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Abstract

Existing metrics often lack the granularity
and interpretability to capture nuanced clini-
cal differences between candidate and ground-
truth radiology reports, resulting in subopti-
mal evaluation. We introduce a Clinically-
grounded tabular framework with Expert-
curated labels and Attribute-level comparison
for Radiology report evaluation (CLEAR).
CLEAR not only examines whether a report
can accurately identify the presence or ab-
sence of medical conditions, but it also as-
sesses whether the report can precisely de-
scribe each positively identified condition
across five key attributes: first occurrence,
change, severity, descriptive location,
and recommendation. Compared with prior
works, CLEAR’s multi-dimensional, attribute-
level outputs enable a more comprehensive
and clinically interpretable evaluation of re-
port quality. Additionally, to measure the clin-
ical alignment of CLEAR, we collaborated
with five board-certified radiologists to develop
CLEAR-Bench, a dataset of 100 chest radio-
graph reports from MIMIC-CXR, annotated
across 6 curated attributes and 13 CheXpert
conditions. Our experiments demonstrated that
CLEAR achieves high accuracy in extracting
clinical attributes and provides automated met-
rics that are strongly aligned with clinical judg-
ment.

1 Introduction

Evaluation is becoming increasingly challenging
in the era of large language models (LLMs). While
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models continue to rapidly hill-climb on bench-
marks rapidly (Maslej et al., 2025; OpenAl, 2025;
Anthropic, 2025; Tu et al., 2025; McDuff et al.,
2025), it remains unclear whether these reported
metrics match task-specific needs (Ganguli et al.,
2023; Rauh et al., 2024; Bedi et al., 2025). In the
context of radiology, the pursuit of generalist foun-
dation models has achieved promising progress
(Bannur et al., 2024; Zambrano Chaves et al.,
2025), but do these “appealing” automated metrics
truly capture clinically aligned qualities (Paschali
et al., 2025)?

In the existing literature, three main types of met-
rics have been proposed to assess the quality of gen-
erated radiology reports, as illustrated in Figure 1:
(1) Lexical metrics measure surface-level similarity
between the generated and ground-truth reports (Pa-
pineni et al., 2002; Lin, 2004; Zhang et al., 2020).
While straightforward and easy to compute, these
metrics struggle to capture nuanced semantics and
domain-specific terminology, leading to poor sen-
sitivity for capturing clinically significant errors.
(i1) Clinical efficacy metrics evaluate the correct-
ness of medical entities and their relationships (Jain
et al., 2021; Yu et al., 2023b; Zhao et al., 2024),
typically through structured extraction-based com-
parisons. Although more clinically informed than
lexical metrics, they lack the resolution to assess
fine-grained attributes such as severity, temporal
progression, or treatment recommendations. (iii)
LLM-based metrics (Ostmeier et al., 2024; Huang
et al., 2024; Zambrano Chaves et al., 2025) rep-
resent the latest direction, often leveraging the
pipeline of LL.M-as-a-Judge (Zheng et al., 2023)
with pre-defined taxonomies such as the six er-
ror categories from the ReXVal dataset (Yu et al.,
2023a). While getting closer to expert judgment
compared with the previous two types, these meth-
ods may still lack comprehensive structured attri-
bution and condition-level interpretability.

Therefore, to address the limitations of existing
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Figure 1: A comparison of existing metrics with CLEAR. Yellow highlights indicate the main evaluation mechanism
for each type of metric. Red underlining marks an erroneous term in the candidate report, in contrast to the black
underlined term in the ground-truth report, which the designed metric fails to evaluate.

metrics, we introduce CLEAR (Section 2), the
first clinically-grounded attribute-level evaluation
framework that leverages LLMs to map free-text
radiology reports to a structured tabular format.
Compared with prior work, CLEAR transforms
the coarse, single-dimensional taxonomy into a
fine-grained, multidimensional structure. Our de-
sign not only enables more comprehensive compar-
isons between candidate and ground-truth reports,
but also provides interpretable outputs to assess re-
port quality at the level of condition-attribute pairs.
Given the strong adaptability of LLLMs across di-
verse language tasks, they serve as an ideal unified
model to operationalize our proposed framework.

Specifically, CLEAR begins with the Label Ex-
traction Module (Section 2.1), which evaluates
whether the candidate report can precisely iden-
tify the presence or absence of specific medical
conditions. To ensure robust performance across
model scales, this module is enhanced using high-
quality, expert-curated labels. Next, for each cor-
rectly identified positive condition, the Description
Extraction Module (Section 2.2) assesses whether
the candidate report can accurately describe the
condition. Jointly established with one research
radiologist and reviewed by one clinical radiolo-
gist, five commonly used attributes were defined
within a radiology report (first occurrence,
change, severity, descriptive location, and
recommendation), enabling the first systematic
evaluation of these critical facets. Finally, the Scor-
ing Module (Section 2.3) compiles and outputs
metric scores for each attribute. We carefully de-
signed automated measurements based on the out-
put type from previous modules: accuracy metrics
aim at exact matches for single-label outputs while
similarity metrics focus on contextual relevance for
multi-phrasing outputs.

Additionally, since no existing datasets (Tian
et al., 2023; Yu et al., 2023a; Rao et al., 2025)
are compatible with CLEAR, we worked closely
with radiologists to create CLEAR-Bench (Section
3), an expert-curated, attribute-level dataset to as-
sess clinical alignment. CLEAR-Bench consists of
100 studies randomly sampled from MIMIC-CXR-
JPG test and validation sets (Johnson et al., 2019,
2024). Each study was annotated and reviewed by
at least two radiologists across 6 report attributes
and 13 CheXpert conditions' (Irvin et al., 2019).
CLEAR-Bench includes two components: (i) Ex-
pert ensemble labels includes ground-truth labels
for presence attribute of each condition. These
labels were constructed via majority voting among
three radiologists, followed by one round of con-
sensus discussion. (ii) Expert curated attributes
contains the remaining five report attributes for
each condition positively identified in the ensem-
ble labels. These attributes were first generated by
LLMs, then independently curated by two radiolo-
gists, and finalized through one round of discussion
and resolution. Additionally, during the curation
process, we collected expert Likert scores for each
model output, contributing to the assessment of
how well the proposed automated metrics align
with clinical judgment.

Finally, we evaluated each component of
CLEAR using the CLEAR-Bench. Our experi-
mental results (Section 4) demonstrated that: (i)
the Label Extraction Module achieved high accu-
racy compared with expert ensemble labels and
significantly outperformed existing labelers across
all metrics; (ii) the Description Extraction Module

! Atelectasis, Cardiomegaly, Consolidation, Edema, En-
larged Cardiomediastinum, Fracture, Lung Lesion, Lung
Opacity, Pleural Effusion, Pleural Other, Pneumonia, Pneu-
mothorax, and Support Devices.
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Figure 2: CLEAR Framework. Given a pair of ground-truth and candidate reports, CLEAR first assesses whether
the candidate report can accurately identify a set of medical observations in the label extraction module. For each
correctly identified positive condition, the description extraction module further evaluates the report’s ability
to describe the condition across five attributes: first occurrence, change, severity, descriptive location,
and recommendation. Finally, the scoring module compiles and outputs the evaluation metrics.

accurately extracted attribute-level information ac-
cording to clinical assessment; (iii) our proposed
automated metrics served as effective proxies for
expert scoring.

2 CLEAR Framework

We introduce the CLEAR framework, a hierar-
chical and fine-grained system for evaluating the
clinical accuracy of radiology reports. CLEAR
addresses both high-level diagnostic correctness
and the descriptive quality of positive findings. As
shown in Figure 2, CLEAR includes three sequen-
tial stages: label extraction, description extraction,
and structured scoring.

