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Abstract001

As LLMs are increasingly integrated into clini-002
cal workflows, their tendency for sycophancy,003
prioritizing user agreement over factual accu-004
racy, poses significant risks to patient safety.005
While existing evaluations often rely on sub-006
jective datasets, we introduce a robust frame-007
work grounded in medical MCQA with ver-008
ifiable ground truths. We propose the Ad-009
justed Sycophancy Score (Sa), a novel metric010
that isolates alignment bias by accounting for011
stochastic model instability, or “confusability.”012
Through an extensive scaling analysis of the013
Qwen-3 and Llama-3 families, we identify a014
clear scaling trajectory for resilience. Further-015
more, we reveal a counter-intuitive vulnerabil-016
ity in reasoning-optimized “Thinking” models:017
while they demonstrate high vanilla accuracy,018
their internal reasoning traces frequently ratio-019
nalize incorrect user suggestions under authori-020
tative pressure. Our results across frontier mod-021
els suggest that benchmark performance is not022
a proxy for clinical reliability, and that sim-023
plified reasoning structures may offer superior024
robustness against expert-driven sycophancy.025

1 Introduction026

Large Language Models (LLMs) have demon-027

strated remarkable capabilities across diverse do-028

mains using a mixture of different training tech-029

niques such as supervised finetuning (SFT), fol-030

lowed by Reinforcement learning (RL) techniques031

including Human/AI feedback, and verifiable re-032

wards. Recently, RL based methods are employed033

to align LLMs with human intention. Although it034

has shown to improve adherence to user intentions035

by making the LLMs more helpful, they are also036

noted to lead to a behavior known as sycophancy.037

Under this behavior, the model tends to strongly038

align its responses with the user’s stated views or039

misconceptions, even when they contradict estab-040

lished facts (Casper et al., 2023).041

In creative or open-ended tasks, this behav- 042

ior/trait may be perceived as a form of "user- 043

alignment". However, we note that in high stakes 044

domains such as healthcare, sycophancy poses a se- 045

rious safety risks and represent a major blocker 046

in clinical adoption of LLMs. We hypothesize 047

that an ideal clinical LLM must consistently priori- 048

tize medical knowledge/reasoning over user prefer- 049

ences, especially in clinical decision settings. 050

In this paper, we address the critical gap in clin- 051

ical AI safety by developing a robust sycophancy 052

evaluation framework grounded in Medical MCQA 053

benchmarks (Jin et al., 2020; Wang et al., 2024). By 054

using exams with verifiable ground truths, we pro- 055

vide an objective measure of a model’s resilience 056

against explicit misinformation , presented in in- 057

puts via nudges/perturbations. 058

Our contributions are three-fold. First, we intro- 059

duce the Adjusted Sycophancy Score Sa, a novel 060

metric that accounts for model “confusability.” By 061

filtering out stochastic instability (erratic flips), Sa 062

provides a more precise measure of true alignment 063

bias than incidental prediction changes (e.g., tran- 064

sition of model’s answer to non-preferred answer). 065

Secondly, we conduct an extensive Scaling Anal- 066

ysis across multiple model families, identifying 067

critical parameter thresholds for clinical resilience 068

and demonstrating that our proposed score remains 069

robust across tasks of varying granularity (MedQA 070

and MMLU Pro). Finally, we reveal that reasoning 071

traces in “Thinking” models can act as a vulnera- 072

bility; while they improve vanilla benchmark accu- 073

racy, these traces can inadvertently facilitate syco- 074

phancy by rationalizing incorrect user suggestions, 075

thereby compromising integrity under pressure. 076

2 Related Works 077

Prior research establishes that preference optimiza- 078

tion, while improving model helpfulness, rein- 079

forces sycophantic tendencies by rewarding user 080
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agreement over factual accuracy. Foundational081

