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Abstract

Lumbar degenerative conditions are a major cause of
chronic low back pain, and MRI is the primary tool for
assessing their severity. Grading across multiple lumbar
levels is slow and inconsistent between readers. Deep
learning models trained at single sites or on pooled data
struggle to generalize across hospitals with different
scanners and protocols, and sharing raw scans between
institutions is rarely feasible. Fed-SpineNet is a
federated learning framework that classifies multi-level
lumbar degeneration severity while keeping patient
data local. It fuses sagittal T1, sagittal T2/STIR, and axial
T2 sequences using cross-view attention, and
incorporates center-adaptive normalization, ordinal
severity loss, and attention consistency regularization.
On the LumbarDISC dataset of 2,697 patients and 8,593
MRI series from eight centers, it achieves 89.4%
balanced accuracy, 88.1% macro Fl-score and 0.968
AUC, surpassing all local, centralized and federated
baselines. These findings suggest that federated training
of task specific components can match centralized
performance in spinal pathology grading.

Keywords: Federated learning, Ilumbar spine
degeneration, severity  classification, magnetic
resonance imaging, multi-view fusion, privacy-
preserving, deep learning.

1. Introduction

Lumbar spine degenerative conditions are one of the
most prevalent musculoskeletal conditions in adults [1].
MRI is the most commonly used imaging modality for
assessing disc degeneration, spinal stenosis, and
foraminal narrowing and has the advantage of viewing
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soft tissue without the use of ionizing radiation [2].
Ordinal scales of severity are used for clinical grading,
and manual grading is slow and subjective. Automated
classification might help to achieve consistency and
reduce the workload of radiologists.

Most of the deep learning studies in this field are based
on data from a single hospital or a centralized data pool
[3]. The problem with that configuration is that it
doesn't work. There are variations in scanners, different
protocols are employed at different sites, and patient
populations are different [4]. Models trained with a
specific acquisition profile have difficulties with images
coming from a different acquisition profile.
Centralization of data from multiple hospitals would
help, but in practice, privacy regulations make it difficult
to share data across hospitals. Multi-site lumbar spine
classification without raw data transfer has not been
extensively studied.

Previous strategies have relied on CNNs such as ResNet-
50 and DenseNet-121 with single-site data, and some
recent work has focused on Vision Transformers [6].
Federated algorithms have been introduced in medical
imaging but are not widely used in spinal pathology,
such as FedAvg and FedProx [7]. These generic methods
do not consider the ordinal nature of the severity grades
or the multi-sequence nature of lumbar MRI.

In this paper, a federated framework, named Fed-
SpineNet, for multi-level lumbar degeneration
classification in distributed centers is presented. It
combines three MRI sequences using a cross-view
attention module [8]. Centers adaptive normalization
addresses inter-site imaging differences. For example,
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an ordinal severity loss maintains the ranking of the
classes Normal/Mild, Moderate, and Severe. To address
the instability of training caused by data heterogeneity,
they introduce proximal regularization and attention
consistency to stabilize training, and replace the
standard FedAvg with a center-aware aggregation.

The main contributions are as follows:

¢ A federated framework (Fed-SpineNet) for privacy-
preserving multi-level lumbar severity classification
using multi-sequence MRI.

¢ Across-view fusion module with learned attention to
fuse sagittal T1, sagittal T2/STIR and axial T2 features.

¢ Center-adaptive normalization to address inter-site
imaging variability without sharing patient data.

e An ordinal severity loss that penalizes
misclassifications based on their distance from the true
grade.

e Combined proximal and attention consistency
regularization for stable federated convergence.

The rest of this paper is organized as follows. Section I
covers related work. Section Il details the Fed-SpineNet
framework. Section IV describes the dataset,
experiments, and results. Section V concludes the

paper.

2. Related Work

In recent years, deep learning has been used more and
more in the field of spine imaging and degenerative
disease assessment. Wang et al. [9] reported an
association of blood type O with osteoporosis in
patients undergoing lumbar fusion, but the study was
observational and conducted at a single centre, so
causality could not be inferred. Gete et al. [10] found
high pooled sensitivity and specificity for deep learning
based detection of spinal degenerative disease on MRI;
however, most studies were retrospective and were
associated with significant risk of bias. Giaccone et al.
[11] reported good Al performance in the decision
support for lumbar disorders with AUC ranging up to
0.99, but the heterogeneity of the studies limited direct
comparisons. In the work of Chen et al. [12] high
agreement was obtained in the assessment of the
paraspinal muscle using deep learning, without external
scanner validation. Zou et al. [13] achieved good results
on adjacent segment degeneration prediction, but the
external samples were too limited to be generalized due
to manual annotations. Pina Vegas et al. [14] noted
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progressive degradation of the spine over 10 years, but
there was some loss of follow-up and variations in
scanners which affected consistency. Beyer et al. [15]
emphasized that imaging and clinical symptoms are not
always congruent, and there was no formal meta-
analysis in this narrative review.

