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Purpose:  To develop and validate a deep learning model for automatic segmentation of primary central nervous system lymphoma (PCNSL) at postcon-
trast T'1-weighted MRI.

Materials and Methods:  Data were retrospectively collected from patients with pathologically proven immunocompetent PCNSL between September 2010
and February 2022. Postcontrast T'1-weighted MRI scans were used to train and validate a deep learning model based on the nnU-Net framework. Manual
segmentation by neuroradiologists served as the reference standard. The model was trained using an internal dataset from a single center and tested on
both internal and external test sets from seven additional centers. Performance was assessed using Dice score, mean average surface distance, and F1 score.
Statistical comparisons were performed using Mann—Whitney U test and bootstrap resampling for Cls.

Results:  The study included 135 patients (68 female, 66 male, and one of unspecified sex; internal dataset: mean age +SD, 67.0 years + 12.0; external data-
set: mean age, 75.5 years + 13.6). The model achieved a mean Dice score of 0.84 (95% CI: 0.79, 0.88) on the internal test set (7 = 44) and 0.88 (95% CI:
0.84, 0.91) on the external test set (7 = 48), with no evidence of a difference between test sets (P = .59). Performance varied by lesion type; accuracy was
highest in homogeneous discrete lesions, and performance was slightly decreased when numerous poorly defined infracentimetric lesions occurred. Strong
volumetric correlation was observed between automatic and manual segmentations (internal: 7 = 0.99, P < .001; external: 7 = 0.98, P < .001).

Conclusion: A deep learning model achieved accurate and robust automatic segmentation of PCNSL across multiple clinical centers with different MRI

acquisition parameters.

Supplemental material is available for this article.

©RSNA, 2025

Primary central nervous system lymphoma (PCNSL) is a rare,
highly malignant brain tumor within diffuse large B-cell lym-
phoma whose incidence is continuously rising, especially in older
persons (1,2). Several mutations, molecular alterations, and tu-
mor microenvironment signatures have been linked to PCNSL
in the past few decades, increasing the stratified complexity
behind an apparently homogeneous abnormality (3). Recent-
ly, multiomics analysis has identified four different molecular
PCNSL subtypes with distinct clinical behaviors and survival
characteristics, laying the foundation for a deeper and more in-
tegrated clinicopathologic understanding (4,5). The oncologic
management of PCNSL has also progressed substantially and is
still rapidly evolving with the advent of targeted therapies and
CD19-directed chimeric antigen receptor T cells (6-8).

In this flourishing, personalized, therapeutic scenario, ac-
curate and objective evaluation of tumor burden is pivotal. To
date, according to the International Primary CNS Lymphoma
Collaborative Group (IPCG) (9), lymphoma tumor burden is
defined by blood—brain barrier leakiness visible as abnormal con-
trast enhancement on gadolinium-enhanced T1-weighted MRI
sequences. Brain lymphoma pathologic abnormality is known to
be infiltrative and is not limited to the rupture in blood—brain
barrier visible on a gadolinium-enhanced T1-weighted sequence;
it is also visible as hyperintense on T2-weighted fluid-attenuated

inversion recovery (FLAIR) images. However, T2-weighted
FLAIR hyperintensities have lower specificity than the blood—
brain barrier disruption visible at gadolinium-enhanced T1-
weighted MR, and evidence on the role of T2-weighted FLAIR
sequences in brain lymphoma is scarce. Thus, nonenhancing tu-
mor burden evaluation has not been included in IPCG criteria.
Although deep learning segmentation models have already
been proposed for diffuse gliomas segmentation (10,11), no pub-
licly available segmentation tool exists for brain lymphoma, prob-
ably given the rarity of the disease. The only automated volumet-
ric models lack independent clinical validation (12,13). Pennig et
al (13) trained a deep learning segmentation model (DeepMedic
[14]) using MRI data from 220 patients with glioma and applied
the model to 69 scans from 43 patients with lymphoma, achiev-
ing a median Dice score of 0.76. However, because the model
was trained with gliomas, it is unclear whether this approach is
optimal for lymphomas. Lymphomas often include a varying
number of lesions, which is rare for gliomas (15,16). Multiple
periventricular lesions are also common in lymphomas and less
common in gliomas. In addition, in immunocompetent individ-
uals, lymphomas usually display intense homogeneous contrast
enhancement; in contrast, gliomas are more commonly hetero-
geneous, with several necrotic and hemorrhagic components.
Finally, there are no reports on external generalization of models
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Abbreviations

FLAIR = fluid-attenuated inversion recovery, IPCG = International
Primary CNS Lymphoma Collaborative Group, MASD = mean
average surface distance, PCNSL = primary central nervous system
lymphoma, 3D = three-dimensional

Summary

The trained deep learning model accurately segmented primary central
nervous system lymphoma with high generalizability across eight
centers, offering an open-source tool that may enhance quantitative
imaging evaluation in brain lymphoma.

