
International Journal of Recent Advances in Science and Technology, 2025; 11(1):9-22

International Journal of Recent Advances in Science and Technology, 2025; 11(1):9-22 9www.ijrast.in

Responsible AI Framework for Mental‑Health Monitoring Systems: 
Governance, Safety, and Ethical Architecture

Sharanya Varatharajan* 
Astrosoft Technologies/ Swiss School of Business Management Masters in Machine Learning 

and Artificial Intelligence from Liverpool John Moores University, USA

Abstract
The use of Artificial Intelligence (AI) in mental-health monitoring systems is an increasing trend to identify potential indicators 
of emotional distress, stress, burnout and behavioral changes. These technologies offer opportunities for early intervention 
and appropriate support, but there are concerns with the use of these technologies in sensitive mental health contexts, such 
as privacy, informed consent, algorithmic bias, transparency, safety, and inappropriate automation. In this paper, we propose 
a Responsible AI Framework for Mental-Health Monitoring Systems, which is composed of governance, safety, ethical 
considerations and technical architecture. This framework consists of the following components: Risk classification, data 
handling with privacy protection, fairness assessment, explainability, human oversight, boundaries of ethical use, continuous 
monitoring, and accountability mechanisms. It provides a multi-layered architecture encompassing data, model, governance 
and human oversight and user experience layers, to aid in the responsible implementation of the AI lifecycle. The framework 
also includes protection against the misinterpretation of the results, overreliance on automated predictions, unauthorized 
second use of the prediction, and even harmful interventions. This proposed framework includes a structured approach for 
developing mental-health monitoring systems that are both trustworthy and ethical, combining technical, organizational, and 
ethical considerations. It emphasizes the role of AI in supporting rather than replacing human knowledge and skills, and it 
underscores the necessity of transparency and accountability in utilizing AI-driven data and the need for individuals to have 
clear control over their personal and sensitive information. 
Keywords: Responsible AI; Mental-Health Monitoring; AI Governance; AI Ethics; Privacy; Algorithmic Fairness; Explainable 
AI; Human Oversight; Risk Management; Healthcare AI

Introduction
Artificial intelligence (AI) can now be used to 
monitor, screen, and assess mental health, which 
presents potential opportunities to recognize patterns 
of emotional distress, stress, burnout, behaviors, and 
changes at an earlier stage. AI systems’ capability to 
analyze vast amounts of behavioral, linguistic, and 
physiological data can aid in tailored interventions 
and enhance the reach of mental-health services. In 
this sensitive area, however, the application of AI also 
poses significant ethical and governance issues, as 
poor context and inaccurate output can impact on the 
wellbeing, autonomy, privacy and access to suitable 
care of individuals (Saeidnia et al., 2024; Trocin et 
al., 2023). 

Mental-health monitoring systems can process 
highly sensitive information, making privacy, 
informed consent, data minimization, and responsible 

data governance fundamental requirements. 
Ethical concerns also extend to algorithmic bias, 
explainability, accountability, and the potential for 
users or professionals to over-rely on automated 
predictions. Responsible AI therefore requires 
ethical principles to be incorporated throughout 
system development rather than addressed only 
after deployment (Solanki et al., 2023; Peters et al., 
2020). Similarly, trustworthy medical AI requires 
governance mechanisms capable of maintaining 
transparency, accountability, safety, and human 
control over consequential decisions (Zhang & 
Zhang, 2023; Nasir et al., 2024).

The increasing sophistication of multimodal 
AI further strengthens the need for appropriate 
safeguards. Systems that combine text, speech, 
facial, and physiological signals may provide 
broader analytical capabilities while simultaneously 
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increasing privacy and misuse risks. The World Health 
Organization (2024) emphasizes the importance 
of human oversight, transparency, safety, and 
accountability when AI is applied to health-related 
contexts. Ethical implementation must consequently 
recognize the limitations of AI-based inference and 
avoid presenting probabilistic outputs as definitive 
psychological or clinical judgments.

A structured governance and architectural 
framework is therefore necessary to translate 
broad ethical principles into practical controls. 
Responsible AI research emphasizes integrating 
ethical considerations into design, development, 
deployment, and monitoring processes (Sanderson et 
al., 2023). Such an approach also supports the broader 
view that autonomous and intelligent systems should 
be designed around human values, responsibility, and 
meaningful oversight (Leikas et al., 2019). From a 
regulatory perspective, AI governance frameworks 
provide mechanisms for establishing organizational 
accountability and managing technology-related 
risks (De Almeida et al., 2021).

