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Abstract

Automated radiology report generation is ex-
panding across imaging modalities and anatom-
ical regions, yet its evaluation remains mis-
aligned with diagnostic priorities. Existing
metrics either rely on surface-level text sim-
ilarity or require slow, costly generative infer-
ence. This limits their ability to detect clini-
cally significant errors, such as hallucinated or
omitted abnormal findings, and prevents their
use as efficient reward signals during training.
We introduce POLAR (POlarity-Aware Long-
context Anatomy-conditioned Regression), an
encoder-based evaluation metric built on Mod-
ernBERT. POLAR combines long-context in-
puts for multi-organ reports, anatomy condi-
tioning for targeted body-region evaluation,
and polarity-aware regression that explicitly
distinguishes normal from abnormal findings,
yielding a more clinically meaningful assess-
ment than prior metrics. Across real-world,
radiologist-annotated CXR benchmarks and ex-
pert preference datasets, POLAR achieves com-
petitive alignment with radiologist judgments
while running 11× faster than generative evalu-
ators, making it practical for large-scale bench-
marking and as a training-time reward signal.
We publicly release POLAR and the POLAR-
Synth dataset, along with a fully open-source,
privacy-preserving pipeline for data generation,
training, and inference, enabling the metric to
be extended to new modalities and anatomies.

1 Introduction

Recent advances in medical vision-language mod-
els have substantially improved automated radiol-
ogy report generation across imaging modalities
and anatomical regions (Chen et al., 2024; Zhou
et al., 2026; Sellergren et al., 2026; Pellegrini et al.,
2025; Buess et al., 2026), extending from single-
view chest radiographs to long-form, multi-organ
reporting for volumetric imaging (Blankemeier
et al., 2026; Hamamci et al., 2026). As gener-

Metric Clin. Abn. Ctx-lim. Anat. Speed Lbl. Open

NLG Metrics

BLEU (Papineni et al., 2002) ✗ ✗ ✗ ✗ + ✗ ✓
ROUGE (Lin, 2004) ✗ ✗ ✗ ✗ + ✗ ✓
BERTScore (Zhang* et al., 2020) ✗ ✗ ✓ ✗ + ✗ ✓

Clinically Grounded Metrics

CheXbert (CE) (Smit et al., 2020) ✓ ✓ ✓ ✗ + ✓ ✓
CheXprompt (Zambrano Chaves et al., 2025) ✓ ✗ ✗ ✗ - ✗ ✗
CRG (Hamamci et al., 2025) ✓ ✓ ✗ ✗ + ✓ ✓
FineRadScore (Huang et al., 2024) ✓ ✓ ✗ ✗ - ✗ ✗
MedVAL (Aali et al., 2026) ✓ ✓ ✗ ✗ - ✗ ✗
RadCliQ (Yu et al., 2023a) ✓ ✓ ✓ ✗ + ✗ ✓
RadEvalBERTScore (Xu et al., 2025) ✓ ✓ ✗ ✗ + ✗ ✓
RadFact (Bannur et al., 2024) ✓ ✗ ✗ ✗ - ✗ ✗
RadGraph (Yu et al., 2023a) ✓ ✗ ✗ ✗ + ✗ ✓
RaTEScore (Zhao et al., 2024) ✓ ✓ ✗ ✗ + ✗ ✓
GREEN (Ostmeier et al., 2024) ✓ ✗ ✓ ✗ - ✗ (✓)
CRIMSON (Baharoon et al., 2026) ✓ ✓ ✗ ✗ - ✗ (✓)
POLAR-LM (Ours) ✓ ✓ ✗ ✓ - ✗ ✓

Clinically Grounded Regression Metrics

CREPE (Cho et al., 2025) ✓ ✗ ✓ ✗ + ✗ (✓)
POLAR (Ours) ✓ ✓ ✗ ✓ + ✗ ✓

Table 1: Radiology report evaluation metrics across
seven dimensions. Clin.: clinically grounded (beyond
lexical/semantic overlap). Abn.: differentiates normal
vs. abnormal findings in scoring. Ctx-lim.: subject to
input-length truncation. Anat.: supports region-specific
evaluation. Speed: + fast, – slow. Lbl.: restricted to a
closed label set. Open: open-source pipeline.

ation broadens across modalities and anatomies,
evaluation has emerged as a critical bottleneck.

At its core, this bottleneck reflects a mismatch
between natural language generation (NLG) met-
rics and clinical reasoning (Buess et al., 2025;
Zhang et al., 2025d). Lexical and semantic similar-
ity metrics such as BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), and BERTScore (Zhang*
et al., 2020) reward surface-level overlap while
remaining insensitive to clinical correctness, often
assigning high scores to reports that omit critical
abnormalities or misrepresent findings. Recent clin-
ically grounded evaluators improve factual sensi-
tivity and alignment with radiologist preferences
(Ostmeier et al., 2024; Bannur et al., 2024; Cho
et al., 2025), but still fall short on four fronts.

As summarized in Table 1, current evaluation
methods exhibit four major shortcomings: they are
(1) polarity-blind, scoring abnormal findings the
same as normal ones despite their different clini-
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cal risk profiles (Zhang et al., 2025b; Roschewitz
et al., 2026); (2) anatomically coarse, operating at
the full-report level and obscuring localized errors
in clinically relevant regions; (3) context-limited,
with short context windows that force truncation
of long, multi-organ CT and MRI reports; and (4)
slow, for generative evaluators, making them im-
practical to scale or use as reward signals in rein-
forcement learning (Delbrouck et al., 2022; Zhang
et al., 2025a; Wang et al., 2025). Beyond these
methodological gaps, several pipelines also depend
on closed-source models for training data gener-
ation (e.g. GPT-4 (Ostmeier et al., 2024)) or in-
ference, limiting reproducibility, extensibility, and
privacy-preserving use in clinical settings.

To address these limitations, we propose PO-
LAR (POlarity-Aware Long-context Anatomy-
conditioned Regression), an encoder-based eval-
uation metric for radiology reports across CXR,
CT, and MRI. POLAR combines polarity-aware
multi-head regression with anatomy conditioning,
enabling targeted assessment of clinically rele-
vant findings within specific anatomical regions.
Built on a long-context encoder backbone, PO-
LAR supports full-report evaluation without trun-
cation while remaining efficient for large-scale
benchmarking and training-time feedback. PO-
LAR is trained on POLAR-Synth, a large-scale
multi-modal dataset of ∼80K reference-candidate
report pairs spanning CXR, CT, and MRI with
structured polarity- and anatomy-aware error anno-
tations, which we release with this work.

Our contributions are summarized as follows:

• Polarity-aware scoring: We introduce a
multi-head regression architecture that explic-
itly distinguishes normal from abnormal find-
ings in both errors and matches, enabling
more clinically meaningful scoring.

• Anatomy-conditioned evaluation: We in-
troduce anatomy conditioning for targeted,
region-specific assessment of report quality,
revealing which anatomical regions a model
handles well or poorly.

• Long-context evaluation: We introduce an
encoder-based evaluator with up to 2,048 in-
put tokens, enabling full-report assessment of
long CT and MRI reports without truncation.

• Open-source dataset and pipeline: We
release POLAR-Synth, a large-scale multi-
modal corpus of ∼80K reference-candidate

report pairs across CXR, CT, and MRI with
polarity- and anatomy-aware error annota-
tions, alongside an open-source pipeline for
dataset generation, training, and inference.

2 Related Work

Natural language generation metrics. NLG met-
rics such as BLEU (Papineni et al., 2002), ROUGE
(Lin, 2004), and METEOR (Banerjee and Lavie,
2005) have long been used to evaluate radiology
report generation due to their simplicity and ef-
ficiency. Semantic metrics such as BERTScore
(Zhang* et al., 2020) improve robustness to para-
phrasing by leveraging contextual embeddings.
However, these metrics remain largely insensitive
to clinical factuality and often fail to capture diag-
nostically important errors (Ostmeier et al., 2024).

Clinically grounded metrics. To improve clini-
cal relevance, many radiology evaluation methods
move beyond surface-level overlap by mapping re-
ports to structured clinical representations such as
finding labels or entity-relation graphs (Smit et al.,
2020; Hamamci et al., 2025; Zhao et al., 2024), bet-
ter capturing clinically meaningful content than
lexical metrics. Some methods are tied to pre-
defined label spaces and miss errors outside their
scope (Smit et al., 2020; Hamamci et al., 2025);
others rely on slow LLM-based extraction (Ost-
meier et al., 2024; Aali et al., 2026; Huang et al.,
2024). Many operate on short contexts, produce
only global report-level scores, and do not account
for the different clinical importance of normal and
abnormal findings (Zhang et al., 2025b). RadE-
valBERTScore (Xu et al., 2025) relaxes the con-
text limit with a long-context encoder, but remains
similarity-based without structured error, polarity,
or anatomy modeling.

LLM-based evaluation. Recent work uses
LLMs as evaluators that reason about discrepancies
between reference and candidate reports. Methods
such as GREEN (Ostmeier et al., 2024), CRIM-
SON (Baharoon et al., 2026), and RadFact (Bannur
et al., 2024) align well with radiologist preferences
and provide interpretable error explanations, but
are substantially slower and more expensive, lim-
iting their use for large-scale benchmarking or as
reward signals during training. Several pipelines
also rely on closed-source models for synthetic data
generation (Ostmeier et al., 2024; Cho et al., 2025;
Baharoon et al., 2026) or inference (Bannur et al.,
2024), and the training corpora are typically not
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released. This limits transparency, reproducibility,
and privacy-preserving deployment in clinical set-
tings, since reproducing or extending the metrics
requires uploading patient data to external APIs.

