trend holds for other statistical measures. For interactive and non-interactive posts, we observed a standard
deviation of 12.47 and 5.94, median of 4 and 2, and 95th percentile of 22 and 10, respectively.

The Number of Unique Peers on a Thread

The engagement category influences the number of peers participating in a conversational thread. Our
findings state that an average interactive post attracts 6.07 unique participants on the thread, and a non-
interactive post receives merely 3.06. This shows that the average number of unique peers on interactive
posts is almost double that of peers interacting on non-interactive posts. The help-seeker interacts with the
peers by writing replies to their initial replies. The result indicates that the peers are more interactive, and
the number of new peers pitching in to help also increased. Consequently, the help-seeker’s interactivity
also increases the post’s overall engagement, resulting in an increase in the chance of receiving assistance.

Subreddit Division

We assess which mental health issues are more prevalent in peer-to-peer counseling. Also, it is an
interesting comparative study to analyze which mental health issues usually attract interaction. Evidently,
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r/helpmecope contributes to the minimum number of isolated posts out of all subreddits and the maximum
number of non-interactive posts. The subreddit #/OpiatesRecovery contributes the maximum number of
interactive posts to the dataset. The number of isolated posts is greater than that of non-interactive posts,
which in turn was greater than the number of interactive posts for 13 out of 21 mental health subreddits in
the BeCOPE dataset.

Anonymity

Reddit allows users to create throwaway accounts, which are temporary accounts for creating just an
anonymous post. Thus, any content posted via an anonymous account does not reveal the user’s personal
account information. To explore the effect of anonymity on peer-to-peer counseling conversations, we
extract all the posts with the throwaway user handles from BeCOPE. Next, we analyze these posts for
differentiating characteristics. We find 245 posts from throwaway accounts in BeCOPE. Furthermore,
28 out of 245 posts are isolated, 101 are non-interactive, and 116 are interactive. Throwaway accounts
contribute to a meagre 2.4% out of total posts. This indicates that help-seekers barely use the added
anonymity offered by the OMHC platforms for posting mental health issues. Since it is clear that the posts
are less likely to receive a reply if posted from throwaway accounts, we explore the alternate possibility
of checking if the help varies with anonymity (Case 1). We also verify if peers’ behavior while replying
changes when they move from a regular to an anonymous account (Case 2). To this, we test the following
two cases:

Case 1: Posts made from throwaway accounts are less likely to receive help as compared to the posts
made from any regular account.

Case 2: Help-seekers posting from throwaway accounts are more likely to reply on receiving replies than
those posting from regular accounts.

We observe that 88.5% posts by throwaway accounts received a reply compared to 81.3% posts that
were not from throwaway accounts. Thus, the finding does not support our hypothesis. Moreover, the
original poster replied in 53.5% of the posts from throwaway accounts, which received at least a reply.
This is similar to the 53.8% posts not from throwaway accounts. Consequently, we do not observe any
correlation between the behavior of the help seeker and anonymity; thus, the second case also contradicts
the findings.

Analysis Based on Similarity

Earlier work showed that better responses from counselors uphold higher linguistic similarity with the
clients’ responses. Thus, we test the hypothesis to observe if the interactive engagements carry a higher
similarity between the post and the comments than other engagements. Hence, to shed light on this and
further clarify, we exploit sentence-bert (349) to compute the cosine-similarity between the context-rich
BERT embeddings of help-seeker’s post and peer comments. As a result, we observe that the earlier
work’s hypothesis contradicts the findings of our analysis. The average text-similarity between posts and
comments for non-interactive posts is very similar to that of interactive posts with a slight difference of
0.0202 only. Thus unlike earlier work, the high textual similarity between the post and the comments is
not a standard case.
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9.5 Discussion

