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Abstract—The diagnosis of spinal pathologies is complex due to
the frequent overlap of multiple diseases in the same anatomical
location, a scenario that current segmentation or classification
methods do not efficiently address. This work presents an
empirical study on the segmentation of multiple overlapping
pathologies, proposing and systematically comparing three strate-
gies: (i) a baseline binary class approach using independent
models; (ii) a multi-class approach mapping disease combinations
to unique labels; and (iii) a multi-label approach using parallel
channels to explicitly model co-occurrence. We evaluated over 300
training and inference pipelines, combining five neural network
architectures and three loss functions. Our preliminary results
show that the multi-label strategy significantly outperforms the
other approaches in both accuracy and computational efficiency,
establishing a promising direction for developing robust, scalable
diagnostic tools.

I. INTRODUCTION

Low back pain is a leading cause of disability world-
wide [2], and Magnetic Resonance Imaging (MRI) of the
lumbar spine is a cornerstone for its diagnosis [1]. However,
a central challenge in the automated analysis of these images
is the semantic overlap of multiple classes, where a single
intervertebral disc may simultaneously present with conditions
like a herniation and disc narrowing—a scenario most current
methods are not designed to handle.

Current deep learning methods for lumbar spine analysis
typically follow two paths: single-disease segmentation [4], [5]
or complex multi-stage classification pipelines [6]. The former
ignores pathological co-occurrence, while the latter are often
computationally inefficient and difficult to generalize. Neither
approach effectively handles the common clinical scenario of
multiple, overlapping pathologies within a unified framework.

To address this gap, this paper presents an ongoing, compre-
hensive study on the segmentation of multiple pathologies in
lumbar discs. We propose and compare three distinct strategies
to manage diagnostic overlap. Our goal is to determine the
most effective and efficient strategy for simultaneously delin-
eating and diagnosing multiple co-occurring conditions.

The main contributions of this work in progress are:

o The proposition of three strategies for the multi-diagnosis
problem: (i) a binary class approach treating each pathol-
ogy independently; (ii) a multi-class approach mapping
disease combinations to unique and exclusive classes; and
(iii) a multi-label approach, which explicitly models the
coexistence of diagnoses in distinct binary channels.

o A systematic comparative analysis with over 300 training
and inference pipelines, evaluating five neural networks
and three loss functions, establishing a reference bench-
mark for this complex clinical scenario.
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o The demonstration that the proposed multi-label strategy
offers a superior trade-off between accuracy and compu-
tational cost, achieving performance comparable to the
significantly more expensive binary approach.

The rest of this work is organized as follows. Section II
discusses related work. Section III presents our approaches
to multi-pathology diagnosis. Section IV describes the experi-
mental setup. Section V reports our results. Finally, Section VI
offers our conclusions and directions for future work.

II. RELATED WORK

The literature on spinal imaging with deep learning is exten-
sive. One significant branch of research focuses on segmenting
symptomatic areas for a single pathology, such as Lumbar
Spinal Stenosis [4] or Disc Herniation [14], [15]. While
effective for their specific tasks, these methods are inherently
single-label and cannot address the frequent coexistence of
multiple diseases.

A second line of work aims to diagnose multiple diseases
but typically relies on complex, multi-stage pipelines that sep-
arate structure localization from classification [6], [16]. These
fragmented approaches are often computationally expensive
and difficult to generalize. Although some recent works have
explored multi-label classification of spinal pathologies [17],
[18], they operate on an image or patch level, failing to provide
the precise spatial localization that semantic segmentation
offers. Our work bridges this gap by proposing end-to-end
segmentation frameworks explicitly designed to handle multi-
pathology overlap.

III. OUR APPROACHES

To address the challenge of multi-pathology diagnosis, we
propose and systematically evaluate three distinct seman-
tic segmentation strategies. These strategies—Binary Class,
Multi-Class, and Multi-Label Segmentation—represent differ-
ent conceptual frameworks for handling diagnostic overlap and
are detailed in the following subsections.

A. Binary Class Segmentation

The first strategy (Figure 1), Binary Class Segmentation,
serves as our baseline and decomposes the complex multi-
diagnosis problem into a series of independent binary segmen-
tation tasks. In this formulation, a separate segmentation model
is trained specifically for each of the pathologies analyzed.

