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ARTICLE INFO ABSTRACT

Keywords: The rapid integration of conversational agents into digital mental health has outpaced the development of
Digital mental health intervention clinical governance frameworks. While chatbots increasingly serve as primary support tools, they lack stan-
Chatbot

dardized protocols for detecting high-risk user disclosures, leaving users vulnerable to underpowered in-
terventions. To address this safety gap, this study aimed to identify specific signs of mental distress or harmful
intent that mandate active monitoring during chatbot interactions. We proposed that the governance of such
systems must be grounded in two foundational clinical pillars: mental health triage for immediate risk stratifi-
cation and stepped care for hierarchical intervention. We employed a two-round eDelphi design with a purposive
sample of 52 experts in clinical psychology, medicine, and human-computer interaction. In the first round,
panelists evaluated a preliminary list of risk areas derived from literature, suggesting modifications and
expanding the list to ensure clinical comprehensiveness, before prioritizing the areas based on severity. The
second round focused on refining the final list and, uniquely, mapping each validated area to a minimum
necessary intervention level within a stepped-care model. The experts validated a final framework of 14 critical
areas, fundamentally shifting risk monitoring from diagnostic labels to a symptom-based logic that aligns with
the non-clinical capabilities of natural language processing. Beyond identifying what to monitor, the study
established how systems should respond: experts mandated that high-acuity presentations, such as active suicidal
intent or abuse, require immediate redirection to human services, while lower-acuity concerns, including social
isolation and mild anxiety, were deemed suitable for autonomous management via self-help techniques or
empathic listening. By grounding chatbot architecture in these clinical pillars, these findings provide a blueprint
for safer automation where conversational agents act as complementary tools capable of autonomously man-
aging mild distress while serving as effective triage points for severe pathology. Future research should replicate
and validate this framework with international and culturally diverse expert panels, explore its technical
implementation in NLP architectures, and evaluate its clinical impact through real-world deployment in existing
digital mental health interventions.
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1. Introduction Health Interventions (DMHIs) now represent a critical component of

care delivery, offering services that range from automated coaching

The integration of digital technologies into healthcare has evolved
rapidly, expanding from the remote monitoring of somatic conditions to
complex interventions for mental health. While telemedicine initially
gained prominence for logistical support, such as medication adherence
and physical activity tracking, particularly during the COVID-19
pandemic (Baig et al., 2015; Haleem et al., 2021; Omboni et al.,
2022), the scope of these tools has shifted significantly. Digital Mental

applications to adjunctive tools for clinical practice (Fietta et al., 2024;
Philippe et al., 2022; Wies et al., 2021). As adoption grows, the archi-
tecture of these platforms is moving toward increasingly autonomous
interaction.

Conversational agents have become central to this landscape,
evolving from simple scripted interfaces to complex systems driven by
Large Language Models (LLMs) (Hua et al., 2025). As these tools grow,
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users increasingly treat them as primary sources of support, frequently
disclosing high-risk information (e.g., suicidal ideation or self-harm
behaviors) as if they were interacting with specialists (O'Dowd, 2025).
However, the deployment of these systems has outpaced the develop-
ment of clinical governance frameworks.

Unlike human-moderated services, most chatbots operate without
standardized protocols for detecting and managing acute psychiatric
crises. Current strategies for automated risk detection often rely on
“black box” proprietary algorithms or simplistic keyword matching that
lacks clinical grounding (Singh, 2023). For instance, a system might flag
the word “kill” in a non-clinical context while failing to identify a subtler
but more dangerous expression of hopelessness. The difficulty of this
technical challenge is compounded by a fundamental conceptual limi-
tation: there is no industry standard defining which critical areas of
psychological distress require immediate detection and what constitutes
an adequate response from the system.

This deficit creates a safety gap. While clinical settings rely on
established heuristics to distinguish between benign distress and urgent
medical need, digital platforms often lack the interpretive scaffolding to
make these distinctions. Without a validated list of critical areas, auto-
mated systems risk providing generic responses to life-threatening sit-
uations or failing to trigger necessary referrals.

