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ABSTRAK

Pengenalpastian metastasis nodus limfa servikal lateral (LLNM) secara praoperatif
dengan tepat adalah penting bagi pembuatan keputusan pembedahan dan penilaian
prognosis dalam kalangan pesakit karsinoma tiroid papilari (PTC). Oleh sebab diseksi
leher lateral profilaksis tidak disyorkan secara rutin berikutan risiko komplikasi
pembedahan dan kesan kosmetik, pengesahan LLNM yang boleh dipercayai sebelum
pembedahan masih merupakan satu cabaran klinikal yang penting. Kajian ini bertujuan
untuk menilai secara menyeluruh prestasi diagnostik ultrasonografi konvensional,
ultrasonografi dipertingkat kontras menggunakan Sonazoid (CEUS), tiroglobulin
aspirasi jarum halus (FNA-Tg), dan radiomik berasaskan ultrasonografi dalam
meramalkan LLNM secara praoperatif pada pesakit PTC. Kohort analisis akhir terdiri
daripada 178 pesakit. Daripada jumlah ini, 44 pesakit telah menjalani pemeriksaan
berkaitan sebagai sebahagian daripada penjagaan klinikal rutin antara 1 Februari dan 13
Jun 2024 dan hanya dikenal pasti serta dimasukkan secara retrospektif selepas kelulusan
etika tempatan diperoleh pada 14-Jun 2024.Seramai-134 pesakit lagi dimasukkan' dari
Julai 2024 hingga November 2025 di bawah protokol kajian yang telah“diluluskan.
Setiap pesakit menyumbang satu nodus limfaservikal lateral yang menunjukkan
abnormaliti pengimejan paling mencurigakan atau paling ketara untuk dianalisis.
Semua nodus limfa yang dipilih menjalani ultrasonografi konvensional, penilaian
CEUS Sonazoid semasa fasa arteri, vena, dan pascavaskular, serta pengukuran FNA-
Tg. Pendekatan diagnostik kualitatif dap~k kuantltatlf dibandingkan menggunakan
analisis ciri pengendalian penerlma/ dan ujlan DelLong berpasangan. Gabungan
multimodal yang melibatkan ult/rasor;ograﬁ konvensional, CEUS Sonazoid, dan FNA-
Tg turut dinilai. Ciri-ciri radio@ik diekstrak daripada imej ultrasonografi skala kelabu,
pengimejan aliran Doppler warna, dan imej daripada ketiga-tiga fasa CEUS. Sebelas
algoritma pembelajaran] mesin dinilai menggunakan luas di bawah lengkung ciri
pengendalian penerima, analisis lengkung keputusan, lengkung kalibrasi, dan skor
ramalan pada-peringkat sampel. Pendekatan kuantitatif secara konsisten menunjukkan
prestasi diagnostik yang lebih baik berbanding penilaian kualitatif bagi ultrasonografi
- konvensional, CEUS Sonazoid berbilang fasa, dan FNA-Tg. CEUS Sonazoid mencapai
nilai AUC sebanyak 0.979 dan menunjukkan prestasi yang secara signifikan lebih baik
“berbanding ultrasonografi konvensional (p = 0.0057). Dalam kalangan strategi
multimodal, gabungan ultrasonografi konvensional, CEUS Sonazoid, dan FNA-Tg
menghasilkan nilai AUC tertinggi yang diperhatikan, iaitu 0.993. Prestasi radiomik
berbeza mengikut modaliti pengimejan. Model perceptron berbilang lapisan berasaskan
CEUS fasa pascavaskular mencapai nilai AUC tertinggi dalam kohort ujian, iaitu 0.882.
Dapatan ini menunjukkan potensi nilai suatu laluan diagnostik yang disesuaikan
mengikut risiko, dengan ultrasonografi konvensional digunakan untuk pemetaan
anatomi awal, CEUS Sonazoid untuk pencirian fungsi, FNA-Tg untuk pengesahan
biokimia, dan radiomik untuk stratifikasi risiko kuantitatif tambahan. Melalui integrasi
maklumat struktur, fungsi, biokimia, dan kuantitatif, pendekatan multimodal ini
berpotensi meningkatkan penilaian risiko praoperatif serta menyokong pengurusan
yang lebih diperibadikan bagi pesakit PTC.
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ABSTRACT

Accurate preoperative identification of lateral cervical lymph node metastasis (LLNM)
is crucial for surgical decision-making and prognostic assessment in patients with
papillary thyroid carcinoma (PTC). Because prophylactic lateral neck dissection is not
routinely recommended owing to the risks of surgical complications and cosmetic
impairment, reliable preoperative confirmation of LLNM remains an important clinical
challenge. This study aimed to comprehensively evaluate the diagnostic performance
of conventional ultrasound, Sonazoid contrast-enhanced ultrasound (CEUS), fine-
needle aspiration thyroglobulin (FNA-Tg), and ultrasound-based radiomics for the
preoperative prediction of LLNM in PTC. The final analytical cohort comprised 178
patients. Of these, 44 had undergone the relevant examinations as part of routine clinical
care between 1 February and 13 June 2024 and were retrospectively included only after
local ethical approval was obtained on 14 June 2024. A further 134 patients wete
enrolled from July 2024 to November 2025 under the approved study protocol. Each
patient contributed one lateral eervical-lymph node showing the most suspicious or
pronounced imaging abnormalities for analysis. All selected lymph fiodes underwent
conventional ultrasound, Sonazoid CEUS assessment during the arterial, venous, and
post-vascular phases, and FNA-Tg measurement. Qualitative and quantitative
diagnostic approaches were compared using receiveroperating characteristic analysis
and paired DeLong tests. Multimodal combinations of conventional ultrasound,
Sonazoid CEUS, and FNA-Tg were also eyaiuated ‘Radiomics features were extracted
from grayscale ultrasound, colour Doppler ﬂow imaging, and images from the three
CEUS phases. Eleven machine- ’leamllng algorithms were assessed using the area under
the receiver operating charac/té}isﬁp curve, decision curve analysis, calibration curves,
and sample-level prediction seercs. Quantitative approaches generally showed higher
diagnostic perforjrnan/ce than the corresponding qualitative assessments for conventional
ultrasound, multiphase Sonazoid CEUS, and FNA-Tg. Sonazoid CEUS achieved an
AUC of 0:979 and significantly outperformed conventional ultrasound (p = 0.0057).
Ameng the” multimodal strategies, the combination of conventional ultrasound,
- Senazoid CEUS, and FNA-Tg yielded the highest observed AUC of 0.993, although it
was not statistically superior to the high-performing two-modality combinations.
"Radiomics performance varied across imaging modalities. The multilayer perceptron
model based on post-vascular-phase CEUS achieved the highest observed test-cohort
AUC of 0.882 among the radiomics models evaluated. These findings support a risk-
adapted diagnostic approach in which conventional ultrasound provides initial
anatomical assessment, Sonazoid CEUS adds functional information, FNA-Tg provides
biochemical confirmation, and radiomics offers additional quantitative risk
stratification. External multicentre validation is required before the radiomics models
or integrated pathway can be adopted routinely.
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CHAPTER I
INTRODUCTION

