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Automated segmentation of brain metastases
in T1-weighted contrast-enhanced MR images
pre and post stereotactic radiosurgery
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Abstract

Background and purpose Accurate segmentation of brain metastases on Magnetic Resonance Imaging (MRI)
is tedious and time-consuming for radiologists that could be optimized with deep learning (DL). Previous studies
assessed several DL algorithms focusing only on training and testing the models on the planning MRI only. The
purpose of this study is to evaluate well-known DL approaches (nnU-Net and MedNeXt) for their performance on
both planning and follow-up MRI.

Materials and methods Pre-treatment brain MRIs were retrospectively collected for 255 patients at Elisabeth-
TweeSteden Hospital (ETZ): 201 for training and 54 for testing, including follow-up MRIs for the test set. To increase
heterogeneity, we added the publicly available MRI scans from the Mathematical oncology laboratory of 75 patients
to the training data. The performance was compared between the two models, with and without the addition of
the public data. To statistically compare the Dice Similarity Coefficient (DSC) of the two models trained on different
datasets over multiple time points, we used Linear Mixed Models.

Results All models obtained a good DSC (DSC >=0.93) for planning MRI. MedNeXt trained with combined data
provided the best DSC for follow-ups at 6, 15, and 21 months (DSC of 0.74, 0.74, and 0.70 respectively) and jointly the
best DSC for follow-ups at three months with MedNeXt trained with ETZ data only (DSC of 0.78) and 12 months with
nnU-Net trained with combined data (DSC of 0.71). On the other hand, nnU-Net trained with combined data provided
the best sensitivity and FNR for most follow-ups. The statistical analysis showed that MedNeXt provides higher DSC
for both datasets and the addition of public data to the training dataset results in a statistically significant increase in
performance in both models.

Conclusion The models achieved a good performance score for planning MRI. Though the models performed less
effectively for follow-ups, the addition of public data enhanced their performance, providing a viable solution to
improve their efficacy for the follow-ups. These algorithms hold promise as a valuable tool for clinicians for automated
segmentation of planning and follow-up MRI scans during stereotactic radiosurgery treatment planning and response
evaluations, respectively.
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Background

Brain metastases (BM) are the predominant intracra-
nial tumors seen in adults [1]. It is estimated that about
one-fifth of all cancer patients will ultimately develop
BM [2]. Advancements in primary tumor treatments
have increased life expectancy and hence the probability
of developing BM [1]. The presence of BM is associated
with a substantial increase in morbidity and mortality
rates among cancer patients [3]. Stereotactic Radiosur-
gery (SRS) is a treatment option in which the BM are tar-
geted very precisely, whereby the dose of radiation to the
healthy brain tissue is limited. SRS has emerged as a well
accepted treatment modality in the current standard of
care for the treatment of BM [4].

For SRS treatment planning and treatment response
evaluation, the physician must manually delineate
numerous lesions on three-dimensional Magnetic Res-
onance Imaging (MRI) scans. This manual process is
labor-intensive and prone to considerable variability
among physicians [5]. Rudie et al. [5] compared the man-
ual segmentations of two neuroradiologists and provided
a baseline for interrater reliability. The interrater Dice
Similarity Coefficient (DSC) was 0.83+0.02 on their test-
ing dataset. Introducing an automatic and reliable system
for detecting and delineating BM could facilitate more
precise treatment delivery in the radiotherapy clinic.
Automated tools that assist radiologists and radiation
oncologists can positively influence both efficiency and
efficacy in detecting and delineating multiple metastases.

Deep learning (DL) models have shown great promise
in medical image analysis, particularly in detection, seg-
mentation and classification tasks with the potential to
improve clinical workflow [6].

There are plenty of studies on automated segmentation
of primary tumors using DL algorithms [7, 8, 9, 10, 11].
Several approaches have also been introduced for BM
segmentation on MRI using DL [12]. In 2015, Losch et al.
[13] produced state-of-the-art results in automated seg-
mentation of BM on MRI using deep convolutional net-
works. Since then, a large variety of network architectures
for DL such as Convolutional Neural Networks (CNNs)
[14] and DeepMedic [15] have been tested. However, a
notable limitation of these studies is their exclusive focus
on training and testing the models solely on the planning
MRI (e.g [14, 16, 17, 18, 19, 20, 21])., potentially overlook-
ing variations in the performance of the DL algorithms
when applied to follow-up MRI. Such discrepancies may
arise due to radiation-induced shrinkage of the tumors. It
is imperative to assess the performance of DL algorithms
on the follow-up MRI to ascertain their utility in assisting