Against this background, this paper proposes 
a Responsible AI Framework for Mental-Health 
Monitoring Systems that integrates governance, 
safety, privacy, fairness, explainability, risk 
classification, and human oversight. The framework 
aims to provide an enterprise-oriented foundation 
for deploying mental-health AI responsibly while 
ensuring that technological capabilities remain 
aligned with ethical principles, individual autonomy, 
and human well-being.

Background & Motivation
Overview of Mental-Health Monitoring Technologies
Artificial intelligence (AI) has expanded the 
capabilities of mental-health monitoring by enabling 
systems to analyze digital information and identify 
patterns associated with emotional distress, stress, 
anxiety, burnout, and changes in behavioral 
well-being. These technologies can support 
screening, early-warning mechanisms, personalized 
interventions, and digital health services. However, 
their use requires careful consideration because 
mental-health assessments involve sensitive 
information and can substantially affect individuals 

when algorithmic outputs are misunderstood or 
improperly applied (Saeidnia et al., 2024; Trocin 
et al., 2023). Responsible implementation therefore 
requires ethical considerations to be incorporated 
throughout the AI development lifecycle rather than 
addressed only after system deployment (Solanki et 
al., 2023).
Behavioral and Physiological Signals Used
Mental-health monitoring systems may process 
behavioral, linguistic, physiological, and multimodal 
signals to identify changes in an individual’s well-
being. These may include text patterns, speech 
characteristics, facial expressions, activity levels, 
sleep behavior, and physiological measurements 
obtained through connected devices. Multimodal AI 
can provide broader contextual information, but the 
combination of multiple sensitive data sources also 
increases privacy, security, consent, and governance 
requirements. The World Health Organization 
emphasizes the need for responsible governance 
when AI systems process complex and sensitive 
health information (World Health Organization, 
2024). Consequently, data collection should remain 
proportionate to the intended purpose and supported 
by appropriate safeguards.
Common Model Types
Common AI approaches include sentiment analysis, 
natural language processing, speech analysis, facial 
emotion recognition, behavioral anomaly detection, 
and predictive machine-learning models. These 
techniques can identify correlations or patterns that 
may indicate changes in emotional or behavioral 
states. Nevertheless, detecting an observable signal 
does not necessarily establish the presence of a 
mental-health condition. Responsible AI design 
must therefore distinguish between probabilistic 
monitoring and clinical diagnosis. Ethical design 
frameworks emphasize transparency, contextual 
awareness, accountability, and recognition of system 
limitations when developing AI applications (Peters 
et al., 2020; Leikas et al., 2019).
Risks of Misdiagnosis, Over-Reliance, and Unintended 
Harm
The application of AI to mental-health monitoring 
creates risks involving inaccurate predictions, 
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false positives, false negatives, stigmatization, 
inappropriate interventions, and excessive 
dependence on automated recommendations. Bias 
within training data or model development can also 
produce unequal outcomes across demographic, 
cultural, linguistic, or other population groups (Nasir 
et al., 2024). In addition, users and professionals may 
perceive AI outputs as more objective or reliable 
than they actually are. Responsible AI frameworks 
consequently emphasize human-centered design, 
accountability, transparency, and continuous 
evaluation to reduce unintended consequences 
(Sanderson et al., 2023; Solanki et al., 2023).
Regulatory Landscape
The growing use of AI in healthcare has increased 
the importance of formal governance and regulatory 
mechanisms. Risk-based regulation provides 
organizations with a structured approach for 
identifying potential harms, assigning responsibilities, 
and establishing appropriate controls (De Almeida 
et al., 2021). Within mental-health monitoring, 
governance should address privacy, fairness, 
transparency, accountability, safety, human oversight, 
and appropriate data use. Trustworthy medical AI 
likewise requires mechanisms that connect ethical 
principles with organizational governance and 
technical implementation (Zhang & Zhang, 2023). 
The responsible-AI literature further demonstrates 
that ethical principles must be operationalized through 
concrete development and governance practices 
rather than remaining abstract commitments (Trocin 
et al., 2023; Sanderson et al., 2023). This provides the 
motivation for developing a structured framework 
that integrates ethical safeguards, risk management, 
technical architecture, and human oversight into 
mental-health monitoring systems.
Ethical Foundations of Mental-Health AI
The ethical foundation of mental-health AI should 
ensure that technological innovation does not 
compromise individual dignity, autonomy, privacy, 
safety, or fairness. Because these systems can 
process highly sensitive behavioral, emotional, and 
physiological information, ethical considerations 
should be incorporated throughout the AI lifecycle 
rather than addressed only after system development. 

