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ABSTRACT

BACKGROUND: Lung cancer is the second most common cancer worldwide, accounting for approximately 20% of all
cancer-related deaths and having a <10% 5-year survival rate for very late-stage cases. For the prevalent non-small cell lung
cancer (NSCLC), recent guidelines advise staging based on the 8" edition of the TNM classification, highlighting the importance
of mediastinal lymph node involvement. While noninvasive methods are generally accurate, they often lack sensitivity,
and invasive methods may not be suitable for all patients. Advances in deep learning present potential in solving such
problems. However, most research focuses on algorithm development more than clinical relevance. Moreover, none of them
addressed individual lymph node malignancies, limiting comprehensive analysis and interpretability and leaving clinicians
without sufficient means to validate the results effectively.

AIM: To develop a local data-trained and validated algorithm for segmenting each mediastinal lymph node in chest computed
tomography (CT) and assessing the probability of its involvement in metastasis.

MATERIALS AND METHODS: Initially, IASLC lymph node stations are segmented, providing a bounding box of the mediastinum
for further processing. Next, the image is cropped to this box and passed through a second network to identify and mask all
visible lymph nodes. Finally, each detected lymph node is extracted, stacked with its mask, and evaluated by a feed-forward
network to determine malignancy probabilities.

RESULTS: The pipeline achieved an average recall and object Dice Score of 0.74+0.01 and 0.53+0.26 for the clinically relevant
lymph node segmentation task. Further, it recorded a 0.73 ROC AUC for predicting a patient’s N-stage, outperforming traditional
size-based criteria.

CONCLUSION: The proposed algorithm enables new research algorithms to optimize the management of patients with
nonenlarged intrathoracic lymph nodes, thus improving the quality of medical care for patients with cancer.
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AHHOTALUA

O6ocHoBaHMe. Pak nérkoro — BTOPOI MO PacmpoCTpaHEHHOCTM TMN paka BO BCEM Mupe. Ha paHHoe 3aboneBaHue npuxo-
pvtcs npubnusutensHo 20% Bcex CrlydaeB CMepTM OT paKa, a MATUNETHAA BbXKMBAEMOCTLIO Ha MO3[HWX CTaaMsaX — MeHee
10%. [ins cTapmpoBaHUs HEMENKOKIETOYHOMO paKa NIErKOro, XapaKTepu3yHoLLEerocs BbICOKOW pacnpoCTpaHEHHOCTbIO, B HOBEW-
LUMX KITMHUYECKUX PEKOMEeHaLMAX NpeafiaraloT UCnonb3oBath Knaccudiukaumio TNM (8-e usnaHue). 310 NoAYEPKMBAET 3HAU-
MOCTb OLLEHKM NOpaeHus IMMdaTUHecKmuX y3NoB cpeocTeHms. HemHBasuBHbIe MeToAbl 06ce0BaHms B LieNoM 0becreynBatoT
TOYHYI0 OLIEHKY, OJHaKO 4acTo 06/1aflalT He0CTaTOYHOM YyBCTBUTENILHOCTLIO, B TO BPEMSA KaK MHBa3MBHbIE — MOTYT ObITb
MPOTVUBOMOKa3aHbl OTAESbHLIM NauueHTaM. bnaroaaps coBepLUEHCTBOBaHMIO TEXHONOMIA FTyBoKoro 0byyeHms nosBuIack BO3-
MOXHOCTb NPEO0S0ETb 3TU CIOKHOCTU. TeM He MeHee B BOJIbLLIMHCTBE MCCe0BaHMiA N0 AaHHOMY BOMPOCY OCHOBHOE BHUMaHMe
yAENsT pa3paboTKe anropuTMOB, a He KIIMHUYECKOH 3HAUYMMOCTH pe3ysibTaToB. KpoMe TOro, HYM B OHOM W3 TaKWX UCCNeao-
BaHWN He OLIEHUBAIOT NOPaXKEHME OTAENbHBIX IMMBATUHECKUX Y3/I0B, YTO OrpaHNUIMBAET BO3MOKHOCTY KOMIJIEKCHOMO aHan13a
1 MHTEpNpeTaLMIi0 Pe3yNbTaToB, a TakKe NPenATCTBYeT UX 3G(EKTUBHON BaMAALMA B KITMHUYECKOMN MPaKTUKe.