Encoder-based regression metrics. Encoder-
only regression approaches predict structured error
counts directly from report pairs, offering a faster
alternative to generative evaluation (Calamida et al.,
2023). CREPE (Cho et al., 2025) shows this
paradigm can achieve competitive clinical align-
ment while remaining efficient. However, these
methods typically inherit the 512-token limits of
legacy BERT-style encoders, often insufficient for
long CT or MRI reports and forcing truncation of
clinically relevant findings. POLAR extends this
paradigm along three axes: long-context encod-
ing for full multi-organ reports, polarity-aware re-
gression separating normal from abnormal findings,
and anatomy conditioning for localized assessment.

3 POLAR-Synth Dataset

POLAR is built in two stages: we first construct
POLAR-Synth, a large-scale corpus of reference–
candidate report pairs with structured polarity- and
anatomy-aware error annotations (this section), and
then train an encoder-based regressor on these an-
notations (Section 4). Each POLAR-Synth exam-
ple consists of a radiologist-written reference, a
candidate report, and clinical discrepancy anno-
tations distilled from a locally hosted GPT-OSS-
120B (Agarwal et al., 2025), yielding targets that
can be learned by an encoder-based regressor.

3.1 Multi-Modal Data Sources

POLAR-Synth is constructed from report pairs,
each consisting of a reference report Rref (ground
truth) and a candidate report Rcand (prediction),
spanning multiple imaging modalities, anatomi-
cal regions, and report styles. We include four
source datasets to capture variation in report length,
anatomical coverage, and clinical complexity:

• GREEN-CXR (Ostmeier et al., 2024): Chest
X-ray (CXR) reports collected from six public
datasets with relatively short reports.

• CT-RATE (Hamamci et al., 2026): Chest CT
reports with longer descriptions, richer clini-
cal detail, and more anatomical complexity.

• Merlin (Blankemeier et al., 2026): Structured
multi-organ abdominal CT reports that ex-

GPT-OSS-120b POLAR-Synth Dataset

Candidate ReportReference Report

GREEN-CXR

Candidate ReportReference Report

CT-RATE

Candidate ReportReference Report

MR-RATE

Candidate ReportReference Report

Merlin

Figure 1: POLAR-Synth dataset pipeline: : chest
x-ray, : CT/MRI, : chest x-ray report generation
models, : synthetic generation of candidate reports, :
CT-CHAT model, : Merlin model.

tend beyond the thoracic domain and provide
broader anatomical coverage.

• MR-RATE (Forithmus, 2026): Brain and
spine MRI reports for modality diversity.

3.2 Candidate Synthesis

For each source dataset, we pair Rref with a can-
didate Rcand from five heuristics covering realistic
predictions and controlled perturbations (Figure 1):
(1) report generation with state-of-the-art report
generation models, (2) LLM-based synthetic er-
ror insertion, (3) random report reassignment from
a different patient, (4) meaning-preserving rewrit-
ing, and (5) sentence-level dropping or shuffling.
This mixture follows prior synthetic-supervision
pipelines (Ostmeier et al., 2024; Cho et al., 2025;
Baharoon et al., 2026) and covers hallucination,
paraphrase, and omission errors. Heuristics (1)–(2)
each contribute 25% (not MR-RATE, which lacks
a generation model) and (3)–(5) each contribute
16.7%; see Appendix A for details and prompts.

3.3 Polarity-Aware Error Analysis

Given a report pair (Rref, Rcand), GPT-OSS pro-
duces a structured comparison with clinically sig-
nificant errors, insignificant errors, and matched
findings (Figure 2). The analysis covers eight er-
ror categories extending GREEN’s taxonomy (Ost-
meier et al., 2024) with two attribute-level types for
quantitative and descriptive errors common in CT
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and MRI reports: (a) false report, (b) missing find-
ing, (c) incorrect location, (d) incorrect severity,
(e) spurious comparison, (f) missing comparison,
(g) incorrect quantitative detail, and (h) incorrect
descriptive attribute. Significant vs. insignificant
errors are distinguished by whether the discrepancy
involves an abnormal or normal finding (see Ap-
pendix C). Matched findings are likewise split into
normal and abnormal findings. These counts form
POLAR’s regression targets. We treat GPT-OSS-
120B as a teacher rather than ground truth. Its an-
notations are validated against a human-annotated
CXR benchmark (Section 6.1), Appendix C shows
a representative output, and POLAR’s alignment
with expert radiologists across seven independent
benchmarks (Section 6) further supports the clini-
cal informativeness of this supervision.

POLAR Summary
[Explanation]:

<Explanation here>

[Clinically Significant Errors]:

(a) False report of a finding in the candidate

(b) Missing a finding present in the reference

(c) Misidentification of a finding’s anatomic location or position...

(d) Misassessment of the severity or extent of a finding

(e) Mentioning a comparison that isn’t in the reference

(f) Omitting a comparison detailing a change from a prior study

(g) Misstatement of quantitative details such as size or number...

(h) Misstatement of descriptive attributes (e.g., morphology, ...)

[Clinically Insignificant Errors]:

(a)–(h)

[Matched Findings]:

– Normal findings

– Abnormal findings

Figure 2: POLAR error analysis schema: eight error
categories and two polarity-aware matched findings.

3.4 Anatomy Labeling
Beyond global report-level supervision, POLAR-
Synth assigns each extracted error and matched
finding to an anatomical region, enabling localized
supervision and anatomy-conditioned evaluation.
GPT-OSS assigns each error and matched finding
exactly one label from a predefined anatomy vo-
cabulary, with Other when no specific anatomy ap-
plies (Figure 3). We use dataset-specific anatomy
vocabularies (region taxonomies for structuring re-
ports per modality): (Moll et al., 2025) for CXR,
RadGenome (Zhang et al., 2025c) for CT-RATE,
a brain/spine split for MR-RATE, and the original
work (Blankemeier et al., 2026) for Merlin. Full
per-dataset vocabularies are in Appendix B.

Anatomy Labeling Output
...

[Errors]:

(b) Missing a finding: 1. “Right pleural effusion” <a>Pleura</a>;

[Matched Findings]:

- Normal findings: 1. “No hydronephrosis” <a>Kidney</a>

- Abnormal findings: 1. “Pancreatic duct dilatation” <a>Pancreas</a>

Figure 3: Example anatomy-labeled output.

Source dataset Modality Full
Reports

Anatomy
Reports

#
Anatomies

Tokens
(mean / P99)

GREEN (CXR) CXR 23,204 46,177 7 56 / 161
CT-RATE CT 22,196 44,366 10 268 / 555
MR-RATE MRI 17,155 33,285 2 247 / 528
Merlin CT 18,071 27,539 13 377 / 825

POLAR-Synth CXR, CT, MRI 80,626 151,367 31 -

Table 2: POLAR-Synth source datasets: full-report
pairs, anatomy-conditioned examples, anatomy labels,
and report length in ModernBERT tokens (mean / P99).
The POLAR-Synth anatomy count (31) deduplicates
one anatomy that appears in two source vocabularies.

3.5 Conditioning Triplet Assembly
From GPT-OSS annotations, we construct training
triplets (Rref, Rcand, C), where C is the anatomy
conditioning. We use three complementary types:

• Full-report: C = “full report”, with targets
summing error counts across all anatomies.

• Positive anatomy: an anatomy present in Rref
(e.g., C = “heart”), with anatomy-specific
error or matched findings targets > 0.

• Negative anatomy: an anatomy with no as-
sociated errors or matched findings, with the
target vector set to zero to teach the model to
suppress unrelated errors.

Each report pair provides global and anatomy-
specific supervision, with positives and nega-
tives drawn from each dataset’s vocabulary. Per-
anatomy counts are in Appendix I. Table 2 summa-
rizes POLAR-Synth.

4 POLAR

POLAR is an encoder-based metric for radiology
report evaluation that predicts polarity-aware error
counts conditioned on anatomical context. Given
a reference report Rref, a candidate report Rcand,
and an anatomy condition C, POLAR predicts an
error count vector covering eight error categories
and two matched-finding polarities (see Figure 4):

f(Rref, Rcand, C) = ŷ ∈ R10. (1)
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Tokenizer

ModernBERT

Regression Head

Candidate Tokens<Sep>Conditioning Tokens <Pad>Reference Tokens<Sep><CLS>

&$*+

Reference Report !!"# Candidate Report !$%&'

… … …

2,048

POLAR' d e f+ , -%,g h -&

…
Conditioning "

Figure 4: POLAR encodes reference, candidate, and
anatomy condition to predict a 10-dimensional vector of
polarity-aware error and matched-finding counts. Heads
(a)–(h) cover the eight significant error categories; mn

and mab count matched normal and abnormal findings.

4.1 Input Formulation
The input sequence is constructed as

X = [CLS]⊕ C ⊕ [SEP]

⊕Rref ⊕ [SEP]⊕Rcand
(2)

where ⊕ denotes concatenation and C is a textual
anatomy condition (e.g., “heart”, “liver”, “full re-
port”). POLAR encodes X with BioClinical Mod-
ernBERT (Sounack et al., 2025), using its 2,048-
token context to cover all source datasets without
truncation, unlike conventional 512-token encoder-
based evaluators (Table 2). The final [CLS] state
hcls ∈ Rd serves as a global representation of the
discrepancy between Rref and Rcand under C.

4.2 Polarity-Aware Multi-Head Regression
POLAR predicts a structured clinical error profile
through ten regression heads. Eight cover the clini-
cally significant error categories (a)–(h); the corre-
sponding insignificant errors are excluded from su-
pervision, as they concern normal findings without
clinical impact (see Section 3.3) (Ostmeier et al.,
2024). Two heads predict matched findings, split
into normal (mn) and abnormal (mab) groups, pro-
viding polarity awareness in the supervision signal.

