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Abstract. Modeling inter-rater ambiguity, the disagreement among ra-
diologists annotating the same image, is central to trustworthy medical
image segmentation. The rise of agentic AI suggests a tempting recipe:
prompt a vision language model (VLM) with distinct radiologist per-
sonas, let each propose a mask, and treat the resulting spread as a model
of clinical disagreement. We assessed whether such training free per-
sona committees actually reproduce human inter-rater ambiguity on lung
nodule segmentation using the LIDC dataset. Each persona proposes a
bounding box that a promptable segmenter (MedSAM) refines into a
mask and the per pixel entropy of the committee forms an ambiguity
map. We evaluate three backends, a small general VLM (Qwen), a fron-
tier VLM (Claude), and a medical VLM trained on CT (MedGemma),
and we stratify disagreement into boundary cases, where all raters mark
the lesion, and existence cases, where some raters see nothing. A pa-
rameter free geometric null based on distance to the consensus boundary
predicts human disagreement better than every committee, reaching AU-
ROC 0.87 versus 0.53 on boundary cases and 0.64 versus 0.63 on existence
cases. Committee diversity is also miscalibrated as Claude personas agree
much more than radiologists on existence cases, with Dice 0.70 versus
0.39, while MedGemma personas disagree much more on boundary cases,
with Dice 0.47 versus 0.79. These results show that off the shelf persona
committees do not capture clinical ambiguity and that effective methods
require calibrated diversity and explicit abstention.

Keywords: Medical image segmentation · Multi-agent system · Seg-
mentation ambiguity · MedSAM

1 Introduction

Medical image segmentation is rarely deterministic. Expert radiologists routinely
disagree on the extent, and even the presence of a finding, and this disagreement
is well documented across modalities and anatomies [1, 6, 11]. In lung computed
tomography (CT), for example, the four readers of the LIDC/IDRI corpus fre-
quently delineate the same nodule differently, and often one reader marks a lesion
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that another does not annotate at all [1]. Treating a single mask as ground truth
therefore discards clinically meaningful uncertainty, and a growing body of work
argues that a trustworthy segmentation model should instead capture the full
distribution of plausible expert annotations [8, 3, 13].

Prior approaches learn this distribution directly from multiple annotations.
The Probabilistic U-Net couples a segmentation backbone with a conditional
variational autoencoder to sample diverse hypotheses [8], PHiSeg injects stochas-
ticity hierarchically for greater sample diversity [3], and diffusion formulations
model the annotation distribution with a single generative process [13]. All re-
quire supervised training on sets of expert masks, which are costly to collect and
unavailable for most tasks.

The progress of vision language models (VLMs) and agentic systems suggests
a tempting shortcut [12, 16, 9]. Rather than training a distributional model, one
may prompt a single VLM to adopt several radiologist “personas,” let each pro-
pose a region of interest, delegate pixel level delineation to a promptable seg-
menter such as MedSAM [10, 7], and read the spread of the resulting masks as
clinical disagreement. The recipe is appealing as it needs no multi rater training
data, adapts to new tasks through prompting alone, and mirrors the collective
reasoning of a tumor board. It also inherits a known risk. In natural language
processing, persona conditioned models capture only a small fraction of anno-
tator variation and are highly sensitive to prompt and model choice, so the
disagreement they simulate need not match that of real annotators [14, 5].

In this work we ask a direct question: do persona prompted VLM committees
actually reproduce radiologist inter rater ambiguity? Using lung nodule segmen-
tation on LIDC/IDRI [1], we build committees on three backends spanning the
current capability spectrum, a small general VLM [2], a frontier general VLM,
and a medical VLM trained on lung-CT [15], and we compare their ambiguity
against the four radiologist annotations. To make the comparison precise, we
separate two qualitatively different kinds of disagreement: boundary cases, in
which every reader marks the lesion but its extent is contested, and existence
cases, in which some readers see a lesion and others see nothing. We find that
the agentic recipe does not work, and we characterize exactly how it fails.

The main contributions of this work are summarized below:

– Using a parameter free baseline derived from the distance to the consensus
contour as a reference, we show that no evaluated VLM committee surpasses
it at localizing radiologist disagreement, reaching an AUROC of at most 0.53
on boundary cases against the baseline’s 0.87. This exposes that assembling
off the shelf agents does not improve on a trivial geometric reference.

– We distinguish boundary ambiguity, where all radiologists identify the lesion
but disagree on its extent, from existence ambiguity, where some radiologists
provide no annotation. The results show that geometry explains most bound-
ary disagreement, while existence disagreement remains substantially harder
and requires an explicit abstention mechanism.

