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Abstract

Recent advances in radiology report generation (RRG) have been driven by large paired
image-text datasets; however, progress in neuro-oncology RRG has been limited due to
a lack of open paired image-report datasets. Here, we introduce BTReport, an open-
source framework for brain tumor RRG that constructs natural language radiology re-
ports using reliably extracted quantitative imaging features. Unlike existing approaches
that rely on large general-purpose or fine-tuned vision-language models for both image
interpretation and report composition, BTReport first performs deterministic feature ex-
traction of clinically-relevant features, then uses large language models only for syntactic
structuring and narrative formatting. By separating RRG into a deterministic feature
extraction step and a report generation step, the generated reports are completely in-
terpretable and less prone to hallucinations. We show that the features used for report
generation are predictive of key clinical outcomes, including survival time, and reports
generated by BTReport are more closely aligned with reference clinical reports than exist-
ing baselines for RRG. Finally, to further research in neuro-oncology RRG, we introduce
BTReport-BraTS, a companion dataset that augments BraTS imaging with synthetically
generated radiology reports produced with BTReport. Code for this project can be found
at: https://github.com/KurtLabUW/BTReport.
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1. Introduction

Radiology is a medical specialty that employs a variety of imaging modalities (e.g., x-ray,
computed tomography (CT), multi-parametric magnetic resonance imaging (mpMRI)) for
the detection and monitoring of human disease. The radiology report contains a detailed
summary of imaging findings, providing insights into a patient’s condition crucial for di-
agnosis and clinical decision making. With a growing aging population, the demand for
radiology services is expected to increase between 16.9% to 26.9% by 2055, while attrition
in radiology also continues to increase (Christensen et al., 2025). As the gap between physi-
cian workload and available workforce widens, assisted radiology report generation (RRG)
is positioned to help address this unmet clinical need.

RRG leverages advances in artificial intelligence (Al) to extract quantitative imaging
markers from raw unstructured data in an automated manner. In clinical workflows, RRG
promises to improve data quality, repeatability, factual completeness, and timeliness of
radiology reporting. The adoption of vision-language models (VLMs) in RRG has led
to substantial advances, allowing models to jointly reason over medical images and textual
findings (Liu et al., 2019; Chen et al., 2020; Sellergren et al., 2025). These developments have
been primarily driven by large-scale chest x-ray datasets such as MIMIC-CXR (Johnson
et al., 2019) and IU X-ray (Demner-Fushman et al., 2016), which provide over 300,000 chest
x-ray images paired with clinical reports. However, accessible image-report datasets across
other radiology specialties are limited. For example, in neuro-oncology, large neuroimaging
datasets are made openly available through efforts such as BraTS (de Verdier et al., 2024),
but paired text reports for VLM training are lacking.

Here we introduce BTReport, a two-stage framework for brain tumor RRG which first
deterministically extracts clinically-relevant imaging features, including patient metadata,
VASARI features, and automated 3D midline shift measurement from mpMRI. These fea-
tures are then ingested by large language models (LLMs) for clinical reasoning and synthetic
report generation. By grounding RRG with clinically-relevant imaging features extracted
deterministically, our approach reduces hallucinations, and lowers the likelihood of critical
detail omission, a key challenge with LLM-based RRG (Wu et al., 2025).

Our contributions are as follows: a) a scalable framework for automated report genera-
tion for brain tumors using deterministic neuroimaging features (Section 5.2), b) a robust
and interpretable 3D midline shift (MLS) estimation algorithm (Section 5.2.2), ¢) demon-
stration of clinical feature relevance through retrospective predictive modeling of overall
survival (Section 5.1.2), and d) release of BTReport-BraTS, an open-source companion
dataset integrating anatomical and pathological descriptors (Section 4.2.1).

2. Related Work

A variety of approaches have been proposed for the task of image-paired RRG and generally
fall into one- and two-stage frameworks. The leading paradigm for report generation in-
volves training monolithic VLM foundation models to extract image features and generate
reports in one step, such as MedGemma (Sellergren et al., 2025) and MedPaLLM-2 (Singhal
et al., 2023). Approaches in neuro-oncology following this paradigm include TextBraTS (Shi
et al., 2025), which directly prompts GPT-4 models (Achiam et al., 2023) with videos of 2D
mpMRI axial slices and corresponding tumor segmentation masks to extract quantitative
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features for RRG. While reports generated with this approach improved segmentation per-
formance, it relies on a general-purpose VLM for image interpretation, and is thus prone
to hallucinations from out-of-domain inference. Furthermore, the vision encoder of GPT-4
models is not optimized for quantitative measurements such as MLS estimation.

Unlike the one-stage frameworks described previously, approaches such as From Segmen-
tation to Explanation (Valerio et al., 2025) adopt a two-stage approach: first, tumor location
is derived from tumor-brain-atlas co-registration, then this is provided to a LLM for RRG.
However, these explanations are not focused on clinically-relevant features, and reports only
contain information about the tumor location. AutoRG-Brain (Lei et al., 2024) also uses
a two-stage framework. In the first stage, tumor localization and region of interest (ROI)
selection is done using anatomical segmentations. In the second stage, a fine-tuned VLM,
which takes ROI image features and text prompts as inputs, is used for RRG. This approach
uses deterministic features to focus the VLM generation on relevant regions of the image.
However, AutoRG-Brain relies on a vision encoder for quantitative measurements (which is
prone to hallucination) and the reports used for fine-tuning have limited clinically-relevant
features. The framework proposed in RadGPT (Bassi et al., 2025) leverages a deterministic
feature extraction step guided by clinical relevant features from abdominal CTs, then uses
LLMs for syntactic structuring. This approach produces radiology reports that more closely
resemble reference reports in comparison to end-to-end report generation models. However,
it remains unclear whether RadGPT can be applied for neuro-oncology RRG from mpMRI.