Specifically, given a ground-truth and a candi-
date report pair, CLEAR first identifies whether
the candidate correctly recognizes the presence
or absence of specific medical conditions (Stage
1). It then examines, for each positively identified
condition, whether the ground-truth and candidate
reports are aligned across a set of expert-curated
descriptive dimensions (Stage 2). Finally, it ag-
gregates these evaluations into standardized, multi-
dimensional metrics (Stage 3).

2.1 Stage 1: Label Extraction

This stage determines the presence or absence of 13
pre-defined medical conditions in the candidate re-

port, following the CheXpert structure (Irvin et al.,
2019). Since accurately identifying and describing
abnormalities is more clinically significant in ra-
diology reporting, we exclude the “No Findings”
label and focus on the remaining 13 conditions.
Each condition is labeled as positive, unclear,
or negative based on report content.

While existing labelers like CheXbert (Smit
et al., 2020) and CheXpert (Irvin et al., 2019) are
available, our pilot analysis (see Table 2) showed
that their performance was limited. Since label
extraction involves understanding and interpreting
clinical narratives to assign structured labels, we
hypothesized that LLMs could offer significant im-
provements over existing approaches. In particular,
LLMs can handle complex linguistic nuances, such
as negation, uncertainty, and context-dependent
phrasing, more effectively in free-form radiology
reports.

Base model variants and training strategies.
We support three model scales: small (fine-tuned
Qwen2.5-7B-Instruct and Llama-3.1-8B-Instruct),
medium (Llama-3.3-70B-Instruct and Llama-3.1-
70B-Instruct), and large (GPT-40). For medium
and large models, we applied different prompt-
ing strategies, including zero-shot (Prompt 1) and
five-shot. For small models, we performed full-



Attribute Value Set NLP Task Metric
Presence S1 € {"Positive", "Unclear”, "Negative" } Cls (Prompt 1) Accuracy
Temporal Assessment
First Occurrence Sy € {"Previous", "Current", "N/A"} QA (Prompt 2) Accuracy
Change Ss € {"Improving", "Stable", "Worsening", "Mixed", "N/A"} QA (Prompt 3) Accuracy
Description Assessment
Severity S4 € {"Severe", "Moderate", "Mild", "Mixed", "N/A"} QA (Prompt 4) Accuracy
Descriptive Location Ss = {Entry, ..., Entry, } IE (Prompt 5) Similarity
(e.g., Entryn, = "left mid lung atelectasis")
Treatment Assessment
Recommendation Se¢ = {Entryy, ..., Entry, } IE (Prompt 6) Similarity

(e.g., Entryn, = "recommend follow-up at 4 weeks")

* Cls denotes “Classification,” QA denotes “Question Answering,” and IE denotes “Information Extraction.”

Table 1: An overview of our expert-curated fine-grained attributes in CLEAR.

parameter fine-tuning using our curated dataset. To
avoid overfitting, we first conducted hyperparam-
eter tuning through 5-fold cross-validation and a
grid search over learning rate, gradient accumu-
lation steps, and number of epochs, followed by
re-training on the full dataset. Full implementation
details are provided in Appendix D.

Expert-in-the-loop label curation. High-quality
labeled data is essential for training our label ex-
traction models. To build a gold training dataset,
we implemented a multi-stage annotation refine-
ment with expert in the loop. We began with the
test set from MIMIC-CXR-JPG (Johnson et al.,
2024), which includes a single radiologist’s annota-
tions for 13 CheXpert conditions (Irvin et al., 2019).
Each condition was originally labeled as positive,
negative, unmentioned, or uncertain. In initial
discussions with a radiologist, we identified two
major issues with the original annotations: labeling
errors (e.g., conditions mentioned in the report but
left unlabeled) and category ambiguity (e.g., vague
distinctions between negative and unmentioned).
To address these, we used GPT-40 to pre-screen
and re-label the reports, prompting it with the orig-
inal MIMIC labeling guidelines. We then flagged
cases with label mismatches between GPT-40 and
the original annotations. We then asked an ex-
pert to re-annotate the discrepant cases. To reduce
the radiologist’s workload, reports with more than
five mismatched condition labels were discarded
from expert annotation, as such extensive disagree-
ment often signals deeper interpretive ambiguities
or quality issues in the original reports. While this
introduced potential bias, we prioritized curating
a high-quality subset over exhaustively correcting
all samples. For the remaining reports, our collabo-
rating radiologist independently re-annotated only

the discrepant conditions, reviewing the original
report text without seeing prior labels. During the
human annotation process, we observed that the
original labeling schema lacked sufficient granular-
ity to reflect the nuanced certainty levels expressed
in radiology. In discussion with our expert radiol-
ogist, we expanded the label set to:{confidently
present, likely present, neutral, likely
absent, confidently absent}. In total, we cu-
rated 550 studies, each with high-quality labels for
all 13 conditions. For consistency with prior work
and to simplify downstream modeling, we further
merged all labels into three classes {positive,
negative, unclear}. A detailed description of
the annotation process and instructions are pro-
vided in Appendix B.

2.2 Stage 2: Description Extraction

Building on the condition labels from Stage 1, this
module extracts fine-grained clinical features that
capture essential descriptive information for accu-
rate reporting. The primary motivation is to trans-
form the narrative text of radiology reports into a
comprehensive, structured tabular format that dis-
tills all clinically significant attributes. In collabo-
ration with two radiologists, we developed five clin-
ically significant dimensions: first occurrence
(whether the condition is newly observed), change
(progression or improvement from prior studies),
severity (the extent or intensity of the condi-
tion), descriptive location (specific anatom-
ical site), and recommendation (suggested follow-
up actions). These expert-developed attributes were
specifically designed to reflect the nuanced but es-
sential information radiologists routinely document
when interpreting chest radiographs. By extract-
ing these attributes, our approach enables a more
comprehensive evaluation beyond simple condition



detection.

Implementation details. We used prompt-based
methods to extract each of the five attributes from
free-text reports. Each attribute was naturally
framed as a standalone language understanding
task. To operationalize this, we designed cus-
tom prompts tailored to the nature of each at-
tribute: we used a Question Answering (QA) tem-
plate to prompt the model for first occurrence
(Prompt 2), change (Prompt 3), and severity
(Prompt 4), and an Information Extraction (IE) tem-
plate for descriptive location (Prompt 5) and
recommendation (Prompt 6). For QA tasks, the
model selects the best answer from multiple-choice
options based on its understanding of the report.
For IE tasks, it extracts relevant phrases guided
by condition-specific example terminologies. Our
prompt templates and terminology lists were re-
viewed by two radiologists and are summarized in
Appendix E. We used a single model to process all
five prompt types, one prompt per query to extract
each attribute from a given report. We evaluated
two model scales: a smaller Llama-3.1-8B-Instruct
and a larger GPT-40 from OpenAl.

2.3 Stage 3: Scoring and Metrics

In this module, we process outputs from Stage 1
and Stage 2 into numeric metrics for each attribute.
Given the ¢-th pair of ground-truth and candidate
attribute sets, denote the attributes extracted from
the ground-truth report as {SJ(-I) }?:1 and from the

candidate report as { Sj(l)}?:l. An overview of the
attributes is provided in Table 1.

For presence (57, S*l), we evaluated the ac-
curacy of identifying Positive and Negative
conditions. We defined a target class ¢ €
{Positive,Negative}, treating all other labels as
non-target. The corresponding binary F1 score,
F'1., was computed for each target class, result-
ing a positive-F1 and negative-F1. We report these
scores at three levels: micro average, Top-5 condi-
tion average?, and across all 13 conditions.