Let X € RP*HXW be an input Magnetic Resonance
Imaging (MRI) volume and P = {py,...,p,} be the set of
n pathologies. For each pathology pr € P, a corresponding
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Fig. 1: Binary Class Segmentation.

binary ground truth mask Y;, € {0,1}P*H>W indicates its
location. The objective is to learn a set of n independent
models {M}7_,, where each model M, : RP*XH*W _,
[0, 1]P*H*W g trained to predict the mask Yj. The final
diagnosis for the volume X is the collection of all n individual
predictions and can be expressed as:

Vi = Mp(X), fork=1,...,n 1)

where each predicted mask Y is generated by a model M.

The main advantage of this strategy is its simplicity and
focus. By training a model for a single task (e.g., segmenting
only Disc Herniation), the network can specialize in learning
the unique visual features of that condition. This can lead to
high performance for each individual disease and establishes
a robust performance ceiling against which the other, more
complex strategies can be compared.

However, the drawback of this approach lies in its high
computational cost and resource inefficiency. The need to
train, validate, and store n independent models multiplies the
experimentation time and hardware demand. Furthermore, in a
clinical scenario, it would be necessary to run all these models
on a single patient’s MRI to obtain a complete diagnosis,
making the process slow and cumbersome. This strategy also
fails to learn any correlations that may exist between different
diseases, treating each as an isolated event.

B. Multi-Class Segmentation

The second strategy (Figure 2), Multi-Class Segmenta-
tion, reformulates the multi-diagnosis problem into a non-
overlapping multi-class segmentation task. The premise is to
create a unique class identifier for every possible combination
of pathologies that can occur in a specific intervertebral disc.

Let C,ps C 27 be the set of m unique pathology combina-
tions observed in the dataset. We create a new ground truth

mask Y’ € {0,1,...,m}P>*H*W _For each intervertebral
disc, all its voxels are assigned a single integer label ¢ €
{1,...,m} that uniquely identifies the specific combination of

pathologies present, with ¢ = 0 for the background. The goal is
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Fig. 2: Multi-Class Segmentation.

to learn a single model M : RPXHXW _y R(m+1)xDxHxW
that performs standard multi-class over these fused labels. This
operation can be expressed as:
Y’ = argmax(M (X)) (2)
c
where the model M outputs a probability distribution over the
m + 1 classes for each voxel, and the final prediction Y’ is
the class with the maximum probability.

The main advantage of this approach is its conceptual
simplicity, allowing standard deep learning architectures to
be trained end-to-end. However, its primary drawback is the
combinatorial explosion in the number of classes, which
increases model complexity and exacerbates class imbalance,
as many pathology combinations are extremely rare. In this
study, the m = 70 classes observed in the dataset were used.

C. Multi-Label Segmentation

The final and most flexible strategy is Multi-Label Seg-
mentation (Figure 3), which directly addresses the problem
of coexisting pathologies. In this formulation, each disease
is treated as an independent, binary segmentation channel,
allowing for multiple, overlapping predictions.

Let the ground truth be a tensor Y € {0, 1}xDxHxW/
where each channel Y} is the binary mask for pathology
prx € P. The objective is to learn a single model M
RPXHXW. [0 1> PxHXW that takes an MRI volume and
outputs a tensor of n probability maps, one for each pathology.
The operation for this approach can be expressed as:

V1, Ya,..., Y} = M(X) 3)

where a single model M simultaneously generates a set of n
distinct prediction masks.

The primary advantage of this strategy is its flexibility
and efficiency. By treating each disease as an independent
task within a single model, it can generalize to pathology
combinations not seen during training and is far more compu-
tationally efficient than the Binary Class strategy. Additionally,
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Fig. 3: Multi-Label Segmentation.

the model can learn shared features that may be relevant to
multiple diseases, potentially improving overall performance.
Its complexity, however, lies in the training process, as
it requires optimizing n tasks simultaneously. This demands
rigorous gradient management and careful selection of the loss
function to ensure balanced learning across all tasks.

IV. EXPERIMENTAL SETUP

Preliminary experiments were conducted on the public
SPIDER (SPine Imaging Diagnostic Extended Resource)
dataset [3]. It contains 447 T1 and T2-weighted MRI series
from 257 patients, collected from four different hospitals in
the Netherlands, with patient ages ranging from 18 to 95
years. The dataset is enriched with two types of expert-
validated annotations: precise anatomical segmentations of
vertebrae, intervertebral discs, and the spinal canal, alongside
detailed radiological classifications for a spectrum of degen-
erative changes, including disc herniation, spondylolisthesis,
and Modic changes. This simultaneous availability of segmen-
tation masks and multi-pathology labels provides the essential
ground truth required for our investigation into automated
multi-pathology diagnosis.

