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Abstract. Multi-modal large language models (MLLMs) have demon-
strated increasing promise in medical image understanding, yet their
capacity to support clinically aligned knee MRI radiology reports re-
mains limited because of the scarcity of high-quality datasets that re-
flect real-world orthopaedic practice. Interpreting knee MRI requires not
only recognizing imaging patterns but also structured diagnostic rea-
soning and severity assessments that reflect orthopedic clinical decision-
making. In this work, we introduce KJD-25K, a large-scale, expert-
annotated 3D multi-modal dataset specifically tailored for knee joint
analysis. It comprises 25K high-quality MRI volume-report pairs with
expert-curated Chinese radiology reports and structured severity anno-
tations. The dataset was developed through over 4,000 hours of expert
clinician effort, ensuring high fidelity to clinical workflows, diagnostic
consistency, and semantic richness. Furthermore, we benchmark eight
state-of-the-art MLLMs on KJD-25K, establishing comprehensive base-
lines for clinically grounded knee joint diagnosis. By providing a scalable,
clinically validated resource, KJD-25K lays the foundation for developing
interpretable, reliable, and workflow-integrated MLLMs for knee joint di-
agnosis. The dataset is publicly available at https://huggingface.co/
datasets/YiHui0124/KneeCoT.

Keywords: Orthopaedic diagnosis - Multi-modal large language models
- Dataset benchmarking

1 Introduction

Musculoskeletal disorders impose a substantial and enduring burden on global
health, contributing significantly to chronic pain, loss of function, and long-term
disability across populations worldwide [22]. Among these conditions, the knee
joint diseases are particularly prevalent and clinically consequential. In clinical
practice, magnetic resonance imaging (MRI) enables comprehensive assessment
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of soft-tissue structures, providing diagnosis, staging, and longitudinal monitor-
ing of knee disorders. However, the increasing scale and heterogeneity of knee
imaging data present growing challenges for consistent interpretation, and down-
stream clinical utilization. Accurate diagnosis of knee disorders and the clinical
reports constitute a complex and time-intensive task that heavily relies on the
expertise and experience of orthopaedic specialists. Given the growing clinical
demand and the potential for inter-observer variability, there is a critical need for
computer-aided diagnosis (CAD) models that can assist clinicians in interpret-
ing knee imaging and producing consistent, accurate, and clinically actionable
diagnostic assessments.

Deep learning has been increasingly explored to assist in knee imaging anal-
ysis [25,1,14,10]. Existing studies have demonstrated promising results in de-
tecting anterior cruciate ligament (ACL) ruptures [23], grading osteoarthritis
severity [13,19,27] or knee joint region segmentation [29]. Recently, multi-modal
large language models (MLLMSs) have achieved remarkable progress across a
broad spectrum of clinical applications, thanks to their strong capabilities in
integrating visual and textual information [12,4,21,28]. Leveraging MLLMs for
automated generation of knee joint diagnostic report presents a promising av-
enue to reduce radiologists’ workload and improve clinical efficiency. However,
the advancement of MLLMs in knee disease diagnosis remains significantly hin-
dered by the lack of large-scale, high-quality multi-modal datasets. Such datasets
are needed to capture real-world clinical complexity—including expert-aligned
imaging findings, structured severity assessments, and diagnostic reasoning. This
gap underscores the critical need for a dedicated benchmark that reflects authen-
tic orthopaedic workflows and supports the development of clinically grounded
knee joint diagnostic model.

To address these issues, we first constructed a large-scale 3D multi-modal
knee dataset called KJD-25K. It includes 25,000 high-quality MRI volume-text
paired with expert-annotated clinical reports, covering a wide spectrum of knee
pathologies and severity levels. To the best of our knowledge, this is the largest
publicly available multi-modal 3D knee dataset to date, offering scale and clin-
ical depth to advance research in orthopaedic diagnosis. Extensive experiments
across eight widely used MLLMs reveal that current approaches struggle to gen-
erate accurate and clinically coherent knee joint diagnostic reports, underscoring
the critical need for a dedicated, high-quality benchmark dataset. Training with
our constructed dataset effectively enhances the capacity of MLLMs to perform
clinically grounded knee MRI interpretation. The inclusion of expert-curated di-
agnostic reports and structured severity annotations helps MLLMs better align
with clinical descriptions for more accurate and reliable diagnosis. These re-
sults demonstrate that KJD-25K provides an effective and scalable foundation
for bridging the gap between current MLLMs and the nuanced demands of or-
thopaedic diagnostic practice. Our contributions are two-fold:

(1) We established KJD-25K, a large-scale 3D multi-modal knee MRI dataset
containing 25K volume-report pairs, expert-annotated Chinese radiology reports,
and structured severity annotations for knee MRI report generation.
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Fig. 1. Curation pipline of KJD-25K dataset. Step A: Experts select qualified images
and standardized reports. Step B: Raw data are structured and consistency is verified.
Step C: Clinicians label diagnosis, features, locations, and severity. Step D: Dataset is
reviewed for privacy, quality, and traceability.

