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ABSTRACT. Purpose: N-staging, a critical component in cancer diagnostics, quantifies meta-
static involvement of lymph nodes and plays an important role in guiding treatment
decisions. Manual assessment of lymph nodes on PET/CT scans is time-consuming
due to minimal contrast to surrounding tissue and strong heterogeneity of the
lymph node’s morphology. To streamline the N-staging process, we propose a deep
learning-based algorithm that localizes lymph node stations through atlas-to-patient
registration, classifies mediastinal lymph node stations as malignant or benign, and
subsequently performs automated N-staging. Notably, our model is trained without
any pixel-level annotations, i.e., using image-level classification labels only.

Approach: To address the challenge of training without annotations at the pixel
level, we use prior knowledge of the lymph node station locations through atlas-to-
patient registration and deduce pseudo-labels for lymph node station groups from
the N-stage to enable weakly supervised network training.

Results: The proposed algorithm achieves an accuracy of 0.88� 0.02, a sensitivity
of 0.72� 0.08, and a specificity of 0.90� 0.03 for lymph node station classification,
which is significantly better than the performance of the standard threshold-based
approach used for lymph node assessment in radiological images and an algorithm
for PET lesion segmentation that was trained with segmentation masks. For auto-
matic N-staging, the accuracy of 0.63� 0.04 is on par with an algorithm that was
trained with segmentation masks.

Conclusions: The division of the problem setting into subtasks as well as the
integration of prior knowledge enables better or comparable performance of models
trained with and without segmentation masks.
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1 Introduction
One of the most commonly used staging systems for cancer is the TNM classification of
malignant tumors (TNM), wherein the N-staging sheds light on the infestation of metastases
in regional lymph nodes. The four N-stages quantify the metastatic spread to the regional lymph
nodes on an ordinal scale. The differentiation between malignant and benign lymph nodes (and
the subsequent N-staging) can be determined in multiple ways. A histopathological examination
after surgical resection or biopsy, e.g., through mediastinoscopy, of the lymph nodes is the most
reliable way to learn the malignancy status.1 Oftentimes, before the use of invasive procedures,
imaging procedures such as CT or PET/CT pose a visualization for metastatic spread to the
lymph nodes. Accurately identifying metastatic lymph nodes in CT is challenging due to minimal
contrast with surrounding tissue and variations in lymph node shape, size, number, and location.
The CT image shows morphological factors; PET/CTadditionally visualizes abnormal metabolic
activity and is, thus, considered to be the gold standard for image-based diagnosis.

Mountain and Dresler2 define a map for mediastinal lymph nodes, in which single lymph
nodes are grouped into lymph node stations (LNS). For N-staging, an even higher aggregation
level is required, that is, multiple LNS form an LNS group. The LNS groups are defined as
follows: 1, ipsilateral peribronchial and/or hilar lymph nodes; 2, ipsilateral mediastinal and/or
subcarinal lymph nodes; and 3, contralateral mediastinal, contralateral hilar ipsilateral, or
contralateral scalene, or supraclavicular lymph nodes (see Table 1 and Fig. 1).3

Manual assessment of lymph nodes based on CT or PET/CT imaging is resource-intensive
because lymph nodes and LNS have to be located before determining their malignancy status.
With the rise in popularity of AI and publicly available datasets in the area of medical imaging,
there is potential of solving difficult tasks such as lymph node assessment with algorithms aiming
to automate tumor staging and support decision-making regarding surgery and further treatment.
Algorithms should follow two objectives: on the one hand, they should have a robust prediction
performance, potentially learning from relevant features that are unknown to humans. On the
other hand, to be useful in practice, algorithms should require as little human interaction as
possible. Ideally, pixel-level annotation in the radiological images should not be a requirement
to generate input data for the algorithm. Here, pixel-level annotation is defined as manual label-
ing of a location in the radiological image, that is a segmentation mask, a region of interest, or
the center point of a lymph node or lymph node station. By contrast, image-level labels are
oftentimes a by-product of clinical routine and are, thus, substantially easier to acquire than pixel-
level annotation. In this study, image-level labels are the N-stage and a list of pathological LNS
per patient according to image-based diagnosis, the location of which is not annotated in the
images.

Table 1 Rule-set that derives the N-stage from (a) the pathological LNS and (b) the tumor side.3

For each LNS group, at least one of the listed LNS needs to be pathological for the group to be
counted as positive.