Our approach is a two-stage framework with an extensive quantitative feature extraction
step closest to that in RadGPT. In contrast to previous approaches that rely on VLMs for
image analysis, our approach significantly reduces hallucinations by leveraging validated
open-source algorithms for quantitative feature extraction (midline shift calculation, brain
tumor statistics) and tumor localization. These quantitative features are then fed into a
general-purpose LLM, leveraging its reasoning capabilities for RRG.

3. Clinical Background

Brain tumors represent a diverse group of central nervous system (CNS) malignancies,
with gliomas comprising roughly 80% of all malignant primary brain tumors (Ostrom et al.,
2014). Glioblastoma multiforme (GBM) is the most aggressive subtype, with an incidence of
approximately 3.2 cases per 100,000 adults (Thakkar et al., 2014) and a median survival of 9-
16 months following initial diagnosis (Bi and Beroukhim, 2014). Clinical evaluation typically
begins with the presentation of neurological symptoms, prompting acquisition of mpMRI for
radiological assessment. Radiographic findings guide decisions regarding surgical resection
and biopsy, underscoring the need for robust MRI-based tumor characterization.
Advances in computer vision have automated GBM segmentation, allowing for detailed
characterizations of tumor structure from mpMRI, such as the contrast-enhancing lesion,
the necrotic core, and surrounding peritumoral edema, with strong agreement with man-
ual annotations from expert raters (Menze et al., 2014). While these breakthroughs have
been essential for quantifying tumor morphology, segmentations alone do not contain the
clinical context required to understand the effects of the tumor on the brain. Instead, neu-
roradiologists assess additional imaging-derived features, including invasion of critical brain
compartments (e.g., white matter, gray matter, vasculature, and basal cisterns) and tumor
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mass effect quantified by MLS measurement. This anatomical context provides a richer de-
scription of GBM, paving the path for improved risk stratification, personalized treatment
plans, and survival outcome forecasting. Here, we incorporate anatomical context by using
imaging features commonly reported by radiologists for improved RRG.

4. Data

4.1. Existing datasets
4.1.1. UNIVERSITY OF WASHINGTON DATASET (UWMC)

Pre-operative mpMRI scans and radiology reports were collected from a retrospective cohort
of GBM patients (n=85) treated at the University of Washington Medical Center (UWMC).
The following inclusion criteria were used: 1) confirmed histopathologic diagnosis of GBM;
2) availability of pre-operative mpMRI imaging including T1, T2, Tlc, and T2-FLAIR;
and 3) corresponding pre-operative diagnostic radiology reports. Imaging volumes were
pre-processed using CaPTk (Davatzikos et al., 2018; Pati et al., 2020), following the same
steps as BraTS 2017-2023, including: DICOM to NIfTI conversion, SRI24 co-registration,
1 mm isotropic resampling, skull-stripping, and tumor segmentation generated using the
DeepMedic (Kamnitsas et al., 2017) deep-learning model. The accompanying pre-operative
radiology reports were written by fellowship-trained radiologists and selected as the clinical
reference standard. The final dataset contains fully de-identified MRI volumes, de-identified
associated radiologist-authored reports, and tumor segmentation masks.

4.1.2. SURVIVAL ANALYSIS DATASET

From the BraTS’23 dataset (Adewole et al., 2023), a smaller cohort of mpMRI cases (n=461)
were used for survival analyses. Cases were selected based on the availability of five mini-
mum metadata entries: (1) age at initial diagnosis, (2) biological sex, (3) confirmed methyla-
tion status of O6-methylguanine-DNA methyltransferase (MGMT), (4) mutation status of
isocitrate dehydrogenase 1 (IDH1), and (5) overall survival or equivalent survival quan-
tification representing the number of days between radiological diagnosis and reported
days to known death. We collected these demographic and genomic features from mul-
tiple publicly available collections of GBM cases, including those from the University of
California San Francisco (UCSF-PDGM)(Calabrese et al., 2022), University of Pennsyl-
vania (UPenn-GBM) (Bakas et al., 2021), Clinical Proteomic Tumor Analysis Consortium
(CPTAC-GBM) (National Cancer Institute Clinical Proteomic Tumor Analysis Consortium
(CPTAC), 2018), and Cancer Genome Atlas from the Cancer Imaging Archive (TCGA-LGG
& TGCA-GBM) (Pedano et al., 2016) (Scarpace et al., 2016).