Key Points

= This retrospective study, based on a cohort of 135 patients and us-
ing postcontrast T1-weighted MRI performed in a clinical context,
led to the development of the first publicly available automatic seg-
mentation model for primary central nervous system lymphoma;
the model achieved high mean Dice scores of 0.84 on internal test
data (7 = 44) and 0.88 on external test data (7 = 48).

= The model demonstrated strong volumetric correlation with man-
ual annotations (internal: 7 = 0.99, P < .001; external: » = 0.98, P
<.001) and achieved F1 scores of 76% and 67% on internal and
external test sets, respectively.

» Performance varied by lesion type, with the best results in homo-
geneous, discrete lesions and decreased performance when multiple
ill-defined infracentimetric lesions occurred.
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Intelligence, Deep Learning

using the current segmentation algorithms, which is crucial for
clinical applications.

Zhang et al (12) built deep learning methods for automatic
classification of brain tumors, including in 92 patients with lym-
phoma. Their approach involved a segmentation network, the
results of which were used for classification, but did not evaluate
the segmentation accuracy. Furthermore, none of these models
can be downloaded and tested. Hence, a publicly available, au-
tomatic, validated segmentation model for brain lymphomas is
highly desirable. Brain tumor segmentation is a complex task
because of the high variability of lesion location, morphologic
features, and dimension. The task is even more complex for
real-life data because in daily clinical settings, MRI examina-
tions are heterogeneous in terms of scanners, magnetic fields,
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acquisition parameters, two-dimensional or three-dimensional
(3D) sequences, image resolutions, and sequence types (spin echo
vs gradient echo).

In this study, we trained and evaluated, with both internal and
external testing, a nnU-Net model (17) for automatic segmenta-
tion of histologically proven primary brain lymphomas at clinical
routine gadolinium-enhanced T1-weighted MR

Materials and Methods

Study Sample

A multicenter retrospective study was conducted on 135 im-
munocompetent patients with pathologically confirmed Ep-
stein—Barr virus—negative PCNSL from the French Network
for Oculocerebral Lymphoma network database. The study
was approved by the Institutional Ethical Committee (Pitié-
Salpétriere Hospital, fle-de-France VI, no. DC-2009-95)
and by the French Data Protection Authority (Commission
Nationale de I'Informatique et des Libertés, DR-2013-279).
According to French regulation, consent was waived because
these images were acquired as part of the routine clinical care
of the patients.

Each patient underwent T1-weighted MRI after injection of
gadolinium-based contrast agent. Patient selection process is de-
scribed in Figure 1, and additional details are provided in Figure
S1. First, we included patients from a single tertiary center (Pitié
Salpétriere University Hospital) based on the following inclusion
criteria: (2) pathologic diagnosis of diffuse large B-cell lymphoma
of the central nervous, (4) MRI availability, (c) absence of sys-
temic involvement assessed with full-body CT or PET, (2) immu-
nocompetent status as well as negative HIV serology results, and
(¢) age older than 18 years.

All images were converted from Digital Imaging and Com-
munications in Medicine (DICOM) to NIfTT using dicom2niix
(18) and organized according to the Brain Imaging Data Structure
standard. Images were then selected by a certified neuroradiologist
(L.N.) according to the following exclusion criteria: (z) absence
of a T1-weighted sequence after injection of gadolinium-based
contrast agent, () severe image artifacts at gadolinium-enhanced
T1-weighted MRI that affected the diagnostic interpretation of
the images, and (¢) errors in DICOM-NIFTT conversion that
affected the diagnostic interpretation of the images. Previous

Intemal test (N=44) |

| Training (N=43)
Field strengths| | Manufacturers
Isotropic: 31 T3 GE: 40
No isotropic: 12 15T:17 Philips: 3
3T 23 Siemens: 0
Figure 1:

Field strengths | | Manufacturers
Isotropic: 37 im:3 GE: 38
No isotropic: 7 1.5T: 18 Philips: 3
23 Siemens: 3

External test (Medical centers=7, N=48)

Manufacturers
. Field strengths GE: 23
Isotropic: 35 1.5T: 38 Philips: 10
No isotropic: 13 3T 10 Siemens: 14
Toshiba: 1

Data distribution of training and test sets. “External” refers to the sets with patients scanned from September