Responsible AI in healthcare requires developers 
and organizations to translate ethical principles 
into concrete design, evaluation, and governance 
practices (Solanki et al., 2023; Trocin et al., 2023).
Informed Consent
Informed consent is essential when collecting and 
processing information for mental-health monitoring. 
Users should understand what information is 
collected, why it is required, how it will be analyzed, 
who may access the results, and what types of 
conclusions the system can generate. Consent should 
be specific, understandable, voluntary, and revocable 
rather than embedded in broad or ambiguous terms. 
Mental-health AI should also clearly distinguish 
between observable behavioral indicators and 
inferred psychological states to prevent users from 
misunderstanding the system’s capabilities (Saeidnia 
et al., 2024; WHO, 2024). Ethical design should 
therefore provide meaningful user control over 
participation and subsequent data use (Leikas et al., 
2019).
Privacy & Data Minimization
Privacy protection is particularly important because 
mental-health monitoring can involve sensitive 
conversations, behavioral patterns, physiological 
measurements, and other personally revealing 
information. Data minimization should guide 
collection, processing, storage, and sharing, ensuring 
that only information necessary for the stated 
purpose is processed. Privacy-preserving approaches 
such as encryption, access controls, edge processing, 
limited retention, and, where appropriate, differential 
privacy can reduce exposure. Responsible digital-
health systems should also establish clear policies 
for data ownership, secondary use, deletion, 
and access accountability (Trocin et al., 2023; 
Zhang & Zhang, 2023). The WHO (2024) further 
emphasizes responsible management of sensitive 
health information when advanced AI systems are 
deployed.
Bias & Fairness
AI-based mental-health assessments may produce 
unequal outcomes when training data inadequately 
represent different populations, languages, 
cultures, genders, ages, disabilities, or forms of 
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neurodiversity. Bias can lead to inaccurate risk 
assessments, inappropriate alerts, or unequal access 
to support. Fairness should therefore be evaluated 
throughout model development and deployment 
using representative datasets, subgroup performance 
analysis, bias testing, and continuous auditing. 
Ethical AI requires developers to recognize that 
technical performance alone does not guarantee 
equitable outcomes (Nasir et al., 2024; Sanderson 
et al., 2023). Fairness considerations should also 
reflect the social and contextual circumstances in 
which mental-health technologies are used (Peters 
et al., 2020).
Explainability
Explainability enables users, clinicians, and other 
stakeholders to understand how AI-generated 
assessments should be interpreted. Mental-
health monitoring systems should communicate 
relevant confidence levels, uncertainty, influential 
features, and known limitations without presenting 
probabilistic outputs as definitive clinical conclusions. 
Explanations should be understandable to their 
intended audiences and support appropriate human 
judgment. Integrating explainability into the 
development process can improve transparency, 
accountability, and trust while reducing inappropriate 
reliance on automated recommendations (Solanki 
et al., 2023; Peters et al., 2020). Responsible design 
should therefore prioritize meaningful explanations 
rather than merely providing technically complex 
model outputs (Sanderson et al., 2023).
Human Oversight
Human oversight is a fundamental safeguard for 
mental-health AI because algorithmic predictions 
should not independently determine diagnosis, 
treatment, or other high-impact interventions. 
Qualified professionals should be able to review 
significant alerts, challenge AI outputs, override 
inappropriate recommendations, and initiate 
suitable interventions. Clear responsibilities should 
be established for situations in which AI results 
conf lict with professional judgment. Human-
centered governance is particularly important 
for autonomous or semi-autonomous intelligent 
systems because ethical responsibility cannot be 
transferred entirely to an algorithm (Leikas et al., 

2019; WHO, 2024). Accordingly, human oversight 
should be embedded within the system architecture 
and operational workflow rather than treated as an 
optional administrative procedure (Zhang & Zhang, 
2023).
Ethical Use Boundaries
Mental-health AI should operate within clearly defined 
ethical boundaries that prevent sensitive psychological 
information from being repurposed for harmful or 
discriminatory objectives. Emotional or behavioral 
inferences should not be used indiscriminately for 
employment decisions, insurance determinations, 
employee performance evaluation, surveillance, or 
punitive actions. Governance mechanisms should 
define permissible purposes, prohibited uses, access 
restrictions, and accountability procedures before 
deployment. Establishing these boundaries supports 
responsible AI by ensuring that technological 
capabilities remain aligned with human rights, 
societal values, and legitimate healthcare objectives 
(Saeidnia et al., 2024; Nasir et al., 2024). Regulatory 
governance can further reinforce these restrictions 
by defining organizational responsibilities and 
mechanisms for managing AI-related risks (De 
Almeida et al., 2021).

