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Abstract

Background: Accurate segmentation and classification of multiple sclerosis (MS) lesions are
vital for a reliable diagnosis and disease monitoring. However, lesion heterogeneity in size,
location, and intensity poses significant challenges to automated analysis. Methods: To ad-
dress this, we developed a dual-stage pipeline integrating deep learning (DL) for precise spa-
tial delineation and machine learning (ML) for robust classification of MS lesions. Two ad-
vanced DL models, nnU-Net and UNETR+, were optimized for lesion segmentation. More-
over, UNETR++ and several conventional ML methods were considered for the classification
task, and Random Forest was found to be the best choice. Results: Experimental results indi-
cate that nnU-Net outperformed UNETR++ for lesion segmentation across all cases, achieving
a maximum improvement of 12.8%. During classification, Random Forest consistently outper-
formed advanced DL models, achieving at least 12% higher performance. Under practical con-
ditions, an optimized hybrid pipeline that integrates nnU-Net for precise segmentation with
Random Forests for robust classification delivers the best overall performance. Furthermore,
qualitative analysis indicates that some apparent false positives may correspond to lesions
missed during annotation, highlighting potential limitations in ground truth labeling. Con-
clusions: Overall, the proposed pipeline effectively leverages the complementary strengths of
DL and ML, offering a promising, accurate framework for automated MS lesion analysis with
potential clinical utility.

Keywords: multiple sclerosis; deep learning; machine learning; classification; segmentation;
MRI; FLAIR; nnU-Net; UNETR++
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1. Introduction

Multiple sclerosis (MS) is a chronic neurodegenerative disease affecting approxi-
mately 2.5 million people worldwide [1]. The disease causes lesions in various regions of
the brain, leading to a wide range of neurological symptoms. Visual and auditory disturb-
ances, such as double vision or hearing loss, are common manifestations in patients with
MS [2]. In addition to its physical consequences, MS also has social and mental impacts,
making accurate and early diagnosis critically important [1]. Precise diagnosis of MS re-
mains challenging, as it must be differentiated from other neurological disorders that
mimic MS, such as acute disseminated encephalomyelitis and neuromyelitis optica spec-
trum disorder [3]. A key factor in MS diagnosis is the spatial distribution of lesions within
the central nervous system. According to the 2017 revisions of the McDonald criteria,
demonstrating dissemination in space (DIS) requires the observation of lesions in at least
two of four specific anatomical areas: three brain regions (periventricular, juxtacorti-
cal/cortical, and infratentorial) and one spinal cord region [4,5]. Identifying lesion location
can be of great importance, as it and severity are two factors that strongly influence clinical
symptoms and disease progression [6]. Therefore, detection of lesions anywhere in the
central nervous system is the first step toward MS diagnosis [7].

Magnetic resonance imaging (MRI) plays a critical role in demonstrating the dissem-
ination of lesions across different brain regions and monitoring the development of new
lesions over time [5]. Furthermore, the opportunity to observe new or acute hyperintense
lesions alongside chronic lesions makes this modality a strong choice for follow-up and
assessment of disease progression [5]. MS lesions are typically hyperintense on T2-
weighted, proton density, and fluid-attenuated inversion recovery (FLAIR) sequences.
These sequences have visual priority over the T1 sequence, which demonstrates the le-
sions as iso- or hypo-intense. However, pinpointing the exact number and location of le-
sions, considering their dispersion, remains a challenge.

In this manner, MS lesion segmentation is a necessary step before quantitative anal-
ysis of disease progression and estimation of destruction. Following segmentation, lesion
classification by anatomical location is a critical step in treatment planning and disease
monitoring [8,9]. Neuroradiologists commonly do MS lesion segmentation manually;
however, this process is time-consuming, error-prone, and subject to inter-observer vari-
ability. Furthermore, determining the precise anatomical regions associated with each le-
sion can introduce additional uncertainty, potentially affecting clinical decision-making
[10].

In recent years, artificial intelligence (Al) approaches have assisted many physicians
in disease diagnosis. Al-based approaches for automatic MS lesion detection have signif-
icantly evolved from conventional image processing methods to machine learning (ML)
algorithms and, more recently, deep learning (DL) models [8,11,12]. Despite extensive
studies using various DL and ML approaches for MS lesion detection and segmentation,
ongoing challenges remain in developing an automatic, highly accurate, and efficient di-
agnostic approach [13]. Motivated by these challenges, this study proposes an automated,
robust pipeline for the segmentation and classification of MS lesions, with particular em-
phasis on lesion location, a critical factor in clinical decision-making. The proposed pipe-
line integrates DL-based and ML-based approaches, enabling accurate lesion identifica-
tion and categorization. The first step involves using DL models to segment MS lesions
from brain MRI images, which excel at capturing local, spatial, and pixel-wise features,
thereby ensuring precise lesion detection.

Subsequently, the detected lesions are classified using both ML and DL algorithms
that explicitly incorporate lesion location information. The proposed pipeline aims to fa-
cilitate faster, more accurate MS diagnosis, support treatment planning, and improve
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predictive assessment by addressing the challenges posed by the complex spatial charac-
teristics of MS lesions across different brain regions.

2. Related Works

Artificial intelligence algorithms have been extensively applied to the segmentation
and classification of MS lesions. In this section, previous studies on MS lesion segmenta-
tion and classification are discussed separately.

In 2015, Maier et al. [14] employed the random forest algorithm for MS lesion seg-
mentation using voxel-by-voxel classification on multitemporal MRI images. Although
their approach demonstrated improved performance on some metrics, the results appear
constrained by an upper limit, and the models’ generalizability to unseen data was not
adequately established. To address the limitations commonly associated with ML algo-
rithms, Afzal et al. [15] proposed a Convolutional neural network (CNN) based method,
achieving a Dice score of up to 0.67. However, their method had difficulty detecting le-
sions near the cortex or those close together.

CNN-based models offered notable improvements, and subsequent studies identi-
fied U-Net architectures as a more effective alternative for MS lesion segmentation [16,17].
To improve U-Net performance, several modifications to the standard U-Net architecture
have been proposed. Alessia Rondinella et al. [18] incorporated a convolutional long
short-term memory layer and an attention mechanism to enhance temporal and spatial
feature representations. Similarly, Beytullah Sarica et al. [19] proposed a dense residual
U-Net combined with an attention gate, efficient channel attention, and Atrous spatial
pyramid pooling. Joshi et al. [20] combined a CNN with a graph convolutional network,
which poses a high computational burden.

Additionally, Ton-Wiltgen et al. [21] proposed a pipeline comprising three 3D U-Net
models trained on 3T FLAIR and T1 training images, employing a combination of binary
cross-entropy and Tversky loss functions for white matter lesion segmentation. Placidi et
al. [22] demonstrated that dual U-Net models applied to 2D FLAIR slices, incorporating
uncertainty as an intermediate class, can produce reliable 3D lesion masks without the
need for multiple contrasts. In parallel, Ghosal et al. [23] employed two distinct U-Net
architectures: one emphasizing residual concatenation and the other spatial channel at-
tention to segment lesions as localized objects. Despite promising results, their approach
had limitations in capturing spatial relationships when lesions spanned multiple slices.

