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U-Net-based transfer learning for automated
tumour segmentation enabling fully

automated ['®F]F-DOPA PET analysis
in paediatric gliomas
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Abstract

Background PET imaging with ['8F]F-DOPA shows great promise for assessing paediatric gliomas. Manual tumour
delineation and parameter extraction are time-consuming and prone to inter-operator variability.

Methods We evaluated whether a deep learning model, leveraging transfer learning from adult glioma datasets,
could enable a fully automated pipeline for tumour segmentation and PET parameter extraction. Static and dynamic
parameters were compared across three approaches: (i) automatic vs semi-automatic, (i) automatic vs manual,

and (iii) manual vs. semi-automatic. Data from 103 paediatric patients (median age 11 years; 54 females, 49 males)
with static and/or dynamic ["8FIF-DOPA PET scans (2011-2024) were retrospectively included for fine-tuning the
deep learning model. Statistical and survival analyses were performed on 90 subjects; dynamic analysis included 32
patients.

Results The best model achieved a Dice score of 0.82+0.11 and was integrated into the pipeline for extracting
static and dynamic indices. Automatic Tumour-to-Striatum ratio showed high reproducibility across comparisons
((i) p=0.660, (i) p=0.342, (iii) p=0.639), while Tumour-to-Background differed significantly when comparing manual
delineations (p<0.01). Dynamic parameters demonstrated good reproducibility with the automatic method
(p>0.05). Importantly, both automated static indices correlate significantly with tumour grade, with the overall and
progression-free survival (p <0.05).

Conclusions Transfer learning enabled a fully automatic ['®F]F-DOPA PET pipeline for paediatric gliomas, providing
reproducible static and dynamic parameter extraction and correlating with clinically relevant outcomes. This
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approach reduces operator dependence and streamlines analysis, supporting potential integration into routine

clinical practice.

Keywords U-Net, Transfer learning, ['®F]F DOPA PET, Paediatric gliomas, FLAIR MRI, Automated pipeline

1 Introduction

Gliomas are the most frequent central nervous system
(CNS) malignancy in children, accounting for up to 35%
of cases [1]. They range from low-grade (LGG) to high-
grade (HGG) tumours and exhibit distinct genetic char-
acteristics and treatment responses compared to adult
gliomas [2]. Particularly, paediatric glioma stratification
relies not only on their pathological characteristics but
also on the presence of specific gene mutations [3].

Magnetic resonance imaging (MRI) is the gold standard
for evaluating paediatric gliomas, as it offers unmatched
soft tissue contrast, evaluation of vascularity, and multi-
parametric capabilities [4, 5]. However, positron emis-
sion tomography (PET) with [**F]F-DOPA has emerged
as a complementary modality, offering higher correla-
tion with tumour grade and prognosis, particularly in
infiltrative gliomas. Furthermore, [*®F]E-DOPA PET can
improve the distinction between disease infiltration and
oedema, guide the diagnostic biopsy, and help optimize
the external beam radiation treatment [6, 7]. Finally, [**F]
E-DOPA PET has shown great potential in the non-inva-
sive detection of the H3K27M mutation, a pivotal bio-
marker in diffuse midline gliomas (DMGs) [8, 9].

Tumour segmentation and clinical metric extrac-
tion remain key steps for diagnostic and prognostic
evaluation. These tasks are still primarily performed
manually, making them time-consuming and prone to
inter-observer variability [10]. In PET analysis, static
parameters such as the tumour-to-striatum (T/S) and the
tumour-to-background (T/N) ratios are commonly used
[11]; recently, dynamic parameters, such as the shape,
the steepness of the time-activity curve (TAC), have been
extracted to provide further metabolic insights [12, 13].
These tasks require high expertise, and manual execution
can result in variability between observers [14, 15]. Semi-
automatic and automatic methods could address these
limitations [16]. A semi-automatic approach has previ-
ously been developed [17]. Still, its robustness could be
further enhanced by deep learning (DL), which has trans-
formed medical imaging tasks, including segmentation,
classification, and feature extraction [18, 19]. In 2021,
Futrega et al. [20] proposed an optimized U-Net frame-
work for the brain tumour segmentation in the BraTS21
challenge [21], which was later adapted by Bianconi et al.
for glioblastoma segmentation [22].

Within this context, our work aims to employ trans-
fer learning (TL) [23] with the optimized U-Net frame-
work (20, 22) to define a fully automated pipeline to
extract static and dynamic ['*F]E-DOPA PET parameters

from paediatric gliomas. The automatic glioma delinea-
tion from the FLAIR modality could allow for the shed-
ding of previously employed semi-automatic methods,
such as the growing-region algorithm [24]. We propose
validating the fully automated pipeline by comparing the
extracted static and dynamic features with their manually
and semi-automatically extracted counterparts. More-
over, we investigate the correlation between static indices
extracted with a fully automatic method and clinical out-
comes, i.e., the grade of the neoplasms, overall survival
(OS), and progression-free survival (PES).

