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Abstract: We assessed the performance of a deep convolutional neural network (CNN) in detecting pediatric lymphoma lesions on [*8F]
FDG-PET/MRI. We evaluated CNN’s sensitivity, specificity, percentage agreement, and processing time compared to the interpretations
of a pediatric radiologist and a second-year radiology resident. In this retrospective study, a CNN was trained on annotated [**F]FDG-PET/
MRI scans from 53 pediatric lymphoma patients and tested on 30 additional scans. The CNN and two human readers recorded the pres-
ence of lesions in five anatomical regions. An additional pediatric radiologist and a nuclear medicine physician determined the reference
standard. The sensitivity and specificity of the CNN were compared with those of human readers using the McNemar test, and the detec-
tion time of the CNN and human readers was compared using the Wilcoxon signed-rank test. The CNN demonstrated higher sensitivity
(84.6%) and specificity (93.7%) than the radiology resident (69.2%, P=0.023; 81.5%, P<0.001), but lower than the pediatric radiologist
(98.7%, P<0.001; 99.5%, P<0.001). The CNN achieved 83% agreement with the reference standard (95% Cl: 79%-87%), higher than the
resident’s 63% (95% Cl: 59%-69%) but lower than the pediatric radiologist’'s 94% (95% Cl: 92%-97%). The median values and interquar-
tile ranges for the time taken (in minutes) were 4 (3, 5) for the CNN, 8 (7, 10) for the pediatric radiologist, and 15 (9, 20) for the radiology
resident. The sensitivity, specificity, and percentage agreement of the CNN were higher than those of a radiology resident but lower than
those of a pediatric radiologist. The CNN readout was significantly faster compared to both human readers.

Keywords: Lymphoma, pediatric, artificial Intelligence (Al), convolutional neural network (CNN), positron emission tomography/mag-

netic resonance imaging (PET/MRI)

Introduction

Lymphoma is the third most common malignancy in chil-
dren after leukemia and central nervous system tumors,
accounting for 12% of overall cancer diagnoses in chil-
dren and adolescents less than 20 years of age [1].
Pediatric lymphoma has an incidence rate of 27.3 per 1
million children and adolescents under 20 years of age,
with approximately 38,052 cases diagnosed in the United
States between 2003 and 2019 [2]. [*®F]FDG-PET/CT is
currently the clinical standard for staging patients with
lymphoma [3, 4]. However, [*8F]FDG-PET/MRI has recently
enabled lymphoma staging with 80% less radiation expo-
sure compared to [**F]FDG-PET/CT [5]. To minimize radia-
tion exposure of pediatric patients, a number of pediatric
oncology centers have adopted [®F]FDG-PET/MRI as
their main staging procedure for pediatric lymphoma
patients [6-10]. However, each [**F]FDG-PET/MRI scan
generates 30,000-50,000 images, making interpreta-
tion laborious, time-consuming, and occasionally incon-
sistent. The application of artificial intelligence (Al) algo-
rithms has the potential to expedite and standardize the
interpretation of pediatric lymphoma on [*8F]FDG-PET/MR
images.

To date, significant attempts have been made to develop
deep learning algorithms for the detection of lymphoma
on PET/CT images, mainly using adult datasets [11-18].
However, limited efforts have been made to develop such
algorithms for pediatric patients [19]. Thus far, only a few
Al algorithms have been developed for the detection of
lymphoma in children and young adults on whole-body
PET images [20]. Tie et al. recently developed a longitudi-
nally aware segmentation network (LAS-Net) for auto-
matic quantification of serial PET/CT images of pediatric
patients with Hodgkin lymphoma [21]. Similarly, Etche-
behere et al. [22] tested an adult-based CNN algorithm
developed by Sibille et al. [12] on the pediatric dataset to
measure whole-body metabolic tumor volume (WoMTV)
and whole-body total lesion glycolysis (wbTLG) on 102
baseline [*®F]FDG-PET/CT studies of pediatric lymphoma
patients [22]. However, both algorithms in the Tie et al.
[21] and Etchebehere et al. [22] studies are based on
PET/CT, not PET/MRI - the preferred imaging technique for
pediatric lymphoma. There is a scarcity of Al algorithms
for pediatric lymphoma detection on whole-body PET/MRI
scans. As shown in an earlier investigation, Wang et al.
developed the first deep-learning algorithm for the au-
tomatic detection of pediatric lymphoma using [*F]FDG-
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Table 1. Patient demographics and diagnosis

