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MRI grading of lumbar disc
herniation based on AFFM-YOLOvS
system

Yanfei Wang'%*7, Zong Yang%%*%7, Songlin Cai%%*, Weiwen Wu? & Weifei Wy24 56

Magnetic resonance imaging (MRI) serves as the clinical gold standard for diagnosing lumbar disc
herniation (LDH). This multicenter study was to develop and clinically validate a deep learning (DL)
model utilizing axial T2-weighted lumbar MRI sequences to automate LDH detection, following the
Michigan State University (MSU) morphological classification criteria. A total of 8428 patients (100000
axial lumbar MRIs) with spinal surgeons annotating the datasets per MSU criteria, which classifies
LDH into 11 subtypes based on morphology and neural compression severity, were analyzed. A DL
architecture integrating adaptive multi-scale feature fusion titled as AFFM-YOLOvV8 was developed.
Model performance was validated against radiologists’ annotations using accuracy, precision, recall,
F1-score, and Cohen's k (95% confidence intervals). The proposed model demonstrated superior
diagnostic performance with a 91.01% F1-score (3.05% improvement over baseline) and 3% recall
enhancement across all evaluation metrics. For surgical indication prediction, strong inter-rater
agreement was achieved with senior surgeons (k=0.91, 95% Cl 90.6-91.4) and residents (k=0.89, 95%
Cl 88.5-89.4), reaching consensus levels comparable to expert-to-expert agreement (senior surgeons:
k=0.89; residents: k=0.87). This study establishes a DL framework for automated LDH diagnosis
using large-scale axial MRI datasets. The model achieves clinician-level accuracy in MUS-compliant
classification, addressing key limitations of prior binary classification systems. By providing granular
spatial and morphological insights, this tool holds promise for standardizing LDH assessment and
reducing diagnostic delays in resource-constrained settings.
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Abbreviations

LR Learn rate

DL Deep learning

CI Confidence interval
BN Batch normalization
LDH Lumbar disc herniation

PAN Path aggregation network
MSU Michigan State University

MRI Magnetic resonance imaging
SAM Spatial attention mechanism
SPPF Spatial pyramid pooling fast
CNNs  Convolutional neural networks
AFFM  Adaptive feature fusion module

Lumbar disc herniation (LDH), a degenerative spinal pathology marked by the anatomic displacement of nucleus
pulposus material beyond physiological disc boundaries, is primarily driven by biomechanical overload and
mechanical stress accumulation!. The evolution of magnetic resonance imaging (MRI) as the diagnostic gold
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standard has revolutionized LDH assessment through multiplanar soft tissue visualization?. Nevertheless, critical
limitations persist: (1) inter-rater variability in subclassifying herniation morphotypes (bulging/protrusion/
extrusion) across experience levels; (2) resource-intensive analysis workflows in high-volume clinical settings;
and (3) systemic disparities in underserved regions lacking advanced imaging infrastructure.

Deep learning (DL) architectures, particularly convolutional neural networks (CNNs), have demonstrated
transformative potential in spinal diagnostics®~®. Recent implementations range from Suzuki et al.'s CNN-driven
surgical triage system for lumbar stenosis (87.4% concordance with multidisciplinary assessments) to Wang
et al.‘s sagittal MRI classifier achieving 92.4% inter-rater reliability in LDH categorization®’. However, three
fundamental limitations constrain clinical translation: (1) data paucity: publicly available annotated lumbar
MRI datasets remain limited to < 20,000 series, which are insufficient for modeling population-level anatomical
variability®. (2) diagnostic reductionism: 78% of existing models employ binary classification (pathological
vs. normal), disregarding clinically critical protrusion/extrusion distinctions that directly inform surgical
planning®!°. (3) plane dependency: current systems predominantly analyze sagittal sequences despite axial MRI’s
superior utility in assessing neural foraminal compromise—the primary surgical determinant!!. The Michigan
State University (MSU) classification system addresses this diagnostic-pragmatic disconnect by standardizing
axial MRI evaluation of herniation morphology and neural compromise!?. Validation studies'® confirm its
prognostic value, with Perumal et al.'* The intra-observer reliability of three selected residents calculated by
Cohen’s Kappa was 0.75, 0.77, and 0.86 when applying MSU criteria. Nevertheless, existing implementations lack
quantitative spatial descriptors of herniation volume and craniocaudal migration relative to neural foramina—
parameters critical for determining minimally invasive versus open surgical approaches.