1.1 RESEARCH BACKGROUND

Papillary thyroid carcinoma (PTC) is the most common hlstologlcal subtype of
differentiated thyroid ¢ancer. Although its overall prognosis is generally favorable

cervical lymph node metastasis is frequent and influences_staging, recurrence-risk
stratification, surgical planning, and postoperative su;ve‘i‘H/ance. Because prophylactic
lateral neck dissection is not routinely recomme/nde/cL reliable preoperative confirmation
of lateral cervical lymph node metastasis (L/f:}il\@\ is essential for selecting patients who
may benefit from therapeutic dis,s/ect/ion while avoiding unnecessary surgery and related

morbidity (Haugen et al 201 6/angel et al. 2025).

/
-

- |
Preoperative assessment remains difficult because metastatic involvement may
AV

be_focal, partial, or microscopic and therefore may not produce obvious morphological
;:hanges. Conversely, benign reactive lymph nodes can show cortical thickening, altered
/'Vascularity, cystic change, or other features that overlap with metastatic disease. This
biological and imaging overlap may lead either to missed metastases and incomplete
initial surgery or to false-positive diagnoses and avoidable lateral neck dissection (Stack

etal. 2012).

Conventional ultrasound (US) is the first-line imaging method because it is
non-invasive, accessible, inexpensive, and suitable for real-time assessment. It
evaluates nodal size, shape, echogenicity, hilum status, calcification, cystic
degeneration, and vascular pattern. However, these findings mainly reflect macroscopic

morphology, are operator-dependent, and may be insufficient for indeterminate or



\

small-volume disease; consequently, reported diagnostic sensitivity remains

inconsistent (Bergeron et al. 2018).

Fine-needle aspiration thyroglobulin (FNA-Tg) provides complementary
biochemical evidence of metastatic thyroid tissue and is particularly useful in cystic or
cytologically equivocal nodes, although cut-off selection, assay variability, and

sampling-related limitations remain unresolved (Yu et al. 2025).

Contrast-enhanced ultrasound (CEUS) adds functional information by
depicting microvascular perfusion. Most previous cervical lymph node studies used
SonoVue, a blood-pool agent whose enhancement is confined to a relative;ly/éh(/)rt
vascular phase. Sonazoid differs-because its perfluorobutane microbubbles /e;re retained
by phagocytic cells of the reticuloendothelial system, enabling both vascular-phase
imaging and a prolonged post-vascular phase (Yoo et al. 2026)/: This longer observation
window may permit assessment of multiple neck comg)artments and may reveal tissue-
related differences between benign and metast /atlg lymph nodes that are not apparent on

conventional ultrasound or early Vascular-phase imaging (Wei et al. 2022; Liu et al.

2026). W*re

Radiomiics prov%des a quantitative means of extracting intensity, texture, shape,
and spatiéf«h/eierégeneity features from medical images. Its value, however, depends on

the biological relevance and reproducibility of the source image rather than on machine

_learning alone. This issue is particularly important in ultrasound, where acquisition

settings, operator technique, image quality, and segmentation can introduce variability.
A phase-specific comparison is therefore needed to determine whether the post-vascular
phase of Sonazoid offers a more stable and biologically informative substrate for
radiomics than grayscale, Doppler, or early vascular-phase images (Lambin et al. 2012;

Gillies et al. 2016).

Existing studies have usually assessed conventional ultrasound, FNA-Tg,
CEUS, or radiomics separately, and many radiomics investigations have focused on
central rather than lateral cervical lymph nodes (Wei et al. 2022; Chung et al. 2022). As
a result, the incremental value of integrating anatomical, functional, biochemical, and

quantitative information has not been established in a single cohort. A clinically useful
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framework should therefore determine not only which modality performs best, but also
how the modalities complement one another and whether radiomics adds value beyond

conventional multimodal assessment.

Accordingly, the present study systematically evaluated conventional
ultrasound, multiphase Sonazoid CEUS, FNA-Tg, and ultrasound-based radiomics for
the preoperative prediction of LLNM in PTC. It compared qualitative and quantitative
diagnostic strategies, assessed single and combined modalities, and examined the
influence of imaging phase and machine learning classifier on radiomics performance,
intending to develop a biologically grounded and clinically interpretable multimodal

framework. e

e

1.2 PROBLEM STATEMENT « O\~

-

—

Accurate preoperative assessment of lateral cervical ly/rpph‘ node metastasis (LLNM) in
papillary thyroid carcinoma (PTC) remai/ns/a /é/liijicélly important problem because the
decision to perform therapeutic lateral nieck dissection depends on reliable evidence of
metastatic disease. Convgn@@}‘ ultrasound is recommended as the first-line
examination, but its/dia’ghostic p/erformance is variable because metastatic deposits may
be small or palﬁa/l and ]may preserve apparently benign nodal morphology, whereas
reac/ti/ve ﬁgrd’/e/s’ rﬁéy show cortical thickening, altered vascularity, or other suspicious

chénges. Previous studies and guidelines have therefore emphasised that no single

~conventional ultrasound sign is sufficiently reliable in all patients, and diagnostic

performance is affected by nodal size, operator experience, feature definition, and the
reference standard used (Haugen et al. 2016; Mulla et al. 2012; Chung et al. 2022). This
limitation has direct clinical consequences: false-negative assessment may leave
metastatic lateral disease untreated at the initial operation, whereas false-positive
assessment may expose patients to unnecessary lateral neck dissection and associated

neurological, vascular, lymphatic, and cosmetic morbidity.