Tumor
side

N-stage/
LNS group Positive LNS Negative LNS

LNS with
unknown status

R 1 10R, 11R All other —

L 1 10L, 11L All other —

R 2 5, 6, 7, 8, 9 1L, 2L, 4L, 10L, 11L 10L, 11L

L 2 1L, 2L, 3A, 3P, 4L, 5, 6, 7, 8, 9 1R, 2R, 4R, 10R, 11R 10R, 11R

R 3 1L, 2L, 4L, 10L, 11L — All other

L 3 1R, 2R, 4R, 10R, 11R — All other
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To the best of our knowledge, there exist no fully automated pipelines for N-staging of lung
cancer patients on PET/CT, and the majority of existing approaches for subtasks such as binary
lymph node classification require pixel-level annotations or evaluate the malignancy status of
lymph nodes based solely on lymph node size. Our main contribution can be described as
follows: we introduce a deep learning-based pipeline for binary classification of the mediastinal
LNS status (malignant, benign) and N-stage prediction based on PET/CT trained solely on
image-level labels. From a methodological perspective, we aim to mimic the radiologists’
approach for N-staging and in this way guide the learning process by utilizing prior knowledge
in two ways: (1) detecting the lymph node station locations through atlas-to-patient registration
enables local patch-sampling and (2) transferring patient-level knowledge to the LNS-level per-
mits weak supervision. The latter uses the patient’s ground-truth N-stage (patient-level) to infer
the pathology status of the corresponding LNS (LNS-level). We revise the problem of N-staging,
which has taken a backseat in current research, by comparing multiple fully automated pipelines
trained with and without segmentation masks. The aim of our comparison is to answer the
question: To what extent can mediastinal lymph node assessment on PET/CT images be auto-
mated without the need for pixel-level annotations, given the currently available datasets and
tools?

2 Related Work
The computer-aided assessment of mediastinal lymph nodes including classification, detection,
and segmentation has a long and extensive history of research. Primarily, binary lymph node
segmentation on CT has gained attention recently.4–6 Atlas-based and learning-based segmen-
tation of lymph nodes on CT including station mapping has been researched by Refs. 7–9.
However, several studies show that mediastinal lymph node assessment by size alone may not
be reliable10,11 and the PET scan adds valuable information about the malignancy status of lymph
nodes.12 Considering the superiority of image-based assessment on PET/CT against CT only,
many studies have focused on the binary classification of mediastinal lymph nodes into

lymph node station group 1

lymph node station group 3

lymph node station group 2

lymph node

lymph node station

primary tumor

Fig. 1 Definition of lymph nodes, lymph node stations, and lymph node station groups given that
the primary tumor is on the right side of the lung.
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malignant and benign using PET/CT images. References 13–18 use diagnostic features extracted
based on manual segmentations of the lymph nodes and primary tumor, e.g., standardized uptake
value, size, tumor shape, lymphatic drainage route. Taralli et al.13 and Yoo et al.14 add nonclinical
patient information, e.g., age, sex, smoking status, as features for model training. The authors
used or compared multiple algorithms such as decision trees, logistic regression, SVMs, or small
multilayer perceptrons. The balanced accuracy for those studies ranges from 0.70 to 0.86. For
N-staging, the balanced accuracy is 0.7718 and 0.99.17 In the studies that aim for N-staging, the
diagnostic features are fused on LNS group-level instead of LNS-level. Consequently, the locali-
zation of lymph nodes, LNS mapping, and merging information into LNS groups has to be done
manually to generate input features. As an alternative or addition to using predefined diagnostic
features, Refs. 14, 16, 19, 20 apply tools to extract radiomics features based on segmentation
masks of the lymph nodes. However, the diagnostic features are still necessary to build the best-
performing model.

In the category of deep learning-based methods, Wang et al.16 train a 2.5D convolutional
neural network (CNN) on extracted image patches centered at the lymph node center. The
authors report that the balanced accuracy of 0.86 for the CNN model is not significantly different
from the results of traditional machine learning models tested in their study. All studies presented
above require manual segmentation or manual ROI annotation during training and testing. To
address this issue, Wallis et al.21 propose a multistep approach for lymph node assessment
without the need for annotations during inference. First, they trained a 2D U-Net to generate
lymph node candidates and then extracted volumes that were classified into benign or malignant
in the second step. For the generation of candidates during training, the authors used pixel-level
annotations, i.e., 15 mm spheres centered at the lymph node center, to extract the ROIs. The
authors report a sensitivity of 0.87 and 0.41 false positives per patient. A summary of the
literature can be reviewed in Table 8 in Appendix A. However, the comparability between the
related work and the presented methods in this paper is limited due to the fact that the existing
approaches only cover a subtask of N-staging and require high manual annotation efforts for
input data generation.

3 Methods
Similar to the process of radiologists, the task of N-staging was split into two subtasks—
identifying pathological LNS, followed by the prediction of the N-stage. For the first step, the
binary classification of the LNS, we propose to use prior knowledge about the approximate
LNS locations by registering publicly available atlases with annotated LNS22 to our data. The
resulting segmentation masks of the LNS are used for targeted input patch-sampling. Precisely,
the segmentation masks from registration of multiple atlases were used to generate a weight map
(see Sec. 3.2.2 for detailed description) to further extract equally sized patches according to the
weight map probabilities. Weighted patch-sampling, instead of cropping a bounding box around
the LNS segmentation mask itself or its center, has the advantage of accounting for the uncer-
tainty from atlas registration and allows for maintaining the information about surrounding
anatomy, potentially involving the primary tumor. The proposed steps to generate the LNS input
patches can be reviewed in Fig. 2. After preprocessing as described in Sec. 3.2, we trained a six-
layer CNN to output a probability for malignancy given a patch approximately centered on any
mediastinal LNS. In each convolutional block, the feature maps were normalized using instance
normalization and spatially reduced by max-pooling. A ReLU was used as an activation function,
and we added dropout layers to prevent overfitting. The station index was encoded and concat-
enated as additional information to be processed by the final classification layers. An overview of
the proposed network structure is displayed in Fig. 3.