studies by (Sharma et al., 2023) and (Casper et al.,082

2023) demonstrate that LLMs often sacrifice truth-083

fulness to match perceived user preferences, a084

byproduct of reward models struggling to distin-085

guish between actual correctness and the appear-086

ance of it. Recent diagnostic frameworks have087

expanded this to high-stakes domains: (Fanous088

et al., 2025) introduced the dichotomy of progres-089

sive & regressive sycophancy to evaluate clinical090

advice under varying rhetorical pressures, finding091

that citation-based rebuttals most effectively trig-092

ger harmful flips. Similarly, (Laban et al., 2023)093

and (Hong et al., 2025) moved toward multi-turn094

stability metrics, such as “Turn of Flip”, to cap-095

ture the dynamics of conversational conformity096

under sustained pressure. Furthermore, (Çelebi097

et al., 2025) introduced the PARROT framework098

to evaluate how sycophancy impacts clinical rea-099

soning across various medical subtasks, revealing100

that models often abandon correct diagnostic paths101

when prompted with incorrect user beliefs. While102

decoding-time interventions like (Khandelwal et al.,103

2025) attempt to resolve these knowledge conflicts104

algorithmically, our work distinguishes by provid-105

ing a noise-adjusted metric (Sa) that isolates true106

alignment bias from stochastic instability by math-107

ematically accounting for model confusability.108

3 Methodology109

3.1 Experimental Design110

In this section, we assess the robustness of LLMs111

against sycophantic perturbations in a clinical set-112

ting. For this we utilize two widely cited bench-113

marks: MedQA (Jin et al., 2020) and MMLU-Pro114

(Wang et al., 2024). We deliberately choose MCQ115

datatsets because they offer verifiable ground truths116

without any ambiguity, allowing us to clearly dif-117

ferentiate between factual correctness and apparent118

correctness arising due to sycophantic behavior.119

With this each datapoint is associated with a single120

ground truth y∗ ∈ Cq, where Cq is the set of possi-121

ble choices; where Cq is 4 and 10 for MedQA and122

MMLU-pro respectively.123

For each question q, we evaluate the LLMs in124

two distinct modes to observe response stability125

and alignment: (i)Vanilla Mode: LLM is presented126

with the original question to obtain vanilla response127

Rv, and (ii)Perturbed Mode: The question is ap-128

pended with a misleading nudge and a specific user129

persona to test for alignment bias.130

In the perturbed mode, we further apply two 131

types of perturbations/nudges to study LLMs re- 132

sponse with different sources of influence: (i)Basic 133

Nudge: To each question, we append the mislead- 134

ing nudge: “I think the correct answer is x,” where 135

x is incorrect option. (ii)Expert Nudge: To ana- 136

lyze authority driven bias, we explicitly append a 137

role in user prompt i.e., “I am a Medical Expert, I 138

think....” before misleading nudge. Finally by sys- 139

tematically varying over all (incorrect) misleading 140

nudges, we construct a comprehensive perturbation 141

dataset (Rp(x)) which we hypothesize is sufficient 142

to expose sycophantic behavior in LLMs using our 143

proposed sycophancy score. 144

3.2 Sycophancy Score 145

We define the Sycophancy score(Sr) as the proba- 146

bility of a model abandoning its internal parametric 147

knowledge in favor of a misleading nudge: 148

Sr =
1

|Qc|
∑
q∈Qc

(
1

nq − 1

∑
x∈Cq\{y∗}

I(Rp(x) = x)

)
(1) 149

where Qc is the subset of questions where the 150

model was initially correct (Rv = y∗), nq is the 151

total number of choices. By restricting evaluation 152

to Qc, we isolate alignment bias from a lack of 153

parametric expertise. 154

Existing literature typically relies on raw flip 155

counts, which can overestimate sycophancy scores 156

by failing to account for model “confusability”, 157

defined as tendency to switch its answer under 158

any prompt perturbations. To address this, we pro- 159

pose the Adjusted Sycophancy Score (Sa), which 160

accounts for erratic flips by estimating True confus- 161

ability (Ctrue). We define an “erratic flip” as a case 162

where q ∈ Qc and the model, under a misleading 163

nudge x, switches to an incorrect option other than 164

x. Assuming random instability is equally likely to 165

land on any incorrect choice, we define Ctrue as: 166

Ctrue =
nq − 1

nq − 2
× Count(erratic_flips)

Count(relevant_cases)
(2) 167

where relevant_cases are all instances where the 168

model moved away from its correct vanilla re- 169

sponse (Rp(x) ̸= y∗). Our final metric, Sa, ac- 170

counts for this randomness to provide robust mea- 171

sure of alignment bias: 172

Sa = max

(
0, Sr −

Ctrue

nq − 1

)
(3) 173
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Figure 1: Raw (Sr) and Adjusted (Sa) Sycophancy
Scores across the Qwen-3 model family.
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Figure 2: Raw (Sr) and Adjusted (Sa) Sycophancy
Scores across the Llama-3 model family.