4.2. Novel dataset
4.2.1. BTREPORT-BRATS: A CoOMPANION DATASET FOR BRATS RRG

Pre-operative mpMRI cases from the combined training and validation splits of the BraT§S
2023 Adult Glioma (BraTS’23) dataset (n=1,470 cases) were used to develop the BTReport-
BraTS dataset, an open-source companion dataset generated using the BTReport frame-
work described below (Section 5.2). For each case, corresponding midline segmentations,
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extracted metadata, structured summary reports, and radiology reports generated using
the BTReport framework 5.2 are included and openly available.

5. Methods
5.1. Feature Selection
5.1.1. SEMANTIC CLUSTERING OF COMMON RADIOLOGY FINDINGS

To understand the most frequently observed concepts in real radiology reports, we extract
all structured “fact” statements generated by the TBFact (Blondeel et al., 2025) metric
across subjects in the UWMC dataset. All sentences across subjects were then embedded
using a lightweight sentence transformer (all-MiniLM-L6-v2), producing a dense seman-
tic vector representation. We then applied hierarchical agglomerative clustering (cosine
distance, average linkage) with no predefined cluster count, allowing coherent groups of
related statements to emerge from the data. Finally, once data was clustered, the Gemma
3 27B (Gemma Team et al., 2025) pre-trained LLM was used to summarize examples from
each cluster into a short 3-8 word cluster description. The resulting set of cluster descrip-
tions and frequencies provides an interpretable view of the themes and facts presented in
generated reports, informing the quantitative features deterministically extracted in BTRe-
port. The top 35 most frequent clusters found using this approach and example sentences
for each cluster can be found in Appendix A.

5.1.2. SURVIVAL MODELING

To assess whether the extracted features were predictive of key clinical outcomes, we eval-
uated their association with overall survival using Kaplan—Meier survival analysis imple-
mented through the lifelines (Davidson-Pilon, 2024) library. Differences between survival
curves were assessed using the log-rank test. To quantify relative risk, we fit a Cox pro-
portional hazards model and reported hazard ratios with 95% confidence intervals. Both
the log-rank test and Cox model p-values were used to determine statistical significance.
Kaplan-Meier plots for all BTReport-extracted features are shown in (Appendix B).

5.2. BTReport Framework

For a given subject, the BTReport framework (Figure 1) consists of four sequential stages:

1. As outlined in Section 5.2.1, the subject’s T1-weighted scan and tumor segmentation

are used to generate tumor-robust anatomical segmentations, from which region-wise
volumetric statistics are computed.

2. Midline-shift features are derived by propagating the hand-annotated MNI152 midline
into subject space using the MNI152-to-subject deformation field (Section 5.2.2).

3. A subset of VASARI descriptors are extracted using a modified version of VASARI-
auto (Ruffle et al., 2024), which operates on all segmentations obtained in the previous
steps (Section 5.2.3).

4. Finally, a structured radiology report is generated from the clinically selected features
(Section 5.2.4) using a large language model, producing narrative findings that aim
to emulate expert clinical reporting (Section 5.2.5).



HERrRAS RIVERA CHEN REN Low RUZEVICK BEN ABACHA SANTAMARIA-PANG KURT

Prompting

]

i

]

i

i )
! Clinical Features
!

i

]

i

i

i

!

!

]

)

a LLM
P

P i P .
Segmentation & Metadata Midline Shift VASARI Features LLM Report Generation

) Tumor: Glioma Max shift: 4 mm to the left Location: Right temporal lobe “MRI demonlstratgs a solitary,
Size: 59x5.2x5.0cm Level: Septum pellucidum Ventricles Invaded: False mostly enhancing glioma centered

Number_ of _Lesmns: 1 e R TE Proportion enhancing: 33% in the nght tempo_ral lobe, cgnﬁned
IDH: Wildtype 5 o Deep WM Invaded: False to the right hemisphere without
) Asymmetric ventricles: True P B X
Age: 70 Enlaraed ventricles: False Multifocal: False ependymal or deep white matter
Survival Time: 140 days 9 . invasion. The tumor measures 5.9
x52x50cm...”

Figure 1: BTReport Overview: First, a set of interpretable, clinically meaningful variables
are deterministically extracted from each patient’s imaging and metadata, includ-
ing patient demographics, VASARI features, and 3D midline shift measurements.
These features are then used to prompt an LLM to generate clinically-grounded
radiology reports.

5.2.1. SEGMENTATION STATISTICS

For a given subject, their 3D T1 scan and their corresponding tumor segmentation masks are
inputted, with necrotic core, edema, and enhancing tumor sub-regions labeled according to
the BraTS convention. These tumor segmentations can be obtained with radiologist manual
annotation or an automatic segmentation algorithm. Next, the MNI152 atlas (Collins et al.,
1999; Fonov et al., 2011, 2009) is registered into subject space and the subject scan is
registered into the MNI152 space, producing two volumes and corresponding nonlinear
registration transform maps. We refer to these as the MNI152-to-subject and subject-to-
MNTI152 registrations, respectively.

We then obtain anatomical segmentations by running SynthSeg (Billot et al., 2023) on
the MNI152-to-subject volume. This substantially improves the robustness of SynthSeg
in cases where the presence of tumor distorts tissue boundaries and automatic segmen-
tation fails. We then merge the resulting anatomical labels with the tumor and midline
segmentations to produce a unified mask containing both normal anatomy and patholog-
ical structures. Finally, we obtain features including tumor volume, number of lesions,
proportion of tumor sub-regions, and the anatomical regions overlapping with the tumor.