For the second step, we compared three training strategies, which mainly differ in the way
the subtask of N-staging is solved. The options were as follows:

1. Training an AI-based LNS classifier followed by rule-based N-staging (TS 1).
2. Training both the LNS classifier and N-staging simultaneously (TS 2).
3. Freezing the pretrained LNS classifier and refining the last network layers for N-staging

(TS 3).
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For TS 1, we trained the CNN-based LNS classifier as described above. By iteratively
applying the network to all the LNS of a patient, we get a list of pathological LNS per patient.
The rules described in Table 1 were applied to determine the N-stage. Alternatively, we inves-
tigated training an end-to-end network (TS 2), which further processes the logits from the LNS
classification and the encoded primary tumor side in two linear layers to lastly output the
N-stage. Here, patches from all the LNS of one patient are processed by L LNS classifiers,
whereas LNS classifier weights were shared. The weights from TS 1 of the LNS classifier were
used for transfer learning in TS 2 and TS 3. The advantage of using an end-to-end algorithm
for N-staging (TS 2 and 3) is that more training data becomes available, i.e., cases where the
N-stage is known, but the list of pathological LNS is unavailable. Leveraging the fact that
N-staging errors can be backpropagated, we added pseudo-labels into the loss calculation by
transferring implicit knowledge from patient- to LNS-level (see Sec. 3.3.1 for more details).
More precisely, pseudo-labels were generated exclusively from the known N-stage in combina-
tion with medical prior knowledge describing the relationship to the malignancy status of LNS.
We consider the introduction of pseudo-labeling and the architectural design a form of weak
supervision, as prior knowledge about N-staging is used to guide network training and diver-
gence from causal mechanisms is penalized. TS 3 is architecturally the same as TS 2, but the
weights of the LNS classifiers remain frozen. Only the last network layers are finetuned for
N-staging. The overviews of the proposed workflows for TS 1, TS 2, and TS 3 are presented
in Figs. 4–6, respectively.

3.1 Data

Two internal datasets were retrospectively collected at the University Medical Center
Schleswig-Holstein (UKSH). UKSH-1 comprises data from 353 patients, whereas UKSH-2
includes 42 patients, all treated as part of routine clinical care. In addition to imaging data,
nonclinical and diagnostic information was extracted from the clinical information system.
Preoperative imaging–based diagnoses and postoperative histopathological diagnoses were
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Fig. 3 Proposed six-layer CNN for LNS classification.

Fig. 2 Proposed approach for the generation of input patches for LNS classification. We used the
segmentation masks of a selected range of anatomical structures from the TotalSegmentator algo-
rithm to carry out multi-atlas registration of the mediastinal LNS to the training data. Based on the
resulting LNS segmentations, a weight map is calculated for each LNS. Given the probabilities of
the weight map, patches were extracted on LNS-level.
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obtained from radiology and pathology reports, respectively. In addition to the UKSH datasets,
the LungPETCTDx dataset23 was used for training TS 2 and 3. LungPETCTDx contains PET/CT
images with available N-stage and segmentation masks of the primary tumor. However, it lacks
LNS-level information and therefore cannot be used for TS 1 training. Dataset characteristics are
summarized in Table 2. The distribution of pathological LNS based on image-derived diagnoses
is highly imbalanced, with stations 4L/4R, 7, and 11L/11R occurring more frequently than other
stations (Fig. 7).

3.2 Preprocessing

PET voxel intensities were converted to standardized uptake values (SUV) following Gatidis
et al.24 All images were resampled to an isotropic spacing of 1 × 1 × 1 mm3. CT intensities
were scaled to the range [0,1] using the soft tissue window (−200 to 400 Hounsfield units),
whereas SUV values in the range between 0 and 4 were linearly scaled to [0,1] without
clipping.

Fig. 5 Overview of training strategy 2. The CNN-based LNS classifier predicts the malignancy
status for all LNS of a patient. The N-stage is determined by training two linear layers, which proc-
ess the logits of LNS classification and the primary tumor side. The proposed workflow is trained
end-to-end.

Fig. 6 Overview of training strategy 3. For all LNS, a pretrained CNN is used to predict the
probability of malignancy. The logits of LNS classification concatenated with the primary tumor
side are used to train two linear layers for N-staging.

Fig. 4 Overview of training strategy 1. Using the LNS classifier to predict the malignancy status
of all LNS of the patient, a list of pathological LNS is generated, to which the rule-based N-staging
can be applied.
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3.2.1 Atlas registration for lymph node station detection

The registration pipeline comprised sequential rigid, affine, and deformable registration, with the
latter implemented using a GPU-based version of ITK’s VariationalRegistration module.25 To
improve robustness, rigid and affine registrations were guided by segmentation masks of thoracic
bones and other anatomical structures, which are less likely to be affected by tumor-induced or

Table 2 Dataset characteristics. Images are cropped to the mediastinum. AC, adenocarcinoma;
SCC, squamous cell carcinoma. pN is the pathologicalN-stage based on histological examination.
cN is the clinical N-stage based on the manual assessment of preoperative PET/CT scans. The
dash means that this information has not been evaluated.

