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Graphical Abstract

Graphical Abstract: Text and facial cues are analyzed and combined to support emotion-aware assistance.
Abstract -
Mental and emotional well-being can be difficult to support consistently because professional care may be limited by cost,
availability, geographic distance, or social stigma. This paper presents the design of a Smart Mental Health Assistant that
combines text-based and facial-expression-based emotion recognition to estimate a user's emotional state. The framework uses
text processing and facial analysis as complementary sources, followed by emotion fusion and downstream modules for mood
trend analysis, personalized supportive responses, explainability, privacy-aware processing, and safety-aware escalation.
Existing digital wellness systems often rely on a single modality or isolated support mechanisms, which can provide an
incomplete representation of the user's emotional state. The proposed framework addresses this limitation by integrating
multiple emotional cues within a single pipeline and by explicitly separating emotional-wellness support from clinical
diagnosis. The system is intended to provide supportive conversations, recommendations, and appropriate crisis-support
resources when risk indicators are detected. At the current development stage, the implementation is being evaluated on a local
machine and full empirical testing and deployment are not yet complete; therefore, this manuscript does not claim unverified
accuracy or clinical effectiveness.
Keywords -
Multimodal Emotion Recognition; Text Emotion Recognition; Facial Emotion Recognition; Emotion Fusion; Mental Wellness
Assistant; Conversational AI; Mood Tracking; Crisis Detection.
1. Introduction
Mental and emotional well-being underpins many
dimensions of daily functioning, while chronic stress,
unmanaged anxiety, or sustained low mood can affect
personal and social life. Despite growing awareness of
mental health, meaningful support remains difficult for many
people to access consistently because of cost, availability,
geographic distance, or social stigma. This gap has motivated
research into AI-based systems capable of offering scalable
emotional support as a complement, not a replacement, to
professional care.

A large share of digital mental-wellness tools rely on self-
report mechanisms such as structured questionnaires, mood-
rating scales, or free-text journaling prompts. Although
useful, self-report approaches require the user to accurately
introspect and articulate an emotional state. Text-based
emotion recognition can infer affect directly from written
language, while facial-expression analysis can provide
complementary visual cues. Combining these modalities can
reduce dependence on a single source when one signal is
ambiguous or incomplete.
Any system that processes emotional and behavioural
information also carries obligations around privacy,
transparency, and safety. The proposed assistant is therefore
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positioned as an emotional-wellness support tool rather than
a diagnostic instrument for depression, anxiety, or other
psychiatric conditions.
The main objectives are to (i) recognize emotions from text
and facial expressions, (ii) combine the two outputs to obtain
a more robust emotional-state estimate, (iii) identify
inconsistencies between modalities, (iv) track recent
emotional trends, (v) provide personalized supportive
suggestions and conversations, and (vi) identify high-risk
situations and encourage appropriate human or professional
support. The remainder of this paper reviews related work,
presents the proposed methodology, summarizes the
reviewed literature, discusses the current evaluation status
and limitations, and concludes with future scope.
2. Related Work
2.1 Text-Based Emotion Recognition
Text-based emotion recognition infers a user's affective state
directly from written language such as chat messages, journal
entries, or free-text responses. Transformer-based language
models have substantially improved contextual language
understanding. Devlin et al. introduced BERT, demonstrating
the value of bidirectional contextual representations for
language understanding [1]. For the proposed assistant, text
is treated as one of the primary emotional signals and can be
processed using conventional machine-learning methods or
contextual encoders depending on the implementation stage.
2.2 Facial Emotion Recognition
Facial expressions can reveal transient emotional states that a
person may not articulate in words. Convolutional neural
networks (CNNs) have become a common architecture for
facial-expression recognition because they can learn spatial
patterns from face images. Hong et al. investigated CNN-
based facial classification and demonstrated that even
comparatively simple deep-learning architectures can extract
useful emotion-related visual patterns [2]. In the proposed
system, facial analysis provides a complementary signal to
text-based emotion recognition.
2.3 Multimodal Emotion Fusion
A system that relies on only one emotional signal can be
affected when that signal is ambiguous, sparse, or noisy.
Multimodal machine-learning research therefore studies
ways of combining complementary sources. Baltrušaitis,
Ahuja, and Morency provide a foundational taxonomy of
multimodal machine learning and fusion strategies [3]. The
proposed assistant applies this general principle at the
decision level by combining text and facial emotion outputs
rather than treating either modality as universally
authoritative.
2.4 Conversational AI for Mental Health
Support
Conversational agents are increasingly used to provide
scalable mental-health support outside formal clinical

