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Abstract

Chest X-ray (CXR) reporting follows a region-
based clinical workflow in which radiologists
inspect anatomical regions and integrate local-
ized findings into a final report. However, ex-
isting resources for CXR report generation pro-
vide these supervision signals in fragmented
forms. We introduce MMRad-22K, a dataset
that organizes regional textual observations,
anatomical grounding coordinates, localized
image evidence, and report targets into struc-
tured multimodal evidence units for CXR re-
port generation. To motivate this formulation,
we first compare different evidence formats
for report generation and find that structured
multimodal evidence is generally more use-
ful than text-only or bounding box-based evi-
dence. We then adapt a unified LVLM back-
bone using MMRad-22K and show that adap-
tation with multimodal evidence outperforms
both textual-evidence adaptation and end-to-
end adaptation on language and clinically ori-
ented metrics. Under the same evaluation pro-
tocol, the adapted model also reaches a perfor-
mance level comparable to several open-source
LVLM references. Together, these results sup-
port MMRad-22K as a practical structured mul-
timodal resource for training and evaluating
CXR report generation aligned with clinical
reading workflows. The code is available at
https://github.com/qiuzyc/MMRad/.

1 Introduction

Medical image analysis is fundamental to
computer-assisted diagnosis, enabling clinically
relevant information to be extracted from medical
images. Chest X-ray (CXR) report generation aims
to automatically produce clinically coherent radiol-
ogy reports from medical images and has become
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a central task in medical vision-language model-
ing (Jing et al., 2018; Li et al., 2018; Miura et al.,
2021; Tang et al., 2025; Peng et al., 2026; Li et al.,
2025). Existing approaches have evolved from
encoder-decoder frameworks such as R2Gen (Chen
et al., 2020) to recent large vision-language models
(LVLMs) (Wang et al., 2023; Liu et al., 2025c). De-
spite substantial progress, most current paradigms
still formulate report generation as a global image-
to-text mapping problem, where a full CXR image
is directly transformed into a report through au-
toregressive decoding (Fig. 1, panel B(i)). Such
supervision provides limited guidance on how lo-
calized findings are linked to the final report.

This limitation is especially important in chest
X-ray interpretation, where reports are formed by
integrating findings from multiple regions rather
than from a single global summary. In clinical read-
ing, radiologists inspect localized visual patterns,
assess their clinical significance, and then synthe-
size these observations into the final report (North,
2024). As illustrated in Fig. 1, panel A, regional
observations are naturally associated with localized
visual evidence during this process ( ).
Recent medical LVLMs have begun to explore
richer forms of intermediate evidence. For example,
Med-R2 (Wang et al., 2026a) and MRG-R1 (Wang
et al., 2026b) introduce textual observations to im-
prove report generation quality and factual consis-
tency (Fig. 1, panel B(ii)), while models such as
CheXagent (Chen et al., 2024), MAIRA-2 (Ban-
nur et al., 2024), and RadVLM (Deperrois et al.,
2025) incorporate anatomical grounding, regional
cues, or broader medical assistance capabilities
(Fig. 1, panel B(iii)). However, textual observations
provide limited visual grounding, and bounding-
box coordinates indicate location without preserv-
ing localized image details. At the dataset level,
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Figure 1: Illustration of clinical reading and inter-
mediate evidence for CXR report generation. (A)
Radiologists inspect a full chest X-ray through region-
level analysis and synthesize these observations into a
final report. (B) Different report generation settings use
different forms of intermediate evidence: (i) end-to-end
generation, (ii) textual observations, (iii) anatomical
bounding boxes, and (iv) multimodal evidence.

existing radiology resources provide only frag-
mented supervision signals, such as report-level
targets (Johnson et al., 2019), anatomical ground-
ing coordinates (Liu et al., 2025b), or grounded
reasoning traces (Liu et al., 2025a), but rarely or-
ganize regional textual observations, localized im-
age evidence, grounding annotations, and report
targets into a unified multimodal report-generation-
oriented structure. As a result, the utility of such
structured multimodal evidence for chest X-ray re-
port generation has not been systematically studied.

To better understand this issue, we first conduct
a pilot comparison of different localized evidence
formats for chest X-ray report generation, includ-
ing textual observations, bounding boxes, local-
ized images, and paired multimodal evidence. As
shown in Fig. 2, across multiple advanced closed-
source LVLMSs and evaluation metrics, the multi-
modal setting generally performs the best among
the compared formats. This suggests that struc-
tured multimodal evidence is a promising super-
vision format for report generation, because com-

bining regional textual observations with localized
images can provide complementary support. How-
ever, existing radiology resources do not explicitly
organize it in a reusable study-level form. Driven
by these findings, we introduce MMRad-22K, a
study-level chest X-ray report generation dataset
organized around anatomy-guided multimodal ev-
idence. Built upon MIMIC-CXR (Johnson et al.,
2019) and GEMeX-ThinkVG (Liu et al., 2025a),
MMRad-22K reorganizes fragmented supervision
signals into report-oriented evidence units within
each study, providing a structured multimodal re-
source for chest X-ray report generation. Finally,
we evaluate MMRad-22K through adaptation ex-
periments on a unified LVLM backbone Anole.
The results show that using MMRad-22K improves
report generation quality over standard end-to-end
generation and textual evidence settings under the
same framework. In addition, the adapted model
achieves comparable performance relative to rep-
resentative open-source LVLMs, despite not intro-
ducing a specialized model architecture.

Our contributions are summarized as follows. (1)
We introduce MMRad-22K, a study-level multi-
modal dataset that establishes a structured evidence-
to-report interface for CXR report generation, trans-
forming fragmented regional observations, anatom-
ical grounding coordinates, localized images, and
report targets into unified multimodal evidence
units. (2) We present a task-oriented construction
pipeline that reformulates fragmented localized su-
pervision into report-generation-oriented evidence
units, with multi-stage verification and clinician
evaluation to improve clinical accuracy and consis-
tency. (3) We provide empirical evidence that struc-
tured multimodal supervision is useful for CXR
report generation: pilot comparisons suggest multi-
modal evidence is more effective than text-only or
bounding box-based alternatives, and controlled
adaptation experiments show that MMRad-22K
supports stronger report generation than standard
end-to-end and textual-evidence settings; under the
same evaluation protocol, the adapted model also
reaches a performance level comparable to several
open-source LVLM references.

2 Related Work

2.1 End-to-End CXR Report Generation

Early methods mainly followed encoder-decoder
image-to-text paradigms, including memory-driven
frameworks such as R2Gen (Chen et al., 2020).
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Figure 2: Performance under different intermediate evidence formats. Multimodal evidence generally yields
the best or comparable performance across multiple LVLMs and evaluation metrics. Percentage improvements are
computed relative to the Image-guided baseline within each metric.

More recently, LVLMs have been adapted to
this task, as exemplified by SEI (Liu et al.,
2024), FedMRG (Metmer and Yang, 2025),
R2GenGPT (Wang et al., 2023), and MLRG (Liu
et al., 2025¢). Despite this progress, end-to-end
image-to-report generation remains a standard for-
mulation in chest X-ray report generation.