The model outputs the 10-dimensional vector

ŷ = (ŷa, ŷb, . . . , ŷh, ŷmn , ŷmab
) ∈ R10 (3)

where each component is an error or match count
conditioned on C. Heads are trained jointly with
MSE loss against the GPT-OSS targets, comple-
mented by auxiliary binary presence heads (binary
cross-entropy, discarded at inference) following
Cho et al. (2025). This lets POLAR distinguish
clinically different types of agreement and error
while retaining encoder-only efficiency.

4.3 Inference and Scoring
At inference, given an input triplet (Rref, Rcand, C),
POLAR produces the prediction vector ŷ in a sin-
gle forward pass. Each head is rounded to the
nearest non-negative integer before aggregation.

The POLAR score combines credit for matched
findings with penalties for hallucinations and omis-
sions, normalized by the reference’s clinical con-
tent. Let mab and mn denote matched abnormal
and normal findings, efp the false positives (head
a), efn missing findings (head b), and

eattr =
∑

k∈{c,d,e,f,g,h}
ŷk (4)

the total clinically significant attribute errors. The
weighted credit and penalty terms are

C = mabwab +mnwn, (5)

E = efpwfp + efnwfn + eattr wattr, (6)

Wref = (mab + efn)wab, (7)

Wn = mnwn, (8)

and the POLAR score is

s =
C − E

Wref +Wn + E
∈ [−1, 1], (9)

with s = 1 for a zero denominator. We set
wab = wfp = wfn = 2, wn = 0.5, and wattr = 1
to reflect radiologist-informed clinical priorities,
with the scheme reviewed and approved by a board-
certified radiologist. Abnormal findings, halluci-
nations, and omissions receive the highest weight
as the most clinically consequential; attribute er-
rors receive intermediate weight; and normal find-
ings receive lower weight because they are often
templated and less central to clinical assessment.
Unlike polarity-blind metrics, this avoids length-
bias artifacts when reference and candidate differ
in their balance of normal and abnormal content
(Roschewitz et al., 2026). Because efn enters both
E and Wref, omissions are penalized more than
hallucinations, reflecting their higher clinical cost.
Robustness to weight perturbations is evaluated in
Appendix F. C = “full report” yields a report-level
score; anatomy strings yield localized scores. See
Appendix E for score behavior.

5 Experimental Setup

5.1 Evaluation Datasets and Metrics
We evaluate POLAR on one synthetic bench-
mark (POLAR-Synth) and seven human-annotated
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benchmarks, predominantly in CXR, covering dis-
tillation fidelity, anatomy-conditioned localization,
fine-grained error counting, and expert preference
alignment. Human evaluation is therefore primarily
restricted to CXR, while CT and MRI experiments
are limited to distillation fidelity on synthetic data,
and anatomy-conditioned evaluation is performed
only on synthetic data across all modalities.
Distillation fidelity. On a held-out test split of
POLAR-Synth (80/10/10 train/val/test), we report
MAE against GPT-OSS annotations, measuring
how faithfully the encoder-based regressor repro-
duces the supervision signal.
Anatomy-conditioned localization. On the
anatomy-conditioned split of POLAR-Synth, each
test triplet is positive or negative depending on
whether the conditioned anatomy has non-zero
ground-truth counts. We report suppression rate
(zero prediction on negatives), detection rate (non-
zero on positives), and macro-averaged binary F1,
for significant errors and matched findings.
Fine-grained error counting. On the radiologist-
annotated benchmarks ReXVal (Yu et al., 2023b;
Pollard et al., 2026) (6 radiologists), RadEval (Xu
et al., 2025) (2 radiologists), and RaTE-Eval Task 1
(Zhao et al., 2024) (2 radiologists), experts assign
per-category error counts to candidate-reference
pairs. We report MAE and Kendall’s τ against ex-
pert counts.
Expert preference alignment. On RadPref (Baha-
roon et al., 2026) (3 radiologists), GreenPref (Ost-
meier et al., 2024) (2 radiologists), and RaTE-Eval
Task 2 (Zhao et al., 2024) (2 radiologists), radiol-
ogists rank competing candidates. We report rank
correlation and preference accuracy.
Clinical stress testing. RadJudge (Baharoon et al.,
2026) probes ten clinical criteria (e.g., normal-
finding handling, paraphrase robustness) across
30 cases, scoring whether each metric’s ranking
matches expert expectations.

5.2 Baselines
We compare POLAR against the RadEval metric
collection (Xu et al., 2025), NLG metrics (e.g.,
BLEU (Papineni et al., 2002), BERTScore (Zhang*
et al., 2020)), clinically grounded metrics (e.g.,
CheXbert (Smit et al., 2020), RaTEScore (Zhao
et al., 2024)), generative LLM-based evaluators
(e.g., GREEN (Ostmeier et al., 2024), CRIMSON
(Baharoon et al., 2026)), and the regression-based
CREPE (Cho et al., 2025).
POLAR-LM. To compare regression and gener-

Evaluator ReXVal Kendall τ ↑
GPT-OSS-120B 0.78
GPT-4 0.79
Six-expert inter-reader ceiling 0.81

Table 3: Teacher validation against ReXVal expert total
error counts (significant + insignificant). Counts are
restricted to the six error categories ReXVal annotates.
GPT-4 values follow the GREEN evaluation.

ative evaluation under matched supervision, we
train POLAR-LM, a generative variant built on
MedGemma 1.5 (Sellergren et al., 2026) on the
raw GPT-OSS-120B outputs from POLAR-Synth
(rather than the derived regression counts). This
places POLAR-LM in the same family of genera-
tive evaluators as GREEN (Ostmeier et al., 2024)
and CRIMSON (Baharoon et al., 2026).

5.3 Implementation Details

POLAR uses a BioClinical ModernBERT-Large1

backbone, a biomedical variant of ModernBERT.
POLAR-LM uses MedGemma 1.52, finetuned with
TRL SFT (von Werra et al., 2020). Both models
are trained on the full POLAR-Synth corpus, yield-
ing a unified model across CXR, CT, and MRI. We
train POLAR on one NVIDIA H100 (94 GB) and
POLAR-LM on four. Runtime is measured on a sin-
gle A40 (48 GB). Hyperparameters, optimization,
and runtime evaluation details are in Appendix D.

6 Results and Discussion

6.1 Teacher Validation

Because POLAR-Synth is distilled from GPT-OSS-
120B, we separately validate the teacher against in-
dependent radiologist annotations on ReXVal. Fol-
lowing GREEN’s protocol (Ostmeier et al., 2024),
we evaluate GPT-OSS-120B against expert total er-
ror counts and compare with the GPT-4 teacher re-
sult reported by GREEN. GPT-OSS-120B achieves
Kendall’s τ = 0.78, versus 0.79 for GPT-4 and
a six-radiologist inter-reader ceiling of 0.81 (Ta-
ble 3). This supports the clinical validity of the
open-source teacher.

6.2 Error Count Evaluation

Table 4 reports distillation fidelity on the POLAR-
Synth test split, measured as MAE against GPT-
OSS targets. These results quantify how faith-

1thomas-sounack/Bio-ModernBERT-large
2google/medgemma-1.5-4b-it
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Encoder Type Total (a) (b) (c) (d) (e) (f) (g) (h) Matched
Total (Norm./Abn.)

CXR (avg.) 2.92±2.94 1.02±1.49 1.15±1.59 0.22±0.47 0.23±0.51 0.07±0.29 0.11±0.45 0.02±0.15 0.10±0.34 2.62±2.14 (1.27±1.60/1.34±1.49)
BioClinical ModernBERT (Sounack et al., 2025) 0.78±1.17 0.33±0.60 0.27±0.55 0.11±0.33 0.15±0.39 0.08±0.30 0.10±0.39 0.02±0.13 0.10±0.32 0.48±0.72 (0.33±0.65/0.22±0.47)
ModernBERT (Warner et al., 2025) 0.81±1.16 0.34±0.60 0.29±0.57 0.12±0.35 0.17±0.41 0.08±0.29 0.12±0.41 0.02±0.14 0.10±0.32 0.46±0.69 (0.31±0.62/0.23±0.48)
Qwen (Zhang et al., 2025e) 1.08±1.30 0.61±0.78 0.48±0.73 0.18±0.43 0.21±0.46 0.08±0.29 0.12±0.45 0.03±0.17 0.11±0.35 1.30±1.34 (1.06±1.17/0.43±0.68)
Granite (Awasthy et al., 2025) 1.63±1.82 0.90±1.03 0.92±0.96 0.22±0.47 0.24±0.51 0.07±0.29 0.11±0.45 0.02±0.15 0.10±0.34 1.27±1.14 (0.81±0.87/0.80±0.89)
Gemma (Vera et al., 2025) 2.53±2.73 0.77±1.03 0.99±1.43 0.30±0.67 0.30±0.55 0.16±0.41 0.23±0.58 0.05±0.22 0.17±0.41 3.58±2.82 (2.01±2.25/1.63±1.99)
PPLX (Eslami et al., 2026) 0.95±1.30 0.39±0.66 0.35±0.63 0.14±0.37 0.18±0.42 0.07±0.29 0.11±0.40 0.02±0.13 0.10±0.33 1.10±1.36 (0.77±1.19/0.40±0.69)
MedGemma-1.5 (Sellergren et al., 2026) 0.82±1.24 0.34±0.63 0.31±0.63 0.14±0.37 0.18±0.44 0.09±0.32 0.11±0.43 0.02±0.14 0.12±0.34 0.44±0.73 (0.32±0.67/0.21±0.46)