3. Proposed Methodology

This section describes the Fed-SpineNet framework. The
overall architecture is shown in Fig. 1. The system takes
multi-sequence lumbar MRI from distributed medical
centers and classifies five degenerative conditions at
five lumbar levels into three severity grades.

Client Side (K Centers) Server Side
Sagittal T1 Backbone Encoder [€-------=----u--uq
Center-Aware |
|
Sagittal H
T2sTR [ Center-Adaptive |
Normalization Global Model |«
Axial T2 Severity Classifier

v v ¥ ¥ v

| L1/L2 || L2/L3 “ L3/L4 || L4/LS || L5/81 l

Figure 1. Overall architecture of the proposed Fed-
SpineNet framework.

3.1 Problem Formulation

The setup involves K medical centers, with K = 8 here.
Each center k has a local dataset D), = {(x{-‘,yik)}?;‘l,
where x¥ is the multi-sequence MRI input and y¥ €
{0,1,2} maps to Normal/Mild, Moderate, or Severe. The
goal is to minimize the weighted loss across all centers

without moving raw data, as in (1):
- K E
minTf_, W Le(8) (1)

where N = YK_, n, is the total sample countand £ (8)
is the local loss at center k. Only model parameters
travel between clients and the server. Patient data stays
local throughout.

3.2 Multi-Sequence Feature Extraction and Cross-View
Fusion

Each input x; has three sequences: sagittal T1 (x
sagittal T2/STIR (x72), and axial T2 (x4¥). A shared
backbone fy extracts feature maps from each sequence
separately. The cross-view fusion module then
combines them using learned attention. Given feature
maps FT1, FT2, and F4%, the fused output is computed
asin(2):

Tl)
7



Ffused = Eve{Tl,TZ,Ax} ay - Fv (2)

where a,, is the attention weight for view v, obtained
via softmax normalization as in (3):

@ = exp(s(FY))
V' Sore(rir2,4x) €xp(s(FY))

(3)

Here s(-) is a small scoring network that produces a
scalar relevance score per view. The model can then
weight each MRI sequence differently depending on the
lumbar level and condition being classified.

3.3 Center-Adaptive Normalization

Scanner differences, acquisition settings, and patient
demographics vary across centers. Standard batch
normalization ties the feature distributions to local data,
which hurts generalization. Center-adaptive
normalization keeps center-specific affine parameters
while  sharing  normalization  statistics  during
aggregation. For center k at layer [, the normalized
feature is given by (4):

o_
LK) — Vlgl) JETEB ,El) (4)
oh+e
O]

Here, ug and o3 are batch statistics, yk(l) and B, are
center-specific scale and shift terms, and € is for
numerical stability. These affine parameters are not
affected by aggregation. All other information is
available worldwide.

3.4 Ordinal Severity Loss

Severity grades are listed in a natural progression:
Normal/Mild < Moderate < Severe. In standard cross-
entropy, an error of Normal/Mild to Severe is the same
as moderate to severe, which is clinically worse. The
ordinal loss includes a distance-based penalty as
specified in (5):

Lora = _Zgz_(} Wy ¢ 'YClog(ﬁc) (5)

where C = 3, p, is the predicted probability for class c,
and w, . =1+ 4|y —c| scales the penalty by the
ordinal gap between the true label y and class c. The
hyperparameter A sets how strongly this ordering is
enforced.

3.5 Federated Training with Proximal Regularization

When data distributions differ across centers, local
models can drift far from the global model. A proximal
term keeps local updates close to the current global
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weights. The regularized loss at center k is formulated
asin (6):

L (61) = Li(81) + 5116, =69 1> (6)

where 6, are the local parameters, 69 is the global
model, and u controls regularization strength. This limits
drift without preventing the local model from adapting
to its own data.

3.6 Attention Consistency Regularization

Local models at different centers should focus on similar
anatomical regions for the same condition. The
attention consistency loss encourages each local
model’s attention maps to stay close to those of the
global model, as in (7):

1
Lattn = EZL’GB A (x) —AI(x) 1E  (7)

where Ay (x;) and A9(x;) are attention maps from the
local and global models respectively, and ||llz is the
Frobenius norm. This reduces disagreement across
centers about which regions matter for classification.

