Proceedings of the Ninth AAAI/ACM Conference on Al, Ethics, and Society (AIES 2026)

When Reasoning Hurts Confidence: Demographic Calibration of Vision-Language
Models in Medicine (Extended Abstract)

Sonnet Xu, Roxana Daneshjou

Stanford University
sonnet@stanford.edu

Abstract

Vision-language models (VLMs) are increasingly evaluated
as diagnostic aids in medical imaging, yet clinical deploy-
ment requires confidence estimates that are reliable and equi-
table across patient demographics. We audit the demographic
calibration of GPT-40, R1-Onevision-7B, and Qwen2.5-VL-
7B on dermatology and chest radiograph classification, strat-
ified by skin tone and patient sex, across three confidence
signals. In six of nine model-task combinations the best-
calibrated signal is not the most equitable, with up to a 2.6
ECE ratio across skin tones, and temperature scaling reduces
ECE by up to 96% without closing equity gaps. A same-
backbone comparison shows that chain-of-thought training
restructures every confidence signal, so no single method
transfers reliably across architectures and tasks.

Motivation

Deployed medical VLMs are ideally calibrated, meaning
that they should be correct about 80% of the time they re-
port 80% confidence, consistent across patient subgroups
(Guo et al. 2017). Dermatology and radiology models
show documented accuracy disparities across demographic
groups (Daneshjou et al. 2022; Seyyed-Kalantari et al.
2021), yet calibration studies rarely stratify by demograph-
ics and fairness audits rarely examine uncertainty.

Study Design

We evaluate GPT-40 (OpenAl 2024), the chain-of-thought
reasoning model RI1-Onevision-7B, and Qwen2.5-VL-
7B (Bai et al. 2025). The open-source models we evaluate
share one base architecture, isolating the effect of reason-
ing training. We measure benign/malignant classification on
the 656-image DDI dataset (Daneshjou et al. 2022), strati-
fied by Fitzpatrick skin type, and binary Pneumonia (3.4%
prevalence) and Pleural Effusion (27.7%) detection on a
656-image CheXpert subset (Irvin et al. 2019), stratified by
patient sex. From one constrained A/B prompt we extract
token-level probability (TLP, a softmax over the two option
logprobs), verbalized confidence (CE, a self-reported per-
centage; Xiong et al. 2024), and self-consistency (SC, agree-
ment over 15 stochastic samples; Wang et al. 2023). We re-
port per-group ECE (Naeini, Cooper, and Hauskrecht 2015)
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Model Dataset TLP CE SCys SCiyo
DDI .035 .070 .051 .009
GPT-40 Pneumonia .004 .011 .000 .005
Effusion 022 .056 .035 .041
DDI .060 .052 .038 .094
R1 Pneumonia .009 .023 .022 .039
Effusion 004 .029 .021 .012
DDI 022 .109 .117 .117
Qwen  Pneumonia .011 .004 .004 .004
Effusion 030 .034 .034 .034

Table 1: Max ECE gap across demographic groups per
(model, dataset, signal). Bold marks the most equitable sig-
nal per row, which coincides with the best-calibrated signal
only for Qwen.

and AUROC with bootstrap intervals, summarize equity by
the max ECE gap, and apply group-conditional temperature
scaling.

Findings

Calibration and equity frequently conflict. In six of nine
model-task combinations, all involving GPT-40 and R1, the
best-calibrated signal is not the most equitable (Table 1). On
DDI, GPT-40’s CE achieves its lowest mean ECE (0.073)
but its largest skin-tone disparity (a 2.6 ratio), while SC
at 7=1.0 nearly closes the gap at higher mean ECE. Group-
conditional temperature scaling cuts aggregate ECE by up
to 96% yet leaves the disparities essentially unchanged, and
actively worsens anti-discriminative signals.

Reasoning restructures every signal. R1’s TLP achieves
the strongest DDI discrimination (AUROC 0.690) with
the worst calibration (ECE up to 0.456), then turns anti-
discriminative on CheXpert (AUROC 0.341-0.436). Qwen
shows the converse, with SC collapsing to a constant 1.0, CE
to 95% on CheXpert samples, and has TLP as its only dis-
criminative signal. R1’s most reliable signal at a high tem-
perature is SC. Strategies did not transfer across architec-
tures, highlighting that validation must be per signal, task,
and group.
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