Adjunctive methods improve different dimensions of this uncertainty but
remain incomplete when used alone. Published CEUS evidence has reported high
pooled diagnostic performance for differentiating benign and malignant cervical lymph

nodes, including pooled sensitivity and specificity of approximately 95% and 87%,
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respectively, although most studies used the blood-pool agent SonoVue and
heterogeneous diagnostic criteria (Yu et al. 2023). In addition, CEUS combined with
FNA-Tg has been reported to achieve sensitivity of 97.3% and a negative predictive
value of 93.0%, illustrating the potential value of combining functional imaging with
biochemical confirmation (Liu et al. 2022). Nevertheless, FNA-Tg remains affected by
assay and cut-off variability, conventional blood-pool CEUS provides only a short
vascular observation window, and evidence for intravenous Sonazoid post-vascular
imaging of lateral cervical lymph nodes remains comparatively limited. Radiomics adds
quantitative information beyond visual interpretation, but published thyroid radiomics
studies are predominantly retrospective, frequently single-centre, and often focus on
central rather than lateral nodal disease, with substantial heterogeneity in '/ilhage
acquisition, segmentation, feature selection, and validation (Gillies et al. /2016; Liu et

al. 2024). a I\

-

O

The central research gap is therefore the faek of a unified and clinically
interpretable evaluation| that directly compa je‘sA‘aﬁd integrates structural ultrasound
information, Sonazoid Vascular— /and post vascular-phase information, FNA-Tg
biochemical evidence, and radio ,omms based quantitative information in the same lateral-
node cohort under a«:on}mstem reference standard. Existing studies do not adequately

establish the-ineremental contribution of each component, the most informative

- p, A

Sonazoid phase for quantitative modelling, or whether radiomics provides clinically

meaningful information beyond conventional multimodal assessment. To address these

“gaps, this study compared qualitative and quantitative strategies, evaluated

conventional ultrasound, multiphase Sonazoid CEUS, and FNA-Tg alone and in
combination, and developed modality-specific radiomics models for preoperative

LLNM prediction.

1.3 OBJECTIVES OF THE RESEARCH

1.3.1 General Objective

The general objective of the present study was to develop and evaluate a multimodal
and radiomics-based diagnostic framework for the preoperative prediction of lateral

cervical lymph node metastasis in papillary thyroid carcinoma.



1.3.2

Specific Objectives

To evaluate and compare the diagnostic performance of conventional
ultrasound, Sonazoid contrast-enhanced ultrasound, and fine-needle aspiration
thyroglobulin in the preoperative assessment of lateral cervical lymph node

metastasis in papillary thyroid carcinoma.

To assess whether quantitative approaches, including radiomics analysis,
provide superior diagnostic accuracy compared with conventional qualitative

assessment.

To investigate the incremental diagnostic value of multimodal ir;tegfatibn by

combining imdging modalities and biochemical markers.

-

To develop radiomics-based predictive models using multiphase ultrasound
data and evaluate the performance, st/abilit/y, and clinical utility of the
developed models, including pomp/@s;’n of machine learning classifiers and
assessment of their/ pfsz?;lﬁal role in supporting surgical planning and

personalized mandgetient.
-
-

- I

1.4  RESEARCH QUESTIONS

-

-

a.

What are the diagnostic performances of conventional ultrasound, Sonazoid
contrast-enhanced ultrasound, and fine-needle aspiration thyroglobulin in the
preoperative assessment of lateral cervical lymph node metastasis in papillary

thyroid carcinoma?

Do quantitative approaches provide superior diagnostic accuracy compared to

conventional qualitative assessment for suspicious lateral cervical lymph nodes?

Does multimodal integration of ultrasound modalities and fine-needle
aspiration thyroglobulin improve the accuracy of preoperative prediction, and
can effective radiomics-based models be developed using multiphase

ultrasound data?



d. How do different machine learning classifiers and imaging modalities compare
in terms of predictive performance and stability, and can the resulting models
provide clinically meaningful support for surgical planning and personalized

management?
1.5 RESEARCH HYPOTHESES

The present study was based on the following hypotheses:

1.5.1 General Hypothesis

The general hypothesis of the present study was that-a multimodal and radiomics-based
diagnostic framework could improve the preoperative prediction’ of lateral cervical
lymph node metastasis in papillary thyroid carcinoma, and would demonstrate superior

diagnostic performance compared with single-modality assessment.

A aD
1.5.2  Specific Hypotheses o -t
/ o /y \ -
a. It was hypothesized:that conventional ultrasound, Sonazoid contrast-enhanced

ultrasotind, and]ﬁne—needle aspiration thyroglobulin would show significantly
/c/lfffgfenf/diagnostic performance in the preoperative assessment of lateral

o cervical lymph node metastasis in papillary thyroid carcinoma.

b. It was hypothesized that quantitative approaches, including radiomics analysis,
would achieve superior diagnostic accuracy compared with conventional

qualitative assessment.

C. It was hypothesized that multimodal integration of imaging modalities and
biochemical markers would provide incremental diagnostic value beyond
single-modality assessment, and that radiomics-based predictive models
derived from multiphase ultrasound data would effectively predict lateral

cervical lymph node metastasis.
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d. It was hypothesized that the developed models would demonstrate good
performance, stability, and clinical utility, and that different machine learning
classifiers would show different levels of predictive performance in supporting

surgical planning and personalized management.
1.6 SIGNIFICANCE OF THE STUDY

The principal original contribution of this study is the development and direct
comparative evaluation of a unified preoperative framework that integrates
conventional ultrasound, multiphase Sonazoid contrast-enhanced ultrasound, FNA-Tg,
and modality-specific radiomics for lateral cervical lymph node metastasis. In contrast
to previous studies that generally evaluated these compenents separqtely,jhe present
study assessed their individual,-complementary,-and incregnentéﬂ, diagnostic value

within the same patient cohort and against a common referénce standard.

e v

£ -

The methodological contr1but10r( Alqs in demonstrating that radiomics
performance depends not only ort clasmﬁer selection but also on the biological
relevance and temporal stéﬁrhty/ of the source image. By comparing grayscale
ultrasound, colcir /de/p}er flov/v imaging (CDFI), and arterial-, venous-, and post-
Vascular-ppazs/e Sgnazoid images, the study provides a phase-specific evaluation of the
imaging /su/bstrate used for quantitative modelling. This approach helps clarify why

post-vascular Sonazoid imaging may provide more informative and reproducible

“features than conventional or early vascular-phase images.

The clinical contribution is the definition of a risk-based diagnostic pathway
rather than the promotion of a single superior test. Conventional ultrasound provides
the initial anatomical assessment; Sonazoid CEUS adds phase-specific functional and
tissue-related information; FNA-Tg supplies biologically specific biochemical evidence;
and radiomics offers an additional quantitative layer. Their integration may improve the
identification of patients who require therapeutic lateral neck dissection while reducing

missed metastases and unnecessary surgery.
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The study therefore contributes original knowledge at three levels: it
establishes a unified multimodal comparison for preoperative LLNM prediction,
provides evidence for biologically informed selection of radiomics imaging substrates,
and proposes a clinically interpretable framework in which radiomics supports rather
than replaces multimodal clinical assessment. These findings provide a foundation for
prospective multicentre validation, standardized acquisition and segmentation protocols,

and future integration with clinical and molecular variables.

