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Abstract
Background

Cervical lymphadenopathy is a common reason for pediatric outpatient visits. It is usually reactive but
may also accompany leukemia or lymphoma. Because these conditions may have overlapping
ultrasound appearances, we developed a deep-learning model to distinguish benign reactive from
hematologic malignancy-associated cervical lymphadenopathy. The model may provide valuable support
for diagnosing hematologic malignancies and guiding differential diagnosis in pediatric outpatient
practice.

Methods

This single-center retrospective study included 653 cervical lymph-node annotations after four duplicate
images with discordant diagnoses were excluded. The benign reactive group comprised 283
annotations, and the hematologic malignancy-associated group comprised 370. Related images were
kept in the same data fold, yielding 559 non-redundant image groups for analysis. An ImageNet-
pretrained EfficientNetV2-S model using consensus lesion masks was evaluated with grouped nested
five-fold cross-validation. Model probabilities were calibrated with Platt scaling. The primary endpoint
was the area under the receiver operating characteristic curve (AUC); accuracy, sensitivity, specificity,
predictive values, and the Brier score were also assessed.

Results

The model achieved an AUC of 0.863 (95% confidence interval, 0.834 to 0.893) and an average precision
of 0.865. At the Youden operating point, accuracy was 0.784, sensitivity was 0.773, specificity was 0.796,
and positive predictive value was 0.824. The calibrated Brier score was 0.154. AUCs for the four
diagnosis-specific comparisons ranged from 0.839 to 0.883.

Conclusions

Ultrasound image analysis showed good internal discrimination between benign reactive and
hematologic malignancy-associated cervical lymphadenopathy in children. These findings support
multicenter, patient-level evaluation of the model as an adjunct to ultrasound assessment.This model
could provide radiologists and other clinicians with decision support for the non-invasive ultrasound
assessment of cervical lymphadenopathy in children.

1. Background
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Cervical lymphadenopathy is a frequent reason for pediatric consultation. Most enlarged lymph nodes
are related to infection or reactive hyperplasia, but a small and clinically important proportion are
associated with leukemia, lymphoma, or another malignant disorder [1]. Ultrasound is the preferred first-
line imaging examination in children because it is readily available, does not use ionizing radiation, and
can assess nodal shape, echogenicity, hilum, margins, and vascularity. Rounded morphology, loss of the
echogenic hilum, heterogeneous echotexture, and abnormal vascular patterns have all been linked to
malignancy; however, these findings overlap across diseases and no single feature is sufficiently reliable
in isolation [2-5].

Previous pediatric studies have mainly combined radiologist-assessed ultrasound findings with clinical
or laboratory variables. Decision trees and conventional machine-learning models based on these
features have shown useful diagnostic performance [4-6]. Magnetic resonance and computed
tomography radiomics have also been explored in children, but these approaches require additional
imaging or manually structured features [7, 8]. They do not directly address whether routine ultrasound
images alone contain enough information to support the distinction that matters most at the first
examination.

Deep learning and radiomics have recently been applied to cervical lymph-node ultrasound. Multicenter
work in adult or mixed-age populations has reported high diagnostic performance using grayscale and
color Doppler images [9], while other studies have shown that convolutional neural networks and
ultrasound radiomics can capture image patterns associated with nodal etiology [10-12]. Pediatric
evidence remains limited, particularly for the clinically focused distinction between benign reactive
lymphadenopathy and lymphadenopathy associated with hematologic malignancy [13].

We therefore developed a deep-learning model that uses routine cervical lymph-node ultrasound images
and lesion contours to distinguish benign reactive from hematologic malignancy-associated
lymphadenopathy. We evaluated discrimination, probability calibration, and clinically relevant operating
points using nested internal validation. We also examined performance across the four underlying
diagnoses: acute lymphoblastic leukemia, lymphoma, Epstein-Barr virus (EBV)-associated lymphadenitis,
and nonspecific reactive hyperplasia.

2. Methods
2.1. Study Design and Reference Standards

This retrospective study was conducted at Children's Hospital of Soochow University and was approved
by the institutional review board (No. 2026CS095). The requirement for informed consent was waived
because de-identified data from a retrospective image archive were used. The manuscript was prepared
with reference to the Checklist for Artificial Intelligence in Medical Imaging (CLAIM) 2024 Update [14].

