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Abstract

Mental health support increasingly takes place through text-based platforms, including crisis
services, telepsychology portals, peer support forums, and mobile counselling applications. In
these settings, emotional states must be inferred from written language, often across multiple
conversational turns and under conditions of significant ambiguity. Contextual emotion
detection therefore requires systems that can interpret not only discrete words but also
dialogue history, user goals, social context, and clinical risk. Large language models offer
substantial potential for this task because they encode rich linguistic context and can adapt to
complex mental health expressions. However, their deployment in mental health
infrastructures raises structural, ethical, and operational challenges that extend well beyond
model accuracy. This paper presents a system-level analysis of contextual emotion detection
in mental health support conversations using large language models. It examines architectural
configurations, representation choices, model adaptation, deployment trade-offs, robustness,
fairness, governance, sustainability, and clinical integration. The discussion emphasizes that
effective emotion detection in mental health is not a standalone classification problem but a
socio-technical system design problem. It requires careful balancing of inference quality,
latency, privacy, interpretability, and accountability. The paper argues for modular
architectures with human oversight, strong documentation practices, and policy alignment. It
further considers cross-domain comparisons, energy costs, and the implications of using
general-purpose foundation models in sensitive clinical contexts. The analysis is intended to
inform researchers, system designers, and policy stakeholders who seek to build safer and
more sustainable mental health text analysis infrastructures.
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1. Introduction

Mental health support increasingly occurs through text-based channels, including crisis lines,
telepsychology platforms, peer support forums, and mobile counselling applications. In these
interactions, emotional states are not directly observable, and clinicians or automated systems
must infer them from linguistic signals embedded in short messages, long transcripts, and



multi-turn conversations. The ability to detect fear, hopelessness, anger, ambivalence,
guarded optimism, or emotional numbness is therefore essential for triage, safety monitoring,
therapeutic empathy, and outcome evaluation. Contextual representations from masked
bidirectional language models have enabled more nuanced text understanding than earlier
lexicon-based or bag-of-words approaches [1]. Large-scale autoregressive models
subsequently demonstrated that language models can perform complex inference with limited
labeled data [2]. The underlying self-attention mechanism had already provided a general
sequence-to-sequence architecture for modeling long-range dependencies [3], and
unsupervised multitask learning expanded the range of tasks that could be addressed without
task-specific architectures [4].

The recognition of emotion by machines has a longer history in affective computing [5],
while emotion detection in conversational settings has been studied as a distinct challenge
because of inter-turn dependencies, speaker roles, and implicit emotional cues [6]. In mental
health applications, these technical capabilities intersect with broader social and ethical
concerns about natural language processing systems [7]. Contextual emotion detection in this
domain is not simply a matter of classifying text into anger, sadness, fear, or joy. It requires
understanding how a person expresses distress over time, how a support worker responds,
when risk escalates, and how language varies across cultural and clinical contexts. This paper
examines the problem from a systems perspective, focusing on structural trade-offs,
architecture, governance, infrastructure, deployment, sustainability, robustness, fairness, and
policy implications. The central argument is that large language models can improve
contextual emotion detection in mental health support conversations only when they are
embedded within carefully designed socio-technical systems rather than deployed as isolated
classifiers.

2. Background and Conceptual Foundations

Despite their expressive power, large language models also raise documented risks. Bender et
al. [8] argued that scale alone does not produce understanding and may amplify biased
associations learned from large uncurated corpora. Weidinger et al. [9] classified ethical
harms from language models into multiple categories, including discrimination,
misinformation, privacy leakage, and psychological harm. These concerns are particularly
acute in mental health settings, where incorrect emotion inference can influence clinical
decisions, safety assessments, or user experience. At the same time, efficiency-oriented
methods such as knowledge distillation [10] and low-rank adaptation [11] have become
important for real-world deployment because they reduce memory and computational
demands while retaining much of the contextual competence of larger models. Foundation
models more generally illustrate the shift toward reusable, general-purpose representations
that can be adapted across tasks and domains [12].

From a global health perspective, the World Health Organization has highlighted the need for
accessible and safe mental health services, particularly where professional resources are
limited [13]. This creates both an opportunity and an obligation for automated support
systems. In parallel, advanced sentiment classification methods have incorporated dynamic
adaptive attention and supervised contrastive learning to improve discrimination among
nuanced emotional categories [14]. Such advances can inform mental health emotion
detection, although they must be adapted to clinical dialogue rather than general text. The
broader foundation model literature emphasizes that contextual competence emerges from
scale and pretraining, but downstream safety depends on data curation, domain adaptation,



evaluation, and human oversight. These foundations motivate a system-level rather than
model-only analysis.

