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Abstract

Accurate alignment between chest X-ray
(CXR) images and radiology reports is essen-
tial for clinical safety, yet automatic radiol-
ogy report error detection from paired CXRs
remains challenging. Prior approaches typi-
cally compare the entire report with the im-
age, limiting the model’s ability to learn fine-
grained vision-language correspondences at the
level of individual findings. We reformulate re-
port error detection as a sentence-level vision-
language learning problem by decomposing re-
ports into atomic finding statements, thereby re-
ducing semantic entanglement and supervision
noise. We propose SenRED (Sentence-level
Report Error Detector), which uses sentence-
conditioned patch aggregation to associate each
statement with localized visual evidence. To
supervise learning, we generate sentence-level
synthetic errors reflecting clinically relevant
categories—false positives, false negatives, and
mislocalization—along with consistent image-
sentence pairs. Experiments on MIMIC-CXR
and Open-i show that SenRED consistently
outperforms task-specific baselines and zero-
shot instruction-tuned VLMs in both sentence-
level and exam-level evaluations. Radiologist-
confirmed evaluations further show that these
gains are maintained on clinically reviewed sub-
sets. Comparative experiments support the ben-
efit of sentence-level reformulation, while ab-
lations demonstrate that sentence-conditioned
patch aggregation improves fine-grained con-
sistency checking.

1 Introduction

Radiology report errors can have substantial clini-
cal consequences, including delayed diagnosis, in-

appropriate treatment, and avoidable patient harm
(Bruno et al., 2015). Accordingly, extensive prior
work has analyzed the root causes of reporting er-
rors and proposed strategies to reduce them (Kim
and Mansfield, 2014; Pinto et al., 2012; Sangwaiya
et al., 2009). Nonetheless, because reporting ul-
timately depends on human judgment under time
pressure and imperfect information, errors cannot
be eliminated entirely in routine practice. This mo-
tivates automated systems that can detect report
errors reliably and at scale, providing a practical
safety layer to support radiologists and improve the
robustness of clinical care.

Several studies have explored Al-based radiol-
ogy report error detection. Min et al. (2022) intro-
duced a deep-learning framework that generates
clinically meaningful synthetic errors and detects
inconsistencies between the findings and conclu-
sion sections of CXR reports. Subsequent stud-
ies evaluating commercial and open-source LLMs
have largely focused on text-internal report errors,
such as omissions, insertions, typographical errors,
and findings—impression inconsistencies, often us-
ing controlled datasets containing deliberately in-
troduced errors (Gertz et al., 2024; Kim et al., 2025;
Salam et al., 2025; Yan et al., 2025).

Meanwhile, radiologist-annotated resources
such as ReXVal (Yu et al., 2023) and RadEvalX
(Calamida et al., 2024) provide fine-grained error
annotations and evaluation protocols for generated
radiology reports, but primarily evaluate candidate
reports against reference reports rather than directly
verifying their claims against the image. In prac-
tice, however, many consequential failures arise
from image-report inconsistencies reflecting per-
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Figure 1: Exam-level versus sentence-level error detection. (a) Global report—image matching produces entangled
supervision and ambiguous alignment. (b) Our method decomposes reports into atomic finding statements and
aggregates sentence-conditioned visual evidence to detect errors.

ceptual or interpretive mistakes (Kim and Mans-
field, 2014). More recently, CorBenchX introduced
a CXR-based benchmark for image-report error de-
tection and correction using vision-language mod-
els (Zou et al., 2025). Yet reliable exam-level detec-
tion remains challenging because clinical findings
are expressed across entangled multi-sentence re-
ports, while CXRs contain densely overlapping vi-
sual evidence, leading to ambiguous global vision—
language alignment.

We reduce this ambiguity by reformulating ra-
diology report error detection as sentence-level
vision—language learning, where each atomic find-
ing statement is independently verified against the
image. To support this formulation, we leverage
dual-level finding labels to synthesize erroneous
image-sentence pairs spanning false positives, false
negatives, and mislocalization, alongside consistent
pairs. Using this supervision, we train SenRED, a
sentence-conditioned vision—language model that
grounds each atomic finding statement in localized
visual evidence rather than relying on coarse global
report-image alignment.

Our contributions are threefold. First, we formu-
late CXR report error detection as sentence-level
vision—language consistency checking, where re-
ports are decomposed into atomic finding state-
ments and each statement is verified against image
evidence. Second, we introduce a synthetic su-
pervision strategy that aligns exam-level finding

labels with sentence-level report claims, producing
clinically meaningful error categories. Third, we
propose SenRED, a sentence-conditioned patch-
aggregation model that selectively aggregates vi-
sual evidence for each statement and improves both
sentence-level and exam-level error detection, in-
cluding on radiologist-confirmed subsets. Code,
model weights, and the publicly distributable sub-
set of the evaluation data will be released upon
publication at https://github.com/reonaledo/
SenRED.

2 Method

We formulate image-report consistency assessment
as sentence-level error detection (Figure 1). Given
an image I and an individual sentence s, the model
predicts one of four consistency categories: false
positive (FP), false negative (FN), mislocalization
(MISLOC), or no error (NOERR).

2.1 Dual-Level Report Labeling

To synthesize sentence-level image—text consis-
tency pairs, we use exam-level finding labels as
proxies for image-level findings and sentence-level
finding labels as representations of textual claims.
We define synthetic inconsistencies as logical mis-
matches between these two finding label sets.
Because most existing radiology report label-
ers assign finding labels only at the exam level
(Irvin et al., 2019; Smit et al., 2020), we train a
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dedicated dual-level labeler under the CheX-GPT
taxonomy (Gu et al., 2024). We use 12 finding
categories plus No Finding after excluding Lung
Opacity (13 labels in total): Atelectasis, Consoli-
dation, Effusion, Fracture, Hyperinflation, Nodule,
Pleural Lesion, Pneumothorax, Pulmonary Edema,
Subcutaneous Emphysema, Subdiaphragmatic Gas,
Widened Mediastinal Silhouette, and No Finding.
For each category, the labeler predicts one of four
assertion states: positive, negative, uncertain, and
not mentioned.

Following RRIEF (Min et al., 2025), we train
Llama-3-8B (Grattafiori et al., 2024) as a labeler us-
ing 3,000 exam-level instances, consisting of 1,000
randomly sampled studies each from MIMIC-CXR
(Johnson et al., 2019, 2024), CheXpert (Irvin et al.,
2019), and ReXGradient-160K (Zhang et al., 2025).
To support sentence-level labeling, we addition-
ally include the 3,000 most frequent sentences ex-
tracted from the reports of these sampled studies
as sentence-level training instances, yielding 6,000
training instances in total. Initial labels are gener-
ated using Llama-3-70B-Instruct and subsequently
reviewed and corrected by human annotators fol-
lowing guidelines provided by a board-certified
radiologist.