2010 to February 2022 at insfitutions different from the one where the training patients were scanned. N denotes the num-

ber of patients.
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Figure 2:
four patients (A=D), an image on an axial plane is shown, followed by the same image overlaid with the annotated segmentation, and a zoom-in of the area(s) marked with
a box.

treatment status (corticotherapy as well as different antitumor
treatment strategies) was not an exclusion criterion, but in cases
with multiple MRI examination for a single individual, baseline
MRI (eg, MRI before therapy) was chosen. Artifacts of various
origins (eg, motion, blooming, aliasing) that did not interfere
substantially with image interpretation were not excluded. In
case of multiple gadolinium-enhanced T1-weighted MRI se-
quences, high-resolution thin-section volumetric sequences were
preferred. If more than one high-resolution sequence was present,
a 3D spin-echo sequence was preferred to a 3D gradient-echo
sequence because it provides an improved signal-to-noise ratio for
the detection of T1 abnormal contrast enhancement (9).

Eighty-seven patients from a single center (Pitié¢ Salpétriere
University Hospital) met the inclusion criteria. This cohort
was used for training/validation and for internal testing. Subse-
quently, we included patients from other hospitals using the same
selection process as for the internal cohort. Forty-eight patients
met the criteria and are referred to as the external dataset. They
came from seven centers (center I: Clermont-Ferrand University
Hospital, seven patients; center II: Amiens University Hospital,
seven patients; center III: Nancy University Hospital, seven pa-
tents; center IV: Timone University Hospital, seven patients;
center V: Pasteur University Hospital, seven patients; center VI:
Bergonié Institute, six patients; center VII: Oncologic Institute of
the West, seven patients.). Forty-eight patients met the inclusion
criteria. The study flowchart is shown in Figure S1.

MRI Characteristics

The images were acquired as part of clinical routine and were
thus not harmonized (eg, different MRI scanners, sequence
types, resolutions, contrast-to-noise ratio).

Internal data included 68 isotropic (or quasi-isotropic) 3D
acquisitions and 19 nonisotropic two-dimensional acquisitions
across different field strengths (3-T: 46; 1.5-T: 35; 1.0-T: six) and
manufacturers (GE HealthCare: 78; Philips: six; Siemens: three).
The dataset contained 53 gradient-echo and 34 spin-echo images.
In-plane resolution ranged from 0.47 mm to 2 mm and section
thickness ranged from 0.47 mm to 6.5 mm. The mean + SD
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Gadolinium T1-weighted contrast-enhanced MRI scans acquired in clinical practice for patients with primary central nervous system lymphoma. For each of

number of lesions per scan was 3.68 + 3.26. Seventy-six MRI
scans were acquired at baseline, 10 were acquired after induction
therapy, and one patient had an unspecified treatment status.

External data included 35 isotropic (or quasi-isotropic) 3D
acquisitions and 13 nonisotropic two-dimensional acquisitions.
Field strengths and manufacturers also varied (field strengths:
3-T: 10 patients; 1.5-T: 38 patients; manufacturers: GE Health-
Care: 23 patients; Philips: 10 patients; Siemens: 14 patients;
Toshiba: one patient), as did sequence types (37 gradient echo,
11 spin echo). In-plane resolution ranged from 0.38 mm to 1.4
mm and section thickness ranged from 0.47 mm to 6.3 mm. The
mean number of lesions per scan was 5.42 + 5.54. The dataset in-
cluded 34 pretreatment patients, 13 posttreatment patients, and
one patient with an unspecified treatment status.

A representation of the cohorts’ division used for the devel-
opment of model is shown in Figure 1. Figure 2 illustrates the
variability in lesion appearance, location, and image quality.

Manual Annotation of Tumors

The full dataset was annotated by a certified neuroradiologist
(L.N.) with 5 years of experience in neuro-oncology imaging.
According to IPCG consensus recommendations, lymphoma
tumor burden is defined by the measure of blood—brain barrier
leakiness visible as abnormal contrast enhancement at gado-
linium-enhanced T1-weighted MRI. Therefore, in this study
we focused on enhancing tumor burden and did not evalu-
ate the nonenhancing tumor burden visible on T2-weighted
FLAIR sequences.

All contrast-enhancing lesions were segmented using ITK-
SNAP software, version 3.6 (hitp:/fwwuw.itksnap.org), with a
semiautomatic active contour segmentation method and subse-
quent manual correction. To evaluate the consistency of manual
segmentations, which we considered the reference standard, we
assessed both intrareader and interreader variability using key seg-
mentation metrics. Intrareader variability was quantified after the
primary reader (L.N.) reannotated a random subset of 50 cases
with a 1-month interval. Interreader variability was assessed after
a second board-certified neuroradiologist (D.H.G.), with 1 year
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of experience in neuro-oncology imaging, independently anno-
tated the same 50 cases.