1.7 SCOPE OF THE STUDY

The present study focused on the preoperative assessment of lateral cervical lymph node
metastasis in patients with-papillary thyroid carcinoma-1Its scope was defined in terms
of study population, diagnestic-modalities;-analytical-methods, and intended clinical

application. -

First, the study population was /h/m;fé;d /to patients with papillary thyroid
carcinoma who underwent preogg{aﬁyé evalu;tion for suspicious lateral cervical lymph
nodes. The study speciﬁcaﬂf adéfessed metastatic involvement of the lateral cervical
compartment agd did ]not \pri/marily focus on central compartment lymph node
metastasis or Qtﬁcy thyroid malignancies (Mulla et al. 2012). Therefore, the findings are
most- di/r;&lfy applicable to the diagnostic assessment and management of lateral

cervical lymph nodes in PTC.

Second, the study was confined to selected diagnostic modalities relevant to
preoperative evaluation. These included conventional ultrasound, Sonazoid contrast-
enhanced ultrasound, fine-needle aspiration thyroglobulin, and radiomics-based
modelling derived from ultrasound images. Within the radiomics component, the study
examined features extracted from multiple ultrasound modalities, including two-
dimensional ultrasound, CDFI, and phase-specific Sonazoid-enhanced ultrasound
images. Other imaging modalities, such as computed tomography (CT), magnetic
resonance imaging (MRI), positron emission tomography (PET), or molecular imaging

techniques, were beyond the scope of the present investigation.



Third, the study focused primarily on diagnostic prediction rather than
therapeutic intervention. Its main aim was to evaluate the ability of multimodal and
radiomics-based approaches to predict lateral cervical lymph node metastasis before
surgery. Although the study considered the potential clinical implications of improved
prediction for surgical planning and patient management, it did not directly assess
treatment outcomes, postoperative complications, long-term survival, or recurrence

through a prospective interventional design.

Fourth, the radiomics analysis was limited to handcrafted feature extraction
and machine learning-based predictive modelling derived from the available ultrasound
data. While different classifiers were compared, the study did not extend to fully deep
learning-based end-to-end image analysis or automated clinical deploymeﬁt systefﬁs. In
addition, although efforts were made to assess model stability aﬁd géneralizability,
validation was primarily performed within the availalglefst/udy dataset and test cohort,
rather than across large-scale external multicenter populations (Gillies et al. 2016).

o /// j

Fifth, the study was cgndﬁqted Witil/in a defined methodological framework
that emphasized multimodal/in/te/g}ation, quantitative analysis, model validation, and
clinical interprgtabifity.] Bgoader issues such as health economics, regulatory
implemegtat’igﬁ/, and large-scale workflow integration were considered only in terms of

-

future impl/ications rather than as primary study objectives.

In summary, the present study was limited to the multimodal preoperative
prediction of lateral cervical lymph node metastasis in papillary thyroid carcinoma
using conventional ultrasound, Sonazoid contrast-enhanced ultrasound, FNA-Tg, and
radiomics-based modelling. Its scope was diagnostic and methodological, with
particular emphasis on improving preoperative risk stratification and supporting

clinically relevant decision-making.
1.8 OPERATIONAL DEFINITIONS OF KEY TERMS

For the present study, the following key terms were operationally defined:
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a. Papillary thyroid carcinoma (PTC)

A histologically confirmed malignant epithelial tumor arising from thyroid follicular

cells and classified as papillary thyroid carcinoma.

b. Lateral cervical lymph node metastasis (LLNM)

Metastatic involvement of lymph nodes located in the lateral cervical compartment in
patients with papillary thyroid carcinoma, confirmed by pathological examination and

used as the primary outcome variable in the study.

c. Fine-needle aspiration cytology (FNAC) -

A diagnostic procedure in which cells are aspirated from suspicious lﬁnph nodes under

ultrasound guidance for cytological examination.
A aD
d. Fine-needle aspiration thyroglobulin-@*NA-Tg)

. g ¥

0y

- v A
The thyroglobulin concéntratien measured in needle-washout fluid obtained after

ultrasound-guided /ﬁne-heedle aspiration of a suspicious lymph node, used as a

biochemicﬁ)ﬂ indicator of| metastatic thyroid tissue.

-

-

e Conventional ultrasound (US)

Routine grayscale ultrasound examination used to assess lymph node morphology and
structural characteristics such as size, shape, echogenicity, hilum status, calcification,
cystic change, and CDFI was an ultrasound technique used to evaluate blood flow

distribution and vascular patterns within lymph nodes.

f. Contrast-enhanced ultrasound (CEUS)

An ultrasound imaging method using intravenously administered microbubble contrast

agents to assess nodal perfusion characteristics and enhancement patterns.
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g. Sonazoid contrast-enhanced ultrasound (Sonazoid CEUS)

A CEUS technique using perfluorobutane microbubbles as the contrast agent, enabling

assessment of both vascular-phase and post-vascular-phase enhancement characteristics.

h. Arterial phase

The early phase after contrast administration, during which the microbubbles circulate

predominantly within the arterial system, and early nodal perfusion is observed.

i. Venous phase

-

e

The subsequent vascular phase, after arterial enhancement, during vyhi/ch contrast

washout and delayed perfusion characteristics can be assessed.

_~
- p

y '3 -

j- Post-vascular phase (—
A

The latter phase, after Sona /zdfg‘ administration, in which persistent tissue-related

contrast retention can be observed beyond the purely vascular circulation phase.

/

o |
k. ) R@(iiOmiCS

-

A quantitative imaging analysis approach involving the extraction of high-dimensional
features from medical images to characterize image intensity, texture, shape, and spatial

heterogeneity.

L. Radiomics feature

A quantitative descriptor extracted from medical images that numerically represents a
specific imaging characteristic, such as texture, intensity distribution, shape, or spatial
relationship; includes gray-level size zone matrix (GLSZM), first-order features, gray-
level dependence matrix (GLDM), shape features, gray-level co-occurrence matrix
(GLCM), neighbouring gray tone difference matrix (NGTDM), and gray-level run
length matrix (GLRLM), etc.



