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Abstract- Artificial intelligence (Al) tools for detecting depression and anxiety process some of the most
sensitive information a person can share: their thoughts, voice, movements and health history. Technical
accuracy is therefore necessary but not sufficient for responsible use. This paper, derived from a doctoral
study on Al-assisted diagnosis of depression and anxiety, proposes a lifecycle governance framework that
translates four ethical principles (autonomy, beneficence and non-maleficence, justice, and explicability) into
concrete safeguards at five stages: data collection, model development, validation, deployment and
monitoring. Eight principal risks are identified and prioritised on a likelihood-impact matrix: privacy breach,
consent failure, subgroup bias, automation bias, dataset shift, opaque output, miscalibration, and stigma or
misuse. An analytic fairness demonstration shows how a sensitivity drop from 0.85 to 0.70 in a minority-
language subgroup doubles missed cases from 22.5 to 45.0 per 1,000 people screened, even though the overall
model appears acceptable. A privacy-preserving data pipeline and a checklist of minimum safeguards are
proposed. The framework positions Al as accountable, clinician-supervised decision support and gives

researchers, ethics committees and clinicians a practical basis for reviewing mental health Al projects.

Keywords- Al ethics; mental health; depression; anxiety; algorithmic fairness; privacy; informed consent;
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I. INTRODUCTION

Depression and anxiety are among the most common causes of disability worldwide [1], and many
affected people are not identified in routine care [2]. Machine learning (ML) models that analyse
questionnaires, health records, language, speech and smartphone data have been proposed to support
earlier detection [3]-[5]. Unlike many other clinical Al applications, these tools draw on intimate personal
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information and act on conditions that still carry considerable stigma. Errors can lead to missed suicide
risk, unnecessary labelling, or unequal treatment of groups that are already under-served.

General frameworks for Al ethics are plentiful, but principles alone do not ensure ethical practice [6].
Researchers and clinicians need concrete, stage-specific safeguards that can be checked. Ethical
challenges in clinical ML, including bias, opacity and the shifting of responsibility, have been widely
discussed [7], [8], yet few works tailor them to Al-assisted mental health assessment. This paper
addresses that need. Its objectives are (i) to translate core ethical principles into safeguards across the
Al lifecycle, (ii) to identify and prioritise the principal risks, (iii) to show quantitatively how subgroup bias
affects people, and (iv) to propose a privacy-preserving data pipeline and a minimum safeguard
checklist.

Il. APPROACH

The framework was developed by analysing the ethics, privacy, governance and oversight sections of
the doctoral thesis, together with the literature on clinical Al ethics, fairness, explainability and reporting
[9], [10]. Four principles from biomedical ethics and Al guidance were adopted: autonomy, beneficence
and non-maleficence, justice, and explicability. They were crossed with five lifecycle stages to derive
safeguards. Risks were rated by the authors on five-point likelihood and impact scales, assuming no
safeguards were in place. A hypothetical scenario was then analysed with standard diagnostic-accuracy
formulas to show the effect of subgroup bias.

I1l. PRINCIPLE-TO-PRACTICE FRAMEWORK

Fig. 1 presents the framework as a matrix. Each cell specifies a safeguard that puts one principle into
practice at one stage, so that an ethics committee or project team can check compliance stage by stage.

Autonomy

revocable consent

no seccmdary use

sharing results

Data Model SR A
collection development Validation Deployment Monitoring
Informed, specific, || Purpose limitation; Consent to Right to decline Right to

Al assessment

withdraw data

Beneficence &

Safety protocol

Clinical reference

Calibration &

Clinician-in-

Drift detection;

non-maleficence for acute risk standard net benefit the-loop incident reporting
Justice Representative Bias-aware Subgroup Equitable access Periodic
sampling features & labels metrics & thresholds fairness audit
N ars Data provenance Interpretable Faithful Model facts Transparent
Explicability records baseline explanations label versioning

Fig. 1. Principle-to-practice matrix: four ethical principles translated into concrete safeguards across
five lifecycle stages of an Al-assisted mental health tool.
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1. Autonomy and Consent

Consent must be specific to each data type. Agreeing to a questionnaire is not agreeing to voice
recording or phone sensing. It must also be revocable and understandable. Participants should know
how their data will be used, who can access them, whether Al output will be shared with clinicians, and
that they may decline Al assessment without losing access to care. Secondary use of data for purposes
not covered by the original consent should be prohibited [11].

2. Beneficence and Non-maleficence

A mental health Al study must include a safety protocol that responds immediately to indications of
acute risk, whatever the model outputs. Benefit should be demonstrated against a clinical reference
standard, with calibrated probabilities [12] and an assessment of net benefit [13], not accuracy alone.
The model must never be the sole basis of a diagnosis.

3. Justice

Justice requires representative sampling, bias-aware choice of features and labels, and reporting of
performance for each subgroup [8], [14]. A widely used health algorithm that relied on cost as a proxy
for need systematically disadvantaged Black patients [15]. Analogous proxies, such as prior service use,
may encode unequal access to mental health care.

4. Explicability

Clinicians and patients should be able to understand what a model does and why it produced a
particular output [16]. Interpretable baselines are preferred where they perform comparably [17]. Post-
hoc explanations such as SHAP [18] should carry explicit caveats, because they may not faithfully
represent model reasoning [19]. A model facts label summarising intended use, population,
performance and limitations should accompany any deployment [20].