2 Methods

We adapted the U-Net pipeline [20] to automatically
delineate paediatric gliomas from FLAIR MRI. Bianconi
et al. [22] applied TL to segment glioma sub-regions in
adult patients using preoperative (n=71) and postop-
erative (n=166) multimodal MRI data. They used the
optimized U-Net defined by Futrega et al. [20] to clas-
sify three labels: in the preoperative setting, 1 for tumour
core, 2 for enhancing tumour, and 3 for whole tumour;
in the postoperative setting, 1 for oedema, 2 for enhanc-
ing tumour, and 3 for the resection cavity. We applied the
DL in the preoperative scenario and adapted the U-Net
to segment the whole tumour rather than sub-regions.
Given the smaller size of the paediatric dataset, TL was
employed to fine-tune the model to the paediatric cohort.
The input/output channels were reduced from 3 to 1: 0
for background and 1 for lesion.

This replaced the semi-automatic segmentation previ-
ously performed in MRIcroGL [24]. As shown in Fig. 1,
this integration allowed a fully automated workflow from
FLAIR segmentation to PET parameter extraction. We
did not apply the U-Net model directly to ['*F]F-DOPA
PET images because of the heterogeneous radiotracer
uptake. In rare high-grade neoplasms, uptake is minimal
or absent, potentially introducing bias into the model.
Instead, FLAIR MRI lesions were used to identify the
affected hemisphere and served as a tumour mask in
cases where neoplasms exhibited low [**F]JF-DOPA
uptake (Fig. 1d).

We evaluated model performance using both FLAIR
and FLAIR & T1. After model selection, to assess the
performance of our algorithm, we compared three seg-
mentation methods: manual, semi-automatic, and auto-
matic. The manual method used the VCAR tool on
the GE Healthcare AW server with a region-growing
algorithm seeded at maximum PET uptake. Our previ-
ously defined pipeline [17] served as the semi-automatic
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Fig. 1 Comprehensive Workflow for Automated Paediatric Brain Tumour Analysis. This figure illustrates the end-to-end pipeline for processing and ana-
lysing brain tumours in paediatric patients. a Preprocessing: Initial data preparation includes DKA erosion, MRI skull stripping, and identification of the
tumour on FLAIR imaging. b Coregistration: Aligns the MNI atlas and FLAIR MRI to the coordinate space of ['8F]F-DOPA PET. ¢ Region Selection: Selects
the contralateral hemisphere for subsequent analysis. d Tumour Segmentation: Employs a hybrid approach using automatic thresholding for high-grade
neoplasms and a growing region method for low-grade neoplasms to delineate the tumour lesion on PET images. e Parameter Extraction: Derives quanti-
tative metrics, including tumour-to-background and tumour-to-striatum ratios, and performs dynamic analysis. These steps of the pipeline are defined in
[17].f U-Net Framework: Integrates a deep learning model, pre-trained on the BraTS dataset and fine-tuned on paediatric data, to automatically delineate
the tumour on FLAIR MR, providing a crucial input for (a) and subsequent pipeline analysis. This integrated approach, implemented within a GUI, stream-

lines the entire process from preprocessing to clinical metrics extraction

method. Finally, we investigated the clinical application
of the extracted indices. Moreover, a graphical user inter-
face (GUI) has been developed to run the complete pipe-
line, which is detailed in the supplementary material, and
will be freely available on GitHub at the following link:
https://github.com/FN-Org/GliAAns-Ul and the code
documentation can be seen here: https://fn-org.github.io
/GliAAns-Ul/.

1. Dataset

We retrospectively included paediatric patients referred
to our institution (2011-2024) with newly diagnosed,
treatment-naive gliomas who underwent FLAIR MRI and
[8F]E-DOPA PET (static and/or dynamic) within two
weeks. Exclusion criteria included poor image quality,
artefacts, multiple active malignancies, missing MRI, or
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lack of histological confirmation. Data from 103 subjects
meeting these criteria were used to develop the DL algo-
rithm, 73 of whom had been included in a previous study
[17]. For subsequent statistical and survival analysis data
from 90 subjects were available. The difference in cohort
sizes was due to patients being initially referred to other
institutions or later transferred to different hospitals.

To pre-train the U-Net, we utilized the BraTS 2023
dataset with 1 251 labelled adult glioma cases for training
and validation and an unlabelled test set of 219 patients
[22, 25-27]. FLAIR and T1 MRI were consistently used
in our cohort. All FLAIR images considered are without
gadolinium contrast. Demographic data are detailed in
Table 1. The Regional Ethics Committee approved the
study (R.P. 006/2019). Written informed consent was
obtained from legal guardians, with assent from patients
when appropriate.

2. Imaging Protocol

[8F]F-DOPA PET scans were acquired on either a Dis-
covery ST or a Discovery MI PET/CT scanner (GE
Healthcare, Milwaukee, WI, USA). PET images were
obtained following bolus injection, over 90 s per bed
position, covering lower extremities to the vertex. MRI
was performed on 1.5 T (Intera Achieva, Philips, The
Netherlands) or 3 T (Ingenia Cx, Philips) systems. All
patients underwent clinical FLAIR and T1-weighted
sequences. All MRI images are considered without con-
trast enhancement. Specifications of imaging param-
eters are summarized in Table E1 of the supplementary
material.