For first occurrence (S3,S55), change
(S3,S3), and severity (Sy, Sy), we assessed the
exact match between predictions and ground truth.
Considering that these attributes are framed as
multiple-choice questions in the prompt, exact
match is a natural and appropriate metric. Accu-

Top five conditions in MIMIC-CXR-JPG are Pneumotho-
rax, Pneumonia, Edema, Pleural Effusion, and Consolidation.

(1) _&(®
st =gt
racy was calculated as Acc.; = % We

report accuracy at the micro level, as well as aver-
aged across reports and the 13 conditions.

For descriptive location (Ss, S{,) and
recommendation (.Sg, 5'6), which involve free-text
descriptions, we measured phrase-level similar-
ity against clinically meaningful expressions. To
evaluate alignment, we first used optimal match-
ing—based metrics with similarity scores such as
BLEU-4 (Papineni et al., 2002) and ROUGE-
L (Lin, 2004):

; 1
Score(l) =

T8

max Similarity(e, é),

5 &)
EESJ(.i) BESj

where S](.Z) = {ex}}_; and S'J(Z) = {&x}7,. Ad-
ditionally, to better approximate clinical judgment
from an expert’s perspective, we prompted ol-mini
(Prompt 8) to directly compare each attribute pair
and return a similarity score in the range [0, 1].

3 CLEAR-Bench: Attribute-Level Expert
Alignment Dataset

In this section, we introduce CLEAR-Bench, an
expert-curated, attribute-level dataset in collabora-
tion with five radiologists. Inspired by recent expert
evaluation datasets for chest X-ray reports (Tian
et al., 2023; Yu et al., 2023a; Rao et al., 2025),
CLEAR-Bench is specifically designed to assess
how well automated evaluators such as CLEAR
align with radiologist judgments. CLEAR-Bench
consists of two annotation subsets: expert ensemble
labels and expert-curated attributes. We defer full
details of the instruction criteria, interface design,
and annotation workflow to Appendix B.

Expert ensemble labels. These provide the
ground-truth labels for the Presence attribute.
We randomly selected 100 studies from the vali-
dation and test sets of MIMIC-CXR-JPG (John-
son et al., 2024), excluding any training sam-
ples and normal studies. Each report was inde-
pendently annotated from scratch by three board-
certified radiologists. During annotation, the ra-
diologists categorized each of 13 CheXpert con-
ditions (Irvin et al., 2019) into one of five cate-
gories (confidently absent, likely absent,
neutral, likely present, and confidently
present) based on their best interpretation of the
report. After the initial round of annotations,
we merged confidently present and likely



Experiments Pos F1@13 Pos F1@5 Pos F1 (micro) NegF1@13 NegF1@5 NegF1 (micro)
LARGE MODELS

GPT-4o0 (base) 0.805 0.929 0.934 0.476 0.648 0.815

GPT-40 (5-shot) 0.795 0.940 0.934 0.510 0.723 0.842

MEDIUM MODELS

Llama-3.1-70B-Instruct (base) 0.782 0.890 0.924 0.630 0.850 0.920

Llama-3.1-70B-Instruct (5-shot) 0.794 0.916 0.924 0.744 0.890 0.958

Llama-3.3-70B-Instruct (base) 0.780 0.894 0.925 0.602 0.876 0.926

Llama-3.3-70B-Instruct (5-shot) 0.781 0.907 0.926 0.695 0.892 0.953
SMALL MODELS

Llama-3.1-8B-Instruct (base) 0.736 0.880 0.910 0.418 0.660 0.714

Llama-3.1-8B-Instruct (550 finetune) 0.729 0.806 0.905 0.482 0.803 0.949

Qwen?2.5-7B-Instruct (base) 0.694 0.834 0.880 0413 0.616 0.736

Qwen?2.5-7B-Instruct (550 finetune) 0.727 0.800 0.905 0.511 0.849 0.953

BASELINES

CheXbert (Smit et al., 2020) 0.695 0.833 0.897 0.498 0.877 0.952

CheXpert (Irvin et al., 2019) 0.674 0.811 0.888 0.522 0.831 0.948

A Improvement over SOTA +15.8% +12.8% +4.1% +42.5% +1.7% +0.06%

Table 2: Evaluation of the label extraction module. CLEAR outperforms existing labelers across all metrics in
identifying both positive and negative conditions. Specifically, larger models perform better at capturing positive
conditions, while techniques such as 5-shot prompting and supervised fine-tuning significantly improve the detection

of negative conditions.

present into the single category positive, while
likely absent and confidently absent were
merged into the single category negative. We then
assessed agreement across annotators. Remaining
disagreements were first resolved by majority vote,
followed by a consensus discussion for any unre-
solved conflicts. The finalized dataset served as the
ground truth for evaluating model performance in
the Label Extraction Module.

Expert-curated attributes. These cover the re-
maining five report attributes: first occurrence,
change, severity, descriptive location, and
recommendation. We began by preparing two sets
of model-generated attributes, one from Llama-3.1-
8B-Instruct and the other from GPT-40, for each
positive condition identified in the expert ensem-
ble labels. These two sets were merged and then
randomly split into two review sets, each with 50
samples from Llama and 50 samples from GPT-
40. Each set was independently reviewed by sepa-
rate radiologists. During curation, each radiologist
first rated each attribute as incorrect, partially
correct, or correct. For non-correct attributes,
the radiologist also provided a revised version,
which was used to construct the ground-truth at-
tribute set.

4 Experiments

Experimental setup. To evaluate the effective-
ness and clinical reliability of our proposed
CLEAR framework, we conducted experiments us-
ing CLEAR-Bench. For the Label Extraction Mod-
ule, we compared CLEAR’s performance against

two established baselines, the BERT-based labeler
CheXbert (Smit et al., 2020) and the rule-based la-
beler CheXpert (Irvin et al., 2019), using the Expert
Ensemble Labels from CLEAR-Bench. We report
F1 scores as introduced in Section 2.3. For the De-
scription Extraction Module, we evaluated CLEAR
using the Expert-Curated Attributes from CLEAR-
Bench. As no prior baselines exist for this task, we
report expert evaluation scores directly, along with
automated metrics defined in Section 2.3.

LLM-based labeler achieves substantial gains
over existing labelers. We begin with evaluating
the performance of the Label Extraction Module.
As shown in Table 2, our text generation-based
approach (Prompt 1) significantly outperforms the
best BERT-based labeler (Smit et al., 2020) and
the top rule-based labeler (Irvin et al., 2019) across
all accuracy metrics. In identifying positive con-
ditions, our module achieved a notable improve-
ment in accuracy averaged over all 13 medical
conditions (+15.8%), with smaller increase on the
Top 5 conditions (+12.8%) and the full label pool
(+4.1%). This is likely because text generation
models can understand the full sentence and over-
all report, instead of relying on token-level clas-
sification or hard-coded rules. Furthermore, this
contextual understanding generalizes across con-
ditions, especially for rare conditions (e.g., frac-
ture) where BERT-based models struggle due to
data imbalance, and unseen patterns (e.g., pleu-
ral other) where rule-based systems fail to capture
beyond their predefined scope. This advantage is
even more evident in negative conditions, which