To bridge these translational gaps, we propose an augmented DL framework integrating MSU classification
standards with multi-planar morphological analysis. Our innovation lies in: (1) Attention-guided fusion of
axial MRI sequences to extract discriminative pathological features; (2) Quantitative assessment of herniation
characteristics—including protrusion geometry, neural displacement extent.This study addresses critical
limitations in existing automated systems while preserving radiological compatibility. By converting qualitative
observations into reproducible morphological descriptors, our model reduces diagnostic subjectivity.

Materials and methods

Ethical approval

This study was approved by the review board of China Three Gorges University. All the study methods were
conducted in accordance with the China Three Gorges University guidelines and regulations, and all the
experimental protocols were approved by the China Three Gorges University committee. The requirement for
informed consent was waived by the China Three Gorges University committee because retrospective data were
used.

Datasets processing

The study analyzed lumbar MR scans from 8428 patients presenting with low back pain at Yichang Central
People’s Hospital between January 2020 and December 2023. MR Scanning equipment: (1) Siemens Healthineers;
Ax_T2_TSE; TR 3000.00 ms, TE 89.00 ms; (2) GE MEDICAL SYSTEMS; OAx T2-weighted FSE; TR 2774.00 ms,
sequence basic localization: T2 sequence, lumbar disc. Inclusion criteria: (1) Clinically confirmed LDH diagnosis
with complete documentation; (2) Standardized axial T2-weighted MRI sequences. Exclusion criteria: (1) Non-
diagnostic image quality (signal-to-noise ratio <4:1); (2) Metal artifacts from spinal instrumentation; (3) History
of spinal trauma or malignancy. The native DICOM format for MRI contains a broad dynamic range of signal
intensities that exceeds the diagnostic requirements for disc structure analysis. Given our exclusive focus on
transverse disc regions - where intervertebral discs demonstrate characteristic hyperintensity on T2-weighted
sequences - we implemented standardized windowing preprocessing. This intensity remapping optimizes
the display range for 8-bit JPEG encoding while preserving anatomically critical features. JPEG compression
reduced storage volume by 50%-60% compared to lossless formats. Consequently, given the large-scale imaging
datasets in this study, JPEG was selected as the storage format. So original DICOM files were converted to BMP
format (16-bit depth) and subsequently to JPEG (quality factor =95) with fixed 512 x 512 resolution, preserving
spatial and intensity characteristics. No contrast enhancement or spatial augmentation was applied. After quality
control, 100,000 axial MRI slices were chronologically partitioned into training set (70000 slices, 5918 patients)
and independent test set (30000 slices, 2510 patients). (Fig. 1)

MSU classification annotation
Three board-certified spinal surgeons (> 10 years’ experience) independently annotated all MRI slices using the
MSU criteria'?, which stratifies LDH into 11 subcategories through a combinatorial taxonomy:

1. Herniation severity:
« Grade 1: <50% posterior disc space to interfacetal line.
o Grade 2: >50% to interfacetal line.
« Grade 3: trans-facet line extrusion.

2. Spatial zonation:

o Zone A: central 50% of interfacetal line.
o Zone B: lateral 25% interfacetal segments.
o Zone C: extraforaminal beyond facet margins.

(2025) 15:32880 | https://doi.org/10.1038/s41598-025-18417-9 nature portfolio

Scientific Reports |


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

The Original Image

Testing Data (30%
(30000 images)

. (Aves 58 3214
Transform Image (Ages 55.3+15.86

TPEG format Male/Female 1182/1328)
L  Training deep learning model

Spinal surgcon l

Image processing - labeling and annotation
(521+521 size)

l

MR images
total 100000 images

Output performance

Training Data (70%)

—1 (70000 images)
(Ages 53.8=16.1

Male/Female 2859/3059)

Fig. 1. Datasets processing flowchart. MRI, magnetic resonance images.
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Fig. 2. LDH classification diagram. LDH, lumbar disc herniation; MRI, magnetic resonance images.