Characteristics Patient cohort

(N=83)

Age (in years)

Mean + Standard deviation 18.73+6.37

Range 1-30
Sex

Female 42 (50.60%)

Male 41 (49.40%)
Type of lymphoma

Hodgkin lymphoma 20 (24%)

Non-Hodgkin lymphoma 53 (64%)

Posttransplant lymphoproliferative disorder 10 (12%)

PET/MRI [23]. The algorithm outperformed the state-of-
the-art medical object detection method (nnDetection)
[23]. However, the performance of the algorithm with
respect to the reference standard and relative to human
readers was not evaluated.

The purpose of our study was to assess the performance
of a deep convolutional neural network (CNN) in detecting
pediatric lymphoma lesions on whole-body [*F]FDG-PET/
MR images. We evaluated CNN’s sensitivity, specificity,
and processing time compared to two separate interpre-
tations provided by two human readers at different levels
of experience [a pediatric radiologist (RVK) and a second-
year radiology resident (JTW)] and calculated the percent-
age agreement of CNN as well as each human reader with
the reference standard.

Materials and methods
Subjects

In this retrospective study, we obtained approval from the
local institutional review board (IRB 65444) to collect clin-
ical [*®F]FDG-PET/MRI studies within a centralized image
registry for downstream CNN development. Informed con-
sent was waived due to the retrospective nature of the
study. Between 06/21/2022 and 04/19/2024, we col-
lected 83 whole-body baseline [*F]FDG-PET/MRI scans
from 83 children and young adults (42 female, 41 male),
with a mean age of 18.73+6.37 (range: 1-30) years. Tumor
histology consisted of 20 patients with Hodgkin lympho-
ma, 53 with non-Hodgkin lymphoma, and 10 patients
with posttransplant lymphoproliferative disorder (Table
1). The imaging studies were retrieved, anonymized us-
ing Scientific and Educational Computation Technology
Research Associates/Picture Archiving and Communica-
tion System (SECTRA/PACS), and transferred for further
processing in compliance with the Health Insurance
Portability and Accountability (HIPAA) requirements.

Image acquisition

All patients fasted for at least 4-6 hours prior to the injec-
tion of [*8F]FDG, given at a dose of 3-5 MBq/kg body
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weight. The serum glucose level was determined at the
time of the [*®F]FDG injection, and all patients demon-
strated a glucose level below 120 mg/dL. Approximately
60 minutes after tracer administration, whole-body PET/
MRI was conducted on a 3T scanner (Signa GE Health-
care, Milwaukee, Wis), utilizing a 32-channel torso pha-
sed-array coil and an eight-channel, receive-only head
coil. The PET data acquisition time was 3:30 minutes per
bed position (covering 89 slices per bed) for a total of 5-9
bed positions. MRI sequences included axial diffusion-
weighted imaging, Dixon sequences, and breath-hold fat-
saturated T1-weighted gradient-echo sequences after
gadolinium-chelate administration (Gadavist at a dose
of 0.1 mmol Gd/kg) following the institution’s standard
PET/MR protocol.

Development of Deep-CNN

A pediatric radiologist (AHS) with 5 years of experience
annotated lymphoma lesions on T1-weighted fat-saturat-
ed gadolinium-enhanced MR images using ITK-SNAP ver-
sion 3.8.0 software (www.itksnap.org) for training the
CNN [24]. An experienced computer scientist (HW) devel-
oped a multimodal deep CNN that delineated pediatric
lymphoma on baseline [*F]FDG-PET/MRI scans in two
steps: First, hypermetabolic regions with SUV greater
than 2.0 were detected on PET by applying non-maximum
suppression as candidate lesions. The non-maximum su-
ppression algorithm was empirically set to merge local
maxima closer than 10 mm to avoid producing noisy over-
lapping candidates. However, this parameter could be fur-
ther optimized through cross-validation using the training
data. No shape information was considered for candidate
generation. Next, to reduce false positives, the CNN clas-
sified true lesions using 3D image patches (patch size
64*64*64) extracted for each candidate (Figure 1).