First Occurrence ‘

Change

‘ Severity

‘ Descriptive Location ‘ Recommendation

Metric GPT-40 Llama 8B | GPT-40 Llama 8B | GPT-40 Llama 8B |GPT-40 Llama 8B | GPT-4o Llama 8B
EXPERT EVALUATION SCORES
Experts (condition averaged) 0.818 0.685 0.837 0.685 0.809 0.565 0.857 0.761 0.933 0.474
Experts (report averaged) 0.783 0.680 0.867 0.688 0.771 0.583 0.872 0.763 0.940 0.416
Experts (micro) 0.777 0.662 0.855 0.663 0.777 0.570 0.867 0.757 0.936 0.404
ACCURACY METRICS
Acc. (condition averaged) 0.740 0.688 0.710 0.589 0.682 0.470 - - - -
Acc. (report averaged) 0.755 0.679 0.759 0.596 0.685 0.532 - - - -
Acc. (micro) 0.737 0.665 0.754 0.575 0.671 0.494 - - - -
SIMILARITY METRICS
ol-mini (micro) - - - - - - 0.785 0.739 0.888 0.361
ROUGE-L (micro) - - - - - - 0.686 0.672 0.887 0.268
BLEU-4 (micro) - - - - - - 0.500 0.402 0.885 0.263
Average (experts) 0.793 0.676 0.853 0.679 0.786 0.573 0.865 0.760 0.936 0.431
Average (all) 0.768 0.677 0.797 0.633 0.733 0.536 0.761 0.682 0.911 0.364
A(GPT-40 — Llama) +0.091 +0.164 +0.197 +0.079 +0.547

* A dash (-) indicates the metric is not applicable for this attribute.
* Bold values highlight the highest scores per metric. Colored cells distinguish GPT-4o (green) from Llama 8B (yellow).
* The bottom row shows the difference between GPT-40 and Llama 8B for the "Average (all)" metric.

Table 3: Evaluation of the description extraction module. Expert ratings are averaged across all samples (0 =
incorrect, 0.5 = partially correct, 1 = correct). According to radiologists’ clinical judgment, CLEAR can accurately
extract attribute-level information from free-text reports. Additionally, GPT-4o is consistently preferred over Llama-
3.1-8B-Instruct, though Llama performs reasonably well, especially on descriptive location, and remains a

low-cost, open-source option.

require interpreting implicit cues (e.g., “lungs are
clear”). Our module achieved a substantial boost
(+42.5%) in average accuracy across all conditions,
highlighting once again its strength in semantic
understanding beyond explicit mentions.

Ablation study of model scales and adaptation.
For identifying positive clinical findings, model
scale plays a major role, with GPT-40 achieving
the highest performance across all accuracy metrics.
In contrast, model adaptation strategies, includ-
ing both few-shot prompting and supervised fine-
tuning, have relatively limited impact compared to
each base model. This is likely because the base
models already encode sufficient clinical knowl-
edge to accurately identify positive findings, and
larger model scales are more strongly related with
the richness of this knowledge. However, when
it comes to negative mentions, model adaptation
strategies stand out, with all metrics improving
notably across scales. The reason is that these
strategies effectively incorporate expert-derived
“side” information, which is typically not captured
by base models during pre-training, through few-
shot examples or supervised training data. Specif-
ically, among different strategies, supervised fine-
tuning consistently outperformed few-shot prompt-
ing, with average gains of 26.8% for small models
from fine-tuning, 7.9% for medium models from
few-shot, and 7.3% for large models from few-shot.

LLMs, especially GPT-4o, excel at fine-grained
attribute extraction. We next probe our de-
scription extraction module to assess how reli-
ably a unified language model can handle all
five fine-grained attributes (see Table 3). Over-
all, GPT-40 showed strong performance across
all five attributes, achieving the highest average
score of 0.911 (recommendation average all) and
a minimum of 0.733 (severity). When analyz-
ing by task type, GPT-40 performed better on
IE tasks (location and recommendation), with
an average score of 0.836, particularly for at-
tributes that involve highly formulaic language
(e.g., “follow-up imaging recommended to assess
the resolution of opacity” for recommendation).
In contrast, it achieved a relatively lower score of
0.766 on QA tasks (first occurrence, change,
and severity), which typically require deeper
clinical contextual understanding. In compari-
son, Llama-3.1-8B-Instruct (a small-scale model)
showed mixed performance across attributes. In
QA tasks, it captured temporal information reason-
ably well, scoring 0.677 for first Occurrence
average all and 0.633 for change, though its inter-
pretation of clinical findings was weaker (0.536
for severity). As for IE tasks, hallucinations sig-
nificantly affected performance, but with a cus-
tomized terminology list (see Table 9), it achieved
0.682 on location, the closest to GPT-40. How-



Automated Metric
Accuracy Metrics produced by CLEAR

Corr. with Expert Scoring

Acc. (condition averaged) 0.894
Acc. (report averaged) 0.908
Acc. (micro) 0.915

Similarity Metrics produced by CLEAR

ol-mini (micro) 0.994
ROUGE-L (micro) 0.977
BLEU-4 (micro) 0.811

Table 4: Pearson correlation between CLEAR and ex-
pert scores. All of automated metrics generated by
CLEAR show strong alignment with expert evaluations.

ever, unrelated descriptive phrases (e.g., “signs of
generalized fluid overload”) significantly lowered
recommendation score to 0.364.

CLEAR aligns well with expert ratings. Gen-
erally, all the implementations of CLEAR were
highly correlated with expert scoring, as shown
in Table 4. However, automated metrics were
typically slightly lower than expert scores, as ob-
served in Table 3, likely because similarity metrics
based on ROUGE-L and BLEU-4 prioritize ex-
act matches against ground truth, whereas expert
scoring includes a Partially Correct category,
allowing some tolerance for clinically reasonable
but not perfectly matched responses. This distinc-
tion is further supported by the exceptionally high
correlation of ol-mini scores with expert ratings,
reaching 0.994. Compared with other lexical met-
rics, ol-mini can more effectively capture semantic
and clinical alignment, making it a closer proxy to
expert judgment.

5 Related Work

Lexical metrics. Traditional word-overlap met-
rics such as BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004),and METEOR (Banerjee and
Lavie, 2005) are commonly used in natural lan-
guage generation tasks and are therefore also com-
monly applied to radiology report generation. How-
ever, these metrics fail to capture subtle semantic
nuances, such as negations or synonyms, which are
critical in the clinical domain. Embedding-based
metrics such as BERTScore (Zhang et al., 2020)
improve on semantic matching but remain inade-
quate in capturing nuanced semantics and domain-
specific medical terms, thereby missing clinically
important errors.

Clinical efficacy metrics. To bridge the gap be-
tween surface-level fluency and clinical correct-
ness, domain-specific metrics have been introduced.

Label-based metrics such as CheXpert (Irvin et al.,
2019) map reports to 14 predefined clinical la-
bels and measure classification accuracy, but their
rule-based pipelines propagate annotation noise.
CheXbert (Smit et al., 2020) improves seman-
tic understanding over CheXpert by fine-tuning
BERT-based classifiers; however, it still lags be-
hind recent LLMs due to the limited capacity of
BERT compared with newer and more powerful
language models. More recent entity-centric meth-
ods such as RadGraph F1 (Jain et al., 2021), Rad-
Graph2 (Khanna et al., 2023), MEDCON (Yim
et al., 2023) and RaTEScore (Zhao et al., 2024)
capture subject-relation—object triples. Although
these approaches effectively identify and compare
medical entities and their relationships, they often
lack the granularity to evaluate specific attributes
such as severity, temporal progression, or treat-
ments. To better align automatic metrics with ra-
diologist judgments, RadCliQ (Yu et al., 2023b)
combines BLEU, BERTScore, CheXbert similarity,
and RadGraph F1 into a weighted score learned
from 160 radiologist-annotated report pairs (ReX-
Val). These annotations are provided at an aggre-
gate level, quantifying the total number of clinically
significant and insignificant errors without distin-
guishing specific clinical attributes.