3. Preprocessing and Augmentation

Since the U-net is pre-trained on the BraTS dataset, we
adapted our data in a BraTS-like orientation. The main
steps are the following: (i) we applied skull stripping with
the Synthstrip tool [28], (ii) we co-registered the FLAIR

Table 1 Demographics of the study cohort. We report the
median age, sex, and histological diagnosis of the patients based
on the updated WHO guidelines of 2021

Demographics

Paediatric cohort

Age (years)

Median 11

Sexn (%)

Female 54 (52.4%)
Male 49 (47.5%)
Histologic Diagnosis

Circumscribed astrocytic gliomas 11
Glioneuronal and neuronal tumours 9
Paediatric type diffuse low-grade gliomas 25
Paediatric type diffuse high-grade gliomas 58
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MRI to the SRI-24 atlas (available at the following link h
ttps://www.nitrc.org/projects/sri24) to obtain isotropic
voxels with isotropic spacing of 1 mm [29], and (iii) we
aligned the orientation of the images in our dataset to
match the BraTS orientation, i.e., Left Posterior Superior
(LPS).

For co-registering all MRI volumes to the SRI-24 ana-
tomical atlas, which is defined in the same coordinate
space as the BraTS dataset, we employed the Advanced
Normalization Tools (ANTs) suite. The registration pipe-
line involved an initial affine transformation followed by
the Symmetric Normalization (SyN) deformable algo-
rithm to ensure accurate anatomical alignment. Regard-
ing the resampling process, trilinear interpolation was
employed for the MRI. Conversely, nearest-neighbour
interpolation was used for all binary lesion masks, thus
preserving the binary nature of the segmentations. All
images were resampled to an isotropic voxel size, match-
ing the input resolution requirements of the pre-trained
U-Net framework.

To ensure our subjects matched the LPS coordinate
system used by BRATS, we employed the NiBabel library
to align the orientation. To bridge the adult-paediatric
domain gap and augment underrepresented small lesions
(<3000 voxels) with non-well-defined edges, we gener-
ated 20 samples from 10 subjects using five augmenta-
tion techniques. The following methods were applied:
(i) flipping around the axial plane with a 50% probability,
(ii) elastic deformation, (iii) adding Gaussian noise with
a randomly selected standard deviation between 0 and
0.1, (iv) deforming the bias field with a coefficient of 0.5,
and (v) varying the parameter gamma to apply gamma
correction, to modify the contrast, with values ranging
from - 0.3 to 0.3.With this process, we generated 20 new
FLAIR MRIs and T1 for each subject. These transforma-
tions were applied with random parameters to get new
versions of the input image. The Python library PyTorch
[30] was applied for this task. In Fig. E3 of the supple-
mentary material we report examples of augmented data.

4. Deep Learning Architecture

The U-Net code used by [20, 22] is a 3D U-Net derived
from the nnU-Net framework. We employed this archi-
tecture to segment the whole tumour using FLAIR alone
and with T1 weighted images. Only these two sequences
were considered, as they were consistently acquired for
all subjects in the cohort. Pre-training was conducted on
1251 labelled adult BraTS subjects for 150 epochs with
fivefold cross-validation. To generate the whole-tumour
label, all sub-region masks were merged. Training was
performed on a high-performance workstation with
a 2.3 GHz 4 x24-core AMD EPYC 7352 CPU, 251 GB
DDR4-3200 RAM, and a 24 GB PNY Quadro RTX 6000
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GPU. After pretraining, the network was fine-tuned on
the paediatric dataset using TL [31].

Of the 103 patients, 72 were randomly selected for
fine-tuning. The remaining 31 subjects were reserved
as a blind test set, kept entirely unseen during training
and utilized only after fine-tuning to select the best-per-
forming model. The selected 72 subjects were included
as input with the lesion mask obtained from the growing
region of MRIcroGL.

To adapt the model, only the first two encoder layers
were frozen. Training parameters, including epochs and
cross-validation settings, followed the same configura-
tion used in the BraTsS pretraining phase.

5. Model selection

We selected the optimal U-Net architecture based on
its performance within the independent blind test set
(n=31), which was excluded from both pre-training
and fine-tuning. Segmentation performance was evalu-
ated across five cross-validation folds, comparing mod-
els trained on FLAIR-only versus FLAIR & T1, with and
without data augmentation. To quantify accuracy, we cal-
culated Dice scores using the semi-automatic masks as
reference.

Furthermore, to assess the robustness and generalis-
ability of the framework, we performed a comparative
analysis of segmentation metrics and PET-derived indi-
ces between the blind test set and the full cohort (Supple-
mentary Tables E4 and E5).

6. Pipeline validation: comparison between automatic,
semi-automatic and manual methods

We validated the automated pipeline by comparing
parameters extracted from static and dynamic PET using
automatic, semi-automatic, and manual methods. Static
parameters were compared on a cohort of 90 subjects
and dynamic data were available only for 32 subjects. The
difference in cohort sizes in the statistical analysis, with
respect to model training, was due to patients initially
being referred to other institutions or later transferred to
different hospitals. Therefore, we included all patients for
whom both grade and survival data were available.

