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Abstract

Radiological imaging is central to diagnosis, treatment planning, and clinical
decision-making. Vision-language foundation models have spurred interest in
automated radiology report generation (RRG), but safe deployment requires reliable
clinical evaluation of generated reports. Existing metrics often rely on surface-level
similarity and/or behave as black boxes, lacking interpretability. We introduce
ICARE(Interpretable and Clinically-grounded Agent-based Report Evaluation),
an interpretable evaluation framework leveraging large language model agents
and dynamic multiple-choice question answering (MCQA). Two agents, each
with either the ground-truth or generated report, generate clinically meaningful
questions and quiz each other. Agreement on answers captures preservation and
consistency of findings, serving as interpretable proxies for clinical precision and
recall. By linking scores to question—answer pairs, ICARE enables transparent,
and interpretable assessment. Clinician studies show ICARE aligns significantly
more with expert judgment than prior metrics, while model comparisons reveal
interpretable error patterns.

1 Introduction

Radiology reports are essential for accurate diagnosis, treatment planning, and communication among
clinical teams. Traditionally authored by radiologists after interpreting imaging studies such as chest
X-rays or CT scans, report writing is time-intensive and demands clinical expertise. As imaging
volumes increase and radiologist shortages persist, healthcare systems face pressure that can result in
delays and raise the risk of diagnostic errors. In response to these challenges, Automated radiology
report generation (RRG) systems have emerged as a promising solution to support clinical workflows.
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a. Overview of our evaluation framework (ICARE).  b. Examples from the dataset generated by the MCQ Dataset Generation module.
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Figure 1: Overview of our evaluation framework and human validation process. (a) ICARE: Interpretable
and Clinically-grounded Agent-based Report Evaluation. Two report-aware agents, AgentGT (ground truth) and
AgentGEN (generated), independently generate and answer clinically meaningful multiple-choice questions
based solely on their respective input reports. The resulting answers are compared through an external agreement
module to assess clinical similarity. Agreement on ground-truth questions estimates precision(ICARE-GT),
while agreement on generated-report questions estimates recal(LICARE-GEN). (b) Examples of MCQs generated
by the framework, capturing diverse findings such as pleural effusion, rib fractures, and cardiomegaly. (¢) Human
evaluation setup to assess alignment between our metric and expert judgment.

Recent methods cover a broad range of modeling approaches. These include vision—language models
like Flamingo-CXR [19], CNN-LSTM architectures with attention [[17], and knowledge-enhanced
models that incorporate structured medical information [[11]. More recent systems such as MAIRA-1
(8], MAIRA-2 [2], LLAVA-Rad [3]], and Radialog [[15] integrate domain-specific vision encoders
with large language models. Other approaches like MedPaLM-M [[16]] and MedVersa [23]] highlight
the importance of scaling, instruction tuning, and factuality evaluation. These models aim to reduce
the clinical burden, improve clarity, and increase the scalability of radiology services.

Before such systems can be deployed safely in practice to assist radiologists, it is necessary to
rigorously evaluate whether the generated reports are comparable to expert-written reports. This raises
a fundamental question: “what are the essential criteria that an evaluation metric must satisfy to be
clinically useful?”” We argue that three properties are necessary. The first is semantic understanding,
where the metric should determine if two reports express the same clinical information regardless
of phrasing. The second is interpretability, where users should be able to trace the score back to
specific clinical content. The third is scalability, where the method must be efficient and usable
across large datasets.

Manual review by medical experts is reliable but not scalable. This has led to a growing interest in
automated metrics. While many existing metrics are scalable, they often fall short in semantic under-
standing or interpretability. BLEU [14], ROUGE [12], and BERTScore [21] focus on surface-level
similarity or embeddings without clinical context. Metrics like F1-CheXpert [9]], SembScore [18]],
and F1-RadGraph [20] rely on structured labels but offer limited transparency. RadCliQ [20] aggre-
gates multiple scores without clarity. More recent methods such as GREEN [13]], FineRadScore [[7],
RaTEScore [22], G-Rad [4], and RadFact [2] use large language models but still lack interpretability
in how scores are derived.



To this end, we introduce ICARE (Interpretable and Clinically-grounded Agent-based Report
Evaluation), a clinically grounded evaluation framework for radiology report generation. Our method
uses two agents, one reading the ground-truth report and the other reading the generated report.
Each agent uses a language model to generate multiple-choice questions based on its input report.
After filtering generic questions, each agent answer both sets of questions. Agreement on questions
written from the ground-truth report reflects precision, which measures whether the generated report
preserves clinically important information. Agreement on questions written from the generated
report reflects recall, which measures whether additional information is clinically consistent with
the ground-truth. The final scores are derived from these answer agreements and are linked to
specific clinical content. This framework satisfies the three necessary criteria for clinical evaluation.
It captures semantic understanding by checking whether the two reports lead to the same clinical
conclusions. It is interpretable, since the similarity score is based on clear question—answer pairs. It
is also scalable, because the entire pipeline is automated and can be applied to large datasets.