(2) We propose clinical-aware and linguistic metrics for systematic and re-
producible evaluation of MLLMs in knee disease diagnosis and prognosis. Using
these metrics, we benchmark eight SOTA MLLMs on KJD-25K, establish strong
baselines, and provide a unified foundation for future research.

2 Curation of KJD-25K

2.1 Data Collection and Annotation

As illustrated in Fig. 1, KJD-25K was constructed from patients who visited
the orthopaedic department and was collected from a local hospital. KJD-25K
includes four standard clinical knee MRI sequences: TIWI, T2WI, T2WIFS,
and PDWIFS, acquired on 3.0T scanners with dedicated 8-channel knee coils.
The dataset was curated by a 15-person professional team, including five board-
certified orthopedic radiologists with over ten years of experience, seven trained
physician assistants, and three clinically trained engineers.Data processing was
conducted through a human—AlI collaborative pipeline, supported by five NVIDIA
RTX 4090 GPUs, involving approximately 2,000 clinician-hours, with an average
of 130 hours per participant, alongside 2,000 GPU-hours. Raw multi-sequence
knee MRI volumes and their corresponding radiology reports were retrospec-
tively extracted, de-identified, and approved by the Institutional Review Board
(IRB), and only the MRI volumes and associated clinical reports were retained.
The construction followed a four-step pipeline:

Expert-Guided Case Selection. This stage aimed to identify eligible patient
studies for dataset construction from all knee MRI examinations acquired be-
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tween December 2020 and December 2025. Eligible cases were required to have
complete multi-sequence MRI data, a corresponding standardized Chinese radi-
ology report, and sufficient image quality for clinical interpretation. Cases were
excluded if they met any of the following criteria: (1) metallic implants caus-
ing severe imaging artifacts; (2) incomplete clinical records or missing radiology
reports; or (3) acute trauma examinations performed within 72 hours after in-
jury. Only studies satisfying all criteria were retained for subsequent processing.
All eligible retained studies received rigorous full-process de-identification before
subsequent processing, with all identifiable patient PHI systematically removed,
including personal identifiers and privacy-sensitive information in the DICOM
headers of MRI scans.
Multi-modal Data Structuring. Clinical reports provided as JPEG images
were parsed using a locally deployed Qwen3-VL [3] model to automatically ex-
tract three predefined fields: examination method, imaging findings, and diag-
nostic conclusions. Trained clinicians corrected recognition errors, resolved am-
biguities, and unified terminology to ensure consistency and clinical correctness.
In routine clinical practice, a single diagnostic case may contain multiple
MRI sequences, including full-coverage scans, clinician-selected key views, and
additional sequence of suspicious regions. To ensure effective utilization of MRI
sequences for downstream modeling, we developed an automated procedure to
identify and extract the full-coverage scan from each case. All extracted MRI
volumes were subsequently reviewed by clinical experts to confirm completeness
and correctness.
Al-Assisted Label Generation. The label taxonomy was developed based on
prior literature [6] [17] and defined through iterative clinician discussions based
on routine diagnostic practices. Using the finalized schema, a locally deployed
Qwen3-Max model generated preliminary anatomical and clinical labels from
structured reports. Clinical experts reviewed the generated labels at the case
level and corrected errors where necessary, with random checks conducted to
ensure overall labeling reliability.
Rigorous Dataset Validation and Compliance Review. The fully anno-
tated dataset underwent a final examination stage to verify annotation accuracy,
privacy protection, and data traceability. Samples failing quality or compliance
requirements were removed, resulting in a reliable and ethically compliant bench-
mark dataset. The final dataset consists of 20K training examples and 5K test
examples.