2.2 Intermediate Evidence for CXR Report
Generation

Recent medical LVLMs have begun to incor-
porate richer supervision signals beyond global
image-report pairs. Some approaches improve
reasoning and factuality through intermediate tex-
tual evidence, rationale-style supervision, or re-
flection strategies, including LVMed-R2 (Wang
et al., 2026a), MRG-R1 (Wang et al., 2026b), and
BoxMed-RL (Jing et al., 2026). Other frame-
works emphasize grounding and region-aware su-
pervision, such as CheXagent (Chen et al., 2024),
MAIRA-2 (Bannur et al., 2024), RadVLM (Deper-
rois et al., 2025), RGRG (Tanida et al., 2023), and
ClinCoT (Liu et al., 2026). These studies highlight
the value of region-aware reasoning and ground-
ing signals for medical vision-language modeling.
However, such supervision is typically embedded
in model architectures, training objectives, or mul-
titask systems, rather than explicitly organized as
a reusable report-generation-oriented resource that
pairs textual observations with localized images.

2.3 Radiology Datasets and Resources

Several public datasets support medical vision-
language learning. MIMIC-CXR (Johnson et al.,
2019) mainly provides report-level supervision,
while other resources introduce complementary sig-
nals such as anatomical grounding and reasoning
traces (Liu et al., 2025b,a; Wu et al., 2021). Al-
though these datasets provide valuable supervision,
their annotations remain fragmented across differ-

ent tasks and resources. MMRad-22K addresses
this gap by defining a structured evidence-to-report
learning framework, where localized visual evi-
dence, regional clinical observations, and final re-
port generation are organized into a unified inter-
face that enables joint training and separate evalua-
tion of intermediate evidence and final reports.

3 Does Multimodal Evidence Help CXR
Report Generation?

Chest X-ray report generation requires models to
transform visual observations into clinically coher-
ent textual descriptions. In practice, intermediate
supervision may be provided in different forms,
such as localized image regions, textual observa-
tions, grounding coordinates, or combinations of
these signals.

We conduct a pilot oracle-trace analysis of sev-
eral intermediate evidence formats. For each study,
the model always receives the full chest X-ray im-
age, and we additionally provide evidence from
the same anatomical region in one of the follow-
ing formats: (1) Image-guided: regional image
crop; (2) Text-guided: regional textual observa-
tion describing that region; (3) Text + BBox: the
same regional textual observation augmented with
anatomical grounding coordinates; and (4) Multi-
modal: both the regional textual observation and
corresponding image crop.

Evaluation Setup. We conduct the pilot study
on 1,097 CXR studies derived from MIMIC-
CXR (Johnson et al.,, 2019) and GEMeX-
ThinkVG (Liu et al., 2025a), where each study
contains report targets together with region-level
textual and visual evidence used to instanti-
ate different evidence formats. We evaluate
three advanced closed-source LVLMs, including
Qwen3-VL-Plus (Bai et al., 2025), Gemini-3.0-
Flash (Google, 2025), and Claude-Haiku-4.5 (An-
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Figure 3: Construction pipeline of MMRad-22K. Starting from chest X-ray studies and grounded regional
annotations, we reorganize fragmented question-level supervision into study-level report-oriented evidence units.
The pipeline includes study-level alignment, evidence reformulation, multi-stage verification, quality assessment,
and anatomy-guided aggregation. The final dataset unifies regional textual observations, anatomical coordinates,
localized image evidence, and report targets into a structured multimodal resource for chest X-ray report generation.

thropic, 2025), using NLG metrics BLEU (Pap-
ineni et al., 2002), ROUGE-L (Lin, 2004), and the
clinical efficacy (CE) metric RadGraph (Delbrouck
et al., 2022). Prompt templates and input examples
are provided in Appendix A.1.

Multimodal localized evidence yields the most
consistent gains. Fig. 2 summarizes the perfor-
mance of multiple advanced closed-source LVLMs
under different localized evidence settings. Across
models and metrics, the multimodal format gener-
ally performs best or remains competitive in our
pilot comparison. In contrast, adding anatomical
bounding-box coordinates yields smaller and less
consistent gains over text-guided formats. These
results suggest that localized textual and visual evi-
dence can provide complementary support for CXR
report generation.

However, existing radiology datasets provide
only fragmented supervision signals, such as re-
ports, grounding annotations, or textual rationales,
rather than a unified report-generation-oriented
multimodal evidence structure. To bridge this gap,
we construct MMRad-22K, which organizes tex-
tual observations, anatomical grounding coordi-
nates, and localized image evidence within each
study as structured multimodal supervision for
CXR report generation.

4 MMRad-22K Dataset

4.1 Data Construction

MMRad-22K is designed as a report-generation-
oriented multimodal evidence dataset for chest

X-ray reasoning. To construct this supervision,
we leverage complementary signals from two
study-aligned resources built upon the same ra-
diographs, as shown in Fig. 3, panel A. MIMIC-
CXR (Johnson et al., 2019) provides chest X-
ray images and report-level supervision, while
GEMeX-ThinkVG (Liu et al., 2025a) provides
grounded VQA-style reasoning traces and anatom-
ical bounding boxes. Our goal is to transform
these fragmented grounded traces into anatomy-
structured localized multimodal evidence suitable
for study-level report generation.

Study-Level Alignment and Evidence Refor-
mulation. Grounded supervision in GEMeX-
ThinkVG (Liu et al., 2025a) is organized as in-
dependent question-specific traces, which are not
directly suited for study-level report generation.
As shown in Fig. 3, panel B, we first align the
grounded traces and anatomical bounding boxes
from GEMeX-ThinkVG with their corresponding
MIMIC-CXR (Johnson et al., 2019) studies, asso-
ciating localized evidence with the full chest X-ray
image and report target. GEMeX-ThinkVG con-
tains 202,384 grounded VQA traces, which are
reorganized after alignment into 21,994 study-level
samples, with approximately 9 localized evidence
traces per study on average. We then use DeepSeek-
v3 (DeepSeek-Al et al., 2025) to reformulate these
fragmented VQA traces into report-oriented evi-
dence units, converting question-answer supervi-
sion into anatomy-associated regional observations
for chest X-ray report generation.
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Figure 4: Examples of MMRad-22K Dataset. Each sample includes the full CXR image, structured multimodal

evidence, and the final report.

Clinical Consistency Preservation and Verifica-
tion. During the reformulation process, LLMs may
introduce summarization errors or hallucinated con-
tent. To improve consistency, we adopt a multi-
stage verification pipeline, as shown in Fig. 3, panel
C. First, DeepSeek-v3 (DeepSeek-Al et al., 2025)
performs a self-check by comparing the reformu-
lated evidence units with the original grounded
traces from the same study, mainly to remove un-
supported content and improve local coherence.
Second, we perform study-level consistency check-
ing with Qwen2.5-72B (Qwen et al., 2025), us-
ing the MIMIC-CXR reference report as a quality-
control signal to identify potential contradictions
between the reformulated evidence and the docu-
mented findings. The reference report is used only
for verification rather than for generating new ev-
idence content. Cases that remain uncertain after
this step are further reviewed through clinician ad-
judication. A coarse summary of the verification
pipeline is provided in Appendix A.2.1.

To assess the quality of the reformulated evi-
dence units, we randomly sampled 900 cases (4%
of the full dataset) for blinded evaluation by two
clinicians with radiology experience. Each case
was independently rated on three 5-point Likert
scales measuring Clinical Accuracy, Complete-
ness, and Visual-Text Consistency. Across the
sampled cases, the evidence units achieved average
scores of 4.6/5.0, 4.3/5.0, and 4.9/5.0 for the three
dimensions, respectively, with 96.7%, 83.3%, and
95.6% of cases receiving scores of at least 4 from
both clinicians. Inter-rater agreement measured by
Cohen’s k was 0.64, 0.50, and 0.56, respectively.
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Figure 5: Statistics of MMRad-22K. The dataset con-
tains structured regional evidence with diverse clinical
findings and varying evidence lengths.