2. Theoretical background

To address this safety gap, this study proposes that the governance of
Al-driven interventions must be grounded in the foundational structures
of traditional psychiatry. We argue that the definition of critical areas,
and the subsequent adequate responses, should not be arbitrary, but
derived from the logic of mental health triage (Smart et al., 1999)
(immediate risk stratification) and stepped care (Davies, 2006) (hier-
archical intervention). These two pillars provide the necessary blueprint
for distinguishing between routine support and crisis intervention.

2.1. Pillar I: mental health triage

Clinical triage is a gatekeeping mechanism used in health services to
manage patient flow by assessing clinical urgency and guiding appro-
priate care decisions. It patients based on clinical urgency and de-
termines the appropriate disposition (e.g., emergency admission vs.
routine outpatient care). In mental health, this process is distinct from
diagnosis; it focuses specifically on immediate risk to self or others and
functional impairment (Turner & Turner, 1991).

Validated instruments such as the UK Mental Health Triage Scale (UK
MHTS) (Sands et al., 2016) and the Crisis Triage Rating Scale (CTRS)
(Bengelsdorf et al., 1984) operationalize this process. These scales map
specific clinical presentations to actionable timelines. For example, the
presence of active suicidal intent typically mandates immediate police
or ambulance dispatch, whereas moderate distress without immediate
risk directs the patient to community support. Effectively, triage serves
as a “sorting algorithm” for human clinicians. For chatbots to operate
safely, they require a parallel logic: the ability to detect specific critical
areas in user dialogue that necessitate a “break” in the conversational
flow and, if needed, an immediate redirection to human services.

2.2. Pillar II: stepped care

While triage manages entry and disposition, stepped care structures
the longitudinal delivery of treatment. This model advocates for the
least intrusive and most resource-efficient intervention likely to be
effective (Haaga, 2000). Patients typically enter at a low intensity and
are “stepped up” to specialized care only if monitoring indicates clinical
deterioration or lack of response (Bower & Gilbody, 2005).

Chatbots occupy the lowest rung of this hierarchy, offering scal-
ability and immediate access. However, the safety of a stepped-care
model relies entirely on the sensitivity of its detection mechanisms
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(Tielman et al., 2019). If a low-intensity tool fails to recognize when a
user's condition exceeds its scope, such as a transition from mild anxiety
to acute panic, the escalation mechanism fails. The user remains trapped
in an under-powered intervention, potentially delaying access to effec-
tive care.

2.3. The present study

To transpose these clinical pillars into the digital domain, we must
first define the specific critical areas that serve as triggers for escalation.
This study addresses this gap by establishing a consensus-based frame-
work for identifying and addressing high-risk content in mental health
chatbots. Specifically, our objectives are:

1. To identify critical areas with specific technical labels requiring
automated detection, creating a prioritized list of psychological is-
sues based on severity.

2. To investigate adequate responses within a stepped-care framework,
defining how the system should intervene when specific critical areas
are detected.

3. To conduct a qualitative analysis of experts' rationale regarding the
specific elements necessitating detection and the logic of the pro-
posed interventions.

To achieve these aims, we employ the eDelphi methodology
(Donohoe et al., 2012), a structured and iterative process designed to
build consensus on complex issues. By drawing on expert consensus, we
propose a preliminary framework that prioritizes high-risk areas and
maps them to explicit stepped-care interventions. This framework ad-
dresses a critical deficit in existing guidelines, which have historically
prioritized clinical settings while neglecting the unique challenges of
automated risk detection in non-clinical environments.

3. Materials and methods
3.1. Study design and participants

Given the limited empirical evidence anticipated in the previous
sections, this study employed a two-round eDelphi methodology
(Donohoe et al., 2012) to synthesize expert clinical judgment into a
structured framework. This iterative design allows for the aggregation of
specialist opinions to build consensus on complex topics where standard
guidelines are absent. We adopted the four-stage protocol outlined by
(Denecke et al., 2024), comprising a preparatory phase, iterative
consultation rounds, data analysis, and reporting.

