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Abstract. We propose MRI-CARDAIX, a novel multimodal multi-agent frame-

work for integrated analysis of cine and Late Gadolinium Enhancement (LGE) 

MRI. The proposed computer-aided diagnosis (CAD) framework employs a su-

pervisor agent that coordinates modality-specific cine MRI, LGE MRI, and evi-

dence-retrieval agents for integrated cardiac assessment. All models achieved im-

pressive segmentation accuracy for left ventricular delineation (median DSC ≥

98.0%), while nnU-Net-v2 and U-Mamba demonstrated the most consistent per-

formance across cardiac structures, with nnU-Net-v2 achieving the highest me-

dian DSC for right ventricular segmentation (95.17% [91.69-97.17%]) and com-

parable myocardial segmentation performance (median DSC 95.70%). For LGE 

MRI analysis, fibrosis localization achieved an F1-score of 92.98% using Swin-

U-Mamba, with precision of 93.01% and recall of 92.76%. Quantitative myocar-

dial fibrosis assessment demonstrated relative volume errors ranging from 5.56% 

to 11.13% across basal, mid-cavity, and apical regions. Clinical validation of AI-

generated cardiac MRI reports using the proposed Total Clinical Reliability 

Score framework resulted in a mean score of 7.3/10, corresponding to a promis-

ing clinical reliability. The supervisor agent achieved 92% routing accuracy 

(macro-F1 94%) with a mean latency of 1.8 s. Retrieval-augmented answers 

scored 88% faithfulness and 84% answer relevancy. MRI-CARDAIX provides 

an interpretable framework for integrated cardiac MRI analysis and reporting. 

Source code is available on Github https://github.com/MRI-algorithms-and-

methods/mri_cardaix 

Keywords: Agentic AI; Multi-agent Systems; Cardiac MRI; Multimodal Medi-

cal Imaging; Automated Clinical Reporting; 17-segment Segmentation. 



2  Al-Haidri, W. et al. 

1 Introduction 

Cardiovascular diseases (CVDs) remain the leading cause of mortality worldwide, ac-

counting for approximately 17.9 million deaths annually [1]. Cardiac Magnetic Reso-

nance (CMR) imaging is the gold standard for non-invasive cardiac assessment. Cine 

CMR provides high-temporal-resolution evaluation of cardiac function, while late gad-

olinium enhancement (LGE) MRI enables visualization of myocardial fibrosis and scar-

ring. Clinical interpretation follows the American Heart Association (AHA) 17-seg-

ment model [2]. Nonetheless, comprehensive segment-level assessment remains time-

consuming and subject to inter-observer variability. Commercial tools such as cvi42 

[3] and CAAS MR [4] partially automate analysis but still require separate workflows 

and manual interpretation. Deep learning has become the dominant approach for auto-

mating medical images including cardiac MRI analysis [5, 6]. Most cine MRI methods 

segment the left ventricle (LV), right ventricle (RV), and myocardium (Myo) for func-

tional assessment [7, 8]. More recent work has extended these techniques to late gado-

linium enhancement (LGE) MRI for myocardial scar and fibrosis segmentation [9]. 

However, accurate localization within the AHA 17-segment model remains challenging 

because most methods rely on post-hoc geometric partitioning [10, 11]. Cine and LGE 

MRI are typically analyzed independently, limiting integrated functional structural in-

terpretation within the standardized 17-segment framework and requiring manual 

cross-modal assessment by clinicians. Multi-agent systems (MAS) coordinate large 

language models (LLMs) to solve complex medical imaging tasks. Prior agentic frame-

works, however, stop short of unified cardiac-specific analysis: M³Builder [12] focuses 

on general AutoML pipelines rather than integrated cardiac MRI analysis, while 

MESHAgents [13] lacks supporting end-to-end cardiac MRI analysis and reporting. 