Characteristics UKSH-1 UKSH-2 LungPETCTD23

Number of patients 353 42 102

Sex (male/female) 214/139 — 58/44

Age (min/max/mean) 43/103/72 — 39/90/62

Pathological LNS status (malignant/benign) 231/5770 — —

Clinical LNS status (malignant/benign) 347/5552 340/374 —

pN (0/1/2/3) 223/45/82/3 — —

cN (0/1/2/3) 196/41/81/35 0/0/9/33 64/25/4/9

Cancer type (AC/SCC/other) 214/105/34 — —

Number of scans 511 78 175

Size in X -axis (mean ± std) 180 ± 15 145 ± 33 200 ± 21

Size in Y -axis (mean ± std) 163 ± 20 127 ± 32 185 ± 25

Slice number (mean ± std) 163 ± 20 127 ± 32 295 ± 84

In-plane resolution in mm (mean ± std) 0.98 ± 0.02 1.25 ± 0.27 0.80 ± 0.06

Slice spacing in mm (mean ± std) 2.92 ± 0.49 2.99 ± 0.51 0.88 ± 0.49

Fig. 7 Distribution of positive LNS in dataset UKSH-1 according to the preoperative image-based
diagnosis of physicians.
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other pathologies, generated with TotalSegmentator.26 Registration parameters were optimized by
maximizing the Dice score between the fixed-image segmentation masks and the warped masks
of the moving image for the selected anatomical structures. The registration algorithm is available
at https://github.com/MICAI-IMI-UzL/LNQ2023. To account for the anatomical differences of
the atlas patients and the provided segmentation masks, multi-atlas segmentation was performed
using five atlases published by Lynch et al.,22 which provide mediastinal LNS segmentations
according to the international lymph node map of the seventh TNM edition.27 All atlases were
registered to the training images, and the warped labels were fused via majority voting.

3.2.2 Patch sampling strategy

The patch sampling was executed based on an LNS-dependent weight map derived from the LNS
segmentation masks from the multi-atlas registration. The weight mapWl ¼ ðwl

ijkÞ at pixel index
ði; j; kÞ ∈ Ω, where Ω is the image space, is calculated for each LNS l ∈ L as follows:

EQ-TARGET;temp:intralink-;e001;114;575wl
ijk ¼

(
1 − dlijk ml

ijk ¼ 1

0 ml
ijk ¼ 0

(1)

where Ml ¼ ðml
ijkÞ, ði; j; kÞ ∈ Ω is the binary mask of the segmented LNS l and Dl ¼ ðdlijkÞ,

ði; j; kÞ ∈ Ω is a Euclidean distance map calculated from the centroid of the LNS mask l to all
other points in the image. The weight map prioritizes patch sampling at the centroid of the LNS
indicated by atlas-based LNS localization while probabilistically including surrounding regions
with decreasing likelihood. The patch size was 64 × 64 × 64 pixels. During inference, patches
were extracted at the LNS centroid corresponding to the maximum weight map value.

3.3 Model Training

The biggest challenges of this use case are the heterogeneity of the image data and the severe
class imbalance. The CT images have varying technical parameters (e.g., resolution, field of
view, reconstruction kernel). The anatomy of the mediastinum in combination with pathologies
is strongly individual for each patient. In addition, the appearance of the different lymph nodes
and LNS differs significantly in size, shape, and location. To account for the heterogeneity of
the CT images, we used random affine and elastic deformation for augmentation.

Multiple strategies were used to address the problem of class imbalance: in the train-
validation-test-split, the patients were stratified based on the combination of the N-stage and
the sum of pathological LNS per patient. During model training, the positive class in binary
classification or minority classes in N-staging were oversampled to balance the class distribution.
For evaluation, we rely on metrics such as balanced accuracy because traditional classification
accuracy might not identify poor performance for minority classes.

Model training was performed using PyTorch 2.2.1, a NVIDIA A100-SXM4-40GB GPU.
The Adam optimizer (initial learning rate = 5 × 10−4, weight decay = 0.001) was employed, with
adaptive learning rate scheduling. The batch size was set to 64 for TS 1 and 16 for TS 2 and 3.
Training was conducted for a maximum of 150 epochs, with early stopping applied if the moni-
tored validation metric (balanced accuracy at LNS-level) did not improve within 30 epochs.

3.3.1 Pseudo-labeling & loss calculation

To mitigate the absence of pixel-level annotations, patient-level N-stage labels and medical prior
knowledge were used to derive pseudo-labels for LNS groups and incorporated into the loss to
enforce consistency with N-staging rules. Certain N-stages mandate or exclude pathological
involvement of specific LNS groups (Tables 1 and 3). LNS groups with unknown pseudo-labels
were excluded from the pseudoloss calculation.

