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Abstract

This paper builds an end-to-end model that automates the process of analyzing and reporting brain tumors based on

multiparametric MRI scans, which is a step toward overcoming the bottleneck of translating specific imaging health
records into specific clinical reports in neuroradiology. The pipeline takes post-treatment glioma cases from the

Multimodal Brain Tumor Image Segmentation (BraTS) 2024 dataset, which has been divided into 80% for training and

20% for validation, and Swin UNETR is used for 3D segmentation of tumor subregions to improve the identification of the
tumor, tumor core, and whole tumor, followed by the extraction of quantitative features of subregion volumes, geometric

centroids, and radiomics descriptors. These structured queries prompt three large language models: GPT-5 for higher-

level diagnostic reasoning, Claude 4 for safety-conscious, clinically aligned phrasing, and Llama 4 for concise, high-
throughput triage reporting. The methodology entails using high-precision segmentation and valid multi-metric

assessment, which consists of Dice similarity for visual consistency and BERTScore for semantic consistency, GREEN score

for clinical safety, and RadGraph F1 for factual entity-relation overlap. The comparative analysis compares the models on
the basis of diagnostic reasoning, liability-conscious documentation, and rapid triage use cases and indicates the task-

specific advantages that can be used to direct clinical deployment. The framework bridges the image-to-text gap that has

existed in neuroradiology, with multimodal integration providing production-scale artificial intelligence suitable for
picture archiving and communication systems and demonstrating that model selection should be based on workflow

priorities - depth of analysis versus generation speed. This method creates a clinically translational standard for neuro-

oncology reporting, which can provide real-time support for treatment planning with quantitative confidence and
informative results.

Categories: AI/ML-based decision support systems, Explainable AI, Natural Language Processing (NLP)
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Introduction

Artificial intelligence (AI)  in clinical neuro-oncology is on the brink of a paradigm shift, with the emergence of cutting-

edge Transformer-based models [1] from traditional Convolutional Neural Networks for automated medical image

analysis. The initial volumetric models, such as V-Net, were only capable of medical segmentation due to their local
convolutional operations, which were not suitable for processing complex 3D magnetic resonance imaging (MRI) data

with long-range global dependencies [2]. These spatial constraints are substantially alleviated by Swin UNEt

TRansformers (UNETR), which uses a hierarchical, multi-scale feature extraction Swin Transformer encoder to preserve
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high spatial resolution through shifted-window self-attention [3]. Standardized benchmarking programs have made the

evaluation of these sophisticated vision models easier, such as the Multimodal Brain Tumor Image Segmentation (BraTS)
projects, which created expert-annotated ground truths for heterogeneous tumor regions [4,5].

At the same time, Large Language Models (LLMs) are rapidly evolving and offering a new paradigm of multimodal

reasoning and clinical inference [6]. While these individual developments in visual detection and language processing
have made strides, there is still a major gap in using these images to produce language or image-to-text. Deep learning

systems can produce highly precise segmentation masks, but these are quantitative measures that need to be manually

summarized into clinical narratives, which is time-consuming, cognitively demanding, and can lead to inter-observer
variability [7]. Besides, medical text generation is just one of the applications where general-purpose LLMs show promise,

which warrants stringent assessment with specialized semantic and factual metrics, including BERTScore, RadGraph, and

the GREEN score [8-10].

The objective of this work is to fill the gap between volumetric visual identification and narrative clinical record-keeping

by proposing an end-to-end framework. This system combines the Swin UNETR model with a powerful LLM to automate

the conversion of HFS data into a structured and standardized diagnostic report. The core idea is that proprietary
reasoning models will provide the deepest analysis of a patient's condition, architectures designed for safety will facilitate

compliance with standardized reporting, and open-source models will provide efficient, privacy-preserving solutions for

high-throughput clinical triage.

Literature review

The U-Net architecture introduced by Ronneberger et al. [11] provided the basis for medical image segmentation. This

simple model proposed a symmetric contraction route for capturing local contextual information and an expansion route
for accurate spatial localization, and introduced a commonly used technique, skip connections, to retain high-frequency

features. Building on this architecture, Milletari et al. [2] extended the 2D U-Net concept to the volumetric space by

introducing the V-Net, with Punn and Agarwal [12] later providing an extensive survey of the subsequent encoder-
decoder designs this enabled for neuro-oncology applications. One of their greatest achievements was the formulation

of the Dice loss function, a probabilistic objective function that explicitly addresses the extreme imbalance in class size

that is usually found in brain scans, in which pathological tissue represents a small percentage of the volume. Following
this approach, Sudre et al. [13] performed a series of tests with generalized versions of these overlap losses, a line of work

that more recent studies have since built on, including the improvements of Ma et al. [14] and the self-configuring nnU-

Net of Isensee et al. [15], which automatically configures these losses to achieve strong baseline performance on medical
data.