5.2.2. 3D MIDLINE SHIFT ESTIMATION VIA ATLAS-BASED SEGMENTATION

Midline shift (MLS) is an intracranial pathology characterized by the displacement of brain
tissue across the skull’s midsagittal axis. MLS arises as a result of traumatic brain injury or
tumor mass effects and is an indirect indicator of elevated intracerebral pressure. Estima-
tion of MLS is done by identifying the axial slice with the largest deviation, as indicated by
midline structures such as the septum pellucidum, the third ventricle, the fourth ventricle,
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or the falx cerebri. However, this estimation is subject to high inter-rater variability as
there is not a standard procedure for axial slice level selection. Here, we propose a novel
pipeline for MLS estimation based on clinical guidelines, using a deep learning atlas-based
segmentation approach. Our approach leverages the robust registration capabilities of Syn-
thMorph (Hoffmann et al., 2024) to register hand-annotated midline segmentations from a
MNI152 atla template onto patient T1 scans. These are compared to an “ideal” midline
defined by connecting the anterior and posterior points of the falx cerebri for each axial
slice. By calculating the distance between the ideal and subject midlines at each voxel, we
obtain highly-accurate 3D MLS estimations in seconds, giving a more complete picture in
comparison to 2D automated or manual annotation methods. Furthermore, this approach
has strong zero-shot generalization and can be applied to any MRI or CT scan.

3D Midline Shift Estimation via Atlas-based Segmentation

\
v

Patient’s imaging Register MNI152 Atlas to Register the MNI-derived midline using the
(structural MRI or CT patient’s scan to obtain obtained transform map to get 3D midline
scans) nonlinear transform map shift for the patient’s scan

Figure 2: 3D Midline Shift Estimation via Atlas-based Segmentation

5.2.3. VASARI FEATURE EXTRACTION

To standardize neuroimaging-derived feature extraction and improve repeatability, tools
such as VASARI (Visually AcceSAble Rembrandt Images) have been developed. The
VASARI feature set quantitatively describes anatomical relationships between GBM and
clinically relevant brain structures established in the literature. Furthermore, these rela-
tionships are also routinely included in neuroradiology reports and used by neurosurgeons
to assess whether patients are candidates for surgical intervention. VASARI features have
been used to accurately predict tumor histological grade (WHO I-IV grade), disease progres-
sion, molecular mutation status (e.g., IDH! WT /mutant, MGMT un/methylated), risk of
recurrence, and overall patient survival (Jain et al., 2014; Nicolasjilwan et al., 2015; Peeken
et al., 2019; Setyawan et al., 2024; Wang et al., 2021; Zhou et al., 2017). Here, we em-
ploy a modified variant of VASARI-auto (Ruffle et al., 2024), an automated labeling tool,
which has been validated as non-inferior to radiologist VASARI annotations, and can be
used to reduce inter-rater variance. The included variations make use of the subject-space
anatomical segmentations, and midline segmentations extracted in Sections 5.2.1 and 5.2.2.

5.2.4. SELECTION OF CLINICALLY RELEVANT IMAGING FEATURES

Table 1 lists the quantitative imaging features used in BTReport for automated report
generation. We assessed each feature using two criteria: 1) whether it could be directly
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used to obtain at least one of the top 35 concepts frequently reported in reference radiology
reports from the UWMC dataset, and 2) verify if it could be directly used to obtain at least
one of the top 35 concepts frequently reported in reference reports. Following the procedure
outlined in Section 5.1.1 , each feature was assessed for whether it was a significant predictor
of survival time according to the procedure outlined in Section 5.1.2.

Table 1: Summary of quantitative features used in BTReport. Feature groups are color-
coded: gray = segmentation statistics, green = VASARI features, orange =

midline features. Key: ® indicates the feature is among the top 30 most frequently
reported concepts in real radiology reports, and @ indicates the feature is a signif-
icant survival predictor. Acronyms: WM-white matter; MLS-midline shift.

Level of max MLS

Max MLS (mm) + L/R
Edema crosses midline
ET Crosses midline
Asymmetrical Ventricles
Enlarged Ventricles

Ventricular Invasion

Side of Tumor Epicenter
Enhancement Quality
Enhancement thickness
Multiple satellites present
Multifocal or Multicentric
Deep WM invasion
Eloquent Brain Involved

Total tumor volume (mL)
3D Lesion Sizes (cm)
Proportion of Necrosis
Number of lesions
Proportion of Enhancing
Proportion of Edema
Cortical involvement
Tumor Location

5.2.5. SYNTHETIC REPORT GENERATION VIA LLMS

BTReport generates the Findings sections of radiology reports in a style which mimics that
of a target institution through an in-context learning prompt (shown in Appendix C). The
prompt contains examples of Findings sections from reference radiology reports from the
target institution to provide style guidance. Additionally, the prompt includes detailed
instructions to the LLM, instructing the model to only report facts directly derived from
the provided reference reports. For RRG with BTReport, we experiment with two open-
source pre-trained LLM models with reasoning capability: gpt-oss-120b (Agarwal et al.,
2025) and Llama 3.1 70B Instruct (Grattafiori et al., 2024). Examples Findings sections
from synthetically generated across these different frameworks can be found in Appendix
D. All example reports used for prompting were de-identified and only local offline copies
of LLMs were used for analysis to avoid cloud sharing of privileged medical data.