For each modality, MRl and PET, the corresponding 3D
patches were processed by their respective modality-spe-
cific encoder. The outputs of the modality-specific encod-
er are modality-specific features. The extracted MRI and
PET features were then fused via weighted feature fusion
[25, 26] using a learnable feature quality evaluator. The
evaluator took the feature vector produced by the MRI
encoder as input and produced a single value score as
output to indicate the usefulness of the input feature
vector for classification. Similarly, the evaluator also pro-
duced a single value score for the feature vector produc-
ed by the PET encoder. The two produced feature quality
scores were then converted to modality weights via the
SoftMax operation. The fused feature was obtained by a
weighted average of the extracted MRI and PET features
and was passed to a classification layer for final classifi-
cation. Each modality-specific encoder had four convolu-
tional layers, each with 32 filters and a rectified linear unit
(ReLU) for activation. Each of the first three convolutional
layers was followed by a max pooling layer with a pool
size of 2. The spatial pyramid pooling approach [27] was
applied to produce features from the last convolutional
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Figure 1. Overview of the proposed two-stage method for pediatric lymphoma detection on [*¥F]JFDG PET/MR scans. During prepro-
cessing, hypermetabolic regions with SUV greater than 2.0 were detected on PET as candidates that may contain lesions by applying
non-maximum suppression. To reduce false positives, the convolutional neural network classified true lesions using 3D image patches

extracted for each candidate.
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Figure 2. Patch-based tumor lesion classification. Features
are extracted from PET and MRI patches using their respective
modality-specific 3D CNN encoders. The extracted features are
then fused via weighted average, where the fusion weights are
produced by a feature quality evaluator.

layer. A regressor with two fully connected layers was
applied for the feature quality evaluator used in weighted
feature fusion. A fully connected layer with a sigmoid acti-
vation was used as the classification layer (Figure 2).

The 83 [*®F]FDG PET/MR images in our database were
randomly assigned to separate data sets for training
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(N=53) and testing (N=30). Data partitions were disjoint
at the patient level; no patient in the training dataset was
included in the validation or testing datasets. To prevent
data leakage, scans from previously enrolled patients
were identified using unique medical record numbers
before de-identification and were excluded from other
partitions accordingly. The training data was produced
by extracting lesion candidates and their corresponding
image patches for all training subjects. The class label for
each candidate was derived from expert annotations,
where candidates were labeled as true lesions if identi-
fied as lesions and false lesions if labeled as non-lesions.
A location-aware learning strategy [28] was applied for
training. Instead of training a single classifier for the en-
tire body region, a set of classifiers was trained to cover
the entire body region, with each classifier focusing on
one local anatomical region. For location-aware training, a
whole-body anatomical template was created using all
training PET scans with the unbiased template-building
method [29] and the FLIRT affine registration [30]. Since
human anatomy has good left-right symmetry around the
longitudinal axis, the longitudinal coordinate in the tem-
plate was used to index through different anatomical
regions. To propagate the template longitudinal coordi-
nate to an individual subject, the template was affine-
registered to the subject, from which a template longitudi-
nal coordinate was obtained for each voxel in the target
subject.

Let M(y; o) be a location-aware classification model,
where y is the central longitudinal coordinate of the ana-
tomical region covered by the model, and ¢ defines the
spatial spread. To train M(y; o), all training candidates
labeled as true lesions were applied. For training candi-
dates labeled as false lesions, only those located within/
near the anatomical region covered by M(u; o) were
applied in training via a probabilistic sampling strategy.
Let x° be image patches for one candidate labeled as a
false lesion. x° was used for training model M(u; o) with
probability ¢'“", where a(x°) is the template longitudi-
nal coordinate for x°.
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Overall, 14 anatomically localized models were trained to
cover the entire body region, with 0=90 mm and y=&{150
mm, 240 mm, ..., 1320 mm}. These parameters were cho-
sen empirically to make sure that each model has ade-
quate training samples. However, these parameters can
be optimized through cross-validation as well. During
training, standard affine transform-based data augmen-
tation with up to 30°C rotation and up to 20% scale varia-
tions was applied to augment the 3D patches.