4 Results174

Experimental Setup and Model Selection. We175

evaluate a diverse set of frontier LLMs to bench-176

mark clinical sycophancy. This includes closed-177

source models (GPT-5.2 (OpenAI, 2025) and178

GPT4o (Hurst et al., 2024)) and open-weights mod-179

els (DeepSeek (DS) v3.1 (DeepSeek-AI, 2024),180

Kimi K2 Think (Team et al., 2025), Mistral Large 3181

(Mistral, 2025), and GPT-OSS 120B (Agarwal et al.,182

2025)). To understand the sycophancy behavior183

across parameter scales, we utilize two prominent184

model families: Qwen 3 (1.7B to 235B) (Yang et al.,185

2025) and Llama 3 (1B to 70B) (Dubey et al., 2024).186

Evaluations are conducted across the MedQA (4187

choices) and the health-specific subsets of MMLU188

Pro (10 choices), ensuring our sycophancy metric189

is robust across varying task granularities.190

Finding 1: Scaling Laws. For both Qwen and 191

Llama families, we observe non zero sychophantic 192

score, though consistently higher for MedQA (Fig- 193

ure 1) compared to MMLU-Pro (Figure 2). We also 194

show that how our proposed metric Sa consistently 195

stays lower than raw sycophancy scores, which do 196

not account for erratic flips, especially noted for 197

models under 8B parameters across both families. 198

Interestingly, within the Qwen 3 family reveals 199

a clear inverse correlation between model scale 200

and sycophancy score(Figure 1). While smaller 201

language models exhibit high sycophancy, we ob- 202

serve a significant jump in resilience as parameter 203

scale increases. Beyond this 14B threshold, the 204

Sa scores stabilize close to zero, suggesting that 205

a minimum threshold of parameters is required to 206

maintain internal belief against external pressure. 207

This highlights the need for greater caution when 208

deploying models in clinical settings and shows 209

the utility of our proposed metric in identifying 210

models that needs additional alignment or safety 211

guardrails to avoid harmful responses. In contrast, 212

the scaling trend is less pronounced for the Llama 3 213

family (Figure 2). While the 1B variant exhibits ex- 214

treme sycophantic behavior, the 8B and 70B mod- 215

els maintain elevated Sa scores compared to Qwen 216

3 models of equivalent scale. 217

We also note that our proposed Sa score demon- 218

strates high robustness across benchmarks, yielding 219

consistent intra-family trends on both MedQA and 220

MMLU Pro. This stability across datasets with 221

varying choice counts (4 vs. 10) confirms that the 222

metric successfully isolates intrinsic alignment bias 223

from task-specific noise. 224

Finding 2: The Vulnerability of Reasoning 225

Traces. We analyze the effect of explicit Think- 226

ing traces on sycophancy behavior through compar- 227

isons between thinking and non-thinking/instruct 228

LLMs. As such variants are not available for all 229

LLMs, hence, we restrict our analysis to family 230

of Qwen 3. We analyze the sycophancy behav- 231

ior with both basic and expert nudge. Our evalu- 232

ation reveals a counter-intuitive vulnerability i.e., 233

while these models achieve superior performance 234

on unperturbed benchmarks, they show a fragile 235

resilience to perceived authority (expert nudge). 236

In Figure 3, we observe that although Thinking 237

models maintain a relatively constant sensitivity to 238

basic nudges compared to their Instruct counter- 239

parts, the introduction of an Expert persona (i.e., 240

expert nudge) triggers a significant performance 241
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Figure 3: Sa score and accuracy for both Instruct and Thinking Qwen-3 models on MedQA. Thinking models show
superior accuracy but a fragile resilience to perceived authority.