3.7 Center-Aware Aggregation

Standard FedAvg averages model updates weighted by
dataset size alone. Fed-SpineNet uses a center-aware
scheme that also factors in local validation quality. The
global model at round t is updated as in (8):

9tg+1 =Yr=1 w0 (8)

where wj, balances data proportion and local model
performance. The full local objective at each center
combines all three components as in (9):

Liotat = Lora +5 110 = 09 174+ 1 - Lagen (9)

where 1 weights the attention consistency term. Each
center minimizes this combined loss locally during every
communication round.

Table 1. Description of the LumbarDISC Dataset

Characteristic Description

Dataset name RSNA Lumbar Degenerative
Imaging Spine Classification
Dataset

Short name LumbarDISC

Imaging modality | Lumbar magnetic resonance
imaging




Total

2,697 | 8,5

93

1,888

404

405

100.
00

Number of | 2,697
patients

Number of MRI | 8,593
series

Number of | 8

medical centers

Table 3. Performance Comparison with Existing

MRI sequences

Sagittal T1, sagittal T2/STIR, and
axial T2

Lumbar levels

L1/L2, L2/L3, L3/L4, L4/L5, and
L5/s1

Target conditions

Five lumbar
conditions

degenerative

Severity classes

Normal/Mild, Moderate, and

Severe

Training patients 1,888

Validation patients | 404

Testing patients 405

Federated clients | Eight simulated medical centers

Primary task Multi-level lumbar
degeneration severity

classification

Table 2. Federated Data Distribution Across Medical

Methods
Metho | Trainin | Balan | Ma | AU | Cohe | Log
d g ced cro | C n’s Los
Setting | Accur | F1- Kapp | s
acy Sco a
(%) re
(%)
ResNet- | Local 804 |789|09 |0.68 | 0.6
50 +18 | +£2106 |2 12
DenseN | Local 81.6 [80.2|09 |0.70 |05
et-121 +17 1 +£1917 |1 83
ResNet- | Central | 86.8 | 85.1{0.9 | 0.79 | 0.4
50 ized +1.0 | +1253 |7 58
Vision Central | 88.7 | 87.4(09 |0.83 |0.4
Transfo | ized +08 | +£1065 |1 11
rmer
FedAvg- | Federa | 85.2 |83.7|0.9 | 0.77 | 0.4
CNN ted +13|+1544 |3 89
FedPro | Federa | 86.1 |84.8|/09 [0.79 |04
x-CNN ted +11|+1350 |0 65
SCAFFO | Federa | 87.3 | 86.2|09 | 081 |04
LD-ViT ted +09 | +£1158 |2 36
FedAvg- | Federa | 87.8 | 86.7|09 (082 |04
ViT ted +09 | £1.06e61 1 24
Fed- Federa | 89.4 [ 88.1/ 0.9 | 0.84 | 0.3
SpineN | ted +0.7|+£0.§68 |8 86
et

Table 4. Condition-Wise Classification Performance of

Fed-SpineNet

Centers
Medi | Patie | MRI | Train | Validat | Testi | Dat
cal nts Seri | ing ion ng a
Cent es Shar
er e

(%)

Cent | 482 1,5 | 337 72 73 17.8
erl 24 7
Cent | 421 1,3 | 295 63 63 15.6
er2 41 1
Cent | 387 1,2 | 271 58 58 14.3
er3 37 5
Cent | 348 1,1 | 244 52 52 12.9
erd 10 0
Cent | 315 995 | 221 47 47 11.6
er5 8
Cent | 289 912 | 202 43 44 10.7
ero6 2
Cent | 248 801 | 174 37 37 9.20
er7
Cent | 207 673 | 144 32 31 7.67
er8
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Lumba | Accu | Preci | Sensit | Specif | F1- | AU
r racy | sion | ivity icity Sc | C
Conditi | (%) (%) (%) (%) ore

on (%)
Spinal | 91.2 |90.4 | 89.7 93.1 90. | 0.9
canal 0 76
stenosi

s

Left 89.6 | 88.7 | 879 91.0 88. | 0.9
neural 3 68
forami

nal




narrow
ing

Table 6. Ablation Study of Fed-SpineNet Components

Right
neural
forami
nal
narrow

ing

89.3

88.4 | 87.6

90.8

88.