For inference, given a patch x, its class label was predict-
ed using the following ensemble rule:

pU 1 x) = 2 wx)p(l | X, M(z),0)
j=1

n . _la() —pjl
where Z].:le(x) =1 with w;(x) ~ e o

On average, each validation subject contains five expert-
annotated lesions. The lesion candidate generation step
produced 192 lesion candidates for each validation sub-
ject, with 4.35 true positive and 178.95 false positive
lesions. After applying the patch-based lesion classifica-
tion approach, the final tumor detection performance for
the 13 validation subjects is 76% sensitivity at a 10%
false discovery rate (FDR).

A computer scientist recorded the time required by the
CNN to process each MR image (later referred in the
manuscript as “time taken by the CNN” or “processing
time of CNN"), and an MD manually recorded the pres-
ence of lymphoma lesions identified by the CNN in five
anatomical regions (head, neck, thorax, abdomen and
pelvis, and extremities). The time taken by the CNN
includes only the time required for CNN to process the
image and does not include the time taken by the MD to
manually record the presence of lymphoma lesions in
five anatomical regions.

Image interpretation and reference standard

All images were interpreted using SECTRA/PACS and
ITK-SNAP version 3.8.0 software. A pediatric radiologist
(RVK) with 3 years of experience and a second-year radi-
ology resident (JTW) after their first nuclear medicine
rotation independently noted the presence and number
of lymphoma lesions in five anatomical regions (head,
neck, thorax, abdomen and pelvis, and extremities).
Within each anatomical region, they distinguished be-
tween lymph nodal or extra-nodal lesions. In addition, we
measured the time taken to detect lesions on each [*8F]
FDG-PET/MR scan using the CNN and by each human
reader, separately. The reference standard for true posi-
tive lesions was determined by a joint review by an expert
pediatric radiologist (IV) with four years of experience and
an expert nuclear medicine physician (LB) with eight years
of experience. Disagreement resolution or adjudication
between the experts was achieved by utilizing a combina-
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tion of the final clinical report from all imaging studies,
and a consensus was eventually reached in all cases.

Statistical analysis

Lesion-level correspondence between CNN outputs and
the reference standard was validated using concordance
based on body-region-level detection. Bipartite classifica-
tion was used to measure sensitivity and specificity. Each
of the five anatomical regions (head, neck, thorax, abdo-
men and pelvis, and extremities) that had a lesion was
assigned “1”, and those that did not contain a lesion were
assigned “0”. When CNN or the human reader identified a
lesion in a body region, and the reference standard also
indicated the presence of a lesion in that region, it was
considered a true positive (TP). When the CNN or human
reader did not identify a lesion in a body region where the
reference standard also indicated no lesion, it was con-
sidered a true negative (TN). When the CNN or human
reader identified a lesion in a body region where the refer-
ence standard indicated no lesion, it was considered a
false positive (FP). When the CNN or human reader did
not identify a lesion in a body region where the reference
standard indicated the presence of a lesion, it was con-
sidered a false negative (FN).

The sensitivity and specificity of the CNN were compared
with those of each human reader using the McNemar
test. To account for multiple comparisons, a Bonferroni
correction was applied, setting the significance threshold
at P=0.05/2=0.025. The agreement between CNN and
human readers with the reference standard was analyzed
using the percentage agreement analysis. CNN’s median
detection time was compared to that of each human read-
er using a Wilcoxon signed-rank test.

Results

The number of true positive regions for CNN, the pediatric
radiologist, and the radiology resident was 66, 77, and
54, respectively. The number of false negative regions for
CNN, the pediatric radiologist, and the radiology resident
was 12, 1, and 24, respectively. The number of true nega-
tive regions for CNN, the pediatric radiologist, and the
radiology resident was 207, 220, and 180, respectively.
The number of false positive regions for CNN, the pediat-
ric radiologist, and the radiology resident was 14, 1, and
41, respectively. The positive predictive value (PPV) of the
CNN, pediatric radiologist, and radiology resident was
82.5%, 98.7%, and 56.8%, respectively, whereas the neg-
ative predictive value (NPV) was 94.5%, 99.5%, and
88.2%, respectively.