IV. RISK IDENTIFICATION AND PRIORITISATION

Eight principal risks were identified. Fig. 2 places them on a likelihood-impact matrix, and Table 1 pairs
each with safeguards. Subgroup bias (R3) and dataset shift (R5) are rated both likely and of major
impact, because models developed in one population frequently degrade silently when used elsewhere
[21]. Automation bias (R4), in which clinicians over-rely on a model's output, is well documented in
clinical decision support [22]. Privacy breach (R1) is less likely under good controls but has the most
severe impact given the sensitivity of mental health data.
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Fig. 2. Likelihood—-impact matrix of eight principal risks, assessed without safeguards. Ratings are the
authors' qualitative judgement based on the cited literature.

Table 1. Principal risks and minimum safeguards

Risk

Example manifestation

Minimum safeguard

R1 Privacy breach

Exposure of transcripts or diagnoses

Pseudonymisation, encryption, access
control, audit trail [11]

R2 Consent failure

Voice or phone data used beyond
agreed scope

Modality-specific, revocable consent;
purpose limitation

R3 Subgroup bias

Lower sensitivity for minority-
language speakers

Representative sampling; subgroup
metrics [14]

R4 Automation bias

Clinician accepts incorrect low-risk

Clinician-in-the-loop; logged overrides

output [22]
R5 Dataset shift Performance drop at a new site or on | External validation; drift monitoring [21]
new devices

R6 Opaque output

Unexplained flag erodes trust

Interpretable baseline; caveated
explanations [19]

R7 Miscalibration

Risk of 0.8 reported where true rate is

Calibration reporting and recalibration

0.4 [12]
R8 Stigma / misuse Al label used by employers or Use restrictions; no disclosure beyond
insurers clinical team
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V. FAIRNESS DEMONSTRATION

To show the human consequences of subgroup bias, consider a hypothetical screening model with
overall sensitivity and specificity of 0.85. Three subgroups are compared: Group A (majority language,
prevalence 15%), Group B (minority language, same prevalence, but sensitivity reduced to 0.70 because
of under-representation in training data), and Group C (majority language, prevalence 30%). Positive
predictive value (PPV) follows from Bayes' theorem:

PPV = (Se-p)/[Se-p + (1 -5p)-(1~p)] (M

Missed cases per 1,000 people screened equal 1000 - p - (1 — Se), and false alarms equal 1000 - (1 - p) -
(1 = Sp). As Fig. 3 shows, Group B experiences 45.0 missed cases per 1,000, double the 22.5 in Group A,
and PPV falls from 50.0% to 45.2%. Group C shows that differences in prevalence alone change PPV
substantially (70.8%), even at identical accuracy. Both effects stay hidden if only aggregate metrics are
reported. Subgroup-level reporting of sensitivity, PPV and calibration is therefore a minimum
requirement [14], [23].
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Fig. 3. Analytic fairness demonstration for a hypothetical model. (a) Sensitivity and positive predictive
value by subgroup. (b) Missed cases and false alarms per 1,000 people screened, computed from
equation (1) and standard formulas.

VI. PRIVACY-PRESERVING DATA PIPELINE

Fig. 4 outlines the proposed data pipeline. Consent and data minimisation come first, followed by
pseudonymisation at the point of collection, encryption at rest and in transit, and role-based access with
audit trails. Where data from several institutions are needed, federated learning allows models to be
trained without moving individual records out of each site [24]. Outputs are released only as aggregate,
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de-identified results. Raw audio and free text should be deleted after feature extraction wherever the
approved protocol permits.

Individual-level data never leave the controlled environment

. Encrypted Role-based Federated / Aggregate,
m(j:girlﬁ?gti{f)ln Pszltlcég?lﬁlse p| storage (rest/ p| access& P site-local  p| de-identified
transit) audit trail training reporting

Raw audio and free text deleted after feature extraction where the protocol permits; retention periods defined in advance

Fig. 4. Privacy-preserving data pipeline for Al-assisted mental health research, in which individual-level
data remain within a controlled environment.

VII. DISCUSSION

The framework reframes ethics as a set of verifiable engineering and clinical practices rather than a
statement of values [6]. It also clarifies accountability. The treating professional remains responsible for
diagnosis and care. Developers are responsible for documented performance, subgroup results and
timely disclosure of limitations. Institutions are responsible for governance, monitoring and incident
reporting [25]. Reporting under TRIPOD+AI [9] and staged clinical evaluation under DECIDE-AI [10]
make these responsibilities visible to reviewers. In multilingual, resource-limited settings such as North-
East India, the justice principle calls for special attention to language representation, digital access and
culturally valid instruments, so that Al does not widen existing gaps in care [26].

1. Limitations

Risk ratings are qualitative and context-dependent. The fairness demonstration uses hypothetical
parameters chosen to illustrate the mechanism, not observed results. The framework has not yet been
tested in an ethics-committee review or a deployment study, which is the next planned step.

VIIl. CONCLUSION

Responsible Al-assisted diagnosis of depression and anxiety depends on more than accuracy. It requires
specific consent, safety protocols, calibrated and explained outputs, subgroup fairness, strong privacy
protection and clear human accountability throughout the lifecycle. The proposed principle-to-practice
framework, risk matrix and privacy pipeline give researchers and clinicians a concrete basis for building
and reviewing mental health Al that people can trust.
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