LLM-based report generation has been improved using RAG methods such as RadA-

lign [14] remains limited to 2D chest imaging, while cardiac-specific work such as 

CMR-LLaMA [15] excels at information extraction yet limits generating novel findings 

directly from raw cine/LGE images. Yet MAS-based joint cine-LGE analysis within 

the standardized 17-segment model remains underexplored. We therefore propose 

MRI-CARDAIX and the major contributions are summarized as follows,  

1. We propose MRI-CARDAIX, a novel hierarchical multi-agent framework that or-

chestrates cine functional assessment, LGE tissue characterization, knowledge re-

trieval, and evidence-grounded reporting for multimodal cardiac MRI analysis.  

2. We develop deep learning pipelines for cine and LGE MRIs: the cine agent extracts 

functional biomarkers via chamber/myocardium segmentation, while the LGE 

agent performs fibrosis segmentation and 17-segment localization, with both inte-

grated through a shared memory representation. 

3. We propose an evidence-grounded LLM reporting framework that combines cine 

and LGE agent outputs with knowledge base generation to produce clinically co-

herent reports and support interactive cardiac MRI question answering. 

4. We introduce a new multimodal cardiac MRI dataset of paired cine MRI, LGE 

MRI, and expert clinical reports, enabling end-to-end segmentation-to-reporting 

development and evaluation. 
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2 Methodology 

 As shown in Fig. 1 MRI-CARDAIX employs a hierarchical multi-agent framework 

integrating data preprocessing, modality-specific image analysis, knowledge retrieval, 

and structured report generation. A supervisor agent coordinates task execution and 

fuses outputs from cine and LGE agents to produce coherent clinical reports. 

2.1 Specialized Analysis Agents and Deep Learning Tools 

The MRI-CARDAIX comprises three modality-specific analysis agents for cine MRI, 

LGE MRI, and report generation. (1) Cine MRI Agent for functional assessment. 

This agent processes cine MRI sequences for automated LV, RV, and Myo segmenta-

tion at end-diastolic and end-systolic phases. Attention U-Net [16], nnU-Net-v2 [17], 

U-Mamba [18] and Swin-U-Mamba [19] were evaluated. From these segmentations, 

the agent computes clinical functional parameters including end-diastolic volume 

(EDV), end-systolic volume (ESV), stroke volume (SV), ejection fraction (EF), myo-

cardial mass, and regional wall thickness. (2) LGE Agent for tissue characterization. 

This agent deals with LGE pipeline performing scar segmentation and AHA 17-seg-

ment localization through a sequence of learned image-analysis steps. First, a ResNet50 

predicts the anatomical class of each short-axis LGE slice (basal, mid-cavity, or apical) 

and estimates the LV center used for standardized CMR cropping. A CNN then seg-

ments myocardium and scar tissue. A second CNN uses the cropped MRI data and the 

predicted slice-class codes to identify the 17 Myo segments. Finally, the segmentation  

outputs are mapped directly to the 17 AHA segments to localize and quantify fibrosis. 

(3) Hybrid Knowledge-Driven: Report Generation and Conversation. MRI-

CARDAIX uses a hybrid RAG framework combining local reports embedded via 

mxbai-embed-large with external biomedical knowledge via Search agent (e.g., Pub-

Med and Google Scholar). Agent outputs are incorporated into modality-aware 

prompts, while semantically similar reports are retrieved to support report generation 

and question answering. 

2.2 Training and Validation Datasets 

DL models (Attention U-Net, nnU-Net-v2, U-Mamba, and Swin-U-Mamba) were fine-

tuned using our internal cohort of 124 paired Cine/LGE MRI studies collected at the 

Almazov National Medical Research Centre, Russia. The data was split into 70% train-

ing, 10% validation, and 20% testing. Additionally, we combined the public   ACDC 

(150 cine MRI) [20] and EMIDEC (100 LGE) [21] only for training segmentation mod-

els as they lack textual reports.  

