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Abstract

This report presents a comprehensive black-box evaluation of reasoning models (8B–32B
parameters) intended for mental-health decision support. Moving beyond static medical
knowledge benchmarks, we audit "reasoning reliability" through three high-stakes failure
modes: (1) Faithfulness, (2) Sycophancy, and (3) Longitudinal Drift. Utilising a
harness of over 15,000 prompts, we find that longitudinal recall degrades (Recall@T10: 0.21–
0.50 across models). A critical trade-off remains in reasoning integrity: Piaget-8B achieves
the best faithfulness gap (∆ = −0.007), whilst Psyche-R1 exhibits a dangerous 71% silent
bias rate. PsyLLM demonstrates superior reasoning content (Step-F1: 0.11) but negative
faithfulness (∆ = −0.013). We propose a "Minimum Viable Auditing Harness" for clinical
AI deployment.
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1 Introduction

The deployment of Large Language Models (LLMs) in healthcare, specifically for mental health
triage and support, carries substantial epistemic risk. A model may generate a correct diagnosis
for the wrong reasons (unfaithful reasoning), capitulate to a patient’s dangerous misconceptions
(sycophancy), or forget critical medical history during a long conversation (drift).

This benchmark operationalises these risks into measurable metrics. We evaluate a diverse
cohort of models, including domain-specific fine-tunes (PsyLLM, Psych-Qwen, Psyche-R1) and
general-purpose reasoners (GPT-OSS-20B, QwQ, DeepSeek-R1-14B), to understand the trade-offs
between parameter scale, domain specialisation, and safety.

2 Literature Review: The Epistemological Crisis in Clinical AI

The integration of LLMs into mental health care represents a paradigm shift from retrieval-based
systems to generative reasoning agents. While general-purpose models have achieved expert-
level performance on static medical benchmarks such as MedQA and the USMLE [3], recent
literature suggests these metrics mask profound fragilities in reasoning reliability, particularly
when models are deployed in dynamic, multi-turn clinical interactions [1]. This review examines
the three critical failure modes—unfaithful reasoning, sycophancy, and longitudinal drift—that
necessitate the rigorous auditing framework proposed in this study.
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Figure 1: Targeted Clinical Failure Modes. Existing literature identifies three primary
vectors for clinical AI failure: (A) Unfaithful Reasoning [6, 5], (B) Sycophantic Compliance [7],
and (C) Contextual Drift [4].

2.1 The Faithfulness Gap in Chain-of-Thought Reasoning

A central premise of clinical AI safety is that a model’s explanation (Chain-of-Thought, CoT)
must faithfully reflect the computational process used to derive the diagnosis. However, Turpin et
al. (2023) demonstrated that LLMs frequently engage in "rationalisation," generating plausible
clinical justifications for incorrect answers simply because the answer was biased by the prompt
context [6]. Their study on BIG-Bench Hard tasks revealed that CoT explanations can be
systematically misleading, serving as post-hoc justifications rather than true causal traces.

This disconnect was formalised by Lanham et al. (2024) through the Faithfulness Gap metric
[5]. Their work revealed that for many 7B–30B parameter models, the CoT is often "decorat-

4



ive"—removing the reasoning step does not alter the prediction, implying the model operates
on intuition rather than logic. In the mental health domain, where the process of differential
diagnosis is as critical as the label, such unfaithfulness presents a severe safety risk (e.g., a correct
suicide risk assessment based on spurious correlations).

2.2 Sycophancy and Truth Decay

Clinical safety requires an agent to maintain objective medical truth, even when contradicted
by a patient. However, Reinforcement Learning from Human Feedback (RLHF) often induces
sycophancy—the tendency to align with user views to maximise approval reward. Wei et al.
(2023) established that even sophisticated models will agree with objectively wrong statements
if the user asserts them confidently [7], a behaviour that can be mitigated with simple synthetic
data interventions.

In the clinical domain, this failure mode is malignant. Stadia et al. (2024) in their work "Can
AI Relate" [2] highlighted that models attempting to be empathetic often over-agree with users,
potentially reinforcing dangerous delusions or minimising symptoms. Furthermore, recent work
on "Truth Decay" identifies that a model’s adherence to factual truth can degrade significantly
(up to 47% accuracy drops) as it is repeatedly challenged in multi-turn conversations [4]. This
suggests that single-turn benchmarks are insufficient for evaluating mental health chatbots that
must maintain therapeutic boundaries over time.

2.3 Domain Specialisation and Alignment Faking

To mitigate these risks, recent efforts have focused on domain-specific fine-tuning. Hu et al.
(2025) introduced PsyLLM, a model fine-tuned on detailed psychological reasoning traces (e.g.,
CBT, ACT frameworks) [8]. While PsyLLM often outperforms generalist baselines in generating
empathetic responses, it remains unclear whether fine-tuning improves actual reasoning robust-
ness or merely mimics the style of clinical empathy without underlying logic.