Swin UNETR was proposed by Hatamizadeh et al. [3] for mapping global context in a viable way, albeit with its own

limitations in the form of local convolutions. It uses a hierarchical Swin Transformer encoder that computes self-attention
in shifted windows, therefore emphasizing long-range dependencies across large 3D voxel spaces. The shifting

mechanism is key to enabling the model to represent spatial interactions between distant anatomical landmarks, as

discussed in the extensive overview of medical transformers by Shamshad et al. [16], and is critical for delineating
ambiguous tumor boundaries. El Badaoui et al. [17] also confirmed this in their research on dense semantic labeling of

complex gliomas. The first multi-institutional, expert-annotated dataset for the evaluation of necrotic, edematous, and

enhancing subregions was introduced through the Multimodal BraTS benchmark. Later, it was extended to include

various scanner profiles and protocols to accommodate modern scanners.

Large-scale transformer networks have learned to reason with multiple hops in highly specialized clinical domains for

tasks such as language modeling and clinical text generation. Frontier foundation models have been shown to exhibit

high-level synthesis capabilities and can be used as effective supporting agents when dealing with structured medical
data by converting it into descriptive clinical summaries that can be used for diagnosis. Thirunavukarasu et al. [18]

highlighted the promise of such LLMs and the ethical questions that come with their use in a hospital's sensitive and

tightly controlled environment.

How to cite this article:
M V, T K (August 14, 2026) Analysis of Large Language Models for Magnetic Resonance Imaging Brain Tumor Segmentation
Reporting. Cureus J Comput Sci 3 : es44389-026-00225-5. DOI https://doi.org/10.7759/s44389-026-00225-5 Page 2 of 19

Analysis of Large Language Models for Magnetic Resonance Imaging Brain Tumor Segmentation Reporting

javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)


To assess the clinical validity of the created narratives, however, more complex metrics are required than n-gram

comparisons. Tools that use contextual embeddings to compute semantic similarity have been well tested for medical
radiology reporting and clinical intent. To depict spatial relationships between clinical entities, a system called RadGraph

was proposed. The GREEN score framework, which explicitly penalizes hallucinations and omissions, was created to

ensure the safety of AI-generated text for patient records when assessing real-world safety. The need for structural and
anatomical alignment is also emphasized by Yang et al. [19], who showed that learned knowledge bases can be

integrated to drastically reduce hallucinations and increase factual correctness in multimodal radiology report

generation. Lastly, Kickingereder et al. [20] demonstrated the critical need to match these automated narratives directly
with objective, multicenter radiomic features.

Materials And Methods

Data preprocessing and volumetric normalization

The data include multi-parametric MRI sequences: T1-weighted imaging, T1-weighted contrast-enhanced imaging (T1ce),

T2-weighted imaging, and fluid-attenuated inversion recovery (FLAIR). The experimental cohort consists of the post-

treatment glioma challenge dataset from the Multimodal BraTS  2024 challenge, with N = 150 subjects completely
segmented following a strict protocol. To be methodologically transparent and prevent spatial data leakage, the dataset

was divided into a clear 80/20 split (120 training, 30 validation) between an independent training set (n = 120 subjects)

and a completely held-out validation set (n = 30 subjects), corresponding to 80% and 20% of the total cohort,
respectively. Random stratification was performed using a fixed seed (seed = 3194026842) to ensure reproducibility of

the splits. Subjects were eligible if they had a confirmed pathological diagnosis of high-grade glioma (WHO grade III-IV),

complete multiparametric magnetic resonance imaging, and validated expert-annotated ground truths for
segmentation, including all four core sequences. Conversely, incomplete images, significant motion artifacts, and subject

dropout were excluded from the study population. Figure 1 shows a representative subject with the four MRI modalities

(T1, T1ce, T2, and FLAIR) and the corresponding ground-truth segmentation. For each tumor, the enhancing tumor (ET),
peritumoral edema (ED), and tumor necrotic core (NCR) regions were manually annotated to obtain the ground-truth

labels for each subregion, and the location of each subregion was uniformly arranged in a 240 × 240 × 155 voxel

canonical grid for all cases.

FIGURE 1: Example MRI modalities and ground-truth segmentation from the BraTS 2024 dataset

For a representative subject (BraTS-GoAT-00240), the four input modalities are shown: T1-weighted (T1), T1-weighted contrast-
enhanced (T1c), T2-weighted (T2), and fluid-attenuated inversion recovery (FLAIR). The Ground-Truth panel shows the expert-
annotated tumor subregions.