LLM-based metrics. More recently, researchers
have been using LLLMs to assess radiology reports.
Several methods, including GREEN and CheX-
prompt, build on six categories of the clinical-error
taxonomy introduced in RadCliQ. GREEN (Ost-
meier et al., 2024) tallies the number of errors and
matched findings of each type and then aggregates
them into a single report-level score, which limits
granularity and makes it difficult to isolate specific
mistakes. CheXprompt (Zambrano Chaves et al.,
2025) uses GPT-4 to quantify clinically significant
and insignificant errors in radiology reports, catego-
rizing them into six predefined types. Similarly, it
focuses primarily on counting these errors without
delving into the nuanced contextual attributes of
each error instance. FineRadScore (Huang et al.,
2024) takes a different route: it calculates the min-
imum line-by-line edits required to transform a
generated report into a reference report. While
this encourages precision, it penalizes semantically
equivalent but differently phrased outputs. Rad-
Fact (Bannur et al., 2024) decomposes each report
into atomic sentences and uses LLM to determine
whether each generated sentence is entailed by the



reference report, which does not differentiate dif-
ferent types of clinical errors or severity.

6 Conclusion

We present CLEAR, the first clinically grounded,
attribute-level evaluation framework that leverages
LLMs to convert free-text radiology reports into
a structured tabular format. CLEAR consists of
three components: (1) a label extraction module to
assess the accurate identification of medical condi-
tions; (2) a description extraction module to eval-
uate the precision of condition descriptions; and
(3) a scoring module to compile multi-metric eval-
uation results. We also introduce CLEAR-Bench,
an expert-curated alignment dataset covering 6 re-
port attributes and 13 medical conditions. Our
experiments demonstrated that CLEAR can effec-
tively identify clinical conditions, faithfully extract
attribute-level information consistent with clini-
cal validation, and provide automated metrics that
serve as reliable proxies for expert scoring.

Limitations

While CLEAR provides a clinically grounded
framework and demonstrates strong alignment with
expert clinical assessment, it has several limitations.
First, like all existing evaluation metrics, CLEAR
relies solely on ground-truth reports without in-
corporating image information, overlooking the
fact that reference reports may not fully capture
all relevant findings present in the image. Future
work could explore integrating image-based evalua-
tion to better reflect clinical completeness. Second,
CLEAR is built on the CheXpert label structure,
which is limited in both granularity and anatomi-
cal coverage. Extending the framework to include
additional specialties such as breast imaging, car-
diology, and gastroenterology in the future could
enhance its generalizability. Lastly, although we
prioritize high-quality annotations, both the train-
ing and evaluation datasets remain relatively small
due to the common tradeoff between annotation
quality and dataset scale.
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Appendix
A Open-sourced Artifacts

We release the CLEAR codebase at https:
//github.com/ChicagoHAI/CLEAR-evaluator .
The current version supports both open-source
models via the vLLM backend and closed-source
models through the Azure OpenAl API.

Our ground-truth dataset, CLEAR-Bench, along
with comprehensive documentation, is publicly
available on PhysioNet (https://physionet.
org/ ) to facilitate future research. Licensing and
citation guidelines for using the dataset are detailed
in the accompanying documentation.

B Data Annotation and Curation

We accessed MIMIC-CXR-JPG data by following
the required steps on https://physionet.org/
content/mimic-cxr-jpg/2.1.0/. We first reg-
istered and applied to be a credentialed user, and
then completed the required training of CITI Data
or Specimens Only Research. Data license can
be found at https://physionet.org/content/
mimic-cxr-jpg/view-license/2.1.0/.

During each human annotation process, we fol-
lowed a traditional paradigm: initial pilot rounds
were conducted to gather user feedback, followed
by formal, independent large-scale annotation, data
analysis for quality control, and final resolution via
consensus discussion. Our annotation platform is
built upon an open source data labeling tool, Label
Studio (Tkachenko et al., 2020-2022).

B.1 Label Structure Refinement

MIMIC-CXR-JPG Labeling Criteria

Positive (1.0): The label is positively mentioned in the
report and present in one or more associated images.
Example: “A large pleural effusion”

Negative (0.0): The label is negatively mentioned in
the report and should not be present in any associated
image.

Example: “No pneumothorax.”

Uncertain (-1.0): The label is either: (1) mentioned
with uncertainty, so presence in the image is unclear;
or (2) described ambiguously, with uncertain exis-
tence.

Explicit uncertainty: “The cardiac size cannot be eval-
uated.”

Ambiguous language: “The cardiac contours are sta-
ble.”

Unmentioned (Missing): The label is not mentioned
in the report at all.

Figure 3: 4-type labeling criteria in MIMIC.

During the interaction of pilot training, we
closely worked with all involved radiologists and
collect a lot of valuable feedback regarding the
user experience with designed interfaces and task
instruction.

After summarizing input feedback, we recog-
nized some shared and repeatedly mentioned issues
in the 4-type label structure of MIMIC-CXR-JPG
(see Figure 3): (1) The “unmentioned” category
has a high degree of overlap with other categories,
particularly with “negative” labels. This is because
radiologists often do not explicitly state negative
findings in the report. However, indirect phrases
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such as “Lungs are clear” can implicitly negate
a wide range of lung-related abnormalities. (2)
Additionally, different radiologists have varying
tendencies in labeling conditions. More conserva-
tive radiologists may lean toward assigning “un-
certain” rather than “positive” labels, even when
the evidence suggests a likely presence. This in-
consistency introduced label noise and ambiguity,
particularly when these labels are used for super-
vised training or evaluation purposes.

Our Refined Labeling Criteria

Confidently Absent: The condition is clearly stated
as not present in the report.
Example: “No pneumothorax.”

Likely Absent: The report implies the condition is
likely absent, but the language is ambiguous or uncer-
tain.

Example: “Heart size is normal though increased.”

Neutral: The report does not clearly indicate pres-
ence or absence.

Explicit uncertainty: “The cardiac size cannot be eval-
uated.”

Ambiguous language: “The cardiac contours are sta-
ble.”

Likely Present: The report suggests the condition
may be present, but uses uncertain or ambiguous lan-
guage.

Example: “Likely reflecting compressive atelectasis.”

Confidently Present: The condition is clearly stated
as present in the report.
Example: “A small right pleural effusion.”

Figure 4: Our refined 5-type labeling criteria during
expert annotation.

Therefore, we refined the original MIMIC label
structure into a “5+1” annotation framework. The
“5” refers to an extension of MIMIC’s original “Pos-
itive,” “Negative,” and “Uncertain” categories into
five more nuanced types, as shown in Figure 4. The
“+1” refers to retaining the “Unmentioned” label
as a separate flag. Specifically, radiologists were
asked to select one of the five labels for each con-
dition and additionally indicate whether this label
was explicitly mentioned in the report or not.

After collecting radiologist responses, we
mapped the five types into a final three-type
scheme for downstream use: “Confidently Present”
and “Likely Present” were merged into “Positive,
“Confidently Absent” and “Likely Absent” were
merged into “Negative,” and “Neutral” was re-
named as “Unclear.” We then proceeded with inter-
rater alignment checks for quality control. Notably,
the “mentioned” flag was not incorporated into the

B
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Figure 5: Interface for Label Annotation.

final label itself but served as a supporting indicator
for data managers to differentiate between labeling
disagreements due to quality issues versus differ-
ences in individual clinical interpretation. This
overall process enabled us to accommodate vari-
ability in radiologist judgment while maintaining
high annotation quality.