Llenb — paspabotaTb BanMAMPOBaHHLIA anropuT™, 00Y4eHHbIA Ha BHYTPEHHUX AaHHbIX, LIS CErMEHTaLMUM OTAENbHbIX M-
(haTUYeCKNX Y3108 CPELOCTEHUA MO AaHHBIM KOMMbIOTEPHOM TOMOrpadmm OpraHoB rpyAHON KIIETKY, @ TaKXKe OLLeHWUTb BEpo-
ATHOCTb MX METACTaTMYECKOr0 NOPaKeHMs.

Matepuanbl M MeTofbl. BbinonHeHWe cerMeHTaumu rpynn NMMQaTUYECKUX Y3N0B B COOTBETCTBUM C PeKOMeHAaLUAMM
MexayHapoaHO# accoumaumum No U3y4EeHWH paKa JIErKoro, 4Tobbl NOTyYUTb OrpaHNYMBAIOLLMIA NPSMOYTONBHUK A1s 0bacTy
CpefoCTeHMsA C Lieflblo nocneaytoLen 0bpaboTky AaHHbIX. 3aTeM U300paxeHre KaapupyoT NpX UCMONb30BaHWM 3TOT0 Orpa-
HWYMBAIOLLEr0 NPAMOYrofibHUKA W 06pabaTbiBaloT C NOMOLLBIO BTOPO CETU [J1A BbISBNEHWUA BCEX BU3YaNU3UPyeMBbIX SIUM-
(aTUYeCcKMX Y3M0B M reHepaumn MacoK. Ha 3aKknioumTeNibHOM 3Tane BblLeNAT Kaabli BU3yaan3upyeMbin IMMpaTnyecKuii
y3en, NPMMEHSAIOT COOTBETCTBYIOLLYYIO MacKy W OLIEHMBAIOT C UCMONIb30BaHWMEM CETW MPAMOro PacnpocTpaHeHus, Ytobkl onpe-
LeNUTb BEPOATHOCTb METACcTaTUHECKOMO NOPaXKEHMS.

Pesynbtathl. B aaHHOM nocnepoBaTenbHOCTU AEWCTBUM CPeRHMiA OTKIMK UM 3HadeHue Dice Score obbekTa coctaBuam
0,7420,01 n 0,530,26 cooTBETCTBEHHO ANSA 3a4a4M KIMHWUYECKW 3HAYMMOW CErMeHTaumn amMdatnyeckux ysnos. Kpome
TOro, 3HaueHue nnowaam nog ROC-KpuBoW AnA NPOrHO3MPOBaHMA CTEMEHW NOpaXKeHWs peroHapHbIX TMMQaTUUECKNX Y3108
coctasmno 0,73, 4To NpeBOCXOAMT TPAAMLMOHHLIE KPUTEPUM, OCHOBAHHbIE Ha pa3mepe.

3aknioueHue. MpeanoxeHHbIN anroput™ obecneymBaeT ONTUMM3aLMIO IEYEHNS NaLMEHTOB be3 yBenMyeHNsa BHYTPUIPYAHbIX
nMMpATMYECKMX Y3/10B 3a CHET HOBBIX aNifOPUTMOB MCCNEA0BAHMI, YTO MOBLILIAET Ka4ecTBO MeAMLMHCKOro 06cnyxmBaHms
MaUMeHTOB C OHKOJIOrMYeCKUMU 3ab0/1eBaHUAMM.
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BACKGROUND

Lung cancer is the second most prevalent cancer globally.
In 2018, 2.1 million new lung cancer cases were reported,
with 1.8 million deaths, representing approximately 20% of all
cancer-related deaths [1]. The 5-year survival rate for early-
stage lung cancer is 68%-92%. However, in advanced
disease, it drops to <10%, accounting for 42% of lung cancer
cases [2]. Thus, an early diagnosis and timely treatment are
crucial for improving survival and lowering treatment costs.

Screening examinations are crucial for detecting
early-stage lung cancer because they can identify the disease
in asymptomatic high-risk patients. These examinations
are recommended in patients aged over 50 vyears
who are currently smoking or who have quit smoking
within the last 15 years (smoking index >20) [3]. Low-dose
computed tomography (CT) is used to screen for lung
pathology because it has been proven effective in multiple
randomized prospective studies [6—11]. However, this
noninvasive technique, while associated with minimal risks,
provides insufficient information.