3. System Architecture for Contextual Emotion Detection

A systems view of contextual emotion detection requires a layered architecture that separates
conversation ingestion, contextual encoding, emotion inference, explanation generation,
safety filtering, and human review. In such an architecture, the language model operates
within a controlled pipeline rather than as an opaque endpoint. The first layer normalizes
transcripts, anonymizes identifiers, and preserves the temporal order of utterances. The
second layer constructs a conversational representation that may include speaker roles,
timestamps, crisis markers, and discourse history. The third layer applies a pretrained or
domain-adapted model to infer emotional states, including ambiguous or mixed emotions.
The fourth layer produces calibrated confidence estimates and natural language explanations
that can be audited by clinicians or moderators. A final layer applies safety rules and routes
high-risk cases to human responders. The energy cost of inference for large models has
become a central concern [15], and this architectural separation allows smaller models or
distilled variants to handle routine cases while reserving larger models for uncertain or high-
risk interactions.

Modularity is especially important in mental health contexts because requirements differ
across crisis hotlines, ongoing therapy platforms, asynchronous peer support, and research
datasets. A crisis service may prioritize low latency, high recall for suicidal ideation, and
strict privacy, while a therapy platform may prioritize longitudinal emotion tracking, clinician
interpretability, and integration with electronic health records. A modular architecture enables
each setting to select different encoding strategies, model sizes, and safety thresholds without
retraining the entire system. The architecture also supports asynchronous auditing, because
every inference can be logged with model version, input representation, confidence,
explanation, and subsequent human decision. This auditability is essential for accountability
and for learning from failures.

4. Modeling Emotional Context with Large Language Models

Emotion theory has long distinguished between discrete categories and continuous
dimensions. Russell’s circumplex model treats affect along pleasure and arousal axes [16].
The pleasure arousal dominance framework extends this with a dominance dimension to
capture feelings of control or submission [17]. Large language models can support both
perspectives. Discrete classification into anger, sadness, fear, or hopelessness can be useful
for triage and structured reporting. Dimensional scoring can be more informative for clinical
formulations because it captures mixed states, gradual shifts, and emotion intensity. A well-
designed system may combine categorical screening with dimensional analysis, using the
language model to generate intermediate natural language interpretations before mapping
them to structured labels.

Contextual modeling is especially valuable when emotions are expressed indirectly, such as
through sarcasm, understatement, metaphor, or avoidance. A person may not say they are
afraid, but their repeated questions about safety, their sudden withdrawal from a topic, or their
use of absolutes can indicate anxiety. Large language models can capture these signals across
multiple turns, whereas fixed lexicons often fail. However, context window limitations mean
that very long conversations must be summarized, chunked, or compressed. Each strategy
introduces information loss and potential distortion. Systems must therefore be explicit about



how much dialogue history is preserved, which turns are considered most relevant, and how
summaries are generated. These choices affect both clinical validity and fairness.

5. Structural Trade-Offs in Deployment

Deployment decisions involve unavoidable trade-offs between inference quality, latency, cost,
privacy, and explainability. Model cards provide a structured format for documenting
intended use, evaluation results, and limitations [18]. Without such documentation, mental
health institutions may adopt emotion detection systems without understanding their failure
modes. Post hoc explanation techniques can illuminate which words or phrases influenced a
prediction [19], but these explanations are often approximate and may not capture the full
contextual reasoning of a large model. In clinical settings, explanations must be treated as
assistive artifacts rather than definitive causal accounts.

Cloud-based inference offers easy access to large models but may increase data exposure and
dependency on external providers. On-premise deployment improves privacy control but
requires specialized infrastructure and limits model size. Compact models trained with
distillation, parameter-efficient adaptation, or task-specific fine-tuning can meet many clinical
requirements at lower cost. A hybrid deployment model may use a compact on-premise model
for routine emotion detection and an external large model only for difficult cases with explicit
consent. Such configurations reduce latency, energy consumption, and privacy risk while
preserving contextual depth where it is most needed. These trade-offs cannot be resolved by
benchmark performance alone; they require careful analysis of clinical workflow, user
expectations, and regulatory constraints.