The slightly lower completeness scores mainly re-
flect that some secondary findings described in the
original reports are not explicitly covered by the
available evidence units. Given the strong con-
centration of ratings in the high-score range, the
percentage of cases jointly rated at least 4 by both
clinicians provides a more direct indication of evi-
dence quality than inter-rater agreement. Overall,
the reformulated evidence units show good quality.
We further perform stratified analysis across differ-
ent clinical subgroups. Detailed evaluation rubrics,
subgroup analysis, and error analysis are provided
in Appendix A.2.2 and A.2.3.

Anatomy-Guided Evidence Organization and
Dataset Assembly. The reformulated evidence
units are often fine-grained and heterogeneous in
structure. To obtain a more consistent and learn-
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Report Textual Anatomical Multimodal

Dataset Target Evidence Grounding Evidence
EHRXQA X X X X
MIMIC-CXR v X X X
GEMeX X v v X
Chest ImaGenome X v 4 X
GEMeX-ThinkVG X v v X
MMRad-22K v v v v
Table 1: Comparison with related chest X-ray

datasets in terms of report targets and intermediate
evidence. MMRad-22K uniquely combines regional
textual observations, anatomical grounding coordinates,
structured multimodal evidence, and report-level targets
within each study.

able study-level representation, we organize the
evidence into four coarse anatomy-guided groups:
mediastinal, lung, bone, and other regions. Al-
though this grouping is intentionally coarse, it pro-
vides a practical abstraction for model learning
while remaining broadly consistent with classical
chest X-ray interpretation frameworks in radiol-
ogy textbooks and prior technical work (Collins
and Stern, 2012; Wu et al., 2021). Importantly,
within each anatomical group, the original regional
observations and their associated bounding boxes
are retained and organized together rather than
re-summarized. Based on the grouped bounding
boxes, we further extract localized image crops
from the original MIMIC-CXR image and pair
them with the corresponding textual observations
and coordinates to form multimodal evidence units
for each region. Examples of MMRad-22K are
shown in Fig. 4, with additional examples provided
in Appendix A.3.1.

4.2 Data Statistics

As shown in Fig. 5, MMRad-22K contains 21,994
study-level multimodal evidence samples from
7,975 patients. Most studies contain 2-3 regional
evidence groups (Fig. 5, panel A). The evidence
text is also relatively rich, with most samples rang-
ing from 81 to 240 words in length (Fig. 5, panel
B). The dataset covers a broad range of findings
based on CheXpert (Irvin et al., 2019) labels (Fig. 5,
panel C), including lung opacity, pleural effusion,
atelectasis, cardiomegaly, edema, and pneumonia,
in addition to normal studies (No Finding). Addi-
tional anatomy-group statistics are provided in the
Appendix A.3.

4.2.1 Data Comparison

As shown in Table 1, existing radiology datasets
provide only partial supervision for chest X-ray
report generation. MIMIC-CXR (Johnson et al.,
2019) and EHRXQA (Bae et al., 2023) provide
report-level targets and multimodal QA pairs, re-
spectively, but do not include explicit interme-
diate evidence. Chest ImaGenome (Wu et al.,
2021) provides bounding boxes and localized la-
bels, but does not organize them into coherent
study-level multimodal evidence for report com-
position. GEMeX (Liu et al., 2025b) and GEMeX-
ThinkVG (Liu et al., 2025a) provide grounded
question-level textual supervision, yet their an-
notations remain organized as VQA-oriented ex-
planations or reasoning traces rather than report-
generation-oriented regional evidence.

In contrast, MMRad-22K is not a simple concate-
nation of existing datasets, but a task-oriented re-
structuring of fragmented supervision into a unified
multimodal resource for report generation. Specif-
ically, it converts question-level grounded traces
into study-level, structured evidence units that are
aligned with the original report target. Each sample
is organized around a single study and explicitly
links regional textual observations, anatomical co-
ordinates, localized images, and the final report
within the same report-generation context, which
is not directly supported by prior datasets.

5 MMRad-22K for CXR Report
Generation

Section 3 suggests that localized multimodal ev-
idence benefits CXR report generation. We next
evaluate whether MMRad-22K effectively supports
LVLM adaptation and provides advantages beyond
standard report supervision.

5.1 Training Settings

Dataset Split. We randomly split MMRad-22K at
the patient level. Following this protocol, 237 pa-
tients are reserved for testing, while the remaining
7738 patients are used for training.

Baseline Model. We adopt Anole-7B (Chern et al.,
2024) as the base unified LVLM because of its na-
tive multimodal autoregressive generation capabil-
ity. As a general-domain model without specialized
radiology report-generation pretraining, Anole pro-
vides a relatively controlled testbed for evaluating
the contribution of MMRad-22K supervision, as
shown in Fig. 6. Unlike conventional LVL.Ms de-
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Setting NLG Metrics CE Metrics

B-11 B-21 B-37 MTR{T R-LtT RadCliQl RG.T RG.T RGy,T RaTE?
Zero-shot 0.096 0.034 0.007 0.104 0.095 2.102 0.082 0.070 0.041 0.464
End-to-end 0.126 0.040 0.008 0.107 0.103 1.821 0.112 0.099 0.067 0.462
Textual 0.175 0.075 0.032 0.144 0.150 1.541 0.149 0.133 0.092 0.493
Grounded 0.192 0.091 0.046 0.166 0.173 1.409 0.180 0.161 0.112 0.528
Generated 0.193 0.090 0.043 0.167 0.172 1.391 0.187 0.173 0.123 0.529

Table 2: Chest X-ray report generation results under different evidence settings on the Anole backbone. Sta-
tistical tests confirm that the two multimodal evidence settings, Generated and Grounded, do not differ significantly
from each other, while both significantly outperform weaker supervision settings. Bold denotes the best result.
Abbreviations: B-n: BLEU-n; MTR: METEOR; R-L: ROUGE-L; RG: RadGraph.

signed primarily for visual understanding, Anole
enables unified generation over both textual and
visual tokens within a single autoregressive frame-
work, making it suitable for modeling the multi-
modal evidence structures in MMRad-22K and the
final radiology report within one generation pro-
cess. We fine-tune the model using LoRA (Hu
et al., 2021) applied to the query, key, and value
projections of the attention modules with rank
r = 16 and scaling factor « = 32, leveraging
the training framework established in (Chern et al.,
2025). Training is conducted for 50,000 steps on
two NVIDIA H800 GPUs using a learning rate of
1 x 1075 and batch size 2.

Evaluation Metrics. We evaluate report genera-
tion quality using standard NLG metrics, including
BLEU (Papineni et al., 2002), METEOR (Banerjee
and Lavie, 2005), and ROUGE-L (Lin, 2004), to-
gether with clinical efficacy (CE) metrics including
RadGraph (Delbrouck et al., 2022), RadCliQ (Yu
et al., 2023), and RaTEScore (Zhao et al., 2024).
Detailed descriptions of the evaluation metrics are
provided in Appendix A.4.

5.2 Controlled Comparison of Supervision
Settings on the Anole Backbone

Starting from the original zero-shot Anole baseline,
we compare five settings while keeping the report
generation task unchanged, as shown in Table 2.
Zero-shot directly generates a report without task-
specific adaptation. End-to-end adapts the model
to generate the report directly from the full chest X-
ray image. Textual first generates regional textual
evidence and then produces the final report. Gen-
erated further generates localized visual evidence
in Anole’s native autoregressive generation space
together with regional textual evidence before re-
port generation. Grounded first generates regional

Lung Evidence
Bounding Box: [44, 28, 266, 262]
Text: The bilateral lung fields are
clear without pleural effusion, pn-
eumothorax, focal...

