5 L. . MAEDICA - a Journal of Clinical Medicine
Medica - a Journal of Clinical Medicine 2026; 21(2): 320-330

https://doi.org/10.26574/maedica.2026.21.2.320
ORIGINAL PAPER

Deep Learning-Based Detection of
Malignant and Equivocal Cervical
Lymph Nodes on CT Imaging Using
a 2D U-Net++ Model

lulian-Alexandru TACIUC?, Mihai DUMITRU®, Daniela VRINCEANU?®,
Andreea MARINESCUS®, Adina Zamfir Chiru ANTON¢, Adrian COSTACHE?

"Carol Davila” University of Medicine and Pharmacy, Pathology Department, Bucharest,
Romania

b”Carol Davila” University of Medicine and Pharmacy, ENT Department, Bucharest,
Romania

<"Carol Davila” University of Medicine and Pharmacy, Radiology Department, Bucharest,
Romania

4ENT Department, “Crigore Alexandrescu” Children Hospital, Bucharest, Romania

L

~—ABSTRACT ~

Introduction: Accurate identification of malignant and equivocal lymph nodes on computed tomography
(CT) remains a significant challenge in clinical practice, particularly in borderline cases. Recent advances
in artificial intelligence offer potential solutions for improving diagnostic performance and supporting
radiological decision-making.

Materials and methods: A dataset of 79 CT examinations acquired between January 2024 and December
2025 was retrospectively analyzed, including 538 annotated lymph nodes classified as Node-RADS 3-5.
A 2D U-Net++ convolutional neural network was implemented and trained in a slice-wise manner using
NIfTI-formatted data. The dataset was divided into training and validation subsets, with data augmentation
being applied through random rotations. Model performance was evaluated using Dice Similarity Coefficient
(DSC), Intersection over Union (IoU), sensitivity, specificity, precision and accuracy. An independent test
set of 12 CT cases was used for qualitative assessment.

Results: The model achieved an accuracy of 99.8% on the training set and 99.7% on validation, with
specificity consistently reaching 99.9%. Sensitivity was 78% for training and 72% for validation, while
precision reached 83% and 79%, respectively. Segmentation performance yielded a DSC of 0.79 (training)
and 0.73 (validation), with IoU values of 0.67 and 0.61. The model demonstrated robust anatomical
discrimination, correctly excluding common mimics such as accessory spleens, salivary glands, vascular
structures and muscular tissue. Qualitative evaluation showed limited false-negative results (three equivocal

dymph nodes) and two false-positive detections corresponding to benign (Node-RADS 1) lymph nodes. )
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(" Conclusions: The proposed 2D U-Net++ model demonstrates reliable performance in the detection )
of malignant and equivocal lymph nodes on CT imaging, with high specificity and good anatomical
discrimination. Its applicability to both contrast-enhanced and non-contrast CT scans supports its potential
as a clinical decision-support tool, particularly for highlighting borderline findings in routine practice.

Keywords: artificial intelligence, computed tomography, deep learning, head and neck cancer,

lymph nodes, medical image segmentation, node-RADS, u-net++. )

INTRODUCTION

ead and neck cancers represent a

heterogeneous group of malignan-

cies, with squamous cell carcino-

ma being the most frequent histo-

logical subtype (1, 2). Cervical
lymph node metastasis is a major prognostic fac-
tor, significantly affecting staging, treatment
planning, and survival. Previous studies have
shown that five-year survival may decrease to
approximately 50% in patients with unilateral
cervical nodal involvement and to nearly 25% in
those with bilateral metastases (3, 4).

Given the complex anatomy of the head and
neck region and the high density of lymphatic
structures, clinical examination alone is insuffi-
cient for reliable nodal assessment. Imaging plays
a central role, with computed tomography (CT),
magnetic resonance imaging (MRI) and ultra-
sound (US) being the most commonly used mo-
dalities, while positron emission tomography
(PET) may provide additional metabolic informa-
tion, despite more limited availability (5-8). Cervi-
cal lymph nodes are classified according to a le-
vel-based system, which supports standardized
staging and correlates with expected drainage
pathways from the primary tumor site (5).