the clinicians in the response evaluation during follow-
ups. A thorough examination of the follow-up scans is
essential for assessing treatment response and the cur-
rent disease status in the brain. Key challenges for the
clinicians during follow-up scans include classifying BMs
as progressing, stable, or recurring, separating new BMs
from already treated BMs, and differentiating recurrent
metastases from delayed radiation necrosis and treat-
ment effects [22]. Manual methods are time-intensive
and could lead to errors if the follow-up images are not
co-registered and radiation plan information is not over-
layed on the images [23]. There are some commercially
available software platforms to track BMs on follow-ups,
but these softwares do not provide an automated solu-
tion, and they are not reliable for patients with multiple
BMs [22, 23]. Evaluating the performance of the deep
learning algorithms for follow-ups will help to establish
whether these algorithms can be used to automate the
detection and segmentation of the BMs for the follow-
ups. Jalalifar et al. [22] evaluated the performance of a
DL model on follow-up MRI but their study provided the
performance results for only five sample patients. Simi-
larly, the study of Lu et al. [24] for assessing the use of
Al for the tracking of BMs on follow-ups was done with
only three patients. Prezelski at al. [22] and Hsu et al. [22]
proposed a deep learning based system for the automated
detection of the BMs in the follow-ups based on a pre-
vious deep learning model developed by Hsu et al. [19].
However, these studies only evaluated the performance
of their model on the longest 3D diameter without evalu-
ating the overlap of the segmentations with the manual
segmentations. However, response assessment of BMs is
improved when using volumetric criteria (for which the
tumor is evaluated as a 3D structure) compared to relying
on a simple diameter estimate [26]. For this, the overlap
of the complete 3D segmentation is crucial.

One of the popular DL network architectures is the
so-called nnU-Net [27]. Isensee et al. [28] demonstrated
how this architecture achieved state of the art perfor-
mance on different challenges in medical image seg-
mentation by applying it to 10 international biomedical
image segmentation challenges comprising 19 different
datasets and 49 segmentation tasks across a variety of
organs, organ substructures, tumors, lesions and cellular
structures in MRI, CT and electron microscopy images.
Ziyaee et al. [29] evaluated the effectiveness of this algo-
rithm specifically for segmentation of BM by training and
testing it with planning MRI only. The model achieved
an overall DSC of 82.2%, which shows good segmenta-
tion performance. Recently, the transformer technique



Kanakarajan et al. BMC Medical Imaging (2025) 25:101

[30] has emerged as a noteworthy alternative to tradi-
tional CNNs in the medical domain, being employed for
various tasks like classification, detection, and segmenta-
tion [31, 32, 33]. This has posed a significant challenge to
existing CNN-based solutions [34] like nnU-Net.

Both approaches, however, have their own advantages
and limitations. CNNs can accurately segment tumors
by analyzing local details in the images [35]. But, CNN-
based approaches generally exhibit limitations for mod-
eling long-range dependencies. On the other hand,
transformers are effective in considering the broader
context of the entire images, but can result in limited
localization abilities due to lack of detailed localiza-
tion information [36]. Some network architectures now
incorporate both convolutional layers and transform-
ers to leverage the strengths of both approaches, aiming
for improved performance and overcoming the limita-
tions of each individual architecture [37]. An example
is ConvNeXt [38] which combines the strenghts of both
approaches. Building upon this, Roy et al. [39] introduced
MedNeXt, a modernised and scalable convolutional
architecture customised to challenges of data-scarce
medical settings.

Compared to other algorithms, the nnU-Net and
MedNeXt algorithms achieved better segmentation
performance [39]. MedNeXt achieved state-of-the-art
performance benefits on segmentation tasks of varying
modality and sizes and hence Roy et al. [39] proposed
MedNeXt as a strong and modernized alternative to stan-
dard ConvNets like nnU-Net for building deep networks
for medical image segmentation. MedNeXt achieved this
performance against baselines consisting of Transformer-
based, convolutional and large kernel networks. How-
ever, the effectiveness of the nnU-Net and MedNeXT
algorithms specifically for the segmentation of the BM
follow-up images has not yet been evaluated.

The present study aims to bridge this gap by assessing
the applicability of these state-of-the-art algorithms for
automated segmentation of both planning and follow-up
BM images. Typically, in most hospitals, segmentation of
BM is performed solely on the planning MRI scans and
not on the follow-up scans. This absence of segmented
images poses a challenge for training DL algorithms with
follow-up scans. In this research, we evaluated the per-
formance of the nnU-Net and MedNeXt algorithms by
training them with planning images and publicly avail-
able segmented images, then testing them on both plan-
ning and follow-up images. We used publicly available
BM images and added these images to the training data
to increase the heterogeneity of the training data. This
evaluation will help to understand whether these state-
of-the-art DL algorithms can assist the clinicians in
detection and segmentation of BM images for treatment
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planning and treatment response evaluation during
follow-ups.