Final Report
Impression: No acute c-

ardiopulmonary abnorm-
ality. Findings: cardiac ...

L}

1t t 1t

Vision De-Tokenizer

Text De-Tokenizer Text De-Tokenizer

Anole-7B (Unified Multimodal Generation)

Text Tokenizer Vision Tokenizer

* 1
‘I ﬁ
Figure 6: Unified multimodal framework based on

MMRad-22K. Each training sample is organized as a
unified multimodal sequence.

Generate a
radiology report.

textual evidence and predicts anatomical regions,
then maps the predicted regions back to the source
chest X-ray and extracts localized image crops as
grounded visual evidence before report generation.
Notably, the intermediate evidence is generated or
predicted by the model itself rather than provided
as external prompts. Additional details on evidence
construction and the difference between Generated
and Grounded are provided in Appendix A.S.

The Zero-shot Anole baseline performs poorly
across evaluation metrics, indicating that the orig-
inal general-domain unified model is not directly
suited to chest X-ray report generation. Adapting
the model in the End-to-end setting already yields
clear improvements, showing that task-specific
adaptation is important in this domain.

Modeling regional textual evidence in the Tex-
tual setting further improves performance over the
end-to-end baseline, suggesting that intermediate
textual evidence provides useful structured support
beyond direct report generation from the full im-
age alone. Extending this intermediate evidence to
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. NLG Metrics CE Metrics

Models Param. Domain

B-17 B-21 MTRT R-Lt RadCliQ] RG.T RG,T RaTE?
Deepseek-VL2 4.5B G 0.105 0.033 0.090 0.103 1.888 0.084 0.075 0.495
Qwen3-VL 8B G 0.167 0.054 0.125 0.133 1.357 0.158 0.144  0.530
InternVL3.5 8B G 0.179 0.059 0.135 0.147 1.316 0.152 0.145 0.532
LLaVA-Med-1.5 7B M 0.127 0.011 0.076 0.100 1.755 0.072 0.063 0.426
Bagel 7B G 0.111 0.040 0.131 0.113 1.602 0.157 0.135 0.525
UniMedVL 14B M 0.157 0.054 0.147 0.128 1.504 0.157 0.145 0.519
Anole 7B G 0.096 0.034 0.104 0.095 2.102 0.082 0.070 0.464
Anole-MMRad 7B M 0.193 0.090 0.167 0.172 1.391 0.187 0.173  0.529

Table 3: Contextual comparison of MMRad-22K. All models are evaluated under the same chest X-ray report
generation task, test split, and evaluation protocol, while Anole-MMRad is adapted using MMRad-22K. Anole-
MMRad reaches a performance level on par with representative open-source LVLM references, further supporting
the effectiveness of MMRad-22K for adapting LVLMSs to chest X-ray report generation. Bold denotes the best
result. Abbreviations: Param.: activated parameters; G: general; M: medical; B-n: BLEU-n; MTR: METEOR; R-L:

ROUGE-L; RG: RadGraph.

multimodal evidence yields additional gains. Both
multimodal settings Generated and Grounded out-
perform the text-only setting, further supporting
the value of combining textual evidence with lo-
calized visual evidence, indicating that multimodal
evidence derived from MMRad-22K provides com-
plementary support for report generation.

Overall, these results suggest that MMRad-22K
provides useful structured supervision for chest
X-ray report generation. Relative to standard end-
to-end adaptation, textual evidence improves report
generation quality, and localized visual evidence
brings further complementary gains.

5.3 MMRad-22K Enables Effective

Adaptation to CXR Report Generation

To provide external context for the effectiveness
of MMRad-22K, we additionally report the per-
formance of the adapted Anole model (Anole-
MMRad) together with several representative
open-source LVLM references, including general-
domain models DeepSeek-VL2 (Wu et al., 2024),
Qwen3-VL (Bai et al., 2025), InternVL3.5 (Wang
et al., 2025), Anole (Chern et al., 2024), and
Bagel (Deng et al., 2025), as well as medical-
domain models LLaVA-Med-1.5 (Li et al., 2023)
and UniMedVL (Ning et al., 2026). Some of these
reference models have prior exposure to medical
report-generation-related training during their orig-
inal development.

Table 3 shows that adapting Anole with MMRad-
22K vyields substantial gains over its original zero-

Models SSIM 1 ImgSim 1 mloU 1
Qwen3-VL N/A N/A 0.596
Bagel 0.305 0.756 0.506
UniMedVL 0.183 0.767 0.488
Anole N/A N/A N/A
Anole-MMRad 0.494 0.885 0.680

Table 4: Evaluation of intermediate evidence qual-
ity. SSIM and ImgSim measure the similarity between
generated local images and predicted-box crops, while
mloU measures the overlap between predicted and ref-
erence bounding boxes.

shot performance. Under the same evaluation pro-
tocol, Anole-MMRad also reaches a performance
level on par with representative open-source LVLM
references. These results further support the practi-
cal utility of MMRad-22K as a multimodal super-
vision resource for adapting LVLMSs to chest X-ray
report generation.

We also assess whether models can effectively
utilize the intermediate evidence. Specifically,
we evaluate localization accuracy using mloU be-
tween predicted and reference bounding boxes, and
evaluate visual evidence quality using SSIM and
BioMedCLIP (Zhang et al., 2025) image similar-
ity (ImgSim) between generated local images and
the corresponding predicted-box crops. SSIM and
ImgSim are only applicable to models capable of
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Models RadCliQ| RGet RGer?T RaTE 1

Qwen3-VL 1.485 0.138  0.124 0.474
Bagel 1.577 0.136  0.126  0.482
Anole 2.139 0.066  0.058  0.449
Anole-MMRad 1.554 0.160 0.143 0.513

Table 5: Zero-shot transfer evaluation on IU X-Ray.
Models are evaluated without adaptation on the external
dataset using CE metrics.

generating localized images.

As shown in Table 4, Anole-MMRad achieves
the strongest overall localization and visual evi-
dence quality, demonstrating that MMRad-22K en-
ables models to learn grounded intermediate evi-
dence generation. In contrast, the original Anole
does not reliably produce such intermediate evi-
dence.

To evaluate whether the learned multimodal su-
pervision transfers beyond the MIMIC-CXR do-
main, we further conduct a zero-shot evaluation
on the IU X-Ray (Demner-Fushman et al., 2016)
dataset. Since reporting styles may vary across
datasets, we focus on CE metrics that are less sensi-
tive to surface-level wording differences. As shown
in Table 5, Anole-MMRad consistently improves
over the original Anole backbone and remains com-
petitive with Qwen3-VL, suggesting that the multi-
modal evidence supervision learned from MMRad-
22K provides transferable benefits beyond the train-
ing domain.

5.4 Case Study

Figure 7 illustrates the model’s systematic diagnos-
tic trace on a representative CXR. The model first
examines the mediastinal region by generating a
localized image and textual observations that rule
out cardiac and mediastinal abnormalities. It then
transitions to the lung region where it identifies
clear lung fields with high spatial accuracy. The
final report closely aligns with the reference report.
Additional case studies and examples of failure
cases are provided in Appendix A.6.

