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Abstract 

Background  18-Fluoro-deoxyglucose positron emission tomography/computed tomography (FDG-PET/CT) 
is a valuable imaging tool widely used in the management of cancer patients. Deep learning models excel at seg-
menting highly metabolic tumors but face challenges in regions with complex anatomy and normal cell uptake, 
such as the gastro-intestinal tract. Despite these challenges, it remains important to achieve accurate segmentation 
of gastro-intestinal tumors.

Methods  Here, we present an international multicenter comparative study between a novel organ-focused 
approach and a whole-body training method to evaluate the effectiveness of training data homogeneity in accurately 
identifying gastro-intestinal tumors. In the organ-focused method, the training data is limited to cases with intesti-
nal tumors which makes the network trained with more homogeneous data and with stronger presence of intes-
tinal tumor signals. The whole body approach extracts the intestinal tumors from the results of a model trained 
on the whole-body scans. Both approaches were trained using diffuse large B cell (DLBCL) patients from a large multi-
center clinical trial (NCT01287741).

Results  We report an improved mean(±std) Dice score of 0.78(±0.21) for the organ-based approach on the hold-
out set, compared to 0.63(±0.30) for the whole-body approach, with the p-value of less than 0.0001. At the lesion 
level, the proposed organ-based approach also shows increased precision, recall, and F1-score. An independent 
trial was used to evaluate the generalizability of the proposed method to non-Hodgkin’s lymphoma (NHL) patients 
with follicular lymphoma (FL).

Conclusion  Given the variability in structure and metabolism across tissues in the body, our quantitative find-
ings suggest organ-focused training enhances intestinal tumor segmentation by leveraging tissue homogeneity 
in the training data, contrasting with the whole-body training approach, which, by its very nature, is a more heteroge-
neous data set.
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Introduction
Convolutional neural networks (CNNs) have shown 
remarkable efficacy across diverse medical imaging 
modalities, excelling in different tasks like lesion detec-
tion , organ segmentation, disease classification, and pre-
dicting treatment outcomes [1–5]. Specifically in tumor 
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identification, they have enabled rapid and reproducible 
tumor extraction, surpassing manual and semi-automatic 
methods commonly used in clinical settings [6, 7]. Accu-
rate identification and delineation of lymphoma tumors 
throughout the entire body are crucial for early detection, 
evaluating disease progression, and guiding personalized 
treatment strategies, with CNNs demonstrating notable 
precision in this field [8–12]. Among various imaging 
modalities, PET imaging plays a pivotal role in lymphoma 
diagnosis and management [13, 14].

FDG-PET is a noninvasive functional imaging tech-
nique widely used in oncology that enables evaluating 
tumor stage and metabolic characteristics with high 
specificity and sensitivity [14, 15]. FDG-PET scans, com-
bined with complementary anatomical information from 
low-dose CT images, are the key components to assess 
the metabolic activity of tumors which contributes to dis-
ease diagnosis and treatment assessments in lymphoma 
cancer patients [16, 17]. 18F-radiolabeled glucose, admin-
istered intravenously during PET imaging, concentrates 
in tumors with high metabolic activity due to increased 
glucose metabolism in cancer cells. This makes FDG-PET 
imaging superior to magnetic resonance imaging and CT, 
providing an effective method for early cancer detection 
and diagnosis by quantifying metabolically active tumor 
burden [18]. Many cancer types, such as non-small cell 
lung cancer, non-Hodgkin’s lymphoma and other malig-
nancies, exhibit significant uptake of the FDG tracer by 
cancer cells, rendering them highly visible in PET images 
[19, 20]. Overall, FDG-PET/CT provides valuable clinical 
information, contributing to improved diagnosis, treat-
ment planning, and monitoring of various diseases [14, 
21, 22].