Overall, recent studies indicate that U-Net variants achieve robust and reliable per-
formance in MS lesion segmentation. However, developing a precise, lightweight net-
work capable of maintaining high performance across varying conditions, such as low
magnetic field strength and limited MRI contrast, remains a clinically significant and open
research challenge.

In addition to the importance of accurate lesion segmentation, determining the ana-
tomical location of lesions is essential. In this context, numerous studies have investigated
the problem of MS lesion classification. Ying Wu et al. [24] conducted a study for auto-
matically segmenting MS lesions into three subtypes (i.e., enhanced lesions, T1 black
holes, and T2 high-intensity lesions) using a region-growing algorithm combined with a
k-NN classifier. However, these traditional methods rely largely on clinical judgment and
the interpretation of MRI characteristics, such as lesion location and signal intensity. These
approaches often suffer from limitations, including reduced speed, lower accuracy, lim-
ited repeatability, and difficulty distinguishing active from inactive lesions [25]. Such chal-
lenges have motivated the adoption of ML-based solutions. Decision trees (DTs), random
forests (RFs), boosting, and support vector machines (SVMs) are among the most com-
monly used ML algorithms for MS lesion classification [26-29]. For instance, Christos P.
Loizou and colleagues [30] applied SVM models to classify normal white matter changes
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in MS patients. At the same time, Farshad Shekari et al. [26] used SVM to differentiate
active from inactive lesions. More recently, DL techniques have gained considerable at-
tention for MS lesion detection and classification.

Francesco La Rosa et al. [31] employed a 3D U-Net to detect and classify cortical MS
lesions into leukocortical, subpial, and intracortical categories using 7 Tesla MRI scans.
However, reliance on ultra—high-field MRI limits the model’s generalizability to more
commonly used scanners, such as 1.5T or 3T systems. Similarly, Rostami et al. [32] pro-
posed a radiomics-based sequential DL pipeline to classify active versus non-active le-
sions using T2-weighted images, demonstrating that a single contrast image can be bene-
ficial and reduce the need for contrast agent injection. Furthermore, Davanian et al. [33]
reported the outcomes of the top two teams in the MS lesion segmentation and localiza-
tion challenge across different intensity levels, which correspond to different brain re-
gions. Both teams implemented a U-Net-based architecture, with one incorporating Long
Short-Term Memory (LSTM) and the other using variable-sized convolutional filters to
improve segmentation performance. Overall, U-Net architectures have demonstrated su-
perior performance in medical image segmentation by capturing both local and contextual
features. Nevertheless, significant challenges remain in accurately detecting, segmenting,
and, specifically, classifying MS lesions. Despite its clinical importance, lesion classifica-
tion has received comparatively less research attention than segmentation tasks. There-
fore, further studies are required to develop more robust and clinically applicable ap-
proaches. In this study, we propose a pipeline that integrates optimized U-Net models
with learning-based classifiers and post-processing techniques to enable flexible and au-
tomated segmentation and classification of MS lesions. The proposed approach aims to
improve diagnostic support and facilitate more accurate clinical assessment of MS lesions.

3. Materials and Methods

We propose an automated MS lesion-detection pipeline that segments and classifies
lesions based on their intrinsic and spatial properties. In the following, as shown in Figure
1, we describe data preparation, lesion segmentation and classification, and post-pro-
cessing.

Multi-class
Segmentation

e Post processing

de vy
T;:iﬁ‘;;?'?‘ Multi-class

oY S Labels

wt

\_/

Image

i a
1
i i
1 1
Load Data : :
| : !
! Bounding Box H
Skull Stripping : :
1
1
| Resample Image : - - :
Resample + Labels e @ :L Evaluation :
l Label Binarx Class
Crop/Zero-pad GT —>
Gamma / \ Image Gamma - ‘
. i CLAHE -— = —_— °
Correction correction - ®
i 1 . . Binary Segcmentation Co
Diffusion = Image Diffusion > Y Segl o

Figure 1. Block diagram of the execution stages, which are performed in four steps: preprocessing,

binary segmentation of lesions, four-class lesion classification, and post-processing.
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3.1. Dataset and Preprocessing

In this study, we used an MS dataset obtained from the IAI2023 challenge [33]. The
dataset comprises FLAIR MRI scans from 81 patients, acquired on a 1.5-Tesla Siemens
Avanto system. Each scan was provided as a 3D NIFTI volume with spatial dimensions
of 160 x 256 x 236 voxels, offering high-resolution structural information. Alongside each
MRI volume, a corresponding 3D mask of identical dimensions was provided to delineate
lesion regions. The lesion ground truths are categorized into four distinct classes:
periventricular, white matter, juxtacortical, and infratentorial zones. This classification en-
ables detailed analysis of lesion distribution patterns across anatomical regions, which is
essential for both clinical assessment and the development of automated lesion segmen-
tation methods. Although a cohort of 81 patients is consistent with the sample sizes typi-
cally utilized in established neuroimaging benchmarks, which frequently range from 20
to 100 cases to validate advanced architectures [34-41], the dataset used in this study is
uniquely valuable. To our knowledge, it is the only publicly available resource providing
manually verified ground truth masks meticulously categorized into four distinct ana-
tomical zones.

The preprocessing pipeline, as shown in Figure 2, began with Brain Extraction. This
ensured that the model concentrated exclusively on clinically relevant anatomy. After-
ward, the images were resampled to an isotropic voxel spacing of 0.8 x 0.8 x 0.8 mm and
subsequently padded to a fixed size of 256 x 256 x 256. Based on the lesion intensity char-
acteristics (summarized in Table 1), two enhancement techniques were applied in parallel
to each volume. To establish a highly rigorous evaluation framework, all hyperparame-
ters, including those for Gamma correction and CLAHE, were tuned exclusively on the
training set to prevent data leakage. A comprehensive description of the specific parame-
ter settings applied during these preprocessing steps is provided in Section 3.7 (Experi-
mental Settings).

Figure 2. [llustration of the preprocessing steps, which are carried out as: (a) Input image, (b) Output
of brain extraction, resampling, and cropping, (¢) Output of gamma correction, (d) Output of
CLAHE, and (e) Output of non-linear diffusion filtering.

Table 1. Information on the intensity values for each lesion class, ranging from 0 to 1.

Class 1 Class 2 Class 3 Class 4
(Periventricular) (White Matter) (Juxtacortical)  (Infratentorial)
Minimum 0.3 0.41 0.41 0.38
First Quartile 0.61 0.55 0.59 0.53
Median 0.66 0.61 0.64 0.56
Third Quartile 0.7 0.67 0.69 0.59
Maximum 0.82 0.8 0.805 0.68
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3.2. MS Lesion Segmentation

The first step in MS lesion detection after preprocessing is lesion segmentation. For
this purpose, we optimized and composed two DL approaches: transformer- and CNN-
based networks. To ensure a fair comparison, we selected two networks with balanced
capabilities: nnU-Net and UNETR++, which are described in detail below. We applied
nnU-Net [13], developed by Isensee et al. in 2021 (Figure 3). The nnU-Net is a DL pipeline
that automates segmentation and includes critical topological parameters of the network
architecture. A key feature of nnU-Net is its ability to analyze dataset-specific character-
istics and adjust its configuration accordingly. It first generates a dataset fingerprint that
captures essential properties, such as image size, resolution, voxel spacing, and intensity
distribution. Using this information, nnU-Net automatically determines an optimized
pipeline by adapting the network architecture, patch size, and batch size while consider-
ing computational constraints. This systematic approach eliminates the need for manual
adjustments, enabling the pipeline to adapt to diverse medical imaging tasks without re-
quiring custom modifications. The nnU-Net supports multiple U-Net variants, including
2D, 3D, and cascaded 3D architectures. In this study, we employed the 3D pipeline to
improve performance, as MS lesions are typically small and require precise volumetric

analysis.
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Figure 3. Schematic overview of the nnU-Net automated segmentation framework. The upper pipe-
line illustrates the automated configuration process, progressing from dataset analysis and finger-
print extraction to preprocessing, adaptive network topology configuration, and training strategies.
The lower panel displays the three configured structures generated by the framework: 2D U-Net,
3D U-Net, and 3D Cascaded U-Net.