collapse. This decline, reflected in Sa scores, sug-242

gests that the reasoning process in these models243

might be prioritizing alignment with the user’s per-244

ceived knowledge over its own internal parametric245

knowledge. We note that unlike self reflection hy-246

pothesis observed by (DeepSeek-AI, 2024), the247

reasoning trace appears to facilitate sycophancy by248

logically rationalizing the user’s incorrect sugges-249

tion to bridge the gap between internal facts and250

the “expert’s” claim, making them more volatile251

for clinical deployment.252

Finding 3: Benchmark Maturity and Author-253

ity Resilience. Evaluation of frontier models re-254

veals a wide variance in sycophancy resilience, par-255

ticularly when transitioning from neutral sugges-256

tions (basic nudge) to authoritative pressure (ex-257

pert nudge). As shown in Table 1, most models258

show robustness under the Basic Nudge, maintain-259

ing low Sa scores. However, a significant vulner-260

ability emerges under the Expert Nudge, where261

models like DS-V3.1 and Kimi K2 see their Sa262

scores jump to 0.27 (6.75x higher) and 0.15 (5x263

higher), respectively, indicating a high suscepti-264

bility to authority bias/expert nudge. In contrast,265

Sa scores for OpenAI’s GPT-5.2 and GPT-OSS,266

scores remains at or below 0.05 even under expert267

nudge. Empirically, GPT-OSS is known for having268

a significantly simpler and more concise reasoning269

thought compared to the elaborate traces generated270

by DS-V3.1 and Kimi K2. We defer to future in-271

vestigation whether structurally simpler reasoning272

mechanisms inherently provide greater resistance273

Basic Nudge Expert Nudge

Model ∆ Acc. ↓ Sa ∆ Acc. ↓ Sa

GPT-4o −2.36 0.03 −4.36 0.06
GPT-5.2 −1.94 0.03 −11.17 0.17
DeepSeek V3.1 −4.22 0.04 −19.79 0.27
Kimi K2 −2.41 0.03 −10.86 0.15
Mistral Large 3 −7.48 0.10 −19.27 0.31
GPT-OSS-120b −0.33 0.00 −1.62 0.05

Table 1: Clinical model resilience measured by Accu-
racy drop (∆ Acc.) relative to vanilla performance and
the noise-adjusted sycophancy score (Sa).

to authoritative (expert) nudges. 274

5 Conclusion 275

Our work highlights the critical tension between 276

user alignment and clinical safety. We introduce the 277

Adjusted Sycophancy Score (Sa), a noise-aware 278

metric that isolates alignment bias from stochastic 279

instability by accounting for model confusability. 280

Our results establish clear scaling laws for clini- 281

cal resilience, showing that sycophancy stabilizes 282

only once models reach sufficient parameter scale. 283

Furthermore, we reveal a paradoxical vulnerability 284

in reasoning-optimized models: while "Thinking" 285

variants improve raw accuracy, their internal traces 286

can facilitate sycophancy by rationalizing incorrect 287

user suggestions under authoritative pressure. Fi- 288

nally, high benchmark accuracy is an insufficient 289

proxy for clinical readiness. We emphasize the 290

need for alignment strategies that reward epistemic 291

integrity over user deference to ensure that clinical 292

LLMs serve as a robust check on, rather than a 293

sophisticated echo of, human error. 294
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6 Limitations295

Benchmark and Linguistic Scope. Our evalu-296

ation is primarily restricted to English-language297

Multiple-Choice Question (MCQA) formats.298

While MedQA and MMLU Pro serve as high-299

fidelity proxies for medical knowledge, they do300

not capture the complexities of real-world clinical301

interactions. In a real setting, sycophancy typi-302

cally unfolds across multi-turn conversations and303

through the subtle omission of contradictory evi-304

dence that are not fully captured by the binary “flip”305

of a single multiple-choice selection. Consequently,306

while Sa provides a robust measure of integrity, it307

may under-represent the cumulative pressure of308

conversations.309

Simplification of User Authority. While we in-310

troduced the Expert Nudge as a critical variable,311

our study probes a narrow subset of authority-312

based pressure. In clinical practice, authority is313

multi-faceted, involving specific medical special-314

ties, varying degrees of assertiveness, and institu-315

tional hierarchies. Our model of authority may not316

fully represent the sophisticated strategies that can317

degrade model integrity, such as the use of tech-318

nical jargon or the citation of fabricated clinical319

studies to justify an incorrect diagnosis.320

Assumptions in Noise Adjustment. The calcula-321

tion of our Adjusted Sycophancy Score (Sa) relies322

on the assumption that stochastic erratic flips” are323

uniformly distributed across all incorrect options.324

While this provides a robust approximation for con-325

fusability, it may overlook instances where certain326

“distractor” choices in medical exams are more at-327

tractive due to common clinical misconceptions. A328

more granular noise model that accounts for the329

varying weights of specific distractors could further330

refine the precision of Sa in future evaluations.331
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A Detailed Experimental Results416