The primary reader (L.N.) also assessed the type of MRI se-
quence (spin echo or gradient echo) and classified the PCNSL
imaging patterns. Because there is no reference standard for MRI
characteristics of PCNSL, based on figure 2 of the IPCG consen-
sus recommendations (9), the radiologic presentation of PCNSL
was divided as follows: unique, homogeneous lesion (group A);
multiple discrete homogeneous lesions (group B); single het-
erogeneous lesions (group C); multiple heterogeneous lesions,
including linear ependymal enhancement (group D); and linear
perivascular enhancement (group E).

Development of Automatic Segmentation Model

Each MRI volume in this dataset was resized and resampled to
isotropic 1 x 1x 1-mm? voxels and dimensions of 240 x 240 x
160 using resample and resize operations from TorchIO (19)
for model training purposes. We also rescaled the intensity to a
range of 0 and 1. At the evaluation step, we resample the images
back to the original resolution.

The segmentation approach was based on nnU-Net V2, a su-
pervised deep learning segmentation method (17) that has been
shown to be one of the most consistently effective algorithms
across many medical applications (20). Initially, the pipeline au-
tonomously extracted features from the dataset, including inten-
sity distribution, image size, and modalities, to create data fin-
gerprints. Subsequently, rule-based parameters used these dataset
fingerprints to modify specific properties of the segmentation
pipeline, following established heuristic rules. This included the
automatic selection of appropriate image resampling methods,
batch sizes, and other features. Certain robust configurations
were predetermined, including the automatic determination of
model architecture, training schedules, and implementation of
data augmentation strategies. During the training time, fivefold
cross-validation was executed on the training/validation data for
1000 epochs of training, to select the optimal configuration. No
modifications were made to the nnU-Net algorithm, ensuring
full compatibility, reproducibility, and easy deployment for re-
searchers and clinicians. The model was trained based on a sin-
gle Tesla V1I00SXM2-32GB GPU. This may vary depending on
computational hardware in other environments.

We first tested the model trained on contrast-enhancing gli-
oma data using the same nnU-Net framework to assess cross-dis-
case transferability (Appendix S1, part H). As shown in Table
S3, this model performed poorly on PCNSL, with Dice scores
of 0.14 (internal) and 0.07 (external), and mean average surface
distance (MASD) values of 44 mm (internal) and 69 mm (exter-
nal). Given these low performances, we therefore used the same
nnU-Net framework, trained on our study sample, and tested it.

Evaluation Metrics

To evaluate the performance of the nnU-Net model we used the
following metrics, based on the consensus recommendations of
Metrics Reloaded (21). Segmentation accuracy was assessed us-
ing the 3D Dice score and the MASD, which are computed at
the voxel level and result in one measure per patient. The ability
to detect the multiple lesion instances was assessed using the
F1 score, which is computed at the instance level and results in
one measure per patient. The F1 score evaluates the detection
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performance by balancing precision and recall for the different
lesion instances of a given patient.

The segmentation map of a given patient was broken down
into instances using connected-components analysis. The local-
ization criterion was the mask intersection over union. We chose
a small overlap threshold (intersection over union > 0.1 in our
experiment) because of a high variability of structure sizes. The
localization criterion allows computing the precision (proportion
of predicted instances, which are present in the manual segmen-
tation) and the recall (proportion of manual segmentation in-
stances, which are retrieved by the automatic segmentation). The
F1 score is then the harmonic mean of precision and recall. It is
computed for each patient and quantifies how well the different
lesions of a given patient are detected. In addition, even though
this metric is not present in Metrics Reloaded recommendations,
we assessed the concordance of manual and automatic volumet-
ric measurements using Pearson correlation because it is clinically
useful information.

Statistical Analysis

For each metric reported, we provide the mean value across
patients as well as the corresponding 95% CI computed using
bootstrap resampling (5000 samples) over the independent test
set. A P value less than .05 was considered to indicate a sta-
tistically significant difference. To compare model performance
across subgroups, we assessed the statistical significance of Dice
score differences between the internal and external test sets us-
ing the Mann—Whitney U test. This subgroup analysis was pre-
specified as part of our evaluation protocol. Statistical analyses
were performed using Python, version 3.11.4.

Data Availability

The repository was made publicly available, containing the
trained model to automatically segment brain lymphoma. We
could not make the images of individual patients available be-
cause of regulatory constraints. The trained model is available
at: hitps://github.com/GuanghuiFU/nnunet_lymphoma_segment/
tree/main.