This self-configuring nature enables nnU-Net to achieve top performance across mul-
tiple segmentation challenges, including CT and MRI scans, without requiring extensive
domain-specific training. It achieves high segmentation accuracy even with limited train-
ing data, making it an efficient and scalable solution for biomedical image analysis. Due
to these characteristics, we have selected nnU-Net for our study.

Another network explored for MS lesion segmentation is UNETR++, which is de-
signed to enhance the efficiency and accuracy of 3D medical image segmentation [42].
Unlike UNETR, which relies solely on high-complexity quadratic transformers, UNETR++
achieves linear complexity for spatial attention, balancing accuracy, efficiency, and com-
putational cost. Additionally, it reduces floating-point operations per second (FLOPs) and
the number of parameters, while achieving higher segmentation accuracy across multiple
datasets. These advantages motivated our choice of UNETR++ for this task. UNETR++ in-
troduces the Efficient Paired Attention (EPA) block, which effectively captures both spa-
tial and channel-wise features through two interdependent (parallel) branches. These
blocks operate via shared-key query mechanisms between two attention modules,
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enabling the learning of complementary extracted features and improving their represen-
tation. The network follows a 3D encoder—decoder architecture (Figure 4). The encoder
begins with a patch embedding, in which the input volume is divided into non-overlap-
ping patches of sizes P1=4, P>=4, and P3=2. The transformed input is then mapped using
a kernel of size C, producing feature maps. After patch embedding, the encoder has three
stages, each beginning with a convolution that reduces the feature map resolution by a
factor of 2 before passing through an EPA block. The decoder contains four stages, with
the first stage using transposed convolution for up-sampling, doubling the resolution. The
subsequent stages contain an EPA block and up-sampling. Skip connections connect cor-
responding encoder and decoder stages to restore spatial information and improve accu-
racy. Finally, the output passes through two convolution layers (3 x3x3and 1 x 1 x 1) to
generate the final predicted mask.
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Figure 4. The illustration of the UNETR++ model with an encoder—decoder structure. As depicted
in the EPA block diagram (on the right), the first (upper) attention module captures spatial depend-
encies, while the second (lower) attention module focuses on channel-wise dependencies. The out-
puts from both attention modules are subsequently fused and processed through convolutional
blocks (Reprinted from [42] under a Creative Commons Attribution (CC BY 4.0) license).

3.3. MS Lesion Classification

After MS lesion segmentation, it is important to categorize the lesions into four dis-
tinct classes. Leveraging feature engineering around lesions, we pursued two paths: a
fully DL approach and a hybrid algorithm. Therefore, we would be able to perform pixel-
wise classification using ML to maintain accuracy with limited data, and use DL tech-
niques to achieve a fully automated pipeline. The machine learning-based approach op-
erates at the object level (per-lesion), analyzing geometric and spatial feature vectors of
isolated lesions via connected component analysis. Conversely, the deep learning-based
approach (UNETR++) operates at the voxel level (per-pixel), assigning each lesion pixel to
an anatomical class by leveraging local spatial relationships.

In this way, a 4-class classification experiment was carried out under three different
input configurations, where the original data were paired with: (i) the ground truth lesion
masks, (ii) the lesion masks predicted from the nnU-Net segmentation network, and (iii)
the lesion masks predicted by the UNETR++ network. These three settings allowed us to
assess the impact of segmentation quality on downstream lesion-type classification per-
formance and to compare the behavior of the ML- and DL-based classifiers under identical
conditions.
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Classification based on ML algorithms relies on identifying attributes that differenti-
ate between classes. In this study, classification is based on the anatomical features of MS
lesions in brain MRI scans, where extracted features are categorized into two categories:
(1) intensity- and geometry-based features (mean intensity, skewness, kurtosis, perimeter,
and eccentricity) and (2) spatial location-based features (e.g., lesion centroid, bounding
box, and center distance). These features capture the distribution of lesion intensity, spa-
tial position, and geometric characteristics. These extracted features capture information
about the spatial positions of lesions, their intensity levels, and their geometric shapes and
sizes.

For the feature selection step, several algorithms, including Minimum Redundancy
Maximum Relevance, Chi-square, Analysis of Variance (ANOVA), and T-test, were ap-
plied to identify the most relevant features and reduce dimensionality [43]. The final se-
lected features included the lesion centroid, perilesional intensity statistics (25th, 50th, and
75th percentiles), spatial distribution metrics (minimum and maximum Euclidean dis-
tances from the image center), and lesion volume (voxel count). Feature selection and clas-
sifier optimization were performed solely on the training data, with the test set kept
strictly separate to serve as an independent performance benchmark. Furthermore, these
features were utilized for training several classifiers, including Random Forest for its en-
semble nature and ability to reduce overfitting through bagging [44], Multilayer Percep-
tron for its capacity to handle non-linear relationships via hidden layers [45], K-Nearest
Neighbors for its non-parametric approach based on similarity/proximity [46], Logistic
Regression as a probabilistic and linear model [47], and Decision Tree for its hierarchical
structure and interpretability [48]. In addition to ML-based classifiers, the DL architecture
UNETR++ was used to classify lesions into four main categories. In this model, each pixel
is classified based on local features and spatial relationships, enabling accurate identifica-
tion of MS lesions across different brain regions.

3.4. Post-Processing

The outputs of the preceding networks are processed to identify connected compo-
nents within each lesion, corresponding to MS lesions. This step allows the extraction of
intrinsic and spatial properties of each lesion relative to neighboring lesions. In this stage,
bounding boxes are generated to determine the regions of interest for MS lesions. There-
fore, the geometric structure of each lesion is analyzed by assessing point connectivity.
Two approaches are employed to apply bounding boxes. In the first approach, conven-
tional bounding boxes are placed in the image space based on the lesion’s coordinates and
size, including its geometric center and dimensions. In the second approach, bounding
boxes are aligned along the direction of the lesion’s principal eigenvector using Principal
Component Analysis (PCA). The PCA-based method aligns bounding boxes with the le-
sion’s principal axes, resulting in a more precise fit. This process begins by computing the
geometric center and covariance matrix to analyze the distribution of lesions [49]. The
covariance matrix is then used to extract the eigenvalues and eigenvectors, which deter-
mine the primary directions of dispersion, as expressed in Equation (1) [50].

cov*v; = A; * v 1)

where 4; is the eigenvalue, v; is the eigenvector, and cov is the covariance matrix. The
lesion points are transformed into this new coordinate system to align the bounding box
better. The minimum and maximum coordinates define the dimensions, ensuring a pre-
cise fit. Finally, the bounding box is mapped back to the original space, preserving its
correct position and orientation. Figure 5 illustrates the bounding boxes generated by both
methods.
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(b) (0 ©

N N

Figure 5. Illustration of bounding boxes. (a) simple bounding boxes (first method), (b) PCA-based
bounding boxes (second method), (c) the bounding boxes of the combination method for each of the

4 classes: periventricular (red), white matter (green), juxtacortical (blue), and infratentorial (yellow).