Method

Data collection

This study was approved by the Elisabeth-TweeSteden
Hospital (ETZ) science office and by the Ethics Review
Board at Tilburg University (Reference number: RP548).
Pre-treatment contrast-enhanced (with triple dose gad-
olinium) T1-weighted brain MRIs of 255 BM patients
were used. Scans were made as part of clinical care at
the Gamma Knife Center of the ETZ between 2015 and
2021 at Tilburg, The Netherlands. These planning MRI
scans were collected using a 1.5T Philips Ingenia scanner
(Philips Healthcare, Best, The Netherlands) with a con-
trast-enhanced T1-weighted sequence (TR/TE: 25/1.86
ms, FOV: 210x210x 150, flip angle: 30°, transverse slice
orientation, voxel size: 0.82 x 0.82 x 1.5 mm). For contrast
enhancement, a total of 45 ml of a 0.5 mmol/ml gadolin-
ium solution was administered, regardless of the weight
of the patient. The contrast agent was given in three sepa-
rate doses, with an interval of 4 to 5 min between each
administration. Additionally, there was a 4 to 5 min delay
between the administration of the final contrast dose and
the acquisition of the contrast-enhanced T1w scan. The
total of 255 patients were split into 201 patients for model
training and 54 patients for testing. All the patients
underwent Gamma Knife Radiosurgery (GKRS) at the
Gamma Knife Center. The 54 patients who were part of
the testing set are from the set of patients included in the
Cognition And Radiation Study A (CAR-Study A) at ETZ
[40]. Our test set is a random subset of patients included
in this CAR-Study A. Patients with other brain tumor
types (e.g. meningioma) in addition to BM were excluded
from the training and test data sets. For all patients in the
training and test data set, the baseline segmentations and
the regions of interest around each enhancing metastatic
lesion were manually delineated by an expert neuroradi-
ologist at ETZ and were cross-checked by a second neu-
roradiologist. The tumors were outlined on each slice on
the contrast-enhanced 3D T1-weighted sequence, using
the Leksell GammaPlan software. We refer to these man-
ually delineated segmentations as reference segmenta-
tions. The reference segmentations for follow-up scans
were only available for the patients who were part of the
CAR-Study A.

For the 54 patients used for testing, the post-treat-
ment contrast-enhanced (with single dose gadolinium)
T1-weighted follow-up MRI scans were also retrospec-
tively collected using a slightly different scanning pro-
tocol (TR/TE: 25/4.6 ms, FOV: 230x220x 168, flip
angle: 30°, transverse slice orientation, voxel size:
0.79%0.79 x 0.8 mm). For a single dose, patients weighing
between 70 and 100 kg received 5 ml of a solution of the
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0.5 mmol/ml gadolinium solution. For patients weighing
more than 100 kg, the dose was increased to 20 ml of the
same solution.

The images from 6 follow-up (FU) sessions were avail-
able. The FU scans were made 3, 6, 9, 12, 15, and 21
months after treatment. For these follow-ups, scans of
54 (FU1), 41 (FU2), 32 (FU3), 27 (FU4), 19 (FU5) and 14
(FU6) patients were available.

Treatment data

GKRS was performed with a Leksell Gamma Knife (Ele-
kta AB). All patients received a dose of 18-25 Gy with
99-100% coverage of the target. Dose limits for organs at
risk were 18 Gy for the brainstem and 8 Gy for the optic
chiasm and optic nerves.

Preprocessing

As a first preprocessing step, all the MRI scans were reg-
istered to standard MNI space using Dartel in SPM12
(Wellcome Trust Center for Neuroimaging, London,
UK), implemented in Python (version 3.11) using the
Nipype (Neuroimaging in Python-Pipelines and Inter-
faces) software package (version 1.8.6) [41]. The voxel
size of the normalized image was set to 1x1x1 mm. For
all other normalization configurations, the default val-
ues offered by SPM12 were used. One other preprocess-
ing step was to combine the multiple labels for patients
with more than one BM in one single mask. FSL library
(Release 6.0) was used for this integration [42].