Final diagnostic categories included Normal, 1 A/B/C, 2 A/B/AB/C, and 3 A/B/AB (Fig. 2). Discrepancies
were resolved via consensus review. The categories labeling protocol was derived from the prospective study by
Mysliwiec LW et al.'* on LDH management.

Deep learning architecture

Baseline model

YOLOV8' served as the foundational framework, selected for its anchor-free detection efficiency and proven
performance in medical imaging tasks. These inherent refinements—including adaptive anchor box computation
and CSP-to-C2f module replacement. These components constitute foundational elements of the original
YOLOV8 architecture. Key details architectural modifications included:

1. Backbone enhancement:

Modified CSP Darknet-53 with C2f modules (cross-stage partial blocks) to optimize gradient flow via shal-
low-deep feature concatenation, improving feature discriminability by 18% versus YOLOv5'®. There is a con-
volutional layer (light green box) here that plays a role in feature extraction, used to connect the C2F mod-
ule(Fig. 3). The convolutional layer named ConvModule represents a basic feature extraction unit, consisting
of three sequential layers: a 2D convolution operation (Conv2d) to extract local spatial features, followed by
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Fig. 3. AFFM-yolov8 network model, used to detect the LDH in the axis. Conv, Contains convolution layers
(Conv), batch normalization (BN), and activation functions (such as SiLU), for feature extraction. The C2f
(CSP with 2 convolutions) module, which replaces the C3 module of YOLOV5, further improves the efficiency
of feature reuse; Spatial Pyramid Pooling Fast (SPPF): Fast spatial pyramid pooling integrates context
information of different scales to enhance the robustness of the model to the target scale. Adaptive Feature
Fusion Module (AFFM): improves feature fusion strategies, which can dynamically adjust fusion weights
according to the importance of different feature layers.

Batch Normalization to accelerate training convergence and improve the stable gradient distribution. Finally,
the nonlinear activation function SiLU is used to introduce nonlinearity for feature enhancement. Collective-
ly, this is also known as the CBS module, which primarily serves the function of feature extraction.

2. Task-decoupled head:

Parallel streams for bounding box regression (CIoU loss), classification (binary cross-entropy), and spatial atten-
tion mapping.

3. Context-aware feature pyramid network:

Hierarchical neck architecture optimized for small targets (<512 x 512 pixels)!”18.

Adaptive feature fusion module (AFFM)

Integrated into the neck section, the AFFM dynamically adjusts multi-scale feature fusion weights using spatial
attention mechanisms (Fig. 3). improves feature fusion strategies, which can dynamically adjust fusion weights
according to the importance of different feature layers.spatial attention mechanism (SAM) is a mechanism
that allows the model to dynamically pay attention to differences in the importance of spatial positions in the
input feature map. A is the low-level feature map, B is the high-level feature map, and Bl is the feature map
obtained from B. C is the feature graph of A and B1 combined through channels. D is the feature map changed
by C through the channel. E is the feature map obtained by extracting features through the spatial attention
mechanism. F is the feature map with channel weights adjusted. G is the final feature fusion graph. This part can
be expressed as Eq. (1) :

sig(fe (GAP (Crx 1 ((UP (X1) - X2))) *Cix 1 ((UP (X1) - X2))) + X2 (1)

where, sig () is the sigmoid activation function and fc is the fully connected layer. UP denotes the up sample. (-)
represents each feature is concatenated according to the channel. X, represents the high-level semantic features
and X, represents the low-level semantic features. C,, | represents a 1 x 1convolution layer.

This module: (1) Calculates attention weights across feature maps to prioritize morphologically critical
regions. Enhance the capability of detecting subtle morphological changes in disc herniation within medical
images. (2) Performs weighted fusion of multi-scale features (C2f outputs). Dynamically adjust the weights of
feature maps at different scales, and thereby improve detection performance. (3) Propagates enhanced features
to the path aggregation network (PAN) for small-target detection refinement'.
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Hardware configuration
GPU: NVIDIA-GEFORCE-RTX-3090 x 1; PyTorch version: 2.0.1; python version: 3.8, cuda version: 11.7.1.

Data: The datasets configuration file is ldh.yaml. It contains the path, category name and category number of
training and validation datasets.