A detailed preprocessing pipeline was developed to minimize the effects of domain shift and differences between

scanners. The voxel spacing of all imaging volumes was kept isotropic at a 1.0 × 1.0 × 1.0 mm³ voxel size, with trilinear

interpolation used to preserve anatomical integrity during isotropic resampling. After that, Z-score normalization was
performed with respect to intensity for each imaging modality. The intensities of the voxels were then normalized to:
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where Inorm​ is the normalized intensity, I is the intensity for the voxel, and μm​ and σm​ are the mean and standard

deviation of the non-zero voxels within the brain mask for each modality m. During the training stage, volumes were
resized to a size of 3 × 128 × 128 × 128 using spatial cropping. Space-wise, the amount of data used for validation was

kept the same to ensure strict operational consistency. During the training phase, data augmentation was used only to

achieve structural and intensity invariance, where each part of the data was randomly flipped along each axis (probability
= 0.5) and randomly rotated around each of the three axes (range = ±0.3 radians per axis, probability = 0.4). Gaussian

noise was added (standard deviation = 0.1, probability = 0.2). The validation profiles were processed deterministically

without augmentation to obtain an unbiased and completely unwarped validation set.

The overall methodology is summarized in Figure 2. The workflow begins with the BraTS 2024 post-treatment glioma
dataset, which is then preprocessed and normalized to a common volume. The Swin UNETR model performs 3D tumor

segmentation, followed by feature extraction (volumes, centroids, and morphology). A structured clinical prompt is

engineered and passed to three LLMs (GPT-5, Claude 4, and Llama 4) for clinical report generation. The generated reports
are evaluated using segmentation metrics (Dice) and text-generation metrics (BERTScore, GREEN score, and RadGraph

F1), followed by quantitative and qualitative analyses.
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FIGURE 2: Methodology flowchart – end-to-end pipeline for brain tumor segmentation and reporting

Architecture: Swin UNETR

The segmentation framework is based on the Swin UNETR architecture that applies the Swin Transformer, a hierarchical

encoder, to three-dimensional medical image segmentation. The first step in the input volume is to perform patch

partitioning, partitioning into non-overlapping 3D patches of size  2 × 2 × 2 and projecting the inputs to a linear
embedding dimension of 48. The architecture adopts Shifted Window-based Multi-Head Self-Attention to learn the long-

range spatial dependency without incurring quadratic complexity in computation. The attention mechanism is

mathematically represented as:

where Q is the query matrix, K is the key matrix, V is the value matrix, d is the scaling factor, and B is the relative position

bias. The exact spatial resolution of the lost downsampling process is recovered by concatenating feature maps from the
different resolutions of the encoder with the pathway of the decoder using residual skip connections.

Optimization objective and loss formulation

A compound loss function was used to optimize the network, minimizing both distribution- and region-based spatial
errors. We used Dice loss, LDice, and cross-entropy loss to define a total loss function, Ltotal​, as a weighted sum of these

two loss functions:

LDice  is used to maximize the spatial overlap between the predicted probability map (P) and the ground-truth

annotations (G). A smoothing factor, ϵ, is added to prevent division by zero and to make the expression numerically

stable, giving the following formulation:

At the same time, the Cross-Entropy Loss (LCE​) punishes for the wrong classification at each voxel in the probability

distribution. The training procedure was performed using the AdamW optimizer with a learning rate of 1 × 10⁻⁴ and a

weight decay of 1 × 10⁻⁵ for network regularization.

Clinical feature extraction and prompt engineering

After the model is inferred, clinical features are extracted to connect the quantitative image analysis and natural

language generation steps. A deterministic extractor function is used to transform the resulting segmentation mask into
a full-featured vector:

In the same vector, V represents the computed volumes of different tumor subregions (enhancing tumor (ET),

peritumoral edema (ED), and necrotic core (NCR)). In addition, Cxyz ​ represents the three-dimensional geometric centroid

coordinates of the lesion, and ψ solidity ​ is the shape morphology metric. This is transformed into a structured feature

vector, which is then serialized to form a formatted prompt template for use as the clinical context window for the
generative language models.
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Generative reporting pipeline

Three different architectures were considered for the generative reporting pipeline to produce clinical reports from

quantitative features extracted from the image, and these architectures were based on transformer networks and large
language models. These encompassed a Mixture-of-Experts model, which aimed for multi-hop clinical reasoning (GPT-5);

a model built on a safety-first principle that uses Constitutional AI to reduce hallucinatory outputs (Claude 4); and a dense

decoder-only foundational model fine-tuned for structured instruction following (Llama 4). BERTScore was used to
quantitatively measure the semantic quality of the text generated across the three LLM outputs. This measure computes

the cosine similarity between the contextual embedding of the same token in the reports of one model and the

corresponding token in the report of another model, allowing for the comparison of semantics between pairs of tokens.

where  V(xj) and V  are contextual embedding vectors of the tokens in the two model-generated reports being

compared.