3.5. Loss Function

To effectively train the segmentation network, a hybrid loss function was employed
by combining Dice Loss and Cross-Entropy (CE) Loss (Equation (2)). This integrated ap-
proach ensures accurate region-level delineation while maintaining reliable pixel-wise
classification performance, especially in the presence of class imbalance and hard-to-seg-
ment lesions. Dice Loss emphasizes the spatial overlap between the predicted and ground
truth lesion areas, making it particularly suitable for imbalanced datasets, such as those
encountered in MS lesion segmentation. The CE Loss (Equation (3)) complements this by
providing a strong pixel-level classification signal, enabling accurate discrimination be-
tween lesion and non-lesion regions. In Equation (3), t; represents the target distribution,
and the f(s); denotes the predicted probability for i class. The predicted probability is
obtained using the softmax function applied to the logits s;. The total loss is defined as a
weighted sum of the two loss components:

Liotal = Abice- Lpice + AcE- Lce (2)

c
N

CE= =) 6logf()) ) =55 &)
i

where Ap;c. and Acg are empirically determined weighting coefficients that balance the

contributions of the Dice and CE losses. For binary segmentation, the weights are set to

Apice = 1.5 and Acg = 0.2, whereas for multiclass segmentation, they are set to Apjce =

0.6 and Acg = 0.9. This hybrid loss function enables the model to learn robust segmenta-

tion representations by jointly optimizing region- and voxel-based objectives, thereby im-

proving detection of subtle and complex MS lesions.

3.6. Evaluation Metrics

Different evaluation criteria were used depending on the nature of the data. Missing
a lesion is a major clinical error, as it can falsely indicate that the treatment is effective or
the disease is stable when it is not. Also, in cases where removal of the lesion is necessary,
even at the cost of destroying healthy tissue, using a sensitivity metric seems essential.
This criterion is especially important for detecting small or deep structures. Higher sensi-
tivity values indicate that the model effectively captures most of the target structures.

Different evaluation metrics were employed depending on the characteristics of the
segmentation task. Missing a lesion represents a critical clinical error, as it may incorrectly
suggest that the treatment is effective or that the disease is stable when it is not. In clinical
practice, particularly when lesion removal is required even at the cost of affecting

https://doi.org/10.3390/diagnostics16152427
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surrounding healthy tissue, high sensitivity is essential (Equation (4)). This metric is espe-
cially important for detecting small or deep lesions. Higher sensitivity values indicate that
the model successfully identifies most true lesions.

TP

_— 4
TP + FN @)

Sensitivity =

However, a model optimized solely for high sensitivity may produce many false pos-
itives. Therefore, the precision metric was also considered to reduce the number of incor-
rectly detected lesions, which may correspond to noise or normal brain structures. Im-
proving precision reduces radiologists” workload by limiting unnecessary false-positive
detections (Equation (5)).

P

—_— 5
TP + FP ©)

Precision =

To simultaneously account for both sensitivity and precision, the Dice score coeffi-
cient (Equation (6)), which represents the harmonic mean of these two measures, was
used. This score provides a more balanced measure of a model’s ability to detect lesions
and the fidelity of its detections. It quantifies the volumetric overlap between the pre-
dicted and ground truth distributions.

Di fficient = 2P (6)
ice score coefficient = ~m

The Dice score tends to measure performance closer to the mean, with minor errors
having little effect. To account for errors, the Intersection over Union (IoU) score (Equation
(7)) was used, which approximates worst-case performance.

TP

oV = 15y Fp+ N

7)

It is worth noting that statistical metrics, such as specificity, which include true neg-
ative values in their calculations, were not evaluated due to the large background region.

Alongside voxel-wise metrics, lesion-wise evaluation is clinically essential. Since
high sensitivity is often prioritized in MS lesion detection to avoid missing critical lesions,
we explicitly report the Lesion-wise F1-score (equivalent to the Lesion-wise Dice score).
This metric applies the harmonic mean formulation of Equation (6) using discrete lesion
counts (TP, FP, FN) rather than voxel volumes. However, the evaluation continues with
lesion-wise metrics, which can provide additional insight into the segmentation model’s
performance. The following evaluation metrics focus on the distance between two vol-
umes.

The 95th-percentile Hausdorff distance (HD95) quantifies the maximum boundary
discrepancy while reducing sensitivity to outliers. HD95 computes the largest minimum
distance between corresponding points on the predicted and ground truth surfaces (Equa-
tion (8)). In practice, this metric reflects the worst boundary mismatch for 95% of ground
truth surface points.

Hos(x,y) = max(h95 (x, ¥), hos (v, x)) 8

The hgs represents the 95th-percentile value of the shortest two-way Euclidean dis-
tances computed from each point in one set to the closest point in the opposing set.

Because HD95 captures the worst-case error, small boundary variations can greatly
affect its value, prompting reliance on more robust metrics such as ASD.

The Average surface distance (ASD) measures the mean boundary error between the
ground truth and predicted surfaces, providing an estimate of overall boundary align-
ment (Equation (9)). This metric is also robust to outliers.
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1 . .
ASD(A,B) = m(% lr)rélgl;d(a, b) + Z Ir)rélsr:d(b, a)> 9)
A

bESp

where A denotes the ground truth and B the segmentation. S, and Sz denote the sets of
surface voxels corresponding to A and B, respectively, and d denotes the Euclidean dis-
tance. Except for what has been stated, a great concern is how the model will perform
when exposed to new, unseen data. Therefore, to account for sample size constraints and
provide a statistically robust evaluation of patient-level variance, bootstrapping was em-
ployed. Bootstrapping is a resampling technique that creates multiple pseudo datasets by
sampling with replacement from the original dataset and then repeatedly evaluates the
model on these resampled sets. The variation across these repeated evaluations provides
an estimate of the model’s variance, stability, and uncertainty. Additionally, 95% confi-
dence intervals (Cls) were computed. Cls show the range of values you anticipate the true
estimate to fall between if the study is repeated numerous times.

3.7. Experimental Setup

To ensure strict reproducibility, all experiments were run on a Windows workstation
equipped with an Intel Core i9-14900K, 64 GB of DDR5 RAM, and dual NVIDIA RTX 4090
GPUs (24 GB of VRAM each). The volumetric preprocessing was implemented via Sim-
pleITK. Intracranial regions were isolated using an automated Brain Extraction Tool
(BET). Raw volumes were isotropically resampled to 0.8 x 0.8 x 0.8 mm spacing and
cropped/padded to a 256 x 256 x 256 matrix. Image intensities were adjusted using CLAHE
(clip limit 2, 8 x 8 grid), followed by Gamma Correction (coefficient 3) and anisotropic
diffusion filtering (gradient method, 10 iterations, conductance 0.3).