Parameters: Epochs =100; Each cycle represents a complete traversal over the entire datasets and can affect
training duration and model performance; Images size = 512, is the image size of the training target, all images will
be adjusted to this size before input to the model, which will affect the accuracy and computational complexity
of the model; Batch size=32, specify the number of images for each batch; Learn rate (Ir) =0.01, It affects the
updating speed of model weight. Optimizer Selection: Stochastic Gradient Descent (SGD) was adopted for
model optimization; Loss Function Composition: Bounding Box Regression: Combines Distribution Focal Loss
(DFL) to address discrete localization bias and Complete IoU Loss (CIoU) incorporating geometric constraints
(aspect ratio consistency penalty); Classification Loss: Utilizes Binary Cross-Entropy (BCE) Loss, selected for
its robustness in multi-label scenarios and stable gradient propagation characteristics. Training Termination
Protocol: An early stopping mechanism was implemented, halting training when the primary metric (mAP@50-
95) exhibited no improvement over 100 consecutive epochs. The optimal weights (corresponding to peak
validation performance) were automatically reloaded post-training. Seed: The random seed was deterministically
fixed to 0 (Torch default) throughout all experiments to ensure deterministic behavior.

Performance evaluation

Quantitative assessment: The proposed diagnostic system underwent rigorous evaluation on the held-out test
set. Confusion matrix analysis was conducted to assess model performance across four key metrics: accuracy,
precision, recall, and Fl-score. These metrics were specifically selected to evaluate both overall diagnostic
competence (accuracy) and class-specific prediction reliability (precision/recall balance), with F1-score serving
as the composite performance indicator. The evaluation framework focused on a primary clinical endpoints:
Diagnostic interpretation accuracy for LDH subtype classification.

Metric definitions
Formal mathematical representations were derived using standard confusion matrix components (TP: true
positive, TN: true negative, FP: false positive, FN: false negative):

Accuracy: Proportion of correct predictions across all classes (Eq. (2)):

TP+ TN

Aceuracy = b TP T FN T TN @
Precision: Positive predictive value reflecting classification specificity (Eq. (3)):
. TP
precision = pm s (3)
Recall: Sensitivity metric quantifying true positive detection rate (Eq. (4)):
recall = T}'}—jl—ipFN (4)

F1-score: Harmonic mean balancing precision and recall (Eq. (5)):

Precision x Recall
F18 =2 5
core % Precision + Recall ®)

Statistical validation framework
Reliability assessment: Interobserver agreement between the DL system and clinical experts was quantified using
Cohen’s Kappa coefficient (k) with 95% confidence intervals calculated through delta variance estimation’. This
statistical measure accounts for chance agreement through the relationship as Eq. (6):

— Pe

T ©

where Po represents observed concordance rate and Pe denotes probability of random agreement.
Diagnostic performance evaluation

For classification metrics (accuracy/precision/recall), The study implemented Clopper-Pearson exact binomial
intervals to mitigate estimation bias in high-accuracy regimes (> 90%), as Egs. (7,8):

D> i (%) Plow(l = prow)" ™" = a /2 7)
Z b=0 (%) Z'Lgh(l — Prign)" ¥ =a /2 (8)
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where a=0.05 corresponds to 95% confidence level and B — 1denotes beta distribution quantile function. This
conservative approach prevents overestimation common with normal approximations in diagnostic studies®..

Implementation details

The statistical pipeline was developed in Python 3.9 (NumPy/SciPy ecosystem), utilizing beta.ppf functions for
exact interval computation. All hypotheses were evaluated under two-tailed testing framework with significance
threshold a=0.05.

Result

Patient characteristics and datasets

This study analyzed axial T2-weighted lumbar MR scans from 5918 patients (70000 MR images) for training and
2510 independent cases (30000 MR images) for testing consecutive patients. Standardized imaging protocols
captured 12 contiguous slices per patient (slice thickness: 3 mm; interslice gap: 0.5 mm) across L1-S1 disc levels.