B.2 Expert-in-the-loop Dataset Curation

We first excluded two cases without any “FIND-
INGS” or “IMPRESSION” sections in the radiol-
ogy report and 30 cases labeled as “No Finding”
in the radiologist annotation dataset from MIMIC-
CXR-JPG (containing 687 studies in total). Then,
we randomly selected 20 cases to serve as a pilot
set for initial review and refinement of the process.

We then prompted GPT-40 to generate condition
labels following the same guidelines used in the
original MIMIC documentation for the remaining
studies excluding the 20 pilot cases. After identi-
fying discrepancies between the model-generated
labels and the original dataset annotations, we iso-
lated the suspected noisy labels for further review.

For each case, we extracted only the relevant
report sections (FINDINGS and IMPRESSION)),
with no images involved, and presented them to
a board-certified radiologist. The radiologist in-
dependently re-annotated the report from scratch
based on their clinical judgment.

During the curation, we discarded five cases due
to GPT-4o0 generation failures. To manage the anno-
tation workload, we limited each review to reports
with one to five mismatched conditions per case.

The full curation process took approximately
one month, resulting in 550 finalized reports, each
annotated with 13 condition labels.

Task instruction can be checked in Figure 8 and
the interface can be checked in Figure 5.
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B.3 CLEAR-Bench: Expert Ensemble

After excluding "No Finding" cases and those al-
ready annotated in the curation stage, we selected
five cases for pilot training and randomly sampled
100 reports from the test and validation sets of
MIMIC-CXR-JPG to construct our final evaluation
dataset.

Following a brief onboarding process using 5
pilot cases, we collected independent annotations
from three radiologists, each labeling the 100 re-
ports from scratch. After an initial round of major-
ity voting, 25 reports with 32 individual condition
labels in total remained unresolved. These were
finalized through a single round of discussion and
consensus among the experts.

The full expert ensemble workflow was com-
pleted over the course of three months, resulting in
100 fully annotated reports, each with 13 condition
labels.

Task instruction can be checked in Figure 8 and
interface can be checked in Figure 5.

B.4 CLEAR-Bench: Attribute Curation

The blueprint for attribute design was initially in-
spired by the concept of an “Attribute-Value For-
mat” proposed by Dr. Langlotz in his practical
guide to writing radiology reports (Langlotz, 2015,
207). Driven by this concept, we generated a list
of commonly used report attributes with the assis-
tance of GPT-40, and refined it through discussion
with our collaborating research radiologist, who is
also a co-author. Together, we determined which
attributes to include, revise, or remove. During this
process, we not only developed a concise yet com-
prehensive attribute structure and also collected
useful example phrases and sentences for each at-
tribute. These examples were later incorporated
into the prompts used in the Description Extraction
Module (see Appendix E). The final version of the
prompt set and word list was also reviewed and

Metric Correlation
BERTScore (Zhang et al., 2020) 0.27
METEOR (Banerjee and Lavie, 2005) 0.49
GREEN (Ostmeier et al., 2024) 0.63
GEMA-Score (Zhang et al., 2025) 0.70
CLEAR (GPT-40, 01-mini) 0.70

Table 5: Pearson correlation with clinical judgment
on ReXVal. All baseline results are reproduced
from (Zhang et al., 2025).

approved by a clinical radiologist.

We curated attributes using the same 100 studies
described earlier, excluding two cases that lacked
any positively identified conditions in expert en-
semble labels. Following a round of pilot training,
the formal curation process proceeded as detailed
in Section 3. After collecting radiologist responses,
we conducted a second round of quality control to
finalize the ground-truth attributes. The full human
curation process took approximately one month.

Task instructions are shown in Figure 9, and the
annotation interface is illustrated in Figure 6.

C Comparison

C.1 CLEAR vs. Existing LLM-based Metrics

Notably, most existing LL.M-based metrics yield
a single holistic score for a (candidate, reference)
pair and do not evaluate the structured, fine-grained
attribute-level information captured by our expert
annotations (e.g., location of pneumonia), which
makes a like-for-like comparison between CLEAR
and existing metrics impossible in Table 4.

However, for the consideration of completeness,
in this section, we constructed a naive scalarization
of CLEAR by averaging its condition—attribute out-
puts into a single score, and evaluated it on ReX-
Val (Yu et al., 2023a) following the latest GEMA
protocol (Zhang et al., 2025). Correlation results
are reported in Table 5. Under this setup, the
scalarized CLEAR performs on par with GEMA-
Score (Zhang et al., 2025) and outperforms other
recent semantic or clinical-efficacy metrics (e.g.,
GREEN (Ostmeier et al., 2024)), while still provid-
ing interpretable, condition-specific feedback that
report-level metrics lack.

We additionally present a brief case study com-
paring CLEAR with GEMA-Score in Figure 7.

Methodologically, GEMA-Score and other
LLM-based radiology metrics (e.g., GREEN (Ost-
meier et al., 2024), FineRadScore (Huang et al.,
2024)) follow a common paradigm: identify errors
using a fixed error-category taxonomy, aggregate



Aspect ReXVal

CLEAR-Bench

Report Section Used Impression only

Full report (Findings + Impression)

Annotation Scope
omission, comparison)

6 coarse error categories (e.g., false positive,

13 conditions X 6 expert-curated clinical
attributes

Error Distribution
& change underrepresented

88.7% of annotations had O errors; location

All reports selected for at least one positive
finding; balanced coverage of all 6 attributes

Table 6: Comparison between ReXVal and CLEAR-Bench.

them into a single report-level score (e.g., F1), and
assess alignment with radiologist judgments on
expert-annotated sets. This paradigm is inherently
constrained to single-score outputs compatible with
datasets such as ReXVal (Zhang et al., 2025). In
contrast, CLEAR is designed around a clinically
interpretable, two-dimensional condition—attribute
framework. Rather than collapsing quality into
one number, CLEAR produces a multi-metric “ex-
amination sheet” that explicitly indicates which
conditions, attributes, and condition—attribute pairs
are present or missing in generated reports.

C.2 CLEAR-Bench vs. Existing Expert
Evaluation Datasets

Commonly used datasets such as ReXVal (Yu et al.,
2023a) are not directly compatible with CLEAR’s
condition-by-attribute evaluation design. ReXVal
focuses on the impression section, lacks structured
attribute annotations, and is highly sparse—over
88% of annotator ratings indicate zero errors, with
most labeled errors concentrated in a single at-
tribute (“presence” of disease). These characteris-
tics make it challenging to evaluate attribute-level
metrics like CLEAR.

To facilitate direct comparison where possible,
we also report CLEAR’s performance on ReX-
Val (Yu et al., 2023a) using the naive scalariza-
tion described above. Nevertheless, while ReX-
Val remains useful for coarse, report-level scor-
ing, CLEAR-Bench is purpose-built to evaluate
condition- and attribute-level fidelity and thus pro-
vides a more rigorous foundation for assessing the
full capabilities of CLEAR.

Detailed comparison can be found in Table 6.