To ensure that the segmentation inference phase
remained independent of the training process, we intro-
duced data perturbations to the 72 subjects previously
used for fine-tuning. This step was designed to evaluate
the performance of the model on unseen variations and
data. Specifically, FLAIR images were modified using: (i)
adding random Gaussian noise with a standard devia-
tion between 0 and 0.05 and (ii) elastic deformation. To
verify that these perturbations did not alter the final PET
results, we performed a sensitivity analysis. We compared
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the PET-derived indices extracted from both the original
and perturbed datasets using the Wilcoxon signed-rank
test across the entire cohort (n=103), see Table E2 in the
supplementary material.

Moreover, to evaluate our proposed pipeline against
manual analysis we performed manual segmentation,
reproducing the clinical workflow by using the region-
growing algorithm implemented in the PET VCAR tool,
seeded at the point of maximum uptake. This method
was applied to delineate both the tumour lesion and the
contralateral striatum. T/S ratios were calculated as the
ratio between the maximum uptake values within the
lesion and the contralateral striatum VOI. T/N ratios
were obtained by normalizing the maximum uptake of
the tumour lesion to that of the reference region, defined
as the contralateral centrum semiovale. This reference
region was delineated using a spherical VOI encompass-
ing both grey and white matter.

In the proposed pipeline, the entire white matter was
selected as the background region. We employed this
comprehensive volume over the centrum semiovale to
ensure a more representative sampling of background
activity, giving confidence that the true maximum val-
ues are captured, for example in both tumour and back-
ground measurements.

To maintain methodological consistency and allow for
direct comparison with established clinical workflow, we
also performed a harmonization analysis utilizing the
centrum semiovale as the background region across all
three methods (see Supplementary Material, Table E3).

For dynamic PET, tumour VOIs were drawn on the
final frame and projected across previous frames. For
semi-automatic analysis, we used our previously defined
pipeline [17]. The dynamic parameters included Time-
To-Peak (TTP), defined as the time point of maximum
TAC uptake, and the tumour and striatum slopes. These
slopes were calculated using linear regression of mean
VOI values from the second minute until the end of the
acquisition. Finally, the Dynamic Slope Ratio (DSR) was
derived as the ratio of the tumour slope normalized to
the striatum slope.

We compared extracted indices using statistical tests
including normality assessments, Wilcoxon tests, and
correlation analyses. p-values derived from the Wilcoxon
tests were adjusted using the Bonferroni correction to
account for the three analysis methods. For each statis-
tical analysis we also report the 95% confidence inter-
val and the effect size (Cohen’s D), which is a parameter
to quantify the magnitude of the differences between
groups. Moreover, we report Bland Altman plots in Fig.
E5 of the supplementary material.
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Table 2 Dice and Hausdorff scores for the pre-training and fine-
tuning with and without data augmentation

Modality Pre-training Fine-tuning Fine-tuning
phases without with aug-

augmentation mentation

Flair

Dice 91.97+041 91.33+£0.90 86.68+1.22

Hausdorff 5.78+0.55 6.06+1.2 1045+2.26

Flair&T1

Dice 92496+0.3415 91.608+0.9423 86.458+1.704

Hausdorff 5482+0.5337 5.774+0.849 9.744+2.380

Results are presented for models trained using only FLAIR MRI and for models
trained with both FLAIR and T1 weighted MRI

7. Correlation of automatically extracted static indices
with grade of neoplasms, overall survival and
progression-free survival

Data from 90 subjects were employed to investigate the
clinical applicability of the automatic method by assess-
ing the correlation between T/S and T/N with clinical
outcomes including the grade of the neoplasm, the OS,
and the PFS.

To evaluate the correlation with grade, subjects were
classified into High-Grade (HG, n=49) and Low-Grade
(LG, n=41) groups. The normality of the distributions
was tested using the Shapiro—Wilk test, and equality of
variances was assessed using the Levene test. Finally,
Mann—-Whitney U test was applied to assess the sta-
tistical significance of the differences in static indices
between HG and LG tumours.

Kaplan—-Meier survival analyses were performed to
investigate the relationship between T/S and T/N with
OS and PFS. The time interval was defined as the number
of days between the date of diagnosis and the date of the
last follow-up. For OS, events were coded as 0 for alive
and 1 for deceased subjects; for PFS, events were coded
as 0 for stable disease and 1 for progressive disease. Sub-
jects were dichotomized into high and low groups based
on median T/S and T/N values; survival differences were
then evaluated using log-rank tests.

3 Results
1. Segmentation Performance Across Validation

Scenarios: FLAIR vs. Multimodal MRI, with and
without Augmentation
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We trained the U-Net framework using fivefold cross-
validation over 150 epochs both during the pre-training
and the adult & paediatric fine-tuning process. Table 2
presents the mean Dice scores and Hausdorff distances
obtained in the 5-folds cross validation. We compare the
FLAIR-only and FLAIR & T1 models across both the pre-
training and fine-tuning phases. Results are reported for
the scenarios with and without data augmentation. Fur-
thermore, in Figs. E1 and E2 of the supplementary we
illustrate the results summarized in the Table 2.