To construct the panel, we relied on purposive sampling (Coyne,
1997) to recruit practitioners and researchers with specific expertise in
mental health (psychologists and physicians) and human-computer
interaction (HCI) applied to digital health (psychologist working in
HCI). Candidates were identified through authorship of peer-reviewed
publications and professional registries. Of the 336 experts invited be-
tween October 1 and October 15, 2024, 52 agreed to participate (15.5%
enrollment rate). Retention remained high, with 39 experts (75%)
completing both rounds (refer to Fig. 1). The final panel was predomi-
nantly female (76.9%) with a mean age of 32.8 years (SD = 7.3). The
cohort was heavily weighted toward clinical psychology (89.7%) (see
Table 1).

3.2. Procedure

3.2.1. Preparatory phase

Prior to the consultation rounds, we established a preliminary list of
risks to present to the panel. Given the absence of a well-established
framework tailored to chatbots in this domain, we conducted targeted
searches in Google Scholar on related fields, including Al-based mental
health disorder identification and mental health triage. Keywords used
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Fig. 1. CONSORT flow diagram of participant enrollment.

included “mental health risk detection social media”, “mental health risk
detection from text”, “mental health triage scale”, and “mental health red
flags”. The resulting articles were independently screened for relevance
by two psychologists. This process identified publications specifically
addressing risk assessment in mental health care (Burgess et al., 2008;
Sands et al., 2013, 2016, 2017; Smart et al., 1999; Smith et al., 2016)
and the use of Al for detecting mental health issues (Ferreira et al., 2022;
Guntuku et al., 2017; McClellan et al., 2017; Rissola et al., 2022; Saleem
et al., 2012; Skaik & Inkpen, 2021). Based on the recurring areas iden-
tified across these studies, an initial list of 14 areas (reported in Fig. 2)
was developed.

3.2.2. eDelphi rounds

In the first round, participants performed three tasks: evaluating the
relevance of the 14 pre-identified areas on a 5-point Likert scale (1 =
“Not relevant” to 5 = “Very relevant”), ranking these areas by clinical
severity, and providing qualitative feedback on terminology or missing
categories. In the second round, participants received a synthesis of the
previous results, including aggregated group scores and qualitative in-
sights. New areas identified in the first round were introduced for

evaluation. Experts re-rated and re-ranked the items based on the
broader group consensus. A critical addition in this phase was the
assignment of intervention levels: for each critical area, experts selected
the minimum necessary response from a six-point stepped-care scale
inspired by previous research (Ah LEE, 2018; Frasquilho et al., 2021;
Sheehan et al., 2023), ranging from “Offer active listening and empa-
thetic responses (through chatbot)” to “Provide emergency contact in-
formation for crisis intervention services” (see Fig. 3). The consultation
was administered via the Qualtrics XM platform (Qualtrics XM, 2018).

3.3. Data analysis

As suggested by guidelines on Delphi studies (Belton et al., 2019),
data analysis integrated quantitative metrics to quantify consensus with
qualitative thematic analysis to interpret expert rationale. For the
assessment of relevance, we computed descriptive statistics (mean,
median, standard deviation, and IQR) for each risk category. To estab-
lish the relative priority of the areas, we utilized the Borda count method
(Saari, 2023) to aggregate individual preferences into a unified ordinal
ranking, subsequently assessing the level of inter-rater agreement via
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Table 1
Demographic and professional characteristics of the expert panel.

Variable Level Distribution: % (n) or M (SD)
Round 1 Round 2
Gender Female 75.0% (39) 76.9% (30)
Male 23.1% (12) 20.5% (8)
Non binary 1.9% (1) 2.6% (1)
Age N/A M =325(SD = M =32.8(SD =
6.7) 7.3)
Education Doctorate 25.0% (13) 25.6% (10)
Advanced 25.0% (13) 20.5% (8)
Specialization

Master Degree 50.0% (26) 53.8% (21)