Evaluation metrics

To evaluate the model, a hybrid evaluation suite comprising both upstream segmentation accuracy and downstream

clinical text generation accuracy was used. The main metric used for 3D volumetric segmentation was the Dice Similarity

Coefficient (DSC), which measures the spatial overlap between the predicted segmentation (P) and the ground truth (G):

The metrics traditionally used for assessing generative clinical reporting - based on the n-gram approach - were found to

be inadequate for this task. Instead, clinical validity was measured using a combination of three advanced metrics.

BERTScore was first used to assess semantic fidelity. Second, clinical safety was evaluated using the Generalized
Radiology Evaluation (GREEN) score, giving a high penalty for the presence of hallucinations or the lack of relevant

biomarkers, and a score above 0.9 was regarded as clinically safe. Last, the RadGraph F1 score was used, which defines

the overlap of specific anatomical entities and relations to generate a clinical narrative that is transformed into
knowledge graphs to compute the overlap of specific anatomical entities and relations, giving a rigorous measurement

of factual accuracy.

Statistical analysis

All experimental data were statistically analyzed for significance. The normality of the metric distributions (BERTScore,

GREEN score, and RadGraph F1) was evaluated in 30 independent subjects from the test group using the Shapiro-Wilk

test. The metric distribution for Llama-4 was not significantly different from a Gaussian distribution at α = 0.05 (W = 0.942,
p = 0.0797). In contrast, the metric distribution for GPT-5 (W = 0.891, p = 0.0001) and the metric distribution for Claude-4

(W = 0.905, p = 0.0009) were found to be non-Gaussian. To maintain methodological consistency across all three models,

the non-parametric Wilcoxon signed-rank test was used for all pairwise model comparisons. For the evaluation, 30 paired
observations were examined for each model pair, strictly at the per-subject level (n = 30). The significance level (α) used

for all statistical tests was 0.05, with Bonferroni correction applied as appropriate, giving an adjusted significance level of

αadj = 0.0167 for all pairwise comparisons.
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Results And Discussion

Qualitative segmentation performance

The proposed framework was tested for volumetric segmentation tasks using the Swin UNETR architecture. The model's

segmentation showed strong agreement with the ground-truth annotations in the validation set of the BraTS challenge,
with a mean region Dice similarity coefficient of 0.7883. The tumor boundaries were segmented and visually compared

with the gold-standard tumor outlines (Figure 3). This boundary separation enabled quantitative imaging measurements,

such as the total computed tumor volume of 28,718 mm³. The volumetric measurements were then used in the prompt
data payload of the downstream generative reporting stage.

FIGURE 3: Segmentation results compared with ground truth

From left to right: Original T1ce MRI slice; ground-truth annotation overlay; and model prediction overlay on the T1ce image.
Green and blue regions represent peritumoral edema and enhancing tumor, respectively. The overlay demonstrates high fidelity in
subregion classification.

The per-subregion results above are broadly consistent with those reported by Sheikh et al. [21] for the MICCAI BraTS-25
challenge, who trained on post-operative glioma cases. It should be noted that they also report several evaluation

conditions: on their own internal 20% validation split, their Dice scores are 0.903 (Whole Tumor [WT]), 0.761 (Tumor Core

[TC]), and 0.764 (ET); however, on their externally validated Synapse platform and BraTS-GLI test-set evaluations, which
are more similar in rigor to the present study's held-out evaluation, their lesion-wise scores are 0.775 (WT), 0.735 (TC),

and 0.746 (ET). The differences from the present study's WT Dice score of 0.8390 may partly reflect differing treatment of

resection cavities between the two datasets. The WT Dice score of 0.8390 in the present study is based on a test-set
framing that is more directly comparable and is competitive with that of Sheikh et al. The agreement on ET and TC is also

close between the reported ranges of both studies. This suggests that, rather than representing a limitation of the

pipeline itself, the segmentation performance in these subregions is aligned with the level of difficulty of the post-
operative/post-treatment glioma population as a whole. Among the relatively few published Swin UNETR studies with a

similar scope, restricting training and evaluation to post-operative/post-treatment glioma, this agreement supports the

assertion that segmentation performance in these three subregions reflects the inherent complexity of the post-
operative/post-treatment glioma cohort rather than a limitation of the pipeline itself.