Results

Patient Characteristics

The internal dataset was randomly split into a training/valida-
tion set with 43 patients (25 female and 18 male) aged 32—
86 years (mean age, 67.07 years + 11.79) and an internal test
set with 44 patients (23 female, 20 male, and one patient of
unspecified sex) aged 32-86 years (mean age, 67.03 years =
12.23). Forty-eight patients came from seven other centers and
formed the external test set (20 female and 28 male) aged 33-95
years (mean age, 75.52 years + 13.60). The test sets were used
to evaluate the performance of the models. MRI examinations
were performed between 2010 and 2021. Data distribution is
reported in Table 1. The distribution of Karnofsky scores for the
internal and external test sets is shown in Figure S2.

Manual Segmentation Reliability

For intrareader reliability, where the primary annotator reseg-
mented cases after a 1-month interval, the variability metrics
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Table 1: Distribution of Datasets for Model Development
No. of Lesions
Medical Center Data Split Patients per Scan Age (y) Sex Location Categories
Internal Train/validation 43 276+2.64 67.07+11.79 (32-86) M:18;F:25 S:41;1:5 A:9;B: 11; C: 8; D:
12;E: 3
Internal Test 44 3.68+3.22 67.03+12.23 (32-86) M:20;F:23, S:42;1:13 A:14;B:12;C:9; D:
U:1 5;E: 4
External
I Test 7 7.29+8.92 72.43 +7.78 (33-95) M: 2; E: 5 S:51: 3 g 2 18k 1lg €k 23 1Dk
2;E: 0
11 Test 7 9+6.93 80.29 + 2.83 (72-89) M:6; F: 1 S:6;1: 2 A:2;B: 1;C: 1; D:
2;E: 1
11T Test 7 457 +£329 76.14 £ 16.97 (59-91) M:4;F:3 SIS A:0;B:4; C: 1; D:
2;E: 0
v Test 7 443 +4.07 7171 £12.02 (48-88) M:3;F:4 S:7;1:0 A:2;B:1;C: 3; D:
I;E: 0
A\ Test 7 429 +349 7229 +15.56(60-91) M:4;F:3 S:7; 1 1 A:2;B:3;C:2;D:
0; E: 0
VI Test 6 3.83 +2.61 83.5+ 1.41 (75-89) M:5;F: 1 S:5;1: 1 A:3;B:1;C: 1; D:
1;E: 0
VII Test 7 3.28 +2.60 72.43 +7.78 (45-90) M: 4;E: 3 S:6;1: 3 /28 115 138 353 (CR 73 IDX
1;E: 0
External total 48 5.47 £5.48  75.52 +13.60 (33-95) M:28;F:20 S:41;1:13 A:12;B:14;C: 12;
D:9E: 1
Note.—Unless otherwise noted, values are expressed as numbers of patients (corresponding to the number of scans). Values are the means
+ SDs, with ranges in parentheses. The model was trained using an internal dataset and validated both internally (internal) and across seven
external centers (external I-VII). In the location column, “S” denotes supratentorial and “I” denotes infratentorial. In the categories column,
the classifications are as follows: unique, homogeneous lesion (group A); multiple discrete homogeneous lesions (group B); single discrete
heterogeneous lesions (group C); multiple heterogeneous lesions, including linear ependymal enhancement (group D); and linear perivas-
cular enhancement (group E). A tumor may be located in both supratentorial and infratentorial regions simultaneously and may belong to
multiple categories.

(expressed as mean with 95% bootstrap Cls) were as follows:
Dice score, 0.85 (0.82, 0.88); F1 score, 75% (68, 82), and
MASD, 1.05 (0.77, 1.39). For interreader reliability, where
segmentations were independently performed by a second cer-
tified radiologist, the variability metrics were as follows: Dice
score, 0.81 (0.78, 0.85); MASD, 1.64 (1.20, 2.17); F1 score,
74% (68, 80).

Overall Segmentation Performance

The model achieved a mean (95% CI) Dice score of 0.84 (0.79,
0.88) on the internal test set and 0.88 (0.84, 0.91) on the ex-
ternal test set. It also achieved F1 scores of 76% on the internal
test set and 67% on the external test set. Table 2 details the
performance of PCNSL segmentation in internal and external
datasets using the three chosen evaluation metrics (Dice score,
MASD, F1 score). Figure 3 displays the Dice score distribution
of our model across the internal and external test sets; Figure
S4 and Figure S5 show the distributions of the MASD and F1
score. The Mann—Whitney U test showed that the performance
between the internal and external datasets were not statistically

significant (P = .59).

