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Abstract

The global mental health system faces a crisis with a shortage of professional resources. One consequence of this
gap is the emergence of Large Language Models (LLMs) as a potential alternative for accessible psychological
support which is largely driven by the models’ perceived emotional intelligence. While studies show LLMs
can surpass human benchmarks in generating empathetic responses, with GPT-4 receiving 31% higher ratings,
their success is often limited to linguistic style. In a clinical context, empathy is a strategic tool for setting
boundaries and managing crises; therefore, our paper argues that prioritizing maximum empathy in LLM design
risks producing a persuasive yet shallow simulation of care. We highlight how the tendency of models to agree
with users can validate harmful delusions and how a polite tone may cause a failure to detect crisis language.
Furthermore, we address systemic biases that result in lower empathy scores for Black and LGBTQ2S++ users.
We conclude that although LLM adoption is increasingly common due to their accessibility, current designs lack
the clinical grounding required for safe intervention.
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1. Introduction

The global mental health system faces a shortage of trained professionals as the demand for psychological
support continues to increase. As of 2019, an estimated 970 million individuals lived with a mental
disorder, yet the deficit in trained practitioners remains a primary barrier to care [1]. In this context,
LLM-based systems have been positioned as scalable alternatives or supplements to human support.
For many users, these models serve as a “five-minute therapist,” offering affordability, accessibility,
and anonymity that traditional systems might not provide [2, 3, 4, 5]. Mobile apps, in particular, have
incorporated LLMs to fulfill various purposes in mental health care, including roles as therapeutic tools,
personal coaches, and mindfulness guides designed to support user well-being [6, 7, 8, 4, 9].

Previous research illustrates that LLMs have the potential to outperform humans in linguistic em-
pathy tasks [10, 11, 12], but the ability to simulate an empathetic tone does not necessarily translate
to therapeutic efficacy [13]. Although therapeutic empathy is a strategic approach for facilitating
behavioral change and crisis de-escalation, LLMs are mainly designed to be agreeable and user-friendly
[14, 15]. This results in algorithmic over-compliance, where the algorithm automatically validates the
user’s beliefs, even if they are maladaptive or delusional, to simulate empathy [14].

Concerns about safety are further complicated by inequities in model performance. LLMs have
been shown to generate empathy scores that are 2-13% lower for Black users compared to other
groups [3]. LGBTQ2S++ users, who often turn to digital tools due to stigma or limited access to care,
report that models frequently miss culturally specific stressors and contextual nuances [16]. Technical
solutions such as fine-tuning are commonly proposed, yet they may not sufficiently address deeper
representational biases embedded in training data [16, 17].

Currently, most studies are centered on the technical viability or short-term user satisfaction of
LLM-driven tools, without considering the underlying structural dangers of empathetic imitation. Our
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position paper aims to fill this gap by analyzing the dangers of maximal empathy in Artificial Intelligence
(AI) development. The politeness bias may hide red flag communications and symptoms of a crisis,
leading to a failure of clinical escalation. We will examine how the current design of LLMs lacks the
human stakes and clinical foundations necessary for the safe treatment of mental health challenges
[18, 15].

2. The Risk of Constant Agreement

The reason for the strong performance of LLMs on empathy tasks is, in many cases, their capacity to
replicate language patterns rather than a real understanding of human emotions. Although models
such as GPT-4 demonstrate a substantial improvement in empathetic responses compared to human
performance [10], this achievement is limited to cognitive empathy, which is the capacity to recognize
and label emotions, as opposed to affective empathy, which is necessary for a real therapeutic relationship
[11].

Since these algorithms are trained using reinforcement learning from human feedback to be useful
and polite, they tend to focus more on user agreement than on medical facts [14]. In the field of
professional therapy, empathy is more than just being “nice”. While the term is often operationally
defined in social Al as being positive and trustworthy, clinical empathy is a strategic approach used to
confront a patient’s distorted thinking and help them change their behavior [13, 19].

When an Al is too consistent in its agreement with a user, it leads to collusion that can be dangerous.
For instance, if a user holds a maladaptive or delusional belief, a collusive model might agree with the
statement in order to uphold its supportive character [14, 20]. In the absence of a licensed professional,
who is accountable for the well-being of the patient, the AI's empathy is a superficial imitation that
prefers conversational agreement over actual safety.

3. The Safety Blind Spot

When designers prioritize a kind and agreeable tone, they inadvertently create a “safety blind spot.”
Because LLMs are trained to be helpful and non-confrontational, they develop a politeness bias that can
be life-threatening in a crisis. An example is the NEDA/Tessa chatbot incident !, where a chatbot meant
to help people with eating disorders began providing harmful weight-loss tips. Tessa was originally
a rule-based program, but after generative Al features were introduced, the bot bypassed its clinical
safety rules and endorsed dangerous behaviors in an apparent attempt to remain supportive of the
user’s stated goals.