settings. Gaffney, Mansell, and Tai reviewed conversational
agents for mental-health problems and highlighted the
diversity of intervention and evaluation approaches [4]. A
later systematic review and meta-analysis also examined AI-
based conversational agents for mental health and well-being
[5]. These findings motivate the use of supportive
conversation in the proposed system while maintaining clear
boundaries around clinical diagnosis.
2.5 Longitudinal Mood Tracking
A single emotional-state estimate captured at one moment
cannot fully represent a user's mood trajectory over days or
weeks. Digital-phenotyping research has explored
longitudinal behavioural and emotional indicators for
understanding changes over time. Aledavood et al.
investigated multimodal digital phenotyping for mood-
related assessment [6]. The proposed assistant similarly
maintains recent emotion estimates so that sustained changes
can be considered rather than relying only on a single
interaction.
2.6 Personalization and Adaptive Intervention
The same estimated emotional state may call for different
supportive actions depending on user preferences and
previous responses. Reinforcement-learning-based
personalization has been explored for adaptive digital
interventions, including the StayWell and DIAMANTE
studies [7], [8]. The proposed framework uses user feedback
and recent emotional trends as inputs for selecting supportive
actions; however, advanced reinforcement-learning
implementation remains a future extension rather than a
completed component.
2.7 Explainable AI in Mental Health
Emotional and mental-health inferences can influence how
users are subsequently engaged or supported, making
transparency important. Research on explainable AI has
examined interpretable approaches for clinical risk prediction
and observable-cue-grounded explanations [9], [10]. LIME
and SHAP provide widely used model-agnostic and
attribution-based approaches [11], [12]. Explainability is
therefore considered a design objective of the framework,
while a complete explainability implementation remains
subject to future validation.
2.8 Privacy-Preserving AI and Data Security
Emotional and behavioural data are sensitive, so systems
handling such information should minimize unnecessary
collection and protect user control. Federated-learning
research has investigated model training without centralizing
raw user data, including work such as FedMentalCare and
broader ethics reviews [13], [14]. These approaches inform
the privacy-aware design direction of the proposed
framework; a full federated deployment is not claimed as
completed in the current local implementation.
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2.9 Safety, Crisis Detection, and Risk-Aware
Design
A wellness assistant may encounter signs of significant
distress and should respond conservatively. Ophir et al.
demonstrated machine-learning-based detection of suicide
risk from textual social-media posts [15]. The proposed
assistant includes a safety-aware concept that identifies high-
risk signals and encourages appropriate human or
professional support rather than presenting a diagnosis or
treatment recommendation.
2.10 Research Gap
Existing work has advanced individual components such as
text emotion recognition, facial emotion recognition,
multimodal fusion, conversational support, longitudinal
mood analysis, explainability, privacy, and safety. However,
these capabilities are often studied separately. The proposed
Smart Mental Health Assistant focuses on integrating text
and facial emotion recognition with fusion, emotional
conflict detection, trend analysis, supportive
recommendations, adaptive conversation, and safety-aware
escalation within a single workflow.
3. Methodology
The proposed Smart Mental Health Assistant is organized
around interconnected modules for text emotion recognition,
facial emotion recognition, decision-level fusion, emotional
conflict detection, emotional stability analysis, support
recommendation, adaptive conversation, and safety-aware
response.
3.1 Text Emotion Recognition
The text module accepts a user's written input and converts it
into a numerical representation using TF-IDF features. A
Support Vector Machine (SVM) classifier is used to predict
the emotion category from the resulting feature vector. The
output is an emotion label and associated model confidence
where available.
3.2 Facial Emotion Recognition
The facial module uses OpenCV for face detection and a
CNN-based classifier for facial emotion recognition. Video
frames are processed to identify the face region, after which
the cropped facial representation is passed to the trained
CNN to obtain an emotion prediction.
3.3 Decision-Level Emotion Fusion
The system combines the text and facial predictions at the
decision level. When both modalities are available, their
predicted emotion labels and confidence information are
compared to derive a combined emotional-state estimate. If
only one modality is available, the system can continue using
the available signal rather than requiring both inputs.
3.4 Emotional Conflict Detection
Text and facial predictions may disagree. The conflict-
detection module explicitly identifies such inconsistencies