CT-RATE (avg.) 3.70±4.74 1.11±1.98 1.77±3.00 0.25±0.69 0.23±0.70 0.03±0.19 0.03±0.23 0.16±0.55 0.13±0.43 11.60±4.85 (8.50±3.39/3.10±3.94)
BioClinical ModernBERT (Sounack et al., 2025) 0.99±1.60 0.45±0.83 0.50±1.00 0.13±0.38 0.19±0.56 0.03±0.19 0.03±0.19 0.12±0.41 0.12±0.39 1.27±1.28 (1.05±1.14/0.44±0.73)
ModernBERT (Warner et al., 2025) 1.02±1.67 0.45±0.87 0.53±1.07 0.13±0.38 0.19±0.56 0.03±0.19 0.03±0.17 0.11±0.40 0.12±0.39 1.22±1.19 (1.06±1.09/0.43±0.74)
Qwen (Zhang et al., 2025e) 1.96±2.37 1.09±1.05 1.03±1.69 0.24±0.66 0.24±0.67 0.03±0.19 0.04±0.24 0.18±0.51 0.16±0.45 2.67±2.56 (1.76±1.56/1.23±1.88)
Granite (Awasthy et al., 2025) 2.11±2.38 1.08±1.39 1.17±1.67 0.28±0.68 0.24±0.67 0.03±0.19 0.05±0.25 0.16±0.54 0.14±0.43 2.09±1.83 (1.63±1.43/1.12±1.30)
Gemma (Vera et al., 2025) 1.58±1.99 0.68±1.04 0.74±1.29 0.19±0.47 0.26±0.59 0.05±0.26 0.04±0.21 0.13±0.43 0.15±0.43 5.96±3.82 (3.61±2.01/2.44±2.93)
PPLX (Eslami et al., 2026) 2.48±3.08 1.00±1.36 1.46±2.17 0.27±0.63 0.23±0.68 0.03±0.19 0.06±0.26 0.17±0.52 0.13±0.43 3.83±4.43 (2.42±2.16/1.63±2.91)
MedGemma-1.5 (Sellergren et al., 2026) 1.08±1.88 0.47±0.99 0.54±1.15 0.15±0.42 0.18±0.60 0.03±0.20 0.03±0.20 0.12±0.42 0.12±0.39 1.23±1.24 (1.07±1.14/0.40±0.72)

MR-RATE (avg.) 2.07±3.31 0.88±1.66 0.62±1.56 0.20±0.63 0.14±0.55 0.04±0.21 0.02±0.14 0.09±0.39 0.09±0.45 18.23±11.27 (16.06±11.35/2.17±2.71)
BioClinical ModernBERT (Sounack et al., 2025) 0.70±1.50 0.34±0.81 0.28±0.79 0.10±0.39 0.11±0.45 0.03±0.20 0.01±0.13 0.08±0.36 0.07±0.41 3.67±4.66 (3.52±4.59/0.48±0.90)
ModernBERT (Warner et al., 2025) 0.72±1.53 0.35±0.85 0.27±0.75 0.10±0.39 0.13±0.46 0.04±0.21 0.02±0.13 0.07±0.35 0.07±0.40 3.74±4.95 (3.59±4.88/0.50±0.93)
Qwen (Zhang et al., 2025e) 1.48±1.85 1.02±0.91 0.52±1.05 0.18±0.59 0.14±0.55 0.04±0.21 0.04±0.20 0.09±0.40 0.11±0.46 5.99±6.18 (5.70±5.94/0.86±1.33)
Granite (Awasthy et al., 2025) 1.81±2.24 1.05±1.19 0.66±1.11 0.22±0.63 0.14±0.55 0.04±0.21 0.02±0.16 0.09±0.39 0.09±0.45 5.32±4.85 (5.08±4.79/1.08±1.30)
Gemma (Vera et al., 2025) 1.28±1.84 0.71±1.17 0.38±0.92 0.16±0.50 0.21±0.53 0.05±0.24 0.01±0.13 0.09±0.38 0.10±0.44 8.83±6.29 (7.19±5.95/1.84±2.12)
PPLX (Eslami et al., 2026) 1.48±2.33 0.72±1.15 0.56±1.16 0.17±0.52 0.14±0.53 0.04±0.22 0.02±0.15 0.09±0.39 0.09±0.45 6.52±6.72 (5.95±6.26/0.96±1.57)
MedGemma-1.5 (Sellergren et al., 2026) 0.68±1.58 0.30±0.84 0.27±0.78 0.10±0.38 0.11±0.44 0.04±0.21 0.01±0.13 0.08±0.37 0.08±0.42 3.96±5.60 (3.82±5.56/0.42±0.86)

Merlin (avg.) 7.31±9.07 1.78±3.20 3.86±5.57 0.38±0.99 0.34±0.90 0.10±0.59 0.36±1.36 0.23±0.70 0.27±0.99 17.27±9.50 (10.43±5.12/6.84±7.12)
BioClinical ModernBERT (Sounack et al., 2025) 1.98±3.21 0.77±1.38 0.98±1.62 0.19±0.49 0.24±0.66 0.11±0.51 0.36±1.08 0.16±0.52 0.27±0.85 1.72±1.77 (1.44±1.51/0.92±1.22)
ModernBERT (Warner et al., 2025) 2.02±3.33 0.77±1.40 1.04±1.66 0.20±0.49 0.24±0.66 0.12±0.51 0.35±1.14 0.16±0.52 0.27±0.86 1.78±1.79 (1.51±1.56/0.93±1.22)
Qwen (Zhang et al., 2025e) 4.11±5.08 1.62±1.88 2.40±3.16 0.36±0.90 0.35±0.87 0.10±0.58 0.41±1.24 0.23±0.66 0.29±0.98 4.99±5.32 (2.58±2.60/3.10±4.04)
Granite (Awasthy et al., 2025) 3.79±4.54 1.51±2.21 2.08±2.57 0.48±0.90 0.39±0.86 0.10±0.59 0.45±1.18 0.23±0.69 0.31±0.94 3.48±3.41 (2.41±2.24/2.16±2.54)
Gemma (Vera et al., 2025) 3.05±3.86 1.12±1.62 1.36±2.11 0.27±0.62 0.43±0.72 0.19±0.53 0.39±1.11 0.21±0.55 0.32±0.86 8.75±6.19 (4.25±3.28/4.68±4.58)
PPLX (Eslami et al., 2026) 5.82±5.87 2.08±2.24 3.40±3.49 0.41±0.89 0.35±0.85 0.22±0.59 0.62±1.24 0.25±0.70 0.31±0.98 8.98±9.75 (4.68±4.31/4.62±6.42)
MedGemma-1.5 (Sellergren et al., 2026) 2.25±3.72 0.83±1.60 1.06±1.81 0.20±0.53 0.25±0.72 0.11±0.65 0.37±1.34 0.17±0.56 0.24±0.92 1.79±1.89 (1.52±1.69/0.90±1.21)

Table 4: Distillation fidelity on the POLAR-Synth test split: CXR (1,925), CT-RATE (1,844), MR-RATE (1,418),
Merlin (1,899). MAE against GPT-OSS targets for the total error count, each category (a)–(h), and matched findings
(normal/abnormal). The top row per block reports the test-set average (“Dataset avg.”); bold/underline mark the
best/second-best encoder per dataset. MedGemma 1.5 (POLAR-LM) is reported below the line.

fully each encoder reproduces the teacher supervi-
sion. The ModernBERT variants achieve the lowest
MAE across all four datasets on both total errors
and matched findings. We adopt its biomedical
variant, BioClinical ModernBERT (Sounack et al.,
2025), as the POLAR backbone.

Metric MAE
Sig. ↓ (a) (b) (c) (d) (e) (f)

ReXVal
Dataset avg. 1.17±1.16 0.42±0.53 0.32±0.43 0.14±0.25 0.13±0.25 0.08±0.16 0.08±0.16

GREEN 0.84±0.99 0.38±0.51 0.53±0.61 0.20±0.34 0.21±0.33 0.10±0.21 0.10±0.22

CREPE* 1.71±1.33 0.32±0.38 0.76±0.75 0.15±0.20 0.29±0.32 0.22±0.29 0.28±0.37

POLAR 1.02±1.19 0.35±0.44 0.61±0.74 0.17±0.28 0.21±0.36 0.08±0.16 0.08±0.16

POLAR-LM 1.02±1.27 0.34±0.44 0.56±0.71 0.19±0.34 0.20±0.38 0.10±0.21 0.11±0.22

RadEval
Dataset avg. 3.98±2.83 1.18±1.49 1.76±1.69 0.26±0.55 0.20±0.49 0.24±0.59 0.35±0.69

GREEN 1.96±1.65 1.06±1.12 1.07±1.13 0.26±0.52 0.24±0.50 0.26±0.62 0.37±0.67

CREPE* 2.17±1.64 0.75±0.74 1.36±1.10 0.28±0.43 0.35±0.40 0.27±0.40 0.55±0.57

POLAR 1.36±1.30 0.58±0.69 0.77±0.86 0.24±0.50 0.22±0.44 0.24±0.59 0.37±0.64

POLAR-LM 1.46±1.45 0.63±0.80 0.79±0.96 0.24±0.52 0.21±0.45 0.23±0.58 0.33±0.66

Table 5: Error detection on human-annotated bench-
marks (GREEN categories (a)–(f) only; POLAR pre-
dictions restricted accordingly). MAE against expert
clinically significant errors. “Dataset avg.” is the mean
expert count; bold/underline mark best/second-best per
benchmark. *CREPE predicts combined significant/in-
significant counts and is excluded from the ranking.

On radiologist-annotated benchmarks (Table 5),
POLAR achieves the lowest MAE for significant
errors on RadEval and remains competitive on ReX-
Val, with strong hallucination and omission detec-
tion. POLAR-LM performs comparably. This con-
firms that performance on our synthetic dataset

transfers reliably to human-annotated CXR bench-
marks.

For comparison with metrics that do not pre-
dict explicit error counts, we report Kendall’s τ
against expert error counts (Table 6). POLAR EC
and POLAR-LM EC rank first and second on both
ReXVal and RadEval, while remaining competitive
on RaTE-Eval Task 1.