6 Conclusion

In this work, we introduce MMRad-22K, a study-
level structured multimodal dataset that unifies
regional textual observations, anatomical ground-
ing coordinates, localized images, and report tar-
gets into a structured format. Experiments show

Full Chest X-ray Mediastinum Evidence

Pre
->

Localized Image

Bounding Box
Generation

Prediction
Textual Observations: The cardiac silhouette is unr-
emarkable with normal size, smooth contours, and no
evidence of enlargement or abnormal shape, indicating
no cardiomegaly. The mediastinum appears normal wi-

thout widening, masses, lymphadenopathy, or other a-
bnormalities, such as vascular distortion or shift, ruling
out abnormalities like aortic dissection or thyroid path-

L 2
Lung Evidence

RadCliQ: 1.259
METEOR: 0.324
ROUGE-L: 0.477 ology.

Final Report

Predicted: Impression: No acute
cardiopulmonary abnormality. Findings:
Cardiac, mediastinal and hilar contour
are unremarkable. The lungs appear
clear without focal consolidation,
pleural effusion or pneumothorax.
There is no pleural effusion. -

Localized Image
Generation

Reference: Impression: No acute
intrathoracic process. Findings: The
lungs are clear without focal opacity,
pulmonary edema, pleural effusion or
pneumothorax. The cardiac and
mediastinal contours are normal.

Bounding Box
Prediction

Textual Observations: The bilateral lung
fields are clear without pleural effusion,
pneumothorax, focal consolidation, or s-
igns of fluid overload, and costophrenic a-
ngles are sharp.

Figure 7: Qualitative analysis by Anole-MMRad.
Green shading and blue shading represent consistent
descriptions for the lung and mediastinal regions.

that this structured supervision is useful for CXR
report generation: multimodal evidence outper-
forms weaker evidence formats in pilot compar-
isons, and adapting a unified LVLM with MMRad-
22K improves over standard end-to-end and textual-
evidence settings while reaching a performance
level comparable to several open-source LVLM
references. Overall, MMRad-22K provides a prac-
tical structured multimodal resource for training
and evaluating CXR report generation models.

Limitations

Despite the encouraging results provided by
MMRad-22K, this study has several limitations that
open avenues for future work. First, the dataset is
constructed by reorganizing existing report-aligned
public resources rather than through new prospec-
tive expert annotation collected specifically for
study-level report generation. Although we apply
multi-stage verification and clinician evaluation,
the resulting evidence units may still reflect source
reporting conventions and annotation biases. Sec-
ond, MMRad-22K has imbalanced coverage across
anatomical regions and findings, with lung- and
mediastinal-related evidence accounting for the ma-
jority of samples, which may limit representation
of rarer regions or subtle abnormalities. Third, be-
cause the dataset is derived from MIMIC-CXR, it
remains to be validated whether the observed gains
generalize to other institutions, reporting styles,
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and real clinical workflows.

Ethical Considerations

MMRad-22K is intended solely as a research re-
source for developing and evaluating chest X-ray
report generation systems. It is derived from ex-
isting public radiology resources and should not
be used as a clinical decision-making tool or as
a substitute for expert interpretation. As with
other medical vision-language resources, poten-
tial risks include propagation of source reporting
biases, incomplete coverage of rare findings, and
over-reliance on automatically generated outputs
in safety-critical settings. We therefore emphasize
that models trained on MMRad-22K are for re-
search use only, and their clinical reliability and
generalization to new institutions remain to be es-
tablished.
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A Appendix

A.1 More Information about Pilot Study

A.1.1 Prompt Templates

We use a shared report-generation objective across
all settings, with common output requirements and
the same report format. Because the additional
evidence differs in modality, the prompt wording
is minimally adapted to describe the corresponding
input format (red mark). Thus, the comparison
keeps the task objective and reporting constraints
fixed while varying the form of additional region-
level evidence.

Image-guided

You are a Senior Radiologist Consultant.

Based on the provided full CXR image and localized image of a specific anatomical region, generate a
concise medical report.

[Format Requirements]

1. Include ONLY two sections: Impression and Findings.

2. Impression Section: Provide 1-2 sentences summarizing the key conclusions.
3. Findings Section: List 3-5 specific observations in brief, clear statements.

4. Keep the entire report around 100 words.

[Example of Desired Format]

Impression: Slight improvement in moderate pulmonary edema. No evidence of pneumonia. Fmdlngs
Lung volumes remain low however with slightly improved aeration P to y y's

Moderate pulmonary edema is slightly improved. Bibasilar linear and plate like atelectasis is unchanged A
right PICC is unchanged in position. There is no pleural effusion or pneumothorax. Residual ethiodol from
prior TACE projects over the right upper quadrant.

<FULL IMAGE INPUT>

<REGION IMAGE INPUT> The localized image shows the [REGION NAME] region.

Text-guided

You are a Senior Radiologist Consultant.

Based on the provided full CXR image and localized textual observation of a specific anatomical region,
generate a concise medical report.

[Format Requirements]

1. Include ONLY two sections: Impression and Findings.

2. Impression Section: Provide 1-2 sentences summarizing the key conclusions.
3. Findings Section: List 3-5 specific observations in brief, clear statements.

4. Keep the entire report around 100 words.

[Example of Desired Format]

pi : Slight in pulmonary edema. No evidence of pneumonla Findings: Lung
volumes remain low however with slightly improved aeration to 's
Moderate pulmonary edema is slightly improved. Bibasilar linear and plate like ateleclasls is unchanged. A
right PICC is unchanged in position. There is no pleural effusion or pneumothorax. Residual ethiodol from
prior TACE projects over the right upper quadrant.

<FULL IMAGE INPUT>

The localized textual observation shows the [REGION NAME] region, indicating [REGION TEXTUAL
OBSERVATION INPUT]

Text + bbox

You are a Senior Radiologist Consultant.

Based on the provided full CXR image and localized textual observation of a specific anatomical region and
its grounding coordinates, generate a concise medical report.

[Format Requirements]

1. Include ONLY two sections: Impression and Findings.

2. Impression Section: Provide 1-2 sentences summarizing the key conclusions.
3. Findings Section: List 3-5 specific observations in brief, clear statements.

4. Keep the entire report around 100 words.

[Example of Desired Format]

Impression: Slight improvement in moderate pulmonary edema. No evidence of pneumonia. Findings: Lung
volumes remain low however with slightly improved aeration toy y's

Moderate pulmonary edema is slightly improved. Bibasilar linear and plate like atelectasis is unchanged. A
right PICC is unchanged in position. There is no pleural effusion or pneumothorax. Residual ethiodol from
prior TACE projects over the right upper quadrant.

<FULL IMAGE INPUT>

The relative bounding box [REGION BOUNDING BOX INPUT] shows the [REGION NAME] region
indicating [REGION TEXTUAL OBSERVATION INPUT].

A.1.2 Input Example

We provide one example to illustrate how the same
study case is instantiated under different evidence

You are a Senior Radiologist Consultant.

Based on the provided full CXR image and localized image of a specific anatomical region and its textual
observation, generate a concise medical report.

[Format Requirements]

1. Include ONLY two sections: Impression and Findings.

2. Impression Section: Provide 1-2 sentences summarizing the key conclusions.
3. Findings Section: List 3-5 specific observations in brief, clear statements.

4. Keep the entire report around 100 words.

[Example of Desired Format]

Impression: Slight improvement in moderate pulmonary edema. No evidence of pneumonia. Findings:
Lung volumes remain low however with slightly improved aeration compared to yesterday's examination.
Moderate pulmonary edema is slightly improved. Bibasilar linear and plate like atelectasis is unchanged. A
right PICC is unchanged in position. There is no pleural effusion or pneumothorax. Residual ethiodol from
prior TACE projects over the right upper quadrant.