The nnU-Net architecture automatically configured a 6-stage 3D ResidualEn-
coderUNet (feature maps: [32, 64, 128, 256, 320, 320]). Training utilized Z-Score normali-
zation, a patch size of 128 x 128 x 128, and a batch size of 2. Optimization was performed
via SGD (learning rate 0.01, Nesterov momentum 0.99, weight decay 3 x 10-) regulated
by a PolyLRScheduler over 300 epochs.

For both the binary segmentation and the fully deep-learning-based classification
tracks, the UNETR++ architecture shared identical core hyperparameters. The network
used a 64 x 64 x 64 patch size, a batch size of 1, 4 attention heads, and channel dimensions
of [32, 64, 128, 256]. It was trained for 300 epochs using the Adam optimizer (learning rate
0.0005, weight decay 1 x 10#) with a hybrid loss function (Dice weighted at 1.5, Cross-
Entropy at 0.2).

Dynamic 3D data augmentation applied during training included random rotations
(#£30°), isotropic scaling (0.7-1.4), gamma corrections (0.7-1.5), and Gaussian noise (vari-
ance 0-0.1). Explicit early stopping was omitted; models were trained for the full 300
epochs to fully explore the optimization landscape, with the best model selected based on
validation performance. To generate binary masks, a fixed threshold of 0.5 was applied to
the Softmax (nnU-Net) and Sigmoid (UNETR++) outputs.

For the random forest classification track, nine features were extracted per 3D con-
nected component: three spatial centroids, three local intensity percentiles (25th, 50th,
75th; via a 7 x 7 x 7 dilated neighborhood), two Euclidean distances to the image center,
and lesion volume. Features were standardized using a RobustScaler fitted exclusively on
the training partition. An exhaustive Bayesian search spanning 1000 trials was conducted
using k-fold cross-validation, with the optimal number of folds dynamically evaluated
between 3 and 10. The search space rigorously evaluated the number of estimators (50 to
300), maximum tree depth (5 to 50), minimum samples required to split an internal node
(2 to 20), minimum samples required to be at a leaf node (1 to 20), and the quality criterion
(Gini impurity versus Shannon entropy).
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Following model classification, an automated post-processing pipeline was imple-
mented to isolate, optimize, and resolve overlaps among the predicted regions of interest
(ROIs). Predicted multi-class masks were separated into spatial clusters using 3D con-
nected-component labeling (26-connectivity). Standard and PCA-oriented bounding
boxes were evaluated to maximize the component-level Dice score. Spatial collisions be-
tween neighboring same-class components were resolved via an automated morphologi-
cal subtraction loop, where the smaller component was dilated (3 x 3 x 3 kernel) and sub-
tracted from the larger one.

4. Results

To ensure rigorous evaluation, the dataset was partitioned strictly at the patientlevel,
with 61, 10, and 10 cases allocated for training, validation, and testing, respectively. The
test set (Table 2) was selected to ensure diversity in lesion counts across all four classes,
ranging from cases with few lesions to those with numerous lesions. This approach was
taken to minimize class imbalance bias and provide a comprehensive overview of the da-
taset.

Table 2. Ten cases were selected for testing the models. The number of pixels and lesions (values in

parentheses) for each case across four classes is reported.

Case 1 Case 2

Case 3 Case 4 Case 5 Case 6 Case7 Case8 Case9 Casel0

Class 1
Class 2
Class 3
Class 4

4

908 (24)

1

834 (11)

327 (31)

350 (37)

3911 (29) 3135(21) 41,030 (23) 3228(29) 9683 (19) 7844 (9) 459 (6) 1062 (5) 1434 (12)
205(14) 1095(29) 203(5)  177(5) 1547(25) 847(10) 511(5) 241(2) 126 (4)
548 (18) 663 (12) 4081 (52)  652(8) 774(12) 297(12) 803 (10) 72(1)  431(5)
129 (2)

557(7)  1632(13) 562(6) 177(2) 243 (7) 0 0 642 (6)

Sensitivity

In this study, the segmentation performance of UNETR++ and nnU-Net was first in-
vestigated and compared, followed by the evaluation of the classification results. The bi-
nary segmentation results, plotted by pixel count, are shown in Figure 6. Overall, the nnU-
Net network achieves a higher average score across all evaluated metrics. However,
UNETR++ exhibited lower standard deviation (std) in IoU and Dice scores, indicating
more stable performance across test cases.

Precision IoU Dice

UNETR++  nnU-Net UNETR++  nnU-Net UNETR++  nnU-Net UNETR++  nnU-Net

1

W= mm =

Figure 6. The calculated mean and std of four evaluation metrics (Sensitivity, Precision, IoU, and
Dice) for binary segmentation outputs from UNETR++ and nnU-Net.

Also, since the test data is representative of the entire dataset, the results for each case
are shown in Figure 7 to demonstrate consistency and identify which algorithm performs
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better across individual samples. The nnU-Net network achieves superior IoU and Dice
scores across all test cases; however, sensitivity and precision vary by case.

Sensitivity Precision IoU Dice

UNETR++++-@-+ nnU-Net+--@-- UNETR++ - @-+ nnU-Net+--@-- UNETR++:-®:« nnU-Net---®-- UNETR++ @+ nnU-Net: @+

Case 9

Case 8

Number of Lesions

100

90

80

70

60

50

40

30

20

10

Case 10 09 R J Case 2 Case 10 Case 2

Case 3 Case 9 Case 3

Case 4 Case 8 Case 4

Case 7 Case 5 Case 7 Case 5
Case 6 Case 6

Figure 7. Results of four evaluation metrics (sensitivity, precision, IoU, and Dice) for the binary

segmentation results of UNETR++ and nnU-Net across all test cases.

The values reported in Figures 6 and 7 are based on the number of pixels. Given that
the number of lesions varies across cases, Figure 8 shows the number of lesions per net-
work and the number of overlapping lesions between the predicted and ground truth in

each test case.

- Number of Ground Truth Lesions
- Number of Lesions Detected by UNETR++

- Number of Lesions Detected by nnU-Net
e Number of Lesions Overlapping UNETR++ with Ground Truth
@@= Number of Lesions Overlapping nnU-Net with Ground Truth

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case9 Case 10

Figure 8. The number of lesions in each test case, the lesions detected by UNETR++ and nnU-Net,
and the predicted lesions that overlap with the ground truth are displayed.

For further lesion-wise assessments, Table 3 presents detailed performance metrics
for segmentation models, including Lesion-wise F1/Dice, lesion-wise detection rate
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(LDR), and two other surface-based metrics, HD95 and ASD, on True predicted lesions
and their corresponding ground truth lesions. The number of detected false-positive le-
sions has been calculated, and it is shown that UNETR++ identifies an average of 25.9
false-positive lesions per case, whereas nnU-Net identifies 8.1. This table also reports the
bootstrap results, together with the corresponding 95% Cls, computed using 1000 itera-
tions resampled with replacement at the patient level within the independent test cohort
(N =10). These CIs are reported alongside the mean and standard deviation to compre-
hensively present the overall segmentation and classification performance. A smaller dif-
ference between these bounds reflects a narrower interval, implying greater stability of
the estimate and reduced uncertainty.