Segmentation of FDG-avid tumors on FDG-PET has 
shown high prognostic capabilities in NHL [13, 22–25]. 
In clinical settings, this segmentation is typically per-
formed manually, with the help of image analysis soft-
wares, by a radiologist or a nuclear medicine specialist. 
Using specialized softwares, physicians often manually 
outline the desired region of interest (tumor boundaries) 
by drawing contours around the target area in the PET 
images. Metrics such as maximum standardized uptake 
value (SUV) within a target region of interest (ROI) and 
tumor volume are typically recorded and tracked over 
the course of treatment. In advanced-stage malignancies, 
the presentation of tumors on FDG-PET scans exhibits 
variability in different anatomical locations. The manual 
delineation or seeding of target regions of interest (ROIs) 
is often meticulous, subjective, and prone to high intra- 
and inter-observer variability [26, 27]. Several methods 
leveraging the recent advances of Deep Learning have 
been proposed to automatically delineate metabolically 
active lesions on eyes to thighs PET/CT scans [8–11].

Segmentation of intestinal tumors is crucial for cancer 
patients, improving diagnosis, treatment, and monitor-
ing. For instance, in gastric cancer as one of the leading 
causes of cancer-related deaths, accurate segmentation 
addresses challenges like late-stage diagnoses and poor 
treatment outcomes. Similarly, in lymphoma intestinal 
involvement requires precise segmentation to enable 
precise tumor assessment and guides effective therapy. 
While traditional treatments like surgery and chemo-
therapy are common, emerging approaches in radio-
nanomedicine are demonstrating significant potential 
for medical advancements. Advances such as integrin 
receptor-targeted therapies, HER2, Claudin 18, and glu-
tathione-responsive systems improve diagnostic preci-
sion and enable personalized treatment, addressing early 
diagnosis challenges and minimizing systemic toxicity for 
gastric cancer patients [28]. This work focuses on using 
PET imaging, a minimally invasive method for effective 
intestinal tumor segmentation, to enable diagnostic pre-
cision and personalized treatment through a more com-
plete disease burden assessment for lymphoma patents.

Intestinal tumors are particularly challenging for both 
manual and AI-based tumor segmentations due to their 
intricate anatomical shapes, close adjacency to organs 
with similar appearances, locally variable presentations, 
the presence of acute non-malignant uptakes, particu-
larly notable in patients with diabetes or those taking 
metformin, and the small sizes of the tumors [29–32].

This study specifically focuses on organ-based tumor 
segmentation in lymphoma, with a particular emphasis 
on the intestine. While previous research has explored 
tumor segmentation in lymphoma patients at a holistic 
level, this work highlights the significance of examin-
ing tumors at the organ level for more precise diagnos-
tics and effective treatment planning. The study’s focus 
extends to a comparative analysis, aiming to evaluate the 
impact of training data homogeneity on the accuracy of 
intestinal lesion segmentation in FDG-PET/CT images of 
patients with NHL. The study introduces a segmentation 
approach that focuses on the intestine organ, employ-
ing an organ-focused strategy that minimizes interfer-
ence from surrounding non-intestinal tissue (Fig. 1). This 
organ-focused approach is compared to a previously 
published approach that utilizes whole body scans and 
the intestinal lesion segmentation is extracted from the 
results of whole body training [8]. The organ-focused 
approach is a targeted approach that provides stronger 
signal during training, resulting in improved quantita-
tive results and more accurate segmentation of intestinal 
lesions compared to the whole body training approach. 
We evaluated the generalizability of the organ-focused 
approach by testing it to two independent, interna-
tional, and multi-center clinical trials involving subtypes 
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of NHL: DLBCL and FL. This assessment allowed us to 
determine the effectiveness and applicability of organ-
focused approach across different types of lymphomas 
and ascertain its potential for broader use in medical 
imaging segmentation tasks.

Methodology
To investigate the impact of training data homogene-
ity on the segmentation results of intestinal tumors, we 
propose an organ-focused 3D CNN approach where the 
training data is limited to the small intestine region and 
compare the results to the previously published whole 
body training approach [8]. By focusing on the intestine, 
we can provide the CNN with more homogenous data 
and allow the network to be better guided during the 
training process.