2.2 Atomic Statement Decomposition

Radiology reports often express multiple findings
with mixed assertions in a single sentence, which
complicates sentence-level supervision. As pre-
processing, we concatenate the findings and im-
pression sections of each report and use Llama-3-
70B-Instruct to split and rewrite the text so that
each resulting sentence corresponds to a single
atomic finding statement whenever possible. We
also standardize temporal or comparative phrasing
into statements about current-exam findings while
preserving the original clinical meaning. Examples
of this preprocessing are provided in Appendix A.

2.3 Sentence-Level Error Generation

Using exam-level finding labels for I and
sentence-level finding labels for s, we synthesize
FP/FN/MISLOC pairs in which s is logically in-
consistent with I; consistent pairs are assigned to
NOERR. We exclude uncertain labels from all er-
ror generation procedures and use only determinate
positive, negative, or not-mentioned labels. To con-
struct diverse FP, FN, and NOERR pairs from
naturally occurring report language while reducing
sampling bias and stylistic shortcuts, we sample

sentences satisfying the required finding-label con-
straints from pools of atomic finding statements.
We maintain a separate pool for each data split to
prevent cross-split leakage. Under this framework,
we construct samples according to the following
category-specific constraints:

1. FP: If finding f is absent at the exam level (neg-
ative or not mentioned), we sample a sentence
that positively mentions f and pair it with I,
yielding an FP example. The paired NOERR
example uses a sampled sentence that negatively
mentions the same finding.

2. FN: If finding f is present at the exam level
(positive), we sample either a sentence that neg-
atively mentions f or a no-finding sentence (all
findings negative or not mentioned, with No
Finding positive) and pair it with I, yielding an
FN example. The paired NOERR example uses
a sampled sentence that positively mentions the
same finding.

3. MISLOC: If a sentence positively mentions a
laterality-sensitive finding f (Atelectasis, Con-
solidation, Effusion, Fracture, Pneumothorax,
Nodule, Pleural Lesion, or Subcutaneous Em-
physema) and contains a unilateral left/right cue,
we swap left<»right, yielding a MISLOC ex-
ample. The paired NOERR example uses the
original, unswapped sentence. We exclude cases
with bilateral or ambiguous laterality.

4. NOERR: In addition to the paired NOERR
examples above, we include additional exam-
consistent sentences as NOERR examples. For
each exam-consistent atomic finding statement,
we either use the original statement or sample
another statement from the pool with the same
sentence-level finding label.

2.4 Synthetic Error Dataset

We construct a sentence-level synthetic error
dataset using MIMIC-CXR and Open-i (Demner-
Fushman et al., 2016) (frontal-view images only)
according to the generation procedure described
in Section 2.3. For MIMIC-CXR, the training,
development, and test splits are mutually patient-
disjoint.

To assess whether the intended target error
was clearly realized in the constructed image-
sentence pairs, we additionally created radiologist-
confirmed synthetic subsets. A board-certified ra-
diologist with 22 years of experience reviewed a
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Dataset Split  Exams

Pairs

Error Types

FP FN MISLOC NOERR
. 194,494 375,681 89,056 1,383,867
Train 194,494 2,043,098 ©5) (18.4) “.4) 67.7)
23,456 44,523 10,321 167,594
MIMIC-CXR Dev 23,456 245,894 ©.5) a8.1) “2) (68.2)
24,164 45,867 10,924 172,766
Test 24,164 253,721 ©.5) as.1) @3) (68.1)
. 3,320 3,492 575 26,442
Open-i Test 3,320 33,829 ©.8) (10.3) a7 (78.2)
] 30 30 30 30
MIMIC-CXR Confirmed  Test 120 120 (25.0) 25.0) (25.0) 25.0)
. . 15 15 15 15
Open-i Confirmed Test 60 60 (25.0) (25.0) (25.0) (25.0)

Table 1: Dataset statistics. Each sample is an image-sentence pair. For each split, we report per-class counts and

percentages.

subset of the constructed pairs and excluded am-
biguous cases or samples in which the intended
error type was not clearly realized. The review
instructions are provided in Appendix B. Dataset
statistics and class distributions for all splits are
summarized in Table 1.

We also construct exam-level synthetic error
datasets by incorporating each sentence-level sam-
ple into the original report context associated
with its paired image. For each synthetic image—
sentence pair (7, s), we take all atomic statements
from the original report associated with image [
and replace the corresponding target statement with
s, leaving the remaining statements unchanged
except for removing any surrounding statement
whose sentence-level finding labels are incompat-
ible with the target sentence. The resulting multi-
sentence report is then paired with I and assigned
the same report-level error type as the inserted tar-
get sentence: FP, FN, or MISLOC for erroneous
samples, and NOERR when all retained statements
are exam-consistent.

2.5 SenRED: Sentence-Level Report Error
Detector

SenRED takes as input a CXR image I and a single
atomic finding statement s, and outputs per-class
error probabilities for FP, FN, MISLOC, and NO-
ERR. We use independent sigmoid outputs instead
of a softmax classifier to allow ambiguous or par-
tially overlapping error-type supervision.

SenRED builds on pretrained encoders and trains
only an error-detection head. We use a MedSigLIP
(Google Health Al Developer Foundations, 2025)
vision encoder to embed the image into a sequence
of patch tokens V € RV % and encode the input
sentence using llm2vecdcxr (Ko et al., 2025) to

obtain a sentence embedding t € R%. Both en-
coders are frozen during training to preserve their
pretrained vision-language semantics.

Sentence-Conditioned Perceiver Head. Each
report sentence refers to only a small subset of the
anatomical and pathological information present in
the image. Therefore, sentence-level error detec-
tion should selectively aggregate visual evidence
relevant to the claim expressed by s, rather than
relying on a global image-text similarity. SenRED
adopts the Perceiver Resampler module (Alayrac
et al., 2022) and conditions it on the input sentence
to attend from sentence-derived latent queries to
image patch tokens.