The source diagnosis associated with each image was established before model development. Acute
lymphoblastic leukemia was diagnosed by bone marrow morphology and immunophenotyping.
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Lymphoma was confirmed by histopathologic examination of an excisional or core-needle biopsy.
Epstein-Barr virus-associated lymphadenitis was diagnosed using EBV-DNA and serologic testing.
Nonspecific reactive hyperplasia was defined by clinical follow-up showing regression of the enlarged
lymph node without subsequent evidence of malignancy.

Epstein-Barr virus-associated lymphadenitis and nonspecific reactive hyperplasia were combined as the
benign reactive group. Acute lymphoblastic leukemia and lymphoma were combined as the hematologic
malignancy-associated group. The hematologic malignancy-associated group was defined as the
positive class and the benign reactive group as the negative class throughout the analysis.

The initial archive contained 657 cervical lymph-node annotations. Four annotations corresponded to
exact duplicate images with discordant diagnoses and were excluded before model training. The final
dataset comprised 653 annotations. Images that were identical or highly similar were assigned to the
same cross-validation fold, resulting in 559 non-redundant image groups. The model used ultrasound
images and lesion masks only; age, sex, symptoms, laboratory tests, and other clinical variables were
not included. The study sample by diagnosis and clinical group is summarized in Table 1.

Table 1
Study sample by diagnosis and clinical group.
Diagnosis Clinical group Lesion Non-redundant image
annotations groups

EBV-associated Benign 123 108
lymphadenitis reactive
Nonspecific reactive Benign 160 142
hyperplasia reactive
Acute lymphoblastic leukemia  HM- 171 152

associated
Lymphoma HM- 199 157

associated
Total Both groups 653 559

Four exact duplicate images with discordant diagnoses were excluded before model training. Related
images were kept in the same cross-validation fold. EBV, Epstein-Barr virus; HM, hematologic
malignancy.

2.2. Image Annotation and Preprocessing

Three ultrasound physicians at attending level or above independently delineated the lymph nodes. They
were blinded to disease group and to one another's contours. Contours that differed were jointly
reviewed by all three physicians, and a consensus contour was agreed upon before model development.
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For each image, a rectangular region centered on the annotated lymph node was expanded to include
the nodal margin and a small amount of adjacent tissue, then resized to 384 x 384 pixels. Pixels outside
the lesion mask were replaced with a neutral gray value to reduce the influence of screen text, device
interface elements, and distant anatomy. The red, green and blue (RGB) image was normalized using
ImageNet parameters, and the binary lesion mask was supplied as a fourth input channel. The same
manually agreed consensus masks defined the image crop and fourth input channel during both training
and outer-fold testing; automatic segmentation was not evaluated in this study.

During training, image augmentation included horizontal flipping, small rotations and translations,
modest scaling, and limited brightness and contrast adjustment. Geometric transformations were
applied identically to the image and mask.

2.3. Deep-Learning Model

We used an EfficientNetV2-S network initialized with ImageNet weights [15]. The first convolutional layer
was adapted to accept the RGB image and lesion mask, and the final classifier was replaced with a two-
class output layer. Models were trained with the AdamW optimizer and cross-entropy loss, with early
stopping based on validation loss. Mild label smoothing and horizontal-flip test-time augmentation were
considered within the inner validation loop and were retained only when they improved validation
performance.

When a non-redundant image group contained more than one related annotation, logits were averaged
within the group before the loss and performance measures were calculated. This prevented repeated
views or annotations of the same image from receiving disproportionate weight.

For visual interpretation, gradient-weighted class activation mapping (Grad-CAM) was applied to the final
convolutional block of one representative refit. One correctly classified, single-annotation outer-fold test
image was selected for each underlying diagnosis. The attention maps were descriptive and were not
used for model selection or performance estimation. De-identified wider-field images of the same
examples are provided in Additional file 1 (Figure S2).

2.4. Nested Internal Validation

Model development and testing used grouped nested five-fold cross-validation [16, 17]. In each outer
iteration, one fold was held out for testing and the remaining four folds were used for training and inner
model selection. The outer test fold was not used to choose the model, calibrator, or classification
threshold. Identical or highly similar images remained in the same fold throughout the analysis. Patient
identifiers were not available for partitioning; folds were therefore disjoint at the non-redundant image-
group level.