Volumetric Assessment

Volumetric correlation between the automatic segmentation
and the manual annotation had a correlation coefficient of 0.99
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(P < .001) for the internal test set and 0.98 (P < .001) for the
external test set (Fig 4). After exclusion of patients with very
large reference standard label tumor volumes (230 cm?), the
correlation coefficients were 0.98 (P < .001) for the internal
test set and 0.94 (P < .001) for the external test set (Fig S6).
Bland-Altman analysis (Fig S3) further confirmed good agree-
ment, with the model showing a slight systematic underestima-
tion compared with manual segmentation.

Subgroup Analysis

Figure 6 illustrates the mean performance metrics of the model
across different PCNSL tumor subtypes, as previously de-
scribed. Table 3 details this performance in each center. The
model performed best on homogeneous and discrete lesions
(groups A and B), whereas performance slightly decreased for
single heterogeneous lesions and periventricular pattern (group
D) and markedly decreased in case of perivascular enhancement
(group E).

We also reevaluated model performance after excluding post-
treatment or unknown treatment status cases from both the in-
ternal (7 = 5) and external (7 = 14) test sets (Appendix S1, part
F). As shown in Table S2, Dice scores remained consistent (0.84
for internal data and 0.87 for external), with no statistically sig-
nificant difference compared with the full dataset (P = .81 and
0.82, respectively).
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Table 2: Performance of Primary Central Nervous System Lymphoma
Model Segmentation in Internal and External Test Set and Centers 1-VII

Hospitals (Patients)

Dice Score

Internal (n = 44)
External (7 = 48)

External: I (z=7)

External: I (z = 7)
External: 1T (z = 7)
External: IV (n = 7)
External: V (n = 7)
External: VI (2 = 6)

External: VII (2 =7)

0.84 (0.79, 0.88)
0.87 (0.84, 0.90)
0.85 (0.76, 0.92)
0.88 (0.82, 0.92)
0.75 (0.55, 0.89)
0.91 (0.89, 0.93)
0.91 (0.86, 0.95)
0.91 (0.88, 0.93)
0.92 (0.89, 0.94)

MASD (mm) F1 Score (%)
1.69 (0.94, 2.67) 76 (69, 83)
1.44 (0.90, 2.21) 67 (59, 74)
137 (0.76,2.07) 62 (40, 80)
1.42 (0.88,1.94) 53 (37,72)
3.13 (0.40,7.31) 71 (50, 90)
133 (0.70,2.17) 69 (54, 84)
0.48 (0.24, 0.72) 73 (57, 90)
0.53 (0.42, 0.68) 66 (42, 90)
1.69 (0.52, 3.44) 71 (56, 87)

Note.—The results are presented as means with 95% bootstrap Cls computed on the

Fu et al

independent test set. MASD = mean average surface distance.

Distribution of Dice score across different hospitals
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Figure 3: Distribution of Dice score for the internal test set, the external test set, and the seven medical centers of the external fest

set. Each box is bounded by the lower quartile and the upper quartile, with the center line representing the median. Whiskers extend
from the box fo the farthest data point within 1.5 times the IQR of the box.

To further understand failure modes, we analyzed test cases with
Dice scores below 0.60, as summarized in Table S4 (Appendix S1,
part I). Poor image quality (eg, strong motion artifacts), low lesion
contrast, and undersegmentation of small (<1 c¢m) lesions, espe-
cially in the periventricular location were common error sources.

Figure 5 shows an example of expert annotation and auto-
matic segmentation in a patients with movement artifacts.

Discussion

We trained and extensively evaluated an automated segmenta-
tion model for PCNSL at clinical routine gadolinium-enhanced
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T1-weighted MRI, demonstrating its accuracy and robustness.
Our model, developed at a single medical center and internally
and externally tested, was highly accurate (Dice scores of 0.84
and 0.88 on internal and external test sets, respectively).

Of note, our model is publicly available to encourage its wide-
spread use. To the best of our knowledge, no other open-source
model with external testing exists for this primary brain tumor.
There is only one published article on automated segmentation
in PCNSL (13). In contrast to our model, which was trained
on pathologically proven PCNSL, the deep learning model was
trained on MRI examinations from patients with glioblastoma.
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Volumetric correlation on external test set
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Volumetric correlation between the manually annotated reference standard label and the automatic segmentation for fotal tumor volume per MRI scan was

assessed using Pearson correlation coefficient (r) for both the internal and external fest sets. The shaded area represents the 95% bootstrap Cl of the fitted line.
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Figure 5:

[ -

Reference standard label versus automatic segmentation results for a primary central nervous system lymphoma visible on a gadolinium T1-weighted con-

trast-enhanced MRI sequence with movement artifacts in a 67-year-old female patient. The main prediction error regions are marked with green circles. MASD = mean

average surface distance. 3D = three-dimensional.