2.3 Evaluation 

The segmentation models, agents, RAG, and LLM components were assessed using a 

held-out internal test set (n=30). Clinical reliability was assessed in 18 randomly se-

lected cases through blinded review by a board-certified cardiologist with access to the  
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Fig. 1. MRI-CARDAIX: Unified Multi-Agent Architecture for Multimodal Cardiac MRI 

Analysis, Knowledge Retrieval, and LLM-Driven Clinical Report Generation 

original LGE DICOM images and reference reports containing ground-truth (GT) 

measurements. Segmentation was evaluated using Dice, IoU, F1, precision, and recall, 

while generated reports were assessed using BLEU-1, ROUGE-L, METEOR, and 

BERTScore. AI-derived quantitative parameters were compared with GT values, and 

myocardial tissue characterization was assessed directly from the LGE images. As no 

standardized metric exists for automated CMR reporting, we developed a 10-point clin-

ical reliability score covering quantitative accuracy (C1: 2), tissue characterization (C2: 

2), anatomical localization (C3: 2), clinical consistency (C4: 1), report completeness 

(C5: 1), radiological terminology (C6: 1), and hallucination safety (C7: 1). 

 

The agentic layer was evaluated on retrieval (36 questions) and routing (47 requests) 

benchmarks with expert-defined reference labels. Using both DeepEval and RAGAS,  

we report four RAG metrics (faithfulness, answer relevancy, context precision, and 

context recall). Let 𝑞, 𝑎, 𝑎∗, and {𝑐𝑗 , … , 𝑐𝑘=4} denote the question, generated answer, 

clinician-written reference answer, and retrieved passages, respectively. Both frame-

works use a judge model to decompose text into atomic units 𝑉(·) and assess their en-

tailment 𝐶 ⊨ 𝑣 or relevance. Faithfulness measures how well the generated answer is 

supported by the retrieved context, while context recall measures whether the evidence 

required by the reference answer was retrieved. Answer relevancy measures the rele-

vance of the generated answer to the question, whereas context precision evaluates 

whether relevant evidence is ranked early among the retrieved passages. All metrics 

range from 0 to 1, with higher values indicating better performance. To assess sensitiv-

ity to the evaluation model, all metrics were computed using both a hosted GPT-4o-

mini judge and a locally hosted Llama-3.1-8B judge. 
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𝐷𝑅𝐴𝐺 = {(𝑞𝑗 , 𝑎𝑗
∗, 𝐶𝑗)}

𝑗=1

𝑁𝑅𝐴𝐺
.      𝐶𝑗 = {𝑐𝑗,1, … , 𝑐𝑗,𝑘}. (1) 

𝐷𝑟𝑜𝑢𝑡𝑒 = {(𝑢𝑖, 𝐹𝑖 , 𝜌𝑖
∗, 𝜏𝑖

∗)}𝑖=1
𝑁𝑟𝑜𝑢𝑡𝑒 .      𝜌𝑖

∗ ∈ ℛ. (2) 

𝐹𝑎𝑖𝑡ℎ𝑓𝑢𝑙𝑛𝑒𝑠𝑠 =
|{𝑣 ∈ 𝑉(𝑎): 𝐶 ⊨ 𝑣}|

|𝑉(𝑎)|
, (3) 

𝐴𝑛𝑠𝑤𝑒𝑟 𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑦 =
1

|𝑉|
 ∑ 𝑟𝑒𝑙(𝑣, 𝑞)

𝑣∈𝑉

. (4) 

𝐶𝑜𝑛𝑡𝑒𝑥𝑡 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
∑ 𝑝@𝑘.𝑟𝑘

𝑘
𝑘=1

∑ 𝑟𝑘
𝑘
𝑘=1

,     𝑝@𝑘 =
1

𝑘
∑ 𝑟𝑗

𝑘
𝑗=1 . (5) 

𝐶𝑜𝑛𝑡𝑒𝑥𝑡 𝑅𝑒𝑐𝑎𝑙𝑙 =  
|{𝑣 ∈ 𝑉(𝑎∗): 𝐶 ⊨ 𝑣}|

|𝑉(𝑎∗)|
. (6) 

3 Results 

3.1 Segmentation 

For cine MRI segmentation, the performance of AI models was evaluated per class: 