instead of silently treating one modality as correct. A conflict
flag can be used to lower confidence in the final
interpretation and to guide the assistant toward a neutral or
supportive response.
3.5 Emotional Stability and Trend Analysis
The assistant can maintain recent emotion estimates and
examine their trend over multiple interactions. The objective
is to distinguish an isolated emotional change from a
repeated pattern. A stability score can summarize recent
consistency or fluctuation, while sustained negative trends
can be passed to the recommendation and safety modules.
3.6 Smart Recommendation and Adaptive
Support
Based on the estimated emotional state, the assistant can
provide supportive actions such as breathing exercises, music
or relaxation suggestions, guided reflection, or a supportive
conversational prompt. User feedback and recent emotional
context can be considered when selecting subsequent support.
The system is designed for wellness support and does not
provide clinical diagnosis.
3.7 Safety-Aware Alert Mechanism
When the system identifies high-risk or strongly concerning
signals, it can surface appropriate crisis-support resources
and encourage the user to seek human or professional help.
The alert mechanism is intended as a safety feature rather
than a diagnostic classifier.
3.8 Current Implementation Status
The current system runs on a local machine. Full deployment,
systematic testing, and complete empirical benchmarking
have not yet been completed. Accordingly, this manuscript
does not report fabricated accuracy, precision, recall, F1-
score, latency, or clinical-effectiveness values.
Algorithm 1 — Text and Facial Emotion Fusion
Input: Text T, facial frame V
Step 1: Preprocess T and extract TF-IDF features.
Step 2: Predict text emotion using the SVM classifier.
Step 3: Detect the face in V using OpenCV.
Step 4: Classify the facial region using the CNN emotion model.
Step 5: Compare the two modality predictions and confidence
values.
Step 6: Produce the combined emotional-state estimate and conflict
flag.
Output: Fused emotion estimate, confidence, and conflict status.

Table 1. Comparative Summary of Reviewed Literature
Author / Year Technique Used Application Area Strengths

Devlin et al., 2019 BERT (Transformer) Text Emotion Recognition Deep contextual language
understanding

Hong et al., 2023 CNN Facial Classifier Facial Emotion Recognition Useful visual emotion patterns
Baltrušaitis et al., 2019 Multimodal ML Survey Emotion Recognition Foundational fusion taxonomy
Gaffney et al., 2019 Conversational Agent Review Mental Health Chatbots Mixed-method evidence synthesis

Systematic Review, 2023 Meta-Analysis of AI CAs Mental Health & Well-Being Evidence synthesis of AI
conversational support

Aledavood et al., 2025 MoMo-Mood Digital Phenotyping Longitudinal Mood Tracking Multimodal passive behavioural
markers

StayWell Study, 2025 RL-Personalized Texting Adaptive Intervention Personalization linked to symptom
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reduction
DIAMANTE Trial, 2024 RL-Personalized Messaging Digital Health Personalization Adaptive messaging evaluation
XAI Clinical Survey, 2023 Interpretability Survey Explainable AI Interpretability synthesis

Observable Cues Review, 2024 XAI Review Explainable AI in Mental Health Cue-grounded explanation
foundation

Sarwar, 2025 FedMentalCare Privacy-Preserving AI Federated model-training direction
FL Ethics Review, 2025 FL Ethics Review Privacy-Preserving AI Privacy and governance synthesis
Ophir et al., 2020 ANN Suicide-Risk Detection Safety / Crisis Detection Text-based risk detection

Ribeiro et al., 2016 LIME Explainable AI Local, model-agnostic
interpretability

Lundberg & Lee, 2017 SHAP Explainable AI Attribution-based interpretability

5. Results and Discussion
5.1 Evaluation Status
The current implementation is operational on a local machine,
but systematic testing has not yet been completed. Therefore,
this section intentionally does not report numerical
performance claims. Before submission as an experimental
research article, the system should be evaluated using a held-
out dataset and documented metrics such as accuracy,
precision, recall, F1-score, confusion matrices, and, where
relevant, inference time.
5.2 Expected Behaviour Based on the Design
The text and facial modules are intended to provide
complementary emotional cues. Decision-level fusion should
be particularly useful when one modality is ambiguous,
while conflict detection should make disagreements explicit.
Trend analysis can provide context across interactions, and
the recommendation module can map detected emotional
states to supportive actions. These are design expectations
and should not be presented as measured findings until
experimental validation is completed.
5.3 Limitations
The current work is limited by the incomplete testing and
deployment stage. Model performance depends on the
quality and representativeness of the emotion datasets, facial
conditions such as lighting and pose, and the reliability of
text classification. Emotional inference is inherently
uncertain, and the system should not be treated as a substitute
for professional mental-health assessment.
6. Conclusion and Future Scope
This paper presents a Smart Mental Health Assistant
framework that combines emotion recognition from text and
facial expressions with decision-level fusion, emotional
conflict detection, trend analysis, supportive
recommendations, adaptive conversation, and safety-aware
escalation. The framework is designed as an emotional-
wellness support tool rather than a clinical diagnostic system.
The current implementation runs locally and remains under
development; therefore, the paper deliberately avoids
unsupported performance or deployment claims.
Future work will focus on completing systematic testing,
benchmarking the text and facial models, validating the
fusion strategy, improving recommendation quality,

completing deployment, evaluating usability, and
strengthening privacy and safety mechanisms. Experimental
results should be added after these evaluations are completed.
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