Concretely, we first project the patch tokens and
the sentence embedding to a shared model dimen-
sion d. We then initialize R latent queries by re-
peating the sentence embedding R times and con-
catenating it with learnable seed latents, followed
by a linear projection. We apply L Perceiver cross-
attention blocks in which the latents act as text
queries and the patch tokens, with positional em-
beddings added, provide keys and values. After
the final block, we obtain a sentence-specific visual
representation by mean-pooling over the R output
latents, yielding a compact Perceiver summary fea-
ture hyere € RY,

The latent bottleneck can compress away fine-
grained patch-level cues that are critical for subtle
findings. To retain this information, we addition-
ally compute a high-fidelity feature by aggregating
the Perceiver cross-attention weights into a patch-
importance vector a € RY, averaged over heads
and latents and normalized, and forming a weighted
sum over the original vision patch tokens. This
yields hy;g € R% which preserves localized evi-
dence highlighted by sentence-conditioned atten-
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tion.

We concatenate the Perceiver summary hperc,
the HiFi feature hy;g, and the projected sentence
embedding, and apply a linear classifier followed
by sigmoid to produce the four error probabilities.

3 Experiments

3.1 Experimental Setup

We train SenRED on the MIMIC-CXR training
split using AdamW (Loshchilov and Hutter, 2019)
with learning rate 1 x 10~* and batch size 256 for
five epochs. Weuse R=1, L = 1,and d = 512
for the Perceiver head. We optimize multi-label
binary cross-entropy over four sigmoid outputs. At
inference, we use the NOERR output as a gate. If
PNOERR > T, we predict NOERR; otherwise, we
select the class with the highest probability among
FP, FN, and MISLOC. We use 7 = 0.5 for the
primary results. For all trained models, we report
single-run results using the checkpoint selected by
the lowest development loss.

We evaluate SenRED on the synthetic error
datasets described above, reporting internal results
on MIMIC-CXR and external validation on Open-i.
We report per-class and macro-average F1, with
95% confidence intervals based on 10,000 boot-
strap resamples. Additional implementation details
are reported in Appendix C.

For exam-level evaluation, we aggregate
sentence-level predictions using a strict rule: a
NOERR exam is correct only if all sentences are
predicted as NOERR, whereas a corrupted exam
is correct only if the injected target sentence alone
is flagged and assigned the correct error type. We
also report single-target top-1 aggregation, which,
when one or more sentences are flagged, selects
the sentence with the highest error probability (the
maximum over FP, FN, and MISLOC).

3.2 Baselines

We compare SenRED against two groups of base-
lines: task-specific trained baselines and zero-shot
instruction-tuned VLM baselines.

Task-specific trained baselines. We first com-
pare against three baselines that differ in error con-
struction and prediction granularity while keeping
the underlying head architecture identical across
methods to ensure a fair comparison.

Exam-Swap generates errors by randomly swap-
ping the entire report of an exam with that of an-
other exam with a different finding label; the model

takes the image and full report as input and predicts
a binary label.

Sent-Swap decomposes reports into atomic find-
ing statements and generates errors by swapping
a sentence with one from a different exam whose
finding label differs from that of the original sen-
tence; the model receives an image-sentence pair
and predicts a binary label. Because Exam-Swap
and Sent-Swap are binary consistency baselines,
they predict only whether an image—text pair con-
tains any error and do not classify the error type.
We therefore report their NOERR F1, while FP,
FN, and MISLOC entries are marked as not appli-
cable.

Exam-1SentErr is trained on the exam-level
synthetic error dataset, where each exam contains
exactly one injected error sentence; the model uses
a single global text embedding computed from all
sentences in the exam, together with the image
representation, to predict a four-class error for the
exam.

Zero-shot instruction-tuned VLM baselines.
To assess whether existing instruction-tuned VLMs
can perform image-report error detection with-
out task-specific supervision, we additionally eval-
uate Qwen3-VL-4B-Instruct (Bai et al., 2025),
MedGemma-4B-Instruct (Sellergren et al., 2025),
and CheXagent-2-3B (Chen et al., 2024) on the
radiologist-confirmed subsets. We use zero-shot
prompted inference: each model is given the CXR
image and either the target atomic sentence or the
exam-level report, and is asked a binary yes/no
question for a specific error type. We run separate
prompts for FP, FN, MISLOC, and NOERR and
compute per-class F1 against the corresponding
one-vs-rest label. Thus, the VLM baselines are
evaluated as class-wise binary detectors rather than
as constrained four-way classifiers. This protocol
gives the VLMs explicit access to the target error
type in each query and avoids requiring them to
resolve conflicts among error categories. The exact
prompt templates are provided in Appendix D.

3.3 Sentence-Level Results

Table 2 reports sentence-level results on the
error-injected MIMIC-CXR and Open-i test sets.
SenRED outperforms Exam-1SentErr in macro-F1
on both datasets: 0.796 versus 0.610 on MIMIC-
CXR and 0.743 versus 0.538 on Open-i. The
gain is largest for MISLOC (0.695 vs. 0.327 on
MIMIC-CXR; 0.593 vs. 0.255 on Open-i), suggest-
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Error Types

Dataset Method

FP FN MISLOC NOERR Avg

Exam-Swap - - - 0.706[0.705, 0.708] -

MIMIC-CXR Sent-Swap - - - 0.842[0.841, 0.843] -
Exam-1SentErr 0.601 [0.596, 0.606] 0.666 [0.662, 0.669] 0.3271[0.317,0.336] 0.848 [0.846, 0.849] 0.6101[0.607,0.613]
SenRED 0.771[0.767,0.775] 0.812[0.809, 0.815] 0.695 [0.688, 0.702] 0.906 [0.905, 0.907] 0.796 [0.793, 0.798]

Exam-Swap - - - 0.85410.851, 0.858] -

Open-i Sent-Swap - - - 0.8841[0.881, 0.886] -
P Exam-1SentErr 0.613[0.602, 0.625] 0.4001[0.383, 0.418] 0.255[0.212,0.297] 0.884[0.881,0.887] 0.538[0.526, 0.550]
SenRED 0.79210.781, 0.802] 0.660 [0.646, 0.673] 0.593[0.559, 0.625] 0.929 [0.927, 0.931] 0.743[0.733, 0.753]

Table 2: Sentence-level error detection results on the full error-injected MIMIC-CXR and Open-i test sets. Values
are per-class F1 and macro-F1 (Avg) with 95% confidence intervals from 10,000 bootstrap resamples. Because
Exam-Swap and Sent-Swap are binary baselines, they do not produce error-type-specific predictions.