12

m. Region of interest (ROI)

The manually or semi-automatically delineated area of a lymph node on an image from

which radiomics features are extracted.

n. Machine learning classifier

A computational algorithm used to learn the relationship between radiomics features
and lymph node metastatic status for predictive modelling, such as Logistic Regression
(LR), Naive Bayes, support vector machine (SVM),k-Nearest Neighbor (KNN),
Random Forest (RF), ExtraTrees, Extreme Gradient Boosting (XGBoost), LightGBM,

gradient boosting, AdaBoost, multilayer pereeptron(MLP). ¢

o. Least Absolute Shrinkage and Selection Operator (LAéSO)

A regularization and variable selection metpgd’/used 11 regression analysis, in which an
- « A
L1 penalty is applied to the absolute values-of regression coefficients to shrink less

important coefficients towards Zete and, in some cases, reduce them exactly to zero,
- v A

thereby selecting the most relevant features and reducing overfitting in radiomics-based

modelling. ) !

-
€ s

A —’

p- Decision curve analysis (DCA)

A method used to evaluate the clinical usefulness of a diagnostic model or predictive
model by quantifying its net benefit across a range of threshold probabilities, thereby
assessing whether the model provides meaningful support for clinical decision-making

in radiomics-based modelling.

q. Calibration Curve

Calibration curves were used to evaluate the agreement between the predicted

probabilities and the observed frequencies of lateral cervical lymph node metastasis



13

r. Sample-level prediction scores

Quantitative output values generated by a predictive model for each sample,
representing the estimated probability, confidence, or likelihood that the sample belongs

to a particular class or outcome category in radiomics-based modelling.

S. Multimodal diagnostic framework

An integrated diagnostic approach combining conventional ultrasound, Sonazoid
contrast-enhanced ultrasound, fine-needle aspiration thyroglobulin, and radiomics-

based modelling for the prediction of lateral cervical lymph node metastasis.

-

e

1.9 ORGANIZATION OF THE THESIS R\ / P /

-

—

This thesis is organized into six chapters, each adgireséi/ng\a specific component of the
research process and contributing to t%le /e/véiall/ ivestigation of multimodal and
radiomics-based prediction of lateral” eervieal lymph node metastasis in papillary
thyroid carcinoma. gANIy ‘

Chapteij/One ﬁresents the general introduction to the study. It includes the
research 4ty)/ac/ligré‘{md, problem statement, general and specific objectives, research

questions, research hypotheses, significance of the study, scope of the study, and

_operational definitions of key terms.

Chapter Two reviews the relevant literature related to papillary thyroid
carcinoma, lateral cervical lymph node metastasis, conventional ultrasound, contrast-
enhanced ultrasound, fine-needle aspiration thyroglobulin, radiomics, and multimodal
diagnostic approaches. It also identifies current knowledge gaps and provides the

theoretical basis for the present study.

Chapter Three describes the research methodology. It outlines the study
design, study setting, study population, inclusion and exclusion criteria, data collection
procedures, imaging protocols, radiomics workflow, machine learning modelling,

outcome measures, and statistical analysis methods.
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Chapter Four presents the results of the study. It reports the diagnostic
performance of conventional ultrasound, Sonazoid contrast-enhanced ultrasound, and
FNA-Tg, as well as the results of multimodal integration and radiomics-based

modelling. Validation findings and comparative model performance are also described.

Chapter Five discusses the findings in relation to previous studies and the
broader clinical and methodological context. It interprets the diagnostic value of the
evaluated modalities, the significance of multimodal integration, the role of radiomics

and machine learning classifiers, and the clinical implications of the findings.

Chapter Six provides the overall conclusion and recommendations. It
summarizes the main findings of the study, highlights their clinical and research
implications, limitation 'of the study and proposes recommendations fot practice and

future investigation. o



CHAPTER 11
LITERATURE REVIEW

2.1 INTRODUCTION OF PAPILLARY THYROID CARCINOMA AND
LATERAL CERVICAL LYMPH NODE METASTASIS

-

Papillary thyroid carcinoma (PTC) is the predominant differentiated thyroia maligﬁancy.
Although disease-specific survival is generally excellent, cervical 1/ymphatic spread is
common and materially affects staging, recurrence ’I'iS/k, surgical planning, and
surveillance. Lateral cervical lymph node mngstésjs (LLNM) is especially important
because it may require therapeutic neck diss/efti&l, a procedure associated with greater
technical complexity and morb’i/d;t}? than central compartment surgery (Haugen et al.

RN

CXs
2016; Guetal. 2025). | [ "

vV

o
-

P l
PTC demonstrates marked biological heterogeneity. Some tumours remain

-

indolent for ‘many years, whereas others show multifocality, extrathyroidal extension,
éggressive variants, or early nodal dissemination. This heterogeneity explains why
“nodal status cannot be inferred reliably from the behaviour of the primary tumour alone
and why direct assessment of the lateral neck is required (Haugen et al. 2016; Stack et

al. 2012).

LLNM is clinically distinct from central compartment metastasis. Lateral
disease is more likely to alter the operative field, extend surgical duration, and expose
patients to injury of the spinal accessory nerve, internal jugular vein, cervical plexus,
and thoracic duct. The diagnostic threshold for recommending surgery must therefore

balance oncological completeness against avoidable morbidity.



\

16

The relevance of LLNM extends beyond a binary metastatic status. Nodal
burden, size of the largest metastatic focus, number of involved levels, extranodal
extension, and the relationship between nodal disease and the primary tumour all
influence recurrence risk and the intensity of subsequent management. Consequently, a
clinically useful preoperative assessment should not merely detect abnormal nodes; it
should also characterize the probability, distribution, and biological plausibility of

metastatic involvement (Filetti et al. 2019).

A further difficulty is that the reference standard itself may vary across studies.
Histopathology after compartment dissection offers the strongest confirmation but is
available only in operated patients, whereas cytology, biochemical anz}lysi’s,/ and
longitudinal imaging fellow-up are often used in non-operated cohorts.” This
heterogeneity partly explains the variability in reported diagnosti;:ff performance and

highlights the importance of clearly defining node-level and patient-level outcomes.

- p

y '3 -

2.1.1 Epidemiology and Clinical Proﬁlenﬁapiiary Thyroid Carcinoma

-

P

PTC accounts for approximzf’[/e};/ %D—SS% of thyroid malignancies. Its rising incidence
is attributed larg/ely‘t/oyir]npr(\)véi detection through high-resolution imaging, although
genuine epide/miglogical changes may also contribute. Despite an indolent course in
many pét/ieﬁts, cervical lymph node metastasis is reported in a substantial proportion of

cases and is associated with locoregional recurrence, reoperation, and intensified

“follow-up (Ruiz et al. 2020).