Model performance evaluation
The AFFM-YOLOV8 framework demonstrated significant improvements over baseline YOLOvS8 in diagnostic
accuracy and clinical alignment (Table 1). Key findings include:

1. Multiclass classification.

The AFFM-enhanced model achieved a mean F1-score of 91.01% (3.05% absolute improvement vs. baseline),
with recall increasing by 3% across all 11 MSU categories. For complex subtypes (transligamentous extru-
sions: 3 A/3AB), classification precision exceeded 93% (baseline: 89.94%). The optimized model demonstrat-
ed significant improvement in Type 3B LDH classification, with F1-scores increasing from 86.57% (95% CI:
82.6-89.9) t0 90.00% (95% CI: 86.4-92.9), reflecting enhanced diagnostic precision for migrated/sequestrated
disc fragments requiring nuanced neural structure differentiation. (Fig. 4). In Table 1, we report the exact slice
counts for training and test sets across all MSU subtypes, including cases excluded due to anatomical anom-
alies. Table 2 details the model’s performance using both macro-average and weighted-average F1-scores.
The results demonstrate that AFFM-Yolov8 outperforms baseline models on both evaluation metrics, with

Datasets % (95% CI) Precision,% (95% CI) Recall,% (95% CI) F1 score,% (95% CI)
Classification | Train/test AFFM-Yolov8 Yolov8 AFFM-Yolov8 Yolov8 AFFM-Yolov8 Yolov8 AFFM-Yolov8 Yolov8
96.00 95.60
Normal 27,368/13,385 | 96.38 (96.2-96.6) | 96.15 (95.9-96.4) | 96.11 (95.8-96.4) (95 7-96.3) 95.95 (95.6-96.3) | 95.63 (95.3-96.0) | 96.03 (95.8-96.3) | (95.6-
: : 96.1)
91.64 93.00
1A 21,037/10,532 | 95.34 (95.1-95.6) | 94.92 (94.7-95.2) | 92.24 (91.7-92.7) (91 1-92.2) 94.89 (94.5-95.3) | 94.40 (94.0-94.8) | 93.55 (93.2-93.9) | (92.7-
: : 93.3)
92.76 89.57
1B 10356/2589 | 98.52 (88.4-98.7) | 98.17 (98.0-98.3) | 9535 (94.4-962) | (gi'7 g5 o) | 8791 (86.6-89.1) | 86.60 (85.2-87.9) | 9148 (90.7-92.2) | (8.7
' ! 90.4)
91.83 83.53
1C 588/235 99.83 (99.8-99.9) | 99.75 (99.7-99.8) | 94.28 (90.2-97.0) (87 1-95.3) 84.25(79.0-88.7) | 76.60 (70.7-81.9) | 88.98 (85.7-91.7) | (79.7-
S 86.9)
89.52 85.67
2A 5112/1259 99.13 (99.0-99.2) | 98.78 (98.6-98.9) | 92.80 (91.2-94.2) (87 6-912) 87.05 (85.1-88.9) | 82.13 (79.9-84.2) | 89.87 (88.6-91.0) | (84.2-
o= 87.0)
82.62 82.41
2B 2389/590 99.52 (99.4-99.6) | 99.26 (99.2-99.4) | 89.09 (86.2-91.5) (79 3-85.6) 85.59 (82.5-88.3) | 82.20 (78.9-85.2) | 87.44 (85.4-89.3) | (80.1-
: : 84.5)
9478 88.97
2C 670/260 99.85 (99.8-99.9) | 99.81 (99.7-99.9) | 95.10 (91.6-97.4) (91 1-97.3) 89.61 (85.3-93.0) | 83.84 (78.8-88.1) | 91.55 (88.8-93.8) | (85.9-
: : 91.6)
78.94 85.62
2AB 1045/605 9951 (99.4-99.6) | 99.32(99.2-99.4) | 8376 (80.8-864) | (7i’q g} g | 9553 (93.6-97.0) | 93.55 (91.3-95.4) | 89.26 (87.5-90.9) | (83.6-
: : 87.5)
89.94 87.96
3A 532/208 99.89 (99.8-99.9) | 99.28 (99.8-99.9) | 93.13 (88.8-96.2) (84 9-93.8) 91.78 (86.7-94.8) | 86.05 (80.6-90.5) | 92.45 (89.2-94.6) | (84.4-
T 91.0)
87.77 86.57
3B 458/185 99.87 (99.8-99.9) | 99.82 (99.8-99.9) | 92.57 (87.6-96.0) (82 1-92.2) 87.56 (81.9-92.0) | 85.40 (79.5-90.2) | 90.00 (86.4-92.9) | (82.6-
e 89.9)
92.64 87.50
3AB 445/152 99.90 (99.8-99.9) | 99.87 (99.8-99.9) | 93.66 (86.7-96.1) | (gi'g g5 4) | 8750 (81.2-92.3) | 83.00 (76.0-88.5) | 90.47 (85.8-93.1) | (83.1-
e 91.1)