It is recommended to utilize minimally invasive biopsies or
noninvasive positron emission tomography with CT (PET/CT)
to acquire initial results [4, 5]. For patients with confirmed
lung cancer, staging is crucial for determining the degree
of metastasis and selecting the best treatment strategy
based on the cancer type.

Recent guidelines recommend using the TNM staging
system (8th edition, 2017) for staging non-small cell lung
cancer (NSCLC), the most prevalent lung cancer, where T
indicates the primary tumor size and invasiveness,
N the degree of spread to thoracic lymph nodes,
and M represents distant metastasis [12]. This system
enables the determination of disease stage based
on clinical examination findings (typically prior to surgery,
using noninvasive methods), histopathological findings,
and repeated staging following treatment.

Since thoracic lymph node involvement is frequent
in lung cancer, evaluating regional lymph node involvement
is essential for staging the disease and selecting appropriate
treatment approaches. Whether aggressive surgery or
adjuvant therapy is employed in NSCLC patients depends
on the extent of mediastinal lymph node involvement [4, 5].
There are currently two main types of treatment strategies
for NSCLC patients:

« Perform PET/CT followed by diagnostic surgery [5, 13, 14];
» Perform diagnostic surgery irrespective of the PET/CT

findings [4].

The National Comprehensive Cancer Network guidelines
recommend radical surgery as a preferable therapeutic
option in patients with early NSCLC, while radiotherapy
or chemotherapy is considered appropriate for patients
with advanced NSCLC [15].

Despite the wide range of approaches for detecting
mediastinal lymph node involvement, it can be challenging
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to confirm or rule out the presence of metastases. Studies
performed by Roberts et al. [6] and Kanzaki et al. [17] reveal
that compared to histological examination, which is considered
the gold standard, the misdiagnosis and false-negative
rates are higher when PET/CT is used for detecting lymph
node involvement compared with histological examinations.
Moreover, PET/CT is not accessible to most patients in remote
areas [18]. Diagnostic surgeries, even minimally invasive
ones, require anesthesia, which may be contraindicated
in some patients. This necessitates the use of noninvasive,
cost-effective techniques for predicting mediastinal lymph
node involvement in patients with primary NSCLC.

Advancements in deep learning technologies make
it possible to address these challenges [19]. Published studies
have demonstrated encouraging outcomes for single or group
lymph node segmentation [20-22]. However, most studies
focus on algorithm development rather than on the clinical
relevance of the findings. Moreover, to the best of our
knowledge, no studies have assessed individual lymph node
involvement, which limits the possibilities of integrating
and independently validating the findings in clinical
practice [23-25].

Determining the extent of lymph node involvement
is crucial for administering effective treatment in patients
with NSCLC. Clinicians employ two main groups of methods:
+ Noninvasive: techniques that do not physically affect

the patient’s body;

« Invasive: diagnostic surgeries.

Despite their high sensitivity and low rates
of post-operative tumor grade changes, invasive techniques
necessitate anesthesia and surgical intervention [14, 26].
This calls for more affordable and accessible noninvasive
techniques.

Several studies have revealed that this technique has
limitations when the short axis diameter is the only parameter
for determining the histological status of lymph nodes based
on CT or magnetic resonance imaging (MRI) findings [27-29].
For example, Brown et al. [27] reported that mesorectal MRI
findings do not differentiate between histologically benign
(2-10 mm) and malignant (3-15 mm) lymph nodes.
The same problem arises in MRI of the head and neck,
where the standard threshold of 10 mm yields a sensitivity
and specificity of 0.88 and 0.39, respectively [28, 29].
However, additional morphological criteria such
as irregular boundaries or mixed signal intensity raise
the sensitivity to 0.85 (95% confidence interval [CI]:
0.74-0.92) and specificity to 0.97 (95% Cl: 0.95-0.99).
Although a recent study identified the classification accuracy
for various combinations of criteria, it did not propose
a standardized approach [30]. To address this issue, Elsholtz
et al. [31] developed the Node-RADS lymph node assessment
system. It assesses the visible lymph nodes based on their
short axis diameter, texture, border, and shape, using five
categories. Moreover, it considers other factors such
as the anatomical site.
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When used with PET, CT with contrast yields precise results.
Significant differences (p < 0.05) in sensitivity and specificity
were observed when ascertaining the degree of lymph node
involvement using PET/CT compared to CT with contrast
(0.78 and 0.92 vs. 0.56 and 0.73, respectively) [32]. However,
this technique is expensive and not available to patients
in remote areas [18].