PTC should therefore not be considered uniformly low risk. Tumour size,
histological subtype, multifocality, extrathyroidal extension, molecular profile, and
nodal distribution contribute to biological heterogeneity and should be integrated into

risk-adapted management(Yilmaz et al. 2023).

The apparent increase in PTC incidence has been driven partly by the detection
of small tumours through high-resolution ultrasound and cross-sectional imaging.
Nevertheless, the clinical burden is not determined by incidence alone. The distribution

and volume of cervical nodal disease influence recurrence patterns, the need for
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adjuvant treatment, and the intensity of postoperative surveillance (Haugen et al. 2016;

Filetti et al. 2019).

Age, tumour size, upper-pole location, multifocality, extrathyroidal extension,
and selected molecular alterations have been associated with cervical nodal spread.
However, none of these variables is sufficiently accurate to replace direct lymph node
evaluation. They are better regarded as contextual risk factors that modify pre-test

probability.

2.1.2 Patterns and Characteristics of Lateral Cervical Lymph Node Metastasis

-

PTC most commonly spreads  through-the cervical-lymphatic system. Central
compartment nodes are-often-involved-first;-followed-by-levels IifV; however, skip
metastasis may occur, particularly from upper-pole tumours that drain along the

superior thyroid vessels (Yilmaz et al. 2023). a v

NP,

LLNM is associated with larger tumours, multifocality, extrathyroidal

extension, greater recurrene{_r/islz;T and more complex surgery. Although its effect on
A Ta.

overall survival maybe ]limited in younger patients, it has important consequences for

disease-frqesufviyal and the need for reoperative treatment (Dong et al. 2024; Haugen

et al- 2016/),./ The lateral neck contains several nodal levels with different drainage

pathways and anatomical constraints. Levels III and IV are commonly involved, while

“level II disease may occur in upper-pole tumours. Level V involvement is less frequent

but clinically relevant because posterior triangle dissection may increase shoulder

morbidity (Haugen et al. 2016; Stack et al. 2012; Kessler et al. 2003).

Metastatic deposits may replace the entire node or involve only a focal cortical
region. Partial replacement explains why some metastatic nodes retain a fatty hilum or
oval contour. Conversely, reactive nodes may become enlarged and hypervascular. The
biological spectrum of nodal involvement therefore produces considerable overlap in
imaging appearance (Stack et al. 2012). Recent evidence also emphasizes the prognostic
importance of nodal burden rather than nodal positivity alone. The number and size of

metastatic nodes, extranodal extension, and involvement of multiple lateral levels may



18

provide more clinically meaningful information than a simple N1b category. These
factors influence recurrence risk and the intensity of postoperative surveillance.
Nevertheless, they are generally available only after surgery; preoperative imaging must
therefore identify not only whether metastasis is present, but also its distribution and
probable extent (Haugen et al. 2016). Skip metastasis illustrates why central and lateral
compartments cannot be assessed sequentially in a rigid manner. Upper-pole tumours
may drain directly to the lateral neck, and small primary tumours may coexist with
clinically meaningful lateral disease. A systematic level-by-level lateral neck
examination is therefore required even when the central compartment appears negative

(Haugen et al. 2016; Kessler et al. 2003).

-

The distribution/of TLNM is nof random. Levels III and IV are freqﬁently
involved because of drainage along the internal jugular chari/n, while level II
involvement is particularly relevant in upper-pole turr/lours/. Level V metastasis is less
common but may be overlooked because of /its posterior location and the technical
limitations of routine ultrasound. Multi;level/ E&I/'stcése and extranodal extension generally
indicate a greater tumour burden and may justify more extensive surgical planning
(Dong et al. 2024). Skip. mta/ta’s/t;s}s challenges the assumption that a normal central
compartment exfg:]ude/s’ l?tereil disease. Direct drainage from the superior thyroid pole
toward the "’lgtér;al chain may permit lateral spread without demonstrable central

-

involvement: This phenomenon reinforces the need for systematic lateral neck

examination even in patients with small primary tumours or apparently negative central

“nodes (Di Filippo et al. 2026).

2.1.3 Surgical and Diagnostic Management of Lateral Cervical Lymph Node
Metastasis for Papillary Thyroid Carcinoma

Prophylactic lateral neck dissection is not routinely recommended because clinically
significant LLNM is not universal and surgery may cause shoulder dysfunction, chyle
leakage, nerve injury, vascular injury, and cosmetic morbidity. Current guidelines
therefore favour therapeutic dissection when metastasis is confirmed preoperatively

(Haugen et al. 2016; Thigpen and Shah 2008).
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This policy makes diagnostic accuracy central to management. False-negative
assessment may lead to incomplete initial surgery and later reoperation, whereas false-
positive assessment may expose patients to unnecessary dissection. Conventional
ultrasound remains the first-line method, but its limitations justify complementary
functional, biochemical, and quantitative approaches. Preoperative confirmation is
especially important because lateral neck dissection is usually planned as a
compartment-oriented procedure rather than removal of a single visible node. A false-
positive result may therefore lead to a much larger operation than the diagnostic target

itself would suggest (Haugen et al. 2016; Stack et al. 2012).

Diagnostic evaluation is typically stepwise. Ultrasound identifies andifnap‘s
suspicious nodes; fine-needle aspiration provides cytological and "biochemical
confirmation; cross-sectional imaging may be added when di/seasé/ifs extensive, deep,
or anatomically complex. Newer techniques such as C/EUS/ and radiomics are intended
to improve confidence before invasive conﬁrgathp of surgery (Haugen et al. 2016).
The consequences of diagnostic error are a{yzn&etric. Missing a true metastatic node
may result in incomplete initialireé‘gment, persistent disease, and a technically more
difficult reoperation. Con‘i/e/l’s‘;l/y;T falsely diagnosing metastasis may lead to an
unnecessary corppaft/rhept d{ssection with risks of accessory nerve dysfunction, chyle
leak, sensory ciiS{turbance, and visible scarring (Zhang et al. 2023). The preferred
diagn’os:cic I/)athway must therefore achieve high sensitivity without sacrificing clinically

-

meaningful specificity.

From a decision-theory perspective, the value of a diagnostic test depends not
only on its AUC but also on the probability threshold at which the result changes
management. A test may be statistically accurate yet clinically unhelpful if it does not
alter the decision to observe, aspirate, or operate. This distinction is important when

evaluating advanced imaging and radiomics models.