LV, RV, and Myo. As shown in Fig. 2, all evaluated methods achieved promising LV 

segmentation accuracy (median DSC ≥98.32%). Performance differences became more 

pronounced for the RV and Myo where nnUNet and U-Mamba consistently outper-

formed Attention U-Net and Swin_Umamba. The nnUNet achieved the highest median 

DSC for RV DSC (95.17% [Q1:91.69 ~ Q3: 97.17]), while both nnUNet and U-Mamba 

demonstrated comparable performance for Myo (median DSC ≈ 95.7%). As summa-

rized in Table 1, all evaluated models achieved encouraged classification performance 

(F1: 90.69 ~ 92.98%), with Mamba-based architectures (Swin-U-Mamba, U-Mamba) 

consistently outperforming CNN-based baselines and showing balanced improvements 

in both precision and recall. The accuracy of relative Myo fibrosis volume estimation 

was evaluated separately for the basal, mid-cavity, and apical regions. Table 2 shows 

that all models demonstrated progressively larger errors from the basal to the apical 

segments, indicating that fibrosis quantification is more challenging in apical Myo. 

 
Fig. 2 Cine MRI segmentation performance for LV, RV, and Myo across all AI models. 
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Table 1. Fibrosis detection evaluation (%) 

AI Segmentation Model F1 Precision Recall 

Attention UNet 90.69 89.97 91.42 

nnUNet v2 91.30 92.56 90.08 

U-Mamba 92.33 92.70 91.96 

Swin-U-Mamba 92.98 93.01 92.76 

Table 2. Evaluation (%) of Relative Volume of Myocardium Fibrosis. 

 Attention UNet  nnUNet-v2 U-Mamba  Swin-U-Mamba  

Basal (1-6) 5.859 5.951 6.002 6.045 

Mid-cavity (7-12)  5.563 6.018 6.154 6.118 

Apical (13-16)  10.038 10.512 10.669 11.128 

Attention U-Net consistently achieved the lowest relative volume error across all three 

anatomical regions, with errors of 5.859%, 5.563%, and 10.038% for the basal, mid-

cavity, and apical segments, respectively. 

3.2 LLM Report Generation and Agentic Performance 

Tables 3 and 4 summarize the performance of LLMs, agentic workflow, and retrieval 

framework. Among the evaluated models, Qwen3.5 achieved the best report generation 

performance, obtaining the highest 85% BLEU-1, 83% METEOR, 87% ROUGE-L, 

and 97% BERTScore-F1, demonstrating the strongest lexical and semantic agreement 

with reference reports. MISTRAL and LLaVA also performed competitively, whereas 

LLaMA, Gemma3, and GPT5.1 showed slightly lower text-generation quality. The 

agentic framework achieved 91.5% routing accuracy (macro-F1 = 94.2%) with a 100% 

task success rate. Our system could process requests with a mean latency of 1.78 sec-

onds, a 95th percentile latency of 9.12 seconds, and a throughput of 33.8 queries/min, 

while maintaining zero execution failures. 

Table 3. Comparative evaluation of LLMs on medical report generation 

LLM Model BLEU-1 METEOR ROUGE-L 
BERTScore 

Precision Recall F1 

MISTRAL 0.78 0.75 0.85 0.96 0.95 0.95 

LLaVA 0.75 0.70 0.82 0.95 0.94 0.94 

LLaMA 0.45 0.55 0.53 0.90 0.88 0.89 

Gemma3 0.56 0.47 0.59 0.93 0.89 0.91 

Qwen3.5 0.85 0.83 0.87 0.97 0.97 0.97 

GPT5.1 0.37 0.37 0.52 0.92 0.88 0.90 
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Table 4. Agentic, system, and RAG evaluation across two LLM judges. 