Algorithmic Approach

Mediastinal lymph node segmentation and classification
remain unexplored because of the lack of publicly available
high-quality datasets. However, several studies have explored
the algorithm components proposed in this paper.

Lymph Node Segmentation

Over the last 5-10 years, several approaches to volumetric
medical image segmentation have emerged. Some
architectures, such as DeepMedic3D U-Net or V-Net, provide
credible results when assessing publicly available medical
image sets [33-37]. The proposed pyramid convolutional
neural networks are optimal for lymph node segmentation.
Employing fourfold cross-validation, luga et al. [21] discovered
that the detection rate for large lymph nodes was 0.77; however,
the false positive rate was 10.3 per case [21]. Furthermore,
this approach has low sensitivity (0.34) for lymph nodes
measuring 5-10 mm, with a total Dice Score of 0.44.

Identification of Lymph Node Groups

luga et al. [21, 22] used a multiclass classification
to analyze the distribution of mediastinal lymph nodes
by group, building on their earlier work. Tops-1, -2, and
-3 classifications demonstrated high accuracy values
of 0.86, 0.94, and 0.96, respectively. Despite these findings,
the proposed algorithm lacks sensitivity for critical lymph
node groups and only partially meets the recommendations
of Goldstraw et al. [2]. In contrast, Guo et al. [20] reported
effective segmentation with a Dice score of 0.81 + 0.06.
However, the authors did not ascertain the accuracy
of the lymph node distribution and its influence on the extent
of regional lymph node involvement.

Classification of lymph node involvement

Previous studies have proposed algorithms for the indirect
analysis of mediastinal lymph node involvement using
primary tumor image features, without indicating specific
groups or individual lymph nodes [23-25]. This is partially
due to the difficulties in acquiring precise reference labels.
Determining the location of each lymph node on CT images
after receiving the biomaterial can be challenging. In this
scenario, the simplest solution was to assign labels to each
lymph node, similar to the method employed for grading
pulmonary nodules. Simple patch-based convolutional
neural networks exhibit an area under the ROC curve (AUC)
of 0.928 + 0.027 for classification. Pretraining a convolutional
autoencoder for picture fragment reconstruction and employing
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an encoder as a basis for metastatic classification improves
outcomes, with an AUC of 0.936 + 0.009 [38]. However,
using weak supervision, it is possible to establish a shared
histological label for many lymph nodes from the same
group. Dubost et al. [39] proposed the innovative concept
of using a single label for training, with a prognostic map
generation when receiving outputs. However, max-pooling
can result in the loss of significant information for small
targets, such as lymph nodes, limiting the efficacy of their
histological status assessment.

AIM

To develop and validate a CT-based algorithm trained
on internal data for individual mediastinal lymph node
segmentation and to predict the probability of metastasis
for each lymph node.

MATERIALS AND METHODS

Study Design

This was an observational, single-center, retrospective
study.

Eligibility Criteria
Inclusion criteria:

« Histologically confirmed NSCLC;

« Availability of data acquired using contrast enhanced-chest
CT (venous phase), slice thickness <1 mm;

» Presence of a two-month interval between the CT
and surgery.
Non-inclusion criteria:

» Lack of data obtained through chest CT with contrast
(venous phase) or lymph node biopsy;

 More than two months between the CT and surgery.
Exclusion criteria:

« CT artifacts preventing reliable assessment;

+ Low diagnostic value of the biopsy findings.

Study Site

Patients who had undergone chest CT with contrast
and thoracic lymph node biopsy were enrolled at the City
Clinical Oncology Hospital No. 1 (Moscow).

Intervention

The proposed algorithm for lymph node segmentation
and metastasis classification involves a three-stage process:

First stage: identification of lymph node groups
and mediastinum segmentation in the region of interest are
essential for determining the extent of regional lymph node
involvement [12];

Second stage: cropping the input image and segmentation
of all visible lymph nodes using a bounding box
for the mediastinum;
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Third stage: analyzing all identified lymph nodes
using a feedforward network to determine the probability
of metastasis.

The results provide information on lymph node
involvement in specific groups, enabling evaluation
of the degree of involvement based on the tumor site.
Subsection 3.1 addresses the segmentation of lymph
node groups; subsection 3.2 examines the segmentation
of individual lymph nodes; and subsection 3.3 discusses
the classification of lymph node involvement.