Public data

We also used the publicly available BM images from the
Mathematical oncology laboratory provided by Ocaria-
Tienda et al. [43] and added these images to the train-
ing data for models trained with the combination of ETZ
and public data. To the best of our knowledge, this is the
only publicly available dataset that also includes follow-
up MRI scans and segmentations. The other publicly
available BM datasets contain only the planning MRL
Hence, we added only this public dataset to our train-
ing data. This data set contained 355 contrast-enhanced
(with a single dose of contrast) T1-weighted planning
and follow-up MRIs acquired using either General Elec-
tric, Philips or Siemens scanner for 75 patients. The voxel
size for all scans for the x- and y-dimensions ranged
from 0.39 mm to 1.01 mm. The median slice thickness
was 1.30 mm. Similar to the scans from ETZ, all the MRI
scans from this public data set were also registered to
standard MNI space with a voxel size of 1 x1x1 mm. All
the scans in the ETZ were made using a Philips Ingenia
scanner. Also, the voxel size and the slice thickness of
the scans in this public data set were different from the
scans at ETZ. Moreover, the public scans were contrast
enhanced with single dose while the planning scans at
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ETZ were contrast enhanced with triple dose. All these
differences between the datasets increase the heteroge-
neity of our combined dataset.

Deep learning models

The nnU-Net algorithm, a framework built on top of the
U-Net [27], makes key design decisions regarding pre-
processing, post-processing, data augmentation, network
architecture, training scheme, and inference, all tailored
to the specific properties of the dataset at hand [27]. It
analyzes the provided training cases and automatically
configures a matching U-Net-based segmentation pipe-
line. These automatic design choices allow nnU-Net to
perform well on many medical segmentation tasks. nnU-
Net readily executes systematic rules to generate DL
methods for previously unseen datasets without the need
for further optimization [27]. The nnU-Net model was
trained in 3d full resolution mode.

On the other hand, MedNeXt represents a novel
approach to medical image segmentation, drawing inspi-
ration from transformers. The architecture of MedNeXt
includes ConvNeXt blocks, which are used for processing
the image data. These blocks help in efficient sampling of
the image [39]. MedNeXt also uses a novel technique to
adjust the size of the processing units (kernels). MedNeXt
is also customized to the challenges of sparsely annotated
medical image segmentation datasets and is an effec-
tive modernization of standard convolution blocks for
building deep networks for medical image segmentation
[39]. MedNeXt offers four predefined architecture sizes
(Small, Base, Medium, and Large) and two predefined
kernel sizes (3*3*3, 5*5*5). As per the performance com-
parison by Roy et al. [39], the larger kernel sizes of Med-
NeXt comprehensively outperform its smaller kernel
sizes for organ segmentations but in a more limited fash-
ion for tumor segmentations. Also, considering that the
larger kernel sizes of MedNeXt consume higher train-
ing time and our pilot testing with different sizes didn’t
show systematic differences, the combination we used for
training the model was Small with 3*3*3 kernel size.

The different models that we created were.

1.nnU-Net trained with ETZ planning BM data only
(n=201).

2. nnU-Net trained with ETZ planning BM data and
BM public data (n=556).

3. MedNeXt trained with ETZ planning BM data only
(n=201).

4. MedNeXt trained with ETZ planning BM data and
BM public data (n=556).

Evaluation of models
We evaluated the performance of these models on both
planning and follow-up MRI. To assess the quality of
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the resulting segmentations, multiple metrics were
employed. The DSC measures the overlap with the refer-
ence segmentations (ranging from 0 for no overlap to 1
for perfect overlap) per patient. It is calculated by divid-
ing the double of the area of overlap by the sum of the
areas of the predicted and the reference segmentation.
The algorithm’s performance in detecting individual
metastases was measured by sensitivity (number of vox-
els in the detected metastases divided by the number
of voxels in all metastases contained in the reference
segmentation) and by the False Negative Rate (FNR).
The FNR is the probability that a true metastasis will be
missed by the model. In addition to DSC, we also report
Intersection over Union (IoU) as a complementary met-
ric for segmentation performance. IoU is calculated by
dividing the area of overlap by the union of the areas of
the predicted and the reference segmentation. Compared
to DSC, IoU applies a stronger penalty to both under-
and over-segmentation, making it particularly relevant
for small BMs where precise delineation is critical [44].
In the results section, these metrics are presented for the
predictions done for baseline and for the follow up test
data.

Comparison of models

To determine whether there was a significant difference
in performance between the four models and to under-
stand the practical significance of the observed differ-
ences, we statistically compared the DSC scores of the
different models trained on different datasets over mul-
tiple time points. We employed a Linear Mixed Model
(LMM) in MATLAB to analyze the relationship between

Table 1 Characteristics of patients from ETZ and public data set
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the dependent variable, DSC, and the predictors model
type and dataset type and their interaction while model-
ing the individual differences and variations across time
by including random intercepts for time and the inter-
action between subject and time. Statistical significance
was set to p<=0.05.