D CLEAR: Implementation Details

Supervised finetuning details. All fine-tuned
models were obtained through supervised fine-
tuning with LLaMA-Factory (Zheng et al., 2024).
To identify an optimal configuration, we developed
an automated hyperparameter optimization (HPO)
framework that combines five-fold cross-validation

Base Model GAS LR

Llama3.1-8B-Instruct 1
Qwen2.5-7B-Instruct 1

Epochs

7.0x 1076 4
9.0 x 1076 5

Table 7: Hyperparameter search results. GAS denotes
the number of gradient-accumulation steps, LR the
learning rate, and Epochs the total training epochs.

with a grid search. Learning rate, number of epoch,
and gradient accumulation steps were three objects
to be optimized. For learning rate, the searching
space wad [3.0e7%,3.0e7°], with an interval of
2.0e~C. For epoch, searching space is {2,3,4,5}.
For gradient accumulation steps, the searching tar-
get was {1,2,4}. We conducted extensive exper-
iments to assess each hyperparameter’s influence.
A total of 360 models were finetuned for one base
model to determine the best hyperparameter set-
tings. The best-performing settings, summarized in
Table 7, were used for all experiments reported in
Table 2. Hyperparameter optimization and model
training were performed on NVIDIA A100 80G
and NVIDIA H100 94G GPUs. The HPO stage
took 93 h 51 m 20 s on four A100s and 14 h 39 m
36 s on four H100s.

Model Standard Pricing
(per 1M Tokens)
GPT-40-2024-1120 (Global) Input: $2.50

Cached: $1.25
Output: $10.00
Input: $1.10
Cached: $0.55
Output: $4.40

Table 8: Standard API pricing per 1M tokens for GPT-
40 and ol-mini models, based on Azure OpenAl pricing:
https://azure.microsoft.com/en-us/pricing/
details/cognitive-services/openai-service/
#pricing.

01-mini-2024-09-12 (Global)

Inference details for local models. We served
the models locally with vLLM (0.8.5.post1) (Kwon
et al., 2023). Inference runs were made with a
temperature of le-5 and a max_tokens of 4,096; all
other sampling parameters remained at their default
settings. A single NVDIA A100 80G was sufficient
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Groundtruth Report

Findings: Right internal jugular central line remains in
place with tip in the distal superior vena cava. No
pneumothorax identified.

Impression: Persistent low lung volumes with patchy
bibasilar opacities and a probable layering left
effusion, suggestive of compressive atelectasis.
Follow-up chest radiograph in 24--48 hours.

Candidate Report
Findings: Small left apical pneumothorax is present.
Bilateral lower lobe opacities and volume loss are
noted.
Impression: (1) Findings suggest early pneumonia
and associated bibasilar atelectasis. (2) Small left
pneumothorax, of uncertain significance. Repeat
chest X-ray in 24 hours to monitor pneumothorax and
opacities.

1. GEMA-Score: 0.547
Objective Score: 0.5

* False prediction of finding: 1
e Omission of finding: 1

¢ Incorrect location/position: 2
e Omission of location: 0

¢ Incorrect severity: 1

e Omission of severity: 1

e Mention of uncertainty not in reference: 1
e Omission of uncertainty in reference: 1

Subjective Score:

e completeness_score: 0.6
e readability_score: 0.8

e clinical_utility_score: 0.8

GCLEAR (GPT-40, 01-mini): (0.51 + 0.57 + 0 + 0 + 0)/5 = O.Q
Lung Opacity: (0.51)
{“First Occurrence”: 0, “Change”: 0, “Severity”: 1, “Descriptive
Location”: 0.65, “Recommendation”: 0.9}
Atelectasis: (0.57)
{“First Occurrence”: 0, “Change”: 0, “Severity”: 1, “Descriptive
Location”: 0.95, “Recommendation”: 0.9}
Pneumothorax: (0) (false prediction of presence)
Pneumonia: (0) (false prediction of presence)

Support Devices: (0) (omission of presence)

)

Figure 7: A case study for GEMA-Score vs. CLEAR (compressed version).

for inference under this setting.

API Details We access OpenAl's GPT-40 (2024-
11-20) and ol-mini (2024-09-12) via Microsoft’s
Azure. Pricing details can be checked in Table 8.

E Template & Terminology List



Thank you very much for your support in our human annotation process! To begin with, please register at https:
//physionet.org/content/mimic-cxr-jpg/2.1.0/ and sign the data agreement before the study. Feel free to reach
us at {EMAIL} if you encounter any issue or any questions during the process.

Overview: Task Description

In this task, you will be extracting clinical information from {NUM} radiology reports in total. You will not be shown the
corresponding images, so you are being asked to interpret each report, as written, for the extent to which the presence of
{NUM} conditions is captured. It is important to note that some reports may have empty FINDINGS or IMPRESSION
sections due to limitations in the original MIMIC-CXR-JPG database. Please follow the labeling instructions as below.

INSTRUCTIONS:

For each case, you will be presented with a single radiology report. Your objective is to choose the single most
appropriate criterion among 5 options (see below) for each of the {NUM} conditions AND note whether each condition is
explicitly mentioned in the report. Please base your decisions solely on the provided report.

CRITERIA:
{See Figure 4}

Interface User Guide
{Account Information and Usage Tips}

Figure 8: Instruction Template for Label Annotation Task

Thank you very much for your support in our human annotation process! To begin with, please register at https:
//physionet.org/content/mimic-cxr-jpg/2.1.0/ and sign the data agreement before the study. Feel free to reach
us at {EMAIL} if you encounter any issue or any questions during the process.

Overview: Task Description

This curation task is to identify fine-grained features—such as location, severity, and treatment—related to specific
medical conditions (e.g., edema, atelectasis, support devices) in radiology reports. You will review {NUM} text-only
reports (no X-ray images) and assess the accuracy of feature annotations generated by an Al model.

Each report includes 13 predefined medical conditions, but you will only see those that were positively labeled by human
annotators. As a result, the number of conditions shown per report may vary. For each positive condition, the Al extracts
fine-grained details (e.g., location, severity), which you need to review. Start by marking the model’s answer as correct,
partially correct, or incorrect. If it’s incorrect, enter the corrected version in the provided text box.

[optional] If you’d like to understand how the Al generated its responses, you can review the prompts we used at {See
Appendix E}.

Interface User Guide
{Account Information and Usage Tips}

Figure 9: Instruction Template for Attribute Curation Task
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Prompt 1: Presence

System Instruction:
You are a radiologist reviewing a piece of radiology report to assess the presence of 13 specific
medical conditions.

Conditions to evaluate: Cardiomegaly, Enlarged Cardiomediastinum, Atelectasis, Consolidation,
Edema, Lung Lesion, Lung Opacity, Pneumonia, Pleural Effusion, Pneumothorax, Pleural Other,
Fracture, Support Devices.

Each medical condition in the radiology report must be categorized using one of the following
labels: "positive"”, "negative” or "unclear"”. The criteria for each label are:

"positive”: The condition is indicated as present in the report.
« "negative”: The condition is indicated as not present in the report.

"unclear”: The report does not indicate a clear presence or absence of the condition.

The user will provide you with a piece of radiology report as input. Return your results in the
following JSON format:

<TASK1>{
"Cardiomegaly”: "positive"”|"negative"”|"unclear”,
"Enlarged Cardiomediastinum”: "positive”|"negative"|"unclear”,
"Atelectasis”: "positive”|"negative"|"unclear”,
"Consolidation”: "positive"”|"negative”|"unclear”,
"Edema”: "positive"”|"negative"”|"unclear”,
"Lung Lesion": "positive"|"negative"|"unclear”,
"Lung Opacity”: "positive"”|"negative"”|"unclear”,
"Pneumonia”: "positive"|"negative"”|"unclear”,
"Pleural Effusion”: "positive"”|"negative"”|"unclear"”,
"Pneumothorax”: "positive"|"negative”|"unclear”,
"Pleural Other"”: "positive"|"negative”|"unclear",
"Fracture”: "positive"|"negative"|"unclear”,
"Support Devices"”: "positive"”|"negative"|"unclear”

} </TASK1>

User Input:
FINDINGS: {findings}
IMPRESSION: {impression}

Prompt 1

Prompt 2: First Occurrence

System Instruction:
You are a radiologist reviewing a piece of radiology report to extract features for a specific
condition, which was already marked as positive during the initial read of this same report.