The experiments conducted on our population do not support
the translation of nnU-Net models trained on glioma data to
PCNSL (Dice scores of 0.14 and 0.07, in the internal and ex-
ternal population, respectively, and MASD values > 40 mm).
Instead, they advocate for disease-specific models to achieve ac-
curate tumor segmentation. High-grade gliomas and PCNSL
can have similar MRI findings, but they usually differ. Grade 4
gliomas are typically necrotic and highly heterogeneous, whereas

Radiology: Imaging Cancer Volume 7: Number 5—-2025 = radiology-ic.rsna.org

lymphomas display more uniform, homogeneous contrast en-
hancement. In addition, brain lymphomas often have multiple
distant locations, unlike gliomas, and frequently display periven-
tricular and ependymal enhancement, which is rarer at the time
of glioma diagnosis. Furthermore, the performance of the pro-
posed deep learning model for PCNSL segmentation is lower
than that of our model, with a mean Dice score of 0.76, and it did
not include external validation (13). In contrast, one of the main
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T1-GD MRI
(Axial plane)

Reference
standard label

Predictions
Dice: 0.94 Dice: 0.94 Dice: 0.91 Dice: 0.86 Dice: 0.39
F1-score: 100% F1-score: 85.71% F1-score: 80% F1-score: 58% F1-score: 2%
MASD: 0.15 mm MASD: 0.69 mm MASD: 0.76 mm MASD: 1.72 mm MASD: 5.33 mm
Figure 6: Automatic segmentation results in different primary central nervous system lymphoma (PCNSL) cases. (A) Single, homogeneous lesion in a 72-year-old male

patient. (B) Multiple discrete homogeneous PCNSL lesions in a 67-year-old female patient. (€) Single heterogeneous lesion in a 73-year-old female patient. (D) Multiple
ependymal enhancements in a 7 5-year-old male patient. (E) Multiple perivascular enhancements in a 64-year-old male patient. Red indicates annotated lesions. MASD =
mean average surface distance, T1-GD = T1-weighted gadolinium-enhanced.

Table 3: Performance of Primary Central Nervous System Lymphoma
Model Segmentation in Internal and External Test Set Group by Tumor

Type
Tumor (Patients) Dice Score MASD (mm) F1 Score (%)
Internal
A@n=11) 0.84 (0.75,0.91)  0.93 (0.63, 1.36) 93 (86, 100)
B(n=11) 0.83 (0.71, 0.92) 2.95 (0.67, 6.63) 77 (64, 88)
C(n=14) 0.87 (0.83, 0.91) 0.90 (0.66, 1.14) 68 (56, 81)
D (n=4) 0.78 (0.63, 0.88) 3.01 (1.00, 6.35) 63 (48,76)
A+D (n=3) 0.74 (0.36, 0.93) 2.02 (0.39, 5.08) 79 (36, 100)
B+E(#n=1) 0.93 (0.93, 0.93) 0.89 (0.89, 0.89) 40 (40, 40)
External
A(n=12) 0.93 (0.91, 0.94) 0.92 (0.44, 1.59) 71 (54, 86)
B(n=12) 0.87 (0.81, 0.92) 1.39 (0.48, 2.62) 78 (69, 86)
C(n=21) 0.85 (0.78, 0.91) 1.78 (0.89, 3.26) 60 (49, 71)
B+D (n=3) 0.82 (0.75, 0.87) 1.36 (0.92, 2.16) 53 (44, 67)

Note.—Tumor types were as follows: unique, homogeneous lesion (group A); multi-
ple discrete homogeneous lesions (group B); single heterogeneous lesions (group C);
multiple heterogeneous lesions, including linear ependymal enhancement (group D);
and linear perivascular enhancement (group E). The results are presented as means
with 95% bootstrap CI computed on the independent test set.
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strengths of our model is its ability to generalize well in real-world
clinical settings, achieving similar Dice scores between the inter-
nal and external test sets. Among the seven external centers, the
performance was generally consistent, except for center III, which
showed a lower but acceptable Dice score (0.75).

Another strength of our study is that we detailed the F1
score, according to Metrics Reloaded guidelines (21). The model
achieved F1 scores of 76% on the internal test set and 67% on the
external test set, indicating good lesion detection performance.
Because previous studies did not document these detection mea-
sures, a direct comparison with our results is not possible. The
F1 score is an infrequently reported accuracy metric in machine
learning models. However, this score is important, especially in
a real-world dataset, because it comprehensively computes the
number of times a model makes a correct prediction on the data-
set by balancing precision and recall.