2. Segmentation Performance on Paediatric Test Set
Using Fine-tuned U-Net Models with and without
Data Augmentation

The reporting results were obtained using a U-Net model
pre-trained on the BraTS dataset and fine-tuned with
data from our paediatric cohort. Furthermore, as BraT$
does not release the segmentation mask for the test set,
we considered our paediatric blind-test set of 31 sub-
jects to select the model for subsequent statistical analy-
sis. The blind test set was completely excluded from the
pre-training and fine-tuning. We calculated Dice scores
to compare the masks inferred by the U-Net with those
obtained via the MRIcroGL region-growing algorithm
[17]. This followed the same evaluation protocol used for
the validation results (Table 2). To evaluate the impact
of data augmentation on fine-tuning, we compared the
model without augmentation against the augmented
model. This comparison assesses whether increasing data
diversity improves the robustness and generalization of
the model. We report the mean and standard deviation of
the dice scores in Table 3.

Moreover, we selected the fine-tuned model that was
trained using only FLAIR MRI with augmentation (fold
3). This model achieved the highest Dice score in the
blind test set (see Table 3) and demonstrated superior
performance across the full cohort (n=103). This model
obtained a Dice score of 0.79+0.15, compared with
0.73+0.27 for the FLAIR + T1 model (see Supplementary
Material, Table E4).

In the following paragraphs, we will report the results
obtained with the model fine-tuned with only FLAIR
(fold 3). In Fig. 2, we present three example subjects from

Table 3 Dice scores obtained during evaluation of the model within the blind test set

Fold FLAIR with no augmentation ~ FLAIR with augmentation ~ FLAIR & T1 with no augmentation  FLAIR & T1 with augmentation
Fold0  0.78+0.20 0.81+0.14 0.78+0.17 0.79+0.18
Fold 1 0.79+£0.20 0.82+0.14 0.78+0.17 0.79+0.17
Fold2  0.78+0.20 0.81+£0.14 0.78+£0.17 0.77+0.18
Fold3  08+0.18 0.82+0.11 0.78+0.17 0.78+0.19
Fold4  0.78+0.19 0.80+0.13 0.78+0.18 0.79+£0.19
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Semi-automatic segmentation U-net segmentation

Fig. 2 Comparison of the semi-automatic and automatic segmentation. Each figure represents the axial plane of FLAIR MRI acquired with no contrast.
a, b and care reporting a ten-year-old male affected by glioblastoma (WHO Stage IV) within the right hemisphere. The second and third columns depict
the two segmentation methods. d, e and f: A seventeen-year-old female affected by an intermediate-grade glial lesion (WHO Stage ll) at the level of the
right cerebellum. In rows g, h, and i, we report a one-year-old female affected by a ganglioglioma (WHO Stage 1), comparing the two lesions obtained

semi-automatically and automatically

the blind test set, comparing the semi-automatic lesion
and the U-Net-based segmentation.

3. Agreement between PET parameters obtained with
and without perturbated FLAIR MRI

The validation of the fully automated pipeline was
assessed by employing the model, which had been pre-
trained on BraTS data and fine-tuned with the paediat-
ric augmented datasets (fold 3), on the entire cohort. The
data of 72 subjects already used in the fine-tuning process
were altered with perturbations to ensure that the same
data was not fed into the trained network. Before evalu-
ating our pipeline against semi-automatic and manual
methods, we conducted a statistical analysis to verify that
these perturbations did not significantly affect the extrac-
tion of PET parameters. The comparison between indices

derived from original and perturbed images yielded no
statistically significant differences with p-value>0.05 for
all static and dynamic parameters (Table E2 of the sup-
plementary material).

4. Validation of the Proposed Pipeline Against Manual
and Semi-automatic static and dynamic Indices

We applied the proposed pipeline to a cohort of 90 sub-
jects and evaluated its performance by comparing the
results with those obtained manually and with the semi-
automatic approach. Statistical analysis for static indices
was performed for all included subjects, while dynamic
PET scans were available only for 32 patients.

As the Shapiro—Wilk test confirmed that none of the
indices followed a normal distribution, the three extrac-
tion methods were compared using the Wilcoxon test:
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(i) automatic versus semi-automatic, (ii) automatic ver-
sus manual, and (iii) semi-automatic versus manual. We
applied the Bonferroni correction to the p-value.

In Table 4, we summarized all the results of the statisti-
cal analysis, including the confidence interval and the D
effect size.

For the T/S comparison, no statistically significant dif-
ferences were observed in any case, as shown in Fig. 3b (i)
p=0.66, (ii) p=0.342, (iii) p=0.639. There is a significant
difference in T/N (p <0.005) when comparing the manual
versus semi-automatic and the manual versus automatic
approaches (Fig. 3a). Within these comparisons we got
(if) bias=-0.252 and (iii) bias=-0.224, see Figure E5.
Conversely, there is no statistical significance between
the semi-automatic and automatic methods, p=0.207;
with Bonferroni correction, p=0.414.

No statistical significance was found across all methods
for T/N when the same background region, i.e. the cen-
trum semiovale, was considered (see Table E3).