The loss function for the end-to-end training of TS 2 is a combination of cross-entropy (CE)
loss and mean squared error (MSE) loss for N-staging, as well as a binary cross-entropy loss
(BCE) and a pseudoloss for LNS classification

EQ-TARGET;temp:intralink-;e002;114;98L ¼ λ1LCEðyn; ŷnÞþ λ2LMSEðyn; ŷnÞþ λ3LPseudoðps; p̂sÞþ λ4
XL
l¼1

LBCEðyl; q̂lÞ; (2)
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where yn and ŷn are the ground truth and predictedN-stage, respectively. Given the ordinal nature
of N-staging, the combination of the CE with the MSE loss penalizes larger deviations from the
ground truth N-stage more heavily, similar to Nielsen et al.’s approach for therapy response
assessment in cerebral ischemic stroke patients.28 Given the N-stage and primary tumor side s,
ps ∈ R3 with ps

i ∈ f0;1g denotes a vector of pseudo-labels (corresponding to the last three
columns in Table 3), whereas p̂s ∈ R3 with p̂s

i ∈ ½0;1� represents the predicted probabilities for
the LNS groups. For the LNS group i, p̂s

i is the maximum probability of malignancy of all
classification results of this group, e.g., p̂s

i ¼ maxj q̂sj, where q̂ is a classification probability
predicted by all LNS classifiers indexed by j that belong to group i. The pseudoloss maximizes
or minimizes the class probabilities for LNS groups with or without positive LNS, respectively

EQ-TARGET;temp:intralink-;e003;117;445LPseudoðps; p̂sÞ ¼
X3
i¼1

jps
i − p̂s

i j: (3)

To extend the calculation to batches, we further introduced a weighting factor that is
inversely proportional to the frequency of pseudo-label entries. The LBCE is responsible for maxi-
mizing agreement between the predicted malignancy status of LNS l, denoted q̂l, and the ground
truth malignancy status yl.LBCE is calculated over all L LNS of one patient, if the ground truth on
LNS-level yl is available, i.e., this term is not calculated for the patients of LungPETCTDx. The
loss weights were chosen to be λ1 ¼ 0.1, λ2 ¼ 0.1, λ3 ¼ 0.02, and λ4 ¼ 1, so that all loss terms
have approximately the same value range at the beginning of training.

4 Results
In the following, we present results on the performance of the atlas-based LNS mapping and
quantitative results for the proposed and comparison methods for LNS classification and
N-staging.

4.1 Quality Assessment of Atlas-Based LNS Mapping

One of the key factors determining the upcoming results is the quality of the atlas-based LNS
mapping. To evaluate the quality of the atlas-to-patient registration, we assessed the overlap of
anatomical structures of the mediastinum (trachea, esophagus, pulmonary artery, and several
parts of the heart) segmented by the TotalSegmentator algorithm26 and the warped segmentation
masks from atlas registration. The average Dice score for this eight-class segmentation task
ranges from 0.85� 0.04 to 0.89� 0.05 depending on the atlas patient used as the moving image.
However, the warped LNS segmentation masks vary depending on which atlas patient was used
as the moving image (see Fig. 11 in Appendix C).

To further evaluate the localization performance of LNS mapping, we assessed the LNS
mapping accuracy using the datasets provided by Refs. 29 and 30. These datasets contain medi-
astinal lymph node segmentations of 104 patients and also include labels for the LNS per lymph
node. Thus, for each segmented lymph node, we assign the LNS with maximal weight map
probability, whereas the weight map is generated as defined in Eq. (1). Similar to Hoffman et al.,31

Table 3 Translation of the rule-set underlying N-staging described in Table 1 into pseudo-labels.
The pseudo-labels are determined column-wise: There is one pseudo-label per LNS group, that is,
three pseudo-labels per patient. The pseudo-labels marked with ? are unknown and cannot be
derived solely based on the ground-truth N-stage. Example: If the N-stage is one, all LNS in
LNS groups 2 and 3 must be benign, whereas at least one of the LNS in LNS group 1 needs
to be pathological.

LNS group LNS for tumor side = R LNS for tumor side = L N1 N2 N3

1 10R, 11R 10L, 11L 1 ? ?

2 1R, 2R, 3A, 3P, 4R, 5, 6, 7, 8, 9 1L, 2L, 3A, 3P, 4L, 5, 6, 7, 8, 9 0 1 ?

3 1L, 2L, 4L, 10L, 11L 1R, 2R, 4R, 10R, 11R 0 0 1

Engelson et al.: Deep learning-based mediastinal lymph node assessment. . .
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we report the performance for LNS mapping per lymph node zone in Fig. 8. The overall accuracy
for atlas-based lymph node zone mapping is 84% averaged over all lymph nodes.

Furthermore, we conducted a sensitivity analysis to assess the impact of the atlas-based LNS
mapping on the prediction performance of our proposed method. The experiment was designed
as follows: we sampled three out of the five available atlases22 for multi-atlas registration to create
the weight map for patch sampling described in Sec. 3.2.2. Then, the LNS classifier trained for
TS 1 was used to predict the malignancy status for all LNS of the test patients based on the patch
extracted at the highest value of the weight map, that is the LNS centroid. For all possible multi-
atlas combinations used for weight map generation, the performance differences were insignifi-
cant according to a McNemar’s test (p value >0.05).