Error Types
Dataset Method

FP FN MISLOC NOERR Avg

Exam-Swap - - - 0.609[0.462, 0.736] -

Sent-Swap - - - 0.682[0.560, 0.788] -
MIMIC-CXR Exam-1SentErr 0.58510.426, 0.714] 0.784[0.640, 0.897] 0.378[0.160, 0.561] 0.621 [0.488, 0.729] 0.592[0.500, 0.672]
Confirmed Qwen3-VL-4B-Instruct 0.182[0.044, 0.340] 0.716[0.591, 0.818] 0.100 [0.000, 0.240] 0.646[0.500, 0.769] 0.411 [0.346, 0.473]
MedGemma-4B-Instruct 0.000 [0.000, 0.000] 0.520 [0.333, 0.678] 0.000 [0.000, 0.000] 0.500[0.378, 0.605] 0.255 [0.205, 0.299]
CheXagent—2—3B 0.07910.000, 0.167] 0.101 [0.024, 0.198] 0.458[0.316, 0.584] 0.694 [0.559, 0.809] 0.333[0.302, 0.358]
SenRED 0.737[0.594, 0.853] 0.983[0.939, 1.000] 0.808 [0.667,0.913] 0.806 [0.694, 0.897] 0.833[0.763, 0.895]

Exam-Swap - - - 0.54210.353, 0.696] -

Sent-Swap — - - 0.57810.383, 0.735] -
Open-i Exam-1SentErr 0.684[0.483,0.833] 0.400[0.111, 0.645] 0.421[0.118, 0.667] 0.605 [0.410, 0.760] 0.528 [0.386, 0.646]
Confirmed ~ QWen3-VL-4B-Instruct 0.200(0.000,0.435] 0.516[0.273,0.710] 0.0000.000,0.000] 0.537[0.333,0.706] 0.313[0.216, 0.402]
MedGemma-4B-Instruct 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 0.483[0.311, 0.630] 0.121[0.078, 0.158]
CheXagent—2—3B 0.17410.044, 0.320] 0.233[0.056, 0.400] 0.340[0.157,0.509] 0.7141[0.533,0.851] 0.365[0.325,0.399]
SenRED 0.8001[0.609, 0.938] 0.815[0.615,0.952] 0.815[0.615,0.957] 0.778[0.593, 0.909] 0.802 [0.689, 0.896]

Table 3: Sentence-level results on radiologist-confirmed subsets. Values are per-class F1 and macro-F1 (Avg) with
95% confidence intervals from 10,000 bootstrap resamples. The zero-shot VLMs are evaluated as class-wise one-vs-
rest detectors. Because Exam-Swap and Sent-Swap are binary baselines, they do not produce error-type-specific

predictions.

ing that sentence-level supervision better supports
laterality-sensitive image—text grounding. Unlike
the binary baselines, SenRED identifies the specific
error type while achieving the highest NOERR F1
among all compared methods on both datasets.

On the radiologist-confirmed subsets (Table 3),
SenRED improves its macro-F1 from 0.796 to
0.833 on MIMIC-CXR and from 0.743 to 0.802
on Open-i, while consistently outperforming both
task-specific baselines and zero-shot VLM base-
lines under a more clinically curated evaluation
setting. The zero-shot VLMs show low and unsta-
ble F1 scores across error types, suggesting that
global image—text alignment is insufficient to pro-
vide the finding-specific visual grounding required
for fine-grained CXR-report error detection. No-
tably, MedGemma-4B-Instruct employs the same

MedSigLIP vision encoder as SenRED, yet yields
substantially inferior performance. This observa-
tion suggests that the challenge does not primarily
arise from visual representation quality, but from
the need for explicit sentence-level supervision and
clinically grounded error modeling.

Additional analyses of threshold sensitivity,
class-wise AUPRC, and image ablation are pro-
vided in Appendix E.

3.4 Exam-Level Results

Table 4 reports exam-level results on the
radiologist-confirmed subsets. Using strict aggre-
gation of its sentence-level predictions, SenRED
outperforms both task-specific and zero-shot VLM
baselines on both datasets. It achieves the best
macro-F1 on both confirmed sets, with 0.658 on
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Error Types

Dataset Method
FP FN MISLOC NOERR Avg
Exam-Swap — - - 0.441[0.333, 0.541] —
Sent-Swap - - - 0.677 [0.529, 0.795] -

Exam-1SentErr
MIMIC-CXR Qwen3-VL-4B-Instruct

0.565 [0.367, 0.724] 0.800[0.667, 0.899] 0.333[0.125,0.524] 0.571[0.447, 0.680] 0.568 [0.475, 0.652]
0.368 [0.222, 0.500] 0.516[0.353,0.657] 0.405[0.261,0.535] 0.4291[0.222, 0.604] 0.4301[0.353, 0.496]

Confirmed MedGemma-4B-Instruct 0.000 [0.000, 0.000] 0.2501[0.061, 0.426] 0.000 [0.000, 0.000] 0.429[0.319, 0.532] 0.1707[0.118, 0.220]
CheXagent-2-3B 0.29910.194, 0.400] 0.3331[0.222,0.436] 0.433[0.325,0.533] 0.4501[0.339,0.551] 0.3791[0.362, 0.390]
SenRED 0.638[0.457,0.781] 0.746[0.600, 0.857] 0.591[0.390, 0.750] 0.656[0.508,0.776] 0.658 [0.565, 0.737]
SenRED (Single-target top-1) 0.667 [0.500, 0.795] 0.806 [0.689, 0.897] 0.720[0.558, 0.846] 0.656 [0.508, 0.776] 0.712[0.623, 0.788]

Exam-Swap - - - 0.388[0.230, 0.528] -

Sent-Swap - - - 0.625[0.387, 0.800] -
Exam-1SentErr 0.61510.348,0.813] 0.4001[0.111, 0.667] 0.333[0.000, 0.588] 0.464[0.291, 0.615] 0.453[0.311, 0.578]
Open-i Qwen3-VL-4B-Instruct 0.3811[0.182, 0.560] 0.44410.182, 0.667] 0.2701[0.069, 0.450] 0.500 [0.240, 0.710] 0.399[0.291, 0.490]
Confirmed MedGemma-4B-Instruct 0.000 [0.000, 0.000] 0.100 [0.000, 0.300] 0.000 [0.000, 0.000] 0.394[0.237, 0.535] 0.124[0.069, 0.187]

CheXagent-2-3B
SenRED

0.203 [0.071, 0.339] 0.433[0.269, 0.581] 0.462[0.300, 0.603] 0.400 [0.233, 0.548] 0.3751[0.348, 0.392]
0.75910.539, 0.909] 0.583[0.308, 0.800] 0.546 [0.235,0.769] 0.750[0.546, 0.895] 0.659 [0.523, 0.768]

SenRED (Single-target top-1) 0.667 [0.444, 0.833] 0.710[0.500, 0.870] 0.667 [0.400, 0.857] 0.750 [0.546, 0.895] 0.698 [0.565, 0.808]

Table 4: Exam-level results on radiologist-confirmed subsets. Values are per-class F1 and macro-F1 (Avg) with 95%
confidence intervals from 10,000 bootstrap resamples. The zero-shot VLMs are evaluated as class-wise one-vs-rest
detectors. Because Exam-Swap and Sent-Swap are binary baselines, only their NOERR F1 is reported.