Results

Patient characteristics

Table 1 shows the patient characteristics from the ETZ
and public data set included in our study. Figure 1 shows
the BM volume distribution for the datasets.

Segmentation performance

The mean DSC (i.e., the overlap between the reference
segmentation and the predicted segmentation) obtained
for the baseline and the FU tests for the four models are
shown in Table 2 and visually depicted in Fig. 2. For a
patient, the models detected an extra tumor in the base-
line test that was not contained in the baseline reference
segmentation masks but was part of the FU1 reference
segmentation masks. We updated the baseline reference
segmentations to include the extra tumor, and hence, the
below results also take into account this extra tumor.

All four models obtained a good DSC for planning
MRI. The models 1, 3 and 4 had the same DSC of 0.94
for the planning MRI. For model 2, we obtained a slightly
lower DSC of 0.93.

All four models obtained a lower DSC for the segmen-
tation of follow-up MRI when compared with the DSC
of planning MRI. Model 4 (MedNeXt trained with both
ETZ and public data) and Model 3 (MedNeXt trained

ETZ train- Publicdata Baseline FU1 FU2 FU3 FU4 FU5 FU6
ing set training set test set test set test set test set test set test set test
set
Number of patients 201 75 54 54 41 32 27 19 14
Gender
Male 97 28 26 26 19 15 12 7 5
Female 104 47 28 28 22 17 15 12 9
Age
Average 63 57 62 62 63 63 63 62 62
Min 34 27 32 32 44 44 44 49 49
Max 85 77 81 81 81 81 81 81 75
Total number of brain lesion 1173 367 211 218 212 167 97 73 55
segmentations
Number of BM per patient
Average 6 5 4 4 4 4 4 3 3
Min 1 2 1 2 1 1 1 1 1
Max 154 16 10 10 10 10 10 10 10
Metastases volume (mm?)
Average 2551 7621 2739 1145 1219 900 1444 1257 1885
Min 1 2 1 1 1 1 1 1 2
Max 80,074 60,174 29,094 19,961 26,093 14,308 19,083 17,964 35,799
Median tumor volume (mm?3) 102 73 331 75 46 44 63 44 25
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Fig. 1 Brain metastases volume distribution
Table 2 DSC of the segmentation models along with the standard deviation (SD)
DsC Baseline FU1 FU2 FU3 FU4 FU5 FU6
Model 1 = nnU-Net trained with ETZ data only 0.94+004 074+£031 063+038 058+£036 053+042 057036 047+036
Model 2 - nnU-Net trained with ETZ and publicdata  093+0.11  0.77+020 0.73+026 0.73+0.25 0.71+£0.29 0.72+028 0.69+0.28
Model 3 - MedNeXt trained with ETZ data only 094+004 0.78+026 066+037 065+037 057042 067+032 062+034
Model 4 - MedNeXt trained with ETZ and public data 0.94+0.03 0.78+0.19 0.74+0.26 0.72+027 0.71+029 0.74+0.24 0.70+0.28

In bold is the value of the best DSC for the corresponding test set

Segmentation performance
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Baseline FU1

Fig. 2 DSC of the segmentation models along with Standard Error (SE)

with ETZ data only) had a DSC of 0.78 for FU1. This is
higher than the DSC of other models for FU1. Similarly,
model 4 had the highest DSC for FU2, FU5 and FU6.
Model 2 (nnU-Net trained with both ETZ and public
data) had a DSC of 0.73 for FU3. This is higher than the
DSC of other models for FU3. Model 2 and Model 4 had
a DSC of 0.71 for FU4. This is higher than the DSC of
other models for FU4.

In general, the models which included the public data
also in the training data set (model 2 and 4) performed
better for the follow-ups when compared to the models

||II ||II IIII IIII I‘ﬂ

B Model1l ™ Model 2

Model 3 Model 4

which were trained with ETZ data only (model 1 and 3).
For FU2, FU5 and FU6, the model 4 had a DSC which is
0.08, 0.07 and 0.08 respectively higher than the DSC of
model 3. For FU3 and FU4, model 2 had a DSC of 0.15
and 0.18 respectively higher than the DSC of model 1
(nnU-Net trained with ETZ data only).

The ENR, Sensitivity and IOU obtained for the base-
line and the FU tests for the four models are shown in
Tables 3, 4 and 5 respectively.