On qualitative analyses, we observed false positives in
regions with physiologically high FDG uptake (e.g., bowel),
benign lesions with increased FDG uptake (inflammatory
lesions), and physiologic nodal uptake. The false nega-
tives included regions with small lesions (<1 cm), regions
with low FDG uptake (SUVmax<2), and most commonly
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Figure 3. Comparison of tumor detection with CNN and by human readers with re-
spect to the reference standard on [*8F]FDG PET/MR image in a 14-year-old patient
with non-Hodgkin’s lymphoma. A. Coronal contrast-enhanced T1-weighted gradient
echo MRI demonstrating multiple enhancing lymphoma lesions (yellow arrows). B.
Simultaneously acquired [*®F]FDG PET image showing increased radiotracer uptake
within lymphoma lesions (yellow arrows). C. Whole-body [*®F]FDG PET/MR image il-
lustrating increased radiotracer uptake of lymphoma lesions (yellow arrows). D. CNN-
derived annotations of multiple lymphoma lesions (red squares) on the MRI scan; the
yellow arrow indicates true positive lesions and the red arrows indicate false negative
lesions. E. Annotations by a pediatric radiologist (red regions) with 3 years of experi-
ence, showing no missed lesions. F. Annotations by a second-year radiology resident
(red regions); yellow arrow indicates true positive lesions, and the red arrows indicate
false negative lesions.

in the abdomen and pelvis. Among the 12 false negatives,
5 were in the abdomen and pelvis, 2 in the head, 2 in the

neck, 2 in the thorax, and 1 in the extremity. resident.

Comparison of the sensitivity and speci-
ficity of CNN to those of human readers

The CNN demonstrated higher sensitivi-
ty, at 84.6%, and specificity, at 93.7%,
compared to the radiology resident, who
achieved a sensitivity of 69.2% (P=0.023)
and a specificity of 81.5% (P<0.001).
However, the CNN’s performance was
lower than that of the pediatric radiolo-
gist, who attained a sensitivity of 98.7%
(P<0.001) and a specificity of 99.5%
(P<0.001) (Figure 3). Similar results were
obtained for sub-analyses of regions with
lymph nodal lesions and extra-nodal
lesions. For sub-analysis of regions with
lymph nodal lesions, the CNN'’s sensitivi-
ty (84.4%) was lower than that of the
pediatric radiologist (100%, P=0.016),
but its specificity (97.1%) was higher than
that of the resident (79%, P<0.001). For
sub-analysis of regions with extra-nodal
lesions, CNN’s sensitivity (84.8%) was
higher than that of the resident (45.5%,
P=0.002), and specificity (90.6%) was
lower than that of the pediatric radiolo-
gist (100%, P<0.001) (Supplementary
Table 1).

Percentage agreement of CNN or human
readers with the reference standard

The CNN demonstrated 83% agreement
(95% CI=79%-87%) with the reference
standard for detecting regions with
lymphoma lesions on [*®F]FDG-PET/MR
images. By comparison, the percentage
agreement between human readouts
and the reference standard was 94%
(95% Cl=92%-97%) for the pediatric radi-
ologist and 63% (95% CI=59%-69%) for
the radiology resident (Supplementary
Table 2). The percentage agreement
between CNN and the reference stan-
dard was 85% (95% CI=78%-90%) for the
detection of regions with lymph nodal
lesions and 81% (95% CI=74%-87%) for
regions with extra-nodal lesions. By
comparison, the percentage agreement
between human readouts and the refer-
ence standard was 91% (95% Cl=86%-
95%) for regions with lymph nodal and
0.97% (95% Cl=93%-99%) for regions
with extra-nodal lesions for the pediatric
radiologist and 61% (95% Cl=52%-69%)

for regions with lymph nodal and 67% (95% Cl=59%-
75%) for regions with extra-nodal lesions for the radiology
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Comparison of the time spent by CNN and human read-
ers for detecting lymphoma lesions

The median values and interquartile ranges (25th, 75th
percentile) for the time taken (in minutes) were 8 (7, 10)
for the pediatric radiologist, 15 (9, 20) for the radiology
resident, and 4 (3, 5) for the CNN. The CNN readout was
significantly faster compared to each human reader
(P<0.001, in both cases).