Expertise Psychology (Clinical) 86.5% (45) 89.7% (35)
Medicine 7.7% (4) 5.1% (2)
Psychology (HCI) 5.8% (3) 5.1% (2)
Occupation Researcher 50.0% (26) 53.8% (21)
Psychologist 40.4% (21) 35.9% (14)
Medical Doctor 5.8% (3) 5.1% (2)
Technologist 3.8% (2) 5.1% (2)
Job 1-5 years 63.5% (33) 64.1% (25)
seniority 6-10 years 21.2% (11) 20.5% (8)
11-15 years 7.7% (4) 7.7% (3)
16-20 years 5.8% (3) 5.1% (2)
21+ years 1.9% (1) 2.6% (1)
Country Italy 94.2% (49) 94.7% (36)
Netherlands 1.9% (1) 2.6% (1)
United Kingdom 1.9% (1) 2.6% (1)
Not specified 1.9% (1) 0.0% (0)

Kendall's coefficient of concordance (Kendall & Smith, 1939). Incom-
plete responses were excluded from the analysis, and no imputation of
missing values was performed.

Initial Critical Areas

Suicidal ideation and attempts

Mania and bipolar disorder

Preparatory
phase

.

Psychosis, Schizophrenia, and
sensory disorders

Self-harm behaviors

Sacial isolation and lack of

support
+ Aggression, violence, and risk to eDelphi
others rounds

Eating disorders

.

Anxiety and panic disorders

Depressive disorder

*+ Substance abuse and addictions
(alcohol/drugs)

Bullying and harassment

Trauma and post-traumatic stress
disorder (PTSD)

Pathological gambling

Sleep disorders

processing
and analysis
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For item retention, we applied strict, predetermined thresholds
consistent with eDelphi standards (Bolpagni & Gabrielli, 2025; Denecke
etal., 2024; Nasa et al., 2021; van Hecke et al., 2015). A critical area was
retained for the subsequent round or final framework only if it met two
conditions: (1) a relevance consensus of >70% (rated 4 or 5 on the Likert
scale) and (2) an Interquartile Range (IQR) < 2, indicating high agree-
ment with low variance. Areas failing to meet these criteria or achieving
a mean relevance score <3 were discarded.

Parallel to the statistical analysis, open-ended responses from both
rounds underwent thematic analysis (Clarke & Braun, 2017). Three in-
dependent coders (M.B., V.F., and S.G.) examined the textual data to
resolve terminological discrepancies and identify emerging risk cate-
gories, resolving differences through consensus discussions. Finally, the
appropriate stepped-care intervention for each confirmed critical area
was determined using the modal response, while the accompanying
qualitative feedback was reviewed to validate the clinical logic behind
the chosen escalation pathways.

4. Results
4.1. Round 1: refinement of the preliminary list

The initial round revealed a strong expert consensus on the necessity
of a granular, symptom-based framework for monitoring high-risk
content. The primary outcome was a significant restructuring of the
preliminary list to enhance clinical precision and operational feasibility.

A major thematic shift emerged regarding nomenclature, setting the
conceptual foundation for the framework. Experts recommended
replacing disorder-based labels with symptom-based terminology to
align with the non-diagnostic nature of chatbot interactions. For
instance, “Depressive disorders” was reworded as “Depressive symptoms”,
and “Pathological gambling” was broadened to “Behavioral addictions” to
encompass emerging digital compulsions (e.g., gaming, social media

Final Critical Areas
*  Suicidal ideation

Suicidal intention and suicide
attempts

*  Psychotic symptoms

*  Antisocial behaviors towards
people (aggressiveness, violence,
and potentially harmful behaviors
towards others)

Isolation and lack of social
support

Self-harm behaviors
Data »  Eating disorders
* Bullying

Depressive symptoms

*  Anxious symptoms

*  Harassment and physical, sexual,
Conclusion and psychological abuse
and *  Substance addiction
repo rtin g Post-traumatic stress disorder

symptoms

Behavioral addictions

Fig. 2. Summary of the eDelphi steps and their outputs.
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Fig. 3. Six intervention strategies identified to manage critical contents according to a stepped-care model.
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overuse). This shift reflects the consensus that chatbots should not
attempt to replicate clinical diagnosis, which requires integrative judg-
ment, but should instead detect observable linguistic markers of distress.
Furthermore, a symptom-based list better accommodates comorbidity,
recognizing that users often present with overlapping symptom clusters
rather than discrete diagnostic categories.