Standardized reporting is essential to improve
reproducibility across clinicians and institutions.
In this context, the Node Reporting and Data
System (Node-RADS) has been proposed as a
structured framework for lymph node assessment
on CT and MRI, using a five-point scale from very
low to very high likelihood of malignancy (9, 10).
Recent meta-analytic evidence supports the dia-
gnostic value of Node-RADS for standardized re-
porting and risk stratification, although further
work is needed to establish inter-reader repro-
ducibility (11). Node-RADS incorporates multiple
malignancy-related imaging features, including
short-axis diameter, rounded morphology, irregu-

lar or ill-defined margins, necrosis, heterogeneous
enhancement, loss of fatty hilum, nodal cluste-
ring, drainage pathway location and clinical con-
text (10, 12). Among these features, nodal cluste-
ring was not included in the examples used for
network training in the present study, which may
limit the model’s ability to identify this specific cri-
terion.

Artificial intelligence (Al) has gained increasing
relevance in otorhinolaryngology, particularly for
risk stratification, diagnostic support and treat-
ment optimization (13). In imaging, Al-based
tools may assist workflow management, image
classification, segmentation and quantitative ana-
lysis, potentially reducing observer variability and
improving  diagnostic  consistency  (14).  For
CT-based detection and segmentation tasks, con-
volutional neural networks (CNNs) are among the
most widely used architectures because of their
ability to process spatial image information and
recognize complex imaging patterns. In lymph
node assessment, Al models may be trained to
identify features suggestive of malignancy, inclu-
ding size, shape, border irregularity, necrosis and
extranodal extension, thereby supporting earlier
detection and more accurate staging (13, 15).

The present study aims to adapt and optimize
an existing Al model for the detection of malig-
nant or equivocal cervical lymph nodes on CT
imaging. This includes fine-tuning training para-
meters and using a dedicated CT dataset for mo-
del training and validation. The main objective is
to develop a supportive tool capable of rapidly
highlighting suspicious lymph nodes or “red flag”
imaging features for radiologist review.

The proposed system is intended to assist, not
replace, radiological interpretation, with final dia-
gnosis remaining dependent on clinical correla-
tion and expert assessment. Model robustness
and specificity were further evaluated by testing
performance against anatomical structures that
may mimic lymph nodes and against lymph nodes
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from other body regions, in order to assess poten-
tial false-positive and false-negative sources. Ad-
ditionally, lymph nodes were annotated on both
contrast-enhanced venous-phase and non-con-
trast CT images, aiming to maintain model appli-
cability in clinical situations where intravenous
contrast administration is contraindicated.

MATERIAL AND METHODS

ataset

The dataset consists of 79 CT examinations
from 79 different patients (67 standard cases and
12 additional cases included for specific testing
purposes), which were collected between January
2024 and December 2025. All scans were ac-
quired within the same healthcare institution
using four different CT devices, ensuring variabili-
ty in acquisition parameters while maintaining ins-
titutional consistency.

The cases used for training and validation in-
cluded the 67 standard cases, comprising 40 males
and 27 females, with ages ranging from 30 to
83 years (mean age: 62.8 years). The dataset en-
compassed a spectrum of histologically confirmed
head and neck malignancies, including malignant
parotid tumors, keratinizing and non-keratinizing
squamous cell carcinoma, papillary carcinoma
arising in ectopic thyroid tissue, spinocellular car-
cinoma, non-Hodgkin lymphoma, paraganglioma
and anaplastic thyroid carcinoma.

From the 67 patients, a total of 538 lymph
nodes were annotated. The dataset included
lymph nodes from all seven anatomical cervical
levels; however, the model was not explicitly
trained to classify nodal levels. Efforts were made
to include a wide range of nodal imaging charac-
teristics, while clustered lymph nodes were exclu-
ded to preserve labeling clarity and consistency.
This generated 1582 axial CT slices with lymph
nodes.