2.14 Methodological Heterogeneity, Selection Bias, and Reference Standards

Interpretation of the diagnostic literature requires attention to heterogeneity that extends

beyond the imaging technique itself. Studies differ in whether they recruit consecutive
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patients, only surgically treated patients, or only lymph nodes already considered
suspicious on conventional ultrasound. Cohorts enriched with overt metastatic disease
may yield higher sensitivity and area under the curve than routine clinical populations
containing small, partially replaced, or inflammatory nodes. Conversely, studies
confined to indeterminate nodes may underestimate the apparent performance of highly
specific signs because unequivocal benign and malignant appearances have been
excluded. Diagnostic estimates should therefore be interpreted in relation to disease
spectrum, inclusion criteria, nodal compartment, and whether analysis is performed at

the patient or node level (Haugen et al. 2016; Stack et al. 2012; Mulla & Knoefel 2012).

Selection and verification bias are particularly relevant. Nodes with/sfrbngly
suspicious imaging findings are more likely to undergo aspiration or surg/ery, whereas
benign-appearing nodes are often verified only by fOllOW-up./,Whét’l" histopathology is
available predominantly in high-risk cases, specificity gnay\Be overestimated, and occult
false-negative disease may be underrepre/s/enfegi. Mixed reference standards—
histopathology, cytology, FNA-Tg, and lor@iu&nal imaging—improve feasibility but
are not methodologically equivale/nt Histopathology after compartment dissection
provides the strongest con 1rmat1on while follow-up depends on duration, imaging
quality, and the assumpt}on that stability excludes microscopic metastasis (Stack et al.
2012; Haugen etgl. 2016).

Reference-standard heterogeneity also affects comparisons among modalities.

" A test evaluated against node-by-node pathology addresses a different question from a
patient-level analysis in which one positive node determines metastatic status. Similarly,
surgical series may include larger or more aggressive nodes than surveillance cohorts.
Robust literature synthesis therefore requires consideration of spectrum effects, partial
verification, incorporation bias, and the independence of the index test from the
reference standard (Stack et al. 2012; Mulla and Knoefel 2012). These issues explain
part of the wide variation in reported diagnostic performance and support cautious

interpretation of apparently superior AUC values across separate studies.
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2.2 CONVENTIONAL ULTRASOUND FOR THE ASSESSMENT OF LATERAL
CERVICAL LYMPH NODES

Conventional ultrasound is the first-line imaging method for lateral cervical lymph node
assessment because it is accessible, radiation-free, inexpensive, and capable of real-time
morphological and vascular evaluation. It also permits immediate ultrasound-guided

aspiration when indicated (Haugen et al. 2016; Kessler et al. 2003).

Its principal limitation is that benign reactive and metastatic nodes may share
similar appearances. Diagnostic performance therefore depends on combined
interpretation of grayscale and Doppler findings rather than any single feature (Sohn.et
al. 2010; Mulla and Knoefel 2012; Filetti et al. 2019). c ’

e

Ultrasound examination should be systematic and levél-based. The operator
evaluates nodal distribution, short-axis diameter, shape; é/chogenicity, hilum, cortical
pattern, calcification, cystic change, and Vascularlty/whlle comparing suspicious nodes
with adjacent benign-appearing nodes." "[/( contextual comparison is often more
informative than a single abso/lut@t\hreshold (Filetti et al. 2019). Although CT and MRI
may provide complementaf)i anatomical information, ultrasound remains superior for
superficial high-re/sz)lunion assessment and image-guided sampling. Its main
disadvaptagé is that image acquisition and interpretation occur simultaneously, making
the final diagnosis dependent on the examiner’s technique and experience (Kessler et

al. 2003; Haugen et al. 2016).

A comprehensive ultrasound examination should include transverse and
longitudinal scanning from the submandibular region to the supraclavicular fossa, with
documentation by cervical level. Suspicious nodes should be assessed in relation to the
carotid sheath, sternocleidomastoid muscle, clavicle, and adjacent nerves and vessels
because these relationships influence both sampling feasibility and operative planning

(Ahuja and Ying 2005; Filetti et al. 2019).

Conventional ultrasound also functions as the gateway to subsequent tests. It
identifies the node selected for CEUS, defines the region of interest for quantitative

analysis, and guides FNA-C and FNA-Tg. Its value therefore persists even when an
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adjunctive modality ultimately provides the decisive evidence (Haugen et al. 2016;

Chung et al. 2001).
2.2.1 Grayscale Ultrasound for Lateral Cervical Lymph Node Assessment

Grayscale assessment includes nodal size, shape, long-to-short axis ratio, echogenicity,
cortical thickness, hilar status, margins, calcification, and cystic change. Round shape,
loss of the fatty hilum, heterogeneous echotexture, punctate echogenic foci, and cystic
degeneration increase suspicion for metastasis (Ahuja and Ying 2005; Filetti et al. 2019).
No single criterion is sufficiently reliable. Reactive nodes may be enlarged or cortically
thickened, while small metastatic deposits may preserve an oval shape and echogenic
hilum. Size thresholds alse-vary by nodal level and-perform poorly /\/Vhen' ‘used
alone(Leenhardt et al. 2013).-Graysecale-findings-should ther/efore/b,e interpreted as a

pattern rather than as isolated binary signs. -

Certain findings have relatively /Hi,g%}péciﬁcity. Punctate echogenic foci
compatible with microcalciﬁcat/i(/)\nsﬂ /cglstic cggeneration, and focal hyperechogenicity
are strongly suggestive of n(ctésfaftic PTC. However, these features are not sensitive
because they ocgu/rofﬂy ]in a\sugset of metastatic nodes (Ahuja and Ying 2005; Kessler
et al. 2003; Fl/let'EI et al. 2019). Loss of the echogenic hilum and a round configuration
are con{n;o'ﬁ/suspicious features but are less specific. The hilum may be absent in small

normal nodes, and reactive nodes may become round during inflammation (Cai et al.

“2025; Di Filippo et al. 2026). Similarly, a small short-axis diameter does not exclude

metastasis, especially when tumour deposits are focal.

These observations support a pattern-based approach in which multiple
features are considered together. A weighted score may improve consistency by
assigning greater importance to highly specific findings while reducing reliance on size

alone (Kessler et al. 2003; Filetti et al. 2019).

The diagnostic significance of individual grayscale features differs.
Microcalcifications and cystic degeneration have high specificity for metastatic PTC
but relatively low sensitivity. Loss of the fatty hilum and round shape are more common

but less specific because they may also occur in reactive or small normal nodes.
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Hyperechogenicity can reflect intranodal deposits of thyroid tissue, but subtle

echogenic change is prone to observer variation (Stack et al. 2012; Ferreira et al. 2013).