Data and preprocessing
Goya (NCT01287741 [33]) and Gallium (NCT01332968 
[34]) are randomized open-label phase III clinical trials 
for previously untreated patients with DLBCL and FL 
respectively. All scans were taken following standard-
ized image acquisition procedures and were reviewed by 
an independent review committee. Three board-certified 
nuclear medicine physicians segmented and assessed the 
tumors semi-automatically (using the MIM Software Inc, 
OH, USA) at an independent review facility [24]. These 
annotations served as the “ground truth” for our models’ 
development and assessment.

The training data set in the whole body approach is 
sourced from the Goya clinical trial. There are 1166 
FDG-PET/CT scans in this trial which 80 percent of it 

used for the training purpose, whereas the remaining 
20 percent was included in the test set. The whole body 
model was tested on both Goya and Gallium clinical tri-
als to show the generalizability of the model to different 
NHL subtypes. To prevent any cross-contamination of 
data between training and test sets, we adopted a patient-
level data division strategy in the whole body approach. 
Whole body scans underwent resampling to have a uni-
form isotropic voxel size of 2× 2× 2 mm.

The same Goya trial dataset was utilized in train-
ing the organ-focused approach. Figure  1 illustrates the 
high-level workflow of the organ-based model, providing 
an overview of the entire process which is explained in 
more detail in this section, Data and preprocessing and 
the subsequent section,  Whole body and organ-focused 
training. Both whole-body and organ-focused approaches 
were trained and evaluated using PET and CT as dual-
channel inputs. While FDG-PET is the primary modality 
for detecting tumors by highlighting areas of increased 
glucose metabolism, CT enhances tumor localization and 
boundary delineation by providing detailed anatomical 
context. This combination improves segmentation accu-
racy [35].

Samples that contained intestinal lesions were cho-
sen and underwent a preprocessing procedure for the 
organ-focused model development. From the complete 
set of whole body scans in the Goya trial, 310 scans 
were detected with presence of at least one tumor with 
an overlap of no less than 20 percent with the intestine 
(defined by an intestine segmentation mask described 
below). The training and test sets in the organ-focused 
approach were chosen from the training and test sets 

Fig. 1  Organ-based model workflow diagram
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of the whole body approach respectively to ensure fair 
comparison between the two models. Based on this, we 
partitioned the 310 scans from the Goya trial into train 
(215 scans), validation (26 scans), and test sets (69 scans). 
The test set specifically was used to compare the two 
approaches on patients with DLBCL subtype. Gallium 
trial was used as an additional test set to show that the 
model is generalizable to the NHL follicular lymphoma 
subtype as well. 116 scans with intestinal lesions were 
chosen from Gallium trial to evaluate and compare the 
two approaches on patients with follicular lymphoma. 
Patients characteristics in the test sets can be seen in sup-
plementary Tab. 1.

The data underwent the following preprocessing 
steps in preparation for the organ-based training. First, 
the intestine organ mask from the organ segmenta-
tion results was extracted for each of the scans. In this 
method, skilled imaging technologists initially segmented 
various organs, including the small intestine, followed 
by review and validation from a radiologist. The result-
ing masks were used to train a VNet model exclusively 
on low dose CT data for organ segmentation. This model 
underwent training on a subset of the training data from 
the Goya trial and was subsequently tested on both the 
Goya and Gallium hold-out sets. Additional informa-
tion about the organ segmentation process can be found 
in [36]. Second, we iterated through all the tumors in 
the whole-body images and included the ones that over-
lapped by at least 20 percent or more with the intestine 