In terms of reliability of manual annotations, both intrareader
and interreader Dice scores exceeded 0.80, indicating a high
level of segmentation consistency. The lower MASD in intra-
reader comparisons (1.05 mm) suggests that the same annotator
achieved greater spatial precision, whereas the slight decrease in
interreader agreement (1.64 mm) reflects expected variability be-
tween different radiologists.

In terms of the research dataset, although we did not conduct
a formal power analysis, our cohort of 135 patients represents the
largest PCNSL segmentation dataset to date, surpassing that of
previous studies, such as those conducted by Pennig et al (13) (43
patients) and Zhang et al (22) (92 patients). Given the rarity of
PCNSL, this dataset constitutes a substantial, clinically represen-
tative multicentric collection. The strong and consistent perfor-
mance of our model on both internal and external test sets sup-
ports the adequacy of this sample size for training and evaluation.

A strong volumetric correlation between automatic segmen-
tation and manual annotation was also observed (Fig 4). These
findings indicate that our model offers a consistent approach to
volumetric assessment, potentially reducing current interobserver
variability in clinical settings. Although PCNSL response assess-
ment is often straightforward, interobserver variability in central
review remains a challenge (24). A recent study conducted with
PCNSL MRI also suggests that standardized volumetric mea-
surements could improve tumor monitoring and enable earlier
identification of responders versus nonresponders (25). The inte-
gration of automated segmentation tools with longitudinal imag-
ing aims to refine response assessment protocols beyond conven-
tional sum-product methods, especially for cases with multiple,
irregularly shaped lesions. The robustness and reliability of our
model in clinical practice provide a strong foundation for fully
automated PCNSL MRI evaluation.

To better understand our model’s performance, we visually
categorized our dataset into five representative PCNSL patterns
at gadolinium-enhanced T1-weighted MRI (Fig 6), and we ana-
lyzed test cases with low Dice scores (Appendix S1, part I). The
model performed best on homogeneous and discrete lesions (eg,
subtypes A and B). Its performance decreased for periventricular
and perivascular patterns, which often involve multiple, poorly
defined, and highly heterogeneous infracentimetric lesions.
These findings indicate that although the model is reliable, its
performance may be limited under these specific conditions. In
addition, because our dataset lacked cases with purely meningeal
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spread, our model was neither trained nor validated for this pat-
tern, limiting its applicability in such cases. Future work should
address this limitation by incorporating a broader dataset with
more representation of these rare patterns.

It is worth nothing that, in daily practice, leptomeningeal
and perivascular enhancement are also challenging for clinicians
because defining their boundaries is difficult and dependent on
acquisition parameters. Interleukin-10 quantification in cerebro-
spinal fluid is useful in these complex imaging scenarios (22,23).

Our study had several limitations. First, despite being the
largest PCNSL segmentation dataset to date, our sample size
was limited by the rarity of the disease, potentially limiting the
model’s ability to learn uncommon imaging patterns, underscor-
ing the need for larger studies to validate our model. The hope
is that our open-source link will encourage further research and
refinement of the model’s performance. Second, the absence of
T2-weighted FLAIR sequences in the segmentation framework
limits our model. T2-weighted FLAIR hyperintense lesions are
not specific, especially in older patients with concomitant vascu-
lar leukopathy or methotrexate-related leukoencephalopathy, and
evidence on its evaluation in brain lymphoma is scarce. However,
we recognize that accurate quantification of nonenhancing tumor
burden is advisable, and we plan to expand our dataset with this
sequence. Third, our model is intended for PCNSL segmentation
at different stages of diagnosis and treatment, it was primarily
trained and evaluated on pretreatment MRI scans. The relatively
small number of posttreatment cases limits our ability to evaluate
its performance for follow-up evaluations. Expanding the dataset
with more posttreatment MRI examinations will help assess its
robustness in long-term monitoring,

In summary, we constructed an automatic PCNSL segmenta-
tion model using postcontrast T'1-weighted MRI data from clini-
cal routine and tested the model on data from seven other medical
centers. Our results concurrently agreed that the proposed deep
learning method was accurate and generalizable. We achieved
good performance, similar to that of manual annotation, in both
the internal and external test sets. This publicly available segmen-
tation model can serve as a valuable analytical tool for clinical
research on PCNSLs. Beyond tumor burden quantification, this
tool can also support clinical decision-making by integrating
radiomic features with survival outcomes, thereby aiding in the
prediction of therapeutic resistance and disease progression. The
model’s ability to evaluate volumetric changes over time could
enhance response assessment in clinical trials and improve patient
stratification for treatment. Further research will explore how in-
tegrating molecular and genetic tumor profiles with automated
MRI analysis can refine prognostic and predictive models.
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