Metric ReXVal
τ

RadEval
τ

RaTE1
τ (sum)

RaTE1
τ (norm)

BLEU 0.32 0.00 0.11 0.16
ROUGE 0.55 0.03 0.23 0.21
BERTScore 0.49 0.01 0.25 0.28
CheXbert 0.41 0.35 0.23 0.20
RadGraph 0.55 0.01 0.28 0.34
RadCliQ-v1 0.63 0.12 0.31 0.32
GREEN 0.64 0.19 0.41 0.37
GREEN EC 0.74 0.44 0.43 0.25
RaTEScore 0.51 0.05 0.31 0.35
SRRBert 0.46 0.17 0.10 0.10
RadEvalBERTScore 0.54 0.04 0.22 0.21
CREPE 0.74 0.50 0.41 0.27
CRIMSON 0.63 0.25 0.29 0.27
CRIMSON EC 0.74 0.55 0.29 0.19
POLAR 0.63 0.22 0.32 0.31
POLAR EC 0.76 0.62 0.41 0.26
POLAR-LM 0.59 0.21 0.39 0.31
POLAR-LM EC 0.75 0.58 0.44 0.21

Table 6: Kendall’s τ between metric scores and expert
clinically significant error counts on ReXVal, RadE-
val, and RaTE-Eval Task 1 (RaTE1; summed and
normalized). “EC” denotes error-count predictions;
bold/underline mark best/second-best per column.
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6.3 Human Preference Alignment

Table 7 reports radiologist preference alignment.
POLAR achieves the best RadPref rank correlation
(τ∆ = 0.78), surpassing CRIMSON (0.67), and
the best RadPref preference accuracy (0.88), just
ahead of CRIMSON and POLAR EC (both 0.86).
POLAR-LM ties for best on GreenPref (0.71). On
RaTE2, several lexical and embedding metrics rank
higher, indicating that preference alignment re-
mains benchmark-dependent.

Metric GreenPref
acc

RadPref
τ∆ / acc

RaTE2
τ

BLEU 0.50 0.44 / 0.72 0.28
ROUGE 0.71 0.47 / 0.71 0.40
BERTScore 0.62 0.47 / 0.72 0.47
CheXbert 0.52 0.53 / 0.81 0.20
RadGraph 0.63 0.45 / 0.73 0.35
RadCliQ-v1 0.62 0.55 / 0.75 0.49
GREEN 0.63 0.59 / 0.85 0.39
GREEN EC 0.44 0.55 / 0.82 0.29
RaTEScore 0.62 0.53 / 0.78 0.46
SRRBert 0.58 0.52 / 0.81 0.21
RadEvalBERTScore 0.62 0.50 / 0.71 0.30
CREPE 0.63 0.51 / 0.76 0.28
CRIMSON 0.56 0.67 / 0.86 0.26
CRIMSON EC 0.63 0.53 / 0.83 0.14
POLAR 0.58 0.78 / 0.88 0.44
POLAR EC 0.63 0.65 / 0.86 0.22
POLAR-LM 0.71 0.69 / 0.82 0.37
POLAR-LM EC 0.56 0.59 / 0.81 0.20

Table 7: Human preference alignment. “acc” = accu-
racy vs. expert preference; τ∆ = correlation of expert
and metric score differences; RaTE2 τ = correlation
with expert scores. “EC” = error-count predictions;
bold/underline = best/second-best per column.

6.4 RadJudge

Figure 5 reports RadJudge results across ten clin-
ical criteria. CRIMSON ranks first, as expected
given its alignment with the benchmark’s setup.
Excluding CRIMSON, POLAR-LM leads (13/30)
and POLAR ties for second (12/30), both strong on
normal finding handling and false finding penaliza-
tion, consistent with their polarity-aware design.

6.5 Inference Time

Figure 6 plots expert alignment against per-sample
inference time, with bubble size proportional to
model parameters. POLAR exceeds the alignment
of CRIMSON and POLAR-LM while running 11×
faster than CRIMSON, confirming that encoder-
based regression captures the clinical signal of gen-
erative evaluation at a fraction of the cost. This
makes POLAR practical for large-scale benchmark-
ing and training-time rewards, with the RL-rewards
benchmark in Appendix H supporting online use.
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Figure 5: RadJudge results across ten clinical cate-
gories (three cases each, 30 total). *RadCliQ-v1 values
are taken from (Baharoon et al., 2026). Each metric
is scored on whether its ranking of candidate reports
matches the expected ordering from expert radiologists.
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Figure 6: Performance-efficiency trade-off on RadPref.
The x-axis shows inference time per sample, the y-axis
reports RadPref τ∆, bubble size denotes model size.

6.6 Anatomy-Conditioned Error Localization

Table 8 reports how well POLAR localizes errors
and matched findings to the conditioned anatomy.
POLAR’s suppression rates for significant errors
are consistently high (91-98%), confirming that it
correctly predicts zero for absent anatomies. Detec-
tion rates are lower (66-89%), reflecting the harder
task of producing non-zero counts on the correct
anatomy. Macro-F1 reaches 68-87% for signifi-
cant errors and 86-92% for matched findings across
CXR, CT, and MRI reports. POLAR-LM tends to
achieve higher detection while POLAR tends to be
stronger on suppression, though the trade-off varies
across datasets. Per-anatomy results are reported
in Appendix I.
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Model Supp.
Sig (%)

Det.
Sig (%)

F1
Sig (%)

Supp.
Match (%)

Det.
Match (%)

F1
Match (%)

CXR
POLAR 96.2 75.3 75.6 95.9 86.0 87.7
POLAR-LM 95.1 80.0 80.3 95.8 84.7 86.3

CT-RATE
POLAR 97.7 74.2 75.8 96.1 91.8 92.3
POLAR-LM 95.3 80.1 73.0 92.4 93.3 91.3

MR-RATE
POLAR 97.7 89.2 86.5 84.3 94.4 87.8
POLAR-LM 96.7 90.5 82.3 85.6 93.2 87.2

Merlin
POLAR 91.2 65.6 68.3 84.5 86.2 86.2
POLAR-LM 75.0 84.6 70.8 61.8 92.9 84.6

Table 8: Anatomy-conditioning evaluation on POLAR-
Synth. Supp. (%): correct zero prediction on negatives;
Det. (%): non-zero prediction on positives; F1 (%):
macro-averaged binary F1 across anatomies. Sig = sig-
nificant errors; Match = matched findings.

6.7 Component Analyses

Anatomy conditioning. To isolate the effect of
anatomy conditioning, we retrain POLAR using
only full-report samples (C = “full report”), ex-
cluding all anatomy-conditioned examples. With-
out anatomy conditioning, region-level MAE in-
creases sharply across all datasets, indicating that
localized evaluation does not emerge from full-
report supervision alone (Table 9). Whole-report
performance also degrades slightly, suggesting that
anatomy-conditioned examples provide a useful
auxiliary learning signal for global evaluation.

Dataset Region-conditioned Whole-report

POLAR −anat. POLAR −anat.

CXR 0.20 2.33 0.78 0.82
MR-RATE 0.28 1.40 0.70 0.75
CT-RATE 0.13 3.23 0.99 1.03
Merlin 0.25 7.47 1.98 2.08

Table 9: Anatomy-conditioning ablation on POLAR-
Synth (MAE ↓). −anat. denotes POLAR retrained on
full-report examples only.

Context length. To isolate the effect of context
length, we train and evaluate POLAR with the same
backbone using a 512-token instead of a 2,048-
token context window. Performance is nearly un-
changed on CXR, whose P99 report length is only
161 tokens, but degrades consistently on the longer
CT and MRI datasets, where jointly encoding the
reference and candidate reports leads to truncation
at 512 tokens (Table 10). This shows that longer
context is particularly important for longer reports.

Polarity-aware scoring. Because polarity is en-
coded in the POLAR-Synth supervision, we assess

Dataset P99 Context length

2,048 tok. 512 tok.

CXR 161 0.78 0.80
MR-RATE 528 0.70 0.91
CT-RATE 555 0.99 1.30
Merlin 825 1.98 3.47

Table 10: Context-length ablation on POLAR-Synth
(full-report MAE ↓). Both models use the same back-
bone and are trained and evaluated at their respective
context lengths. P99 denotes the 99th percentile report
length in ModernBERT tokens.

its effect at the score level by equalizing normal
and abnormal match weights while keeping PO-
LAR’s predictions fixed. This reduces RadPref τ∆
from 0.78 to 0.74 and RaTE-Eval Task 2 τ from
0.44 to 0.43, while GreenPref accuracy increases
from 0.58 to 0.65. Although gains vary across
benchmarks, polarity awareness remains clinically
motivated; Appendix G provides a motivating ex-
ample where polarity-blind scoring treats clinically
unequal outcomes as equivalent.

7 Conclusion

We introduced POLAR, a fast encoder-based met-
ric for radiology report evaluation that combines
polarity-aware multi-head regression, anatomy con-
ditioning, and long-context encoding. Trained on
POLAR-Synth, a dataset distilled from a locally
hosted LLM, POLAR aligns well with radiologist
judgments across error counting, preference, and
stress-test benchmarks while running faster than
generative evaluators. We release the full pipeline
for data generation, training, and inference as open
source, enabling transparent, scalable, and privacy-
preserving evaluation across CXR, CT, and MRI,
and supporting extension to new modalities and
anatomies. POLAR provides both a practical eval-
uation metric and a candidate reward signal for
training report generation models.

Code and Data Availability

The source code for POLAR is publicly available at
https://github.com/lbuess/POLAR, while the
corresponding trained model and dataset are hosted
on Hugging Face at https://huggingface.co/
collections/lbuess/polar.