0.9
66

Left
subarti
cular
stenosi
3

88.7

87.6 | 86.8

90.3

87.

0.9
63

Right
subarti
cular
stenosi
3

88.4

87.5 | 86.5

90.1

87.

0.9
62

Macro
Averag
e

89.4

88.5 | 87.7

91.1

88.

0.9
67

Table 5. Medical Center-Wise Generalization Results

Medical | Balance | Precisio | Reca | Macr | AUC
Center d n (%) (%) | o F1-
Accurac Score
y (%) (%)
Center1 | 90.2 89.5 88.8 | 89.1 | 0.97
1
Center 2 | 89.8 89.0 88.2 | 88.6 | 0.97
0
Center 3 | 89.5 88.7 87.9 | 88.3 | 0.96
9
Center4 | 89.1 88.4 87.5 | 87.9 |0.96
7
Center 5 | 88.9 88.1 87.3 | 87.7 |0.96
6
Center 6 | 88.7 87.8 87.0 | 87.4 |0.96
5
Center 7 | 88.3 87.4 86.6 | 87.0 | 0.96
2
Center 8 | 87.9 87.0 86.2 | 86.6 | 0.96
0
Weighte | 89.2 88.5 87.7 | 88.1 | 0.96
d 8
Average

SGS Initiative, VOL. 1 NO .4 (2026): LGPR

Model Balance | Macr | AUC | F1

Configuratio | d o F1- Reductio

n Accurac | Score n (%)
y (%) (%)

Without 87.6 86.1 095 |20

cross-view 7

fusion

Without 88.2 86.8 096 |1.3

center- 1

adaptive

normalizatio

n

Without 88.5 87.0 096 |11

ordinal 3

severity loss

Without 87.9 86.4 095 |1.7

proximal 8

regularizatio

n

Without 88.7 87.3 096 |0.8

attention 4

consistency

With 87.8 86.7 096 |14

standard 1

FedAvg

aggregation

Complete 89.4 88.1 0.96 | 0.0

Fed- 8

SpineNet

4. Experimental Results and Discussion

4.1 Dataset Characteristics

Experiments use the LumbarDISC dataset from the
RSNA Lumbar Degenerative Imaging Spine Classification
challenge. As summarized in Table 1, it contains 2,697
patients with 8,593 MRI series from eight medical
centers. Each patient has three sequences: sagittal T1,
sagittal T2/STIR, and axial T2. Five lumbar levels from
L1/L2 to L5/S1 are annotated for five degenerative
conditions, graded as Normal/Mild, Moderate, or
Severe. The data is split into 1,888 training, 404
validation, and 405 testing patients. Eight medical
centers serve as simulated federated clients, each
holding a different share of the total data. This non-
uniform setup mirrors what happens in practice when



hospitals of different sizes participate in a federated
system.

4.2 Federated Data Distribution

Table 2 shows how data is spread across the eight
clients. Center 1 has the most with 482 patients and
1,524 MRI series, making up 17.87% of the dataset.
Center 8 has the least at 207 patients and 673 series,
just 7.67%. The drop-off is gradual. This kind of
imbalance is common in multi-hospital settings, where
large academic centers typically contribute far more
data than smaller clinics. The training, validation and
testing splits are done at each center with the same
overall ratio. The imbalance is important for federated
optimization as the centers with fewer samples will
generate noisier updates, and the global model must be
good across all eight centers.

Performance Comparison with Existing Methods

= Balanced Accuracy (%)
== Macro F1-Score (%)
AUC (x100)

ResNet-50 DenseMet-121 ResNet-50 Vit Fedavg FedPrax  SCAFFOLD Fedavg Fed:
CHN it

od-
(Local) {Local) (Central)  (Central) “CNN it SpineNet

Figure 2. Balanced accuracy, macro F1-score, and AUC
comparison across local, centralized, and federated
methods.

4.3 Performance Comparison with Existing Methods

Table 3 and Fig. 2 compare Fed-SpineNet with eight
baselines in local, centralized and federated settings.
Due to the limited data from a single site, locally trained
ResNet-50 and DenseNet-121 achieve 80.4% and 81.6%
balanced accuracy, respectively. Centralized training is
very helpful. The Vision Transformer gets to 88.7%
balanced accuracy and 87.4% F1-score with access to all
data. Federated methods include FedAvg-CNN, which
achieves 85.2% and FedProx-CNN, which achieves
86.1%. FedAvg-ViT achieves 87.8% performance. Among
all of them, Fed-SpineNet achieves the best
performance with 89.4% balanced accuracy, 88.1%
macro Fl-score, 0.968 AUC, and 0.848 Cohen's kappa. It
even outperforms the centralized Vision Transformer by
0.7 points in balanced accuracy, which is impressive
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given that it is a federated approach with no sharing of
raw data.