Overall, these ethical foundations establish a 
human-centered basis for responsible mental-health 
AI. Consent, privacy, fairness, explainability, human 
oversight, and ethical-use boundaries should operate 
as interconnected safeguards across the entire AI 
lifecycle, ensuring that mental-health monitoring 
enhances early support without undermining 
autonomy, dignity, safety, or trust (Solanki et al., 
2023; Trocin et al., 2023; WHO, 2024).

Risk Classification for Mental-Health 
Monitoring Systems
Risk classification is essential for determining 
the level of oversight, safeguards, and human 
intervention required in AI-enabled mental-health 
monitoring. Unlike conventional digital-health 
applications, mental-health systems may process 
highly sensitive behavioral, emotional, physiological, 
and psychological information. Consequently, risk 
assessment should consider not only model accuracy 
but also the potential consequences of erroneous 



International Journal of Recent Advances in Science and Technology, 2025; 11(1):9-22

International Journal of Recent Advances in Science and Technology, 2025; 11(1):9-22 13www.ijrast.in

predictions, unauthorized data use, discrimination, 
and inappropriate interventions (Saeidnia et al., 
2024; Nasir et al., 2024). A responsible classification 
approach should evaluate the intended purpose, 
sensitivity of data, degree of automation, affected 
population, likelihood of harm, and severity of 
potential consequences (Solanki et al., 2023; Trocin 
et al., 2023).
High-Risk AI Definition
Mental-health monitoring applications should 
be treated according to the potential impact of 
their outputs rather than solely according to their 
technical complexity. Systems used for general 
well-being information may present comparatively 
limited risks, whereas systems that identify possible 
psychological distress or trigger referrals and 
interventions require substantially stronger controls. 
Risk classification should therefore distinguish 
between monitoring, screening, recommendation, 
and consequential decision-making. This risk-based 
approach supports proportional governance and helps 
organizations determine when additional validation, 
documentation, and human oversight are necessary 
(De Almeida et al., 2021; Zhang & Zhang, 2023).
Risk Scoring Methodology
A structured risk score can combine data sensitivity, 
model uncertainty, potential severity of harm, 
automation level, population vulnerability, and 
consequences of incorrect outputs. Systems 
processing raw speech, facial information, or other 
identifiable behavioral signals should receive greater 
scrutiny because these data can reveal sensitive 
characteristics beyond the original collection purpose 
(WHO, 2024). Risk assessment should also consider 
whether predictions are merely presented to users or 
directly influence clinical escalation, institutional 
decisions, or other consequential actions. Such 
multidimensional evaluation reflects responsible-AI 
approaches that emphasize context, accountability, 
and potential societal impacts alongside technical 
performance (Peters et al., 2020; Sanderson et al., 
2023).
Harm Prevention Mechanisms
Harm prevention requires safeguards throughout 
the AI lifecycle. Organizations should establish 

minimum performance thresholds, monitor false-
positive and false-negative outcomes, conduct 
fairness assessments, and implement mechanisms for 
suspending or reverting unsafe models. Developers 
should document foreseeable risks and establish 
controls before deployment rather than addressing 
ethical concerns only after incidents occur (Solanki 
et al., 2023). Continuous evaluation is particularly 
important because changes in user populations, data 
distributions, or operating environments can affect 
model reliability (Trocin et al., 2023).
Crisis Escalation Workflows
Potentially serious mental-health indicators should 
initiate a human-centered escalation process rather 
than an autonomous clinical decision. AI-generated 
alerts should be treated as signals requiring contextual 
assessment, not as definitive diagnoses. Qualified 
personnel should review relevant alerts, verify 
the circumstances, and determine whether further 
assessment or intervention is appropriate. Clear 
escalation responsibilities, response procedures, 
documentation requirements, and communication 
protocols can reduce the possibility of harmful or 
inappropriate automated actions (Saeidnia et al., 
2024; WHO, 2024).
Safety Constraints on Automated Actions
Automated actions should be proportionate 
to the assessed risk. Low-risk functions may 
provide informational feedback, whereas high-
risk outputs should require human authorization 
before consequential intervention. Systems should 
incorporate confidence thresholds, human override 
mechanisms, audit trails, fail-safe procedures, and 
model suspension controls. Human oversight must 
remain meaningful and capable of challenging or 
overriding AI recommendations rather than simply 
approving automated decisions (Leikas et al., 2019; 
Peters et al., 2020). These controls strengthen 
accountability and help ensure that AI remains a 
supportive technology rather than an autonomous 
authority in mental-health decision-making (Nasir 
et al., 2024).