Discussion

The sensitivity, specificity, and percentage agreement of
the CNN algorithm for detecting regions with pediatric
lymphoma lesions on [*8F]FDG-PET/MRI were higher com-
pared to those of the radiology resident but lower com-
pared to those of the pediatric radiologist. The CNN de-
tected lesions faster than the radiology resident as well
as the pediatric radiologist individually.

Our CNN demonstrated higher sensitivity and specificity
compared to the 3D U-Net-based models developed by
Blanc-Durand et al. [11] and Jiang et al. [18]. Specifically,
our model achieved a sensitivity of 84.6% (95% CI: 74.7%-
91.8%) and specificity of 93.7% (95% Cl: 89.6%-96.5%),
surpassing Blanc-Durand et al.’s voxel-level sensitivity of
75%+22% and specificity of 79%+20%, as well as Jiang et
al.’s voxel-level sensitivities of 0.83+0.22 (median 0.93,
IQR: 0.75-0.99) in the training cohort and 0.81+0.27
(median 0.91, IQR: 0.77-0.99) in the validation cohort.
The superior performance of our CNN likely resulted from
several architectural and methodological differences. The
integration of multimodal PET/MRI data through learnable
weighted feature fusion possibly provided complementary
metabolic and anatomical information for lesion detec-
tion. In addition, our two-stage lesion detection strategy,
involving SUV-guided tumor candidate generation and
location-aware classification across 14 anatomical re-
gions, allowed effective reduction of false positives.
Moreover, our lesion-level evaluation metric permitted
true-positive detection based on partial lesion overlap,
whereas the voxel-level metrics used by Blanc-Durand et
al. and lJiang et al. imposed stricter criteria, penalizing
even minor segmentation inaccuracies. Furthermore,
unlike Jiang et al., we also assessed specificity, and unlike
both Blanc-Durand et al. and Jiang et al., we assessed
processing time and percentage agreement analysis with
respect to the reference standard, offering a comprehen-
sive evaluation of clinical applicability.

In contrast to Blanc-Durand et al. and Jiang et al., the
DeepSSTL model by Leung et al. achieved higher sen-
sitivity than our CNN, demonstrating a median true-posi-
tive rate (TPR) of 87% for lymphoma using voxel-level
segmentation versus our tumor-level sensitivity of 84.6%
[14]. Their voxel-level segmentation model utilized an
nnU-Net architecture, which is consistently recognized for
its excellent performance in PET/CT lesion segmentation
challenges. Moreover, the DeepSSTL model incorporated
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semisupervised transfer learning trained on a large, com-
prehensively annotated [*®F]FDG-PET/CT dataset from
adults with multiple types of cancers [14]. In comparison,
our CNN relied on a simpler 3D CNN classifier for candi-
date generation and classification using a relatively small-
er pediatric lymphoma PET/MRI dataset. Regarding spe-
cificity, our CNN explicitly demonstrated a high tumor-lev-
el specificity of 93.7% (95% CI: 89.6%-96.5%), whereas
Leung et al. did not directly report specificity. Although
their model achieved a low false discovery rate (FDR) of
13% for lymphoma, corresponding to a positive predictive
value (PPV) of 87%, along with true negative rate (TNR)
and negative predictive value (NPV) of 1.00 across all
patients with multiple cancer types, the absence of an
explicitly quantified specificity metric limits precise quan-
titative comparison with our algorithm. Leung et al. did
not study the percentage agreement analysis and pro-
cessing time of the algorithm, either.

The processing time of our CNN was notably longer than
that of Blanc-Durand et al.’s algorithm [11], with a me-
dian of 4 minutes (IQR: 3-5 minutes) per case compared
to approximately 30 seconds. Our model incorporated
multimodal PET and MRI data, requiring the integration
of both metabolic and anatomical inputs, which likely
increased preprocessing time and memory usage. Al-
though their algorithm used PET/CT (also a dual imaging
modality), MRI typically includes a greater number of
image slices than CT, resulting in higher data volume
and greater computational complexity. Our algorithm
employed a two-stage architecture that first perform-
ed SUV-guided candidate generation, followed by re-
gion-wise classification using a 3D CNN, which inheren-
tly introduces additional computational steps and com-
plexity. The use of anatomical location-aware classifiers
and weighted feature fusion further added to the com-
putational burden. In contrast, Blanc-Durand et al. uti-
lized a streamlined end-to-end 3D U-Net architecture
(nnU-Net) that performed direct voxel-wise segmentation
on resampled PET/CT images with minimal preprocessing
and no candidate filtering stage, enabling faster inference
[11].