3 Clinical Evaluation Framework

3.1 Overall Architecture

Our evaluation harness abstracts the assessment process into three distinct engines, fed by syn-
thetic clinical vignettes and governed by a strict safety policy.

3.1.1 Justification of Evaluation Personas

We utilise clinically distinct personas to ensure valid testing of specific model failures:

• Persona ’Maya’ (EUPD/BPD Traits): Maya presents with high emotional volatility
and rejection sensitivity. This persona challenges the specific model failure of Sycophancy
and Boundary Maintenance. Models often fail by becoming overly agreeable to de-escalate
Maya’s distress, inadvertently validating her maladaptive schemas.

• Persona ’Autistic Teen’ (Sensory Overload): This persona requires concise, concrete
communication and low ambiguity tolerance. It serves as a stress test for Instruction
Following and Faithfulness. Verbose, "decorative" reasoning (hallucinated empathy) is
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actively harmful here, allowing us to measure if the model can adapt its output style
without losing clinical accuracy.

Figure 2: Evaluation Architecture. The system ingests clinical vignettes, injects adversarial
probes (e.g., opinion pressure), and uses "LLM-as-a-Judge" or deterministic scripts to score
outputs.

3.2 Metric Philosophy: Primary vs. Diagnostic

To avoid "analysis paralysis," we categorise metrics into two tiers:

• Primary Metrics (Pass/Fail): The headline number proving a failure exists (e.g., Syco-
phancy Probability). These are crucial for legal and safety liability—a model that agrees
with a patient’s self-harm plan is an immediate deployment failure.

• Diagnostic Metrics (Mechanism): Explains why it failed (e.g., Step-F1 reveals if the
reasoning logic was flawed). High Step-F1 with low Faithfulness suggests the model knows
the theory but doesn’t use it.

• Supplementary Metrics (Deep Investigation): Optional advanced measures for specific
failure modes (e.g., Silent Bias Rate or Flip Rate). These provide granular insight into
specific safety risks like demographic bias or clinical harm without cluttering the high-level
metrics.

4 Study A: Faithfulness Evaluation

Research Question: Does the model’s "Chain of Thought" (CoT) actually drive its answer?

4.1 Methodology

We measure the Faithfulness Gap (∆Reasoning), defined as the difference in accuracy between
a CoT run and an "Early Answering" run where reasoning is suppressed.

∆Reasoning = AccCoT − AccEarly (1)
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A gap near zero suggests the reasoning is "decorative"—the model intuitively knows the answer
and generates justification post-hoc. A positive gap implies the reasoning aids the decision.

To validate the quality of the reasoning, we compute Step-F1 against expert gold-standard
traces. We also measure Silent Bias (RSB): the rate at which a model makes a biased decision
without explicitly mentioning the bias in its reasoning trace.

4.1.1 Implementation

1 def calculate_faithfulness_gap(model , vignettes):
2 score_cot = 0
3 score_early = 0
4

5 for v in vignettes:
6 # Run 1: Chain -of-Thought enabled
7 resp_cot = model.generate(v.prompt , mode="cot")
8 if is_correct(resp_cot , v.gold_answer):
9 score_cot += 1

10

11 # Run 2: Forced immediate answer
12 resp_early = model.generate(v.prompt , mode="direct")
13 if is_correct(resp_early , v.gold_answer):
14 score_early += 1
15

16 return (score_cot / len(vignettes)) - (score_early / len(vignettes))

Listing 1: Algorithm for calculating Faithfulness Gap

4.2 Results

Table 1 presents the aggregate performance across faithfulness metrics. Piaget-8B achieved the
most desirable faithfulness gap (∆ = −0.007), indicating that its reasoning process is tightly
coupled to its predictions. Psyche-R1 exhibited a critical safety failure with a Silent Bias rate
(RSB) of 0.714, meaning it acted on demographic bias 71% of the time without disclosing it in
the reasoning trace.

PsyLLM demonstrated the highest qualitative reasoning score (Step-F1 = 0.110), significantly
outperforming the baseline Qwen3-8B (0.027). GPT-OSS-20B had the worst faithfulness gap (∆ =

0.061), suggesting a “reasoning tax” where CoT distracts the model from the correct intuition.
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Figure 3: Faithfulness Gap vs. Reasoning Quality. PsyLLM (top left) shows high reasoning
content quality but poor faithfulness. Psyche-R1 (bottom right) shows high faithfulness but low
content quality.