Overall, risk classification should function as 
a continuous governance mechanism rather than 
a one-time categorization exercise. As system 
capabilities, data sources, users, and intended 
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applications change, organizations should reassess 
the risk profile and corresponding safeguards. 
Integrating risk management with ethical design, 
organizational accountability, and human oversight 
provides a stronger foundation for trustworthy 
mental-health AI (Zhang & Zhang, 2023; Sanderson 
et al., 2023).

System Architecture for Responsible 
Mental-Health AI
A responsible mental-health AI architecture should 
integrate technical functionality with ethical 
safeguards across the complete AI lifecycle. Rather 
than treating privacy, fairness, transparency, and 
accountability as separate compliance activities, 
these principles should be embedded within the 
system architecture from data collection through 
deployment and continuous monitoring. Such an 
approach supports the operationalization of ethics 
in healthcare AI and helps developers identify and 
mitigate risks before they result in harm (Solanki et 
al., 2023; Sanderson et al., 2023). For mental-health 
applications, architectural safeguards are particularly 
important because emotional and behavioral 
information is highly sensitive, while algorithmic 
interpretations may affect individuals’ well-being and 
access to support (Saeidnia et al., 2024; WHO, 2024).
Data Layer
The data layer should provide secure ingestion, 
storage, processing, and controlled access to 

mental-health information. Data may originate 
from questionnaires, text, speech, wearable devices, 
physiological sensors, or other behavioral signals. 
Encryption should be applied during transmission 
and storage, while role-based access controls 
should restrict sensitive information to authorized 
personnel. Data minimization should ensure that 
only information necessary for the stated purpose 
is collected and retained. Where feasible, edge 
processing can reduce the transmission of raw audio, 
video, and physiological information to centralized 
environments. Clear retention and deletion policies 
should further reduce privacy exposure (Nasir et al., 
2024; WHO, 2024).
Model Layer
The model layer should contain analytical capabilities 
such as emotion detection, behavioral analytics, 
anomaly detection, and risk estimation. Models 
should produce probabilistic outputs rather than 
presenting emotional inferences as definitive clinical 
diagnoses. Performance should be evaluated across 
relevant demographic, cultural, linguistic, and 
contextual groups to identify potential disparities. 
Bias detection, uncertainty estimation, model 
validation, and continuous drift monitoring should be 
incorporated into the lifecycle. These controls support 
responsible development by connecting technical 
performance with broader ethical requirements 
(Solanki et al., 2023; Peters et al., 2020; Sanderson 
et al., 2023).

Table 1: Risk Classification and Governance Controls for Mental-Health Monitoring Systems

Risk level Typical application Major risks Required governance and safety 
controls

Low General well-being tracking 
and self-monitoring

Misleading information, minor 
privacy concerns

Basic consent, transparency, data 
minimization, user controls

Moderate Stress, burnout, or behavioral-
pattern monitoring

False alerts, profiling, bias, 
over-reliance

Fairness testing, privacy controls, 
explainability, continuous monitoring

High Mental-health screening or 
distress-risk prediction

Misclassification, 
stigmatization, inappropriate 
intervention

Extensive validation, documented risk 
assessment, human review, audit trails

Very High Systems capable of triggering 
consequential clinical or 
institutional interventions

Serious psychological, social, 
privacy, or safety harms

Mandatory human authorization, strict 
access controls, escalation protocols, 
continuous safety monitoring, incident 
response, and model suspension 
procedures
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Governance Layer
The governance layer provides organizational control 
over how data, models, users, and AI-generated 
outputs are managed. It should include a consent 
registry, policy-enforcement mechanisms, audit logs, 
model cards, risk dashboards, access controls, and 
incident-management procedures. Governance should 
also document model purpose, limitations, data 
provenance, evaluation results, and approved uses. 
Establishing these mechanisms helps organizations 
translate ethical principles into operational practices 
and maintain accountability throughout the AI 
lifecycle (Zhang & Zhang, 2023; Trocin et al., 
2023). Regulatory governance should also define 
responsibilities for compliance, risk management, 
documentation, and oversight (De Almeida et al., 
2021).
Human Oversight Layer
Human oversight should act as a critical safety control 
between AI-generated assessments and consequential 
interventions. Clinicians or appropriately qualified 
professionals should review significant alerts 
before action is taken. The architecture should 
establish clearly defined escalation pathways, 
intervention guidelines, override mechanisms, and 