Understanding user behavior and online engagement is consistently challenging, particularly in compre-
hending the complexities of individuals in distress. OMHC platforms have emerged as crucial spaces for
peer-based mental health discussions, enabling individuals to discuss their intrinsic thoughts and mental
health issues openly. Beyond the OMHC’s function, only a handful of these users interact, with even
fewer users receiving the anticipated assistance. The most effective way of assessing peer engagement is
to understand the factors on which peer interaction depends. Platforms like Reddit, containing dedicated
mental health subreddits, offer rich repositories of discussions on relevant topics. Our formulated hypoth-
esis posits that the comprehension of peer behavioral attributes such as intent, criticism, and readability
significantly contributes to a holistic understanding. In addition, the expressivity of emotions on OMHCs
can further concentrate on the causal underpinnings of these behavioral dynamics. However, this research
area has remained under-resourced and insufficiently explored. Our newly introduced BeCOPE dataset
holds significant implications beyond the insights drawn in this study. It can serve as a valuable resource
across various research domains with dimensions ranging from empathetic to behavioral conduct of peers
on OMHC:s and further epitomizing explanations and casualty of such implicit underlying causes.

Our research examines the behavioral, emotional, and topical dynamics associated with varying
levels of engagement among peers within OMHCs. We perceive engagement as an indication of a peer’s
preparedness to provide support. Our findings underscore that simple behavioral characteristics such as
explicitly seeking help and refraining from criticizing others can increase peer engagement, as observed
in ~50% of the cases. This observation emphasizes that behaviors like ranting, criticising others, and
generic chit-chatting do not elicit productive peer attention. At the same time, users express themselves
in different styles, and the underlying concept of peers being able to understand others hinges on the
clarity of the posts’ readability. Earlier research shows that using short sentences is more engaging
(350). In contrast, we show that peers with intricate thoughts aren’t constrained to concise posts; instead,
they often require more extensive elaboration (351). Our research demonstrates a twofold increase
in support for individuals openly expressing their concerns on the OMHC platforms. Conversely, the
illustration of emotion dynamics is an additional gauge to evaluate the user’s context. In alignment with
our formulated hypothesis, the intricate interplay of emotions articulated within OMHCs demonstrated a
direct correlation with the level of peer interaction. Analogous to socio-cultural implications, instances
where individuals convey heightened emotional intensity consistently involve more engagement, while
expressions characterized by emotional neutrality tend to diminish in terms of peer involvement. This
phenomenon potentially stems from underlying factors such as relatability, the emergence of a palpable
sense of urgency, and a compelling inclination to provide empathetic validation and support. These
emotionally charged interactions establish a conspicuously relatable presence, effectively motivating
peers to participate in discussions and disseminate adaptive coping techniques actively. Consequently, the
assessment of peer engagement within OMHC:s stands as pertinent societal research that aims to assess
the intricate dynamics underpinning an effective peer support framework. Such OMHCs serve as forums
where peers engage in a wide spectrum of discussions, yet only a few receive the required assistance. We
are convinced that a crucial void in this landscape lies in fostering societal awareness regarding the nature
of these challenges and their appropriate navigation. For instance, individuals often discuss sensitive and
stigmatized matters, which, although prevalent in volume, remain relatively unexplored, as substantiated
by the prevalence of isolated posts. As a result, topics of a more general nature are observed to attract
increased interaction. These perceptive insights inherently underscore the significance of understanding
the factors of the support ecosystem before its effective utilization for constructive engagement.
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9.6 Summary

OMHC platforms have become a popular way to seek help for people struggling with mental health
issues (352;1353; 1354; [355). Our work analyzed the granular user posting behaviors that foster peer
engagement with the mental health content on OMHC platforms, specifically subreddits. The primary
aim of this work was to better understand the behaviors of support seekers and the factors that drive
peer engagement with the original post. We found that the intent of a post (seeking support versus
ranting about one’s experience), the readability, and the criticism elements of a post were associated with
peer engagement. Our proposed dataset and empirical study call for more research to understand peer
engagement on mental health platforms, including elements that lead to constructive versus detrimental
engagement(354;|356; 357). These data are critical in understanding how OMHC can best support users
experiencing distress in addition to preventing the proliferation of harmful and inaccurate mental health
advice and information(358;[359;1360).