2.2 Dataset Analysis

Table 1 compares existing knee-related datasets, which are primarily designed
for conventional tasks, such as classification, segmentation, or registration, with
limited support for multi-modal reasoning. Early datasets are limited by their
quantity or single modality task. Although 3DReasonKnee introduces question—
answer annotations, they often couple visual understanding with explicit local-
ization or detection objectives, which are not always aligned with clinical di-
agnostic workflows. Therefore, we aim to construct a larger-scale, high-quality
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Table 1. Comparison of KJD-25K with other knee datasets. Cls (classification), Seg
(segmentation), Det (detection), Reg (regression), Gen (generation), Regist (registra-
tion), SL (structured labels), CR (clinical reasoning), RG (Report Generation), VQA
(Visual Question Answering), VLM (directly usable for vision-language model train-
ing), OA (Open Access).

Dataset (>2§1‘{Z%0L) Modality|OA| Main Task(s) |SL|CR|VLM
MRKR [18] 503K slices | 2D X-ray v Cls, Reg I XX
SKM-TEA [5] X 3D MRI | v/ Seg, Det I XX
OAI [11] v 3D MRI | v/ Cls, Reg VIX] X
KMAR-50K [26] X 3D MRI | X Gen, Regist I XX
3DReasonKnee [20] X 3D MRI | v/ [Cls, Seg, Det, VQA|V | vV | V
KJD-25K (Ours) v 3DMRI | v/ | Cls,RG,VQA |V |V | V

3D dataset to support vision-language model training for knee joint disease di-
agnosis. It provides structured labels aligned with clinical reporting standards
and emphasizes clinically coherent reasoning. The inclusion of expert-curated
volume—text pairs and diagnostic narratives enables models to learn the intrin-
sic correspondence between imaging findings and diagnostic conclusions.

Fig. 2 illustrates the distribution of report text lengths in KJD-25K and the
hierarchical structure of the proposed labeling framework. For clarity, Fig. 2 is
simplified to retain only the core information. Our dataset is directly usable
for end-to-end VLM training and better reflects real-world clinical reasoning
processes and has a larger amount of 3D multi-modal data, distinguishing it
from prior knee imaging benchmarks.

3 Experiments

3.1 Experiment Setup

We select top-performing MLLMs for comprehensive evaluation, including open-
source models InternVL3.5 (8B, 30B) [24], Qwen3-VL-Instruct (8B, 30B), and
Qwen3-VL-Thinking (8B, 30B) [3]; closed-source models GPT-5 [15], Claude-
Sonnet-4.5 [2] and Gemini-2.5pro; medical MLLMs such as HuatuoGPT-Vision-
7B [4], Lingshu (7B) [28], and Hulu-med (4B, 7B, 32B) [9].

For open-source models, experiments are conducted on servers equipped with
NVIDIA H100 GPUs, while API-based service is used for closed-source MLLMs.
We further assess the effectiveness of the proposed dataset for MLLMs training
by fine-tuning Qwen3-VL using Low-Rank Adaptation (LoRA) [8]. During train-
ing, both the pre-trained vision encoder and the LLM backbone were frozen, and
only the LoRA adapters were optimized. The LoRA rank was set to 8, alpha to
16, and dropout to 0.05. The learning rate was 2e-4, the batch size was 16, and
the model was trained for 3 epochs.
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Fig. 2. The data statistics of KJD-25K on label types and text length.

3.2 Evaluation Metrics for KJD-25K

To comprehensively evaluate model performance on KJD-25K, we employ a hy-
brid protocol that assesses both linguistic similarity and clinical correctness of
generated reports. For linguistic evaluation, BLEU [16] and F1 scores are com-
puted to measure consistency. Because textual similarity alone is insufficient
to evaluate report-level clinical adequacy, we further introduce three structured
LLM-assisted metrics: Lesion Sensitivity (LS), Diagnostic Specificity (DS), and
Structured Report Compliance (SRC), which were adapted from routine knee
MRI interpretation training and structured reporting practice. LS measures the
proportion of ground-truth pathological findings correctly identified in the gen-
erated report. DS measures the proportion of normal anatomical structures cor-
rectly recognized as normal, thereby penalizing over-diagnosis and unsupported
abnormal findings. SRC evaluates whether the generated report follows the pre-
defined reporting fields, including examination method, MRI findings, and diag-
nostic impression. These criteria have been rigorously reviewed and validated by
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Table 2. Performance comparison of different MLLMs on report generation. LS: Lesion
Sensitivity; DS: Diagnostic Specificity; SRC: Structured Report Compliance.The best
results are marked in red, and the second-best results are marked in blue.

