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Abstract
Biomedical LLMs are increasingly evaluated by whether they pro-
duce the correct diagnosis or answer, but this can miss a subtler
failure: a model may remain fluent and medically coherent while re-
organizing its reasoning around an incorrect diagnostic frame. We
introduce Semantic Interference and Cognitive Dissonance (SICD), an
evaluation framework that injects progressively stronger, orthogo-
nal diagnostic interference into clinical reasoning prompts. SICD
grounds generated reasoning in UMLS concepts and measures the
balance between target- and interference-domain concepts using
the Split Density Ratio (SDR). Across 10 high-acuity clinical cases,
threemodels, and three decoding temperatures (360 chains), SDR de-
creases significantly with interference for every model-temperature
combination (𝜌 ∈ [−0.54,−0.35], all 𝑝 ≤ 0.03). At full dissonance,
Claude Haiku 4.5 shows substantially shallower SDR collapse than
GPT-4o-mini and Llama-3.3-70B. These preliminary results suggest
that domain-aware semantic measurement can expose biomedical
reasoning failures missed by final-answer evaluation.
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Motivation
Biomedical LLM evaluation often focuses on the final diagnosis or
answer, which can miss reasoning that remains fluent while shifting
toward an incorrect diagnostic frame. Prior work on unfaithful
reasoning and sycophancy shows that models can produce plausible
reasoning while responding to misleading instructions [5–7]. Other
methods detect unsupported claims or local contradictions [1, 2, 4],
but these checks do not necessarily reveal a shift in the overall
clinical frame.

We study whether increasing pressure toward an incorrect di-
agnosis causes reasoning to move away from the clinical evidence.
Unlike confidence-based evaluation, which measures how certain
an answer appears, SICD measures movement toward a competing
diagnostic frame.

Key Insight
SICD treats diagnostic interference as a controlled test. Each item
pairs a clinical case and target diagnosis with an orthogonal in-
terference diagnosis across four levels: control, soft, hard, and full

Table 1: SDR correlation with interference at 𝑇 = 0.7.

Model 𝜌 𝑝

Claude Haiku 4.5 −0.525 0.0005
GPT-4o-mini −0.391 0.013
Llama-3.3-70B −0.463 0.003

dissonance. The benchmark contains 10 high-acuity MedQA-style
cases spanning major emergency presentations [3].

The central metric is the Split Density Ratio:

SDR =
|𝐶target |

|𝐶target | + |𝐶interference |
.

Generated reasoning is grounded in UMLS (the UnifiedMedical Lan-
guage System), a standardized biomedical concept resource, with
concepts assigned to the target, interference, or neutral domain. The
intuition is that raw biomedical concept counts cannot distinguish
rich reasoning about the intended diagnosis from rich reasoning
about the wrong one. SDR instead measures the relative share of
concepts supporting the two frames: high SDR indicates concentra-
tion on the target frame, while lower SDR indicates greater semantic
capture by the injected diagnosis. Thus, semantic drift becomes
measurable even when the response remains fluent and locally
coherent.

Overview of Results
We evaluated Claude Haiku 4.5, GPT-4o-mini, and Llama-3.3-70B-
Instruct at 𝑇 ∈ {0.4, 0.7, 0.9}, producing 40 chains per model-
temperature pair (10 cases × 4 interference levels; 360 chains total).
At 𝑇 = 0.7, SDR decreases significantly with interference for all
three models (Table 1).

Across all nine model-temperature combinations, SDR corre-
lations remain negative and significant (𝜌 ∈ [−0.54,−0.35], all
𝑝 ≤ 0.03). From hard to full dissonance, mean SDR drops by 0.03
for Haiku 4.5, versus 0.12 for GPT-4o-mini and 0.16 for Llama-3.3-
70B. Haiku also rejects the false diagnostic premise in 8/10 cases,
indicating greater resistance to the injected clinical frame.

Scope and limitations. SICD frames biomedical reasoning ro-
bustness as a measurable semantic property: whether reasoning
remains organized around the evidence-supported clinical frame un-
der controlled interference. Although demonstrated in biomedicine,
the approach can extend to other domains with defined target and
competing domains. This preliminary study uses only 10 cases and
a limited model set; larger benchmarks and stronger models are
needed.
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