MIMIC-CXR and 0.659 on Open-i, yielding abso-
lute gains of 0.090 and 0.206 over Exam-1SentErr,
respectively. Among the three error types, the
largest gains over Exam-1SentErr are observed for
MISLOC on both datasets. Compared with Exam-
1SentErr, which predicts from a single global report
embedding, these results support sentence-wise ver-
ification followed by aggregation as an effective
approach to exam-level error detection.

We further report SenRED with single-target
top-1 aggregation, which improves macro-F1 from
0.658 to 0.712 on MIMIC-CXR and from 0.659
to 0.698 on Open-i. This gain indicates that even
when multiple sentences are flagged, SenRED of-
ten ranks the injected erroneous sentence highest
and correctly identifies its error type.

3.5 Ablation Study

Figure 2 summarizes macro-F1 on the full error-
injected test sets and radiologist-confirmed subsets,
with class-wise results provided in Appendix Ta-
ble 9. Globally pooled linear and MLP heads con-
sistently underperform sentence-conditioned cross-
attention and Perceiver heads (SenRED). Notably,
although SenRED uses the MedSigLIP vision en-
coder, replacing llm2vec4cxr with the jointly pre-
trained MedSigLIP text encoder substantially de-
grades performance, particularly on Open-i. This
suggests that the MedSigLIP text encoder is less
effective than llm2vec4cxr at capturing the fine-
grained clinical semantics needed for error detec-

tion. Removing HiFi generally yields modestly
lower macro-F1 point estimates across evaluation
settings. Increasing Perceiver capacity in SenRED-
Large (R = 4, L = 2) does not improve per-
formance on the full test sets but achieves higher
macro-F1 on both confirmed subsets, suggesting
that increased capacity may be more beneficial for
clinically adjudicated, less ambiguous cases.

4 Conclusion

We reformulated CXR report error detection as
sentence-level vision-language learning by decom-
posing reports into atomic finding statements and
verifying each statement against image evidence.
We introduced SenRED, a sentence-level report er-
ror detector that uses sentence-conditioned patch
aggregation to predict clinically relevant error cat-
egories, including false positives, false negatives,
and mislocalization. Experiments on MIMIC-CXR
and Open-i show that SenRED consistently im-
proves over task-specific baselines and zero-shot
instruction-tuned VLMs in both sentence-level and
exam-level evaluations, with gains maintained on
radiologist-confirmed subsets. These results sup-
port sentence-level consistency checking as an ef-
fective approach for fine-grained CXR-report error
detection.

5 Limitations

This study evaluates synthetically injected CXR—
sentence inconsistencies in MIMIC-CXR and
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Figure 2: Macro-F1 ablation results on the MIMIC-CXR and Open-i full error-injected test sets and their radiologist-
confirmed subsets. Points denote macro-F1, dotted horizontal bars indicate 95% confidence intervals from 10,000
bootstrap resamples. Complete class-wise ablation results are provided in Appendix Table 9.

Open-i rather than naturally occurring report er-
rors. Our FP/FN/MISLOC taxonomy excludes
clinically relevant errors involving severity, hedg-
ing, morphology, temporal change, and multiple
interacting errors. Exam-level labels are report-
derived proxies rather than direct image annota-
tions, and the dual-level labeler lacks indepen-
dent validation on a held-out benchmark; errors
in source reports and label assignment may there-
fore propagate through training and evaluation. Al-
though radiologist-confirmed subsets are used for
more reliable evaluation, they are relatively small
and may not capture the full distribution of real
clinical report errors. Our exam-level aggregation
assumes at most one injected target error in the
confirmed setting. Because zero-shot VLMs differ
in task supervision and domain-specific pretrain-
ing, they serve only as contextual references rather
than supervision-matched architectural compar-
isons. Evaluation on natural errors across broader
institutions, modalities, languages, reporting styles,
and multi-error reports is needed before clinical
deployment.

6 Ethical Considerations

This study was approved by our institutional re-
view board. All experiments were conducted us-
ing de-identified, previously collected chest X-ray
datasets. We used the datasets in accordance with
their respective data-use agreements and licenses.
In particular, restricted clinical data were not trans-
mitted to external APIs or public online services;

all preprocessing, including report decomposition
and label generation, as well as model training and
evaluation, was performed in a local controlled
computing environment. Any derived artifacts, in-
cluding synthetic or radiologist-confirmed evalua-
tion examples, are intended for research use only
and will be released only to the extent permitted
by the access conditions and licenses of the source
datasets.

SenRED is intended as a research prototype for
studying image—report consistency in chest X-ray
interpretation. It is not intended for autonomous
diagnosis or direct clinical deployment. Incorrect
predictions could either miss clinically relevant
report errors or create unnecessary alerts, so any
future clinical use would require prospective val-
idation, careful monitoring of failure modes, and
integration under qualified human oversight.

Use of AI Assistants

We used ChatGPT (OpenAl) for code debugging
and manuscript editing. The authors reviewed and
take responsibility for all content.
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A Examples of Report Preprocessing

Before generating sentence-level supervision, we
concatenate the findings and impression sections
of each report and rewrite the combined text into
atomic finding statements. The preprocessing aims
to split sentences that mention multiple findings,
normalize negation and uncertainty, and convert
temporal or comparative descriptions into state-
ments about the current exam while preserving the
original clinical meaning. Table 5 shows represen-
tative examples.

B Radiologist Confirmation Instructions

For the radiologist-confirmed test sets, each image—
sentence pair was reviewed by a board-certified
radiologist. The reviewing radiologist was shown
the chest X-ray image, the target report sentence,
and the intended evaluation target among FP, FN,
MISLOC, and NOERR. The original instructions
were provided in Korean, the radiologist’s native
language. We provide a complete English transla-
tion of the instructions below.

Instructions. The following error-type defini-
tions were provided for reference:

* False Positive Error: the report text states that
a finding is present, although the finding is not
present in the image.

 False Negative Error: the report text states that
a finding is absent, although the finding is present
in the image.

* Location Mismatch Error: the report text de-
scribes an existing finding at an incorrect loca-
tion, such as the wrong laterality.

For each item, the chest X-ray image, the re-
port sentence, and the intended error type were
shown. The current evaluation target was one of
FP, FN, MISLOC, and NOERR. The radiologist
was asked to determine whether the given report
sentence was consistent with the image findings.