The inner loop selected between the base model and the label-smoothed model and determined whether
horizontal-flip test-time augmentation should be used. To reduce variability from neural-network training,
each selected outer-fold model was refitted 10 times and the resulting probabilities were averaged. The

Page 6/17



combined outer-fold predictions therefore represent internal test predictions for all 559 non-redundant
image groups. Outer-fold composition and selected models are detailed in Additional file 1 (Table S1).

2.5. Probability Calibration and Statistical Analysis

Model probabilities were calibrated using Platt scaling [18, 19]. For each outer test fold, the calibration
parameters and operating thresholds were estimated only from the corresponding development data.
The main operating point was selected using the Youden index. A second operating point placed greater
emphasis on sensitivity for hematologic malignancy. Fold-specific calibration parameters and thresholds
are provided in Additional file 1 (Table S2).

The primary endpoint was the area under the receiver operating characteristic curve (ROC AUC).
Secondary measures were average precision, accuracy, balanced accuracy, sensitivity, specificity, F1
score, positive predictive value (PPV), negative predictive value (NPV), Brier score, calibration slope, and
expected calibration error. Ninety-five percent confidence intervals were calculated with 2000 stratified
bootstrap samples. All performance measures were calculated at the non-redundant image-group level.
AUCs were also calculated separately for acute lymphoblastic leukemia versus each benign diagnosis
and for lymphoma versus each benign diagnosis.

Analyses were performed with Python 3.11.9, PyTorch 2.12.0.dev20260408 + cu128, and scikit-learn
1.6.1.

3. Results
3.1. Study Sample

The final dataset included 653 lymph-node annotations: 283 in the benign reactive group and 370 in the
hematologic malignancy group. The benign group comprised 123 EBV-associated lymphadenitis
annotations and 160 nonspecific reactive hyperplasia annotations. The malignant group comprised 171
acute lymphoblastic leukemia annotations and 199 lymphoma annotations. After related images were
grouped, 250 benign and 309 malignant non-redundant image groups remained. The study workflow is
shown in Fig. 1, and representative images and model attention maps are shown in Fig. 2.

3.2. Model Selection and Discrimination

Inner validation selected the mildly label-smoothed model in 3 of the five outer iterations and the base
model in the remaining 2. Horizontal-flip test-time augmentation did not provide a consistent benefit and
was not retained.

The internally tested model achieved an AUC of 0.863 (95% confidence interval (Cl), 0.834 to 0.893).
AUCs in the five outer test folds ranged from 0.801 to 0.916. The pooled cross-fitted calibrated AUC was
0.854 (95% Cl, 0.823 to 0.883), and average precision was 0.865 (95% Cl, 0.832 to 0.897).
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The ROC and precision-recall curves, outer-fold AUCs, and diagnosis-specific comparisons are presented
in Fig. 3. The principal discrimination and calibration measures are summarized in Table 2.

Table 2
Discrimination and calibration of the final model.
Metric Estimate (95% ClI)
ROC AUC 0.863 (95% Cl, 0.834 to 0.893)

Pooled calibrated ROC AUC  0.854 (95% Cl, 0.823 to 0.883)

Average precision 0.865 (95% Cl, 0.832 to 0.897)
Brier score 0.154 (95% CI, 0.138 t0 0.171)
Calibration intercept 0.193 (95% CI, 0.070 to 0.323)
Calibration slope 0.971 (95% CI, 0.829 to 1.164)

Expected calibration error 0.046 (95% CI, 0.039 to 0.083)

AUC, area under the receiver operating characteristic curve; Cl, confidence interval. Confidence intervals
were obtained from 2000 stratified bootstrap samples.

3.3. Calibration and Operating Points

After calibration, the Brier score was 0.154 (95% CI, 0.138 to 0.171), the calibration intercept was 0.193
(95% CI, 0.070 to 0.323), the calibration slope was 0.971 (95% Cl, 0.829 to 1.164), and the expected
calibration error was 0.046 (95% Cl, 0.039 to 0.083). At the Youden operating point, accuracy was 0.784
(95% Cl, 0.751 to 0.818), sensitivity was 0.773 (95% Cl, 0.728 to 0.819), specificity was 0.796 (95% Cl,
0.748 to 0.844), PPV was 0.824 (95% Cl, 0.788 to 0.862), and NPV was 0.740 (95% Cl, 0.700 to 0.781). At
the higher-sensitivity operating point, accuracy was 0.791 (95% Cl, 0.758 to 0.823), sensitivity was 0.809
(95% Cl, 0.767 t0 0.851), and specificity was 0.768 (95% Cl, 0.716 to 0.820).