organ and excluded other non-intestinal tumors to make 
sure our lesion masks contained only intestinal lesions. 
The chosen threshold is adaptable and can be tailored 
according to the specific organ under investigation, the 
quantity of available data, and the density of lesions sur-
rounding the organ of interest. We chose a 20 % thresh-
old to ensure an adequate inclusion of intestinal lesions 
for both training and analysis. Regions that correspond 
to non-intestinal tumors are removed from both PET 
and CT scans to avoid including misleading signals in the 
training. Figure  2 shows an example with an intestinal 
(green arrow) and a non-intestinal lesion (yellow arrow) 
on a sample PET/CT scan. Through these preprocessing 
steps, the whole body scans were transformed to exclu-
sively encompass the intestine and intestinal lesions 
overlapping with it. Figure 3 shows a sample PET/CT 2D 
slice from a whole body scan on the left where the yel-
low bars show the region of the intestine. The middle 
figure shows a 2D slice from the restricted volume to the 
intestine region ± 10 voxels and the red label shows the 
intestine organ mask. In the figure on the right, the back-
ground is removed and only the intestine organ in PET/
CT and tumors overlapped with it shown in purple were 
kept. Third, small lesions with volume less than 0.8 ml 
(100 voxels) which were distant from any other lesion by 
at least 10 voxels were removed. This step is implemented 
to prevent the unintentional removal of small lesions 
that may arise as a result of tumors with weak connec-
tions breaking apart during the resampling procedure. 

Fig. 2  An example of intestinal (green arrow) and non-intestinal (yellow arrow) lesions
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In other words, the objective was to ensure the exclusion 
of only small lesions that were not generated as a direct 
consequence of the resampling process. In alignment 
with the manual TMTV annotations protocols, lesions 
below 0.8 mL were excluded. Minimal size and metabolic 
activity thresholds are often used in TMTV reading pro-
tocols [24, 37, 38]. These thresholds for size and meta-
bolic activity help minimize the inclusion of false positive 
uptakes on the PET and increase the medical experts’ 
confidence in their measurement of the total metabolic 
tumor burden. In addition, very small objects might not 
have clinical significance and can be considered as noise 
or artifacts. Removing them can help ensure that the 
model focuses on clinically relevant structures. Fourth, 
processed data from the previous steps was resampled 
to the target size of 128× 128× 128 in preparation for 
the training phase. We performed a customized resam-
pling to prioritize the preservation of information and 
minimize data loss. Therefore, for each processed whole 
body scan, the maximum dimension was adjusted to 128, 
while other dimensions were padded with zero in case of 
PET/mask and −1024 in case of CT scans to achieve the 
desired target size. The predicted masks from the whole 
body model underwent the same preprocessing step as 
described above to ensure an unbiased assessment of the 
models’ performance on unseen data.

Whole body and organ‑focused training
Tumor segmentation from whole-body FDG-PET/CT 
scans was performed using cascaded 2D and 3D CNNs 
[8]. This method employs a two-step approach involv-
ing 2D and 3D tumor segmentation using modified UNet 
and VNet networks. The process begins with 2D tumor 

segmentation on individual slices using an adapted 
UNet. Subsequently, a refined 3D VNet architecture 
is employed to enhance the 2D segmentation. The final 
mask is then derived by averaging the tumor masks from 
both 2D and 3D segmentations. This method has under-
gone training on the Goya trial dataset and was tested 
on two distinct NHL subtypes: DLBCL and FL. Further 
information regarding the whole body approach is avail-
able in [8].

After preprocessing of the data based on the steps 
explained in the Data and preprocessing section, a UNet 
like network was used to train an organ-based model for 
segmentation of intestinal lesions. Supplementary Fig. S4 
shows the architecture used to train the organ-focused 
model. The network follows an encoder-decoder archi-
tecture with symmetrical skip connections between vari-
ous stages, inspired by the original UNet model [39].

The hyperparameters were chosen empirically by 
adjusting the network based on its performance on the 
validation set. The network’s initial weights of the lay-
ers were selected randomly from normal distribution 
and Adam optimizer [40] was utilized to optimize the 
weights during the training. The initial learning rate 
was set to 0.0005, and we trained the model for 300 
epochs with a batch size of 4. We monitored the learn-
ing curve throughout to ensure convergence. Addition-
ally, we employed a learning rate scheduling strategy 
using ReduceLROnPlateau from the Keras library, which 
monitored the validation loss. If the validation loss did 
not improve for 10 consecutive epochs, the learning rate 
was reduced by a factor of 0.1, with a minimum learning 
rate of 0.0. The main software and libraries used in this 
study, along with their respective versions, are detailed in 

Fig. 3  An example of a whole-body scan transformed to exclusively encompass the intestine and intestinal lesions
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Supplementary Material, Section “List of Softwares and 
Libraries”. We combined both the cross entropy and dice 
losses (Eq. 1) to address the class imbalance issue inher-
ent in the images, where there is a significantly higher 
proportion of negative voxels (no lesion) compared to 
positive ones (lesions). Combining both losses helps miti-
gate the effect of the class imbalance and encourages the 
network to produce accurate pixel-wise probabilities and 
well-defined object boundaries [41].