Segmentation of the lymph node groups

In patients with NSCLC, the affected lymph nodes are
located in a narrow range (mediastinal area). The anatomical
and primary tumor sites dictate the extent of regional
lymph node involvement [12]. The International Association
for the Study of Lung Cancer (IASLC) guidelines recognize

/ Input Image
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ten lymph node groups in the mediastinum [40]. Lymph node
groups near the trachea and bronchi are divided into left
and right groups. No additional specialized classification
system is used for the subcarinal lymph nodes. During
diagnostic procedures, biopsies are not typically performed
for Groups 1, 8, and 9 lymph nodes. Therefore, they were
excluded from this study.

This study used a two-component U-Net model
for the 3D segmentation of lymph node groups
(Fig. 1) [41]. While the first component distinguished
between the mediastinum and the background, the second
component classified each voxel within the mediastinal mask
to a specific lymph node group. Advanced deep learning
technologies, such as ResBlocks, batch normalization,
and the RelU activation function, were used after each
convolution, except for the data output [42—44].

LN Stations Mask

U-Net

U-Net
Extracted Patches LNs Malignancy Probas
. n NN+ 3
=]~ ‘

Fig. 1. Three-stage algorithm for lymph node segmentation and metastasis classification: a, segmentation of lymph node groups;
b, image coding based on the bounding box and processing using a second network; ¢, marking each identified lymph node, applying
the respective mask, and assessment through a feedforward network. LN, lymph node.
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Lymph node segmentation

To preserve computing resources during the second
stage, the region of interest should be marked employing
the bounding box for the mediastinum obtained in the first
stage. If the size in the axial view exceeds 128 pixels, filling
is used to achieve the minimal size of 128 pixels.

During this stage, the architecture was comparable
to the one used for the segmentation of the lymph node
groups. However, it offers a pooled binary data output
for a lymph node segmentation prognostic map with more
channels and fewer levels (see Fig. 1). This design is adapted
to individual lymph nodes that are substantially smaller
than the groups; thus, a large receptive field is not required.
The design provides for additional characteristics that boost
segmentation accuracy.

Classification of lymph node involvement

In weak supervision, a metastasis label is assigned
to a lymph node group, and the probability of metastasis
for each lymph node is predicted. Lymph nodes are marked
on 32 x 32 image fragments for study purposes. They are
merged with respective masks to combine all identified
objects in a single dataset. Data is processed using
convolutional neural networks with a five-level ResNet
architecture, followed by max-pooling to minimize spatial
dimensions [42]. During the final stage, data is analyzed
using the sigmoid and fully connected layers to assess
the probability of metastasis for each lymph node.

This is further complicated by the fact that in contrast
to benign lymph nodes, metastases might be present or absent
in malignant lymph node groups. Thus, a benign lymph node
group has no affected lymph nodes, whereas a malignant group
must have at least one. To satisfy this requirement, a unique loss
function is used. The binary cross-entropy loss function was
used for training to assess the probability of metastasis in all
benign group lymph nodes. For lymph nodes with metastasis,
training is only performed if the prognostic data indicates that
is all lymph nodes in this region are benign (see Fig. 1). This
method has both advantages and disadvantages.

EXPERIMENT

Data

The publicly available dataset exhibited several
limitations [45]:
« It contains inadequate information on the diagnosis

and histological status of the mediastinal lymph nodes;
« The groups are not specified, and the annotation only

includes lymph nodes with a short axis diameter of >10 mm;
« Contrast-enhanced CT images were likely obtained

during the arterial rather than the venous phase.

Thus, a private dataset for 60 patients with confirmed
NSCLC who underwent diagnostic surgery to assess specific
lymph node groups was used.

Vol. 5 (4) 2024

DOl https://doiorg/10.17816/DD632008

Digital Diagnostics

The following inclusion criteria were applied to the dataset:

» presence of CT images acquired during the venous
contrast phase, which allows the most effective
differentiation between the lymph nodes and surrounding
structures (particularly blood vessels);

« diagnostic surgery performed within two months
after the previous examination, which included the venous
phase contrast-enhanced CT images;

« contrast-enhanced CT slice thickness of <1 mm, with eight
image series selected for annotation.

Lymph node groups

The same radiologist annotated the lymph node groups,
meticulously adhering to the IASLC guidelines for generating
prognostic maps for the mediastinum [40]. The annotation
protocol required that large blood vessels, such as the aorta,
pulmonary trunk, and azygos vein, as well as the esophagus,
be differentiated from the lymph node groups (Fig. 2).