Dimension Evaluation Metric Iteration GPT-4o-mini Llama-3.1-8B 

Agentic 

Routing accuracy 47 0.915 0.915 

Routing F1 (macro) 47 0.942 0.942 

Task success rate 42 1.000 1.000 

System 

Mean latency (ms) 78 1,776 1,771 

P95 latency (ms) 78 9,123 6,602 

Throughput (queries/min) 78 33.8 33.9 

Error rate 78 0.000 0.000 

RAG 

(DeepEval) 

Faithfulness 36 0.876 0.738 

Answer relevancy 36 0.838 0.797 

Context precision 36 0.252 0.792 

Context recall 36 0.347 0.533 

RAG 

(RAGAS) 

Faithfulness 36 0.367 0.638 

Answer relevancy 36 0.630 0.729 

Context precision 36 0.471 0.518 

Context recall 36 0.176 0.665 

Retrieval evaluation showed high faithfulness (0.876) and answer relevancy (0.838) but 

comparatively lower context precision (0.252) and context recall (0.347), indicating 

that although generated responses remain clinically coherent, retrieval quality remains 

the primary bottleneck for further improvement. 

3.3 Clinical Validation 

The mean Total Clinical Reliability (TCR) score across the 18 evaluated reports was 

7.3/10, corresponding to a “Good” level of clinical reliability according to our classifi-

cation framework. This suggests that the AI-generated reports were generally accurate 

and captured the key pathological findings, although minor expert verification and cor-

rections were still required before the reports could be considered fully clinically ac-

tionable. Due to the limited availability of clinical experts and the time required for 

comprehensive clinical validation, the current evaluation was conducted by a single 

investigator. However, evaluation by a single reader may be subject to individual inter-

pretation and evaluator bias. Therefore, for a more robust assessment of the trustwor-

thiness, usefulness, and clinical reliability of MRI-CARDAIX, we recommend future 

validation using at least three independent cardiologists or relevant clinical experts and 

reporting inter-rater agreement to quantify the consistency of their assessments. Fig. 3 

illustrates an example of human expert validation, correction, and scoring of AI-

generated reports produced by the proposed MRI-CARDAIX framework. The rater 

evaluates the clinical accuracy and completeness of the generated text based on the 

outputs of the segmentation and measurement backbones and compares the AI-

generated report with the corresponding GT one. 
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4 Discussion 

As depicted in Fig. 3, MRI-CARDAIX unifies cardiac functional and tissue character-

ization workflows into a single generated report, achieving excellent segmentation (me-

dian DSC ≥ 98.3%), strong fibrosis localization (F1 up to 92.98%), and a mean TCR 

score of 7.3/10 which required minor expert correction. The RAG system remained 

faithful and relevant but relied on individual patient reports rather than reference liter-

ature, causing population-norm queries to retrieve case-specific measurements. Sepa-

rately indexing clinical guidelines would therefore be more beneficial than simply ex-

panding the corpus. Routing errors occurred mainly for queries combining viewing 

verbs with imaging terms, reflecting a keyword-dispatch limitation, while the two LLM 

judges differed by up to 0.54 in context precision, highlighting the importance of re-

porting judge identity. Key limitations include evaluation by a single rater, validation 

of cine MRI against reference reports, and fibrosis localization through expert review 

of original LGE DICOM images rather than independent re-segmentation. Short-axis 

LGE views were used by the system while the radiologist had access to long-axis im-

ages, potentially affecting localization and parameter extraction. Future work should 

incorporate multi-rater consensus, multi-planar analysis, and segmentation validation. 

5 Conclusion 

We presented MRI-CARDAIX, a multimodal multi-agent framework that integrates 

deep learning-based segmentation with LLM-driven clinical reporting for comprehen-

 
Fig. 3. Multimodal cardiac MRI analysis and automated AI report generation. 
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sive cardiac MRI assessment. By integrating cardiac functional analysis and 17-seg-

ment fibrosis localization with evidence-grounded report generation, the system 

bridges image analysis and clinical decision support, enabling scalable, standardized, 

and interpretable cardiac diagnosis. In addition to segmentation and reporting accuracy, 

we evaluated the agentic layer directly, reporting 0.92 routing accuracy, a 1.00 task 

success rate, and sub-2-second mean latency, alongside retrieval metrics that isolate 

grounding quality from generation quality. Future work will address the retrieval bot-

tleneck identified here by indexing guideline material separately from case reports and 

will strengthen intent disambiguation in the supervisor agent. 
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