6. Evaluation Metrics

For evaluation, we used 30 paired image-text report datasets of GBM subjects in the UWMC
cohort. We generated synthetic radiology reports from the images using multiple neuro-
oncology RRG frameworks, including the BTReport pipeline, then compared generated
report findings against real radiology reports using four evaluation metrics from RadEval
(Xu et al., 2025), a unified open-source framework that evaluates radiology text based on:
e N-gram-based lexical similarity: BLEU (Papineni et al., 2002), ROUGE (Lin, 2004)
e pre-trained contextualized embeddings: BERTScore (Zhang et al., 2020)
e clinically grounded scores: RaTEScore (Zhao et al., 2024)
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Additionally, to assess the clinical correctness of content in generated reports, we used
TBFact (Blondeel et al., 2025), an LLM-based factuality metric that evaluates generated
reports based on three key criteria: factual inclusion, distortion, and omission.

7. Results

Here, we compare two BTReport variants (BTReport (gpt-oss:120B) and BTReport (LLaMA3:70B))
against existing neuro-oncology RRG frameworks, specifically AutoRG-Brain and Seg-to-

Exp (described in Section 2). We evaluate lexical similarity and semantic/factual accuracy

using the metrics described in Section 6. All systems are benchmarked on the same held-out

dataset of 25 subjects under identical evaluation protocols to ensure consistent comparison.

Paired significance testing was performed using Approximate Randomization (AR).

7.1. Lexical similarity of generated reports

Table 2: BLEU and ROUGE metrics. Best values per metric are highlighted in blue.
TFollowing AR, both BTReport generated reports were superior to those gen-
erated by other frameworks across all evaluation metrics (p < 0.0001).

Framework BLEU-1 BLEU-2 ROUGE-1 ROUGE-2
BTReport (gpt-oss:120B)T 0.260 0.139 0.390 0.120
BTReport (LLaMA3:70B)f 0.265 0.151 0.393 0.128
AutoRG-Brain (Lei et al., 2024) 0.165 0.0841 0.288 0.0784
Seg-to-Exp (Valerio et al., 2025) 0.0952 0.0387 0.178 0.0236

7.2. Factual accuracy of generated reports

Table 3: TBFact, BERTScore, and RaTEScore metrics. Best values per metric are high-
lighted in blue. T Following AR, both BTReport generated reports were superior
to those generated by other frameworks across all evaluation metrics (p < 0.0001).

TBFact (DeepSeek-R1)

BERTScore RaTEScore

Framework Score Prec. Recall F1

BTReport (gpt-oss:120B)f 0.317 0.382 0.306 0.317 0.462 0.573
BTReport (LLal\/IAS:70]3)]L 0.268  0.328 0.253 0.268 0.437 0.562
AutoRG-Brain (Lei et al., 2024) 0.211  0.311  0.194  0.211 0.347 0.492
Seg-to-Exp (Valerio et al., 2025) 0.105 0.133  0.145  0.107 0.166 0.414
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8. Discussion

Tables 2 and 3 indicate that radiology reports generated using the BTReport framework
demonstrate substantial performance increases over existing neuro-oncology RRG systems
across both lexical and factual evaluation metrics. Both BTReport variants (BTReport
(gpt-0ss:120B) and BTReport (LLaMA3:70B)) outperformed AutoRG-Brain and Seg-to-
Exp when evaluated using BLEU, ROUGE, BERTScore, RATEScore, and TBFact met-
rics. Further, improvements using the BTReport framework were statistically significant
(p < 0.0001) when evaluated with Approximate Randomization. These results indicate
that integrating reliably extracted quantitative features during yields synthetically gener-
ated reports that more closely align with radiologist clinical interpretations. Interestingly,
the BTReport (LLaMA3:70B) variant outperformed the larger BTReport (gpt-oss:120B)
variant based on lexical metrics, suggesting that LL.aMa3 is able to more closely match the
wording used in the reference radiology reports provided in the LLM prompt.

Overall, our findings support the two-stage report generation paradigm, suggesting that
in medical imaging domains with limited data, adding quantitative features to prompts is an
efficient way to generate reports and reduce the number of critical omissions. Furthermore,
by using a two stage approach, it is possible for the end user to see which features were
used to generate the final report, adding a layer of interpretability.

Our study had limitations which should be adressed in future work. While BTReport
uses features that cover a range of the most reported quantitative features included in
radiology reports, some still remain. These include things like white matter hyperintensity,
basal cisterns, and stroke lesions. In future versions, these should be accounted for, as these
are very common.

9. Conclusion

We present BTReport, a scalable two-stage framework for RRG grounded in quantita-
tive clinically relevant imaging features extracted deterministically. We provide BTReport-
BraTS, an open-source companion dataset containing accompanying anatomical features,
metadata, and BTReport generated reports for mpMRI cases in the BraTS’23 dataset. By
leveraging a two-stage framework, we increase the fidelity of synthetically generated reports
to quantitative measurements, improve reliability of RRG. We hope the proposed framework
is used to further research in VLM development in neuro-oncology applications.