Table 3
Classification performance at two clinically relevant operating points.

Operating point Accuracy Sensitivity Specificity PPV NPV
Youden operating  0.784 0.773 0.796 0.824 0.740
point (0.751- (0.728- (0.748- (0.788- (0.700-

0.818) 0.819) 0.844) 0.862) 0.781)
Higher-sensitivity  0.791 0.809 0.768 0.812 0.765
operating point (0.758- (0.767- (0.716- (0.778- (0.723-

0.823) 0.851) 0.820) 0.847) 0.807)

Hematologic malignancy-associated lymphadenopathy was the positive class. Values are estimates with
95% bootstrap confidence intervals. PPV, positive predictive value; NPV, negative predictive value.

3.4. Performance across Underlying Diagnoses
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The AUC was 0.839 for acute lymphoblastic leukemia versus EBV-associated lymphadenitis, 0.852 for
acute lymphoblastic leukemia versus nonspecific reactive hyperplasia, 0.876 for lymphoma versus EBV-
associated lymphadenitis, and 0.883 for lymphoma versus nonspecific reactive hyperplasia.
Discrimination was therefore slightly higher for lymphoma than for acute lymphoblastic leukemia in both
benign comparisons. The corresponding comparisons and diagnosis-specific probability distributions
are provided in Additional file 1 (Table S3 and Figure S1).

4. Discussion

4.1. Principal Findings

In this pediatric cervical lymph-node ultrasound study, the deep-learning model achieved an internally
validated AUC of 0.863 and an average precision of 0.865. At the Youden operating point, sensitivity was
0.773 and specificity was 0.796. These findings show that routine ultrasound images contain
information for separating benign reactive from hematologic malignancy-associated lymphadenopathy,
even without clinical or l[aboratory variables.

The model was developed for a practical pediatric ultrasound question: whether an enlarged cervical
lymph node is more consistent with a benign reactive process or warrants concern for leukemia or
lymphoma. It used only the ultrasound image and the delineated lesion, without clinical or laboratory
variables. Performance remained above an AUC of 0.80 in every outer test fold, indicating that the result
was not driven by a single favorable split. The calibrated model also provided a balanced combination of
sensitivity and specificity at the Youden operating point.

4.2. Comparison with Previous Studies

Previous pediatric studies have established that nodal morphology and vascularity can help identify
malignancy. Park et al. reported validation accuracies of 83.3% to 86.1% for a diagnostic tree combining
ultrasound and clinical findings [4], and a 500-child cohort reported an AUC of 0.92 for a regression
model that included structured ultrasound assessment [5]. These approaches depend on manually
recorded imaging features or clinical information. In contrast, our model analyzed the image and lesion
contour directly and achieved an AUC of 0.863 without additional clinical variables.

In pediatric radiomics, a magnetic resonance imaging (MRI)-based model for benign and malignant
cervical lymph nodes achieved a test AUC of 0.80 [7]. In predominantly adult cervical lymph-node
cohorts, Yuan et al. reported a maximum AUC of 0.81 for grayscale ultrasound deep learning [10],
whereas Zhu et al. reported AUCs of 0.896 to 0.963 in multicenter test cohorts using both grayscale and
color Doppler images [9]. Direct numerical comparison is limited by differences in age, disease
spectrum, imaging protocol, and validation design. Nevertheless, these studies and our findings support
the premise that routine ultrasound images contain quantitative patterns that are relevant to nodal
etiology.

4.3. Clinical Implications
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At the Youden operating point, the PPV exceeded 0.82, indicating that higher model scores were
associated with hematologic malignancy in this study cohort. Such an output could provide a
quantitative cue for closer ultrasound review when interpreted alongside the clinical assessment.
Because predictive values depend on disease prevalence and cohort composition, they should not be
transferred directly to general pediatric practice. A higher-sensitivity operating point was also evaluated
for settings in which missing hematologic malignancy would be of greater concern.