– We show that persona committees fail in different ways across VLM back-
ends. The frontier model produces overly similar predictions, whereas the



VLM generated Inter-Rater Ambiguity in Medical Image Segmentation 3

Input VLM personas → boxes MedSAM → masks

conservative

tight core

inclusive

generous margin

boundary

true border

balanced

natural extent

MedSAM

box-prompted
segmentation

Human raters

Human 
rater 1

Compare ambiguity + diversity

spatial alignment

AUROC vs boundary null

diversity gap

inter-persona vs inter-rater Dice

lung CT patch
128 ×128

Upscale + Contrast
512 × 512

Aₐ: entropy of mean

Agent ambiguity

Human 
rater 2

Human 
rater 3

Human 
rater 4

Ah

Human ambiguity

Human masks

Fig. 1. Overview of the persona committee pipeline. A 128 × 128 lung CT patch is
upsampled and contrast stretched to a legible 512 × 512 view (affecting only what
the agents see, never the annotations). Four persona conditioned VLM agents on a
tight to loose axis (conservative, inclusive, boundary, balanced) each decide whether a
nodule is present and, if so, propose a box, or abstain. MedSAM refines each box into a
mask (abstention yields an empty mask, capturing existence disagreement); the mean
mask entropy gives the agent ambiguity Aa, and the four radiologist masks give Ah.
We compare the two along spatial alignment (AUROC of Aa against a parameter free
boundary null) and a diversity gap (inter persona versus inter rater Dice).

medical model generates variation beyond the human annotation spread.
Consequently, neither backend reproduces the magnitude or structure of ra-
diologist disagreement.

2 Method

We study whether a committee of persona conditioned vision language agents
reproduces the ambiguity expressed by a panel of radiologists. Our pipeline (Fig-
ure 1) converts a single image into a set of plausible segmentation masks, aggre-
gates them into an ambiguity map, and compares that map against the ambi-
guity of the human annotations along two axes: spatial alignment and diversity.
Crucially, no component is trained on multiple annotations; the committee is
constructed entirely at inference time.

2.1 Problem setting

Let x ∈ RH×W be an image annotated by R experts, giving binary masks
{yr}Rr=1, yr ∈ {0, 1}H×W . The empirical human probability map is the per pixel
fraction of raters who label the pixel foreground,

ph(x) =
1

R

R∑
r=1

yr, (1)

and the human ambiguity map is its per pixel binary entropy,

Ah(x) = H
(
ph(x)

)
, H(p) = − p log2 p − (1− p) log2(1− p), (2)
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with H(0) = H(1) = 0. A pixel is a site of disagreement when 0 < ph < 1. Given
only the image x, an ambiguity model must produce a set of predicted masks
{ŷj}Jj=1 whose induced ambiguity resembles Ah. J is the number of agents in
the committee.

2.2 Persona committee

A committee is J agents, each a persona conditioned prompt to a shared vision
language model (VLM). Persona πj is a natural language reading style that shifts
how aggressively the agent delineates a finding. We use J=4 personas on a tight
to loose axis (conservative, boundary, balanced, inclusive; Figure 1, left). Since
the lesions are small and low in contrast, the VLM sees a legible view x̃ = ϕ(x),
where ϕ upsamples the patch to 512 × 512 and applies a percentile contrast
stretch (this never uses the annotations, so it introduces no leakage). Given x̃
and πj , the VLM returns a presence decision sj ∈ {0, 1} (it may abstain) and,
if present, a box bj ∈ R4 rescaled to the native patch:(

sj , bj
)

= VLM
(
x̃, πj

)
. (3)

The VLM only localizes; delineation is delegated to MedSAM [10], so an ab-
staining agent contributes an empty mask, letting the committee express dis-
agreement about lesion existence as well as extent:

ŷj =

{
MedSAM(x, bj), sj = 1,

0, sj = 0.
(4)

The committee ambiguity mirrors Eqs. (1)–(2) on the predicted masks: pa =
1
J

∑
j ŷj , Aa = H(pa). We instantiate the VLM with three backends of increasing

specialization, a small general model (Qwen2.5-VL [2]), a frontier general model
(Claude Opus 4.8), and a CT trained medical model (MedGemma 1.5 [15]),
holding personas, ϕ, and MedSAM fixed so any difference is attributable to the
backend.