These results show that Model 2 had a superior FNR
and sensivity for the most follow-ups when compared to



Kanakarajan et al. BMC Medical Imaging (2025) 25:101

Table 3 FNR of the segmentation models

Page 7 of 12

FNR Baseline FU1 FU2 FU3 FU4 FU5 FU6
Model 1 — nnU-Net trained with ETZ data only 0.07 0.29 037 047 047 045 049
Model 2 - nnU-Net trained with ETZ and public data 0.06 0.08 0.16 0.17 0.18 0.17 0.17
Model 3 - MedNeXt trained with ETZ data only 0.06 0.21 0.35 0.34 042 036 0.35
Model 4 - MedNeXt trained with ETZ and public data 0.06 0.09 0.16 0.16 0.20 0.19 0.18
In bold is the value of the best FNR for the corresponding test set
Table 4 Sensitivity of the segmentation models
Sensitivity Baseline FU1 FU2 FU3 FU4 FU5 FU6
Model 1 — nnU-Net trained with ETZ data only 093 0.71 0.63 0.53 0.53 0.55 0.51
Model 2 - nnU-Net trained with ETZ and public data 0.94 0.92 0.84 0.83 0.82 0.83 0.83
Model 3 - MedNeXt trained with ETZ data only 0.94 0.79 0.65 0.66 0.58 0.64 0.65
Model 4 - MedNeXt trained with ETZ and public data 0.94 0.91 0.84 0.84 0.80 0.81 0.82
In bold is the value of the best sensitivity for the corresponding test set
Table 5 Intersection over Union (loU) of the segmentation models
loU Baseline FU1 FU2 FU3 FU4 FU5 FU6
Model 1 — nnU-Net trained with ETZ data only 0.89 0.65 0.55 0.50 046 048 0.38
Model 2 - nnU-Net trained with ETZ and public data 0.88 0.66 0.63 0.62 0.61 0.62 0.58
Model 3 - MedNeXt trained with ETZ data only 0.89 0.69 0.59 0.58 0.52 0.58 0.52
Model 4 - MedNeXt trained with ETZ and public data 0.89 067 0.63 0.61 0.61 0.63 0.59
In bold is the value of the best loU for the corresponding test set

Model 1 Model 2 Model 3 Model 4

Fig. 3 Results of the 4 models for a sample patient in baseline test set

the other models. Similar to DSC, the models 2 and 4 had
a superior IoU for most follow-ups.

Figure 3 shows the segmented output of the four
models for a sample patient with a good segmentation
performance in the baseline test set. The reference seg-
mentations are marked in green, the segmentations from
the models are marked in red and the overlapping region
is marked in yellow. The DSC of all four models for this
patient is 0.98. The images show that there is an almost
complete overlap between the reference segmentations
and the model output and provide a sample illustration of
the good performance of all four models for the baseline
test set.

Figure 4 shows the segmented output of the four mod-
els for a sample patient in the FUS5 test set. The reference
segmentations are marked in green, the segmentations
from the models are marked in red and the overlapping
region is marked in yellow. Model 4 is the best perfor-
maning model with a DSC of 0.85, followed by model 2
with a DSC of 0.83. The DSC of model 1 and model 3 are
0.63 and 0.60 respectively. The images show that model
4 and model 2 has a higher overlap of the segmented
output and reference segmentation when compared to
model 1 and model 3. The figure provides a sample illus-
tration of better performance of the models trained with
the combined data when compared with the models
trained with ETZ data only for follow-up images.
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Model 1 Model 2 Model 3 Model 4

, .._;q,- .._;r_-,'~

Fig. 4 Results of the 4 models for a sample patient in a follow-up test set (FU5). The second row is a zoomed-in version of the segmentations in the first
row. Models 2 and Model 4 segmented larger tumor region when compared to the other models. The reference segmentations are marked in green, the

segmentations from the models are marked in red and the overlapping region is marked in yellow

Table 6 LMM - fixed effects

Table 10 LMM - fixed effects for MedNeXt model

Name Estimate (Std. error) t-statistic p Name Estimate (Std. error) t-statistic p
(Intercept) 046 (0.06) 7.40 <0.001 (Intercept) 0.69(0.04) 16.26 <0001
model 0.11(0.03) 3.56 <0.001 model 0.04 (0.01) 2.74 0.006
data 0.14(0.03) 4.54 <0.001
model: data -0.05 (0.02) -2.68 0.008 o
= -0.05, t(960)=-2.68, p=0.008) reached significance.