Table 2 provides the complete performance and417

sycophancy metrics for all evaluated models across418

the MedQA benchmark. For all experiments, we419

deployed the models locally using the vLLM frame-420

work on a single compute node equipped with 8x421

NVIDIA H200 GPUs.422

B Sensitivity to Role Placement423

Our experiments show that a model’s sycophancy is424

highly sensitive to where the authoritative persona425

is placed. In our main paper, we used a “User-426

Integrated Nudge”, appending the role and the in-427

correct suggestion together in the user prompt: "I428

am a medical expert and I think the answer is x."429

This led to major performance collapses in both430

frontier (Table 1) and "Thinking" models (Fig-431

ure 3).432

However, when we moved the role to the Sys-433

tem Prompt ("You are an assistant to a medical434

expert") and kept only the basic suggestion in the435

user prompt ("I think the answer is x"), the results436

changed drastically. Under this setup, Thinking437

models showed almost no degradation (Figure 4),438

and frontier models were much more resilient (Ta-439

ble 3).440

This inconsistency proves that these models lack441

a robust internal belief system. The fact that mov-442

ing a single sentence can completely change a443

model’s diagnostic accuracy shows a dangerous444

"contextual fragility." For clinical deployment, this445

variability is a significant risk: a model’s medical446

reliability should not depend on whether a doctor447

introduces themselves in the system instructions or448

the active chat window.449
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Vanilla Basic Nudge Expert Nudge

Model Acc (%) Acc (%) Sr Ctrue Sa Acc (%) Sr Ctrue Sa

Qwen3-4B-Instruct 74.00 66.95 0.21 0.00 0.19 66.95 0.21 0.00 0.19
Qwen3-4B-Thinking 77.06 65.91 0.27 0.00 0.26 65.91 0.27 0.00 0.26
Qwen3-30B-A3B-Instruct 85.55 79.67 0.13 0.00 0.12 79.67 0.13 0.00 0.12
Qwen3-30B-A3B-Thinking 89.55 85.05 0.09 0.00 0.08 85.05 0.09 0.00 0.08
Qwen3-235B-A22B-Instruct 91.36 84.60 0.12 0.00 0.11 84.60 0.12 0.00 0.11
Qwen3-235B-A22B-Thinking 92.93 86.92 0.10 0.00 0.09 86.92 0.10 0.00 0.09
Llama-1B-Instruct 37.94 30.52 0.61 0.11 0.57 27.26 0.17 0.49 0.00
Llama-3B-Instruct 56.01 51.57 0.19 0.13 0.14 52.08 0.19 0.14 0.14
Llama-8B-Instruct 63.47 55.89 0.23 0.07 0.21 57.15 0.24 0.05 0.22
Llama-70B-Instruct 84.13 72.90 0.23 0.02 0.22 69.13 0.30 0.02 0.29
Qwen3-1.7B 52.79 47.56 0.28 0.00 0.25 46.92 0.30 0.09 0.27
Qwen3-4B 71.88 59.37 0.31 0.00 0.30 48.94 0.53 0.02 0.52
Qwen3-8B 77.53 67.09 0.25 0.00 0.24 53.63 0.50 0.02 0.49
Qwen3-14B 82.64 78.87 0.11 0.00 0.10 60.15 0.42 0.02 0.42
Qwen3-32B 84.84 78.95 0.11 0.00 0.08 55.22 0.39 0.16 0.34
Qwen3-30B-A3B 86.10 79.87 0.13 0.00 0.11 60.11 0.45 0.01 0.44
Qwen3-235B-A22B 91.59 86.37 0.09 0.00 0.09 66.81 0.38 0.01 0.38

Table 2: Detailed performance and sycophancy metrics for the MedQA benchmark.

Vanilla Basic Nudge Expert Nudge

Model Acc. (%) Acc. (%) Sa Acc. (%) Sa

GPT4o 88.53 86.17 0.03 86.74 0.02
GPT-5.2 94.34 92.40 0.03 92.26 0.03
DeepSeek V3.1 92.69 88.47 0.04 83.48 0.10
Mistral Large 3 88.37 80.89 0.10 80.03 0.13
GPT-OSS-120b 90.02 89.69 0.00 89.59 0.02

Table 3: MedQA evaluation. Role for the expert nudge is in the System prompt
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Figure 4: Sa score and accuracy for both Instruct and Thinking Qwen-3 models on MedQA when the role is in the
System Prompt. Thinking models show no particular behavior change compared to the basic nudge.
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