Please determine from the given report (i.e., current study) whether {condition} is being
identified for the first time in current study ["current”], or if the report indicates it was
already present or noted in a prior study ["previous”]. If unmentioned, respond with ["N/A"]. Only
choose one of the following: ["current”], ["previous”], or ["N/A"].

Example answer: ["current”]
User Input:

FINDINGS: {findings}
IMPRESSION: {impression}

Prompt 2



Prompt 3: Change

System Instruction:
You are a radiologist reviewing a piece of radiology report to extract features for a specific
condition, which was already marked as positive during the initial read of this same report.

Please determine from the given report whether {condition} is improving, stable, or worsening

according to the given report. If the status is not mentioned, respond with ['N/A"]. If the
report describes multiple statuses, respond with ["mixed”]. Only choose one of the following:
["improving”], ["stable”], ["worsening”], ["mixed”] or ['N/A"].

Example answer: ["stable”]

User Input:
FINDINGS: {findings}
IMPRESSION: {impression}

Prompt 3

Prompt 4: Severity

System Instruction:
You are a radiologist reviewing a piece of radiology report to extract features for a specific
condition, which was already marked as positive during the initial read of this same report.

Please determine from the given report whether {condition} is mild, moderate, or severe according

to the given report. If the status is not mentioned, respond with ['N/A"]. If the report
describes multiple statuses, respond with ["mixed”]. Only choose one of the following: ["mild"],
["moderate”], ["severe”], ["mixed”] or ['N/A"]

Example answer: ["mild”]

User Input:
FINDINGS: {findings}
IMPRESSION: {impression}

Prompt 4

Prompt 5: Descriptive Location

System Instruction:
You are a radiologist reviewing a piece of radiology report to extract features for a specific
condition, which was already marked as positive during the initial read of this same report.

Please identify the location(s) of {condition} described in the given report. Extract and return
a list of phrases that mention the anatomical location(s) {location} specifically related to
{condition}. For each location, include any relevant descriptors descriptor and any associated
status {status}. {note} If multiple phrases refer to the same location, merge them into one single
entry using the most complete, informative, and non-redundant phrasing for that unique area.
Format your output as one single list in the following format: ["entry-1","entry-2" ..., "entry-n"].
If nothing is mentioned, return ["N/A"].

Example answer:
["left lower lobe compressive atelectasis”,"”right middle lobe bibasilar atelectasis”]

User Input:
FINDINGS: {findings}
IMPRESSION: {impression}

Prompt 5: Additional Notes: location/descriptor/status/note are a list of example key words or phrases for each
condition collected from radiologists, such as (e.g., compressive, segmental, focal, terminal, peripheral, etc.).



Condition Location Descriptor Status Note

Atelectasis (e.g., left upper, right (e.g., compressive, seg- (e.g., improving, worsen-
lower, whole lung, etc.) mental, focal, terminal, pe- ing, stable, unchanged,

ripheral, etc.) new, etc.)
Cardiomegaly (e.g., mild, moderate, se- (e.g., improving, worsen-
vere, etc.) ing, stable, unchanged,

new, etc.)
Consolidation (e.g., left upper, right (e.g., segmental, focal, ter- (e.g., improving, worsen-
lower, whole lung, etc.) minal, etc.) ing, stable, unchanged,

new, etc.)
Edema (e.g., medial (near hilum), (e.g., interstitial, alveolar, (e.g., improving, worsen-

middle, lateral (periph-
eral), etc.)

minimal, mild, moderate,
severe, etc.)

ing, stable,
new, etc.)

unchanged,

Enlarged Cardiome-
diastinum

(e.g., mild, moderate, se-
vere, etc.)

(e.g., improving, worsen-
ing, stable, unchanged,
new, etc.)

Fracture

(e.g., ribs, cervicothoracic
vertebra, etc.)

(e.g., simple or closed,
compound or open, incom-
plete or partial, complete,
etc.)

(e.g., improving, worsen-
ing, stable, unchanged,
new, etc.)

Lung Lesion

(e.g., central, peripheral,
sub-pleural, entire pleural
space, etc.)

(e.g., density, internal
composition, shape, mar-
gin, etc.)

(e.g., improving, worsen-
ing, stable, unchanged,
new, etc.)

Explicitly refer to a lung lesion (e.g.,
nodules, masses, infiltrates, metas-
tases, etc.) and ignore findings unre-
lated to lung lesions.

Lung Opacity

(e.g., left upper,
lower, perihilar, etc.)

right

(e.g., interstitial, alveolar,
diffuse, focal, dense, ill-
defined, faint, etc.)

(e.g., improving, worsen-
ing, stable, unchanged,
new, etc.)

Pleural Effusion

(e.g., left, right, entire

(e.g., subpulmonic, pos-

(e.g., improving, worsen-

pleural space, etc.) terior, loculated, lobular, ing, stable, unchanged,
small, moderate, large, new, etc.)
etc.)
Pneumonia (e.g., left upper, right (e.g., segmental, focal, ter- (e.g., improving, worsen-
lower, whole lung, etc.) minal, etc.) ing, stable, unchanged,
new, etc.)
Pneumothorax (e.g., left upper, right (e.g., simple, tension, (e.g., improving, worsen-
lower, etc.) open, etc.) ing, stable, unchanged,
new, etc.)
Pleural Other (e.g., left upper, right (e.g., subpulmonic, poste- (e.g., improving, worsen- Do not include findings that pertain

lower, entire pleural space,
etc.)

rior, loculated, lobular, dif-
fuse, focal, etc.)

ing, stable, unchanged,
new, etc.)

solely to Pleural Effusion; only in-
clude findings related to other pleu-
ral abnormalities (e.g., thickening,
plaques, etc.).

Support Devices

Exclude any mention of device re-
moval. Only include information re-
lated to existing or currently present
devices.

Table 9: Key Words List for Location Prompt (extracted using GPT-4o, then discussed and confirmed by two

radiologists)



Prompt 6: Recommendation

System Instruction:
You are a radiologist reviewing a piece of radiology report to extract features for a specific
condition, which was already marked as positive during the initial read of this same report.

Please identify treatment(s)/follow-up(s) associated with {condition} in the given report.
Extract and return a list of phrases that only describe specific treatment(s)/follow-up(s)
recommended in relation to condition. Do not include any phrase that merely describes the
condition without any treatment/follow-up. Each treatment/follow-up should be a single entry.
Format your output as a single list in the following format: ["entry-1","entry-2",..., "entry-n"].
If no action is mentioned, return ["N/A"].

Example answer:
["follow-up CT scheduled in 3 months”,”routine annual imaging advised”]

User Input:
FINDINGS: {findings}
IMPRESSION: {impression}

Prompt 6

ol-mini Scoring

System Instruction:
You are a radiology report comparison assistant. You will be given two lists of findings: one is
the ground truth (GT), and the other is a candidate prediction (GEN).

Your task is to compare them and return a similarity score between @ and 1.
1. A score of 1.0 means they are clinically and semantically identical.

2. A score of 0.0 means they are completely different or unrelated.

3. Partial matches should get a score in between.

Do not explain the score. Just output a float between @ and 1.
Example answer: </SCORE>"Q.8"</SCORE>

User Input:
GT: {groundtruth}
GEN: {candidate}

ol-mini prompt
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