Table 7 LMM — fixed effects for ETZ data To understand the interaction effect, we ran additional

- -~ analyses, separately for each data type and model. The
Name Estimate (Std. error) t-statistic p f th I h in Tables 7. 8. 9
(Intercept) 0.59 (0.05) 11.05 <0001 OUZC"me;hO tffese afnahyses iiirels OV;’In cin. a‘ﬁes ’ f
model 0.06 (0.01) 445 <0001 and 10. The effect of the model reached significance for

Table 8 LMM - fixed effects for combined data

Name Estimate (Std. error) t-statistic p
(Intercept) 0.67 (0.04) 15.79 <0.001
model 0.03 (0.01) 3.13 0.002

Table 9 LMM - fixed effects for nnU-Net model

Name Estimate (Std. error) t-statistic p
(Intercept) 0.57(0.05) 1145 <0.001
model 0.09 (0.01) 511 <0.001

Outcome of statistical analysis

We developed an LMM to compare the DSC of different

models trained on different datasets over multiple time

points. The outcome of the LMM is shown in Table 6.
Both the main effect of model type (B=0.11,

t(960)=3.56, p<0.001) and data type (B=0.14,

t(960) =4.54, p<0.001) as well as their interaction (B

the ETZ data (B=0.06, t(960)=4.45, p<0.001) and also
for the combined data (B=0.03, t(960)=3.13, p=0.002).
Similarly, the effect of the data also reached significance
for nnU-Net model (B=0.09, t(960)=5.11, p<0.001) and
MedNeXt model (B =0.04, t(960) =2.74, p = 0.006).

Figure 5 shows the interaction plot for the performance
of the nnU-Net and MedNeXt algorithms for ETZ data
and for the combination of ETZ and public data. Med-
NeXt provides superior DSC when compared with nn-
UNet for both data sets although the difference is smaller
(but still statistically significant) for the combined
dataset.

Discussion

In the present work we assessed the effectiveness of the
nnU-Net and MedNeXt algorithms for automated seg-
mentation of both planning and follow-up MRI for BM
patients. We conducted experiments by training four
distinct models using these algorithms. Specifically, two
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Interaction Plot of DSC by Model and Data
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Fig. 5 Effect of model and dataset on DSC

nnU-Net models were trained — one solely with ETZ data
and the other with the combination of ETZ and public
data. Similarly, two MedNeXt models were trained — one
exclusively with ETZ data and the other with the combi-
nation of ETZ and public data.

As shown in Table 2, three of the models achieved a
DSC of 0.94 on planning MRI while Model 2 (nnU-Net
trained with ETZ and public data) achieved a DSC of
0.93. These results indicate a good performance of the
models in segmenting BM on the planning MRI, with
minimal variation in performance across the different
models. Notably, the performance of our models for the
planning MRI surpassed that reported in similar stud-
ies. For example, Hsu et al. [19] expounded a fully 3D
DL approach capable of automatically detecting and
segmenting BM on MRI and on CT scans. The DSC of
this algorithm was found to be 0.76. Grovik et al. [21]
observed a DSC of 0.79 while evaluating a DL algorithm
for detection and segmentation of BM on multisequence
MRI. Ziyaee et al. [29] evaluated the effectiveness of the
nnU-Net al.gorithm specifically for segmentation of BM
by training and testing it with planning MRI only and
achieved an overall DSC of 0.82.

However, during the evaluation on the planning MR],
our models exhibited some limitations. During the visual
inspection of the segmentation outputs with our radiolo-
gists, we observed that the models tended to miss metas-
tases situated near a blood vessel or the tentorium and
occassionally produced false positive segmentations by
misidentifying blood vessels as BM. These observations
highlight the need to further investigate location-specific
performance variations in future studies. Location-spe-
cific improvements to the models such as location-based
post-processing can enhance sensitivity and specific-
ity, leading to more reliable detection of BM in clinically
challenging regions. However, the models did detect and
segment a single brain metastasis that was accidentally
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missed in the reference segmentation (see Fig. 6 in the
supplementary section). This tumor that was detected
by the models was included in the reference segmenta-
tion of the subsequent follow-up scans. While this was an
isolated case, it underscores the potential utility of these
models in assisting clinicians with the early detection and
segmentation of the tumors.

In contrast to the robust performance on planning
MRI, the models showed lower efficacy for the follow-
up images. This decline could be attributed to several
factors, including the radiation effect which causes
the tumors to shrink over time. Table 1 shows that the
median tumor volume of the follow-up images is less
than the planning MRI and also the median tumor vol-
ume decreased on subsequent follow-ups. The detection
and segmentation performances of the DL algorithms
tend to decrease for smaller lesions [20]. Hence, the
shrinkage of the tumors over time due to the radiation
effect could be a reason for the lower performance for
successive follow-up scans. The decrease in performance
for the follow-ups may also be due to the different dose of
contrast administered during follow-up scans compared
to planning scans. The planning MRI were contrast-
enhanced with triple-dose gadolinium and the follow-up
images were contrast-enhanced with single-dose gadolin-
ium. Additionally, changes in tumor texture over succes-
sive follow-up scans, after multiple sessions of treatment
might contribute to the diminished performance of the
models on the follow-up MRI. The experiments of You
et al. [45] confirmed that the performance of DL mod-
els change due to the contrast and texture modifications
employed during training and/or testing time.