The available response options were:

* Inconsistent
* Consistent
* Ambiguous / cannot determine

Items marked as ambiguous or not determinable
were excluded from the radiologist-confirmed sub-
sets.

C Implementation Details

We implemented all trainable components in Py-
Torch and used Hugging Face Transformers to
load pretrained encoders and vision-language mod-
els. In SenRED, both the image and sentence en-
coders were kept frozen, and only the sentence-
conditioned prediction head was trained. We used
google/medsiglip-448 as the vision encoder and
lukeingawesome/11lm2vec4cxr as the sentence
encoder. Chest X-ray images were preprocessed
using the default MedSigL.IP image processor as-
sociated with google/medsiglip-448.

The frozen LLM2Vec4CXR sentence encoder
contains approximately 1.0B parameters, and the
frozen MedSigLIP vision encoder contains approx-
imately 0.9B parameters. The trainable SenRED
head contains 5,855,240 parameters. Overall,
SenRED uses approximately 1.91B parameters, of
which 5.86M are trainable.

All main training experiments were conducted
on a single NVIDIA RTX A6000 GPU. Training
SenRED for five epochs took approximately 132
hours, primarily due to repeated forward passes
through the two frozen encoders; caching their out-
puts can substantially reduce prediction-head train-
ing time. The zero-shot VLM baselines were eval-
uated by inference only and were not fine-tuned.

For report preprocessing and initial label genera-
tion, we used Llama-3-70B with greedy decoding.
Zero-shot VLM baselines were also evaluated with
deterministic greedy decoding by disabling sam-
pling. Evaluation metrics were computed using
sklearn.metrics.f1_score.

D Prompts for Zero-Shot VLM Baselines

We evaluate Qwen3-VL-4B-Instruct, MedGemma-
4B-Instruct, and CheXagent-2-3B using the same
zero-shot prompting protocol. Each prompt con-
sists of a system message and a user message. The
system message is:

You are an expert radiologist with extensive clin-
ical experience. The user will provide a chest
X-ray image and a sentence or radiology report.
Your task is to classify whether the provided text
contains the specified type of clinical error based
on the given image.

For sentence-level evaluation, the user message
contains the CXR image, the target sentence, and a
class-specific query template, as shown in Table 6.

For exam-level evaluation, the user message con-
tains the CXR image, the multi-sentence report,
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Figure 3: Image-ablated control on the full error-
injected test sets. Filled circles and open circles denote
NOERR AUPRC obtained with correctly paired CXRs
and random-noise CXRs, respectively; gray crosses in-
dicate the NOERR prevalence in each dataset.

and a class-specific query template, as shown in
Table 7.

E Additional Analyses

E.1 Image-Ablated Control

Figure 3 compares NOERR AUPRC obtained with
correctly paired CXRs and with random-noise im-
ages. Replacing the CXRs with random noise re-
duced AUPRC from 0.972 to 0.582 on MIMIC-
CXR and from 0.980 to 0.862 on Open-i. The
random-noise result fell below the NOERR preva-
lence on MIMIC-CXR but remained above it on
Open-i, indicating that residual text-derived signal
was more evident in the external dataset. Never-
theless, paired-CXR performance was consistently
higher, supporting the conclusion that SenRED
uses visual information and that its performance
cannot be explained solely by textual construction
cues.

E.2 Threshold Sensitivity and Class-Wise
AUPRC

We evaluate threshold sensitivity for Exam-
1SentErr and SenRED, the two four-class trained
models that use the NOERR gate. The prompted
VLM baselines return class-specific yes/no deci-
sions and do not use this inference rule. Figure 4
reports macro-F1 for 7 € {0.3,0.4,0.5,0.6,0.7}.
SenRED outperforms Exam-1SentErr at every eval-
uated threshold on all four evaluation sets.

Table 8 reports the corresponding threshold-
free, class-wise area under the precision—recall
curve (AUPRC) from the continuous output scores.
SenRED achieves higher AUPRC than Exam-
1SentErr for every output class on all four evalua-

tion sets, and it also achieves the highest NOERR
AUPRC among the task-specific methods.

F Class-Wise Ablation Results

Table 9 provides the per-class F1 scores and 95%
confidence intervals corresponding to the macro-
F1 results summarized in Figure 2. On the full
test sets, the globally pooled linear head performs
worst across all classes, while the largest advan-
tage of sentence-conditioned aggregation over the
stronger MLP head is observed for MISLOC: F1
increases from 0.630 to 0.686-0.695 on MIMIC-
CXR and from 0.482 to 0.584—0.593 on Open-i
with the cross-attention head and SenRED, respec-
tively. This pattern is consistent with sentence-
conditioned visual aggregation being particularly
useful for errors that require finding-specific lo-
calization. Replacing llm2vec4cxr with the Med-
SigLIP text encoder lowers F1 for every class on
both full test sets, with the largest reductions oc-
curring for MISLOC, indicating that the choice of
clinical sentence representation is especially impor-
tant for fine-grained spatial consistency checking.
The effect of HiFi is less uniform across classes:
it generally benefits FN and MISLOC, whereas
removing it occasionally produces slightly higher
FP or NOERR point estimates, particularly on
Open-i. Finally, the gains of SenRED-Large on the
confirmed subsets arise from higher FP and FN
F1 on MIMIC-CXR and improvements across all
four classes on Open-i, most notably for MISLOC;
however, the wide and substantially overlapping
confidence intervals warrant cautious interpretation
of these class-wise differences.
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Figure 4: Threshold sensitivity of sentence-level macro-F1 on (a—b) the full error-injected test sets and (c—d)
radiologist-confirmed synthetic subsets. Solid lines with circles denote SenRED, dashed lines with squares denote
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Original report

Preprocessed report

Example 1

The lungs are clear of focal consolidation, pleural effusion
or pneumothorax. The heart size is normal. The mediastinal
contours are normal. Multiple surgical clips project over
the left breast, and old left rib fractures are noted. No acute
cardiopulmonary process.

The lungs are clear of focal consolidation. The lungs are
clear of pleural effusion. The lungs are clear of pneumotho-
rax. The heart size is normal. The mediastinal contours are
normal. Multiple surgical clips project over the left breast.
Old left rib fractures are noted. No acute cardiopulmonary
process is present.

Finding labels: Positive: Fracture; Negative: Consolidation, Effusion, Pneumothorax, Widened Mediastinal Silhouette, and

No Finding; Not mentioned: all remaining categories.