accountability responsibilities. AI should support 
professional judgment rather than independently 
diagnose mental-health conditions or determine high-
impact interventions. Meaningful human control is 
consistent with human-centered ethical design and 
responsible autonomous-system principles (Leikas 
et al., 2019; Peters et al., 2020).
User Experience Layer
The user experience layer should provide transparency, 
control, and understandable communication about 
how the system operates. Users should have access 
to clear opt-in and opt-out mechanisms, explanations 
of data collection, information about AI-generated 
inferences, and opportunities to provide corrections 
or feedback. Interfaces should communicate 
uncertainty and limitations without creating an 
exaggerated perception of AI accuracy or clinical 
authority. User-centered transparency is essential 
because responsible AI requires individuals to 
understand and exercise meaningful control over 
AI-supported processes (Saeidnia et al., 2024; WHO, 
2024).

Overall, the architecture establishes a defense-in-
depth model in which privacy controls protect the data, 
validation and monitoring protect model behavior, 

Fig 1: Values represent illustrative control-coverage percentages across the five responsible mental-
health AI system layers. Percentages within each layer sum to 100%. Higher coverage indicates stronger 

implementation of the corresponding responsible-AI control. 
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governance mechanisms establish accountability, 
human oversight controls consequential decisions, 
and the user interface protects transparency and 
autonomy. This layered approach reflects the broader 
principle that responsible AI must be embedded 
throughout system design and operation rather 
than added after technical development is complete 
(Trocin et al., 2023; Zhang & Zhang, 2023; Solanki 
et al., 2023).

Implementation Guidelines
Data Collection Protocols
Implementation should begin with clearly defined 
data-collection objectives, minimum necessary 
information, and appropriate consent procedures. 
Mental-health monitoring systems should avoid 
collecting or retaining sensitive information that 
is not essential to the intended purpose. Privacy-
preserving techniques, secure storage, access 
controls, and transparent data-use policies should 
be incorporated from the outset. Such measures help 
operationalize ethical principles within healthcare 
AI development rather than treating ethics as a final 
compliance activity (Solanki et al., 2023; Zhang & 
Zhang, 2023; WHO, 2024).

Model Development Lifecycle
Responsible development should incorporate 
ethical considerations throughout requirements 
definition, dataset preparation, model training, 
validation, deployment, and retirement. Models 
should be evaluated for accuracy, robustness, 
fairness, explainability, and potential unintended 
consequences across relevant population groups. 
Developers should document model limitations and 
ensure that emotional or behavioral predictions are 
not presented as definitive clinical diagnoses (Peters 
et al., 2020; Nasir et al., 2024; Sanderson et al., 2023).
Continuous Monitoring
Post-deployment monitoring should assess model 
drift, performance degradation, false positives, false 
negatives, fairness disparities, privacy incidents, and 
user feedback. Regular reassessment is particularly 
impor tant because changes in populations, 
environments, and data distributions can affect system 
reliability. Continuous monitoring should therefore 
be connected to predefined corrective actions, 
including model review, retraining, suspension, or 
withdrawal when unacceptable risks emerge (Trocin 
et al., 2023; Solanki et al., 2023).

Fig 2: Risk scores are illustrative and range from 0 to 100, where higher values indicate greater identified 
risk. The scores are intended to demonstrate comparative risk monitoring across system layers rather than 

represent empirical measurements
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Ethical Review Boards
Organizations should establish multidisciplinary 
ethical review mechanisms involving clinicians, AI 
developers, ethicists, legal specialists, data-protection 
professionals, and relevant users. Such oversight 
can evaluate whether proposed applications respect 
autonomy, minimize harm, protect privacy, and 
provide meaningful human control. Interdisciplinary 
review is particularly important for mental-health 
applications because technical performance alone 
cannot determine whether an intervention is socially 
or ethically appropriate (Saeidnia et al., 2024; Leikas 
et al., 2019).
Compliance Documentation
Comprehensive documentation should support 
accountability and demonstrate that governance 
requirements have been incorporated throughout the 
AI lifecycle. Organizations should maintain records 
covering data provenance, consent, risk assessments, 
model development, fairness testing, explainability, 
human-oversight procedures, incidents, and 
corrective actions. Clear documentation also supports 
regulatory accountability and enables organizations 
to demonstrate how AI risks are identified, evaluated, 
and managed (De Almeida et al., 2021; Zhang & 
Zhang, 2023).