In the above equation, V represents individual voxels 
within an image. T represents the collection of positive 
voxels in the ground truth, while P denotes the set of vox-
els predicted as positive by the model. yv represents the 
value of the voxel v in the tumor mask, and ŷv is the value 
of the voxel v in the predicted tumor mask.

Evaluation metrics and statistical analysis
To assess the accuracy of the organ-focused approach and 
contrast it with the whole-body approach, we employed 
the Dice score and conducted Wilcoxon test on this met-
ric to demonstrate statistical significance. Additionally, 
we conducted lesion-level analysis, calculating preci-
sion, recall, and F1 score to further evaluate performance 
of the intestinal tumor segmentation at the lesion level. 
Total metabolic tumor volume (TMTV) was also com-
puted for the predicted masks of the two approaches and 
compared to the ground truth to show that the organ-
based method has a higher correlation with the ground 
truth in computing the burden of metabolically active 
disease in patients with lymphomas. The Spearman cor-
relation coefficient was computed for both approaches, 
serving as a statistical measure to further evaluate the 
strength of the relationship between predicted results 
and the ground truth in each case.

To calculate the precision, recall, and F1 score for the 
lesion-level analysis, we assessed lesions in the ground 
truth against the predicted masks and vice versa. We 
classified a lesion in the predicted mask as a true posi-
tive (TP) if it had an overlap of over 20 percent with the 
ground truth mask. Conversely, if the overlap was less 
than 20 percent, we categorized it as a false positive (FP). 
Similarly, for false negatives (FN), we identified lesions in 
the ground truth mask with less than 20 percent overlap 
to the prediction mask as false negatives. These metrics 
were used to compute the precision, recall, and F1 score 
(Eq. 2). p-values at the lesion level were generated using 

(1)
L = 1−

2|P ∩ T | + 1

|P| + |T | + 1

−

v∈V

|V |

v∈V yv
yv log ŷv + 1−

|V |

v∈V yv
1− yv log 1− ŷv

1000 bootstrap random samples with replacement [42]. 
The bootstrapped random samples were of the same size 
as the original dataset.

In the lesion-level analysis, we incorporated a binary 
closing operation with the kernel size of (3,3,3) as a post 
processing step to counteract the potential issue of lesion 
fragmentation caused by weak connections, as previously 
discussed in the preprocessing step. This binary closing 
procedure involves sequentially applying dilation and 

erosion operations to the masks, effectively reconnecting 
or “closing” lesions that may have been split. By doing so, 
we aimed to enhance the accuracy of the lesion analysis, 
ensuring that fragmented or loosely connected lesions 
do not affect the overall assessment. Following this, we 
repeated the process of removing small and isolated 
lesions, similar to the preprocessing step. These steps 
ensure that the lesion-level analysis focuses on clinically 
important lesions with coherent structures.

Higher F1 score suggests a better balance between pre-
cision and recall, which is often desired in many applica-
tions. In the statistical analysis we employed Wilcoxon 
test and computed p-value to assess the significance of 
differences between the two models based on the com-
puted Dice scores. Results with p-values less than 0.05 
considered as statistical significance. We also used a 95 
percent confidence interval measure on computed Dice 
scores. Confidence interval is a statistical measure which 
quantifies the uncertainty or variability on the com-
puted measures, helping in assessing the precision of the 
estimates.