10
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Appendix A. Cluster analysis of common topics in reference reports

Table 4: Example sentences associated with the top 35 radiological concept clusters.

Cluster Description Frequency Two Example Sentences in this cluster

Lateral ventricle effacement/asymmetry; pos- 50 “The lateral ventricles are symmetric.”, “The lateral ventricles are symmetric”

sible. ..

Midline shift presence and magnitude.. .. 27 “There is a 2 mm left midline shift”, “There is a susceptibility millimeters rightward midline shift.”

Cisterns appear normal, no obstruction. 19 “The basal cisterns are patent.”, “The basal cisterns are patent”

Peritumoral /Vasogenic edema present. 18 “There is mild-to-moderate associated edema”, “The first mass has associated surrounding vasogenic

*(This. .. edema”

Lesion size and measurements reported. 16 “The lesion measures 4.0 x 3.5 cm”, “The lesion measures 3.9 x 2.0 x 2.1 cm.”

No acute intracranial hemorrhage or infarct. 15 “There is no acute infarct”, “No acute infarct is seen”

Multiple intracranial masses present bilater- 15 “There is a large irregular enhancing mass centered in the right frontal lobe”, “There is a right

ally.... frontal lobe mass”

Multiple, enhancing intracranial lesions 14 “The lesion originates in the anterior paramedian left frontal lobe”, “There is a lesion in the right

present. frontal lobe”

‘White matter disease, likely nonspecific etiol- 14 “There are scattered deep and periventricular white matter T2/FLAIR hyperintensities”, “There is

ogy. mild subcortical and periventricular white matter T2 FLAIR abnormality”

No mass effect/midline shift. (Alternatively: 13 “There is no shift in the brain”, “There is no shift of the brain structures”

No...

Ventricular system: normal or prominent.. .. 13 “The ventricles, sulci, and cisterns are normal”, “The remaining ventricles, sulci, and cisterns are
normal”

Restricted diffusion within the lesion(s). 9 “The solid components of the lesion demonstrate moderate diffusion restriction”, “The lesion has
peripheral areas of mild diffusion restriction”

Frontal/Temporal lobe FLAIR signal abnor- 9 “There is extensive T2/FLAIR signal abnormality in the right frontotemporal lobes”, “There is

mality surrounding FLAIR signal hyperintensity inferiorly going into the temporal lobe and posteriorly.”

Herniation syndromes present on imaging. 8 “There is suggestion of transtentorial herniation”, “There is leftward subfalcine herniation”

(or...

Mass dimensions and size measurements. 8 “The mass measures 2.4 x 3.4 cm in axial cross-section”, “The mass measures approximately 6.6 x
4.7 cm in transverse dimensions and 4.6 cm craniocaudally”

Uncal medialization, potentially impacting. .. 8 “There is right uncal medialization”, “There is medialization of the right uncus”

No acute intracranial hemorrhage present.. . . 7 “No parenchymal hemorrhage is present”, “There is no associated hemorrhage”

Mass effect on lateral ventricles. 7 “The mass extends along the ependymal surface of the right lateral ventricle”, “The mass extends
into the posterior horn of the right lateral ventricle”

Edema predominantly affecting frontal & tem- 6 “There is perilesional edema along the predominantly anterior aspect of the medial frontal lobes”,

poral. .. “The vasogenic edema extends to the frontal lobe”

Mass size and measurements. (Alternatively: 6 “The mass measures 40 x 53 mm”, “The mass measures approximately 58 x 44 x 44 mm”

Lesion. ..

Corpus callosum lesion, midline cross- 6 “The lesion extends into the splenium of the corpus callosum, crossing midline to the right”, “There

ing/spread. is ependymal spread along the body of the corpus callosum”

Diffusion restriction presence/absence &. .. 6 “There is no associated restricted diffusion”, “There are areas of internal diffusion restriction and
susceptibility”

Frontal horn effacement & ventricular asym- 6 “There is partial effacement of the right frontal horn”, “There are areas of subtle ependymal en-

metry. hancement in the bilateral frontal horns”

Hemorrhagic lesion with restricted diffusion. 5 “The lesion restricts diffusion and has intralesional hemorrhage”, “The mass is T2 hyperintense, con-
tains multiple foci of internal hemorrhage, and demonstrates mottled diffusion restriction consistent
with hypercellularity and/or necrosis.”

Cistern effacement suggests mass effect. (Or, 5 “There is effacement of the right crural cistern”, “There is partial effacement of the basal cisterns”

more. . .

Sulcal effacement, widespread cortical. . . 5 “There is sulcal effacement involving the right parietal, posterior temporal, and occipital lobes”,
“There is mild sulcal effacement of the left occipital lobe.”