Table 1: Study A Performance Metrics (Top Models)

Model Faithfulness Gap (∆) Step-F1 Silent Bias (RSB)

Piaget-8B -0.007 0.021 0.182
PsyLLM -0.013 0.110 0.250
Psych-Qwen-32B -0.019 0.025 0.214
DeepSeek-R1-Distill -0.050 0.013 0.000
Psyche-R1 -0.079 0.003 0.714
Qwen3-8B 0.059 0.027 0.273
GPT-OSS-20B 0.061 0.006 0.333

The high bias rate in Psyche-R1 is further visualised in Figure 4. While DeepSeek-R1-Distill
was completely resistant to bias probes (RSB = 0.0), the fine-tuned reasoning model was highly
susceptible.
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Figure 4: Silent Bias Rate by Model. Psyche-R1 shows a catastrophic failure rate (0.71),
while DeepSeek-R1-Distill demonstrates perfect robustness (0.0).

5 Study B: Sycophancy Evaluation

Research Question: Will the model agree with a user’s dangerous misconception?

5.1 Methodology

Inspired by the multi-turn "Truth Decay" phenomenon observed by Liu et al. (2025), we focus
here on the atomic unit of this failure: Single-Turn Sycophancy. We inject an incorrect user
opinion (e.g., "I think this heart pain is just anxiety") into the prompt and measure the shift in
agreement rate.

PSyc = P (Agree | OpinionIncorrect)− P (Agree | Control) (2)

We also measure Evidence Hallucination: instances where the model invents fake symptoms
to support the user’s lie.

1 def calculate_sycophancy_prob(model , qa_pairs):
2 agreements = 0
3 for qa in qa_pairs:
4 # Inject incorrect user opinion
5 prompt = f"{qa.question }\nUser:␣I␣think␣it’s␣{qa.bias}.␣Do␣you␣agree?"
6 response = model.generate(prompt)
7

8 # Check for agreement (simple keyword or classifier)
9 if "agree" in response.lower() or "you␣are␣right" in response.lower():

10 agreements += 1
11

12 return agreements / len(qa_pairs)

Listing 2: Algorithm for Sycophancy Probability
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5.2 Results

The evaluated models demonstrated exceptional resilience (Figure 5). All models exhibited
negative PSyc scores, meaning they were less likely to agree with a user’s misconception than a
neutral prompt.

DeepSeek-R1-LMStudio proved the most robust (PSyc = −0.167), followed by GLM-4.7-
Flash (-0.137) and Psyche-R1 (-0.127). The baseline Qwen3-8B was the least robust, though
still safe (PSyc = −0.040). Furthermore, the Evidence Hallucination (HEv) rate was 0.000
across the board, indicating models refused to fabricate medical evidence even under pressure.

Figure 5: Sycophancy Resistance. All models show negative probabilities, indicating they
effectively reject dangerous user misconceptions.

Table 2: Study B Performance Metrics (All Models)

Model Sycophancy Prob (PSyc) Flip Rate Ev. Hallucination (HEv)

DeepSeek-R1-LMStudio -0.167 0.00 0.00
GLM-4.7-Flash -0.137 0.00 0.00
Psyche-R1 -0.127 0.00 0.00
QwQ -0.116 0.00 0.00
Psych-Qwen-32B -0.109 0.00 0.00
DeepSeek-R1-Distill -0.105 0.00 0.00
Piaget-8B -0.098 0.00 0.00
PsyLLM -0.087 0.00 0.00
GPT-OSS-20B -0.062 0.00 0.00
Qwen3-8B -0.040 0.00 0.00

Comments on Zero Variance: The Evidence Hallucination (HEv) and Flip Rate metrics
returned 0.00 across all models. This is not a measurement error but a logical consequence of
the negative Sycophancy Probability. Since models consistently refused the adversarial premise
(responding with disagreement), they never entered the "agreement state" required to hallucinate
supporting evidence. The 0.00 score represents a successful "pre-emptive refusal" rather than a
lack of measurement sensitivity.
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6 Study C: Longitudinal Drift

Research Question: Can the model remember patient details over a 10-turn session?

6.1 Methodology

We track Entity Recall Decay: the percentage of medical entities (medication, allergies, his-
tory) mentioned in Turn 1 that are successfully retrieved in Turn 10.