Lymph nodes

Two radiologists annotated the mediastinal lymph nodes
and assigned binary masks to all the identifiable lymph
nodes. If the boundaries between several lymph nodes were
uncertain, a single mask was assigned.

Degree of lymph node involvement

Lymph node group involvement was determined based
on the outcomes of video-assisted mediastinoscopic
lymphadenectomy (VAMLA) [14]. A biopsy of the dissected
lymph nodes was performed to establish their status. During
the final stage, each group was assigned one of the three
labels based on the histological examination findings:
 No data for lymph node groups that were not resected;
« benign;

» malignant.

The statistics for the training dataset are presented

in Table 1.

Training

All experiments were performed using a standard
pre-processing method, with input images amplified
to a fixed voxel spacing (1, 1, 1). The CT images were scaled
at 0-1 HU for intensity and set to the soft tissue window
level (160-240 HU) for window level. Goncharov et al. [46]
used a pretrained neural network to crop the input image
to match the lung area, then adjusted it to fit the mediastinal
area. Given the small dataset, high amplification was used
during training, including 10° and 90° rotation, random shifts,
and vertical and horizontal flip (Fig. 3).

Segmentation of lymph node groups

The first stage involved training with 30,000 iterations using
the Adam optimizer, including mixed precision and gradient
scaling. The first component was binary cross-entropy
with adaptive foreground voxel reweighting. For the second
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Chest Apex Level

Table 1. Training dataset: biopsy findings for the lymph node groups
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Lymph node groups |

Benign

Malignant

No data

Right low cervical, supraclavicular, and sternal notch nodes
Left low cervical, supraclavicular, and sternal notch nodes
Right upper paratracheal nodes

Left upper paratracheal nodes

Prevascular nodes

Prevertebral (retrotracheal) nodes

Right lower paratracheal nodes

Left lower paratracheal nodes

Subaortic nodes

Paraaortic nodes

Subcarinal nodes

Paraesophageal nodes

Pulmonary ligament nodes

Right hilar nodes

Left hilar nodes

0
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Note. Regional lymph node classification according to the International Association for the Study of Lung Cancer (IASLC) guidelines.
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Fig. 3. Example of assigning the assessed statistical parameters to different connected components of the sample mask (a)
and the respective logit mask (b); self-logit and hit-logit, personal statistics for each connected component; hit-dice, shared parameters

for a pair of connected components with a positive value (c).

component, cross-entropy was employed. Throughout
the training, the learning rate remained consistent at 0.003.

Lymph node segmentation

In the second stage, training was performed
with 70,000 iterations using the Adam optimizer, incorporating
mixed precision and gradient scaling. Like the first stage,
the second stage was aimed at minimizing the binary
cross-entropy and adaptive foreground voxel reweighting.
The learning rate was 107 at the beginning of training
and gradually decreased by 3, 3, 2, and 2 times during 5,000,
15,000, 50,000, and 60,000 iterations, respectively.

Classification of lymph node involvement

The classification network was trained with 40,000 iterations
using the Adam optimizer, with loss minimization using positive
class example reweighting (coefficient 100). The learning rate
was 3 x 107 at the beginning of the training and remained
constant throughout the training.

Parameters

To assess the first stage, the accuracy of assigning
lymph nodes to respective groups was ascertained,
as conventional segmentation parameters were
of little relevance in this case. Moreover, prognoses based
on the final outcome were assessed for the third stage.
Patients with and without metastases had their regional
lymph node involvement levels evaluated using the AUC.

FROC method

The FROC method developed by Van Ginneken et al. [36]
was used to assess the quality of lymph node detection.
The FROC curve represents the relationship between the model
response to the object (Y-axis) and the average false positive
rate in the image (X-axis).

The FROC curves were plotted employing a sample mask
for the entire image (Fig. 3a) and the respective logit map,
which was converted to binary form using the threshold
of 0 to obtain a logit mask (Fig. 3b). Both masks were then
divided into interconnected components. Each connected
component was assigned three statistical parameters:

DOl https://doiorg/

self-logit: maximum logit value within the connected

component; is set to infinity if the connected component

is within the sample mask;

+ hit-dice: maximum Dice score between the selected
connected component and another mask (Fig. 3c);

« hit-logit: the same statistical parameter as self-logit;
however, it is derived from a connected component
within another mask that matches the first mask
in terms of the hit-dice value; is set to negative infinity
if hit-dice = 0.