Dynamic indices were compared across the three
methods in 32 subjects. As several parameters did not
meet the normality assumption (Shapiro—Wilk test),
comparisons were performed using the Wilcoxon signed-
rank test. No significant differences were observed for
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striatum slope or TTP among the methods. However,
Bland—Altman analysis revealed a systematic bias in TTP
relative to the manual approach, with mean biases of
2.464 for the automatic method and 1.589 for the semi-
automatic method (Figure 5). Significant differences
between the manual and semi-automatic methods were
found for tumour slope (p=0.008, D =0.18) and Dynamic
Slope Ratio (DSR) (p=0.012, D= -0.22) (Table 4). Simi-
lar differences were observed when comparing the auto-
matic and manual estimates of tumour slope and DSR.
However, these effects did not remain significant after
Bonferroni correction. Despite this, Bland—Altman anal-
ysis indicated residual biases of 0.246 for tumour slope
and 0.695 for DSR. Figure 4 shows raincloud plots illus-
trating indices distributions across the three methods.

Finally, we applied the Spearman correlation to further
explore the relationship among the extracted metrics. In
Fig. 5, we present the scatter plots for all the extracted
indices considering the three methods of analysis. The
correlation coefficients are summarized in Table 4. For all
the comparisons we got a p-value < 0.05.

5. Consistency of PET static indices between the blind
test set and the 90-patient cohort

Table 4 Statistical results of the Wilcoxon Test applied for comparing the three methods: manual, semi-automatic and automatic

Static parameters p-value Bonferroni correction D effect size Confidence interval 95% Spearman correlationcoefficient
(i) automatic vs semi-automatic

T/S 0.660 1.0 -0.022 [-0.029, 0.004] 0.98

T/N 0.207 0.622 -0.056 [-0.054,-0.005] 0.99

(i) automatic vs manual

T/S 0.342 1.0 —-0.039 [-0.047,0.070] 0.93

T/N p<0.01 p<0.01 —0.460 [=0.300,-0.200] 092

(iii) manual vs semi-automatic

T/S 0.639 1.0 -0.016 [-0.033,0.0170] 0.96

T/N p<0.01 p<001 -0410 [-0.270,—0.180] 0.93
Dynamic p-value Bonferroni correction D effect size Confidence interval Spearman correlation
parameters coefficient
(i) automatic vs semi-automatic

Tumour Slope 0.711 1.0 -0.021 [-0.074,0.016] 0.99
Striatum Slope 0.860 1.0 0.002 [-0.024,0.031] 0.99

Time To Peak 0.500 1.0 0.08 [-49.68, 168.75] 0.88
Dynamic Slope Ratio  0.900 1.0 0.03 [-0.150, 0.400] 0.98

(i) automatic vs manual

Tumour Slope 0.017 0.050 0.18 [—0.090, 0.420] 0.88
Striatum Slope 0.490 1.0 -0.08 [-0.170, 0.040] 0.95

Time To Peak 0.068 0.20 0.21 [-6.290, 300.625] 0.73
Dynamic Slope Ratio  0.018 0.056 0.25 [0.050, 1.650] 0.83

(iii) manual vs semi-automatic

Tumour Slope 0.008 0.023 -0.20 [-0.440,-0.107] 0.88
Striatum Slope 0612 1.0 0.08 [-0.030,0.180] 0.95

Time To Peak 0.237 0.71 -0.14 [-276.65, 84.37] 0.66
Dynamic Slope Ratio  0.012 0.04 -022 [-1.310,-0.130] 0.80

We report the results for both the static and dynamic indices. We also report for each comparison the D effect size, the confidence interval and the Spearman

correlation coefficient
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Table E5 (Supplementary Material) reports the Wilcoxon
test results comparing T/S and T/N values obtained from
the 90-subject cohort and the independent blind test set
(n=31). We obtained no significant differences for T/S
across all methods, while T/N yielded significant differ-
ences (p <0.05) when considering the manual method.

6. Investigation of clinical utility of the static
parameters extracted with the automatic pipeline

The T/S and T/N values extracted from 90 subjects were
classified according to tumour grade (HG vs LG). Since
the data did not meet the assumptions of normality, the
non-parametric Mann—Whitney U test was applied in all
cases. For T/S, we obtained a p-value <0.05 and an effect
size (D) of —1.05, while for T/N we found a p-value <0.05
with D equal to — 0.79. The corresponding raincloud
plots of these distributions are shown in Fig. 6a.

Over the same cohort, we studied the correlation
between T/S and T/N and survival outcomes. To define
the high and low T/S and T/N groups, we considered
the median values as a cut-off. The median T/S is 1.08
and the median value for T/N is 1.24. The log-rank test
resulted in p<0.05 between the survival curves of high
and low groups of both T/S and T/N. The survival curves
are represented in Fig. 6b and d for OS and PFES based on
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Correlation of static and dynamic indexes extracted with the three methods
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yielded statistically significant results (p <0.05), with values ranging from 0.66 to 0.99

T/S, and in Fig. 6¢c and e for OS and PFS based on T/N,
respectively.

4 Discussion

Several works have demonstrated the applicability of
transfer learning to segment paediatric brain tumours
using adult data. Liu et al. [32] showed that pre-training
DL models on open-source adult glioma datasets like
BraT'S significantly enhances segmentation performance
on rare paediatric tumours such as DMGQG, achieving a

dice score of up to 0.880+0.072 using nnU-net over 1000
epochs. Similarly, Boyd et al. [33] proposed an in-domain
transfer learning framework for pLGGs, reaching a
median dice similarity coefficient (DSC) of 0.877 and out-
performing human experts in blinded testing. Ladefoged
et al. [34] applied transfer learning with artificial neural
networks for ['|F]JFET PET/MRI-based delineation of
paediatric CNS tumours, obtaining high agreement with
manual annotations and robust clinical tracking (median
Dice score 0.93). These findings highlight how adult
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data can support segmentation tasks in rare paediatric
tumours, overcoming data scarcity.