Understanding user behavior and online activity is challenging, and even harder to understand
individuals in distress. The current study primarily focused on peer-to-peer engagement concerning
mental health content. We understand that the findings can vary across other platforms like Twitter,
Talklife, 7Cups, Facebook, Instagram, and even other subreddit channels. The future direction of this
work will be to better understand user behavior on OMHC:s, including how to monitor and moderate peer
engagement so that it is not harmful to individuals in distress. Although our findings shed light on the
connecting patterns of peer-to-peer online engagement, more research is needed to develop computational
methods to gauge user satisfaction and behavior by exploiting the annotations we have done in BeCOPE.
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10. Conclusion and Future Work

With this chapter, we now summarize the contributions made by this thesis and a discussion of possible
directions in which future research could be extended.

The increasing demand for mental health support, exacerbated by the COVID-19 pandemic, has exposed
the severe shortage of mental health professionals worldwide. As a response, Virtual Mental Health
Assistants (VMHASs) have emerged as a promising solution to bridge this gap. However, despite their
potential, existing dialogue systems remain rigid, contextually limited, and incapable of replicating the
nuanced adaptability of human therapists. This thesis aimed to deconstruct the counseling interaction
pipeline into its fundamental components, such as understanding, summarization, response generation,
trust evaluation, and peer interactions, to develop modular novel methods that enhance virtual counseling.
Through exhaustive experimentation, expert collaboration, and user evaluations, this thesis presents
computational models that address the research gaps within digital mental health support, ensuring that
VMHA s are not merely automated conversational agents but effective, structured, and clinically informed
assistants capable of assisting mental health professionals in a typical counseling procedure.

A key contribution of this thesis is dialogue understanding, where we addressed the fundamental challenge
of interpreting directive understanding in counseling dialogues. To this end, we developed the HOPE
dataset, an extensively annotated dataset for the dialogue-act classification task in dyadic counseling
conversations. We proposed SPARTA, a novel transformer-based model incorporating speaker-aware
and time-aware joint contextual learning mechanisms. The model effectively leverages global and
local context, improving the performance by 58.46%. This work lays the foundation for developing
more contextually aware VMHAS that can better engage with clients and respond appropriately to their
psychological needs. Beyond understanding conversations, another critical aspect of therapy is counseling
note-making. We attempted to digitize the process as a dialogue summarization problem. In this work,
we proposed MEMO, a novel summarization dataset for dyadic counseling, and proposed ConSum, a
transformer-based domain-enriched summarization model that classifies key counseling components and
integrates PH(Q — 9 driven mental health knowledge. Our ablation studies demonstrated significant
improvements over existing models. In another similar line of work, we proposed PIECE, a novel
planning engine for LLMs that enhances summarization quality by orchestrating structured planning
before language modeling. Extensive evaluations, including automatic, human, and expert assessments,
revealed that summaries generated by PIECE often surpassed even human gold standards in terms of
structure and relevance. This research highlights the importance of strategic content planning, opening
avenues for further integration with multi-session therapy tracking and patient progress assessment.

One of the eventual goals of this research is dialogue generation, where we sought to hold more control
over the LLM’s generations with multiple controlling parameters. Existing VMHAs often produce
generic, scripted responses that fail to align with the therapeutic goals of counseling interactions. To
address this, we proposed READFE R, a response-act guided dialogue generation model that incorporates
transformer-reinforcement learning with Proximal Policy Optimization (PPO), leveraging linguistic reward
functions for controlled response generation. In another similar line of work, we proposed EmpRes,
a commonsense-knowledge guided response generation model that utilizes speaker-context graphs and
sentiment-guided commonsense relation graphs to structure responses based on conversational context. A
large-scale human evaluation study revealed that 91% of users found EmpRes’s responses to be effective,
with 80% reporting increased satisfaction with conversation quality compared to previous VMHAs. A
critical aspect of any counseling interaction is the therapeutic bond, as it is the foundation of relationships.
In this thesis, we proposed a novel approach to quantifying trust dynamics in counseling sessions using



psycholinguistic and psychological theories, aka trust modeling. We developed a robust annotated dataset
containing trust levels and topic-switching patterns from real counseling dialogues, which we used to
benchmark AI models for trust modeling. Our experiments demonstrated that models could effectively
detect and predict clients’ engagement levels, providing a quantifiable measure of trust-building in
conversations. These findings offer a new direction for real-time Al-assisted therapist calibration, allowing
either real therapists or bots to adapt responses based on trust levels.