Cases were included in the study based on the
following criteria: histologically confirmed head
and neck malignancy (either via biopsy or surgical
resection); availability of a CT examination inclu-
ding at least the head and neck regions; presence
of at least equivocal or suspicious lymph nodes;
availability of a complete radiological report.

Lymph nodes were included in the study based
on the Node-RADS 1.0 system: a. Node-RADS 3
(equivocal); b. Node-RADS 4 (high likelihood of

malignancy); and c. Node-RADS 5 (very high
likelihood of malignancy).

The following exclusion criteria were applied:
CT scans with severe artifacts significantly affec-
ting image quality; lymph nodes classified as
Node-RADS 1 or 2; cases without a confirmed
primary tumor.

The study intentionally included only lymph
nodes classified as Node-RADS 3-5, correspon-
ding to equivocal, suspicious, or highly suspicious
findings. Node-RADS 1-2 lymph nodes were
excluded because the aim of the model was not
to perform comprehensive lymph node classifica-
tion across the full spectrum of nodal appearan-
ces, but rather to detect and segment lymph
nodes requiring increased radiological attention.
Therefore, the proposed model should be inter-
preted as a suspicious-node detection and seg-
mentation tool, rather than a universal lymph
node classifier.

Image annotation and preprocessing
Computed tomography image annotation was
performed using 3D Slicer software (version
5.10.0). Each lymph node was manually segmen-
ted in all three anatomical planes (axial, coronal
and sagittal) by a nuclear medicine physician, en-
suring precise volumetric labeling and consisten-
cy. The generated masks were subsequently re-
viewed with experienced radiologists, who
verified lymph node identification and anatomical
plausibility of the segmentations. Thus, the final
masks were created by one annotator and verified
through radiological review.

The annotated datasets were stored in NIfTI
(.nii) format, which is commonly used for three-di-
mensional medical imaging data. In contrast to
standard 2D image formats (.jpg/.png), NIfTI pre-
serves volumetric information, spatial orientation
and voxel spacing, enabling accurate alignment
between CT volumes and their corresponding
segmentation masks. The dataset was struc-
tured into contrast-enhanced venous-phase CT
volumes (venous.nii), their corresponding masks
(label venous.nii), non-contrast CT volumes
(native.nii) and their corresponding masks
(label native.nii).

Each label file contained at least one annota-
ted lymph node, enabling the model to learn
lymph nodes as individual entities rather than as
grouped structures. Importantly, lymph nodes
were labeled on both contrast-enhanced and na-
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tive CT scans to ensure that the model can gene-
ralize to patients in whom intravenous contrast
administration is contraindicated, thereby increa-
sing its clinical applicability.

Data augumentation

Considering that one of the objectives of the the-
sis was to evaluate model performance under
conditions of limited preprocessing and minimal
augmentation, a conservative augmentation stra-
tegy was adopted in this study. This consisted of
applying random rotations to axial images within
a range of =10 degrees, without effectively in-
creasing the final size of the dataset.

This approach was chosen to simulate minor
variations that may occur in clinical practice, par-
ticularly those related to suboptimal head posi-
tioning during CT acquisition. The purpose was
not to generate additional training samples, but
rather to improve the model’s generalization abi-
lity and reduce its sensitivity to small variations in
image orientation.

It is important to note that the model used in
this study was trained and applied in a two-di-
mensional (2D) manner, on axial slices, rather
than as a three-dimensional (3D) network. There-
fore, augmentation was applied at the axial slice
level, in accordance with the operating mode of
the network, which is described in the following
subsection.

Implementation and model architecture

The model was implemented in Python using a
Jupyter Notebook environment. Training was per-
formed on the Kaggle platform, which provides
access to NVIDIA Tesla P100 GPUs (with a usage
limit of approximately 30 hours per week), along
with Intel Xeon CPUs (2.3 GHz, 16 cores) and
13 GB of RAM.