Table 3. Overall segmentation network performance and lesion-wise metrics. For each case, the first
(white) row presents the nnU-Net results, whereas the second (gray) row corresponds to the
UNETR++ outputs. The bold values indicate the best results for the two networks mentioned. Note:
The F1/Dice column represents the lesion-wise F1/Dice score, which is calculated based on the lesion

counts (TP, FP, FN) rather than voxel overlap.

GT Pred HD95 (mm) ASD (mm)
No. Case Lesion Lesion TP FP FN LDR (%) F1/Dice (%) Mean Median IQR Mean Median IQR
Count Count

et L3 80 59 9 44 578 69.01 239 160 160 087 044 071

73 2 23 61 4078 50.00 300 202 184 125 084 097

e o 30 21 3 42 3333 18.28 274 226 110 106 073 0.60

43 16 24 47 2540 31.07 298 253 136 130 100  0.82

o3 o 56 51 8 18 7391 79.69 404 160 153 185 050 048

70 4 32 25 6377 60.69 398 223 321 179 094 107

e d o 79 50 19 43 53.76 61.73 636 179 150 274 073 074

57 31 18 62 33.33 13.66 756 258 429 331 117 156

o5 48 0 26 12 22 5417 60.47 147 221 731 154 071 178

66 26 40 22 5417 45.61 534 317 734 201 105 239

et 58 55 %6 9 12 7931 81.42 503 179 160 186 064 054

59 41 20 17 7069 68.91 507 196 245 214 079 071

7 s 36 25 13 13 65.79 6579 1632 179 551 631 079 174

70 26 44 12 6842 4815 1344 178 218 509 071 0.79

e ” 18 12 5 9 5714 63.16 132 113 064 043 028 024

20 13 8 8 6190 61.90 325 196 217 115 077 141

e . 8 8 0 0  100.00 10000 122 113 045 046 041 021

35 8§ 27 0  100.00 37.21 110 097 043 049 051 012

e 10 ” 27 21 3 6 7778 82.35 216 160 128 085 058 047
45 21 23 6 7778 59.15 278 240 141 122 106 080

T Ve 5 Mean 43 32 8 21 6525 71.19 460 169 225 180 058 0.5
2 Lower 29 22 5 12 55.37 63.55 248 149 111 095 048 047
g Upper 58 43 12 31 7591 79.76 737 191 366 283 068 110
g lower 35 Vfean 52 27 26 26 5962 5063 485 216 267 197 088 106
z 5, Lower 44 20 20 13 47.00 43.95 300 181 165 129 077 072
g -Pper Upper 64 34 32 41 7224 57.52 702 246 388 279 099 142

For qualitative assessment, Figure 9 illustrates an example data case, along with the
segmentation outputs from both networks. The annotated circles highlight the differences
between the two algorithms and their discrepancies relative to the ground truth.
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Ground Truth

nnU-Net

UNETR++

O

Figure 9. Visual comparison of the ground truth and the segmentation results of both algorithms.

W

Highlighted regions mark differences between the models and the ground truth.

In the next step, MS lesions were classified into four classes using both ML and DL
algorithms. On the other hand, seven ML algorithms, including Random Forest, which
achieved the best overall performance, were implemented for comparison against the
UNETR++ as the DL classifier. To maximize the predictive capabilities of this top-perform-
ing Random Forest model, its hyperparameters were rigorously tuned over 1000 trials
using the Optuna framework under an 8-fold cross-validation scheme. The resulting op-
timal configuration utilized an ensemble of 288 independent decision trees guided by
Shannon entropy, with structural constraints including a maximum depth of 20 to ensure
robust generalization and validation stability. Figure 10 reports the sensitivity, precision,
IoU, and Dice metrics for the two classification algorithms when a binary ground truth is
used as input.

Sensitivity Precision IoU Dice

Class 1 | Class2 | Class3 | Class4 | Class 1 | Class2 | Class3 | Class4 | Class1 | Class2 | Class3 | Class4 | Class 1 | Class2 | Class3 | Class 4

5.53 .09 5 33 4 3 B16.76 6.88 6.61 .57

UNETR++ 2.89 6.40 .55 9 18.43 1.96 1.05 .02
17.48 |£21.23 [£19.10 [#18.49 [£19.45 [£20.22 |£19.45 [+08.25 [£21.25 |#12.93 [£13.56 [+18.01 |+18.29 [£18.98 |+16.96 |+12.31

0 6 07 .76 26 97 4

Random 4 49 81 [1859116 73

23.54 8.14 9.53 | £0.00 |*14.51 7.11 1.15] +£0.00 [#£23.61 0.16 5.63 | £0.00 [£20.56 2.37 6.24 | +£0.00

Figure 10. Results for sensitivity, precision, IoU, and Dice for the two algorithms when given binary
ground truth as input. The mean (blue), median (purple), and std (orange) are shown separately for

each class.

Given that, in the best condition, the classification network receives binary ground
truth as input. When the classification network’s input is the segmentation network’s out-
put, we normalize the segmentation network’s output to align with the ground truth de-
fined in optimal conditions. The results of this normalization are summarized in Table 4.
Table 5 also represents an analogous set of statistical computations to those outlined in
Table 4, modified here to incorporate patient-level bootstrap resampling.

Table 4. Results for mean sensitivity, precision, IoU, and Dice for two classification algorithms when

the classification network is fed the outputs of the binary segmentation networks.

Normalized Based on the Best GT Result Class1 Class2 Class3 Class4
,5 UNETR++ .g UNETR++ 54.06 28.25 30.90 28.92

Dice E *é Random Forest  63.13 45.46 45.24 31.94
g = UNETR++ 57.41 38.38 45.22 53.54
£ mnUNet B Hndom Forest 6899 5401 6197 5655

IoU & UNETR++ O UNETR++ 40.67 20.32 21.99 21.55
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Random Forest 48.95 35.66 34.18 24.19
UoNet UNETR+ 4506 2841 3430 41.72
nni-Ne Random Forest 56.65 4178 5114  44.43
UNETR++ UNETR++ 7400 3098 2678  46.48
Sensitivit Random Forest 71.95 54.30 53.82 62.90
vy UeNet UNETR+  86.83 3775 3788 7247
ni-Ne Random Forest 85.03 6127  72.38  80.40
UNETRes UNETR++ 4852 2748 4098  37.36
. Random Forest  60.38 36.70 46.65 37.38
Precision
UoNet UNETR+ 4776 3577 5466 51.02
nnu-
¢ Random Forest 61.12 55.00 54.85 51.05

Note: Bold values indicate the best results achieved by each algorithm under specific conditions.

Table 5. Report the patient-level bootstrapped means for sensitivity, precision, IoU, and Dice for the

two classification algorithms. In each cell, the first value represents the bootstrapped mean, while

the values in parentheses indicate the lower and upper bounds of the 95% confidence interval.