Beyond these conversational failures, there is a deeper technical risk called persona drift [21]. Research
shows that a model’s persona can drift over the course of a conversation, gradually departing from
its intended character without warning. For example, a model could shift from a supportive clinical
tone toward boundary-violating behaviors as a dialogue extends [21, 22]. This unpredictability means
that a bot’s empathy is not a stable feature; it is a temporary mask. In a high-stakes mental health
scenario, this instability poses a catastrophic risk, as a bot might fail to trigger an emergency referral.
Without a foundation in established clinical rules, the attempt to be nice replaces the obligation to be
safe [18, 3, 15].

4. Designing for Therapeutic Safety

To address these risks, the Human Computer Interaction (HCI) community should shift its focus from
maximizing perceived empathy to ensuring therapeutic alignment. A possible component of this shift
is the implementation of Retrieval-Augmented Generation (RAG). By grounding LLM responses in
validated clinical manuals, such as the DSM-5 [23], ICD-11 [24], or established Cognitive Behavioral
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Therapy (CBT) protocols, designers can prevent the therapeutic hallucinations that occur when a model
prioritizes agreeableness over evidence-based practice [18].

Furthermore, we propose the adoption of human-in-the-loop strategies for high-stakes interactions
[25, 26]. In these systems, Al is used strictly for low-intensity support (e.g., psychoeducation) while
maintaining a pathway to a human clinician if risk is detected. By utilizing evaluative frameworks
like READI (Readiness Evaluation for AI-Mental Health Deployment) [27], researchers can ensure that
safety and accountability are the primary metrics for success. Although our focus is on clinical safety,
these issues can be considered in other areas, such as education or human-robot interaction. In these
areas, empathy can be leveraged as a means to engage users, possibly concealing issues of a similar
nature in terms of pedagogical or assistive accuracy.

Designers should consider that a therapeutic relationship is often built not through constant validation,
but through the balanced application of empathy to challenge and validate a patient [14]. Moreover,
it is important to address the systemic issues of bias in the deployment of empathy to marginalized
communities [3, 16]. Instead of focusing on technical improvements such as fine-tuning, which may
be constrained by the data used, we propose a socio-technical approach that takes into account the
cultural and social context of the user [16, 17].

Additionally, the move towards therapeutic alignment also requires a re-evaluation of user consent.
Traditional static consent models are insufficient for the dynamic nature of LLM interactions. We
propose the concept of contextual consent, where the boundaries of data use are renegotiated as
the therapeutic depth of the conversation changes [28, 29, 30]. Implementing contextual consent
ensures that users remain aware of how their sensitive disclosures are processed and stored after
the initial agreement, preventing the privacy risks associated with misplaced trust in a simulated
empathetic persona [15]. The following table outlines the proposed transition from empathy-centric to
safety-centric design principles:

Table 1
Transitioning from Empathy-Centric to Safety-Centric Design Principles
Design Aspect Current Approach Proposed Direction
Core Objective User Comfort & Retention  Clinical Integrity & Safety
Interaction Style Constant Agreement Constructive Confrontation
Risk Management Keyword Filters Evidence-Based Grounding (RAG)
Human Oversight  Fully Automated Support ~ Human-in-the-Loop
Consent Model Static Initial Agreement Contextual Consent
Evaluation Metric  User-Rated Empathy Accuracy of Clinical Referrals

Future studies could investigate the idea of empathy-neutral or clinical-first interfaces. These
interfaces would focus on crisis identification and safety before the need to simulate human compassion,
ensuring that the technology serves as an aid and not a danger to replace human professionals [14]. By
setting up proper safety guidelines and basing Al on clinical principles, the HCI community can create
technology that helps mental health literacy without endangering the well-being of users [3, 31].

5. Conclusion

Our position paper has explored the paradox of synthetic empathy in digital mental health. Although
LLMs have shown an ability to outperform humans in linguistic empathy tasks, this achievement
is frequently the result of computational politeness rather than genuine therapeutic insight. We
conclude that current LLMs lack the human accountability required for high-stakes therapy. For the
HCI community, this suggests a need to re-evaluate the goal of maximizing perceived empathy in
high-stakes contexts. Instead, we propose a design ethos centered on therapeutic alignment that
values clinical safety over the simulation of compassion. We invite the community to consider: if
empathy becomes a material property of infrastructure rather than a human quality, what new forms



of accountability and governance must emerge alongside it?
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