To put this in perspective, when testing Swin UNETR models on general, mostly pre-treatment glioma datasets, they

achieve noticeably higher macro-average Dice scores; the difference is therefore more likely attributable to treatment
status than to architectural differences, a pattern also consistent with the comparisons summarized in Table 1. In their

2026 Semi-Swin UNETR study [22], Tian et al. showed that the Dice scores improved from 84.93% to 87.83% as the

amount of labeled data increased from 10% to 80%. Jin et al. [23] achieved a mean Dice of 85.89% (±2.7%) on BraTS 2024
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using Swin UNETR as a baseline and obtained 88.31% with their own model. The multi-scale enhancement strategy,

along with UNETR, was used to create Alhwyji and Kurniawardhani's SwinME model, which achieved a mean validation
Dice of 0.91 on BraTS 2023 [24]. In Maurya et al. [25], a combined Swin UNETR/U-Net achieved median Dice scores of

0.8811 (WT) and 0.8754 (ET). In their comparison set, Kim et al. [26] presented a multitask Swin UNETR model for joint

segmentation and survival prediction, outperforming other models in terms of segmentation and survival prediction
performance. Reduced dependence on manual preprocessing, multitask learning, ensembling with nnU-Net/Swin

UNETR, and self-supervised pretraining for small metastatic lesions have been explored in other directions over the last

year (Aktar et al. [27]; Satushe et al. [28]; Murmu et al. [29]; Zhang et al. [30]), suggesting a parallel development toward
ensembling, multitasking, and reduced reliance on manual preprocessing.

An additional study from 2026 offers more context for direct benchmarking. To investigate whether self-supervised

pretraining alone could close the post-training performance gap, Fougang et al. [31] built a Swin UNETR backbone and
pretrained it using masked image modeling self-supervision before fine-tuning with the BraTS 2021 and BraTS-Africa

2024 datasets. They reported Dice scores of 0.7987 (ET), 0.8311 (TC), and 0.8518 (WT), which are comparable to, though

modestly outperforming, the present single-model results. This suggests that self-supervised pretraining alone can
meaningfully narrow the performance gap even without treatment-status-matched fine-tuning data, although the

comparison is confounded by Fougang et al.'s cohort not being treatment-matched. It was also shown that post-

processing refinements alone boosted the ranking score for the adult glioma task by 0.9% and by 14.9% for the sub-
Saharan Africa cohort when applied to pretrained ensembles of existing nnU-Net/Swin UNETR models. This suggests that

the remaining gap in the present single-model pipeline might be bridged through post-processing alone, without

retraining.

These comparisons suggest that the per-subregion or macro-average Dice scores reported here are similar to those

reported for other Swin UNETR models on similarly difficult post-treatment/post-operative cohorts, and are especially

close for ET and TC. This indicates that automated preprocessing, cross-validation, ensembling, or multitask training could
be evidence-based steps toward improving WT performance specifically. These 2025-2026 benchmarks are compared

with the current results in Table 1.
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Study Year Architecture Dataset/Cohort Dice

(ET/TC/WT/Macro)

Proposed Work 2026 Swin UNETR (single

model)

BraTS 2024, post-

treatment glioma,

single split

0.7640/0.7620/0.8390/0.

7883

Sheikh et al. [21]

(internal validation split)

2026 Swin UNETR (single

model)

BraTS-25, post-

operative glioma

0.764/0.761/0.903/0.797

*

Sheikh et al. [21] (BraTS-

GLI test set, lesion-wise)

2026 Swin UNETR (single

model)

BraTS-25, post-

operative glioma

0.746/0.735/0.775/—

Tian et al. [22] 2026 Swin UNETR

(baseline)/Semi-

SwinUNeTR

BraTS 2019 —/—/—/0.8783 (80%

labeled data)

Jin et al. [23] 2026 Swin UNETR (baseline) BraTS 2024, general

cohort, 5-fold cross-

validation

—/—/—/0.8589

Jin et al. [23] 2026 SwinCLNet (proposed) BraTS 2024 —/—/—/0.8831

Alhwyji and

Kurniawardhani [24]

2026 SwinME (Swin V2 +

UNETR)

BraTS 2023, validation —/—/—/0.91

Maurya et al. [25] 2026 Swin UNETR + U-Net BraTS, longitudinal

response assessment

0.8754/—/0.8811/—

Kim et al. [26] 2025 Swin UNETR (multi-task) BraTS —/—/—/Survival

prediction

Aktar et al. [27] 2026 Swin UNETR + multitask

learning

BraTS 2025 Challenge 0.68/0.76/0.73/0.72

Satushe et al. [28] 2026 nnU-Net + Swin UNETR

(ensemble)

BraTS-GoAT 0.90/0.87/0.84/—

Murmu et al. [29] 2026 Swin UNETR +

Detectron2

Brain tumor imaging —/—/—/Hybrid model

Zhang et al. [30] 2025 Swin UNETR (self-

supervised)

Small brain tumor MRI —/—/—/Self-

supervised pretraining

Fougang et al. [31] 2026 Swin UNETR (self-

supervised pretraining)

BraTS 2021 + BraTS-

Africa 2024

0.7987/0.8311/0.8518/

—
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TABLE 1: Comparison of segmentation performance with recently published (2025–2026) studies