Following this symptom-based logic, several broad categories were
bifurcated to distinguish between varying levels of risk and clinical ur-
gency. “Suicidal ideation and attempts” was split into two distinct cate-
gories: “Suicidal ideation” and “Suicidal intention and suicide attempts”.
This bifurcation aligns with clinical risk stratification, differentiating
between passive thought content and active volitional intent or behav-
ioral planning, which require distinct intervention protocols. Similarly,
the category covering “Psychosis and schizophrenia” was divided into
“Psychotic symptoms” and “Sensory alterations (hallucinations and de-
lusions)” to allow for more targeted assessment.

“Bullying and harassment” also underwent refinement; experts rec-
ommended separating “Bullying” from “Harassment and physical, sexual,
and psychological abuse”. This distinction was not intended to minimize
the severity of bullying, but rather to differentiate its relational dy-
namics from the acute victimization contexts inherent in physical and
sexual abuse. While experts emphasized that bullying entails profound
psychological consequences, they prioritized separating these categories
to address the immediate physical safety risks and specific safeguarding
protocols required for abuse scenarios. Conversely, “Sleep disorders” was
excluded from the framework, as experts deemed it a secondary symp-
tom with lower immediate risk and relevance compared to acute psy-
chiatric crises.

Finally, qualitative feedback highlighted gaps in the initial list,
leading to the provisional addition of five new areas for evaluation in
Round 2: “Pathological grief”, “Occupational distress (burnout and work-
place harassment/mobbing)”, “Issues related to sexuality and gender iden-
tity”, “Antisocial behaviors towards property and institutions (crimes and
violations of legislative norms)”, and “Obsessive-compulsive symptoms”.
The complete refined list of critical areas, aggregated qualitative and
quantitative data and preliminary priority ranking established in this
round are detailed in Appendix A.

4.2. Round 2: consensus and intervention mapping

The second round focused on finalizing the list of critical areas and
establishing the appropriate stepped-care response for each. In this
phase, seven risk areas failed to meet the retention criteria and were
removed. Notably, despite their clinical severity, “Psychotic symptoms
(hallucinations and delusions)” and “Manic symptoms” were excluded.
Experts argued that accurately detecting the nuances of reality distor-
tion via text requires clinical observation beyond current chatbot ca-
pabilities. Similarly, areas such as “Occupational distress”, “Issues related
to sexuality and gender identity”, and “Antisocial behaviors towards prop-
erty and institutions (crimes and violations of legislative norms)” were
deprioritized; while clinically relevant, they were viewed as not
constituting the immediate safety threats required for a triage-focused
framework. A comprehensive summary of the qualitative rationale for
these exclusions is provided in Appendix B (Table B.1).

The exclusion process yielded a final list of 14 retained critical areas.
Inter-rater agreement on the priority ranking of these items was strong
(Kendall's W = 0.78, p < .001), indicating substantial consensus among
the 39 experts (that concluded the second round) regarding their rela-
tive severity. Upon validating this hierarchy, the panel mapped each
area to a minimum necessary intervention level (see Table 2).

The operational definitions for these confirmed critical areas are
listed in Appendix B (Table B.2), while the full distribution of relevance
scores and detailed qualitative feedback regarding intervention choices
can be found in Appendix B (Table B.1).

High-acuity areas, specifically “Suicidal ideation”, “Suicidal intention
and suicide attempts, and “Harassment and physical, sexual, and

Computers in Human Behavior Reports 22 (2026) 101043

Table 2
Identified critical areas, priority rankings, and suggested interventions from the
eDelphi study.

Identified Critical Areas Priority ~ Primary Suggested
Intervention
Suicidal ideation 1 Provide emergency contact
information for crisis
intervention services.
Suicidal intention and suicide attempts 2 Provide emergency contact
information for crisis
intervention services.
Psychotic symptoms 3 Suggest contacting a mental
health professional.
Antisocial behaviors towards people 4 Suggest contacting a mental
(aggressiveness, violence, and health professional.
potentially harmful behaviors
towards others)
Isolation and lack of social support 5 Offer active listening and
empathetic responses.
Self-harm behaviors 6 Suggest contacting a mental
health professional.
Eating disorders 7 Suggest contacting a mental
health professional.
Bullying 8 Suggest contacting a mental
health professional.
Depressive symptoms 9 Suggest contacting a mental
health professional.
Anxious symptoms 10 Provide evidence-based self-

help techniques.