A convolutional neural network based on the
U-Net+ + architecture was employed for lymph
node segmentation. The model was implemented
using the segmentation_models_pytorch library,
with the base architecture adapted from publicly
available source code. U-Net++ consists of an
encoder—decoder structure connected through a
series of nested dense convolutional blocks, de-
signed to reduce the semantic gap between en-
coder and decoder feature maps prior to fusion
(16).

The model was further trained (fine-tuned) on
the study-specific dataset to achieve improved
performance.

Although the input data consisted of volume-
tric CT scans in NIfTI format, the model operated
in a 2D manner. Specifically, the volumes were
decomposed into individual axial slices, which
were processed independently during training.
The resulting slice-wise predictions were subse-
quently reconstructed into volumetric seg-
mentation maps. Input data were resized
to 256 X 256 pixels, with a single-channel con-
figuration (grayscale). The model output consisted
of binary segmentation masks corresponding to
lymph node regions.

Training protocol and performance analysis
The dataset was divided into training, validation,
and test subsets. From the 67 standard cases, 58
were used for training and nine for validation.
This split was patient-based, before slice extrac-
tion in order to prevent data leakage, and includ-
ed both native and venous phases of the respec-
tive cases in the same partition (train or validation).
At slice level, to ensure a balanced learning, the
slices were approximately equally distributed be-
tween those containing lymph nodes and those
without lymph nodes, thus obtaining 2492 axial
images for training and 672 slices for validation.
Important to clarify that axial images form the
training set were not included in the validation set
and vice-versa.

The testing set included the 12 special cases,
with head and neck adenopathies (n=7), lymph
nodes from other anatomical regions (n=3), ac-
cesory spleen (n=1) and carotid body paragan-
glioma (n=1).

Data augmentation was applied to the training
dataset in the form of random in-plane rotations
within a range of £10 degrees, in order to im-
prove model generalization.

The model was trained using a batch size of 8
over 17 epochs. Optimization was performed
using the Adam optimizer, with a learning rate of
1 x 10*. The loss function consisted of a combi-
nation of Dice loss and binary cross-entropy loss,
allowing for improved performance in segmenta-
tion tasks with class imbalance.

Model performance was evaluated using the
Dice Similarity Coefficient (DSC), Intersection
over Union (loV), sensitivity, specificity and accu-
racy. The Dice coefficient was considered the pri-
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mary evaluation metric due to its robustness in
assessing spatial overlap between predicted and
ground truth segmentations.

Because the model was implemented as a 2D
slice-wise segmentation network, all quantitative
performance metrics were calculated at the axial
slice level. CT volumes were decomposed into in-
dividual axial slices during training and validation,
and each slice was treated as an independent in-
put sample. Therefore, accuracy, sensitivity, speci-
ficity, precision, DSC and loU reflect slice-level
performance and were not computed at the pa-
tient, scan, or whole-lesion volumetric level.

Additional robustness testing was performed
by evaluating the model on anatomical structures
that may mimic lymph nodes, as well as on lymph
nodes located in other anatomical regions, in or-
der to assess potential sources of false-positive de-
tections. 4

RESULTS

eneral results

The model was evaluated on a dataset com-
prising 79 CT examinations, with a total of 538
annotated lymph nodes. The dataset included
lymph nodes classified as Node-RADS 3, 4 and 5,
reflecting equivocal to highly suspicious findings.

The model achieved a training accuracy of
99.8% and a validation accuracy of 99.7%. Sensi-
tivity was 78% on the training set and 72% on the
validation set, while specificity remained consis-
tently high at 99.9% for both datasets. Precision
reached 83% during training and 79% during vali-
dation (Figure 1).

In terms of segmentation performance, the
model obtained a DSC of 0.79 on the training set
and 0.73 on the validation set. The corresponding
loU values were 0.67 and 0.61, respectively. The
training loss was 0.2, compared to 0.5 on the vali-
dation set (Figure 2).

All quantitative metrics reported for the train-
ing and validation subsets were calculated at the
axial slice level, consistent with the 2D slice-wise
design of the model.