Macro-value is the mean of the four reported subregions (ET, TC, WT, and RC) for the post-operative model. RC is only applicable to
post-operative cohorts and is not reported separately in this study.​ Jin et al. [23] SwinCLNet (proposed) macro-average of 0.8831
corresponds to the 88.31% average Dice score reported in the source.
Note: In some studies, the reported macro-averages are not a simple mean of the ET/TC/WT values shown. This reflects either
additional subregions in the source authors' own macro-average or different experimental settings; readers are encouraged to
consult the primary sources for detailed breakdowns.
ET, Enhancing Tumor; RC, Resection Cavity; TC, Tumor Core; WT, Whole Tumor

Comparative analysis of generative reporting

Table 2 situates these results against recently published comparisons. Results from the automated metrics show a trade-

off between clinical depth and computational efficiency (Figure 4). GPT-5 achieved a semantic similarity (BERTScore) of

0.9133, a GREEN score of 0.92, and a RadGraph F1 score of 0.85. Claude 4 scored 0.89 on the GREEN score and 0.8773 on
BERTScore. Much of the difference between the models may be due to the use of qualifying language (e.g., "consistent

with") rather than diagnostic statements. The average number of words per report also varies significantly, with Llama 4

generating the shortest reports (24 words) and GPT-5 generating the longest (40 words). The lower scores for Llama 4 on
text evaluation metrics that rely on structure (GREEN score of 0.78 and RadGraph F1 of 0.72) could be partially attributed

to its shorter outputs.

FIGURE 4: (Left) Quality Comparison: GPT-5 outperformed other models in semantic (BERTScore) and clinical (GREEN

score) accuracy. (Right) Efficiency Comparison: Llama 4 produced the most succinct reports compared to the other

proprietary models

Claude 4 was compared with ChatGPT-4o and Gemini 2.5 Pro on gliomas (the same disease area as this study) for brain
MRI sequence classification by Salbas and Buyuktoka [32], with the results showing that Claude 4 Opus performed less

well than the other two models. Similarly, Licu et al. [33] compared the generation of cardiac MRI protocols and found

that Claude Opus 4 was not the best option. In contrast, Claude 4 achieved the highest accuracy in Takita et al.'s [34]
comparison of head CT report structuring. Hahnfeldt et al. [35] evaluated Sonnet 3.5 and GPT-4o for the fully autonomous

generation of reports from glioblastoma MRI scans and reported that Sonnet 3.5 achieved higher scores for anatomical

region identification (100% compared with GPT-4o's 89.47%) and pathology detection (76.32% compared with 55.26%).
Unlike the present work, these studies used different models and task designs: Hahnfeldt et al. [35] evaluated

autonomous image-to-report generation using visual LLMs, whereas the current pipeline provides all three LLMs with the
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same pre-extracted quantitative features rather than raw images, thereby avoiding the need for visual anatomical

recognition. This difference in task design could account for the conflicting results between studies and should be taken
into account when extrapolating either result.

In a separate study, Park et al. [36] fine-tuned LLaMA 3.1 on 2.79 million biomedical image-text pairs to predict molecular

status and generate reports from images using data from 1,001 glioma patients, achieving 91.3% acceptable report
generation according to clinician review. This is directly relevant to Llama 4's current role in the pipeline, as a model fine-

tuned specifically on glioma imaging data, rather than a general-purpose triage model, could plausibly have narrowed

the gap observed here (GREEN score of 0.78, RadGraph F1 of 0.72).

Wang et al. [37] conducted a reader study to assess the performance of LLMs in generating brain MRI diagnostic

impressions, with DeepSeek-R1 demonstrating high performance in this task. BrainFound [38] is a multitask, diffusion-

based generative model that integrates image-text contrastive learning for seven neuro-oncology tasks. Nakaura et al.
[39] showed that LLMs can serve as assistive tools in the diagnosis of primary brain tumors based on structured and

reportable MRI scans. Musthafa et al. [40] combined segmentation-integrated classifiers with LLMs to generate structured

and human-readable brain tumor reports. Le Guellec et al. [41] assessed the safety and effectiveness of privacy-protective
models (LLaMA 3.3, Athene V2, and Mistral Small) for producing lay summaries of brain MRI reports. Previous studies on

AI-based information extraction from free-text radiology reports include Le Guellec et al.'s [42] study on open-source LLM

information extraction from free-text radiology reports and Rudnicka et al.'s [43] AI-based segmentation and content-
generation algorithms.

Kim et al. [44] assessed four LLMs - GPT-4o, o3-mini, DeepSeek-R1, and Qwen2.5-72B - for the task of producing

structured brain MRI protocols using an error-index metric, with lower scores representing higher performance. The
results demonstrated that model rankings are highly task-specific, with o3-mini achieving the best performance (base

error index: 2.65 ± 1.61; enhanced: 1.94 ± 1.25), followed by GPT-4o (base: 3.11 ± 1.83; enhanced: 2.23 ± 1.48), DeepSeek-

R1 (base: 3.42 ± 1.84; enhanced: 2.37 ± 1.53), and Qwen2.5-72B (base: 5.95 ± 2.61; enhanced: 2.75 ± 1.63). This result is
consistent with the overall observation that no single LLM performs best on every clinical task, meaning that the choice

of model needs to be tailored to the task at hand.