Provide emergency contact
information for crisis
intervention services

Harassment and physical, sexual, and 11
psychological abuse

Substance addiction 12 Suggest contacting a mental
health professional.

Post-traumatic stress disorder 13 Suggest contacting a mental
symptoms health professional.

Behavioral addictions 14 Suggest contacting a mental

health professional.

psychological abuse”, were assigned the highest intervention level. Ex-
perts agreed that chatbots must not attempt independent management
of these risks but must immediately provide emergency contact infor-
mation and crisis resources. The majority of critical areas, including
“Self-harm behaviors”, “Eating disorders”, “Substance addiction”, and
“Depressive symptoms”, were classified as requiring a “bridge” to human
care. In these cases, the system's role is to validate the user's distress and
actively facilitate a referral to a mental health professional. For lower-
acuity presentations, experts endorsed a higher degree of automation.
“Anxious symptoms” were deemed suitable for evidence-based self-help
techniques (e.g., relaxation exercises), while “Isolation and lack of social
support” was matched with empathetic active listening. This differen-
tiation confirms the viability of a stepped-care model where the chatbot
manages mild distress autonomously but acts strictly as a triage agent
for severe pathology. Fig. 4 illustrates this process in practice, showing
how the framework's logic is activated by specific user disclosures.

5. Discussion
5.1. Principal findings

This study established a consensus-based framework for the gover-
nance of mental health chatbots, defining specific critical areas for
monitoring and mapping them to adequate intervention levels. Beyond a
simple checklist, the consensus delineated a clear operational model
where chatbots function as complementary agents within a stepped-care
ecosystem, balancing automated support for lower-acuity needs with
rigorous escalation protocols for critical risks.

5.1.1. The role of chatbots in DMHIs
The expert consensus positions chatbots not merely as passive tools,
but as active, complementary components of the care pathway. This
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Fig. 4. Flow diagram demonstrating the framework in action across different scenarios.

aligns with the evolving literature on DMHIs, which advocates for a
functional allocation of resources where technology supports, rather
than supplants, human provision (Berman et al., 2018; Bolpagni et al.,
2024; Borghouts et al., 2021). In this complementary role, the chatbot
serves a dual function. First, it acts as an accessible entry point, poten-
tially reducing the stigma associated with help-seeking and engaging
populations who might otherwise avoid traditional services due to
shame or logistical barriers (Ahmedani, 2011). Second, by autono-
mously managing initial assessments and low-risk conditions, such as
social isolation or mild anxiety, chatbots can alleviate the burden on
mental health services, allowing clinicians to focus strictly on complex
cases requiring human oversight (Langhammer et al., 2024). However,
the safety of this model rests on the precision of the handoff. As (Di Carlo
et al.,, 2021) suggest, the risk lies not necessarily in the automated
interaction itself, but in the potential gap between digital engagement
and clinical referral. Our framework attempts to bridge this gap by
explicitly defining the critical areas that mandate a break in the digital
loop.

5.1.2. Transition to symptom-based terminology and approach

A significant outcome of the consensus process was the expert-driven
move from disorder-based nomenclature to symptom-based terminol-
ogy. This transition aligns the framework with broader shifts in both
clinical (Botbol et al., 2016) and technological (Le Glaz et al., 2021)
approaches, specifically the trend toward dimensional assessment rather
than rigid categorical classifications found in traditional nosologies like
the DSM-5 (American Psychiatric Association, 2013) or ICD-11
(Harrison et al., 2021). Categorical systems typically define conditions
based on strict criteria that may not capture the fluidity of an in-
dividual's lived experience. In the context of chatbot interactions, a
symptom-based approach allows for a more flexible assessment frame-
work, acknowledging that users often present with transdiagnostic
markers that do not fit a single diagnostic label but still necessitate
support. Furthermore, this choice is pragmatically aligned with the

operational capabilities of natural language processing (NLP). As noted
by (Le Glaz et al., 2021), Al models are more adept at detecting linguistic
markers of specific symptoms than inferring complex clinical diagnoses.