Model Text-based Clinical
BLEU+ F1+ LS+ DS+t SRC1t

General-purpose Open-source MLLMs

InternVL3.5-8B [24] 33.11 2.80 68.07 37.84 54.07
InternVL3.5-30B [24] 37.49 2.81 7097 46.33 5543
Qwen3-VL-Instruct-8B [3] 28.55 220 54.48 23.59 49.54

Qwen3-VL-Instruct-30B [3] 29.67  2.46 56.43 27.89 51.66
Qwen3-VL-Thinking-8B [3] 16.92 090 45.81 36.40 51.45
Qwen3-VL-Thinking-30B [3] 19.43 1.86 52.66 39.47 56.47

Closed-source MLLMs

GPT-5 [15] 28.58 2.47 7T7.27 55.56 54.81
Gemini-2.5Pro [7] 29.98 2.19 64.42 49.20 54.41
Claude-Sonnet-4.5 [2] 2036  2.14 71.39 49.88 54.68
Medical-domain Open-source MLLMs
HuatuoGPT-Vision-7B [4] 14.03 1.17 48.10 3599 53.16
Lingshu-7B [28] 30.16 1.83 66.51 39.22 54.44
Hulu-4B [9] 18.24 1.07 49.92 11.87 53.49
Hulu-7B [9] 21.67 1.38 47.54 38.99 54.75
Hulu-32B [9] 23.44 1.43 57.10 44.85 58.68
Ours 42.71 3.26 79.63 58.47 66.42

experienced radiologists to ensure alignment with clinical judgment, with each
report assigned a score ranging from 0 to 100. For clinical-metric evaluation,
we used GPT-40 as an automated evaluator. The evaluator was provided with
the ground-truth report, structured labels, and model-generated report, and was
instructed to assign LS, DS, and SRC scores on a 0-100 scale according to pre-
defined scoring criteria. The evaluation prompts were iteratively refined on 100
randomly sampled cases, and senior orthopedic radiologists confirmed strong
qualitative agreement with expert assessment.

3.3 Evaluation Results

Table 2 summarizes the performance of different MLLMs with linguistic and
clinical metrics. First, models trained on our dataset achieve systematically
better performance across all evaluation metrics. In particular, compared with
general-purpose MLLMs without domain-specific adaptation, model trained on
KJD-25K shows clear improvements in diagnostic correctness and clinical im-
pact, indicating that the curated multi-modal data provides more informative
supervision for knee joint diagnostic tasks. Second, while closed-source models
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(e.g., GPT-5 and Claude-Sonnet-4.5) exhibit strong baseline performance, their
gains are not uniformly dominant across all metrics. Additionally, under identi-
cal prompts, Linshu-7B generates outputs in multiple language versions, which
leads to anomalous performance on the F1 and BLEU metrics compared with
other models. In contrast, model trained on KJD-25K demonstrates more stable
and balanced improvements, particularly on expert-oriented criteria such as di-
agnostic consistency and clinical usefulness. This suggests that domain-specific,
high-quality datasets play a critical role.

; { You are a professional medical expert. The patient has completed a set of magnetic resonance (MR)
\ \ \ imaging acquisition using the examination method examination_method}. This examination may /
""" include a single scan sequence or multiple scan sequences. We will present these imaging data to
you sequentially and you are requested to issue a diagnostic report. The report should cover two

one image sequence _parts: magnetic resonance imaging findings and diagnostic recommendations.
/2. Qwen3-VI-8B-Instruct BLEU: 20.84 Fl: 1.17 LS: 31 DS: 42 SRC: 45
Y/ "\/MRI Findings...... No significant narrowing of the joint space ...... The menisci are intact in morphology show homogeneous signal intensity and
| demonstrate no definite tear.......No significant thickening or effusion of the joint capsule and synovium.......suggesting irregular articular cartilage
| surface early degenerative changes or superficial cartilage defects.......
Di; ic R ions: . ded to perform further evaluation with correlation with clinical symptoms (e.g. pain limited motion). If
there are no significant symp pis d. If there are persistent or progressively worsening ~and consideration may be
.given to physical therapy or intervention if necessary. Repeat ...... y
@ Lingshu-7B BLEU: 3.41 F1: 0.62 LS: 68 DS: 55 SRC: 62
s/Magnetic Resonance Imaging Findings: ...... The articular cartilage surfaces of the femur and tibia are smooth with no obvious cartilage defects or

Joint
| Cavity:No obvious effusion or loose bodies are seen in the joint cavity.
Di ic R ions: Further Examinati Clinical Follow-up:...... Treatment S i Summary: ...... the bony cartilaginous
meniscal ligamentous and soft tissue structures of the right knee joint are all and show no obvious abities. The patient is advised to protect the knee joint in
 daily life and undergo further follow-up and treatment .......

opt-5 BLEU: 29.28 Fl: 2.44 LS: 68 DS: 45 SRC: 83

\/ MR Imaging Findings: This examination was performed using sagittal sequences of the right knee joint. The images show:Joint Cavity and Synovium:
| Abundant fluid signal is seen......