Limitations

POLAR has several limitations. First, our train-
ing targets are distilled from GPT-OSS-120B
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rather than produced directly by expert radiologists.
While this supports an open and privacy-preserving
pipeline, the teacher has only been independently
validated against CXR expert annotations. On
ReXVal, its total-error correlation (τ = 0.78) ap-
proaches that of the proprietary GPT-4 teacher re-
ported by GREEN (τ = 0.79). We further rely
on downstream alignment with radiologists across
seven independent benchmarks (Section 6) as in-
direct evidence that the supervision is clinically
informative, but the quality of the distilled super-
vision remains dependent on the teacher model.
Stronger proprietary models such as GPT-5 could
yield higher-quality supervision at the cost of open-
ness. Second, available expert-annotated bench-
marks cover only CXR, so generalization to CT and
MRI is currently evaluated against synthetic targets
and remains to be validated against human annota-
tions. Furthermore, while POLAR clearly reduces
MAE relative to the dataset average on CT-RATE,
MR-RATE, and Merlin (Table 4), the absolute er-
rors are still substantial; POLAR is best understood
as a first step toward reliable long-report evaluation
rather than a source of exact error counts on volu-
metric modalities. Third, anatomy supervision is
constructed from dataset-specific taxonomies. Al-
though POLAR consumes free-text anatomy con-
ditions and is trained with synonymous anatomy
names, robustness to unseen institutional terminol-
ogy, different levels of anatomical granularity, and
entirely new taxonomies has not been systemati-
cally evaluated. Moreover, anatomy-conditioned
detection remains challenging, with region-specific
findings still being missed. We therefore view
anatomy-conditioned evaluation as a first step to-
ward reliable localized report assessment. Fourth,
full anatomy-resolved evaluation requires one for-
ward pass per condition, making it more expensive
than a single global score; POLAR-LM avoids this
but is substantially slower. Fifth, reducing report
quality to a single score can obscure distinct clini-
cal error profiles, as reports with different types or
locations of errors may receive similar scores. PO-
LAR’s per-category and anatomy-conditioned pre-
dictions provide finer-grained information, but the
aggregate score necessarily compresses this struc-
ture. Sixth, as a regression-based model, POLAR
outputs only structured counts, while generative
evaluators such as GREEN also produce free-text
explanations of detected errors. POLAR-LM re-
tains this capability; POLAR trades it for speed. Fi-
nally, unlike CRIMSON, POLAR does not predict

fine-grained severity levels for individual errors,
which can be informative for downstream clinical
triage.

Potential risks. POLAR is intended for research
benchmarking and training-time feedback, not clin-
ical decision-making. Reported POLAR scores
should not substitute for radiologist evaluation
when assessing models intended for clinical use.
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A Candidate Synthesis

This section lists the prompt templates used to syn-
thesize candidate reports for POLAR-Synth (heuris-
tics 2, 4, and 5 from Section 3.2). Each prompt is
passed to GPT-OSS-120B with a reference report
as input. For synthetic error insertion, a random
subset of the eight error categories is sampled.

Synthetic Error Insertion Prompt
[Objective]:
Create a candidate radiology report that subtly integrates specific
errors based on the provided reference report.

Process Overview:
You will be presented with:
1. Style of errors.
2. A reference radiology report to base your candidate report on.
3. The desired format for your candidate report.
Note: Be short in your response!

Style of errors:
Introduce errors related to {error_types}. The errors should be woven
into the report as if they were genuine observations from a medical
image, without any meta-commentary on their accuracy.

Reference Report:
{report}

Desired format for your candidate report:
[Candidate]: <Candidate Report>

Figure 7: Prompt template for synthetic error insertion.
A random subset of the eight error categories is sampled
per reference report.

Meaning-Preserving Rewrite Prompt
[Objective]:
Create a candidate radiology report that has the same clinical
meaning but is slightly rephrased.

Process Overview:
You will be presented with:
1. A reference radiology report to base your candidate report on.
2. The desired format for your candidate report.
Note: Be short in your response!
In this clinical setup, prefer clinically appropriate synonyms and
phrase variation while preserving semantic similarity to the
reference report.

Reference radiology report:
{report}

Desired format for your candidate report:
[Candidate]: <Candidate Report>

Figure 8: Prompt template for meaning-preserving
rewrites, producing lexically varied but clinically equiv-
alent candidates.

B Anatomy List

Table 11 lists the anatomy vocabulary used for each
source dataset during annotation. These vocabular-
ies are inserted into the {anatomy_str} placeholder
in the POLAR analysis prompt (Appendix C) and
provide the label space for both error localization
and matched-finding assignment. Vocabularies fol-
low the structures of Moll et al. (2025) for CXR,
RadGenome (Zhang et al., 2025c) for CT-RATE,

Sentence Reordering Prompt
[Objective]:
Create a candidate radiology report by reordering sentence structure
and optionally removing one sentence.

Process Overview:
You will be presented with:
1. A reference radiology report to base your candidate report on.
2. The desired format for your candidate report.
Note: Be short in your response!

Instructions:
- Reorder the report’s sentence order to change presentation flow.
- Optionally remove one sentence.
- Do not add new findings that are not present in the reference report.
- Keep the output clinically plausible as a candidate report.

Reference radiology report:
{report}

Desired format for your candidate report:
[Candidate]: <Candidate Report>

Figure 9: Prompt template for sentence-level augmenta-
tion. Sentences are reordered, with optional removal of
one sentence.

and the original works for MR-RATE and Merlin
(Forithmus, 2026; Blankemeier et al., 2026). Dur-
ing training, we randomly sample synonyms for
each anatomy label to expose POLAR to lexical
variation in the conditioning string.

Dataset Anatomies

CXR Lungs and Airways; Pleura; Cardiovas-
cular; Hila and Mediastinum; Tubes and
Catheters and Support Devices; Muscu-
loskeletal and Chest Wall; Abdominal

CT-RATE Lung; Trachea and Bronchie; Medi-
astinum; Heart; Esophagus; Pleura;
Bone; Thyroid; Breast; Abdomen

MR-RATE Brain; Spine
Merlin Lower Thorax; Liver and Biliary Tree;

Gallbladder; Spleen; Pancreas; Adrenal
Glands; Kidneys and Ureters; Gastroin-
testinal Tract; Peritoneal Cavity; Pelvic
Organs; Vasculature; Lymph Nodes;
Musculoskeletal

Table 11: Dataset-specific anatomy vocabularies used
in the POLAR-Synth annotation prompt.

C POLAR Analysis

This section details the prompt used to generate
structured annotations with GPT-OSS-120B, which
form the supervision targets for POLAR-Synth.
The prompt (Figure 10) specifies the eight error cat-
egories, the clinical significance rules, the matched-
finding splitting rule, and the fixed output format
with per-item anatomy tags drawn from the dataset-
specific vocabulary listed in Appendix B. Figure 11
shows an example of the corresponding GPT-OSS-
120B output for a CXR reference-candidate pair.
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POLAR Analysis Prompt
Objective: Evaluate the accuracy of a candidate radiology report in comparison to a reference radiology report composed by expert radiologists.

Process Overview:

You will be presented with:

1. The criteria for making a judgment.

2. The reference radiology report.

3. The candidate radiology report.

4. The desired format for your assessment.

5. Additional annotation instructions.

1. Criteria for Judgment

For each candidate report, determine:

- The count of clinically significant errors.

- The count of clinically insignificant errors.

Errors can fall into one of these categories:

a) False report of a finding in the candidate.

b) Missing a finding present in the reference.

c) Misidentification of a finding’s anatomic location, laterality, or position.

d) Misassessment of the severity or extent of a finding.

e) Mentioning a comparison that isn’t in the reference.

f) Omitting a comparison detailing a change from a prior study.

g) Misstatement of quantitative details such as size, number, or measurements.

h) Misstatement of descriptive attributes (e.g., morphology, shape/contour, margin, overall appearance, ...).

Note: Focus on clinical findings, not writing style.

2. Reference Report: {text1}

3. Candidate Report: {text2}

4. Reporting Your Assessment

Follow this specific format for your output, even if no errors are found. For every finding, assign one anatomy from this list: {anatomy_str}. Use

exactly one anatomy from this list for each listed item. If anatomy cannot be determined confidently, use <a>Other</a>.

[Explanation]:

<Explanation>

[Clinically Significant Errors]:

(a) <Error Type>: <The number of errors>. <Error 1> <a>ANATOMY_HERE</a>; <Error 2> <a>ANATOMY_HERE</a>; . . . ; <Error n> <a>ANATOMY_HERE</a>

. . .

(h) <Error Type>: <The number of errors>. <Error 1> <a>ANATOMY_HERE</a>; <Error 2> <a>ANATOMY_HERE</a>; . . . ; <Error n> <a>ANATOMY_HERE</a>

[Clinically Insignificant Errors]:

(a) <Error Type>: <The number of errors>. <Error 1> <a>ANATOMY_HERE</a>; <Error 2> <a>ANATOMY_HERE</a>; . . . ; <Error n> <a>ANATOMY_HERE</a>

. . .

(h) <Error Type>: <The number of errors>. <Error 1> <a>ANATOMY_HERE</a>; <Error 2> <a>ANATOMY_HERE</a>; . . . ; <Error n> <a>ANATOMY_HERE</a>

[Matched Findings]:

- Normal findings: <The number of findings>. <Finding 1> <a>ANATOMY_HERE</a>; <Finding 2> <a>ANATOMY_HERE</a>; . . . ; <Finding n> <a>ANATOMY_HERE</a>

- Abnormal findings: <The number of findings>. <Finding 1> <a>ANATOMY_HERE</a>; <Finding 2> <a>ANATOMY_HERE</a>; . . . ; <Finding n>

<a>ANATOMY_HERE</a>

5. Additional annotation instructions

5.1 Finding splitting rule (required)

- If one sentence contains multiple distinct findings, split into separate items.