We validate ICARE on multiple report generation models and conduct human evaluation studies
with board-certified clinicians. These studies show that ICARE correlates more strongly with expert
preferences compared to prior metrics, demonstrating its utility as a clinically meaningful evaluation
method. We also cluster the questions semantically to analyze common failure modes such as missing
or hallucinated findings. This reveals patterns in model behavior and provides clinical insight.

To sum up, our contributions include:

* We introduce ICARE, a clinically grounded evaluation framework that uses dual report-
aware agents to generate and answer multiple-choice clinical questions. The resulting
agreement-based precision and recall scores are scalable, semantically grounded, and inter-
pretable, as they are tied directly to explicit clinical questions and answers.

* Through human evaluation studies with board-certified clinicians, we show that ICARE
aligns more closely with clinician preferences than prior metrics. This supports its utility for
evaluating the clinical fidelity of report generation systems.

* We perform semantic clustering of generated questions to analyze model behavior and reveal
common failure modes such as omissions and hallucinations. This highlights how ICARE
provides interpretable insights into the limitations of current report generation models.

2 A clinically grounded, interpretable framework for evaluating radiology
report generation

We propose ICARE, an evaluation framework composed of two report-aware agents designed to
assess the clinical similarity between a generated radiology report and its ground-truth counterpart.
The evaluation consists of three stages: MCQ Dataset Generation within each agent, MCQ Answer
Generation within each agent, and Answer Agreement Evaluation across agents (Figure [T)).

2.1 Step 1: MCQ Dataset Generation (within each agent)

We generate multiple-choice questions (MCQs) independently for the ground-truth and generated
reports, with each processed by a dedicated agent:

* Agentgr receives the ground-truth report Rgr
* Agentggn receives the generated report Rgen

Using a large language model (LLAMA 3.1 70B model [6]), each agent generates n multiple-choice
questions (MCQs) targeting clinical content. The questions are designed to probe various clinical
aspects, such as the location, severity, or presence of findings.

Each MCQ consists of:
* A question prompt () related to the report content,
« Four answer choices {a', a?, a®, a*},

* A correct answer a* € {a',a?, a3, a*}.

Formally, the questions are:



Qar = {Qar,i }iz1,
Qoen = {QceN ;=1

Generating questions from both reports ensures the evaluation captures unique and overlapping
information, identifying both omissions and hallucinations.

Filtering clinically meaningful questions. To retain only report-dependent questions, we use
LLAMA 3.1 to answer each question both with and without the report. Let Pyin(Q, R) and
Pimout (Qr) denote the accuracy of answering question @), with and without access to report R,
respectively. We retain questions where Pyin(Qk, R) = 1 and Pyimou(Qx) = 0, ensuring that only
clinically grounded questions requiring the report are included.

Formally, the filtered sets of questions are defined as:

Qfiteered,6T = {Qar,i | Pwith = 1 and Pyjithour = 0}
Qfittered,GEN = {QacEN,j | Pwith = 1 and Plitour = 0}

These sets form the final MCQ datasets. They contain diverse, clinically specific questions such as
location and severity of findings (Figure Tp).

Bias mitigation. To prevent positional bias in answer options, we randomly shuffle the choices
{a',a? a%, a*} both before and after filtering. This ensures a uniform distribution across correct
answer positions.

2.2 Step 2: MCQ Answer Generation (within each agent)

Following MCQ dataset generation, each agent independently answers both filtered question sets
using its respective report. This results in four answer sets:

* Agr(Qfittered,o1)s Act(Qfitered, GEN): answers by Agentgr using Rgr
* Agen(Qiitered,oT)> AGEN (Qfiltered,GEN): answers by Agentgen using Rgen

Each agent answers questions using only its assigned report, ensuring independent operation and that
all answers reflect only the information present in that report.

2.3 Step 3: Answer Agreement Evaluation (across agents)

We evaluate answer agreement to quantify clinical similarity between reports.