Notably, the model showed consistent perfor-
mance in identifying both clearly malignant and
equivocal (Node-RADS 3) lymph nodes, suppor-
ting its potential role in assisting radiologists in de-
tecting borderline findings.

Comparable performance was observed on
both contrast-enhanced (venous phase) and
non-contrast (native) CT images, suggesting that
the model can be effectively applied in patients
for whom contrast administration is contraindi-
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FIGURE 1. Graphical representation of accuracy, precision, sensitivity and specificity for both training and

validation datasets

324 Maedica

A Journal of Clinical Medicing, Volume 21, No. 2, 2026



CervicaL LymPHADENOPATHY DETECTION USING A U-NET++ MODEL

Loss

25

20

s

— Train
Validation

Dice Scare

0.8 — Tain
Validation

071 /'_/_

064 /’
il
03 f _/

024 f

i

004

0.7

0.6

05

0.4

(1)

0.3

0.2

01

0.0

L] 5 10 15 20 25 30
Epoch

loU Score

— Tain
Validation

8 10 12 1 16
Epach

FIGURE 2. Graphical representation of loss, Dice Similarity Coefficient (DSC), Intersection over Union (IoU)

for both training and validation datasets

-

IMAGE slice 51

OVERLAY Prediction slice 51

PREDICTION slice 51

~

LABEL slice 51

v

FIGURE 3. Example of model-predicted segmentation compared with the manual ground truth
annotations. The manual labels are shown in varyinggrayscale intensities, as each lymph node was

annoted as individual entity

Test set performance
In addition to the training and validation datasets,
an independent test set comprising 12 CT exami-

nations was used for qualitative evaluation. These
cases were not included in the training process
and were analyzed in their entirety. Full volume-
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FIGURE 4. (A) False positive lymph node (red arrow); (B) Small mediastinal lymph node. Panels A and B correspond to different

patients
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FIGURE 5. Axillary
lymph node identified by
the model in a patient
with history of breast
cancer

tric annotations were available for all slices, and
no discontinuities in lymph node labeling were
observed despite the slice-wise processing ap-
proach of the model.

The model demonstrated consistent perfor-
mance across the test cases, with representative
examples of accurate segmentation shown in
Figure 3.

A limited number of false-negative results were
identified, involving three equivocal (Node-RADS 3)
lymph nodes that were detected by the radiologist
but missed by the model.

Two false-positive cases were observed: one
located in the head and neck region (Figure 4 A)
and one in the mediastinum (Figure 4 B). Notably,
these corresponded to true lymph nodes; how-
ever, they were classified as low-risk (Node-RADS 1)

by the radiologist. This suggests that the model
may have a tendency to over-segment or assign
suspicion to benign lymph nodes with subtle ima-
ging features.

As an exploratory observation, the model
identified an axillary lymph node in a patient with
breast cancer, despite not being specifically
trained for this anatomical region (Figure 5). This
finding should not be interpreted as evidence of
cross-anatomical generalizability, but rather as a
preliminary observation that warrants further eva-
luation in dedicated datasets including lymph
nodes from other anatomical regions.

Importantly, structures that may mimic lymph
nodes, such as accessory spleens, were not incor-
rectly classified by the model. Similarly, a large
carotid body paraganglioma was not misidentified
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as a lymph node. In addition, large benign ingui-
nal lymph nodes were not classified as suspicious.

Submandibular salivary glands, which in one
case presented with increased size and an oval
morphology, were also correctly excluded from
lymph node classification. Furthermore, no mis-
classification was observed in relation to vascular
structures or adjacent muscular tissue, indicating
that the model was able to distinguish lymph
nodes from common anatomical mimics despite
operating in a slice-wise (2D) manner. No cases
involving thymic tissue were present in the data-
set. U

DISCUSSIONS

eneral discussions

A discrepancy was observed between accu-
racy and overlap-based metrics such as Dice and
loU. This may be partially explained by limitations
in the labeling process, as some ground truth
masks exhibited pixelation despite the application
of smoothing techniques. In contrast, the model
generated smoother and more continuous seg-
mentation outputs, which may have contributed
to lower overlap scores. Additionally, loU is known
to penalize even minor boundary inconsistencies
more strongly, further amplifying these differences
(17). These findings highlight the importance of
overlap-based metrics in medical image segmen-
tation, as accuracy alone may overestimate model
performance in highly imbalanced datasets.