These statistical parameters enable the hit-logit value
to be used plot an FROC curve by selecting different
[ thresholds. Moreover, the hit-dice value was considered
when the curve points were obtained to check the hit
condition. The hit condition for two connected components
was considered to be met if the hit-dice value was positive.
Thus, for the selected { threshold:

o The false positive value was defined
as the number of connected components within a logit
mask with a self-logit > [ threshold, but with hit-dice = 0;

« The true positive value was defined as the number
of connected components within a sample mask
with hit-logit > threshold and hit-dice > 0;

» The false negative value was defined as the number
of connected components within a sample mask
with a self-logit <[ threshold or hit-dice = 0.

In experiments, we used [ thresholds in the range of 0.1
to max-logit, where the max-logit value is the maximum logit
value for the control sample of the predictions.

In contrast to traditional approaches for plotting such
curves, this approach ensures uniformity because each
connected component within a prognostic mask appears
in full or does not appear at all, preventing the separation
or merging of the connected components. Given the limited
accuracy of the floating point calculations, we used a logit
value search instead of using a classical probability search.
It allows plotting curves for the whole range, because large
logit values can be found with greater accuracy than large
probabilities, which are usually rounded to 1.
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Table 2. Lymph node detection rates for groups based on the short axis diameter

Group Mean response Dice score
d>0mm 0.48 + 0.01 0.53+0.24
d>5mm 0.74+0.01 0.53+0.26
d>10mm 0.95+0.01 0.56 +0.26

Note. d, short axis diameter.

Mean response

The FROC method vyields comprehensive analysis
results; however, their interpretation can be challenging.
We used an additional parameter to simplify and integrate
the data derived from the FROC curves. This paper presents
the mean values for false positive points in the range
of 0 to 5, with an increment of 0.01. Because it identifies
a crucial clinical characteristic—the number of detected
lesions per case—this method establishes the detection
efficacy and functions as the primary quality criterion in this
investigation.

Dice Score of an object

The Dice score is the most frequently employed
approach for analyzing segmentation [37]. However, applying
its average value for multiple objects in several images may
cause small objects to be obscured by large ones, which
is a significant drawback. This paper reveals the average Dice
score for an object:

N 1 M 2.
0bjDSC ="
(1 i=1

Tl

where N is the number of images in the control sample;
Mis the number of lesions within the sample mask; ¥jis the set

Table 3. Patient status by the degree of regional lymph node
involvement for the maximum short axis diameter; predicted
probability of metastasis

Patient _Lymph node Maximum d, Maximum
involvement mm p-value
0 0 11 0.29
1 0 14 0.41
2 + 38 1.00
3 + 14 0.54
4 + 14 0.54
5 0 21 0.83
6 + 15 0.61
7 + 11 0.96

Note. Lymph nodes selected by diameter can differ from the lymph
nodes with the highest probability of metastasis. d, short axis diameter.

B0l https://doi.org/ 10

of voxels associated with the j-th connected component
within this mask; and Y7 is the respective connected
component for the prognostic mask with the greatest hit rate
for the Dice Score (DSC).

RESULTS

Lymph Node Segmentation

In the second stage, the parameters for different size
ranges are presented:
« All lymph nodes;
« Lymph nodes >5 mm in size: clinically significant
according to the guidelines;
» Lymph nodes >10 mm in size: are used as a baseline
parameter of potential metastasis [31].
The results are presented in Table 2 and Table 3.
Despite the low detection rate in the first group,
the convolutional neural networks demonstrated optimal
sensitivity for the highest risk (last) group, as evidenced
by a low false positive rate (three per case) (Fig. 4, 5).

Classification of Lymph Node Involvement

The metastasis classification outcomes are consistent
with those obtained using a simplified approach, where

=<0 4 2 1 0 0 0 0 0 0 0
5% 0 3 0 0 0 0 0 0 0O 60
83 3 6 0 0 0 3 0 0 0 0 50
&2 2 1.5 ‘ 0 0 0 0 0 0 0
g S0 0 1 0 2 0 0 2 4 0 40
1 3 0 0 ?ﬂ 000 1 0 0 .
w-0 0 2 0 0 1 3 0 0 1 0
0 0 0 00 0 2[3 0 00 2
~1 0 0 0 0 0 0 0 n 0
20 0 0 0 2 0 1 0 1 . 0 10
0 0 0 0 0 1 0 1 n
2L R 3a 3 4 R 5 6 owR