- Example: "Mild cardiomegaly with a small pericardial effusion" -> two findings.

5.2 Clinical significance

- Clinically significant: omission/addition/mischaracterization of an abnormal (positive) finding that could affect interpretation or management.

- Clinically significant: any medical/support device discrepancy (presence, type, course, tip position, or interval change), even if described as

expected.

- Clinically insignificant: discrepancies limited to explicitly negated common-normal statements (e.g., "no pleural effusion", "no pneumothorax"),

unless the negation contradicts a true abnormal reference finding.

- For attribute mismatches (location, severity, morphology/appearance, measurement): significant by default; insignificant only if minor (e.g.,

slight position offset or small size delta) and clinically irrelevant.

5.3 Matched finding rules

- A finding matches if the same core finding appears in both reports.

- Attribute mismatches do NOT break core-finding matching (e.g., location, severity, morphology, measurement, temporal status): include the finding

in [Matched Findings] and also count one error in the relevant attribute category.

- If reference is unspecific and candidate adds specific detail for an attribute (e.g., location): acceptable (no attribute error for added

specificity alone).

- If reference is specific and candidate is unspecific for an attribute (e.g., location): still matched, but count one attribute error in the

relevant category.

- In [Matched Findings], place medical/support device findings under ’- Abnormal findings’ (even when described as expected position).

- Provide the ’- Normal findings’ and ’- Abnormal findings’ breakdown ONLY for [Matched Findings]. Do NOT add a normal/abnormal breakdown anywhere

else.

Figure 10: Full annotation prompt used with GPT-OSS-120B to produce structured error, matched-finding, and
anatomy-tagged outputs for POLAR-Synth. Placeholders {text1}, {text2}, and {anatomy_str} are filled with the
reference report, candidate report, and dataset-specific anatomy list (Appendix B).
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GPT-OSS 120B POLAR Analysis
[Explanation]:

The candidate report correctly identifies a left basilar opacity consistent with the reference, but it omits the right-side component, adds a false

right pleural effusion, and incorrectly reports tubes that were not mentioned. It also describes the opacity as “patchy” rather than “linear,” which

is a descriptive mismatch. These constitute clinically significant errors; no clinically insignificant errors are present.

[Clinically Significant Errors]:

(a) False report of a finding: 2. Endotracheal and enteric tubes are in standard positions <a>Tubes and Catheters and Support Devices</a>; Probable

trace right pleural effusion <a>Pleura</a>

(b) Missing a finding: 1. Right basilar opacity (bibasilar opacities) <a>Lungs and Airways</a>

(c) Misidentification of a finding’s anatomic location, laterality, or position: 0.

(d) Misassessment of the severity or extent of a finding: 0.

(e) Mentioning a comparison that isn’t in the reference: 0.

(f) Omitting a comparison detailing a change from a prior study: 0.

(g) Misstatement of quantitative details such as size, number, or measurements: 0.

(h) Misstatement of descriptive attributes: 1. Morphology described as patchy rather than linear for basilar opacity <a>Lungs and Airways</a>

[Clinically Insignificant Errors]:

(a) False report of a finding: 0.

(b) Missing a finding: 0.

(c) Misidentification of a finding’s anatomic location, laterality, or position: 0.

(d) Misassessment of the severity or extent of a finding: 0.

(e) Mentioning a comparison that isn’t in the reference: 0.

(f) Omitting a comparison detailing a change from a prior study: 0.

(g) Misstatement of quantitative details such as size, number, or measurements: 0.

(h) Misstatement of descriptive attributes: 0.

[Matched Findings]:

- Normal findings: 0.

- Abnormal findings: 1. Left basilar patchy opacity, likely atelectasis <a>Lungs and Airways</a>

Figure 11: Worked example of a GPT-OSS-120B POLAR analysis. Reference: “Linear bibasilar opacities
suggestive of atelectasis or scarring. No acute cardiopulmonary process.” Candidate: “1. Endotracheal and enteric
tubes are in standard positions. 2. Left basilar patchy opacity, likely atelectasis. 3. Probable trace right pleural
effusion.” The model produces a free-text explanation, per-category counts of clinically significant and insignificant
errors with anatomy tags, and a polarity-split list of matched findings. These structured outputs form the supervision
targets for POLAR.

D Training Hyperparameters

This section details the training setup for POLAR
and POLAR-LM. Both models are trained on the
POLAR-Synth dataset described in Section 3.

D.1 POLAR

We finetune thomas-sounack/Bio-ModernBERT
-large (395M parameters) using AdamW with
a learning rate of 2 × 10−5 and a linear sched-
uler. Training runs for 10 epochs with an ef-
fective batch size of 128. Inputs are formatted
as Condition: {region} [SEP] Reference:
{reference} [SEP] Candidate: {candidate}
with a 2,048-token context window. The check-
point with the lowest validation loss is retained.
Training was run on a single NVIDIA H100 GPU.

D.2 POLAR-LM

We finetune google/medgemma-1.5-4b-it (4B
parameters) using supervised finetuning with
TRL’s SFTTrainer, a learning rate of 2 × 10−5,
cosine decay, and a warmup ratio of 0.05. Train-
ing runs for 10 epochs with an effective batch size
of 2,048 (8 per device, 4 GPUs, 64 gradient accu-
mulation steps), using bfloat16 precision and a

maximum sequence length of 4,096 tokens. We
evaluate and save checkpoints at each epoch, retain
the checkpoint with the lowest validation loss, and
run training on a single node with four NVIDIA
H100 GPUs using DeepSpeed ZeRO-3.

D.3 Embedding Models

For the encoder comparison in Table 4, we
benchmark four recent embedding mod-
els against the ModernBERT backbones:
google/embeddinggemma-300m (Gemma),
ibm-granite/granite-embedding-english-r2
(Granite), perplexity-ai/pplx-embed-v1-0.6b
(PPLX), and Qwen/Qwen3-Embedding-0.6B
(Qwen). All models are fine-tuned on POLAR-
Synth under the same setup as POLAR.

E POLAR Score Behavior

Table 12 illustrates the score defined in Eq. (9) for
representative report scenarios using the default
weights (wab = wfp = wfn = 2, wn = 0.5,
wattr = 1).

Three properties of the score are apparent from
the table. First, false negatives are penalized more
heavily than false positives: a single missed ab-
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Scenario mab efn efp eattr Score

Abnormal reference (3 findings)
Perfect report 3 0 0 0 +1.00
All matched, 2 attribute errors 3 0 0 2 +0.50
All matched, 1 false positive 3 0 1 0 +0.50
2/3 matched, no errors 2 1 0 0 +0.25
2/3 matched, 1 false positive 2 1 1 0 0.00
1/3 matched, no errors 1 2 0 0 −0.20
Blank report 0 3 0 0 −0.50

Normal reference (mn = 2)
Correctly reported as normal 0 0 0 – +1.00
1 hallucinated finding 0 0 1 – −0.33
3 hallucinated findings 0 0 3 – −0.71

Table 12: POLAR score for representative scenarios.
The upper block assumes a reference with three ab-
normal findings and no normal findings (mn = 0);
the lower block assumes a normal reference with two
matched normal findings (mn = 2).

normality reduces the score by 0.75 from a per-
fect report, whereas a single false positive re-
duces it by only 0.50. This asymmetry arises be-
cause efn enters both the penalty term E and the
reference normalizer Wref, while efp contributes
only to E. Second, a blank report scores exactly
−wfn/(wab+wfn) = −0.5 regardless of the num-
ber of missed findings, leaving room on the nega-
tive half of the scale to distinguish empty reports
from actively harmful ones with hallucinated find-
ings. Third, one false positive is equivalent in
penalty to two attribute errors (wfp = 2wattr), re-
flecting the higher clinical severity of hallucinated
findings relative to imprecise descriptions of cor-
rectly identified ones.

F Scoring Weight Sensitivity

To assess sensitivity to the manually specified
weights in Eq. (9), we perturb each weight inde-
pendently by ±50%. On RadPref, τ∆ remains be-
tween 0.76 and 0.78 (default: 0.78), while rankings
remain highly correlated with the default score
(Kendall’s τ = 0.90-0.99), indicating robust be-
havior across substantial weight changes.

G Polarity Blindness

A general limitation of polarity-blind scoring is that
it can treat clinically unequal outcomes as equiva-
lent. For the reference “no pleural effusion; car-
diomegaly present”, a candidate containing only

“no pleural effusion” and one containing only “car-
diomegaly present” can receive the same score,
despite the latter preserving the clinically more im-
portant abnormal finding. With the default POLAR

weighting, the former scores −0.33, whereas the
latter scores +1.00.

H RadEval RL Benchmark

RL training calls the reward metric once per rollout,
requiring both speed and clinical sensitivity. We
evaluate both dimensions, extending the RadEval
benchmark3 (Xu et al., 2025) with POLAR and
POLAR-LM.

Metric Init (s) Per sample (ms) Peak VRAM (MB)

BLEU 0.00 0.10 –
ROUGE 0.02 0.21 –
BERTScore 0.95 0.54 259
RadGraph 0.37 25.24 890
RadEvalBERTScore 1.09 1.06 606
F1CheXBERT 2.17 1.48 434
RaTE-Score 2.97 49.01 1,130
SRRBert 0.76 4.56 420
RadCliQ-v1 2.49 26.52 1,176
CREPE 0.90 10.67 477
CRIMSON 3.52 1,965.52 10,545
GREEN 6.00 2,668.74 23,857
POLAR 0.89 170.86 1,888
POLAR-LM 2.94 3,175.27 10,284

Table 13: Inference speed on 20 chest X-ray reports.
Init: model load time after weights are cached on
disk. Per sample: median latency over 3 warm passes
(1 warm-up discarded). VRAM: peak GPU memory
delta; CPU-only metrics show –. Bold/underline =
fastest/second-fastest per sample.