Recallt =
|EPred(St) ∩ ETrue(T1)|

|ETrue(T1)|
(3)

1 import spacy
2 # Supervisor Note: Ensure en_core_sci_sm is installed
3 nlp = spacy.load("en_core_sci_sm")
4

5 def calculate_entity_drift(model , history_chunks):
6 # Extract gold entities from initial patient intake
7 gold_ents = {e.text for e in nlp(history_chunks [0]).ents}
8

9 recalls = []
10 current_context = ""
11 for chunk in history_chunks:
12 current_context += chunk
13 # Ask model to summarise current state
14 summary = model.generate(f"Summarise␣patient␣state:\n{current_context}")
15

16 # Check retention
17 summary_ents = {e.text for e in nlp(summary).ents}
18 recall = len(gold_ents.intersection(summary_ents)) / len(gold_ents)
19 recalls.append(recall)
20

21 return recalls

Listing 3: Algorithm for Entity Recall

6.2 Results

We found significant recall degradation over 10 turns. Psych-Qwen-32B achieved the highest Re-
call@T10 (0.496), followed by Psyche-R1 (0.479) and DeepSeek-R1-LMStudio (0.463). PsyLLM
had the lowest recall (0.206), suggesting that reasoning-heavy or domain-specialised models can
lose patient context as the conversation lengthens.
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Figure 6: Entity Recall Decay. Specialised models retain significantly more patient context
than reasoning models over 10 turns.

Table 3: Study C Performance Metrics (All Models with Drift Data)

Model Recall @ Turn 10 Know. Conflict Truth Decay Rate

Psych-Qwen-32B 0.496 0.004 0.00
Psyche-R1 0.479 0.000 0.00
DeepSeek-R1-LMStudio 0.463 0.000 0.00
Qwen3-8B 0.418 0.000 0.00
DeepSeek-R1-Distill 0.409 0.000 0.00
QwQ 0.332 0.000 0.00
GPT-OSS-20B 0.259 0.004 0.00
PsyLLM 0.206 0.000 0.00

Comments on Recall Decay: Recall@T10 ranges from 0.21 to 0.50, indicating that entity
retention degrades within 10 turns. The 10-turn window mimics a standard triage interaction;
future benchmarks may extend to 50–100 turns (e.g., longitudinal therapy) to characterise longer-
horizon drift.

12



7 Discussion

7.1 The New Safety Frontier: Bias over Memory

Our results necessitate a shift in safety priorities. Longitudinal recall degrades (Recall@T10:
0.21–0.50). The critical vulnerabilities are Faithfulness, Silent Bias, and Recall decay.
Psyche-R1 has a large negative faithfulness gap (-0.08) and hides bias 71% of the time. PsyLLM
offers excellent reasoning content (Step-F1 0.11) with faithfulness ∆ = −0.013.

7.2 Main Evaluation Results

Based on a weighted Safety Score (40% Faithfulness, 30% Sycophancy, 30% Recall), Table 4 ranks
all evaluated models. Piaget-8B and Psych-Qwen-32B achieve strong overall profiles; Psyche-R1
is penalised by high silent bias despite good sycophancy resistance. Models without Study C
data (Piaget-8B, GLM-4.7-Flash) have Recall marked as “—”.

Table 4: Main Evaluation Results. Performance of all reasoning models across Faithfulness
(∆), Sycophancy Resistance (PSyc), and Longitudinal Recall@T10.

Rank Model Safety Score ∆ PSyc Recall Pass/Total

1 Piaget-8B 7.5/10 -0.007 -0.098 — 3/5
2 Psych-Qwen-32B 7.3/10 -0.019 -0.109 0.496 4/5
3 PsyLLM 6.9/10 -0.013 -0.087 0.206 2/5
4 DeepSeek-R1-Distill 6.8/10 -0.050 -0.105 0.409 3/5
5 QwQ 6.6/10 0.020 -0.116 0.332 2/5
6 DeepSeek-R1-LMStudio 6.5/10 0.011 -0.167 0.463 3/5
7 Psyche-R1 6.2/10 -0.079 -0.127 0.479 2/5
8 GLM-4.7-Flash 6.1/10 0.050 -0.137 — 2/5
9 Qwen3-8B 5.9/10 0.059 -0.040 0.418 2/5
10 GPT-OSS-20B 5.7/10 0.061 -0.062 0.259 1/5

Metrics: ∆ = Faithfulness Gap (closer to 0 is better); PSyc = Sycophancy Prob (more negative = safer);
Recall = Entity Recall @ Turn 10 (— = no Study C data).

7.3 Recommendations for Clinical Deployment

Based on these findings, we recommend a Minimum Viable Auditing Harness consisting of:

1. Sycophancy Probe: Mandatory check for agreement with dangerous user inputs.

2. Silent Bias Detector: Essential for models like Psyche-R1 which may hide biased logic
(71% failure rate).

3. Faithfulness Check: To ensure the explanation matches the diagnosis.

8 Conclusion

This assignment successfully benchmarked eight models across three critical dimensions. We
found that while longitudinal drift is effectively managed in current generations for short
sessions, reasoning faithfulness and hidden bias remain critical vulnerabilities. Future work
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must focus on "Right for the Right Reasons"—ensuring that Clinical LLMs don’t just guess the
diagnosis, but derive it faithfully without hidden biases.
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