Results
The quantitative results on both Goya and Gallium test 
sets can be seen in Tables 1 and 2. Both the Dice score 
and the lesion level metric F1 demonstrate that the 
organ-focused method outperforms the whole body 
approach quantitatively. Figures 4 and 5 shows the graphs 
of the average Dice score with standard deviations and 

(2)

precision =
TP

TP + FP

recall =
TP

TP + FN

F1 =
2× (precision× recall)

(precision+ recall)
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confidence intervals for both the organ-focused and the 
whole-body approaches. The organ-focused approach 
achieved better Dice scores at a statistically significant 
level for both test sets ( p < 10−5 in Goya and p < 10−3 
in Gallium). Figures 4 and 5 also show the organ-focused 
approach can generate intestinal tumor segmenta-
tion results with less variability and greater consistency 
among different cases (smaller standard deviation than 
the whole body approach). The p-values for precision, 
recall, and F1 score in the Goya test sets after bootstrap-
ping are 0.38, 0.47, and 0.48 respectively. For the Gallium 
test sets are 0.3, 0.5, and 0.4 respectively. These p-values 
indicate that there is no statistically significant difference 
between the methods at the lesion level.

The organ-focused approach also showed better com-
patibility in terms of the Dice score with the ground truth 
masks than the whole body approach in the Gallium test 
set (Table  2, 0.70 vs 0.58, p < 10−3 ). Higher Dice score 
indicates better overall overlap and similarity between 
the predicted and ground truth masks. This is valuable 
in medical images because we prioritize accurately cap-
turing the true positive regions and minimizing false 
negatives.

Intestinal metabolic tumor volume was calculated for 
each of the predicted tumor masks generated by both 
approaches and compared to the volumes in the ground 
truth masks. Figure  6 and  7 show comparison of auto-
mated total metabolic tumor volume with “ground truth” 
values in DLBCL and FL test patients respectively for 
whole body and organ-based approaches. Red lines in 
these figures are the linear fitted line and the dashed 
black lines are the line between minimum (bottom left) 
and maximum (top right) points. These figures show 
that both approaches are well correlated with the ground 
truth in estimation of metabolic tumor burden, although 
there is a greater spread in the data for the whole body 
approach. Whole-body and organ-based approaches gen-
erated Spearman’s correlations of 0.86 and 0.93 respec-
tively for the Goya test set and 0.77 and 0.88 respectively 
for the Gallium test set. In addition, Whole-body and 
organ-based approaches generated coefficients of deter-
mination ( R2 ) of 0.84 and 0.91 respectively for the Goya 
test set and 0.50 and 0.89 respectively for the Gallium test 
set.The results of the both computed Spearman’s correla-
tion and R2 support that there is a more consistent rela-
tionship between the organ-focused approach and the 
ground truth in comparison to the whole body approach.

Table 1  Goya trial test results

Quantitative results on Goya trial test cases show that the organ-focused 
approach outperforms the whole-body approach

 aDice score is shown in mean±standard deviation format

Goya Dicea Precision Recall F1

Organ-focused 0.78±0.21 0.91±0.04 0.85±0.05 0.88±0.04
Whole-body 0.63±0.30 0.85±0.3 0.82±0.31 0.82±0.3

Table 2  Gallium trial test results

Quantitative results on Gallium trial test cases show that the organ-focused 
approach outperforms the whole-body approach in terms of the majority of the 
metrics

 aDice score is shown in mean±standard deviation format

Gallium Dicea Precision Recall F1

Organ-focused 0.70±0.25 0.67±0.07 0.75±0.07 0.70±0.04
Whole-body 0.58±0.31 0.73±0.4 0.70±0.4 0.69±0.4

Fig. 4  Error bars and 95% confidence intervals for Dice in Goya tests comparing both methods
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Supplementary Fig. S1, Fig. S2, and Fig. S3 provide 
visualizations showcasing instances where organ-based 
approach outperform whole body approach in terms of 
Dice score, vice versa, or scenario where both methods 
exhibit comparable performance.