The AUC was slightly higher for lymphoma than for acute lymphoblastic leukemia when each was
compared with the two benign diagnoses. Lymphoma may more often show a rounded shape, marked
hypoechogenicity, and hilar abnormality, whereas cervical nodes in children with acute lymphoblastic
leukemia may share more nonspecific appearances with viral or reactive lymphadenopathy. This finding
suggests that the most difficult cases for future model development may be those separating leukemia-
associated from reactive or EBV-associated lymphadenitis.

The intended role of the model is to provide an objective second reading for the ultrasound physician. It
is not designed to replace clinical assessment, laboratory investigation, bone marrow examination, or
histopathology.

4.4. Strengths and Limitations

Strengths of this study include diagnosis-specific reference standards, independent blinded contouring
by three experienced ultrasound physicians, grouped nested cross-validation, repeated model fitting, and
explicit probability calibration. The study was retrospective and conducted at a single center; external
testing was not performed. Lesion masks were also provided manually. Multicenter studies with patient-
level partitioning should assess automatic segmentation and prospective reader assistance across
different ultrasound systems and institutions.

5. Conclusions

The proposed ultrasound deep-learning model showed good internal discrimination (AUC 0.863) and a
balanced sensitivity-specificity profile for distinguishing benign reactive from hematologic malignancy-
associated cervical lymphadenopathy in children. The findings support further multicenter, patient-level
validation and prospective reader studies of the model as an adjunct to ultrasound assessment.

Abbreviations

AUC

area under the receiver operating characteristic curve
Cl

confidence interval

CLAIM

Checklist for Artificial Intelligence in Medical Imaging
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DNA
deoxyribonucleic acid

EBV

Epstein-Barr virus

Grad-CAM

gradient-weighted class activation mapping
HM

hematologic malignancy

MRI

magnetic resonance imaging
NPV

negative predictive value
PPV

positive predictive value

RGB

red,green and blue

ROC

receiver operating characteristic.
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Figures

Study archive Image review Final dataset Model evaluation
Nested 5-fold
657 lymph-node | ® |4 discordant duplicate| ® | 653 annotations | ¥ validation
annotations images excluded 559 image groups AUC 0.863

95% CI 0.834-0.893

Benign reactive: 250 image groups | Hematologic malignancy-associated: 309 image groups

Figure 1

Study workflow. After removal of four duplicate annotations with conflicting diagnoses, 653 lymph-node
annotations were retained and organized into 559 non-redundant image groups. Related images
remained in the same fold throughout nested cross-validation. AUC, area under the receiver operating
characteristic curve; Cl, confidence interval.
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EBV-associated Reactive Acute lymphoblastic
A lymphadenitis hyperplasia leukemia Lymphoma

Grad-CAM P(true class)=0.85 Grad-CAM P(true class)=0.70 Grad-CAM P(true class)=0.94

Figure 2

Representative ultrasound regions and Grad-CAM attention maps from correctly classified outer-fold
test images. Columns show EBV-associated lymphadenitis, nonspecific reactive hyperplasia, acute
lymphoblastic leukemia, and lymphoma. The top row shows the de-identified lesion region with the
consensus contour; the bottom row shows the corresponding attention map for the true binary class,
generated from one representative refit of the selected outer-fold model. EBV, Epstein-Barr virus; Grad-
CAM, gradient-weighted class activation mapping; LN, lymph node.
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Figure 3

Discrimination of the final deep-learning model. (A) Receiver operating characteristic curves; (B)
precision-recall curve; (C) AUC in each outer test fold; and (D) AUC for the four diagnosis-specific
comparisons. In panel D, ALL denotes acute lymphoblastic leukemia, LT lymphoma, NL nonspecific
reactive hyperplasia, and EBV Epstein-Barr virus-associated lymphadenitis. AUC, area under the receiver
operating characteristic curve; Cl, confidence interval; ROC, receiver operating characteristic.
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Figure 4

Estimate with 95% CI

Calibration and classification performance. (A) Calibration curve; (B) calibrated probability distributions;
(C) confusion matrix at the Youden operating point; and (D) accuracy, sensitivity, specificity, positive
predictive value, and negative predictive value. HM, hematologic malignancy; PPV, positive predictive

value; NPV, negative predictive value; Cl, confidence interval.
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