As a whole, this broader literature supports the overall conclusion presented in this study: LLM performance on medical
tasks is highly task- and fine-tuning-dependent, and there is no single model that is consistently superior for image

interpretation, report structuring, or safety-conscious narrative generation. These comparisons are also summarized in

Table 2 alongside the present results.

How to cite this article:
M V, T K (August 14, 2026) Analysis of Large Language Models for Magnetic Resonance Imaging Brain Tumor
Segmentation Reporting. Cureus J Comput Sci 3 : es44389-026-00225-5. DOI https://doi.org/10.7759/s44389-026-00225-5 Page 12 of 19

Analysis of Large Language Models for Magnetic Resonance Imaging Brain Tumor Segmentation Reporting

javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)


Study Year Task/Basis GPT Family Claude Family Other Model

Proposed Work 2026 GREEN score,

brain MRI reports

GPT-5: 0.92 Claude 4: 0.89 Llama 4: 0.78

Proposed Work 2026 BERTScore, brain

MRI reports

GPT-5: 0.9133 Claude 4: 0.8773 Llama 4: 0.8832

Salbas and

Buyuktoka [32]

2025 Brain MRI

sequence

classification

accuracy

ChatGPT-4o:

97.7%

Claude 4 Opus:

73.1%

Gemini 2.5 Pro:

93.1%

Licu et al. [33] 2026 CMR protocol

guideline

concordance

— — Gemini 2.5 Pro:

71.5% (highest)

Takita et al. [34] 2025 Head CT report

structuring

accuracy

Lower than

Claude

(p<0.0001)

Highest accuracy Gemini: lowest

Hahnfeldt et al.

[35]

2026 Glioma report

generation,

anatomical ID

accuracy

GPT-4o: 89.47% Sonnet 3.5: 100% —

Hahnfeldt et al.

[35]

2026 Glioma report

generation,

pathology

detection

accuracy

GPT-4o: 55.26% Sonnet 3.5:

76.32%

—

Park et al. [36] 2025 Glioma report

generation (fine-

tuned VLM)

— — LLaMA 3.1; VLM:

91.3% acceptable

Wang et al. [37] 2026 Diagnostic

impression

generation

— — DeepSeek-R1:

effective

Zhang et al. [38] 2026 Report

generation (7

tasks)

— — Brainfound

(multi-modal)

Nakaura et al. [39] 2025 Tumor

differentiation

— — LLMs as assistive

tools

Musthafa et al.

[40]

2025 Diagnosis report

generation

— — LLMs + classifier
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Le Guellec et al.

[41]

2026 Lay summaries,

brain MRI reports

— — LLaMA 3.3,

Athene V2,

Mistral Small

Le Guellec et al.

[42]

2024 Information

extraction,

radiology

— — Open-source LLM

Rudnicka et al.

[43]

2024 Medical image

segmentation

and content

generation

— — Overview

Kim et al. [44] 2026 Brain MRI

protocol

generation, error

index

(lower=better)

GPT-4o: 3.11 ±

1.83

— o3-mini: 2.65 ±

1.61 (best);

DeepSeek-R1:

3.42 ± 1.84;

Qwen2.5-72B:

5.95 ± 2.61

TABLE 2: A comparison of LLM Report-Generation and Radiology-Task Evaluation with recently published studies

CMR, Cardiovascular Magnetic Resonance; CT, Computed Tomography; MRI, Magnetic Resonance Imaging; VLM, Vision-Language
Model

Model output comparison and structural verification

A comparative tracking case study was performed among the three language architectures using a representative,

anonymized target volume from the public dataset cohort, with a total computed tumor volume (CTV) of 28,718 mm³ at
coordinates (49, 41, 62). The text generated by the GPT-5 model included all the quantitative elements from the data

payload, including explicitly parsing "large enhancing component (3,036 mm³)" to provide a localized narrative. The

Claude 4 model used conventional radiologic terminology and qualifiers, e.g., "irregular borders are seen consistent with
glioblastoma." The Llama 4 model produced a linear text configuration that included a typical string to identify the lesion

and a baseline recommendation to "correlate clinically." This short format is well suited for rapid data extraction or

indexing in high-throughput settings where detailed reasoning is not a requirement of the architecture. These metrics
are summarized in Table 3.
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S. No Metric/Feature GPT-5 (Proprietary) Claude 4 (Safety) Llama 4 (Open

Source)