Normalized Based on the Best GT Result

Class 1

Class 2

Class 3

Class 4

UNETR+ UNETR++  53.93 (46.67-62.24) 28.57 (22.58-32.35) 31.75 (28.26-35.06) 29.00 (13.00-100)
Dice Random Forest 62.92 (60.00-68.37) 44.90 (35.48-50.00) 46.03 (43.48-49.35) 32.00 (15.00-100)
U-Net UNETR+  57.30 (48.00-67.35) 38.78 (32.26-39.71) 46.03 (41.30-49.35) 54.00 (39.00-100)

Random Forest 69.66 (62.67-75.51) 53.06 (54.84-52.94) 61.90 (60.87-66.23) 57.00 (42.00-100)

UNETRe+ UNETR+  41.18(33.33-47.92) 20.51 (18.18-22.81) 21.57 (19.44-24.24) 22.00 (08.00-100)

1oU ; _ _Random Forest 4941 (4493-54.17) 3590 (31.82-38.60) 35.29 (33.33-36.36) 24.00 (09.00-100)
S S_ UNETR+  4471(3623-5417) 2821 (27.27-28.07) 35.29 (30.56-36.36) 42.00 (25.00-100)

£ nnU-Net S Random Forest 56.47 (50.72-63.54) 41.03 (45.45-40.35) 50.98 (47.22-54.55) 44.00 (27.00-100)
gUNETR++ 7 __UNETR++  74.16(71.23-77.78) 31.03(2571-35.37) 2297 (1639-2874) 46.00 (28.00-100)

Sensitivity & © Random Forest 7191 (68.49-76.77) 55.17 (45.71-58.54) 47.30 (42.62-51.72) 63.00 (42.00-100)
U-Net UNETR+  86.52 (84.93-88.89) 37.93 (31.43-41.46) 32.43 (24.59-40.23) 72.00 (58.00-100)

Random Forest 84.27 (80.82-87.88) 62.07 (68.57-58.54) 63.51 (54.10-68.97) 80.00 (69.00-100)

UNETR+ UNETR++ 4891 (36.59-60.61) 28.00 (20.69-30.56) 40.28 (36.54-46.07) 37.00 (16.00-100)

Precision Random Forest 59.78 (50.00-69.70) 36.00 (31.03-41.67) 45.83 (40.38-52.81) 37.00 (16.00-100)
U-Net UNETR++  47.83 (35.37-59.60) 36.00 (34.48-37.50) 54.17 (53.85-57.30) 51.00 (33.00-100)

Random Forest

60.87 (50.00-71.72)

56.00 (55.17-56.94)

54.17 (51.92-58.43)

51.00 (33.00-100)

Note: Bold values indicate the best results achieved by each algorithm under specific conditions.

Figure 11 displays the confusion matrices for each of the six situations, demonstrat-
ing which method has the most errors in assigning each class.
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Ground Truth
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Figure 11. Confusion matrix for classification networks across six conditions. UNETR++ network
(ground truth input (blue), UNETR++ input (red), and nnU-Net input (green), Random Forest net-
work (ground truth input (purple), UNETR++ input (cyan), and nnU-Net input (orange)).

Finally, since the location of the lesions may be more important than their exact
boundaries, the lesions were boxed, and the results for one case are shown in Figure 12.
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Image

Ground Truth

Random Forest UNETR++
Ground Truth nnU-Net UNETR++ Ground Truth nnU-Net UNETR++

Figure 12. The first row shows the classification results for different conditions in case 7, and the
second row shows the optimal box in those results. The third row shows the classification results

for a slice of the image, and the last row shows the magnified region.

5. Discussion

Automatic MS lesion segmentation and classification constitute critical steps toward
faster, more accurate diagnosis, treatment planning, and prognosis assessment. Precise
delineation of lesion boundaries is essential in clinical practice. Similarly, determining the
lesions’ location, whether by pinpointing their exact location or identifying the anatomical
brain region they occupy, is equally important. Although several U-Net-based networks
and ML approaches have been proposed for segmentation and classification, hybrid meth-
odologies have demonstrated promising results in related applications such as brain tu-
mor analysis. Therefore, in this study, we proposed a hybrid pipeline for joint segmenta-
tion and classification [51] and evaluated multiple architectural combinations. For seg-
mentation, two U-Net-based networks, nnU-Net and UNETR++, were employed. Both
models were trained on a multiclass labeled dataset. The diversity of classes was ensured
before testing the models by selecting samples containing all four lesion classes, with var-
ying lesion counts (Table 2). Notably, analysis of cases 2 and 4 revealed that a higher pixel
count does not necessarily correspond to a greater number of lesions, suggesting variabil-
ity in lesion size. While our test set is limited to 10 patient cases, the evaluation leverages
highly granular voxel-level and lesion-level resolutions to provide a detailed, localized
assessment of model performance. Our patch-based 3D framework processes a large vol-
ume of distinct spatial regions, providing a comprehensive representation of structural
features. Furthermore, the test dataset exhibits substantial clinical heterogeneity, encom-
passing hundreds of distinct lesion components across the four anatomical zones. This
structural variety provides a wide range of performance estimates across diverse lesion
sizes and spatial distributions, mitigating the risk of performance metrics being skewed
by a single patient phenotype. Quantitative results (Figure 6) demonstrate that nnU-Net
provides higher mean values across all evaluation metrics, with improvement ranging
from 4.8% to 12.8%. This performance gain may be attributed to its residual connections.
Although nnU-Net exhibits slightly higher variance in Dice and IoU (0.6% and 2.1%, re-
spectively) than UNETR++, this difference is forgivable. Case-wise analysis, as shown in
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Figure 7, further confirms the superiority of nnU-Net across all metrics. Dice and IoU cri-
teria follow consistent trends; however, deviations are observed in precision and sensitiv-
ity for cases 5 and 9, where UNETR++ outperforms nnU-Net. Detailed inspection indicates
that UNETR+ tends to identify additional regions as lesions that are not annotated in the
ground truth, as seen in cases 3, 6, 7, and 9. Some of these regions appear hyperintense
and may correspond to true MS lesions, which could cause the observed variance.

Further comparison based on lesion count (Figure 8) shows that although UNETR++
predicted more lesions overall, nnU-Net achieved a higher number of correct predictions
(dashed line) in most cases, including 5, 9, and 10. This indicates that UNETR++ yields
more false positives, likely because its attention mechanism overemphasizes certain re-
gions. Consequently, UNETR++ shows lower precision. Additionally, both models pre-
dicted the same number of lesions in cases 5 and 9; however, pixel-wise analysis reveals
that UNETR++ tends to generate larger lesion regions. Furthermore, qualitative assess-
ment (Figure 9) highlights complementary strengths of the two models. However, as
shown in the blue circle, nnU-Net produces smaller lesions than the ground truth. Finally,
our results suggest that nnU-Net achieves effective lesion localization and detection, while
UNETR++ demonstrates superior performance in capturing lesion boundaries and vol-
umes. Both models also identified lesions not included in the ground truth, which may
reflect limitations in the reference annotations. If confirmed, this would further improve
the perceived precision of both methods, particularly UNETR++.

The high false-positive rate of UNETR++ is clearly demonstrated in Table 3. On aver-
age, UNETR++ produces 25.9 false lesions per subject, which is substantially higher than
the false-positive rate observed with nnU-Net. Even when both models achieve compara-
ble lesion-detection rates (e.g., cases 5 and 10), nnU-Net performs better across most eval-
uation metrics. This improvement is due to its lower false detection rate, which directly
affects the Dice coefficient.