6. Fairness, Robustness, and Governance

Fairness in mental health emotion detection requires attention to demographic variation,
linguistic diversity, cultural expression, and mental health stigma. Ensuring fairness in
machine learning to advance health equity demands that models be evaluated across patient
populations and not only on aggregate metrics [20]. A model trained primarily on English-
language, Western, or clinically referred populations may misread emotional expression in
other groups. Datasheets for datasets provide a framework for documenting the provenance,
composition, and potential biases of training data [21]. In mental health contexts, datasheets
should also describe how diagnoses were assigned, whether crisis samples are included, and
how consent was obtained. These practices improve transparency and support institutional
review.

Robustness is another governance concern. Emotion detection systems may encounter
adversarial or coercive language, ambiguous negation, slang, code words, or deliberate
manipulation. A robust system should maintain stable behavior under such conditions and
should flag uncertainty rather than silently producing confident predictions. Governance
mechanisms should include periodic re-evaluation, incident reporting, clinician feedback
loops, and clear procedures for overriding automated outputs. Human oversight must be
substantive rather than symbolic, especially when emotion predictions inform risk assessment
or treatment decisions. The design of governance structures is as important as the design of
model architectures.

7. Infrastructure and Sustainability

The environmental impact of large language models has been widely documented,
particularly in terms of training and inference energy costs [15]. Lightweight lexicon-based



systems such as VADER remain useful as baselines and preprocessing filters [22], but they
cannot capture contextual nuance. Sustainable infrastructure therefore relies on a spectrum of
models, from rule-based filters and distilled transformers to large models reserved for high-
uncertainty cases. Distillation reduces model size and inference cost [10], while parameter-
efficient adaptation lowers the cost of domain updating [11]. These methods help mental
health organizations maintain local control without requiring continuous access to expensive
external computation.

Sustainability also includes organizational sustainability. A system that requires frequent
manual annotation, constant model retraining, and specialized engineering support may not be
viable for community mental health providers. Therefore, deployment should emphasize
reusable evaluation pipelines, clear documentation, and low-cost retraining cycles.
Monitoring infrastructure should track drift in language use, changing slang, new crisis topics,
and shifts in service populations. It should also track the proportion of cases escalated to
humans, the frequency of model overrides, and the distribution of inferred emotions across
groups. These operational metrics are essential for continuous improvement and for detecting
emerging inequities.

8. Policy Implications and Clinical Integration

Policy frameworks for emotion detection in mental health must address privacy, consent,
clinical safety, algorithmic accountability, and professional responsibility. General data
protection regulations apply to mental health data with heightened sensitivity, but sector-
specific guidance is often lacking. Clinical integration should be grounded in the principle
that automated emotion detection is a decision support tool, not a replacement for clinical
judgment. This principle should be embedded in system design, clinician training, and
institutional protocols. The World Health Organization’s emphasis on accessible mental
health care [13] does not justify lowering safety standards through unregulated automation.
Instead, it supports the use of well-governed systems to extend trained human capacity in
resource-constrained environments.

Regulators and professional bodies should encourage model documentation, dataset
transparency, and third-party auditing. Model cards [18] and datasheets [21] are practical
instruments for this purpose. They allow mental health providers to compare systems,
understand intended use, and assess whether a model is appropriate for their population. In
addition, adverse event reporting should include both clinical and technical aspects, such as
missed crises, false alarms, demographic disparities, and privacy incidents. Over time, such
reporting can inform standards and improve safety. Policy should also address the
procurement of commercial foundation models, requiring clear terms for data handling, model
updates, and liability. These considerations are essential for public trust and for the long-term
adoption of contextual emotion detection in mental health.

9. Conclusion

Contextual emotion detection in mental health support conversations is a promising but
demanding application of large language models. The technical capability of these models to
represent dialogue context, infer ambiguous emotions, and adapt to domain language is
significant. However, their value depends on careful system design that addresses
architectural modularity, fairness, robustness, energy consumption, privacy, and clinical
integration. This paper has argued that mental health emotion detection should be approached
as a socio-technical system rather than a standalone classification task. It requires layered



architectures with human oversight, structured documentation, continuous monitoring, and
policy alignment. Modular deployment enables trade-offs between compact and large models,
cloud and on-premise infrastructure, and categorical and dimensional emotion representations.
Fairness and governance mechanisms must ensure that emotion detection does not amplify
existing mental health inequities. Sustainability considerations demand attention to both
environmental costs and organizational capacity. Future work should develop evaluation
benchmarks that reflect clinical realities, study clinician interaction with model explanations,
and examine longitudinal emotion dynamics across diverse populations. By addressing these
structural dimensions, the field can build safer, more equitable, and more sustainable systems
for supporting mental health through language technology.
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