Diagnostic Recommendations:Destructive changes of the right knee joint combined with imaging findings highly suggest infectious arthritis (x)
(pyogenic / tuberculous) ......Severe injury/destruction of the medial and lateral menisci cruciate ligaments and ........ Extensive inflammatory edema of the
soft tissues around the right knee joint (x) .Suggestion: ......Important Note: This report is only an imaging diagnostic opinion and cannot be used as
the sole basis for diagnosis. The final diagnosis and treatment plan ...... /

}Vh Q\,yen3.\/1.33.[“5@“.'&31“3‘1 by KID-25K BLEU: 3743 Fl1: 3.79 LS: 83 DS: 69 SRC: 72 -~
./ MR Findings: MRI of the right knee d osseous i of the knee joint, with Wiberg type IT patella, an Insall index of approximately |
| 1.35 (patella alta), mild patellar valgus, mild narrowing of the lateral patellofemoral joint space and mild thickening of the lateral patellar retinaculum.

Additional findings include irregularity of the femoral trochlear articular cartilage, intra-articular and intracapsular effusion, and linear T2WI hyperintensities

in the anterior and posterior horns of the medial and lateral menisci. No significant abnormalities......

Diagnostic Impression: Patella alta of the right knee with suspected patellofemoral joint disorder ......, accompanied by a small amount of effusion

 within the right knee joint cavity and capsule.......

/MR Findings: The alignment of the right knee joint components is suboptimal. Type II patella according to the Wiberg classification; the Insall index
(patellar height ratio) is approximately 1.35 with slight patellar valgus. The lateral patellofemoral joint space is mildly narrowed and the lateral patellar
retinaculum is slightly thickened.No obvious abities are observed in the bone cortices of the medial and lateral femoral condyles trochlear groove and
tibiofibular articular surfaces.The articular cartilage of the femoral trochlear groove shows an .......

Diagnosis/Impression: High-riding patella of the right knee; p dysfunction is Clinical correlation is recommended.Small joint
| effusion in the right knee joint cav ...... )

Fig. 3. Case study of knee joint diagnosis report generation with different MLLMs.
Correct diagnostic statements are highlighted in blue, while obvious errors are high-
lighted in red.

Fig. 3 qualitatively illustrates the strong generative capability of our model,
whose generated reports exhibit closer alignment with the reference answers.
Specifically, Qwen3-VL-8B-Instruct and Lingshu-7B produce internally incon-
sistent reports, such as describing intact meniscal morphology while simultane-
ously suggesting cartilage degeneration or joint effusion, indicating weak align-
ment between imaging evidence and textual conclusions. In contrast,GPT-5 tend
to over-interpret the imaging inputs, generating unsupported diagnoses such as
infectious arthritis, extensive soft-tissue edema, or severe ligament destruction
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that are not substantiated by the MRI. These errors consistently stem from the
absence of a unified, expert-annotated knee MRI dataset rather than differences
in model capacity. The final output of the model trained on KJD-25K is intended
to demonstrate improved anatomical consistency, accurate recognition of subtle
but clinically meaningful findings such as patellofemoral malalignment and mild
joint effusion, and coherent alignment between imaging observations and diag-
nostic reasoning. These underscore the indispensable role of high-quality dataset
for reliable knee joint report generation.

4 Conclusion

In this work, we present KJD-25K, a large-scale multi-modal knee MRI dataset
and evaluation benchmark designed to support clinically aligned radiology report
generation. By integrating expert-curated image—text pairs, structured diagnos-
tic labels, and clinically grounded evaluation criteria, KJD-25K enables system-
atic training and assessment of MLLMs. Furthermore, experimental results show
that KJD-25K improves the report-generation performance of MLLMs, achiev-
ing more coherent report content and better alignment with expert reference
reports compared with general-purpose baselines. We believe KJD-25K provides
a practical and scalable foundation toward clinically meaningful knee disease
assessment.
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