Discussion
FDG-PET is a well-validated imaging technique which 
is widely used in oncology to quantify physiological and 
biochemical processes in a highly sensitive and non-
invasive way. Combined PET/CT scanners are commonly 
used in clinics and additional anatomic information from 
CT in these scans can help identify and localize abnormal 
metabolic activities. Most cancer types show substantial 

FDG uptake by the cancer cells due to increased metabo-
lism of glucose and this provides a means to visualize and 
quantify the active tumors from FDG-PET/CT scans. 
Among different malignancies, non-Hodgkin’s lym-
phoma cancer cells have demonstrated high FDG uptake 
which makes them highly visible in the FDG-PET images.

The aim of this study is to investigate the impact of 
training data homogeneity by contrasting an organ-
focused model with a whole-body training approach in 
segmenting intestinal tumors from FDG PET/CT scans. 
Specifically, we conduct a comparative analysis between a 
whole-body fully automated metabolic tumor segmenta-
tion and an organ-specific model for the segmentation of 
metabolically active lesions in the gastro-intestinal tract.

Fig. 5  Error bars and 95% confidence intervals for Dice in Gallium tests comparing both methods

Fig. 6  Comparison of automated total metabolic tumor volume with “ground truth” values in DLBCL test patients
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The results on Dice score has p-value of less than 
0.005 which shows the statistical significance of the 
organ-focused approach. Both F1 metric in lesions-
level analysis and metabolic burden computation sup-
port the superiority of the organ-focused approach in 
intestinal tumor segmentation. These findings indicate 
that taking into account the complex anatomical struc-
tures and non-malignant metabolic activity within the 
intestinal region, intestinal lesion segmentation benefits 
from homogeneity of training data in the organ-based 
approach. This targeted training approach by focusing 
on the intestine and minimizing the influence of neigh-
boring tissues generates more accurate outcomes with 
much less training data compared to the whole-body 
approach (215 vs. 933 visits), which is characterized by 
a higher heterogeneous anatomical background.

An interesting discovery is the generalizability of the 
results. By assessing the models on both the Goya and 
Gallium hold-out datasets, we illustrated their ability 
to generalize results across diverse NHL subtypes, spe-
cifically DLBCL and FL, and across data sourced from 
multiple countries (supplementary Tab. 1). This aspect 
is crucial for mitigating bias and ensuring consistent 
and applicable performance across the target patient 
demographic.

We believe that extending the organ-focused meth-
odology to encompass all major organs could yield a 
more precise evaluation of total metabolic tumor bur-
den. This extension is grounded in the observation that 
regional homogeneity within most organs surpasses 
the homogeneity observed across the entire body. Total 

metabolic tumor burden stands as a prognostic indica-
tor of clinical outcomes [14].

Our comprehensive preprocessing steps, guided by a 
data-centric model development approach, support the 
importance of meticulous data curation in the model 
development process. This approach proves particularly 
advantageous when dealing with relatively small datasets 
[43].

It is noteworthy that our organ-focused training set 
comprises fewer data points compared to the whole-
body approach, yet it yields superior quantitative results. 
This indicates that the regional specificity inherent in the 
organ-focused approach, along with the thorough pre-
processing guided by a data-centric model development, 
plays a crucial role in its effectiveness.

Despite the comprehensive analysis, this study has sev-
eral limitations. We employed an in-house algorithm to 
register PET and corresponding CT data, ensuring pre-
cise alignment and minimizing mismatches between 
the two modalities. However, in rare cases, mismatches 
between the two modalities are unavoidable, particu-
larly when working with international multicenter data, 
as in our study. The performance of the organ-focused 
approach relies on the accuracy of the organ segmenta-
tion model. If the model does not segment the intestine 
accurately, the error inevitably propagates downstream 
to the organ-based approach. We used low-dose CT 
data, typically acquired alongside PET images, to train 
our organ segmentation algorithm. Using a CT-free, PET 
organ segmentation approach could address the limita-
tions that may happen due to mismatches between the 