Despite the use of a 2D slice-wise architec-
ture, the model demonstrated a strong ability to
differentiate lymph nodes from anatomically simi-
lar structures. This was evidenced by the correct
exclusion of accessory spleens, submandibular
salivary glands with atypical morphology, vascular
structures and adjacent muscular tissue. These
findings suggest that the model effectively learned
discriminative local imaging features, such as
texture, attenuation patterns, and boundary cha-
racteristics, which are sufficient for distinguishing
lymph nodes from common mimics on individual
CT slices.

Although 3D architectures may provide addi-
tional contextual information by incorporating in-
ter-slice continuity, the present results indicate
that, in this setting, local spatial features alone can
achieve a high degree of anatomical discrimina-
tion. This is particularly relevant in clinical prac-
tice, where rapid slice-based assessment remains

the standard approach for radiological interpreta-
tion.

The detection of an axillary lymph node out-
side the primary training region is an interesting
exploratory finding. However, given that this ob-
servation was limited to a single case, it cannot be
considered evidence of cross-anatomical genera-
lization. Future studies should evaluate this possi-
bility using dedicated multicenter datasets that
include lymph nodes from muiltiple anatomical
regions. At the same time, the occurrence of
false-negative results in a small number of equivo-
cal (Node-RADS 3) lymph nodes highlights the
inherent difficulty of borderline cases and suggests
that such findings should continue to be interpre-
ted in conjunction with clinical and radiological
expertise.

The model was not trained on the complete
spectrum of benign and malignant lymph node
appearances, thus the decision to exclude
Node-RADS 1-2 lymph nodes. This choice was
intentional, as the purpose of the model was to
identify and segment equivocal or suspicious
lymph nodes, rather than to classify all visible
lymph nodes. Consequently, the model should be
regarded as a tool for highlighting potentially re-
levant “red flag” findings for radiological review,
not as a comprehensive lymph node classifier or a
replacement for structured radiological asses-
sment.

When compared with previously published
studies on lymph node segmentation in head and
neck CT imaging, the performance of the pro-
posed model falls within a comparable range, par-
ticularly given the complexity of the dataset.
However, direct comparison of quantitative me-
trics should be interpreted with caution, as dif-
ferences in study design, annotation protocols and
target definitions significantly influence reported
Dice and loU values. For example, a machine
learning approach based on a U-Net architecture
applied to small cervical lymph nodes (5-10 mm)
reported a Dice score of approximately 0.80, al-
though it did not evaluate lymph nodes outside
the cervical region (18). Diagnosing small lymph
node metastases across different cancer types re-
mains a major challenge and recent studies have
focused primarily on improving classification per-
formance rather than segmentation (19-22).

Other approaches have incorporated radiomic
features to enhance model performance, yielding
results that are broadly comparable to those ob-
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tained in the present study (22-24). Importantly,
the differences in accuracy between studies may
reflect variations in study objectives. While many
models focus exclusively on clearly malignant
lymph nodes, the present study aimed to identify
both malignant and equivocal (Node-RADS 3-5)
lymph nodes, thereby addressing a more clinically
challenging and relevant scenario.

In addition, lymph node characteristics may
vary depending on anatomical location (25). For
example, mediastinal lymph nodes may enlarge
in response to a wide range of benign and malig-
nant conditions, with reported Dice scores in this
region ranging from 0.49 to 0.67 (26, 27), further
highlighting the variability of segmentation perfor-
mance across anatomical sites.