Mass shows restricted diffusion on imaging. 5 “There are patchy foci of restricted diffusion within the mass”, “The second mass has diffusion

(Or,... restriction”

Corpus callosum mass/involvement. (or sim- 5 “The mass extends into the right-sided genu of the corpus callosum”, “The mass extends along the

ply:... splenium of the corpus callosum”

Basal ganglia involvement with signal abnor- 5 “The signal abnormality extends into the right basal ganglia, right thalamus, right cerebral peduncle,

mality. and right midbrain”, “The hyperintensity involves the bilateral basal ganglia, with greater involve-
ment on the left”

Ventricular size and morphology assessment. 4 “The third ventricle is near slitlike”, “There is complete effacement of the third ventricle”

Midline shift at foramen of Monro 4 “There is a negative millimeters leftward midline shift at the level of the foramen of Monroe”, “There
is some millimeters of rightward midline shift at the level of the foramen of Monro”

No acute hydrocephalus present. 4 “There is no evidence of acute hydrocephalus”, “There is no hydrocephalus”

Corpus callosum FLAIR edema/hyperinten- 4 “The surrounding T2/FLAIR signal is similar and extends to the left splenium, septum pellucidum,

sity. .. and superior corpus callosum”, “There is subtle patchy T2 FLAIR hyperintensity along the right
body of the corpus callosum”

Peripheral mass enhancement characteristics. 4 “The first mass has peripheral enhancement with a nodular solid enhancing component”, “The mass

(Or... has irregular somewhat nodular peripheral enhancement”

Right cerebral peduncle lesion/mass effect. 4 “There is mass effect on the right cerebral peduncle”, “The lesion has questionable extension into

the posterior right cerebral peduncle”
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Appendix B. Kaplan-Meier
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Figure 3: BTReport extracts a set of interpretable, clinically meaningful variables from
each case, including patient demographics, VASARI features, and 3D midline
shift measurements. These features summarize key aspects of tumor biology and
mass effect that are routinely described radiology reports and neuro-oncology
decision-making. Kaplan—Meier analyses show that many of these features are
predictive of overall survival, highlighting their clinical relevance and motivating
their use as structured inputs for radiology report generation.
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Appendix C. LLM prompts used for report generation

BTReport Prompt

You are a radiologist generating a synthetic clinical MRI report.
Below are example FINDINGS sections taken from real brain tumor reports:

EXAMPLE FINDINGS:
{example_findings

Your job is to generate a FINDINGS section in the same clinical style, but only using the METADATA provided
below.
Please abide strictly to the following rules (follow them exactly).

1. Use only the metadata provided for quantitative statements. Do NOT hallucinate any information that is
not directly inferable.

2. Include 10-20 clinically meaningful findings summarized in an anatomically descriptive manner. Prioritize
describing abnormal or clinically significant observations.

3. Preserve the subsection structure from the example reports. Make sure to include the following subsections:
MASS EFFECT & VENTRICLES and BRAIN / ENHANCEMENT.

4. Never mention imaging sequences other than Tln, T2w, T2 FLAIR, or T1-Gd. Do not mention diffusion,
perfusion, spectroscopy, MRA, or other modalities (unless stated explicitly in metadata).

5. Do not mention structures or measurements not present in the metadata.

6. Mandatory Considerations: Make sure to include the following findings below if present in metadata. Re-
member to follow the sentence structure in the example reports.

a) Maximum midline shift represented in mm units.

i) Make sure to describe the magnitude and the direction of the midline shift.

ii) Describe the anatomical level at which the (e.g., foramen of Monro, third and fourth ventricles,
septum pellucidum).

iii) If shift is minimal (e.g., < 5 mm), explicitly state the measurement as no shift, but still provide
the measurement.

b) If tumor mass effect is present, describe the mass effect on ventricles or surrounding brain structures.

i) Include a description of ventricular effacement (if present), including which horn (anterior/pos-
terior horn), and on which hemisphere it is observed.

c¢) Comment on ventricular status. If effacement is present, describe the extent of the effacement or
asymmetry. If ventricles are normal, explicitly state so (mirroring example reports). Use the following
metadata fields in your description: “Asymmetrical Ventricles”, “Enlarged Ventricles”.

d) Describe the size of the primary lesion, as well as any smaller secondary lesions (if present) represented
in cm units. Use the 3D measurements from the metadata. Make sure to include the following:

i) If multiple lesions exist, summarize number, dominant lesion, and laterality. Use the following
metadata fields in your description: “Number of lesions” and “Multifocal or multicentric.”
ii) Anatomical location of lesion(s).
iii) Use the following metadata fields in your description: “Tumor Location”, “Side of Tumor Epi-
center”, and “Region Proportions.”

e) Describe enhancing characteristics. Use the following metadata fields in your description: “Enhance-
ment quality”, “Thickness of enhancing margin”, “Proportion Enhancing”.

i) Describe enhancement style (e.g., rim-enhancing, mildly enhancing, peripheral enhancing, multi-
lobular enhancing) only if explicitly supported.

ii) Describe edematous tissue. Use the following metadata fields in your description: “ED volume”,
Whether edema crosses midline, “Proportion of edema”.

iii) Describe vasogenic edema and its extent only if metadata supports it.
f) Describe invasion and involvement. Use the following metadata fields in your description: “Cortical
involvement”, “Deep WM invasion”, “Ependymal invasion”, “Eloquent Brain Involvement”.

g) Describe the necrosis if present. Use the metadata field “Proportion Necrosis” to describe the central
foci of necrosis.

METADATA (for subject {subject_id}):
{metadata_json}

Write the FINDINGS section now, using clinical radiology language.