Example 2

Compared to chest radiographs since ___, most recently one
___. Previous mild pulmonary edema and possible concur-
rent pneumonia has all cleared. Heart is top-normal size,
improved, and pleural effusions have resolved. Right hilar
vessels are still enlarged, perhaps due to pulmonary arterial
hypertension. Lateral view shows atherosclerotic coronary
calcification in the left circumflex.

No pulmonary edema is present. No pneumonia is present.
The heart is top-normal in size. No pleural effusions are
present. Right hilar vessels are enlarged, perhaps due to
pulmonary arterial hypertension. Atherosclerotic coronary
calcification is seen in the left circumflex on the lateral view.

Finding labels: Positive: None; Negative: Consolidation, Effusion, Pulmonary Edema, and No Finding; Not mentioned: all

remaining categories.

Example 3

As compared to ___, widespread areas of airspace consol-
idation have slightly improved and continue to involve the
right lung to a greater degree than the left. Moderate right
and small left pleural effusions are again demonstrated, and
no pneumothorax detected.

There are widespread areas of airspace consolidation. The
consolidation involves the right lung to a greater degree than
the left. There is a moderate right pleural effusion. There is
a small left pleural effusion. No pneumothorax is detected.

Finding labels: Positive: Consolidation and Effusion; Negative: Pneumothorax and No Finding; Not mentioned: all

remaining categories.

Example 4

Comparison to ___. All monitoring and support devices,
including the ventricular assist device, are in stable posi-
tion. No substantial decrease in severity of the pre-existing
pulmonary edema. Moderate cardiomegaly persists. No
pneumothorax. Stable retrocardiac atelectasis.

All monitoring and support devices, including the ventric-
ular assist device, are present. There is pulmonary edema.
Moderate cardiomegaly is present. No pneumothorax. There
is retrocardiac atelectasis.

Finding labels: Positive: Atelectasis, Pulmonary Edema, and Widened Mediastinal Silhouette; Negative: Pneumothorax

and No Finding; Not mentioned: all remaining categories.

Example 5

The tracheostomy is in adequate position at 5.2 cm above the
carina. There is a left-sided PICC line that ends in the upper
portion of the superior vena cava. There is a nasogastric tube
that is unchanged. There are two chest tubes without visible
pneumothorax. Stability of the left subcutaneous air. There
are still bilateral mild bands of atelectasis. The lung bases
are better aerated. Resolution of the mild pulmonary edema.
Mediastinal and cardiac contour are normal and unchanged.
There are multiple rib fractures on the right axillary line that
are overriding with adjacent mild hemothorax. 1. Resolution
of the mild pulmonary edema. 2. Multiple, unstable, variably

The tracheostomy is in adequate position at 5.2 cm above the
carina. There is a left-sided PICC line that ends in the upper
portion of the superior vena cava. There is a nasogastric
tube. There are two chest tubes. No visible pneumothorax is
present. There is left subcutaneous air. There are bilateral
mild bands of atelectasis. The lung bases are aerated. No
pulmonary edema is present. Mediastinal contour is normal.
Cardiac contour is normal. There are multiple rib fractures
on the right axillary line. The rib fractures are overriding.
There is adjacent mild hemothorax.

‘overriding right rib and small, stable adjacent hemothorax.

Finding labels: Positive: Atelectasis, Fracture, and Subcutaneous Emphysema; Negative: Pneumothorax, Pulmonary
Edema, Widened Mediastinal Silhouette, and No Finding; Not mentioned: all remaining categories.

Table 5: Examples of report preprocessing and their corresponding finding labels. Original reports are formed
by concatenating the findings and impression sections. Preprocessed reports split multi-finding sentences into
atomic finding statements and normalize temporal or comparative descriptions into current-exam statements while
preserving clinical meaning. Positive and negative finding labels are explicitly listed; all unlisted categories in the
13-1abel taxonomy are labeled not mentioned.
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Target class

Sentence-level query

FP

Based on the given chest X-ray image, is this sentence describing a finding that is not actually present
in the image (False Positive error)? Please answer yes or no.

Sentence to evaluate:

{sentence}

FN Based on the given chest X-ray image, is this sentence incorrectly denying or implying the absence
of a finding that is actually present in the image (False Negative error)? Please answer yes or no.
Sentence to evaluate:
{sentence}

MISLOC Based on the given chest X-ray image, is this sentence describing a finding in the wrong anatomical
location (Mislocalization error)? Please answer yes or no.
Sentence to evaluate:
{sentence}

NOERR Based on the given chest X-ray image, does this sentence contain no radiological errors? Please

answer yes if it has no error, and no if it has any radiological error.

Sentence to evaluate:
{sentence}

Table 6: Sentence-level prompt templates for zero-shot VLM baselines.

Target class

Exam-level query

FP

Based on the given chest X-ray image, is this radiology report describing any finding that is not
actually present in the image (False Positive error)? Please answer yes or no without any descriptions.

Radiology report to evaluate:
{report}

FN

Based on the given chest X-ray image, is this radiology report incorrectly denying or omitting any
finding that is actually present in the image (False Negative error)? Please answer yes or no without
any descriptions.

Radiology report to evaluate:
{report}

MISLOC

Based on the given chest X-ray image, is this radiology report assigning any finding to the wrong
anatomical location (Mislocalization error)? Please answer yes or no without any descriptions.

Radiology report to evaluate:
{report}

NOERR

Based on the given chest X-ray image, does this radiology report contain no radiological errors?
Please answer yes if it has no error, and no if it has any radiological error. Do not include any
descriptions.

Radiology report to evaluate:
{report}

Table 7: Exam-level prompt templates for zero-shot VLM baselines.
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Class-wise AUPRC

Dataset Method

FP FN MISLOC NOERR Avg

(a) Full error-injected test sets

Exam-Swap - - - 0.836 -
Sent-Swap - - - 0.906 -
MIMIC-CXR Exam-1SentErr 0.693 0.752  0.548 0.902 0.724
SenRED 0.862 0.869  0.757 0972  0.865
Exam-Swap - - - 0.878 -
Sent-Swap - - - 0.918 -
Open-i Exam-1SentErr 0.749 0.521 0.400 0.928  0.649
SenRED 0.887 0.741 0.627 0.980 0.809
(b) Radiologist-confirmed synthetic subsets
Exam-Swap - - - 0.575 -
Sent-Swap - - - 0.769 -
MIMIC-CXR Exam-1SentErr 0.725 0.941 0.868 0.770  0.826
Confirmed
SenRED 0.866 1.000 0.964 0.939  0.942
Exam-Swap - - - 0.608 -
Open-i Sent-Swap - - - 0.599 -
Conpﬁrmed Exam-1SentErr 0.823 0.824 0.818 0.729  0.798
SenRED 0.923 0976 0.916 0.979  0.948