<FULL IMAGE INPUT>

<REGION IMAGE INPUT> The localized textual observation shows the [REGION NAME] region,
indicating [REGION TEXTUAL OBSERVATION INPUT].

formats. The example includes the full chest X-
ray image together with its region-level evidence,
showing how image-guided, text-guided, text +
bbox, and multimodal inputs differ while sharing
the same report-generation target.

Format Full CXR Image Localized Image Bounding Box Textual Observation
Image-guided v v

Text-guided v v

Text + Bbox v v v
Multimodal v v v

Bounding Box: [0.369, 0.375, 0.744, 0.711]
¥ Textual Observation: The cardiac silhouette shows moderate
cardiomegaly with no interval change, indicating chronic volu-

me overload likely due to heart failure. The hilar regions dem-
onstrate pulmonary vascular congestion with engorged vess-
els, supporting left heart failure.

Localized Image

Full CXR Image

A.2 More Information about Dataset
Construction

A.2.1 Summary of the Verification Pipeline

Approximately 14% of reformulated evidence units
were revised during the self-check stage. A coarse
error breakdown suggests that about 9% involved
omission of source-supported content, around 4%
involved hallucinated or unsupported statements,
and roughly 1% involved mismatches between
bounding boxes and the corresponding textual ob-
servations. In the cross-check stage, Qwen2.5-72B
was used as a verifier to compare the reformulated
evidence against the corresponding study-level re-
port. About 2% of cases were flagged at this stage
for potential report-level inconsistencies or uncer-
tain anatomical correspondence and were sent to
clinician adjudication.

A.2.2 Clinician Evaluation Rubrics

Clinical Accuracy evaluates whether the regional
observations are medically correct and consistent
with the reference study findings, as shown in Ta-
ble 6. Completeness measures whether the refor-
mulated evidence units cover the clinically impor-
tant findings documented in the study, as shown
in Table 7. Visual-Text Consistency evaluates
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whether each regional text description is supported
by, and spatially aligned with, its associated local-
ized image crop, as shown in Table 8.

A.2.3 Stratified Clinician Evaluation and
Error Analysis

To further assess the reliability of MMRad-22K ev-
idence units, we stratify the 900 clinician-reviewed
cases by clinical subgroups, including normal stud-
ies and cases with lung, cardiac, pleural, or other
abnormalities, as shown in Table 9. These cate-
gories are non-exclusive. Clinical accuracy and
visual-text consistency remain consistently high
across subgroups. The main variation is observed
in completeness.

Error analysis in Table 10 further shows that
most lower-rated cases are caused by incomplete
regional evidence, mainly due to omitted minor
secondary findings. Region-text mismatch, unsup-
ported observations, and ambiguous localization
are relatively uncommon, while major abnormali-
ties are generally preserved.

Score  Clinical Accuracy

5 Fully clinically accurate and well aligned with
the reference report.

4 Clinically accurate with only negligible impreci-
sion.

3 Generally correct but contains minor inaccuracies
or ambiguous descriptions.

2 Multiple clinically inaccurate or misleading ob-
servations.

1 Major medical errors or hallucinated findings in-

consistent with the reference report.

Table 6: Rubric for clinical accuracy evaluation.

Score  Completeness

5 Comprehensive coverage of clinically relevant
findings described in the reference report.

4 Largely complete with only minor omissions.

3 Covers major findings but misses some secondary
observations.

2 Several clinically relevant findings are omitted.

1 Most clinically important findings are missing.

Table 7: Rubric for completeness evaluation.

A.3 More Information about the
MMRad-22K Dataset
A.3.1 Additional Dataset Examples

Fig. 8 presents additional examples of MMRad-
22K. Each sample includes the full CXR image,
one to four anatomy-guided multimodal evidence

Score Visual-Text Consistency

5 Strong visual-text correspondence with clear and
well-localized visual support.

4 Good visual-text alignment with only minor mis-
match or ambiguity.

3 Partial alignment between the localized image
evidence and the textual observation.

2 Weak or unclear correspondence between the im-
age evidence and the text.

1 The localized image evidence is inconsistent with

the corresponding textual observation.

Table 8: Rubric for visual-text consistency evaluation.

units, and the corresponding final report. These ex-
amples illustrate the study-level organization of the
dataset, where localized image crops, textual ob-
servations, and grounding coordinates are grouped
into clinically relevant regions and linked to the
report target. They also show the variability of
MMRad-22K across studies, ranging from simpler
cases with a single evidence unit to more complex
cases involving multiple anatomical groups such as
lung, mediastinal, bone, and other regions.

A.3.2 Anatomy-group Statistics

We further report the distribution of fine-grained
anatomical regions in MMRad-22K. As shown in
Figure 9, the dataset exhibits a clearly long-tailed
regional distribution, with lung and mediastinal re-
lated regions accounting for the largest proportion
of evidence, broadly consistent with the dominant
focus of CXR interpretation. At the same time, less
frequent but clinically relevant regions from the
bone and others groups are also represented, includ-
ing spine, abdomen, and support-device-related
regions. This suggests that the coarse anatomy-
guided grouping used in MMRad-22K still pre-
serves substantial fine-grained regional diversity.

A.4 More Information about Evaluation
Metrics

* BLEU (Papineni et al., 2002) measures n-
gram precision between the generated report
and the reference report.

* METEOR (Banerjee and Lavie, 2005) com-
bines precision, recall, and a fragmentation
penalty, while additionally considering word
order and synonym matching.

* ROUGE (Lin, 2004) measures n-gram recall
with respect to the reference report.
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Clinical Subgroup Occurrence Rate Clinical Accuracy Completeness Visual-Text Consistency
Normal 28.9% 4.83 4.58 4.96
Lung Abnormality 44.4% 4.51 4.08 4.83
Cardiac Abnormality 45.6% 4.57 4.18 4.85
Pleural Abnormality 26.7% 4.54 4.17 4.85
Others 22.2% 4.28 3.92 4.62

Table 9: Stratified clinician evaluation of MMRad-22K evidence units. Clinical subgroups are non-exclusive.
Scores are averaged over the clinician-reviewed cases using three 5-point Likert scales.

Primary Error Type Ratio
Incomplete Regional Evidence 76.8%
Minor Wording or Detail Issue 18.9%
Over-generalized or Unsupported Observation  2.8%
Mismatch or Ambiguous Crop 1.5%

Table 10: Error analysis of clinician-reviewed evi-
dence units. Most residual issues are related to incom-
plete regional evidence, mainly due to omitted minor
secondary findings.

* RadGraph F1 (Delbrouck et al., 2022) ex-
tracts radiology entities and relations and com-
putes an F1 score over their overlap, mainly
for chest X-ray reports.

¢ RaTEScore (Zhao et al., 2024) evaluates ra-
diology reports at the entity level by matching
clinically important entities with type-aware
embedding similarity, making it robust to syn-
onyms and sensitive to negation.

¢ RadCliQ (Yu et al., 2023) combines BLEU,
BERTScore, CheXbert vector similarity, and
RadGraph F1 into a composite score that is
optimized to better align with radiologist judg-
ment.

A.5 More Information About Evidence
Construction and Inference Settings

Each anatomy-guided evidence unit in MMRad-
22K contains three aligned components: a regional
textual observation, an anatomical bounding box,
and a localized image crop. By training on these
paired multimodal evidence structures together
with the final report target, the adapted Anole
model acquires both localization-related prediction
ability and visual evidence generation ability within
a unified autoregressive framework.