5.1.3. Insights on the prioritization of areas and related intervention
strategies

The eDelphi results indicated a strong consensus that conditions
posing an immediate threat to life or safety, such as suicidal ideation,
suicidal intention and suicide attempts, and psychotic symptoms war-
rant the highest priority. This aligns with previous consensus studies on
suicide prevention (Saini et al., 2022) and reinforces the necessity of
urgent, directive intervention strategies for these critical areas that pose
immediate risk to the individual. A nuanced finding within this hierar-
chy was the distinction between suicidal ideation and suicidal inten-
tion/attempts. While clinical risk assessment scales typically rate active
planning or intent as more severe than ideation (Beck et al., 1979), the
expert consensus highlighted the critical importance of detecting idea-
tion in a digital context. In the preventive perspective of a chatbot,
identifying the “thought” represents a vital window for early detection
before it escalates into behavioral planning. Similarly, and in line with
mental health triage protocols (Sands et al., 2016), antisocial behaviors
towards people (like aggressiveness, violence) were identified as
high-priority concerns, underscoring the need to monitor potential risks
not only to the user but also to others.

However, the prioritization of risk areas did not correspond to a
strictly linear hierarchy of intervention intensity. High severity consis-
tently linked to crisis escalation, but “lower” priority areas often
required more tailored, supportive approaches rather than simply less
attention. Notably, social isolation (ranked 5th) was identified as a
prime target for active chatbot engagement through active and empa-
thetic listening. This finding is consistent with emerging approaches in
digital mental health, which increasingly recognize chatbots not just as
risk detectors, but as valuable first-line tools capable of providing
emotional reassurance and mitigating distress in non-emergency
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contexts (Torous et al., 2021). Consequently, the framework suggests
two complementary pathways for intervention: in high-risk scenarios,
the chatbot prioritizes safety and professional referral, whereas in
lower-acuity contexts like social isolation, it can provide a first layer of
empathetic support. Conversely, the exclusion of conditions such as
sleep disorders highlights a necessary pragmatic trade-off. Experts
determined that while clinically relevant, such issues are often second-
ary symptoms or possess lower immediate urgency, and thus were
excluded to maintain the feasibility and focus of the monitoring
framework.

5.2. Limitations

Several limitations should be considered when interpreting the re-
sults of this study. The primary limitation concerns the composition of
the eDelphi expert panel. Despite efforts to recruit internationally,
participation was predominantly concentrated within the Italian na-
tional context. While this ensures that the framework aligns with spe-
cific national clinical standards, it restricts the generalizability of the
findings to other cultural healthcare systems, such as those in the US or
UK, where legal frameworks and professional attitudes toward DMHIs
may differ.

Furthermore, the panel was composed almost entirely of domain
experts in psychology, predominantly clinicians and a significant pro-
portion of early-career professionals, with a relatively small overall
sample size. The study design did not include computer science experts;
instead, we targeted psychologists with specific HCI expertise. This
subgroup was intended to serve as a proxy for technical expertise,
bridging the gap between clinical requirements and technological ca-
pabilities by leveraging their dual grasp of mental health concepts and
digital systems. However, recruiting this specific intersection of exper-
tise proved challenging (only 3 participated), resulting in limited rep-
resentation. Consequently, the consensus reflects a predominantly
clinical perspective that may harbor skepticism regarding automation.
As noted by (Fietta et al., 2022), practitioners often perceive emerging
technologies as challenging their professional roles or lacking the
nuance required for complex clinical decision-making. This “protec-
tionist” stance, combined with potential round-to-round attrition fa-
voring the most committed participants may have skewed the consensus
toward a stronger preference for human referral over automated inter-
vention, potentially underestimating the technical capabilities of cur-
rent state-of-the-art systems.