_ J
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Appendix D. Example generated reports

The following key represents key clinically-relevant anatomical concepts describing GBM tumor
location in relation to the brain. The following color scheme compares model-generated findings to
ground truth findings based on:

e Green highlight indicates statements that match the reference (fully correct).
e Yellow highlight indicates statements that are partially correct or contextually close.
e Red highlight indicates statements that contradict the reference or contain factual errors.

e Gray highlight indicates statements in the ground truth that were referenced in reports fre-
quently generated by other RRG methods.

** Specific mpMRI imaging modality unavailable.

Model comparison of RRG output: Findings Section

MASS EFFECT & VENTRICLES: Prominent leftward midline shift by approximately 14 mm
(XXX /XXX). There is also medialization of right uncus. The basal cisterns are partially effaced.

BRAIN/ENHANCEMENT: A large irregular enhancing lesion centered within the right temporal
lobe with significant mass effect. Restricted diffusion** is noted within the enhancing portion of the
lesion, which contains susceptibility artifact suggestive of microhemorrhages/angioinvasion.** The
lesion measures approximately 6.8 x 4.4 x 4.8 cm (AP, TV, CC). There is probable small subependy-
mal enhancement at the atria of right lateral ventricle (XXX /XXX, XXX /XXX). No acute hematoma
or infarct is seen.

Framework Prediction
BTReport ROUGE: 0.37 BLEU: 0.24 RATESCR: 0.56 BERTSCR:0.47 TB-F1: 0.33
(gpt-0ss:120B) MASS EFFECT & VENTRICLES: Approximately 12 mm of right-to-

left midline shift is present, measured at the level of the falx cerebri above.
The ventricles are asymmetrical, with compression of the right lateral ventricle
secondary to tumor-related ependymal invasion; there is no overall ventricular
enlargement. No tonsillar herniation is identified.

BRAIN/ENHANCEMENT: A solitary right-sided lesion involving the
temporal, cortical, and parietal lobes measures 7.1 x 5.6 x 5.3 cm (AP x TV
x CC). The mass shows marked heterogeneous enhancement with a thick
(> 3mm) enhancing margin; roughly 28% of the tumor volume enhances. A
necrotic core comprises about 22% of the lesion volume. Deep white-matter
invasion and cortical involvement are evident, and there is direct ependymal
invasion of the adjacent lateral ventricle. The enhancing component does not
cross the midline, but extensive vasogenic edema (84 mL, around 50% of
total lesion volume) crosses the midline and surrounds the lesion, extending
into the contralateral hemisphere. Multiple small enhancing satellite nodules
are present along the cortical surface. The edema involves visual-association
cortex, indicating eloquent brain (vision) involvement.
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BTReport
(LLaMa3:70B)

AutoRG-Brain

Seg-to-Exp

ROUGE: 0.42 BLEU: 0.29 RATESCR: 0.57 BERTSCR: 0.47 TB-F1: 0.34
MASS EFFECT & VENTRICLES: There is a maximum of 12 mm left-
ward midline shift at the level of the falx cerebri above. The ventricles are
asymmetrical, with tumor-side ventricular asymmetry noted. There is no
enlargement of the ventricles.

BRAIN/ENHANCEMENT: Within the right temporal, cortex, and pari-
etal lobes, there is a solitary, predominantly enhancing mass measuring 7.1 x
5.6 x 5.3 cm. The lesion exhibits marked enhancement with a thick (> 3mm)
enhancing margin. There are multiple small satellite lesions present. The
enhancing region does not cross the midline. The lesion invades the cortex
and deep white matter, with ependymal invasion also present. There is a large
volume of surrounding vasogenic edema (83.6 mL), which crosses the midline.
The proportion of edema is 49.74%. A central focus of necrosis is present,
comprising approximately 21.99% of the lesion.”

ROUGE: 0.32 BLEU: 0.25 RATESCR: 0.53 BERTSCR: 0.41 TB-F1: 0.25
After contrast administration, the lesion shows significant enhancement on
T1-weighted images with unclear boundaries. The adjacent brain parenchyma
shows significant edema in the brain pools and ventricles. After contrast
administration, the lesion in the right temporal lobe demonstrates significant
ring-like enhancement. The lesion measures approximately 82*111*82mm,
with indistinct borders and a large amount of edema in the adjacent brain
tissue, causing compression of the right lateral ventricle and deviation of mid-
line structures to the left.

ROUGE: 0.21 BLEU: 0.16 RATESCR:0.41 BERTSCR:0.26 TB-F1: 0.0
The brain tumor segmentation results indicate that the tumor is primarily
located in the right temporal and parietal regions, with a significant presence
in the Temporal-to-Parietal (GapMap) region (40.03% of the tumor). The tu-
mor also affects several surrounding regions, including Area STS2 (STS), Area
STS1 (STS), Frontal-to-Temporal-II (GapMap), and Area TE 2.2 (STG).
Semantic segmentation of the tumor reveals three distinct categories: Tumor
Core (red), Peritumoral Edema (yellow), and GD-Enhancing Tumor
(green). The Tumor Core represents the most aggressive part of the tumor,
while Peritumoral Edema indicates the area surrounding the tumor that is
affected by edema. The GD-Enhancing Tumor region shows enhancement on
Gadolinium (GD) MRI sequences, suggesting a highly vascularized and active
part of the tumor.
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