Our study evaluated the feasibility of a U-Net-based
model for automatic glioma segmentation on FLAIR MRI
in 103 paediatric patients, aiming to introduce an end-to-
end pipeline for ['*F]JF-DOPA PET analysis.

We pre-trained the U-Net model by employing BRATS
data from the 2023 BRATS challenge. For fine-tuning
we employed a cohort 72 paediatric patient and an aug-
mented cohort of 272 paediatric patient. Our input to
the U-net were the clinical images and segmented mask
obtained with the growing region of MRIcroGL.

A critical observation emerged during the fine-tun-
ing and testing phase. Fine-tuning with augmentation
appears to yield lower Dice scores and higher Hausdorff
scores than fine-tuning without augmentation. How-
ever, the results of the blind test set in Table 3 suggest an
improvement when augmentation is applied. As reported
in Fig. Elc and d of the supplementary material, Dice
scores and Hausdorff distances, despite performing bet-
ter for the model trained without augmentation, show a

flat trend over 150 epochs compared to the pre-training
phase. This pattern suggests that during the fine-tuning
process the weights were not updated, thereby prevent-
ing further adaptation to the specificities of paediatric
tumours. Consequently, while these models achieved
high metrics during internal cross-validation (Table 2),
their performance dropped on the blind test set (Table 3),
indicating the presence of overfitting to the validation
cohort.

Data augmentation was specifically applied to shift
data distribution towards more complex scenarios,
e.g., tumours with small, poorly demarcated tumours.
As illustrated in Fig. Ele and f, this approach trans-
formed the training dynamics: the learning curves
showed an active optimization trend, with Dice scores
steadily increasing and Hausdorff distances decreasing.
Although the increased complexity of the augmented
dataset led to apparently lower cross-validation met-
rics (Table 2), it acted as a robust regulariser. By forcing
the model to learn more generalised morphological fea-
tures rather than memorizing cohort-specific patterns,
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the augmentation effectively bridged the gap between the
adult BRATS cohort and the paediatric domain.

This is confirmed by the blind test set results (Table 3),
where the augmented FLAIR-only model was the
only one consistently exceeding a Dice score of 0.8
(0.81+0.13), aligning with Boyd et al’s findings. In con-
trast, all models fine-tuned on the original 72-patient
cohort without augmentation scored below 0.80, failing
to generalise to unseen subjects.

Interestingly, the model trained with both FLAIR and
T1 on the augmented dataset followed a similar trend in
the fine-tuning process but achieved a lower average Dice
score (0.78 £0.18) in the blind test set.

This suggests that despite augmentation, increasing the
number of input modalities within a limited sample size
made the multi-modal approach more prone to overfit-
ting compared to the FLAIR-only model. The addition
of T1-weighted images might have introduced redun-
dant information that limited the generalisability in the
blind test set. Moreover, the superior performance of
the FLAIR-only model highlights the critical role of this
sequence in paediatric tumour segmentation, where neo-
plasms typically exhibit marked hyperintensity compared
to T1-weighted images.

After model selection, we investigated the clinical util-
ity of proposed pipeline by applying the DL across the full
cohort (n=103).

We applied perturbations (rotations, Gaussian noise,
and elastic deformation) to include the whole cohort
without passing the exact same data already used in the
fine-tuning process. Furthermore, we demonstrated that
perturbations did not affect PET parameters extraction
(Table E2 of the supplementary material). Importantly,
the selected model demonstrated consistent performance
across both the independent blind test set and the full
patient cohort (n=103, n=90), in terms of lesion mask
inference and PET static indices (Tables E4 and E5 of
the supplementary material). These findings support the
robustness and generalisability of the proposed approach
within this monocentric paediatric cohort.

Statistical and survival analysis were performed over
a cohort of 90 subjects due to the availability of survival
data. The comparison of static indices across the three
segmentation methods demonstrated a good overall con-
sistency. T/S showed no significant differences across
any comparison (p>0.3 in all cases) and high correlation
coefficients (p > 0.93), confirming the robustness of this
parameter and its low dependence on the segmentation
approach. A strong agreement was observed also for
T/N between semi-automatic and automatic methods. In
contrast, the T/N ratio differed significantly in compari-
sons considering the manual case scenario (p <0.01) with
moderate effect sizes (D=-0.46 and D=-0.41). These
discrepancies were attributed to the different background
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region: while the clinical workflow utilized the centrum
semiovale, the automated and semi-automated methods
employed the entire white matter. This observation was
further supported by comparing T/N and T/S when the
centrum semiovale was used consistently as the back-
ground VOI across all methods. The statistical differences
previously observed were no longer evident under these
conditions (see Supplementary Table E3 and Fig. E2).
This result confirms the robustness of our tumour seg-
mentation approach and that the observed variability was
primarily driven by the background selection. Although
absolute T/N values were affected by the choice of back-
ground VOI, correlation analysis demonstrated strong
agreement across methods (p=0.91). These findings sup-
port the reliability of the automated pipeline in identify-
ing tumour regions and metabolic peaks. Furthermore,
the high correlation between automated and manual
indices indicates that, despite shifts in absolute values, as
shown in the Bland Altman plots (Fig. E5 panels e and f),
patient ranking remained stable, thereby preserving the
clinical utility of the approach.