Setup. We follow the RadEval benchmark pro-
tocol (Xu et al., 2025): 20 chest X-ray re-
ports from the RadEval speed fixture are pro-
cessed on a single NVIDIA A40 GPU, with
metrics loaded, benchmarked, and torn down
in sequence within a single process (del +
gc.collect + torch.cuda.empty_cache) to pre-
vent cross-metric memory interference. For
each metric, one warm-up pass is discarded
before three timed passes. The protocol
reports median per-sample latency and peak
torch.cuda.max_memory_allocated delta as a
GPU memory overhead approximation.

Speed. Table 13 summarises the results. Encoder-
based clinical metrics (F1CheXBERT, SRRBert,
CREPE) are readily usable in an online loop at
1-11 ms and under 700 MB of VRAM. POLAR
runs at ≈170 ms with 1.9 GB, offering a favourable
accuracy-throughput trade-off. Generative metrics
(CRIMSON, GREEN, POLAR-LM) require 10-

3https://github.com/jbdel/RadEval/blob/main/docs/trl
_rewards_benchmarks.md
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Reference Candidate rollout BLEU ↑ BERTScore ↑ RadGraph ↑ RadCliQ ↓ CRIMSON ↑ POLAR ↑ POLAR-LM ↑

No acute cardiopulmonary process. No acute cardiopulmonary process. 1.00 1.000 1.00 9.37 1.000 1.00 1.00

Mild cardiomegaly. The cardiac silhouette is mildly enlarged. 0.00 0.215 0.00 10.67 1.000 1.00 1.00

No pleural effusion. Pleural effusion. 0.00 0.893 0.50 11.06 −0.333 −1.00 −1.00

Mild pulmonary edema. Severe pulmonary edema. 0.00 0.955 0.67 10.20 0.500 0.33 0.33

Stable bibasilar atelectasis without consolidation. New right lower lobe consolidation. 0.00 0.355 0.00 11.12 −0.333 −0.67 −0.67

Table 14: Divergence gallery: five curated (reference, candidate) pairs scored by each metric. Row 3 (negation flip,
bold) illustrates the key failure mode: BERTScore rewards a clinically wrong output at 0.893, while CRIMSON
and POLAR correctly assign a negative score.

24 GB and 2-3 s per sample, making them best
suited to offline reward labelling.

Clinical sensitivity. Table 14 scores five curated
reference and candidate pairs covering clinically
relevant failure modes: negation flip, missing find-
ing, hallucination, severity flip, and opposite clini-
cal conclusion. On the negation flip (“No pleural
effusion” to “Pleural effusion”), BERTScore as-
signs 0.893, higher than its score for a correct para-
phrase (0.215), while POLAR, POLAR-LM, and
CRIMSON correctly penalise the error; a policy
optimised against BERTScore alone could learn to
invert negations without penalty.

I Anatomy Conditioning Details

This appendix details the anatomy-conditioned
split of POLAR-Synth used in Section 6.6. Ta-
ble 19 reports the per-anatomy positive and neg-
ative sample counts in the training split, where a
positive example has at least one significant error
or matched finding associated with the conditioned
anatomy and a negative example has all targets set
to zero. The distribution is notably imbalanced:
anatomies that are nearly always described in their
respective modality (e.g., Lung in CT-RATE, Brain
in MR-RATE) are dominated by positives, while
peripheral anatomies (e.g., Thyroid, Breast, Spine)
are dominated by negatives. This imbalance bi-
ases the regression model toward zero predictions
on rare positives, consistent with POLAR’s higher
suppression and lower detection rates observed in
Section 6.6.

Tables 15–18 report per-anatomy binary F1
scores on the test split for POLAR and POLAR-
LM, separately for significant errors (any error
present vs. absent) and matched findings (any
match present vs. absent). POLAR and POLAR-
LM trade off across anatomies, with neither model
dominating consistently across modalities.

Anatomy Err F1 (%)
POLAR

Err F1 (%)
POLAR-LM

Match F1 (%)
POLAR

Match F1 (%)
POLAR-LM

Abdominal 82.9 83.3 90.8 89.1
Cardiovascular 85.1 86.6 91.0 89.5
Hila and Mediastinum 80.8 80.2 88.0 82.3
Lungs and Airways 91.2 89.0 91.1 89.7
Musculoskeletal and Chest Wall 79.5 80.8 83.5 81.1
Other 4.4 37.4 74.0 72.7
Pleura 90.8 93.0 93.0 92.2
Tubes and Catheters and Support Devices 90.3 92.2 90.4 94.2

Macro avg 75.6 80.3 87.7 86.3

Table 15: Per-anatomy binary F1 scores on CXR
(anatomy-conditioned). Err F1: any significant errors
present vs. absent. Match F1: any matched findings
present vs. absent.

Anatomy Err F1 (%)
POLAR

Err F1 (%)
POLAR-LM

Match F1 (%)
POLAR

Match F1 (%)
POLAR-LM

Abdomen 69.1 68.5 93.5 89.1
Bone 51.0 55.6 93.5 89.1
Breast 92.3 90.6 90.9 93.0
Esophagus 69.6 55.2 95.2 96.6
Heart 86.2 86.7 93.5 91.5
Lung 92.9 93.0 94.6 94.2
Mediastinum 69.3 68.5 96.5 94.3
Other 54.1 62.4 69.3 75.7
Pleura 90.9 89.7 93.2 88.3
Thyroid 91.7 92.8 98.1 97.2
Trachea and Bronchie 66.7 40.0 97.1 95.8

Macro avg 75.8 73.0 92.3 91.3

Table 16: Per-anatomy binary F1 scores on CT-RATE
(anatomy-conditioned). Err F1: any significant errors
present vs. absent. Match F1: any matched findings
present vs. absent.

Anatomy Err F1 (%)
POLAR

Err F1 (%)
POLAR-LM

Match F1 (%)
POLAR

Match F1 (%)
POLAR-LM

Brain 95.0 95.8 99.7 99.6
Other 72.1 73.1 80.9 80.9
Spine 92.3 78.0 82.9 80.9

Macro avg 86.5 82.3 87.8 87.2

Table 17: Per-anatomy binary F1 scores on MR-RATE
(anatomy-conditioned). Err F1: any significant errors
present vs. absent. Match F1: any matched findings
present vs. absent.
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Anatomy Err F1 (%)
POLAR

Err F1 (%)
POLAR-LM

Match F1 (%)
POLAR

Match F1 (%)
POLAR-LM

Adrenal Glands 80.0 90.9 92.1 86.7
Gallbladder 67.9 77.9 85.4 86.8
Gastrointestinal Tract 77.1 69.1 87.3 84.6
Kidneys and Ureters 75.3 70.7 94.6 90.7
Liver and Biliary Tree 79.7 77.6 89.3 91.6
Lower Thorax 87.7 84.5 93.1 90.4
Lymph Nodes 70.6 67.9 91.3 83.3
Musculoskeletal 62.2 65.1 93.2 81.2
Other 25.9 43.0 41.9 56.4
Pancreas 56.3 70.0 91.2 92.1
Pelvic Organs 50.6 65.6 83.8 80.6
Peritoneal Cavity 70.6 69.2 82.6 81.9
Spleen 80.0 69.8 91.5 91.4
Vasculature 72.4 70.4 89.6 86.3

Macro avg 68.3 70.8 86.2 84.6

Table 18: Per-anatomy binary F1 scores on Merlin
(anatomy-conditioned). Err F1: any significant errors
present vs. absent. Match F1: any matched findings
present vs. absent.

Anatomy Total Positive Negative

CXR
Abdominal 3,485 1,068 2,417
Cardiovascular 5,091 2,673 2,418
Hila and Mediastinum 5,058 2,640 2,418
Lungs and Airways 5,087 2,673 2,414
Musculoskeletal and Chest Wall 4,817 2,400 2,417
Other 4,771 2,354 2,417
Pleura 5,090 2,672 2,418
Tubes and Catheters and Support Devices 5,090 2,672 2,418

Total 38,489 19,152 19,337

CT-RATE
Abdomen 2,725 1,857 868
Bone 2,727 1,857 870
Breast 3,942 825 3,117
Esophagus 3,491 1,857 1,634
Heart 2,702 1,857 845
Lung 1,981 1,857 124
Mediastinum 2,279 1,857 422
Other 4,974 1,857 3,117
Pleura 4,968 1,857 3,111
Thyroid 4,068 951 3,117
Trachea and Bronchie 3,116 1,857 1,259

Total 36,973 18,489 18,484

MR-RATE
Brain 6,600 6,588 12
Other 11,082 6,588 4,494
Spine 10,078 1,130 8,948

Total 27,760 14,306 13,454

Merlin
Adrenal Glands 1,349 1,017 332
Gallbladder 1,403 1,017 386
Gastrointestinal Tract 1,400 1,017 383
Kidneys and Ureters 1,348 1,017 331
Liver and Biliary Tree 1,295 1,016 279
Lower Thorax 1,448 1,017 431
Lymph Nodes 1,445 1,017 428
Musculoskeletal 1,586 1,017 569
Other 3,306 1,017 2,289
Pancreas 1,347 1,017 330
Pelvic Organs 1,487 1,017 470
Peritoneal Cavity 1,539 1,017 522
Spleen 1,346 1,017 329
Vasculature 1,442 1,017 425

Total 21,741 14,237 7,504

Table 19: Positive and negative sample counts per
anatomy in the POLAR-Synth anatomy-conditioned
training split. Positive: anatomy has any significant
errors or matched findings. Negative: anatomy absent
from reference (all targets zero).
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