2.3 The boundary null

Both human and committee disagreement concentrate near object boundaries,
so a naive correlation between Aa and Ah can be positive for a trivial geometric
reason. We therefore introduce a parameter free boundary null that predicts
disagreement from geometry alone. Let C = {u : ph(u) ≥ 1

2} be the majority
consensus region (pixels marked foreground by at least half the raters) and d(u)
the Euclidean distance from pixel u to its boundary ∂C. The null is a band
around the consensus contour,

Anull(u) = exp
(
− d(u)2

2σ2

)
. (5)

It contains no learned or image derived content beyond the consensus shape,
so any committee that fails to exceed it adds nothing over a distance transform,
and it is the reference against which every committee is judged.
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Fig. 2. AUROC of committee ambiguity (light) vs the parameter free boundary null
(dark) at predicting rater disagreement. The null dominates on boundary cases and is
never surpassed, with the committee only tying it on existence cases.

2.4 Evaluation

Distribution matching. To place our committees in the existing lineage we report
generalized energy distance (GED), Collective Insight (CI) [8, 13], and maximum
Dice matching Dmax.

Spatial alignment. Our primary question is where a map locates disagreement.
Taking the disagreement sites 1[0 < ph < 1] as labels and A ∈ {Aa, Anull}
as scores, we report AUROC within a dilated band around the lesion (so the
trivially agreeing background does not inflate it). A committee is informative
only if AUROC(Aa) > AUROC(Anull).

Diversity. We also ask whether the committee disagrees as much as the raters,
comparing mean pairwise Dice among agents and among raters,

D̄a =
(
J
2

)−1∑
i<j

Dice(ŷi, ŷj), D̄h =
(
R
2

)−1∑
i<j

Dice(yi, yj). (6)

D̄a ≈ D̄h is calibrated; D̄a > D̄h collapses into agreement, D̄a < D̄h scatters
beyond the human spread.

Stratification. We split two regimes: boundary cases, where all R raters mark
the lesion (minr |yr| > 0), isolate disagreement about extent (where Anull is
strong); existence cases, where at least one rater abstains, isolate disagreement
about presence, which no geometric map captures. All metrics are reported per
stratum, as this distinction drives our findings.

3 Experiments and Results

3.1 Dataset and setup

We evaluate on LIDC/IDRI [1], the standard benchmark for ambiguous lung
nodule segmentation, where each nodule is annotated by up to four radiologists.
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Fig. 3. Mean pairwise Dice among agents (light) vs radiologists (dark); higher means
more agreement. Neither backend matches the human spread across strata: Claude
collapses on existence, MedGemma over disperses on boundary.
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Fig. 4. Committee ambiguity on a random case. Top: Claude; bottom: MedGemma;
both share the image and ground truth, so all variation is backend driven. Columns:
CT patch; radiologist masks overlaid; persona boxes; MedSAM masks; committee am-
biguity Aa; human ambiguity Ah. Claude’s personas nearly coincide, so Aa tracks Ah;
MedGemma’s scatter onto rib and soft tissue, placing Aa where no lesion exists.

We use the preprocessing of Kohl et al. [8] (15,096 axial patches of 128 × 128,
each with four masks; an unmarked rater contributes an empty mask, pre-
serving both extent and existence disagreement) and the 60/20/20 split of [4]
(9,058/3,019/3,019), reporting on the test split. The split is patch level, fol-
lowing and shared by all baselines. Committees are training free and run at
inference. We use three fixed backends, Qwen2.5-VL [2], Claude, and the CT
trained MedGemma [15], with the four personas, ϕ, and MedSAM [10] held
fixed. Claude, queried through a paid interface, is evaluated on a random 300
patch subset. MedGemma and the baselines use the full test split. The boundary
null uses σ=4 pixels.

3.2 Distribution matching

We first place the committees in the existing lineage using generalized energy
distance (GED), Collective Insight (CI), and maximum Dice matching Dmax (Ta-
ble 1). As expected, no training free committee is competitive: the best reaches
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Table 1. Comparison of probabilistic segmentation methods and committee-based
baselines. Best and second-best results are shown in bold and underlined, respectively.
↑/↓ indicate higher/lower is better.

Method GED ↓ CI ↑ Dmax ↑
Prob-U-Net [8] 0.353 0.731 0.892
PHi-Seg [3] 0.270 0.736 0.904
Gen. Prob-U-Net [4] 0.299 0.707 0.905
CIMD [13] 0.321 0.759 0.915
Programmatic committee 0.968 0.299 0.253
Prompt-jitter committee 0.823 0.312 0.264
SAM multi-mask 1.180 0.135 0.106
Claude committee 0.961 0.246 0.339
MedGemma committee 1.020 0.106 0.188

Table 2. Stratified ambiguity results for the Claude and MedGemma committees.
Agent and boundary-null performance are reported using AUROC, while persona and
radiologist agreement are measured using pairwise Dice.