Table 1. Automatically diagnose detection performance in LDH model test datasets (AFFM-Yolov8 vs.
Yolov8).
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Fig. 4. Comparison of confusion matrix in (A) AFFM-yolov8 model and (B) yolov8 model. Show how the two
sets of model predictions compare with the actual labels. Comparison of F1 score and precision in YOLOv8
and the AFFM-YOLOVS (C).

Averages | AFFM-Yolov8 | Yolov8
Macro 0.91 0.88
Weighted | 0.94 0.93

Table 2. Macro-average and weighted-average F1-scores.

Doctor | Yolov8 (95% CI) | AFFM-yolov8 (95% CI) | Resident (95% CI) | Senior (95% CI)
Resident | 0.871 (86.5-87.5) | 0.889 (88.5-89.4) - 0.852 (85.1-86.2)
Senior | 0.896 (89.2-90.1) | 0.910 (90.6-91.4) 0.875 (87.0-88.0) | —

Table 3. The kappa coefficients for the basic model YOLOv8 and the AFFM-YOLOV8 were evaluated by a
resident physician and a senior qualified physician, respectively.

particularly significant gains in macro-average F1-score (+0.03). This indicates enhanced discriminative ca-
pability for minority classes (e.g., 3AB, 2 C), confirming improved robustness to class imbalance.

2. Borderline subtype recognition

2B classifications: Accuracy improved from 82.62% (95% CI: 79.3-85.6) to 89.09% (95% CI: 86.2-91.5; p<0.01).
2AB subtypes: Recognition increased from 78.94% (95% CI: 75.8-81.9) to 83.76% (95% CI: 80.8-86.4;
p<0.01); 3 A classifications: Precision improved from 89.94% (95% CI: 94.9-93.8) to 93.13% (95% CI: 88.8-
96.2); The enhanced model demonstrated significant improvements in 2 C extreme lateral LDH classification,
with F1-scores increasing from 88.97% (95% CI: 85.9-91.6; p<0.01) to 91.55% (95% CI: 88.8-93.8; p<0.01)
compared to the baseline architecture. Quantitative validation further confirmed superiority in both pre-
cision (+0.32%; p<0.01) and recall (+5.8%; p<0.01), particularly for foraminal-extraforaminal herniation
subtype requiring precise annular tear localization (Table 1).

3. Inter-rater reliability

Near-perfect agreement with senior orthopedic surgeons (k=0.910, 95% CI: 90.6-91.4; p<0.01 vs. senior in-
ter-rater k=0.896, 95% CI:89.2-90.1 p <0.01). Substantial agreement with residents (x=0.889, 95% CI: 88.5-
89.4; p<0.01 vs. resident inter-rater k=0.871, 95% CI:86.5-87.5 p<0.01), In inter-group residents demon-
strated a k=0.852 (95% CI:85.1-86.2) VS. senior physicians’ k=0.875 (95% CI:87.0-88.0) (Table 3).

4. Evaluation Framework

In this study, we minimized interference from datasets heterogeneity through three key measures: firstly, Stand-
ardized Data Acquisition: 1.5 Tesla MRI datasets were excluded during inclusion; only 3.0 Tesla MRI datasets
were retained for superior image clarity and enhanced soft-tissue contrast. Secondly, Labeling Quality Con-
trol: Strict annotation protocols were implemented across training sets to minimize label discrepancies. Last-
ly, Robust Evaluation Framework: Ablation experiments employed relative performance gain (mAP) as the
primary metric, replacing absolute precision values to mitigate datasets bias. Ablation analysis demonstrated
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Model variant | mAp (%) | F1-score (%) | Recall (%)
Baseline 89.86 88.14 86.83
Remove SAM | 91.19 89.25 87.22
Full model 92.59 91.01 89.78

Table 4. Performance under each model variant after ablation experiments.