Case Study
A practical case study can demonstrate how the 
proposed Responsible AI framework can be applied to 
a workplace mental-health and well-being monitoring 
system. Such a system may analyze voluntary 
employee inputs, self-reported well-being measures, 
and selected behavioral indicators to identify possible 
patterns of stress or burnout. However, the system 
should function as an early-warning and support 
mechanism rather than a diagnostic or employment-
decision tool. Ethical implementation requires 
clearly defined purposes, informed and revocable 
consent, data minimization, transparency, fairness 
assessment, and human oversight (Saeidnia et al., 
2024; Solanki et al., 2023).

The system should avoid collecting unnecessary 
raw audio, video, or personally identifiable behavioral 
information. Where monitoring is appropriate, 
privacy-preserving processing and restricted access 
should be implemented. AI-generated alerts should 
communicate uncertainty and should not be treated 
as definitive evidence of a mental-health condition. 
Responsible AI design requires that affected 
individuals understand how the system operates 
and have meaningful opportunities to challenge or 
withdraw from its use (Peters et al., 2020; Sanderson 
et al., 2023).

Fig 3: Values represent illustrative implementation-control levels (0–100%) for Privacy, Safety, and 
Accountability across key responsible-AI implementation areas. Higher percentages indicate stronger 

control implementation. 
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Human review is particularly important when an alert 
could lead to an intervention. Qualified personnel 
should assess contextual information before any 
support action is initiated. The system should also 
prohibit the use of mental-health inferences for 
hiring, promotion, disciplinary action, insurance 
decisions, or employee performance evaluation. 
These boundaries support trustworthy medical and 
digital-health AI by maintaining accountability and 
protecting individual autonomy (Zhang & Zhang, 
2023; Trocin et al., 2023).

The case demonstrates that responsible mental-
health AI requires more than accurate predictive 
models. Governance, ethical boundaries, privacy 
protection, and human-centered oversight must 
operate together throughout the AI lifecycle (Nasir 
et al., 2024; WHO, 2024). Regulatory governance 
further supports clearly defined responsibilities, 
risk controls, and accountability mechanisms 
(De Almeida et al., 2021). Ultimately, the case 
illustrates how an enterprise can use AI to support 
employee well-being while preventing the technology 
from becoming an instrument of surveillance, 
discrimination, or automated decision-making. This 
approach is consistent with the broader principle 
that autonomous intelligent systems should remain 

aligned with human values, social contexts, and 
meaningful human control (Leikas et al., 2019).

Discussion
Limitations of Current AI Emotion Models
AI-based mental-health monitoring can provide 
useful indicators of emotional and behavioral 
changes, but its outputs should not be interpreted 
as definitive evidence of a mental-health condition. 
Emotion-recognition models may be affected 
by cultural differences, language, individual 
expression, contextual variation, and limitations in 
training data. Multimodal systems may also create 
additional privacy and interpretive challenges 
because they combine sensitive behavioral, linguistic, 
physiological, or visual information. The World 
Health Organization emphasizes the need for careful 
validation, transparency, and risk management 
when AI is applied to health-related contexts (World 
Health Organization, 2024). Similarly, ethical 
implementation requires developers to consider 
limitations and potential harms throughout the 
system lifecycle rather than focusing exclusively on 
technical performance (Solanki, Grundy, & Hussain, 
2023).

Table 2: Responsible AI Controls for a Workplace Mental-Health Monitoring Case Study
Case study component Potential risk Responsible ai control Expected outcome

Data collection Excessive or unauthorized 
surveillance

Voluntary participation, informed 
consent, and data minimization

Greater privacy and user 
autonomy

Behavioral monitoring Incorrect interpretation of 
behavior

Context-aware models and uncertainty 
reporting

Reduced 
misinterpretation

AI prediction False positives or false 
negatives

Validation, fairness testing, and 
continuous monitoring

More reliable risk 
identification

Employee alerts Stigmatization or 
unnecessary intervention

Human review before escalation Safer intervention 
decisions

Sensitive information Data leakage or 
unauthorized access

Encryption, access controls, and limited 
retention

Improved confidentiality

Employment decisions Discriminatory use of 
mental-health inferences

Explicit prohibition of hiring, 
promotion, and disciplinary use

Protection against 
harmful secondary use

Governance Unclear accountability Audit logs, documented responsibilities, 
and governance policies