Report-level agreement. We compute agreement scores separately for each report, providing a
fine-grained, interpretable view of performance. For a given report r, the report-level agreement
scores are defined as:

Z]I AGT Qk) AGEN(Qk))

Sery = T
" |Qﬁltered Gt

SGEN,’I" =

| Z]I (Acr(Qr) = Acen(Qr)),

|Qﬁltered GEN,r

where Qfiiered, 6T, a0d Qfiltered,GEN,» denote the subsets of questions associated with report r. I(-) is
the indicator function that returns 1 if both agents provide the same answer and 0 otherwise. These
report-level scores provide a similarity score based on the number of questions that are answered in
agreement for every report.

Dataset-level agreement. To compute overall similarity across all reports, we aggregate agreement
over the entire dataset. For questions derived from the ground-truth and generated reports respectively,
the agreement scores are defined as:



Sor=————— 3 1(Aer(@k) = Acex(Q)),

| Qﬁhered,GT | Qk € Qfiltered GT

SGEN = - Z I(Acr(Qr) = Acen(Qr))-

|Qﬁhered,GEN | Qr € Qfiltered GEN

These scores provide a detailed quantitative measure of the similarity between Rgr and Rggn. The
per-report ICARE scores, Sgr,» and Sggn,r, allow us to analyze similarity on a report-by-report
basis, while the dataset-level ICARE scores, Sgr and Sggn, capture aggregate agreement across all
questions.

Interpretation of agreement scores.

* ICARE-GT reflects the degree to which clinically important information is preserved in the
generated report (analogous to precision).

* ICARE-GEN reflects the degree to which additional information introduced in the generated
report is consistent with the ground-truth (analogous to recall).

24 Summary

ICARE is a clinically grounded and interpretable evaluation framework that captures semantic
similarity through structured question answering and answer agreement. It links evaluation scores to
specific question—answer pairs, enabling interpretable, report-level analysis. By comparing answers
to questions derived from both ground-truth and generated reports, ICARE enables precise and
scalable evaluation of clinical fidelity.

3 Experiment and Results

3.1 Experimental Setup

We evaluate our framework on the IU X-ray dataset[S]] using three pretrained report generation
models: CheXpertPlus trained on MIMIC[lﬂ, CheXpertPlus trained on both CheXpertPlus and
MIMIC[I]E] , and MAIRAZ[Z]E] To ensure fair comparison, we recompute all baseline metrics.
BLEU-2, BERTScore, SembScore, RadGraph, and 1/RadCliqQ-v1 are evaluated using a consolidated
codebaseﬂ , and GREEN using its official repositorylthough our method is broadly applicable, we
focus on chest X-rays due to their clinical importance in cardiopulmonary diagnosis and widespread
availability.

3.2 Alignment of Agreement Scores with Human Judgment

Clinician study design. To assess the clinical validity of our MCQA-based agreement scores, we
conducted a human study with six board-certified clinicians. We evaluated 154 samples, with each
sample independently reviewed by three clinicians. As shown in Figure. |1|(c), each clinician was
shown a chest X-ray and two corresponding Al-generated reports. They were instructed to select
the report that more accurately described the X-ray based on clinical content only, ignoring style or
formatting. If both reports were equally accurate or the difference was negligible, they could select
“Can’t say.”

Does our metric align with clinician judgments?.  Figure. 2| (a) shows clinician preferences
across report pairs, grouped by ICARE score gap (the difference in ICARE-AVG between the two
reports), using three plots: Indecision Rate (left), Alignment Rate (center), and Misalignment Rate
(right). Each point represents a score gap bin, with point size reflecting the number of samples. When

*https://huggingface.co/TAMIB/mimic-cxr-findings-baseline
*https://huggingface.co/IAMIB/chexpert-mimic-cxr-findings-baseline
Ihttps://huggingface.co/microsoft/maira-2
"https://github.com/rajpurkarlab/CXR-Report-Metric
“https://github.com/ostmeier/green



(a) Assessing Alignment of Clinician Preferences with ICARE Score
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Figure 2: Alignment of evaluation scores with expert preference. (a) Clinician preferences across report
pairs, shown in three plots: Indecision Rate (left), Alignment Rate (center), and Misalignment Rate (right),
grouped by ICARE score gap. When the score gap is small, clinicians often selected “Can’t say,” indicating
uncertainty between similarly scored reports. As the gap increases, “Can’t say” responses decrease and
alignment rises, showing that both clinicians and the metric are more confident in distinguishing report quality.
Misalignment remains low throughout. These trends highlight that the metric aligns with expert judgment and
reflects meaningful clinical differences. Dot size reflects the number of samples in each ICARE score gap bin.
(b) Correlation between preferences based on clinician judgement and different automatic evaluation metrics.
Our metric ICARE shows the strongest correlation, indicating that it most closely captures clinician judgments
of report quality across samples.

the score gap is small, the Indecision Rate is high. Clinicians often select “Can’t say,” indicating
difficulty in distinguishing between similarly scored reports. As the score gap increases, “Can’t say”
responses decrease, and the Alignment Rate rises. This shows that clinicians increasingly prefer the
report with the higher ICARE score. The Misalignment Rate remains low across all bins, suggesting
that strong disagreements between the metric and clinician judgment are rare. Overall, these trends
show that ICARE captures differences in report quality that matter to clinicians and aligns well with
expert judgment.