Fig. 5. Demonstrates diagnostic of representative L4-L5 disc herniation through axial MRI analysis. (A) (2 A)
and (B) (2AB) demonstrate disc material extending>50% beyond the interfacetal line. (C,D) (3 A) illustrate
the model’s precise detection of transligamentous extrusion beyond the interfacetal margins.

significant performance enhancements in the AFFM-YOLOVS architecture, achieving an F1-score of 91.01%
(+2.87%,+1.76%,p < 0.01) and mean average precision (mAP) of 92.59% (+2.73%,+1.4%,p <0.01) compared
to baseline YOLOv8 and remove SAM model (Table 4).

Case illustration

The model’s diagnostic and treatment recommendations in representative L4-L5 disc herniations through axial
MRI analysis (Fig. 5): Panels A and B: Axial T2-weighted MRI showing>50% posterior disc displacement into
the central canal (Zone A) and lateral recesses (Zone B), classified as MSU Grade 2 A and 2AB. Panels C and D:
Transligamentous extrusion beyond interfacetal margins (>100% displacement), classified as MSU Grade 3 A.

Discussion

Recent advancements in DL have demonstrated substantial potential for revolutionizing medical image
processing, with derivative models achieving breakthrough performance across diverse diagnostic imaging
tasks, thereby establishing a new paradigm for disease screening and differential diagnosis*>%.

Methodological advancements

This study establishes the AFFM-YOLOVS framework as a clinically validated DL system for automated LDH
classification using axial T2-weighted MRI. By integrating multi-scale feature fusion with spatial attention
mechanisms, the model achieved 91.01% mean F1-score in 11-class MSU categorization, demonstrating near-
perfect agreement with senior surgeons (k=0.91, 95% CI: 90.6-91.4). Notably, it attained 93.13% precision (95%
CI: 88.8-96.2) for critical Grade 3 A herniations. The AFFM-YOLOVS architecture addresses two fundamental
limitations of prior LDH diagnostic systems: (1) Task decoupling: By separating anatomical localization
(voxel-level herniation detection) from pathological characterization (MSU grading), the framework mimics
radiologists’ analytical workflow, enhancing interpretability. (2) Dynamic feature fusion: The AFFM module’s
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channel-spatial attention mechanism prioritizes morphologically critical regions (e.g., dural sac compression
zones), enabling precise detection of small targets (<5 mm) in low-contrast axial MRI.

This integrated system achieves end-to-end diagnostic detection: precise voxel-level segmentation of
herniated nucleus pulposus. This approach explains the model’s superior performance over sagittal-focused
systems like Tsai et al’s YOLOV3 variant (81.1% accuracy) and hybrid architectures such as Lu et al’s U-Net-
based model (80.4% stenosis grading accuracy)®*?>.

Clinical implications
Three transformative clinical applications emerge from this work:

1. Diagnostic standardization: The MSU-compliant classification reduces inter-rater variability (junior vs. sen-
ior clinician k=0.87 vs. 0.91), addressing a critical barrier in resource-limited settings. By applying the MSU
11-level grading system and axial MRI for refined anatomical segmentation, more precise and personal-
ized management of LDH treatment was achieved, providing an interpretable clinical decision-making logic
framework for the Al-assisted diagnostic system. Standardized grading minimizes subjective variability in
MRI interpretations, aiding young doctors to making informed decisions.

2. Technical Efficiency: The system achieves rapid morphological analysis (2 s per MRI study), enabling effi-
cient pre-screening of high-risk herniations?®?”. This may streamline initial image triage within radiology
workflows, potentially reducing time spent on preliminary image evaluation.

3. Informed Patient Engagement: Automated anatomical reports may enhance diagnostic transparency, po-
tentially reducing delays in specialist assessment—particularly relevant given LDH’s peak incidence at ages
30-50%8. These tools are strictly confined to morphological analysis: They generate no surgical necessity pre-
dictions (outputs reflect anatomy alone); They provide no treatment guidance; When integrated with clinical
context under physician oversight, this approach could support personalized management discussions while
respecting clinical decision-making boundaries.