In most hospitals, the segmentations are done only for
the baseline scans and not for the follow-up scans. This
lack of segmented follow-up images creates a limitation
for training the DL algorithms with follow-up scans.
Since the performance of the models trained with ETZ
only data is lower for the follow-up MRI compared to the
performance for the planning MRI, we added the public
data set to the training data and then evaluated the mod-
els trained with both ETZ and public data. The perfor-
mance of the models on follow-up MRI images improved
(when compared with the models trained with ETZ data
only) by the addition of the public data to the training set
and this performance is comparable with other studies on
BM segmentation on pre-treatment images [19, 21], sug-
gesting this to be a viable solution to improve the model
efficacy for the follow-ups in scenarios where the refer-
ence segmentations are lacking for follow-up MRI. This
improvement in performance could be attributed to the
increased heterogeneity introduced by the additional
data in the training set, as well as the similarity in con-
trast enhancement (both single dose) between the pub-
lic data in the training data set and the follow-up test
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data. We used the publicly available BM images from the
Mathematical oncology laboratory provided by Ocaria-
Tienda et al. [43]. To our knowledge, this is the only pub-
licly available dataset that includes follow-up MRI scans
and segmentations. Making follow-up scans publicly
available can further improve the segmentation perfor-
mance of the algorithms.

An interesting observation from this evaluation of
nnU-Net and MedNeXt algorithms is that there is a
statistically significant difference in the DSC of the two
algorithms when trained with the combination of ETZ
and public data. Also, when the algorithms are trained
with ETZ data only, the MedNeXt algorithm provides
a statistically significant increase in DSC compared to
nnU-Net. This shows that MedNeXt provides better DSC
when there is limited training data, and the difference
becomes smaller (but is still statistically significant) when
there is heterogeneous training data. The performance
comparison done by Roy et al. [39] shows that MedNeXt
provides higher DSC when compared to other algo-
rithms for organ and tumor segmentations. MedNeXt
provides higher DSC for both datasets, but the nnU-Net
model trained with the combined data provides the best
sensitivity and FNR for most follow-ups. If detecting all
tumors and minimizing the risk of missing tumors is the
highest priority, then nnU-Net might be preferable due
to its higher sensitivity and lower false negative rate. On
the other hand, if accurate segmentation of the tumor’s
shape and size is more important (for precise treatment
planning, for example), then MedNeXt might be better
due to its higher DSC. Hence, MedNeXt emerges as the
favorable option for the segmentation of planning MRI
and nnU-Net emerges as the favorable option for the
deduction of new or recurrent tumors in follow-up MRI.

A reliable automated detection and segmentation pro-
cess for the follow-up scans has great clinical value by
assisting the radiologists in the detection of new lesions
in the follow-up scans that were not part of the initial
planning MRI and may not be immediately apparent
through the manual comparison of the follow-up MRI
with the planning MRI. Additionally, automated segmen-
tation enhances the assessment of subtle tumor changes,
improving treatment response evaluation. Follow-up
scans can differ from initial diagnostic MRIs in imag-
ing protocol, making direct comparisons complex. The
limited availability of labelled follow-up MRI datasets
further challenges the training of deep learning models
specifically for follow-ups. Leveraging models trained
on initial diagnostic MRIs is a necessary and practical
approach, ensuring accurate and consistent segmentation
across different imaging conditions. Accurate segmenta-
tion of BMs in the follow-ups can not only improve the
clinical workflow and the reading confidence of the radi-
ologists but also reduce workload, making it a valuable
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tool for clinicians. This study also showed that nnU-Net
performs best for the detection of the tumors while Med-
NeXt is the best for the segmentation of the tumors.

This study also demostrated a solution for the develop-
ment for DL models in situations where the training data
is sparse or not available. Also when there is large train-
ing data set, the addition of public data set could increase
the heterogeneity of the training data and hence improve
the model performance. Since, both nnU-Net and Med-
NeXt algorithms achieved state of the art performance
when compared to other algorithms for medical image
segmentations, the aim of this study was to assess their
applicability for automated segmentation of both plan-
ning and follow-up BM images without modifying the
underlying algorithms. While no technical improvements
were made, future research could explore enhancements
to the algorithms tailored specifically to automated BM
segmentation.
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