However, in case 9, UNETR++ performs poorly in most cases but attains slightly bet-
ter boundary-based metrics. However, its lesion-wise Dice score drops by approximately
60% compared to nnU-Net, which achieves a perfect 100%. A similar discrepancy appears
in case 7, where UNETR++ yields a low Dice score but reports lower HD95 and ASD val-
ues. These observations support the interpretation that nnU-Net’s segmentations are
highly localized, particularly in challenging cases.

Some of these inconsistencies may also be attributed to dataset outliers, which make
certain subjects behave differently. For example, the unusually large HD95 value in case
7 suggests atypical lesion geometry or annotation variability. Despite these exceptions,
the overall results in Table 3 indicate that nnU-Net performs better across multiple metrics
and subjects. The lesion-wise evaluation further confirms that nnU-Net generally pro-
duces boundary predictions that align well with the ground truth.

The bootstrap results indicate that nnU-Net performs better overall than UNETR++,
as it consistently shows higher mean values and wider lower and upper CI bounds across
almost all metrics. Although UNETR++ exhibits slightly higher values only in the HD
mean and ASD mean upper bounds, these differences are likely influenced by outliers.
Given that nnU-Net also achieves lower upper-band variance and a smaller IQR, the ap-
parent advantage of UNETR++ on these metrics is negligible. In terms of CIs” behavior,
both networks show relatively narrow intervals, indicating stable performance. However,
because nnU-Net almost always maintains higher mean values and higher lower CI
bounds, it provides more reliable performance across patients. Therefore, even though
each network occasionally outperforms the other in isolated CI comparisons, nnU-Net can
be regarded as the more ideal and consistently superior model.

In the next step, for the classification stage, we investigated and compared ML and
DL approaches following the binary segmentation. Among the evaluated ML methods,
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Random Forest achieved the best results due to its suitability for complex classification
and was therefore selected for further comparison [52]. For DL, UNETR++ was chosen as
the representative classifier. Under ideal conditions (i.e., using ground truth segmenta-
tion; Figure 10), Random Forest significantly outperforms UNETR++ across most metrics
and classes, with improvements exceeding 12% in several cases. The only exception is the
sensitivity of first-class lesions, where UNETR++ demonstrated slightly better perfor-
mance (1.37%). Random Forest achieves near-perfect classification of fourth-class lesions,
likely due to their spatial separation, as captured by the distance-based features. Also,
additional assessments indicated that the variance is primarily due to a small number of
misclassified lesions, as evidenced by median values that are comparable to or exceed the
mean.

In practical scenarios, where segmentation outputs are used instead of ground truth
(Table 4), we normalized classification results using the binary segmentation outputs of
nnU-Net and UNETR++. Also, we found that Random Forest continues to outperform
UNETR++. The best overall performance is achieved when nnU-Net is used for segmen-
tation and Random Forest for classification. However, DL methods typically require
larger datasets, and their performance may improve with more training data. Table 5 pro-
vides the bootstrap results for the four evaluated metrics. These results confirm the stabil-
ity of the proposed model, as the bootstrapped values remain close to the original calcu-
lations. The table also shows that the combination of nnU-Net and Random Forest per-
forms best overall, with higher mean values and higher upper and lower CI bounds across
most metrics. However, both tables indicate that UNETR++ achieves slightly higher sen-
sitivity for first-class lesions by approximately two percent, which may be attributed to
the proximity of these lesions to second-class lesions, making them more challenging for
distance-based classification methods. To further investigate classification behavior, the
confusion matrix in Figure 11 was analyzed. The first three bars in each cell represent the
results of UNETR++, and the second three bars demonstrate the random forest’s results.

Under ideal conditions, when ground truth is provided, both approaches perform
similarly in distinguishing between background and lesion classes, confirming that clas-
sification models can achieve high accuracy when segmentation is flawless. However, seg-
mentation errors significantly degrade classification performance, particularly in third-
class lesion prediction using Random Forest. In contrast, UNETR++ demonstrates greater
robustness to imperfect segmentation in this class. This observation is supported by the
background predictions column, where many expected third-class lesions are misclassi-
fied as background. On the positive side, Random Forest avoids misclassifying first- and
second-class lesions as fourth-class lesions, and no fourth-class lesions are misclassified
as any other class. Moreover, when ground truth is available, Random Forest correctly
classifies nearly all lesions, unlike UNETR++. It is worth noting that our algorithms
achieved substantially improved results even without considering permutation, com-
pared to the two state-of-the-art methods that won the IAI2023 challenge [33].

A direct, head-to-head comparison is particularly challenging because most existing
studies use different datasets and lack the specific, annotated data required for anatomical
lesion classification. Nevertheless, to provide the requested benchmarking, we have com-
pared our performance against the top-performing teams from the IAI2023 challenge,
which constitutes the most relevant and recent baseline available for this dataset. Table 6
compares the performance of our proposed model with that of the first- and second-place
teams in the challenge.
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Table 6. Comparative Performance Evaluation across Four Anatomical Lesion Classes.
1st Team 2nd Team Our Model
Evaluation Metrics (%)
Dice  Sensitivity Precision Dice  Sensitivity Precision Dice  Sensitivity Precision
Class 1 38.4 14.4 51 13.3 13.3 46.8 68.99 85.03 61.12
Class 2 38.4 14.4 18.6 14.6 15.1 13.3 54.01 61.27 55.00
Class 3 36.5 19.9 24.1 27.6 8.2 10.7 61.97 72.38 54.85
Class 4 32.8 22.5 20.7 0.000 0.000 0.000 56.55 80.40 51.05

Note: Bold values indicate the best results achieved by each algorithm under specific conditions.

As shown in Table 6, our proposed pipeline significantly outperforms the established
baselines across all four classes. Most notably, our model achieved sensitivity scores rang-
ing from 61.27% to 85.03%, compared with the challenge’s best algorithm, which achieved
sensitivities between 14.40% and 22.50%. This performance gain is primarily due to the
hybrid integration of the nnU-Net segmentation framework and the Random Forest clas-
sification logic, which effectively addresses the inter-class heterogeneity that previous
methods struggled to handle. However, a more specific comparison would be possible if
the prior article had reported variance metrics. A qualitative assessment has been exe-
cuted for classification (Figure 12) and emphasizes the importance of spatial context. Le-
sions located in proximity but belonging to different classes remain challenging to distin-
guish.

Regarding this point, clear and precise labels are necessary; this underscores the need
for high-quality annotations, ideally verified by expert neuroradiologists. Future work
could explore incorporating spatial priors or post-processing techniques to improve class
separability. Furthermore, evaluating the proposed pipeline on larger and more diverse
datasets would provide insights into its generalizability.

6. Conclusions

In this study, we proposed a hybrid pipeline for joint segmentation and classification
of MS lesions to facilitate MS diagnosis and treatment planning. According to the results,
nnU-Net outperforms UNETR++ in the segmentation task, with lower false-positive rates
and higher true-positive detection. Meanwhile, Random Forest provides superior classi-
fication performance compared to DL approaches and other ML algorithms, particularly
when combined with nnU-Net segmentation. Improved segmentation results lead to im-
proved classification performance. Overall, the findings highlight the strong dependency
of classification performance on segmentation quality. Finally, the combination of nnU-
Net for segmentation and Random Forest for classification yields the most reliable results.
Future work should focus on incorporating larger datasets and improving annotation
quality to enhance classification performance and generalizability further.
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