Beyond one-on-one counseling, we also investigated peer interactions in Online Mental Health Com-
munities (OMHCs), an increasingly popular avenue for individuals seeking digital peer support. Our
work analyzed granular user behaviors on mental health-focused subreddits, identifying key factors
that drive peer engagement. We found that post intent, readability, and critical elements in discussions
significantly influenced the level of peer response and support. This research calls for further exploration
into constructive vs. detrimental engagement patterns to prevent the support from going undelivered.
Additionally, we emphasize the need to expand our findings to other OMHC platforms, such as Twitter,
TalkLife, and 7Cups, to develop a more generalized understanding of support delivery, ultimately helping
monitor and moderate peer interactions.

Deployment Pathways and Adaptation Protocols. While the primary contributions of this thesis are
methodological, it is essential to outline the considerations for transitioning these research modules into
deployment. The models developed here are designed with efficiency-conscious architectures, reducing
inference latency and minimizing hardware demands. However, these efficiency gains alone are insuffi-
cient for deployment in sensitive domains such as mental health. Hence, the proposed thesis modules
are explicitly intended as an assistive decision-support for mental health professionals, ensuring that
unintended oversight is maintained at every stage. Model outputs should be treated as augmentations
to professional judgment, not as replacements, with safeguards in place to detect uncertain responses.
Additionally, before large-scale use, the methods must undergo domain adaptation to the target organiza-
tion’s specific context. This would require fine-tuning with anonymized organization-specific datasets,
aligning the models with local clinical protocols, cultural norms, and communication styles. Continuous
learning mechanisms should be incorporated, enabling iterative improvement based on expert feedback.
Deployment itself should follow a staged approach: beginning with offline evaluations integrated into
existing workflows, progressing to small-scale, monitored pilots, and only then considering broader
adoption once reliability has been demonstrated in pilot settings. In parallel, compliance with local
equivalent regulatory frameworks must be ensured.

Through rigorous experimentation, user studies, and expert collaboration, this thesis demonstrates that
a carefully designed, context-aware, and psychologically informed approach to digital counseling can
significantly enhance virtual mental health support. By breaking down the counseling process into struc-
tured computational modules, we present a framework that not only advances dialogue system research
but also offers assistive methods that complement human therapists rather than replace them. Unlike
existing VMHAs that function as static chatbots, this research highlights the importance of adaptive,
personalized, and ethically grounded digital interventions in mental healthcare. Despite these advance-
ments, several challenges remain. While this work significantly improves understanding, summarization,
response generation, and trust evaluation, achieving initial intelligence, future research should explore
multimodality incorporating audio, facial expressions, and physiological signals to enhance complete
understanding. Additionally, ethical concerns surrounding bias mitigation, data privacy, and regulatory
frameworks remain critical areas for exploration. On the other hand, while this thesis focuses primarily on
therapy-specific scenarios, the modularity of the proposed frameworks holds clear potential for adaptation
to primary care and related settings. Realizing this potential will require future research once sufficiently
representative datasets from these alternative contexts become available, making this an important but
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data-dependent extension of the current work. In conclusion, this thesis sets a strong foundation for the
next generation of VMHAs, paving the way for scalable, ethical, and contextually aware computational
therapeutic models. With state-of-the-art computational dialogue modeling and real-world therapeutic
insights, this research bridges the gap between automation and human-centered mental healthcare. As Al
evolves, its ability to support, augment, and collaborate with mental health professionals will be crucial
in addressing the global mental health crisis. This work encourages future researchers to build upon
these findings, exploring novel methods to make mental health support more accessible, empathetic, and
expert-supportive.
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