To evaluate the proposed strategies, we selected five state-
of-the-art architectures for medical image segmentation, span-
ning convolutional (CNN), hybrid, and Transformer-based
models. The CNN architectures include the U-Net 3D [8],
an extension of U-Net for volumetric data, and the V-Net [9],
which integrates residual connections for deeper networks. As
a hybrid approach, we used a U-Net with a ResNet-50 [11]
encoder for more powerful feature extraction. Finally, we
explored Transformer-based models: the UNETR [7], which
uses a Transformer as an encoder to capture long-range spatial
dependencies, and its evolution, the Swin UNETR [10], which
employs the more efficient attention of the Swin Transformer
to model global relationships. To optimize model training, we
evaluated three distinct loss functions tailored for this task: the
standard Dice loss [9], a hybrid Dice+Focal loss [12], and the
Generalized Dice loss [13].

All experiments followed a standardized protocol using only
T2-weighted MRI scans. The dataset was partitioned into
training (134 scans), validation (34 scans), and test (42 scans)
sets. To ensure reproducibility, all runs were initialized with a
fixed random seed (42). For preprocessing, all MRI volumes
were intensity-scaled and resized to 32x192x 192 voxels using
center cropping or zero-padding. All models were trained for
500 epochs using the Adam optimizer with a learning rate of
1 x 10~* and a batch size of 8. Performance was measured
using the Dice Similarity Coefficient (DSC). We report both
the macro-average across classes, which assess performance at
the class level; and the example-based average across voxels,
which assess performance at the instance level [19].

V. CURRENT STATE OF THE RESEARCH

In this stage of the research, we have processed and evalu-
ated over 300 training and inference pipelines to systematically
compare the three proposed strategies. The analysis of the
obtained results has allowed us to draw important conclusions
about the feasibility of each approach.

A. Preliminary Results and Discussion

Figure 4 provides a detailed comparison between the Bi-
nary Class, Multi-Class, and Multi-Label strategies across
all architecture-loss combinations. The Multi-Class strategy
proved to be ineffective. Due to the extreme class imbalance
created by mapping 70 unique pathology combinations to
distinct classes, the macro-average DSC scores were consis-
tently below 0.15 for nearly all models. The poor performance
confirms that this approach is not viable for this problem.
Consequently, it was excluded from further comparison.

The results in Figure 4(a) show a clear and significant
finding: the Multi-Label strategy consistently outperforms
the Binary Class baseline. The best Multi-Label configura-
tions (V-Net and Swin UNETR with Dice loss) achieved a
macro-average DSC of 0.36 and 0.35. In contrast, the best-
performing Binary Class model (UNETR with Dice/GDL)
only reached a score of 0.34. This strongly suggests that
training a single, unified model capable of learning shared
features across pathologies is more effective than training
specialized, isolated models.

The example-based DSC results in Figure 4(b) measure
the model’s ability to predict the correct set of labels for
each voxel. Here, the performance gap narrows. The best
Binary Class models achieved a score of 0.39, while the best
Multi-Label model was just behind at 0.38. This indicates
that while the Multi-Label approach is superior at identifying
pathologies at a macro level, the specialized single models
remain competitive at identifying the precise combination of
labels at a given location.

Our results confirm the efficacy of the Multi-Label strat-
egy, which achieves superior performance with a single model,
making it more computationally efficient and clinically practi-
cal than the Binary Class approach. Its success stems from the
ability to learn shared representations. The Swin UNETR and
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Fig. 4: DSC results for the three proposed strategies

V-Net architectures consistently performed best, especially
with Dice loss, confirming our approach’s robustness.

B. Next Steps

Based on these results, the research has advanced to a
second experimental phase to refine and validate our conclu-
sions. We are currently utilizing random crops of dimension
32 x 192 x 192 instead of a fixed center crop for training. Fur-
thermore, inference will be performed with a sliding window
approach to generate full-size segmentation maps, aiming to
improve the method’s clinical applicability.

VI. CONCLUSION

In this work-in-progress, we presented a systematic evalua-
tion of three deep learning strategies for the challenging task
of multi-pathology segmentation in lumbar spine MRI. Our
preliminary results indicate that a Multi-Label segmentation
strategy is significantly more effective and efficient than
treating each disease independently or mapping combinations
to unique classes. Architectures like Swin UNETR and V-Net,
optimized with a Dice loss, have shown the most promise.

This study establishes a strong foundation for future re-
search. Our ongoing work involves exploring random crops
for training and a sliding window-based inference, aiming to
generate full-size segmentation maps of the scan and thus
enhance the clinical applicability of our approach. The ultimate
goal is to develop a validated, scalable, and clinically useful
tool for automated spinal diagnosis.
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