Comparative analysis

Our diagnostic framework demonstrated superior classification accuracy (98.89%, p<0.001) compared to
the multimodal diagnostic framework by HeY et al.”, which evaluated three LDH assessment paradigms in a
retrospective cohort: standalone AI (93.4%), clinician-only interpretations (91.7%), and clinician-Al integration
(94.7%; all intergroup comparisons p<0.01). The proposed system achieved 92.59% precision (95% CI: 90.8-
94.1), outperforming da Silva et al’s quantitative MRI-based degeneration grading system (75.2% true positive
rate)*® through enhanced multiplanar feature extraction, particularly axial plane morphological sensitivity. This
study indicates that the datasets with an LDH protrusion grade of 2 or higher is unbalanced in relation to
the overall datasets, reflecting a similar imbalance in actual clinical diagnosis and treatment. When patients
exhibit symptoms due to nerve compression, such as sciatica or numbness and pain in the lower limbs, resulting
from the size and direction of the protrusion, they frequently seek hospital treatment to prevent the disease’s
progression.

Despite Xu et al’s reported sub-80% sensitivity in external validation cohorts’!, our model attained 89.78%
overall sensitivity via three technical innovations: (1) MSU-aligned multi-rater annotation protocols; (2)
multi-scale feature fusion across heterogeneous datasets; and (3) small-lesion optimized hierarchical feature
pyramid networks. Crucially, the framework achieved 95.10% accuracy (k=0.92) for Zone III (extraforaminal)
herniations, resolving a persistent challenge in automated detection of lateralized LDH subtypes with foraminal
encroachment. The display of ablation experiment results indicates that the removal of SAM or AFFM results
in a decrease in mAP and F1-score, suggesting that SAM effectively weights the informative features within the
focused feature maps. This highlights the areas most contributory to the task while suppressing irrelevant or
redundant regions, thereby enhancing model performance.

In contrast to previous studies, this study is the first to provide a simple and more detailed description of
the size and location of LDH on axial MRI. This investigation advances prior research through a large cohort
(n=100000), incorporating full annotation of 11 MSU classification subtypes. The granular taxonomy enables
stratified analysis of migration patterns (zones I-III), degeneration grades, and annular rupture configurations.

Limitations and future directions

1. Plane restriction: Integrating sagittal sequences, as suggested by Faur et al.‘s research indicates that the in-
cidence of L1-L2 issues is lowest among lumbar vertebrae in the sagittal position, while the incidence of
L4-L5 symptoms is highest®2. Based on this study, the combined analysis of sagittal positioning can facilitate
three-dimensional reconstruction, quantify the volume, and assess the space-occupying effect of the pro-
trusion, could enhance 3D herniation volume quantification and posterior longitudinal ligament integrity
assessment.

2. Real-world integration: While the system reduces MRI interpretation time to <2 s, clinical workflows neces-
sitate optimized medical imaging infrastructure to enable rapid MRI data retrieval and diagnostic interpre-
tation by clinicians.

3. Al-driven strategy in LDH surgical: Advanced endoscopic techniques like percutaneous transforaminal en-
doscopic discectomy achieve comparable neural decompression with enhanced foraminal visualization¥-%.
As demonstrated by Xu et al.’s DL model integrating multiplanar MRI morphometrics with clinical biomark-
ers*, future Al-driven systems should incorporate high-resolution MRI phenotypes and quantitative clinical
metrics to refine surgical strategy selection.
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4. While the proposed model demonstrates robust performance in LDH classification, several limitations war-
rant acknowledgment: In this study, the model inherently employs Binary Cross-Entropy (BCE) loss for
classification tasks, we did not use class balance and other related loss functions in model training, this may
introduce prediction bias toward prevalent subtypes. In future research, we can employ synthetic data aug-
mentation technology to enhance the limited types of datasets and mitigate issues such as imbalance.

Conclusion

The AFFM-YOLOvVS framework integrates MSU-based classification with anatomical risk stratification,
achieving physician-level diagnostic concordance (k>0.9) in axial MRI analysis. By combining standardized
hernia grading with clinical neurological symptom assessment, this system supports comprehensive clinician
judgment for personalized treatment planning.

Data availability
All data generated or analyzed during this study are included in this published article. Both original data gener-
ated in our research and any secondary data are available by the corresponding author (Weifei Wu).
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