A second limitation concerns the distinction between the clinical
definition of risk (what to monitor) and the technical capability to detect
it (how to monitor). While this study establishes a theoretical consensus
on risk areas, it does not address the technical implementation. The
reliance on symptom-based distinctions, such as self-harm vs. suicide
attempt, or bullying vs. harassment presents a significant challenge for
NLP architectures. These boundaries, while clinically distinct, can be
linguistically ambiguous in user-generated text. Current NLP systems,
including LLMs, face inherent limitations in this regard; while they excel
at capturing surface-level patterns and statistical regularities in lan-
guage, they lack robust internal representations of deeper psychological
constructs, including latent intent, motivational states, volitional ca-
pacity, and broader contextual factors central to clinical risk assessment
(Bak & Chin, 2024; Bender et al., 2021; Iftikhar et al., 2025). For
instance, distinguishing self-harm from suicidal intention requires
identifying latent intent that often remains unexpressed in the literal
text. Therefore, the practical accuracy of this framework depends
entirely on the sophistication of the underlying NLP architecture and
implementation. Future interdisciplinary research involving computer
science experts is essential to determine whether these fine-grained
clinical distinctions can be effectively operationalized by current
algorithms.

Finally, it is important to distinguish the scope of safety addressed in
this study. Our expert panel provided a robust consensus on clinical
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safety, specifically how to monitor and manage risks originating from
the user, such as suicidal ideation or abuse. However, this focus does not
address “reverse risks”, which are hazards originating from the AI that
can actively worsen a user's mental health. As noted in recent literature
(Krook, 2024), the chatbot itself can become a psychological stressor.
For instance, hallucinations (fabricating information) could reinforce
delusional thinking in vulnerable users, while culturally biased re-
sponses could deepen feelings of alienation or stigma. These are not
merely technical errors but clinical risks where the system's output itself
causes harm.

5.3. Future research

Future research should prioritize replicating this study with a
diverse, international panel to test the cross-cultural validity of the list of
critical areas. Variations in legal frameworks, distress expression, and
societal trust in digital health may necessitate regional adaptations of
the priority hierarchy. Moreover, this framework is intended as a pre-
liminary blueprint rather than an exhaustive classification. The checklist
approach possesses inherent limitations in granularity; therefore, sub-
sequent studies must refine and expand these categories to match the
evolving landscape of mental health needs. In doing so, it should be
recognized that the current framework primarily reflects a clinical
requirement perspective and necessitates further interdisciplinary vali-
dation to ensure technical feasibility.

The logical advancement of this work involves the operationalization
of these consensus guidelines into technical architectures. Researchers
should explore translating this list of critical areas into computational
rules, potentially exploring the use of LLM-based guardrails to auto-
matically enforce the identified safety thresholds. A promising avenue
for empirical validation would be integrating this framework into
established digital interventions, such as the chatbot implementation of
the World Health Organization (WHO) “Self-Help Plus” protocol (Fietta
et al.,, 2024). Once a technical implementation is achieved, empirical
studies must move beyond technical feasibility to evaluate clinical
impact. Key metrics should include the system's accuracy in detecting
“red flags” and the appropriateness of the triggered interventions.
Long-term evaluation should also assess user satisfaction and the po-
tential for these automated systems to reduce dysfunctional access to
emergency resources, thereby lowering healthcare costs. This would
validate the framework's utility not just as a safety mechanism, but as a
functional component of a cost-effective, stepped-care ecosystem.

6. Conclusions

This study established a consensus-based framework for monitoring
critical areas in mental health chatbots, addressing the urgent need for
safety guidelines in this rapidly evolving technological field. The pri-
ority ranking and selected risk areas identified in this work can serve as a
foundational framework for developing chatbot systems capable of
recognizing and addressing key psychological risks without losing focus
on the patient's well-being. While further investigation is needed, this
study underscores the importance of chatbots in supporting specific
mental health conditions without excluding experts' involvement in
their design and evaluation process. Such engagement represents a
crucial step toward positioning technology not as a threat, but rather as
a valuable resource within a stepped-care approach to address the un-
equal global distribution of mental health resources.
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