This design gives rise to two practical ways of
incorporating localized visual evidence at infer-
ence time. In the Generated setting, we follow
Anole’s native multimodal generation paradigm

and use autoregressively generated visual evidence
together with regional textual observations. In the
Grounded setting, the model first predicts anatom-
ical regions, which are then mapped back to the
source chest X-ray to extract localized image crops
as grounded visual evidence, which is aligned with
the crop-based localized evidence setting examined
in Section 3.

A.6 More Cases Generated by Anole-MMRad

In addition to the main case study, we provide more
qualitative examples to illustrate how the structured
multimodal evidence is used across different stud-
ies. These examples are intended to complement
the quantitative results by showing the interme-
diate regional evidence, the predicted bounding
boxes, the generated localized images, and the fi-
nal reports within the same study-level generation
process. They also help clarify that MMRad-22K
does not only provide final report targets, but orga-
nizes intermediate evidence in a form that can be
inspected together with the generated report.

A.6.1 Representative Cases

Figure 10 presents representative examples of re-
port generation with structured multimodal evi-
dence. The examples cover both normal and ab-
normal studies, illustrating that the structured re-
gional evidence can support clinically coherent
study-level reports across different levels of dif-
ficulty. In relatively normal cases, the model pro-
duces findings that closely match the reference re-
ports. In abnormal cases, it is able to combine
multiple localized evidence units to capture major
findings such as pulmonary edema, pleural effu-
sion, or bibasal opacities, demonstrating the benefit
of anatomy-guided multimodal evidence for report
generation.

A.6.2 Failure Cases

Figure 11 presents representative failure cases. In
both examples, the model retains a broadly reason-
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Full Chest X-ray

Localized Image

Grounding Coordinates: [50, 71, 262, 280]

Mediastinum Multimodal Evidence

Localized Image

Full Chest X-ray
' "
k- 4

Full Chest X-ray Mediastinum Multimodal Evidence

| l’I II

Localized Image

Grounding Coordinates: [116, 100, 239, 206]
Textual Observation: The cardiac silhouette is
normal in size and contour without enlargement
or abnormalities, consistent with no cardiomeg-
aly or mediastinal pathology. The hilar contours
are symmetric and unremarkable, with no evid-
ence of lymphadenopathy or masses, indicating
normal mediastinal anatomy.

Grounding Coordinates: [113, 118, 248, 208]
Textual Observation: The cardiac silhouette is
enlarged, indicating cardiomegaly, which is as-
sociated with heart failure and can lead to incr-
eased pulmonary pressure and fluid overioad.

Full Chest X-ray Mediastinum Multimodal Evidence

Textual Observation: The lung fields
are clear without opacities, haziness,

or evidence of effusion or consolidation,
indicating no pulmonary pathology. The
lower lung zones show symmetric nipp-
le shadows and sharp costophrenic an-
gles, confirming no pleural effusion or gies.
abnormal densities.

Full Chest X-ray Lung
Grounding Coordinates:
[136, 185, 257, 278]

Textual Observation: The

> = cardiac silhouette is unrem-
s arkable with no cardiomeg-
i aly, mass, or signs of cong-
o
1

Grounding Coordinates:
46, 62, 308, 290]

estive heart failure, indicat-
ing normal heart and medi-

astinal structures. les are sharp and clear.

Localized Image Localized Image

Figure 8: More Examples of MMRad-22K Dataset.
multimodal evidence, and the final report.

able study-level impression but does not fully cap-
ture all findings described in the reference report.
The first case omits low lung volumes, whereas
the second misses a more localized left lower lobe
linear opacity/atelectatic change. These cases sug-
gest that, even with anatomy-guided multimodal
evidence, some supported findings may be under-
emphasized or omitted when they are integrated
into the final study-level report.

A.7 Ethics, Data Use, and Disclosure
Information

A.7.1 Potential Risks

MMRad-22K is constructed for research on chest
X-ray report generation and multimodal evidence
modeling. Potential risks include propagation of
source reporting biases, under-representation of
rare findings or patient subgroups, and inappropri-
ate over-trust in automatically generated reports.
In addition, because the dataset reorganizes report-
aligned supervision into study-level evidence, gen-
erated outputs may appear clinically plausible even
when they omit important details. For these rea-

Lung Multimodal Evidence

Lung Multimodal Evidence

"

Localized Image

Lung Multimodal Evidence

Localized Image

Lung Multimodal Evidence
Grounding Coordinates: [45, 29, 260,
75]

Grounding Coordinates: [121, 65, 221, 275)
241)
> Textual Observation: The cardiomedi-
astinal silhouette is normal with no card- ) {
iomegaly, mediastinal shift, or abnormal
densities, and heart size is within limits
4 with a cardiothoracic ratio <0.5.
Localized Image Localized Image

Textual Observation:
> Linear plate atelectasis is pr- s
esent in the bilateral lung fie-
Ids, with no pleural effusion,
focal consolidation, or pneu-

mothorax; costophrenic ang-

Final Report

Textual Observation: The upper lung zones show no evidence of pneumothorax, with a-
bsence of visceral pleural line or hyperlucency, indicating normal aeration in this region.
Bilateral lung fields demonstrate relatively low lung volumes with crowded rib markings >
and elevated diaphragms, suggesting reduced lung expansion, and no vascular conge-

stion or pneumothorax is observed. Bibasilar opacifications are present, characterized by

hazy densities indicative of pleural effusions and compressive atelectasis, with potential

volume loss and obscuration of diaphragmatic contours.

Again there are relatively low lung volumes. Bibasilar opacific-
ations suggest effusions and compressive atelectasis. No defi-
nite vascular congestion or pneumothorax.

Final Report

Grounding Coordinates: [62, 34, 284, 224]
Textual Observation: The lung fields are
clear and well-expanded, showing uniform >

impression: No acute cardiopulmonary process. Findings:
Frontal and lateral radiographs of the chest demonstrate
well expanded, clear lungs. The cardiomediastinal and hilar
contours are There is no

pleural effusion, or consolidation.

radiolucency without opacities, infiltrates, p-
neumothorax, or pleural effusion, suggesti-
ng no significant pulmonary disease.

Final Report

Grounding Coordinates: [56, 20, 268, 188]
Textual Observation: This region shows pulmonary
vascular congestion with engorged vessels and low

lung volumes, suggesting increased pulmonary blo-
od volume due to elevated left atrial pressure and r-
estrictive lung pathology. Bilateral pleural effusions

are present with blunted costophrenic angles and a-
telectasis, indicating fluid accumulation in the pleural
space and lung collapse, often secondary to heart

failure.

The monitoring and support devices are unchanged
in position. There is continued enlargement of the c-
ardiac silhouette with pulmonary vascular congesti-
on. Opacification at the bases is consistent with bil-
ateral pleural effusions and atelectasis. Continued
low lung volumes.

Bone Multimodal Evidence

]

Final Report

Grounding Coordinates:
[134,0, 176, 334]

Textual Observation: The
osseous structures, partic-
ularly the spine, are normal

with no fractures, lesions,

or misalignments, ruling out
skeletal injuries or patholo-

impression: No acute cardiop-
ulmonary process. Findings: L-
ungs are clear. Nipple shado-
ws project over the lower lung-
s. There is no effusion or con-
solidation. Cardiomediastinal
silhouette is normal. No acute
osseous abnormalities identifi-

ed.
Localized Image

Bone Multimodal Evidence Others Multimodal Evidence Final Report

impression: No overt C-
HF, however, mild pulm-
onary congestion is not
. entirely excluded. Findi-
ngs: PA and lateral che-
st radiographs are provi-
ded. There is no focal c-
neum and B th
perforation. orax or pleural effusion
Localized Image There is no overt CHF...