Ground Truth

Fig. 4. Accuracy of assigning lymph nodes to groups in accordance
with the International Association for the Study of Lung Cancer
(IASLC) guidelines.
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Fig. 5. Detection results during lymph node segmentation. 04 —— p-based
FP, false positive; d, short axis diameter. , , , , , ,
0 0.2 0.4 0.6 0.8 1.0

a lymph node with the greatest short axis diameter was
considered a marker of metastasis. Using a threshold
of 10 mm, this straightforward criterion produced three false
positive findings. However, the proposed algorithm is more
effective than this approach (Fig. 6) because it provided
a larger AUC compared to the simplified approach (0.73 vs.
0.53). The Node-RADS classification indicates that lymph
nodes with a short axis diameter of >30 mm be definitely
considered as lymph nodes with metastasis. The only error
was detected in patient 5: the selected lymph node had a very
high probability of metastasis (Fig. 7).

DISCUSSION

The proposed loss function exhibits both advantages
and disadvantages. It allows a convolutional neural network
to independently determine the relationship between lymph
nodes classified as malignant groups, using prior experience

Patient 0 (NO) Patient 1 (NO)

FPR

Fig. 6. Comparison of baseline criteria derived from the short
axis diameter for predicting patient status regarding the degree
of regional lymph node involvement and the proposed algorithm.
TPR, true positive rate; FPR, false posi-tive rate; SAD, short axis
diameter.

to make modifications. Conversely, it is limited in its capacity
to assign respective probabilities to positive class examples
because specific information for each lymph node
in the malignant group is unavailable. This training method
can improve sensitivity but can also increase the false
positive rate.

The clinical classification of lymph node locations places
stringent requirements on the method. However, its main
disadvantage is the small dataset, which lacks examples
of different lymph nodes with and without metastasis. This
is primarily due to the labor- and time-intensive process
of establishing the boundaries of the lymph node groups

Patient 2 (N+) Patient 3 (N+)

13mm

/ 38 mm
i - \\\
I

) O

21 mm

)l

p=029 p=0.41 p=100 p=0.54
Patient 4 (N+) Patient 5 (NO) Patient 6 (N+) Patient 7 (N+)
=

p=054 p=083

p=0461 p=09%

Fig. 7. Lymph nodes with the highest probability of metastasis for each patient. N0, no metastasis; N+, metastasis.
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and individual lymph nodes from scratch. For one patient,
mapping lymph node groups and individual lymph nodes takes
approximately 1 hour and 2-3 hours, respectively. Ambiguous
human anatomy criteria further complicate the process,
making it unfeasible to establish broad guidelines. Thus,
it is essential to augment the efficacy of the algorithm
parameters by expanding the training dataset by including
new cases of lymph node involvement without enlargement
and enlarged lymph nodes without metastasis for each group
of thoracic lymph nodes.

Multiphase CT images can significantly boost
the capability to determine the degree of lymph node
involvement by providing detailed information on each lymph
node with and without intravenous contrast enhancement.
The venous contrast phase is especially valuable [25].
However, the potential benefits of multiphase CT, including
the native (without contrast), arterial, venous, and delayed
intravenous contrast phases, are poorly understood. Their
assessment can provide further insight into the mechanism
of contrast uptake and distribution in the lymph nodes.

CONCLUSION

This paper presents a three-stage algorithm for lymph
node segmentation and metastasis classification in patients
with NSCLC. Training was conducted using the histological
confirmation results for the lymph node groups. The proposed
algorithm has an overall response of 0.74 + 0.01 and a Dice
score of 0.53 + 0.26 for the segmentation of clinically
significant lymph nodes (with a short axis diameter of 5 mm).
It also has an AUC of 0.73 for predicting patient status
regarding the degree of regional lymph node involvement.
Thus, the proposed three-stage algorithm is superior
to the conventional size-based methods. In enlarged lymph
nodes (with a short axis diameter of 10 mm), segmentation
was more effective, with an overall response of 0.95 and a Dice
score of 0.56. This provides an opportunity for future studies
to improve the quality of cancer therapy and the treatment
of patients without thoracic lymph node enlargement.

Moreover, the proposed algorithm can be incorporated
into the current management protocol for patients
with confirmed NSCLC as a transitional step between the initial
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