4.2 Baseline Methods

The gold standard for detecting pathological lymph nodes in clinical practice based on PET
images is to identify the maximum SUV in a manually determined volume of interest. If the
so-called SUVmax exceeds a predefined threshold t, the LNS is set to be pathological. Even
though using the SUV instead of the PET values directly already introduces standardization
across patients, each patient’s physiological uptake is different and, therefore, the choice of the
threshold can strongly influence the accuracy of detecting pathological lesions. For mediastinal
lymph node segmentation, physicians usually use a threshold of 2.5;32,33 however, Hellwig
et al.34 suggested that in their study the highest diagnostic accuracy was achieved with a threshold
of 4.5. For our thresholding algorithm, we replicate this threshold-based approach by calculating
the maximum value of the SUV-image of each patient within the segmentation mask of each LNS
generated by atlas registration. Then, the SUVmax values are stored in a list and compared with a
threshold t. Using the same train-test-splits as the AI-based methods, we find the optimal thresh-
old t ∈ f2.5; 3; 3.5; 4; 4.5; 5; 5.5g by maximizing the balanced accuracy on the training data for
each fold. The evaluation is then performed with the optimal t on the respective test data.

For the autoPET approach, we developed a pipeline based on the results of the autoPET
challenge hosted at MICCAI, which aims to segment lesions on PET/CT scans.35 The winner
algorithm of 2022 published the code for inference (https://github.com/Yejin0111/autoPET2022_
Blackbean), which we used to process the PET/CT scans of our datasets.36 The segmented lesions
were matched with the LNS segmentations to generate a list of pathological LNS per patient.
For each target lesion, the LNS with the highest overlap above a threshold o ∈ f0.05; 0.1; 0.2g

Fig. 8 Quality assessment of the atlas-based LNS mapping per lymph node zones. Correctly
mapped lymph nodes are marked in blue, whereas the lymph nodes that were not correctly
mapped to its ground-truth lymph node zone are marked in orange.
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is considered pathological. For N-staging, the predefined rule-set was applied. A schematic over-
view of the pipeline can be seen in Fig. 10 in Appendix B. The overlap threshold o was con-
sidered a hyperparameter, and the best-performing configuration is reported in the following.

4.3 Quantitative Results

In this section, we present quantitative results for several training strategies and compare the
results to the autoPET algorithm as well as the thresholding approach. We report five-fold
cross-validated results in Table 4. Hence, the evaluation for N-staging is carried out for all
available datasets, consisting of 497 patients. On the LNS-level, we report results for the
UKSH-datasets only as there are no labels available on the LNS-level for the LungPETCTDx
dataset.

The first training strategy, that is using a binary classifier to predict the pathological LNS and
applies rules for N-staging, yields an accuracy and balanced accuracy for LNS classification of
0.88 and 0.81, respectively, whereas the accuracy for N-staging is 0.63. The third training strat-
egy performs similarly well. The second training strategy leads to a decreasing sensitivity in LNS
classification, but the accuracy for N-staging is the highest of all methods. The thresholding
approach is oversensitive as can be seen in the low specificity value for LNS classification and
the confusion matrices in Fig. 9. The high sensitivity on the LNS-level affects the N-staging
negatively as the false positive LNS lead to high N-stages. The autoPET algorithm shows a very
low sensitivity, but a high specificity on LNS-level and comparable performance for N-staging as
our proposed algorithm. Although all algorithms tend to overestimate the N-stage [see Fig. 9(b)],
the first training strategy of our proposed algorithm shows the best balance between the reported
evaluation metrics and smaller deviations across the ordinal scale of the N-stage. For TS1, we do
not observe considerable differences in the false negative or false positive rates across different
LNS and see no correlations to the LNS that were incorrectly mapped more frequently through
atlas-based LNS mapping. For LNS classification, our proposed algorithm significantly outper-
forms the baseline methods despite requiring no pixel-level annotations for training.

4.3.1 Ablation study

We report five-fold cross-validated results for using the weighted patch sampling versus using
a patch of fixed size around the centroid of the segmented LNS. Similarly, we compare the simul-
taneous training of the LNS classifier and N-staging with and without the pseudo-labeling loss.

Table 4 Quantitative results of lymph node assessment on PET/CT to predict cN for all datasets.
TS, training strategy. Best results are marked in bold. TS 1 of the proposed algorithm is signifi-
cantly different from both baseline methods according to McNemar’s test for LNS classification
(p value <0.05). For N-staging, TS 1 of the proposed algorithm is significantly different from the
thresholding algorithm according to a permutation test.

LNS classification N-staging

TS Algorithm Acc. Bal. Acc. Sens Spec. Acc. Sens. Spec.

1 AI-based LNS classifier and
rule-based N-staging

0.88�
0.02

0.81�
0.03

0.72�
0.08

0.90�
0.03

0.63�
0.04

0.58�
0.04

0.87�
0.01

2 AI-based LNS classifier and
N-staging

0.91 ±
0.00

0.73 ±
0.02

0.49 ±
0.05

0.96 ±
0.00

0.64 ±
0.06

0.52 ±
0.05

0.86 ±
0.02

3 Freeze pretrained LNS classifier
and refine N-staging

0.88 ±
0.02

0.81 ±
0.03

0.71 ±
0.08

0.90 ±
0.02

0.62 ±
0.03

0.55 ±
0.04

0.86 ±
0.01

Thresholding (t ¼ 4) 0.83�
0.00

0.81�
0.01

0.77�
0.03

0.84�
0.01

0.50�
0.01

0.51�
0.02

0.84�
0.00

autoPET algorithm (o ¼ 0.05)a,35 0.89�
0.00

0.62�
0.01

0.26�
0.02

0.97�
0.00

0.59�
0.01

0.51�
0.02

0.86�
0.00

aSupervised training using lesion segmentation masks.
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The results in Tables 5 and 6 show that using the patch sampling improves LNS classification and
pseudo-labeling improves N-staging significantly.