Does our metric align better than prior metrics?. To more directly compare our metric with prior
evaluation methods, we analyzed how well each metric’s preferences align with individual clinician
responses. For each doctor response on a report pair, we assigned a label of +1 if the doctor preferred
Report 1, -1 if they preferred Report 2, and 0 if they selected “Can’t say.” Similarly, for each metric,
we assigned a label of +1 if Report 1 received a higher score, -1 if Report 2 did, and O if the scores
were equal. These labels are ordinal, capturing both agreement and the severity of disagreement. A
perfect match occurs when the human and metric labels are identical. A full mismatch (e.g., +1 vs. -1)
reflects strong disagreement, while a partial mismatch (e.g., +1 vs. 0) reflects a weaker conflict where
one party is undecided. We computed Pearson correlation between these label vectors across 459
individual responses. As shown in Figure.[2{b), ICARE achieves the highest correlation with expert
preferences. Despite the proliferation of recent evaluation metrics, most exhibit weak or negative
alignment with clinicians, underscoring the need for clinically grounded assessment of evaluation
metrics themselves. These findings reinforce that our metric not only provides interpretable clinical
signals but also most closely reflects how radiologists judge report quality.

3.3 Quantitative evaluation of our metric on radiology report generation models

Dataset-level results. We evaluated three radiology report generation models using a combination
of established automatic metrics and our clinically grounded evaluation framework based on answer
agreement. As shown in Figure. [3[a), we compute three ICARE scores: ICARE-GT, using questions
produced from the ground-truth report; ICARE-GEN, using questions from the generated report;
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Figure 3: Quantitative results. (a) Comparison of model performance across standard metrics and our
agreement-based evaluation (ICARE). Our metric captures clinically meaningful differences in model behavior
by quantifying both the preservation of reference findings (ICARE-GT) and the consistency of additional content
(ICARE-GEN). MAIRA?2 achieves the highest agreement across all variants. (b) Report-level distribution of
ICARE-GT and ICARE-GEN scores across models and question sources. ICARE-GEN scores (agreement on
generated-report questions) are generally higher, while ICARE-GT scores (agreement on ground-truth questions)
show greater variability, reflecting omissions in clinical content in the generated reports.

and their average, ICARE-AVG. MAIRA?2 achieves the highest values across all three, indicating
stronger alignment with clinically meaningful content.

Beyond separating models, our metric reveals clinically interpretable patterns in model behavior.
Across all models, ICARE-GT scores (agreement on questions derived from the ground-truth report)
are consistently lower than ICARE-GEN scores (agreement on questions derived from the generated
report). This indicates that models are more likely to omit relevant clinical findings than to introduce
unsupported content. Traditional metrics generally fail to capture this distinction, whereas our
approach enables targeted assessment of both types of errors.

While recent report generation models demonstrate promising performance, our findings reveal that
they still fall short of reliably capturing the full clinical content of radiologists-written reports. These
limitations are often obscured by existing evaluation metrics, which tend to emphasize surface-level
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Figure 4: Cluster-level ICARE score analysis across RRG models. (a), (b), and (c) show scatterplots
of ICARE scores for semantically grouped clinical question clusters across three models. The x-axis shows
ICARE-GEN (reflecting the consistency of added content), and the y-axis shows ICARE-GT (reflecting
preservation of key findings). Point size reflects the number of questions in each cluster. (d) provides descriptive
cluster names. Clusters below the diagonal indicate omission-dominated errors, while those above indicate
hallucinations. Most larger clusters representing common clinical concepts show high agreement and lie near the
top right, indicating strong performance on frequently seen findings. A few smaller clusters with low agreement
reflect rarer or subtle findings with limited clinical impact. CheXpertPlus variants display several omission-heavy
clusters (e.g., clusters 12 and 13), while MAIRA?2 shows a compact, balanced distribution near the diagonal,
suggesting stronger clinical fidelity and more reliable report generation.

similarity, predefined entity structures, or learned preferences rather than clinical completeness. In
contrast, our evaluation provides a structured and interpretable signal that directly reflects clinical
fidelity. By linking model performance to specific preserved and omitted findings, our framework
offers a complementary and necessary perspective for assessing radiology report generation systems
and supports the development of more clinically robust models.