Table 8: Class-wise AUPRC on the full error-injected test sets and radiologist-confirmed synthetic subsets. Avg is
the unweighted mean across FP, FN, MISLOC, and NOERR for methods that predict all four classes. Because
Exam-Swap and Sent-Swap are binary consistency baselines, only their NOERR AUPRC is applicable.
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Dataset

Error Types

FN

MISLOC

NOERR

Avg

(a) Full error-injected test sets

MIMIC-CXR

Method
FP

Linear head 0.5511[0.545,
MLP head 0.760[0.755,
Cross-attention head 0.7670.763,
MedSigLIP text encoder 0.736[0.732,
w/o HiFi 0.767[0.762,
SenRED 0.77110.767,

SenRED-Large 0.768 [0.763,

0.557] 0.682[0.678,
0.764] 0.811[0.808,
0.771] 0.806 [0.803,
0.741] 0.789[0.786,
0.771] 0.8101[0.807,
0.775] 0.812[0.809,
0.772] 0.810[0.808,

0.685] 0.329[0.320,
0.813] 0.630[0.622,
0.808] 0.686 [0.679,
0.792] 0.609 [0.601,
0.812] 0.681[0.674,
0.815] 0.695 [0.688,
0.813] 0.684[0.677,

0.337] 0.854[0.853,
0.637] 0.905 [0.904,
0.693] 0.903 [0.901,
0.617] 0.895[0.894,
0.688] 0.906 [0.905,
0.702] 0.906 [0.905,
0.691] 0.906 [0.905,

0.856] 0.604 [0.601,
0.906] 0.776[0.774,
0.904] 0.790[0.788,
0.896] 0.757[0.755,
0.907] 0.791[0.788,
0.907] 0.796[0.793,
0.907] 0.792 [0.790,

0.607]
0.779]
0.793]
0.760]
0.793]
0.798]
0.795]

Open-i

Linear head 0.425[0.408,
MLP head 0.758[0.747,
Cross-attention head 0.77510.764,
MedSigLIP text encoder 0.741[0.729,
w/o HiFi 0.794[0.783,
SenRED 0.792[0.781,

SenRED-Large 0.784[0.773,

0.442] 0.494[0.478,
0.769] 0.645[0.631,
0.786] 0.6321[0.618,
0.752] 0.569 [0.554,
0.804] 0.646[0.632,
0.802] 0.660 [0.646,
0.794] 0.660 [0.647,

0.510] 0.243[0.204,
0.658] 0.482 [0.444,
0.646] 0.584[0.551,
0.585] 0.463 [0.425,
0.660] 0.567 [0.532,
0.673] 0.593 [0.559,
0.674] 0.576[0.541,

0.283] 0.892 [0.889,
0.520] 0.924[0.921,
0.615] 0.926[0.924,
0.500] 0.919[0.917,
0.602] 0.931[0.929,
0.625] 0.929 [0.927,
0.610] 0.928 [0.926,

0.894] 0.513[0.502,
0.926] 0.702[0.691,
0.929] 0.729 [0.720,
0.921] 0.673[0.662,
0.933] 0.734[0.724,
0.931] 0.743[0.733,
0.931] 0.737[0.727,

0.525]
0.713]
0.739]
0.684]
0.745)
0.753]
0.747)

(b) Radiologist-confirmed synthetic subsets

MIMIC-CXR
Confirmed

Linear head
MLP head

0.4191(0.216,
0.72110.577,

Cross-attention head 0.73710.591,
MedSigLIP text encoder 0.750 [0.604,
w/o HiFi 0.772[0.632,
SenRED 0.7370.594,

SenRED-Large 0.75910.619,

0.595] 0.868 [0.755,
0.839] 0.983[0.941,
0.853] 0.949 [0.880,
0.866] 0.967 [0.909,
0.881] 0.983[0.941,
0.853] 0.983[0.939,
0.868] 1.000 [1.000,

0.952] 0.468[0.273,
1.000] 0.57810.381,
1.000] 0.7451[0.591,
1.000] 0.7501[0.595,
1.000] 0.735[0.571,
1.000] 0.808 [0.667,
1.000] 0.800[0.655,

0.630] 0.536[0.409,
0.733] 0.773[0.657,
0.864] 0.795 [0.678,
0.873] 0.763 [0.641,
0.857] 0.773 [0.656,
0.913] 0.806 [0.694,
0.909] 0.806 [0.694,

0.649] 0.573[0.483,
0.868] 0.764 [0.685,
0.889] 0.806[0.732,
,0.873]
0.867] 0.816[0.742,
0.897] 0.833[0.763,
0.897] 0.841[0.774,

0.861] 0.808 [0.732

0.654]
0.833]
0.872]

0.880]
0.895]
0.901]

Open-i
Confirmed

Linear head 0.300 [0.000,
MLP head 0.800 [0.609,
Cross-attention head 0.8151[0.609,
MedSigLIP text encoder 0.690 [0.455,
w/o HiFi 0.828 [0.640,
SenRED 0.800[0.609,

SenRED-Large 0.828 [0.640,

0.546] 0.5001[0.182,
0.933] 0.889[0.727,
0.957] 0.696[0.421,
0.857] 0.546[0.250,
0.957] 0.800[0.571,
0.938] 0.8151[0.615,
0.957] 0.846[0.667,

0.741] 0.400710.111,
1.000] 0.696 [0.429,
0.882] 0.933[0.815,
0.774] 0.609[0.333,
0.952] 0.846[0.667,
0.952] 0.8151[0.615,

0.968] 0.929 [0.800.

0.647] 0.500 [0.328,
0.889] 0.750[0.571,
1.000] 0.7501[0.571,
0.818] 0.565[0.372,
0.968] 0.750[0.571,
0.957] 0.778 [0.593,
, 1.000] 0.811[0.645,

0.645] 0.425[0.279,
0.884] 0.784[0.665,
0.882] 0.799 [0.684,
0.720] 0.602 [0.461,
0.884] 0.806 [0.692,
0.909] 0.802 [0.689,
0.930] 0.853[0.751,

0.552]
0.882]
0.891]
0.721]
0.899]
0.896]
0.934]

Table 9: Ablation results on (a) the full error-injected test sets and (b) radiologist-confirmed subsets of the synthetic
error-injected test sets. Values are per-class F1 and macro-F1 (Avg) with 95% confidence intervals from 10,000
bootstrap resamples. SenRED denotes the default full model configuration. SenRED-Large uses increased Perceiver

capacity.
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