Traditional criteria such as RECIST are not al-
ways reliable in distinguishing individual lymph
nodes, particularly in cases of overlapping or clus-
tered structures. For this reason, the present study
employed the Node-RADS classification system
(28), which provides a more nuanced framework
for risk stratification. Recent studies have also
explored deep learning approaches for differen-
tiating lymph node pathologies, such as papillary
thyroid carcinoma, tuberculosis and HPV-positive
oropharyngeal squamous cell carcinoma, achie-
ving accuracies of approximately 0.76 (29).

Alternative imaging approaches have also
been investigated. For example, Forghani et al
proposed a model based on dual-energy CT tex-
ture analysis, demonstrating high sensitivity but
lower specificity and overall accuracy (30). How-
ever, dual-energy CT requires specialized acquisi-
tion protocols, which may limit its widespread ap-
plicability compared to conventional CT imaging.

More recently, studies have focused on hybrid
imaging modalities such as FDG PET-CT, incorpo-
rating metabolic parameters such as standardized
uptake value (SUV) to improve differentiation be-
tween malignant and inflammatory lymph nodes
(31-34). The integration of CT-based features with
functional imaging biomarkers represents a pro-
mising direction for future research and may fur-
ther enhance diagnostic accuracy.

Limitations of the study

This study has several limitations. First, all cases
were collected from a single healthcare institu-
tion, which may limit the generalizability of the
results. However, efforts were made to reduce po-
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tential bias by including data acquired from four
different CT scanners.

Second, although image interpretation and la-
bel verification were performed by multiple expe-
rienced radiologists, but the manual segmentation
process was carried out by a single physician,
which may introduce operator-dependent varia-
bility. This aspect should be addressed in future
studies through multi-reader annotation and in-
ter-observer agreement analysis.

Third, because only Node-RADS 3-5 lymph
nodes were included, the model was designed to
detect and segment equivocal or suspicious lymph
nodes rather than to classify the full spectrum of
lymph node appearances. Therefore, it should be
interpreted as a suspicious-node highlighting tool,
not as a comprehensive lymph node classifier.

Additionally, the use of a 2D slice-wise archi-
tecture limits the incorporation of inter-slice con-
textual information, which may affect the detec-
tion of small or irregular lymph nodes.

Statements regarding anatomical discrimina-
tion and potential generalizability should be inter-
preted cautiously, as the study was single-center
and the independent qualitative test set was li-
mited.

Finally, the relatively limited dataset size may
impact model robustness and performance.

Future directions
Future work will focus on further improving mo-
del performance through the integration of volu-
metric deep learning approaches, such as 3D con-
volutional neural networks, which may better
capture spatial relationships between adjacent
slices. In particular, the implementation of a
3D U-Net-based architecture could enhance the
detection of small or irregular lymph nodes by in-
corporating inter-slice contextual information.
Additionally, expanding the dataset and incor-
porating multi-institutional data may improve
model generalizability and robustness. Future de-
velopments may also include the integration of
the model into clinical workflows, with the aim of
providing real-time decision support and facilita-
ting earlier detection of suspicious or borderline
lymph nodes in routine radiological practice. 1

CONCLUSION

n this study, a 2D U-Net++-based model de-
monstrated good performance in the segmenta-
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tion and identification of malignant and equivo-
cal lymph nodes on CT imaging, achieving high
specificity and overall accuracy.

The model showed particular strength in dis-
tinguishing lymph nodes from anatomically simi-
lar structures, supporting its potential as a reliable
tool for assisting radiologists in routine clinical
practice. Additionally, its ability to perform consis-
tently on both contrast-enhanced and non-con-
trast CT images broadens its applicability, espe-
cially in patients for whom contrast administration
is contraindicated.

While sensitivity remains moderate, particu-
larly in borderline (Node-RADS 3) cases, the
model may serve as a valuable adjunct for
highlighting suspicious findings and facilitating
earlier detection.

Further improvements, including the use of
larger multicentric datasets and the implementa-
tion of volumetric (3D) architectures, may en-
hance performance and generalizability. O
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