Grounding Coordinates:
[46, 247, 178, 281]
Textual Observation: No
free air s visible beneath
the right hemidiaphragm,
ruling out pneumoperito-

Grounding Coordinates:
[147, 28, 197, 308]

Textual Observation: The
spine shows no fractures, e-
rosions, or other pathological
changes, with intact vertebral
bodies and cortical outlines.

jre——

Localized Image

Each sample includes the full CXR image, structured

sons, MMRad-22K and models trained on it should
be used only in research settings and not for direct
clinical decision-making.

A.7.2 Data Sources and Usage Terms

MMRad-22K is derived from MIMIC-CXR (John-
son et al., 2019) and GEMeX-ThinkVG (Liu et al.,
2025a), both of which are existing research re-
sources with their own access conditions and usage
requirements. Our use of these resources is lim-
ited to research purposes and follows their intended
access setting. MMRad-22K is released only as a
derived research artifact consistent with the original
access restrictions, and it is not intended to circum-
vent the access controls, licensing conditions, or
redistribution boundaries of the underlying data
sources.

A.7.3 Intended Use and Distribution
Boundary

The intended use of MMRad-22K is academic re-
search on chest X-ray report generation, multi-
modal evidence organization, and related evalu-
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Figure 9: Fine-grained anatomical region distribution in MMRad-22K. For readability, only regions with
frequency greater than 1% are shown. The distribution is long-tailed, with lung- and mediastinal-related regions
predominating, while bone, abdominal, and support-device regions remain represented.

ation. It is not intended for clinical deployment,
patient care, or autonomous medical reporting. Any
released derivative artifact should remain compat-
ible with the original data-access conditions, and
the dataset should not be used outside research en-
vironments where these conditions do not apply.

A.7.4 Use of AI Assistants

Large language models were used to support evalu-
ation in Sections 3 and 5, and during dataset con-
struction to reformulate question-level grounded
traces into report-generation-oriented evidence
units and to support intermediate verification, as
described in Section 4. These model-assisted out-
puts were not accepted without control. Al assis-
tants were also used for limited grammar checking
during manuscript preparation, with all technical
content, experimental claims, and final wording
reviewed and revised by the authors.
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Full Chest X-ray Lung Evidence

—) I Pred 1 | —
Bounding Box Localized Image
Prediction Generation

Bilateral diffuse interstitial infiltrates are present with increased opacity and reticular
patterns indicative of mild chronic lung disease, such as fibrosis or early pulmonary
edema, with no acute changes like consolidation. Mild bilateral pleural effusions are
observed, characterized by blunting of phrenic angles and i haped
opacities, consistent with fluid accumulation...

Full Chest X-ray Mediastinum Evidence Lung Evidence

b
— - —
Bounding Box Localized Image Bounding Box Localized Image
Prediction Generation Predicti i

The cardiac silhouette is normal in size with a cardioth-
oracic ratio less than 0.5, well-defined borders, and no
evidence of or ities, indicating s- Lung fields are clear without opacities, cons-
table anatomy. Mediastinal contours are unremarkable, olidations, pleural effusion, or pneumothorax,
symmetrical with smooth borders, and there are no m- with sharp costophrenic angles indicating h-

asses, lymphadenopathy, or abnormal densities, confi- ealthy lung parenchyma.
rming normal mediastinal anatomy. Hilar structures are

symmetric with smooth contours and normal vascular

branching patterns...

Final Report

Predicted: There is no relevant change. Increase in
the degree of diffuse interstitial infiltrates bilaterally.
Possible minor increase in mild bilateral pleural
effusions. No evidence of acute cardiogenic edema.

Reference: The patient has developed moderate
pulmonary edema with bilateral pleural effusions. No
evidence of pneumonia. No other relevant changes.
Mild increase in size of the cardiac diameter.

Final Report

Predicted: impression: No acute cardiopulmo-
nary process. Findings: There is no focal cons-
olidation, pleural effusion, or pneumothorax. C-
ardiomediastinal and hilar contours are normal.

Reference: impression: No acute cardiopulmo-
nary process. Findings: the chest demonstrates
the lungs are well-expanded and clear. The ca-
rdiomediastinal silhouette is ur Th-
ere is no evidence of focal consolidation, pneu-
mothorax, pleural effusion or pulmonary edema.

Figure 10: Representative cases of report generation with structured multimodal evidence. Each example
shows the full chest X-ray image, regional evidence units, the predicted report, and the reference report. The cases
cover both relatively normal and abnormal studies, illustrating that structured multimodal evidence can support
clinically coherent study-level report generation. Green shading and blue shading represent consistent descriptions

for the lung and mediastinal region.

Full Chest X-ray Mediastinum Evidence Lung Evidence
Bounding Box Localized Image Bounding Box Localized Image
Prediction Generation Prediction Generation
! The cardiac silhouette is normal in size with a cardioth-
oracic ratio < 0.5, showing no enlargement or abnorm- The bilateral lung fields are clear with no opac-
alities such as masses or dilation. The hilar contours a- ities, idation, effusion, or 1orax;
i reul with smooth, well-defined borders and bronct markings are i and
no evidence of masses or lymphadenopathy. The med- costophrenic angles are sharp, suggesting nor-
iastinum appears sharp without widening or mass eff- mal aerated parenchyma.

ects, and the vascular structures are not abnormal, ind-
icating no significant pathology in this area.

Full Chest X-ray Mediastinum Evidence Lung Evidence
1
—
Bounding Box Localized Image Bounding Box Localized Image
Prediction Generation Predicti i

The cardiac silhouette is normal in size and contour

without evidence of cardiomegaly or mediastinal sh- The lungs are clear without focal consolidation,
ift, as shown by the absence of an abnormal bulge pleural effusion, pneumothorax, or other abno-
or displacement. The hilar structures appear symm- rmalities, indicating healthy respiratory function.

etric with well-defined borders and no signs of lymp-
had-enopathy or mass effects.

Final Report

Predicted: impression: No acute cardiopulmon-
ary process. Findings: There is no focal consol-
idation, pleural effusion, or pneumothorax. Car-
diomediastinal silhouette is normal and hila are

unremarkable. Bony structures are intact.

Reference: impression: No acute cardiopulmo-
nary process. Findings: Relatively low lung v-
olumes are seen. The lungs however are clear.
There is no effusion or consolidation. Cardiom-
ediastinal silhouette is normal. Osseous and s-
oft tissue structures are unremarkable.

Final Report

Predicted: impression: No acute cardiopulmon-
ary process. Findings: Lungs are clear without
focal consolidation, pleural effusion, pneumoth-
orax or overt pulmonary edema. Cardiomedias-
tinal silhouette is within normal limits. Bony st-
ructures are intact.

Reference: impression: 1. No evidence of
pneumothorax or rib fracture. 2. Left lower lobe
atelectasis. Findings: There is no evidence of
pneumothorax or rib fracture. The heart, media-
stinum, hilar, and pleural surfaces are normal.
There is left lower lobe linear opacities consis-
tent with atelectasis.

Figure 11: Failure cases of report generation with structured multimodal evidence. Each example shows
the full chest X-ray image, regional evidence units, the predicted report, and the reference report. Although the
overall study-level impression remains broadly reasonable, these cases show that some supported findings may still
be under-emphasized or omitted in the final report. Green shading, blue shading, and orange shading represent
consistent descriptions for the lung, mediastinal, and bone region. Red shading represents errors.
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