4.3.2 Analysis of computational efficiency

Table 7 shows the required inference run time for the individual processing steps for all algo-
rithms. All algorithms have a similar processing time of ∼13 min per PET/CT.

Fig. 9 Confusion matrices for LNS classification and N-staging for performance comparison.

Table 5 Ablation study for weighted patch sampling for training strategy 1 for the UKSH dataset.
Best results are marked in bold. The differences between the models are statistically significant
according to McNemar’s test for LNS classification (p value <0.05).

Patch
sampling

LNS classification N-staging

Acc. Bal. Acc. Sens. Spec. Acc. Sens. Spec.

No 0.90� 0.00 0.77� 0.04 0.60� 0.07 0.93� 0.01 0.60 ± 0.06 0.56 ± 0.06 0.86 ± 0.02

Yes 0.88� 0.02 0.81� 0.03 0.72� 0.08 0.90� 0.03 0.63 ± 0.04 0.59 ± 0.05 0.88 ± 0.01

Table 6 Ablation study for pseudo-labeling loss for training strategy 2. Best results are marked in
bold. The differences between the models are statistically significant according to a permutation
test for N-staging (p value <0.05).

Pseudo-
labeling

LNS classification N-staging

Acc. Bal. Acc. Sens. Spec. Acc. Sens. Spec.

No 0.91 ± 0.00 0.72 ± 0.05 0.49 ± 0.11 0.96 ± 0.01 0.59 ± 0.02 0.50 ± 0.04 0.86 ± 0.01

Yes 0.91 ± 0.00 0.73 ± 0.02 0.49 ± 0.05 0.96 ± 0.00 0.64� 0.06 0.52� 0.05 0.86� 0.02
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5 Discussion
There exists a lot of research on subtasks of N-staging, i.e., binary lymph node classification, on
PET/CT given manually extracted features or image regions, but labor-intensive manual inter-
action is not feasible in practice. Consequently, the main focus of this study is to introduce a
deep-learning–based solution for both LNS classification in the mediastinum and N-staging on
PET/CT, which was trained using image-level labels only. Our proposed algorithm performs
significantly better than the standard thresholding-based approach as well as the autoPET algo-
rithm, which was trained with segmentation masks, for LNS classification. Our study shows that
the division into subtasks and the integration of prior knowledge are paramount steps in the
reduction of labeling effort on pixel-level for lymph node analysis, which is in alignment with
current literature.7,37

LNS mapping is affected by high interrater variability and anatomical heterogeneity across
patients.22,38 Our analyses show that the variances in atlas annotation have no significant impact
on the classification accuracy of our proposed algorithm, but it remains unclear to what extent
label fusion through majority voting accounts for the localization uncertainty in the supervised
comparison method. For instance, the LNS mapping based on the autoPET segmentations could
be improved by a probabilistic approach in future work. The supervised comparison algorithm
was trained on publicly available data. Although retraining with larger annotated datasets might
enable supervised methods to outperform the proposed, such data are currently unavailable.
Another aspect that could lead to the forward propagation of errors is the fact that one wrongly
predicted LNS can change the prediction on the patient-level from N0 to N3 or the other way
around. Oversensitive LNS classification can impair N-staging accuracy, as observed in the
baseline methods, which do not account for the ordinal nature of N-staging. As stated in Sec. 4,
AI-based N-staging in training strategy 2 shows a better classification accuracy than the rule-
based N-staging in training strategy 1, whereas the performance on LNS-level deteriorates. This
indicates that the AI-based N-staging does not solely rely on the causal rule-set. The higher
amount of training data and the pseudo-labeling do not suffice to ensure that the N-staging rule
set is considered by the algorithm. Segmentation-based methods based on the whole PET/CT
such as the autoPET algorithm provide a layer of interpretability and verifiability, that is lost,
when the network is trained based on patches. Furthermore, AI-based N-staging in TS 2 and
3 compromises transparency regarding, which LNS is responsible for changes in the N-stage.
However, the predicted list of pathological LNS in TS 1 and the LNS segmentation masks from
atlas-based registration can serve as auxiliary tools for manual verification of the predicted
N-stage, when lymph node segmentation masks are not available.

For lymph node assessment based on images, multiple factors can have a high predictive
power, e.g., lymph node size, absolute tracer uptake, relative tracer uptake to the liver, tumor size,
tumor tracer uptake, and lymphatic routes. A large patch size and the weight map–based patch

Table 7 Computational efficiency analysis for the processing of one PET/CT for inference.