Backend Stratum n
AUROC ↑ Agreement ↑

Agent Boundary null Persona Dice Rater Dice CI
Claude Boundary 95 0.530 0.857 0.813 0.811 0.441
Claude Existence 205 0.629 0.638 0.698 0.395 0.156

MedGemma Boundary 946 0.497 0.872 0.474 0.789 0.028
MedGemma Existence 2073 0.462 0.636 0.376 0.408 0.142

Dmax=0.339 (Claude) versus over 0.89 for the trained baselines, unsurprising
since committees never observe multiple annotations and MedSAM yields one
mask per prompt. These results motivate our central question, which is not
whether committees match the reference distribution, but whether their dis-
agreement falls where radiologists actually disagree. Qwen could not generate
any bounding boxes, so their evaluation was avoided in the tables and figures.

3.3 Geometry outperforms the committee

Our primary result is that a parameter free boundary null predicts human dis-
agreement better than any committee (Figure 2, Table 2). On boundary cases the
null is decisive (AUROC 0.86/0.87 for Claude/MedGemma) while the commit-
tees barely exceed chance (0.53/0.50): when all four radiologists mark the lesion,
their disagreement is almost entirely explained by distance to the consensus con-
tour. On existence cases the null is weaker (0.64), as there is no clean consensus
boundary, and the best committee only matches it (Claude, 0.63), never exceeds
it. This is the sole regime where a committee is competitive, and it is the one
requiring reasoning about presence rather than extent. Across all four cells the
null is never surpassed, our central negative finding: assembling readily avail-
able agents does not improve on a trivial geometric baseline at predicting where
experts disagree.
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3.4 Diversity is miscalibrated in opposite directions

We next ask whether the committee disagrees as much as the radiologists, com-
paring mean inter persona and inter rater Dice (Figure 3, Table 2). The two
backends fail in opposite directions. The frontier committee collapses: on exis-
tence cases its personas agree far more than the raters (0.70 versus 0.39), so it
is confident precisely where humans most disagree about whether a lesion ex-
ists. The medical committee scatters: on boundary cases its personas disagree
far more than the raters (0.47 versus 0.79), producing spurious variation where
the panel largely agrees. Only one cell is calibrated (Claude, boundary: 0.81 ver-
sus 0.81). This double dissociation shows the failure is structural, not a matter
of prompt tuning: a committee simultaneously too confident on existence and
too scattered on boundaries cannot be fixed by uniformly scaling its diversity.
Reproducing radiologist ambiguity is thus not an assembly problem, it requires
diversity calibrated to the kind of disagreement present and an explicit absten-
tion mechanism that a box prompted committee lacks. Figure 4 shows both
failure directions on one case.

3.5 Qualitative analysis

Figure 4 makes the two failure modes concrete on one case, with a backend
per row. For Claude (top), the four personas place nearly coincident boxes
and MedSAM returns tightly clustered masks, so Aa closely tracks Ah on this
case where the radiologists themselves agree, accurate but lacking spread. For
MedGemma (bottom), the personas disagree in the wrong place: two boxes fall
below the lesion onto rib and soft tissue, MedSAM faithfully segments these
spurious prompts, and Aa places strong ambiguity where no lesion exists. The
two rows visualize the quantitative results, agent ambiguity is spatially misplaced
and its magnitude miscalibrated in opposite directions across backends.

4 Conclusion

We asked whether persona prompted VLM committees reproduce radiologist
inter-rater ambiguity, and found that they do not: across a small general, a fron-
tier general, and a medical VLM, a parameter free boundary null predicts human
disagreement better than any committee and is never surpassed, while commit-
tee diversity is miscalibrated in opposite directions, collapsing on existence cases
for the frontier model and scattering on boundary cases for the medical model.
Our study is limited to one dataset (LIDC/IDRI), four hand designed personas,
a single segmenter (MedSAM), and a 300 patch subset for the frontier commit-
tee, and does not quantify statistical uncertainty around the reported results.
Future work should span other modalities, learned persona sets, and stronger
segmenters, and move from prompting toward the mechanisms the committee
lacks: calibrated diversity and explicit abstention. Our findings suggest repro-
ducing clinical ambiguity is not an assembly problem solved by composing off
the shelf agents, but a modeling problem demanding calibrated uncertainty and
grounded perception.
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