Our study has several strengths. To our knowledge, this is
the first study to evaluate the sensitivity, specificity, per-
centage agreement, and processing time of an Al algo-
rithm for detecting regions with lymphoma on whole-body
[‘8F]FDG-PET/MRI scans of pediatric and young adult
populations and compare its performance against two
human readers with different levels of experience. In
addition, we assessed our CNN’s performance in differ-
ent anatomical regions (head, neck, thorax, abdomen and
pelvis, and extremities) and locations (lymph nodes and
extra-nodal). Our study is the first to conduct sub-analy-
ses for regions with lymph nodal and extra-nodal lesions
separately. Although our CNN was not trained to distin-
guish nodal vs extra-nodal diseases, we believe it is cru-
cial to evaluate whether the Al algorithm’s lesion detec-
tion ability may vary in these locations, as the tissue
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characteristics of the nodal and extra-nodal lesions are
different.

We recognize several limitations in our study. The study
involved a small sample size. Pediatric lymphoma datas-
ets are relatively scarce compared to adults, and PET/MRI
technology remains limited in availability relative to PET/
CT. The CNN was unable to identify all the lesions; detec-
tion of all the lesions would have been ideal for clinical
application. Detecting tumors on whole-body PET/MRI is
inherently challenging due to extensive anatomical cover-
age, variability in lesion characteristics and locations,
physiologic tracer uptake mimicking pathology, and pedi-
atric-specific challenges such as motion artifacts. The lim-
ited sample size and performance of CNN could possibly
be addressed by employing data augmentation strategies
in future studies. Our CNN can only flag lesions, but was
not designed to segment the lesions. Adding a segmenta-
tion tool could be used for treatment monitoring and radi-
ation therapy planning. Several other authors have devel-
oped algorithms for the automatic segmentation of
lymphoma on PET/CT scans in adult patients [11, 13, 14,
16, 18], and such tools could be added to our CNN as
deemed appropriate. It may also be feasible to integrate
an existing segmentation network, such as nnU-Net, into
our CNN framework to produce a segmentation mask.
The size and shape information provided by the segmen-
tations may be valuable for this downstream task and
could be a future extension of our current work. We tested
CNN only on an internal dataset and only on baseline [*8F]
FDG-PET/MRI scans before the start of therapy. Similarly,
the small sample size of the test dataset posed a limita-
tion to performing subgroup analyses to evaluate the
CNN’s performance across demographic variables such
as age group, gender, and lymphoma types. Future work
includes validating the CNN on multi-institutional datas-
ets, testing it on post-treatment scans, adding an algo-
rithm for lesion segmentation, and adding an algorithm
for automated tumor volume and SUV measurements.
Future studies with a larger sample size can also test the
performance of the model across demographic variables
such as age group, gender, and lymphoma types.

In conclusion, the sensitivity and specificity of our CNN-
based deep-learning algorithm for automated detection
of regions with pediatric lymphoma on whole body [*8F]
FDG-PET/MRI were significantly higher compared to those
of a second-year radiology resident but significantly lower
compared to those of a pediatric radiologist with three
years of experience. Similarly, CNN outperformed the sec-
ond-year radiology resident for the detection of regions
with lymphoma in terms of percent agreement but was
less accurate than the pediatric radiologist. The CNN
detected lesions faster than both human readers individ-
ually. While it cannot replace expert review, it has the
potential to expedite diagnosis, facilitate same-day imag-
ing and clinic visits, and support trainees. With lesion-
detection performance intermediate between that of a
radiology resident and an experienced pediatric radiolo-
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gist, the CNN is best positioned to serve as a supervised
decision-support tool rather than a stand-alone reader. To
facilitate clinical workflow, it could serve as a second
reader by providing an optional overlay of candidate
regions during interpretation to prompt re-examination of
subtle findings. It may also support education and quality
assurance by allowing trainees to compare preliminary
reads with CNN outputs to identify potentially missed
lesions, and by enabling a post-dictation discrepancy
check of regions with suspicious but missed lesions that
may require confirmatory review. These potential clinical
workflow integrations may leverage CNNs’ rapid lesion-
flagging capability while maintaining radiologist oversight
to ensure accuracy and accountability for clinical deci-
sion-making. Further research is needed to validate its
clinical integration, generalizability, and applicability to
other malignancies and adult patients.
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Supplementary Table 1. Sensitivity and specificity for detecting nodal and extra-nodal lesions by the CNN, pediatric ra-
diologist, and the radiology resident. All the numbers are indicated in percentage, and the numbers in brackets indicate