The automatic T/S and T/N showed clinical signifi-
cance when correlated with tumour grade and survival
outcomes. The non-parametric Mann—Whitney U test
revealed highly significant differences between high-
grade and low-grade gliomas for both indices. Further-
more, survival analysis demonstrated that both T/S and
T/N significantly discriminated between high- and low-
risk groups for OS and PFS. Collectively, these findings
support the reliability of the proposed pipeline for quan-
titative ['*F]F-DOPA PET static analysis in paediatric gli-
omas. Information on the aggressiveness and prognosis
of paediatric gliomas is indeed key in charting the cor-
rect therapeutic course; molecular imaging allows for the
non-invasive acquisition of this information across the
entire tumour volume and over repeated examinations.

Dynamic analysis results, though limited to 32 patients
due to scan availability, are reported to demonstrate the
feasibility of the fully automatic pipeline approach. No
significant differences were observed for TTP and stria-
tum slope across any comparison (p >0.2), with p exceed-
ing 0.9 across all methods for the striatum slope. TTP
between manual and semi-automatic methods resulted
with the lowest correlation of p=0.66. Statistically signifi-
cant differences were found for tumour slope and DSR
when comparing manual and semi-automatic methods.
However, the corresponding effect sizes were small, indi-
cating limited practical relevance.

Comparing the manual and the automatic method,
tumour slope and DSR showed higher correlations
(p=0.88 and p=0.83, respectively). However, after Bon-
ferroni correction, the resulting p-values were just above
the threshold of statistical significance (p-value=0.050
and p-value =0.056, respectively).
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The Bland—Altman analysis (Fig. E5) indicates that
dynamic parameters are particularly sensitive to varia-
tions in tumour delineation. No systematic bias was
observed between the semi-automatic and automatic
methods. However, TTP, DSR, and tumour slope showed
greater bias relative to the manual method (Fig. E5). This
increased dispersion is likely attributable to the inher-
ently lower anatomical detail of dynamic PET images,
which makes manual segmentation especially challeng-
ing. Even small voxel-level differences in tumour delin-
eation can modify the shape of TACs, thereby affecting
the derived dynamic metrics. Consequently, although
dynamic parameters demonstrated high correlations
across methods, their susceptibility to segmentation
variability, together with the limited number of dynamic
datasets available, constrains the generalisability of these
findings. These observations warrant validation in a
larger cohort.

While the findings are encouraging, several limitations
must be considered. The primary constraint is the rela-
tively small cohort size, a common challenge in paediatric
neuro-oncology due to the rarity of these tumours. While
we mitigated this through data augmentation techniques
and transfer learning from the BraT$S dataset, the limited
sample size prevented a robust stratification analysis.

Moreover, most scans were performed on the newer
PET system; therefore, a subgroup analysis would have
been statistically precluded by the substantial imbalance
in sample sizes. Further subdivision of the sample (from
103 to 90 subjects for static metrics, and even fewer for
the dynamic subgroup) would have significantly reduced
statistical power, potentially leading to unreliable results.
Nevertheless, we expect the impact of scanner-related
differences to be mitigated by our preprocessing and PET
parameters extraction, which relies on ratio-based indi-
ces rather than absolute values.

The limitation related to sample size is particularly evi-
dent in the statistical analysis of 4D PET data, and the
results concerning dynamic parameters should therefore
be considered preliminary. Owing to the restricted sub-
set of patients with dynamic acquisitions, these findings
should be considered exploratory rather than a definitive
validation.

Lastly, in our work we employ semi-automatic masks,
generated via MRIcroGL and expert-reviewed, rather
than purely manual segmentations. This choice was dic-
tated by the practical complexity of manual delineation in
this specific clinical context and the absence of pre-exist-
ing manual ground truths for this dataset. While these
masks provided a consistent reference for fine-tuning
and evaluation, we acknowledge that manual segmenta-
tion remains the theoretical gold standard for calculating
dice scores.
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Future efforts must focus on expanding the dataset
through multicentric collaborations with larger and
more diverse cohorts to confirm the generalisability of
our pipeline. This will be fundamental in performing
robust longitudinal studies for therapy monitoring and
fully establish the clinical added value of dynamic PET
acquisitions in the paediatric population. Additionally,
integrating the framework with multiparametric MRI
sequences could further enhance its diagnostic and prog-
nostic accuracy.

Overall, our findings present a robust pipeline for the
automated segmentation and metric extraction of ['F]
F-DOPA PET in paediatric gliomas. While the dynamic
analysis remains exploratory, the fully automatic method
demonstrates significant potential for extracting static
indices, offering a more reproducible and streamlined
clinical workflow for paediatric neuro-oncological
assessments.
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['8FIF DOPA 18 Fluoro Di-Oxy-Phenylalanine
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