Stronger organizational 
accountability

User interaction Lack of transparency or 
control

Explainable outputs and opt-in/opt-out 
mechanisms

Increased trust and 
informed participation
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Risks of Over-Trust
A major concern is excessive reliance on AI-generated 
assessments. Users, organizations, or healthcare 
professionals may perceive algorithmic outputs 
as more objective or reliable than they actually 
are, creating automation bias and potentially 
inappropriate interventions. Responsible AI therefore 
requires systems to communicate uncertainty, 
limitations, and the evidentiary basis of predictions. 
Peters et al. (2020) argue that responsible AI design 
should integrate ethical considerations into practical 
development activities, while Sanderson et al. 
(2023) demonstrate the importance of translating 
broad ethical principles into concrete practices 
among designers and developers. In mental-health 
applications, AI should consequently function 
as a decision-support mechanism rather than an 
autonomous diagnostic authority.
Importance of Interdisciplinary Oversight
Effective governance requires collaboration among 
AI developers, clinicians, ethicists, legal specialists, 
data-protection professionals, organizational leaders, 
and affected users. Such collaboration can identify 
technical, social, and ethical risks that may remain 
invisible when systems are assessed solely through 
accuracy metrics. Saeidnia et al. (2024) emphasize the 
importance of responsible implementation when AI is 
used for mental-health and well-being interventions. 
Likewise, Leikas, Koivisto, and Gotcheva (2019) 
emphasize incorporating ethical considerations into 
the design of intelligent systems. Governance should 
therefore include human review, accountability 
structures, ethical assessment, incident reporting, 
and mechanisms for correcting problematic AI 
outputs. Zhang and Zhang (2023) further highlight 
the importance of governance and trustworthiness in 
medical AI, reinforcing the need for organizational 
controls alongside technical safeguards.
Future Research Directions
Future research should focus on developing culturally 
sensitive and context-aware models capable of 
reducing bias across diverse populations. Greater 
attention is also needed for privacy-preserving 
approaches, particularly where systems process 
speech, video, physiological signals, or other highly 

sensitive information. Research should examine 
explainable and uncertainty-aware AI that enables 
users and professionals to understand both predictions 
and limitations. Trocin et al. (2023) identify 
responsible AI for digital health as an important area 
requiring continued investigation into governance, 
accountability, and implementation practices. 
Further research should also establish standardized 
evaluation metrics for fairness, safety, privacy, 
transparency, and human oversight. Nasir, Khan, and 
Bai (2024) support the need for comprehensive ethical 
frameworks that address AI risks while enabling 
beneficial healthcare applications. Finally, effective 
regulation should evolve alongside technological 
development, ensuring that governance mechanisms 
remain capable of addressing emerging risks and 
organizational responsibilities (De Almeida, Dos 
Santos, & Farias, 2021).

Conclusion
Responsible AI is essential for the safe and ethical 
deployment of mental-health monitoring systems 
because these technologies process highly sensitive 
information and may influence decisions concerning 
individual well-being. The proposed framework 
demonstrates that effective mental-health AI 
requires more than model accuracy; it must integrate 
privacy, informed consent, fairness, explainability, 
accountability, risk management, and meaningful 
human oversight throughout the AI lifecycle. Ethical 
considerations should be incorporated during system 
design and development rather than introduced only 
after deployment (Solanki, Grundy, & Hussain, 2023; 
Peters et al., 2020).

The  f ramework a lso  emphasizes  that 
AI-generated emotional or behavioral indicators 
should not be treated as definitive clinical diagnoses. 
Appropriate safeguards, transparent communication 
of uncertainty, and human review are necessary to 
reduce automation bias and prevent unintended harm 
(Saeidnia, Hashemi Fotami, Lund, & Ghiasi, 2024; 
World Health Organization, 2024). Strong governance 
mechanisms, including consent management, 
auditability, fairness assessments, and clearly defined 
accountability, further support trustworthy medical 
AI (Zhang & Zhang, 2023; Nasir, Khan, & Bai, 
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2024).
Ultimately, responsible mental-health monitoring 
requires continuous interdisciplinary evaluation 
and governance. Embedding ethical principles into 
technical architecture and organizational processes 
can enable AI to provide meaningful support while 
protecting individual autonomy, privacy, dignity, and 
safety (Trocin et al., 2023; Sanderson et al., 2023).
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