4.4 Condition-Wise Classification Performance

The results per condition are shown in Table 4 and Fig.
3. Spinal canal stenosis achieves the best results of
91.2% accuracy, 90.0% F1 score and 0.976 AUC. This is
logical since the imaging signature of stenosis of the
central canal is more pronounced on MRI. Left and right
neural foraminal narrowing are very similar with an
accuracy of 89.6% and 89.3% and an F1 of 88.3% and
88.0%. Symmetry is to be expected, as the anatomy is
bilateral. The most difficult to classify is subarticular
stenosis, with 87.2% and 87.0% F1-scores on the left and
right, respectively. The macro average is 88.1% F1 score
and 0.967 AUC for all 5 conditions, indicating that none
of these 5 conditions pull the model down.

Condition-Wise Classification Performance of Fed-SpineNet

m—Aceuracy Precision Sensitivity e Specificity s FLSco re

(AUC: 0.976 AUC: 0,968 AUC: 0,966
0.3
201
-4 Macro Av 88.1
B7.6 s
- "o
a0 !
s
ft h

Lef Right
gggggg Subarticular Subarticular

Figure 3. Condition-wise performance.

4.5 Medical Center-Wise Generalization

Table 5 shows the generalization performance of Fed-
SpineNet on all eight medical centers. Center 1 with the
highest data share obtains the best balanced accuracy
of 90.2% and AUC of 0.971. The performance slowly
drops from center to center with smaller data sets, to
Center 8 with 87.9% balanced accuracy and 0.960 AUC.
The spread between the best and worst performing
centers is 2.3 percentage points for balanced accuracy
and 0.011 for AUC. This is a fairly small range
considering the large differences in the number of
patients in each center, with Center 1 having over twice
the number of patients as Center 8. The weighted
average performance is 89.2% balanced accuracy and
88.1% macro Fl-score. These numbers suggest that the
federated setting with center-adaptive normalization
and proximal regularization can be used to obtain a



global model that has a reasonable generalization
performance even at the smallest centers involved.

4.6 Ablation Study

Table 6 and Fig. 4 show the ablation study of Fed-
SpineNet, which quantifies the contribution of each
component. The macro F1 score is 86.1% when cross-
view fusion is removed, a 2.0 percentage point drop
from the score of 88.1%. This finding emphasizes the
importance of multi-sequence information for accurate
severity grading. The second most important
regularization is the proximal regularization, which
results in a 1.7% drop in F1 and 87.9% drop in balanced
accuracy if it is removed. FedAvg without center-aware
aggregation results in 1.4% lower Fl-score, while
FedAvg without center-adaptive normalization leads to
1.3% lower Fl-score. The ordinal severity loss and
attention consistency regularization contribute 1.1%
and 0.8% F1 reductions respectively. Every component
provides a measurable benefit to the final system. The
complete Fed-SpineNet configuration at 89.4%
balanced accuracy and 88.1% F1-score represents the
best combination, and no single component can be
removed without a noticeable decline in classification
quality.

Ablation: Performance Scores

Ablation: F1-Score Drop (%)

£

K s ¥
F1-Score Reduction (%)

Figure 4. Ablation analysis showing performance scores
and F1-score reduction for each removed component.

5. Conclusion

Fed-SpineNet is a federated learning framework for
multi-level lumbar degeneration severity classification
using multi-sequence MRI. It combines cross-view
fusion, center-adaptive normalization, ordinal severity
loss, proximal regularization, and attention consistency
in a single federated architecture. On the LumbarDISC
dataset with 2,697 patients from eight simulated
centers, it achieves 89.4% balanced accuracy, 88.1%
macro Fl1-score, and 0.968 AUC, outperforming all local,
centralized, and federated baselines. Generalization
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across centers is stable, with only a 2.3-point accuracy
spread. Cross-view fusion proved the most critical
component at a 2.0% F1 gain. The framework suits
multi-hospital radiology networks where raw data
cannot leave the institution. The main limitation is that
federated clients are simulated from a single source
rather than collected independently. Future work
should validate on genuinely distributed clinical data,
extend to additional spinal pathologies, and explore
communication-efficient aggregation.
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