Proposed algorithm (TS 1) autoPET algorithm Thresholding

Processing step
AVG

time (s) Processing step
AVG

time (s) Processing step
AVG

time (s)

TotalSegmentator for
5 atlases

105 autoPET segmentation 868 TotalSegmentator for
5 atlases

105

Multi-atlas registration 645 Atlas-based LNS mapping +
rule-based N-staging

8 Multi-atlas registration 645

Patch sampling 53 — — Thresholding +
rule-based N-staging

0.19

Inference + rule-based
N-staging

0.09 — — — —

Total 803 Total 876 Total 750
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sampling should enable learning features from the lymph node surrounding anatomy and
primary tumor location, but this is not guaranteed. Previously published literature shows that
adding information about the primary tumor resulted in a significant performance gain.20

Methodologically, future research could focus on adding information about the primary tumor
into the proposed methodology.

We also carried out experiments, in which we used the histologically proven labels as the
ground-truth and predicted the pN-stage by training only on UKSH-1. However, we observe that
the sensitivity for LNS classification drops below 0.5, which carries through to an N-staging
accuracy of 0.45. We assume that the performance drop results from the severe class imbalance,
as the collected dataset mostly contains patients with no, little, or mediocre metastatic spread
to the lymph nodes. To obtain a dataset that shows a representative prevalence, it would be
necessary to also surgically resect the lymph nodes of patients with severe metastatic spread
and then do a histological examination. However, for those patients, surgery is not an appropriate
treatment option; therefore, it would be unethical to carry out a lymph node resection. The
acquisition of a more balanced dataset and including a diverse range of positive lymph nodes
and LNS is a crucial step for future research. Multicentric data acquisition will be necessary to
collect sufficient data from patients with a large pN-stage, who were still treated surgically.
However, the challenge of class imbalance across the LNS will remain due to ethical constraints
in patient management and the nature of metastatic spread. With this study, we make an impor-
tant step toward the automation of mediastinal lymph node assessment on PET/CT images and
provide insight into the influencing factors.

6 Appendix A: Literature Review for Lymph Node Assessment
on PET/CT

Table 8 shows the summary of a literature review for lymph node classification and N-staging on
PET/CT images. Balanced accuracy ranges from 0.70 to 0.86 for lymph node classification and
reaches 0.99 and 0.77 for N-staging.

Table 8 Literature review for lymph node classification (LN class) or prediction of the N-stage
based on PET/CT.

Author Year
#

images
#

LNs Features Task Sensitivity Specificity
Bal.
Acc. AUC ACC

Dong
et al.19

2024 320 509 Radiomics, image
features

LN class 0.85 0.75 0.80 0.85 0.80

Laros
et al.20

2022 148 504 Radiomics LN class 0.80 0.90 0.85 — 0.88

Wallis
et al.21

2021 184 241 Image features LN class 0.88 — — —

Taralli
et al.13

2021 540 4156 Demographic information,
diagnostic features

LN class 0.58 0.81 0.70 0.77 0.77

Yoo
et al.14

2020 980 1329 Demographic information,
diagnostic features, and
texture features

LN class 0.86 0.75 0.80 0.85 0.80

Cheng
et al.15

2019 45 222 Diagnostic features LN class 0.82 0.85 0.84 — 0.85

Wang
et al.16

2017 168 1397 Image features,
diagnostic features,
texture features

LN class 0.84 0.88 0.86 0.91 0.86

Toney
et al.17

2013 133 — Diagnostic features N-staging 0.996 0.997 0.997 — 0.99

Vesselle
et al.18

2003 133 — Diagnostic features N-staging 0.65 0.88 0.77 — 0.87
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7 Appendix B: Model Overview of the Inference of the autoPET
Algorithm

An overview of the autoPET inference process is shown in Fig. 10. PET-lesion segmentation
using an established segmentation model is followed by overlap assessment for each LNS and
rule-based N-staging.

8 Appendix C: Results of Atlas Registration for Different Atlas
Patients as Moving Image

Figures 11(a)–11(c) show LNS segmentation masks from atlas-to-patient registration for three
different atlases used as the moving image. The resulting segmentation masks displayed in axial
view do not show clear consensus for most LNS, which can be led back to the high interrater
variability in annotation of the atlases.22,38 Figure 11(d) shows the fusion of the LNS segmen-
tation masks via majority voting.
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PET/CT Atlas-based LNS-mappingLesion segmentation

Overlap

assessment

per LNS
Positive LNS:

[11R, 7]

Rule-based N-staging

N3

Fig. 10 Overview of the inference of the autoPET algorithm. First, the PET/CT image is processed
via the autoPET challenge winners algorithm of 2022 to generate segmentation masks for PET
lesions. Second, the LNS segmentation masks from atlas registration are matched with the PET
lesion segmentation masks. Based on the overlap of the PET lesion and the LNS segmentation
mask, the LNS is classified as positive. The resulting list of positive LNS determines the N-stage
according to the ruleset in Table 1.

(a) Atlas 1 as moving im-

age.

(b) Atlas 2 as moving im-

age.

(c) Atlas 5 as moving im-

age.

(d) Majority voting.

Fig. 11 Result of atlas registration using different atlas patients and their LNS segmentation
masks as the moving image in axial view.
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