the confidence interval

Pediatric Radiology
CNN . . .
radiologist resident
Sensitivity % Nodal lesions 84.4 (70.9-92.4) 100* 86.7 (73.7-93.8)
(95% Confidence interval) p.yalue (CNN Vs human reader for nodal lesions) N/A 0.016 1
Extra-nodal lesions 84.8 (68.8-93.4) 97 (79.2-99.6) 45.5(29.5-62.4)*
P-value (CNN Vs human reader for extra-nodal lesions) N/A 0.13 0.002
Nodal + Extra-nodal lesions 84.6 (74.7-91.8) 98.7 (93.1-100)* 69.2 (57.8-79.2)*
P-value (CNN Vs human reader for nodal + extra-nodal lesions) N/A <0.001 0.023
Specificity % Nodal lesions 97.1(91.4-99.1) 99 (93.1-99.9) 79 (67.0-87.5)*
(95% Confidence interval) p.yajue (CNN Vs human reader for nodal lesions) N/A 0.5 <0.001
Extra-nodal lesions 90.6 (83.2-94.9) 100* 83.8 (76.6-89.0)
P-value (CNN Vs human reader for extra-nodal lesions) N/A <0.001 0.18
Nodal + Extra-nodal lesions 93.7 (89.6-96.5) 99.5 (97.5-100)* 81.5(75.8-86.4)*
P-value (CNN Vs human reader for nodal + extra-nodal lesions) N/A <0.001 <0.001

* indicates statistically significant differences when human readers’ sensitivity and specificity were compared with CNN.

Supplementary Table 2. Percentage agreement between the CNN and human readers with the reference standard in all
five body regions, subdivided among two locations - nodal and extra-nodal lesions

Truth vs CNN: percent

Truth vs Pediatric

Truth vs Radiology

e ot agreement (95% 01 5 28 Ca% Gl agreement (95 O
Head Nodal lesions 1.00 (0.88-1.00) 1.00 (0.88-1.00) 0.97 (0.83-1.00)
Head Extra-nodal lesions 0.93 (0.78-0.99) 0.97 (0.83-1.00) 0.43 (0.25-0.63)
Neck Nodal lesions 0.70 (0.51-0.85) 0.77 (0.58-0.90) 0.23(0.10-0.42)
Neck Extra-nodal lesions 0.97 (0.83-1.00) 1.00 (0.88-1.00) 0.87 (0.69-0.96)
Thorax Nodal lesions 0.73 (0.54-0.88) 0.93 (0.78-0.99) 0.40 (0.23-0.59)
Thorax Extra-nodal lesions 0.77 (0.58-0.90) 1.00 (0.88-1.00) 0.47 (0.28-0.66)
Abdomen and pelvis Nodal lesions 0.80 (0.61-0.92) 0.87 (0.69-0.96) 0.50 (0.31-0.69)
Abdomen and pelvis Extra-nodal lesions 0.70 (0.51-0.85) 0.97 (0.83-1.00) 0.77 (0.58-0.90)
Extremities Nodal lesions 1.00 (0.88-1.00) 1.00 (0.88-1.00) 0.93 (0.78-0.99)
Extremities Extra-nodal lesions 0.70 (0.51-0.85) 0.93 (0.78-0.99) 0.83 (0.65-0.94)
Overall percent agreement Nodal lesions 0.85 (0.78-0.90) 0.91 (0.86-0.95) 0.61 (0.52-0.69)
Extra-nodal lesions 0.81 (0.74-0.87) 0.97 (0.93-0.99) 0.67 (0.59-0.75)
Nodal + Extra-nodal lesions 0.83 (0.79-0.87) 0.94 (0.92-0.97) 0.63 (0.59-0.69)