1 Segmentation Model Swin UNETR Swin UNETR Swin UNETR

2 Dice Score (Visual

Accuracy)

0.7883 0.7883 0.7883

3 BERTScore (Text

Similarity)

0.9133 0.8773 0.8832

4 GREEN score (Clinical

Quality)

0.92 0.89 0.78

5 RadGraph F1

(Factuality)

0.85 0.81 0.72

6 Report Style Detailed & Analytic Standard Radiological Concise & Direct

7 Clinical Focus Diagnosis &

Reasoning

Descriptive Safety Key Findings

Extraction

8 Word Count 40 33 24

TABLE 3: Comparative performance metrics of generative reporting models

Statistical performance analysis

A Wilcoxon signed-rank test was used to compare the differences between the three LLMs (GPT-5, Claude 4, and Llama 4)
to determine whether there was a statistically significant difference. The non-parametric test was chosen because the

evaluation metrics used to assess the models were not normally distributed for GPT-5 (p = 0.0001) and Claude 4 (p =

0.0009). Although the distribution of the evaluation metrics for the third model, Llama 4, was not significantly different
from a normal distribution (p = 0.0797), the test was used for methodological consistency across the three models. In

total, 30 independent subject evaluations from the validation cohort (n = 30) were used for analysis. Thirty paired

observations were used for each model pair in the Wilcoxon signed-rank test on the combined clinical text metrics
(BERTScore, GREEN score, and RadGraph F1). The three metrics were pooled at the per-subject level before testing; that is,

the BERTScore, GREEN score, and RadGraph F1 values for each of the 30 validation subjects were combined into a single

paired distribution for each model-pair comparison, rather than each metric being tested independently. This pooling
increases statistical power but reduces metric-specific resolution; testing each metric separately is recommended as a

sensitivity analysis in future work. To test the statistical differences between all pairs, the Bonferroni-corrected

significance level (αadj = 0.0167) was used. The comparisons between GPT-5 vs. Claude 4 (p = 0.008362), GPT-5 vs. Llama 4

(p = 0.000183), and Claude 4 vs. Llama 4 (p = 0.000419) were all statistically significant (p < αadj = 0.0167), with the latter

two achieving p < 0.001. These findings indicate that the observed differences in performance between models are

unlikely to be due to chance; that is, they reflect differences in the clinical text metrics measured for report generation.

Because these metrics assess text-level semantic, safety, and factuality proxies rather than validated clinical outcomes,
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this interpretation should be limited to the measured metrics rather than generalized to overall clinical report generation

ability. As demonstrated in Table 4, the performance gap varies significantly between open-source and proprietary
models, particularly in the comparisons involving Llama 4 (p < 0.001), which is greater than for either of the other model

comparisons.

Model Comparison Statistical Test Used Sample Size (n) Calculated p-value Significance

Assessment

GPT-5 vs. Claude 4 Wilcoxon Signed-

Rank

30 0.008362 Significant (p < 0.01)

GPT-5 vs. Llama 4 Wilcoxon Signed-

Rank

30 0.000183 Significant (p < 0.001)

Claude 4 vs. Llama 4 Wilcoxon Signed-

Rank

30 0.000419 Significant (p < 0.001)

TABLE 4: Critical clinical text significance matrix – pairwise statistical comparison of LLM performance

LLM, Large Language Model

Conclusions

The study created and tested an end-to-end multimodal system to automatically analyze brain tumors, addressing a gap

in the current neuroradiology workflow by moving from imaging features to textual reports. This proposed pipeline uses
the volumetric segmentation capabilities of the Swin UNETR architecture and a powerful LLM to precisely delineate the

tumor region and transform the intricate quantitative findings into a clinically actionable narrative report. Among the

most salient lessons from our comparative analysis is that there is no one-size-fits-all approach to selecting an artificial
intelligence architecture and that the choice needs to be appropriate for the clinical use case. GPT-5 achieved the highest

values on the semantic and clinical safety metrics evaluated (BERTScore and GREEN score) in complex case reviews;

Claude 4 achieved comparatively strong GREEN scores in generating standardized, documentation-style text; and Llama
4 produced the most concise reports, a property that may be well suited to rapid clinical triage workflows pending

further validation. A key constraint of this study is that the evaluation of the generated radiology reports is wholly

dependent on automated text metrics, without manual validation and input from practicing radiologists. Further, the
validation scheme is limited because it relies on the data configuration from a single center and is assessed only on a

local partition of unseen subjects. To overcome these limitations, future research should include human-in-the-loop

qualitative grading by medical experts and further validation across independent, external, multicenter clinical datasets.
Lastly, in the near future, we aim to enhance our processing workflows by directly integrating and processing the new

structural layouts provided by the modern BraTS 2024 dataset, thereby improving the data's compatibility with current

neuroradiology imaging practice.
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