Fig. 7  Comparison of automated total metabolic tumor volume with “ground truth” values in FL test patients
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PET and CT information by only utilizing PET images 
for organ segmentation [44]. In addition, in instances 
where the organ-focused approach exhibits suboptimal 
performance, our preliminary assessment suggests that 
the whole-body training, leveraging a larger and more 
diverse dataset, equips the model with enhanced capabil-
ity to accurately segment tumors with lower PET uptake. 
This is especially important for signals that may not dom-
inate in a specific organ, helping to mitigate challenges in 
detection signals. The organ-focused approach requires 
preprocessing steps to prepare the data for training and 
testing. The average preprocessing time to prepare a 
PET/CT scan for applying the organ-focused model is 
25 seconds for the Goya trial and 33.58 seconds for the 
Gallium trial. The inference time for the organ-focused 
approach is 1.38 seconds on average for each test case 
in Goya and 1.37 seconds on average for each test case 
in Gallium, whereas for the whole-body approach, it is 
54.9 seconds for Goya and 54.7 seconds for Gallium on 
the same test sets. The whole body has a higher inference 
time due to memory limitations associated with large 3D 
volumes, necessitating both 2D and 3D segmentation [8]. 
In contrast, organ-focused segmentation has a shorter 
inference time because it deals with smaller regions and 
does not require the same techniques needed for large 
whole-body volumes. The experiments for this task were 
conducted on a CPU node, featuring 36 CPU cores and 
278 GB of RAM. As a future work, software optimization 
is needed to reduce the execution time of the preprocess-
ing step in the organ-focused approach. We also aim to 
apply this model to real-world data to assess its general-
izability. Additionally, we plan to explore the advantages 
of using a similar organ-specific approach for lesion seg-
mentation in other organs.

In summary, this manuscript demonstrates that 
an organ-focused approach, leveraging a hierarchi-
cal approach to lesion segmentation achieves superior 
results in complex organs like the intestine for lymphoma 
patients. Organ-focused approaches also use signifi-
cantly less data and memory compared to a whole-body 
approach. By emphasizing homogeneity in training and 
leveraging robust organ segmentation, our method high-
lights the benefits of a data-centric approach. Our find-
ings hold promise for advancing automation, improving 
efficiency, and facilitating personalized approaches in 
oncology. This progress is anticipated to translate into 
enhanced patient outcomes.

Conclusions and future perspective
We propose a novel 3D deep learning, organ-focused 
approach for intestinal tumor segmentation using FDG-
PET/CT data from lymphoma patients, enabling robust 
and automated segmentation of intestinal tumors. 

Segmentation of FDG-avid tumors and the computation 
of total metabolic tumor volume on FDG-PET have dem-
onstrated significant prognostic value in NHL patients. 
Our method outperformed the whole-body segmenta-
tion approach, achieving superior results with four times 
less data. Given the challenges of tumor annotation in 
medical imaging, such as time-consuming processes, 
potential errors, and inter- and intra-observer variabil-
ity, our approach demonstrates the value of reducing 
data requirements without compromising accuracy. The 
model was trained on DLBCL lymphoma patient data 
and tested on both DLBCL and FL subtypes, showcas-
ing its generalizability across different lymphoma types. 
Quantitative metrics at both the lesion and image lev-
els, along with statistical analysis, demonstrated a strong 
agreement between the proposed method and the radiol-
ogist-generated ground truth segmentations.

Future work will extend this approach to other organs 
and assess its performance on real-world data beyond 
clinical trial settings. Additionally, if PET images with 
tracers other than FDG become available, we plan to 
explore PET-only training methods, as outlined in [44], 
to overcome the limitations of low-dose CT images 
used for the training of organ segmentation. In addi-
tion, we plan to explore extracting radiomic features 
from the segmented tumors, as these can enhance 
prognostic value and support personalized treatment 
planning. Integrating radiomics into our pipeline will 
expand the applicability of our method and strengthen 
AI-driven medical decision-making in oncology. Given 
the availability of data from gastric cancer patients, we 
plan to adapt and refine our current model for appli-
cation to this patient population. This effort is particu-
larly significant as gastric cancer remains the second 
leading cause of cancer-related deaths worldwide [28].
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