Report-level results. We analyze the distribution of report-level ICARE scores (ICARE-GT
and ICARE-GEN) across different model variants, as shown in Figure. Ekb). For each model, we
separately evaluate questions generated from ground-truth reports and from generated reports. Our
findings reveal that for all models, a large majority of reports achieve high ICARE scores, indicating
substantial clinical similarity between ground-truth and generated reports.

When using ground-truth reports as reference, the distribution of ICARE-GT scores is slightly wider,
with a small proportion of reports exhibiting lower agreement. In contrast, when using generated
reports as reference, ICARE-GEN scores are more concentrated toward higher values, suggesting
that generated reports may not fully capture the richer clinical details present in ground-truth reports.
This pattern is consistent across all evaluated models.



Among the model variants, MAIRA-2 achieves the highest mean report-level ICARE-AVG, followed
by CheXpertPlus_CheX_ MIMIC and CheXpertPlus_ MIMIC. These trends are aligned with the
dataset-level results and support the observation that ground-truth reports contain richer clinical
content compared to automatically generated reports. Overall, the distribution plots confirm that our
MCQA-based evaluation captures clinically meaningful differences at the individual report level.

3.4 Question Categorization and Cluster-level Analysis

To better understand how clinical content influences evaluation outcomes, we performed a cluster-
level analysis of ICARE-GT and ICARE-GEN scores across different categories of clinical questions.
We first collected all unique questions generated across all models, and seeds. Using MedCPT[10], a
medical-domain language model, we computed embeddings for each question and applied K-means
clustering to group them into 20 semantically coherent clusters. From each cluster, five representative
questions were sampled, and LLAMA 3.1 70B language model was prompted to generate a descriptive
name for each cluster. These cluster names are shown in Figure fid and reflect a diverse range of
clinical concepts.

Each cluster is visualized as a point in a scatterplot (Figure ), with ICARE-GEN scores on the x-axis
and ICARE-GT scores on the y-axis. Point size indicates the number of questions in the cluster.
We observe substantial variation across clusters. Larger clusters tied to common findings such as
pleural effusion and cardiomegaly show high agreement on both axes, indicating strong performance
on frequently observed content. Smaller clusters representing rarer or subtle findings exhibit lower
scores and have less clinical impact due to their limited size.

Systematic error patterns emerge from cluster positions relative to the diagonal. Clusters below
the diagonal, where ICARE-GT exceeds ICARE-GEN, indicate omission dominated errors, sug-
gesting that important information from the ground-truth report is missing in the generated report.
Clusters above the diagonal signal hallucinations, where unsupported content appears in the gen-
erated report. These omission patterns are prominent in the CheXpertPlus_ MIMIC and CheX-
pertPlus_CheX_MIMIC models, especially in clusters 12 and 13. In contrast, MAIRA2 shows a
more compact, balanced distribution near the diagonal, suggesting higher clinical fidelity and more
consistent report quality.

Overall, these findings highlight that model performance varies across clinical categories. Cluster-
level analysis offers a clinically meaningful and interpretable lens to assess model behavior, high-
lighting which content is preserved, omitted, or hallucinated, revealing both strengths and common
failure modes.

4 Conclusions

We presented ICARE, a clinically grounded, interpretable framework for evaluating radiology report
generation. Unlike existing metrics that either rely on surface-level similarity or operate as opaque
black boxes, ICARE leverages dual report-aware agents and multiple-choice question answering
to directly capture clinical fidelity. By separately measuring agreement on ground-truth derived
questions (ICARE-GT, proxy for precision) and generated-report questions (ICARE-GEN, proxy
for recall), the framework disentangles omissions from hallucinations, offering interpretable insights
into model behavior. Our human evaluations show that ICARE aligns more closely with expert
radiologists’ judgments than prior metrics. Beyond providing a single score, ICARE highlights
category-level trends, revealing that models tend to preserve common findings while omitting rarer or
subtler abnormalities. This demonstrates that even the strongest models miss clinically important
details that are often obscured by traditional metrics. Therefore, ICARE not only evaluates how well
models perform but also pinpoints where they fail, providing actionable feedback for improvement.
While our experiments focused on chest X-ray reports, the framework generalizes to other imaging
modalities and clinical text tasks, enabling post-deployment monitoring even without ground-truth
references.
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