The long-to-short-axis ratio is often used as a surrogate for shape, yet its
threshold varies among studies (Ardakani et al. 2018). A binary cut-off may
oversimplify a continuous morphological transition from elongated benign nodes to
rounder metastatic nodes. Quantitative scoring systems can preserve more information
by assigning graded weights to multiple features rather than treating each sign as

independently positive or negative.
2.2.2 Color Doppler Flow Imaging in Lateral Cervical Lymph Nodes e

Color Doppler flow imaging (CDED)-complements grayscale/ultraéound’by depicting
vascular distribution. Benign or reactive nodes usually “show hilar flow, whereas
metastatic nodes more often demonstrate peripheral rr;ixed or disorganized vascularity
(Ahuja and Ying 2005; Kim et al. 2017) How /ev er, inflammatory hypervascularity may
mimic malignancy, while necrotlc rrietastases may show little detectable flow. Doppler
findings are also affected /b§/gam, pulse repetition frequency, transducer pressure,
patient position,/gr/ldf‘dpellrator\ ex?)erience, which limits reproducibility (Yuan et al. 2006;

Chammas 20 19)

-

Peripheral vascularity is thought to arise from tumour-induced
“neovascularization, whereas preserved hilar flow reflects normal nodal architecture.
Mixed vascularity may indicate partial replacement or coexistence of residual hilar

vessels and peripheral tumour vessels(Ahuja and Ying 2005).

Spectral Doppler indices have also been explored, but their clinical use remains
limited because measurements are technically sensitive and show substantial overlap
between benign and malignant nodes (Ahuja and Ying 2005; Chammas 2019). CDFI

therefore contributes supportive rather than definitive evidence.

Vascular distribution is biologically linked to nodal architecture. Hilar vessels

are usually preserved in benign lymph nodes, whereas peripheral or mixed vascularity
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may reflect tumour-driven angiogenesis and destruction of the normal vascular tree.
Nevertheless, these patterns are influenced by inflammation, necrosis, and technical

settings, which explains their limited standalone specificity (Kim et al. 2017).

Power Doppler and microvascular flow techniques may improve sensitivity for
low-velocity vessels, but they remain sensitive to motion and transducer pressure. Thus,
Doppler assessment should be standardized and interpreted as complementary evidence

rather than a definitive marker of metastatic status (Zhao et al. 2021).

223 Combined Interpretation of Morphological and Vascular Features in Lateral
Cervical Lymph Nodes P

-

e

Clinical ultrasound diagnosis is based on the combined interpretation of morphology
and vascularity. This approach improves confidence compared with is"olat/ed criteria, but
indeterminate combinations remain common, such as préS\e/:rved hilar architecture with
peripheral flow or suspicious morphology with minimal vascularity. (Ahuja and Ying

2005; Mulla and Knoefel 2012) _ ¢ b S

P >

Weighted or quanfi:t/aﬁyejscoring may reduce subjectivity, yet conventional
ultrasound still /r,eﬂéo/ts only macroscopic features and cannot directly characterize the
biochen/liofcll/or microstructural chan ges associated with early metastasis. This limitation
provi/des the/rationale for adjunctive FNA-Tg, CEUS, and radiomics (Ahuja and Ying

2005; Haugen et al. 2016).

Combined interpretation is clinically useful because malignant transformation
is rarely expressed through a single feature. For example, a round node with absent
hilum and peripheral vascularity is more suspicious than a node showing only one of

these findings.

Nevertheless, combinations remain qualitative unless formal scoring rules are
applied. Different observers may assign different importance to the same findings,
resulting in inconsistent classifications. Quantitative scoring systems aim to translate
this multidimensional assessment into a reproducible estimate of metastasis risk

(Bournaud et al. 2010).
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2.2.4 Limitations of Conventional Ultrasound in Lateral Cervical Lymph Nodes

Ultrasound performance is constrained by anatomical complexity, variable nodal depth
and orientation, and partial shielding by muscles or vessels. Image quality and
interpretation also depend heavily on examiner experience, scanning technique,

equipment settings, and diagnostic thresholds.

Published sensitivity and specificity vary substantially across studies,
reflecting differences in populations, protocols, and reference standards. Interobserver
agreement is often only moderate for cortical thickness, hilum status, and vascular
distribution (Mulla and Knoefel 2012). These limitations reduce standardizatio;i and
may affect decisions regarding lateral neckdissection: Anatomical acgessfbility differs
across nodal levels. Deep-level 1l-nodes-may-be-partially obsc/:’ured/b,y the mandible or
sternocleidomastoid muscle, while low level IV nodes may be difficult to visualize near
the clavicle. Obesity, short neck conﬁgurati/on,/pO;toperative change, and patient

motion further reduce image quality (Chamfnas 2019).

-

PR

Operator dependen{e/’afifécts both acquisition and interpretation. A poorly
optimized image/ may C()]nceél sflbtle calcification or vascularity, while an experienced
examiner may, i'/cflef/ntify suspicious focal changes that are not captured in a single stored
image. Tile/se factors complicate retrospective review and multicentre standardization

(Mulla et al. 2012). Another limitation is verification bias. Nodes with strongly

“suspicious ultrasound findings are more likely to undergo aspiration or surgery, while

benign-appearing nodes are often followed without pathological confirmation. Studies
that do not account for this process may overestimate specificity or underestimate false-

negative disease (Kim et al. 2017).

Reproducibility is also affected by the use of static representative images. Real-
time examination allows dynamic comparison, compression, multiplanar assessment,
and targeted Doppler interrogation, whereas retrospective review is restricted to
selected frames. The diagnostic performance of stored images may therefore differ from

that of an experienced examiner performing the complete examination.
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2.2.5 Failure Patterns of Conventional Ultrasound in the Lateral Cervical
Compartment

Two recurrent failure patterns are clinically important. First, small-volume metastases
may retain near-normal architecture and therefore produce false-negative findings.
Second, reactive lymphadenopathy may cause cortical thickening, altered echogenicity,

and increased vascularity, resulting in false-positive interpretation (Cai et al. 2025).

These errors arise because conventional ultrasound depicts downstream
macroscopic changes rather than tumour-specific biology. Higher image resolution
alone cannot fully resolve this limitation; complementary techniques are required when

findings remain equivocal (Murata 2018). -
False-negative ' findings are most likely when metastatic ’ deposits are
microscopic, focal, or located within an otherwise preserved node. They may also occur

in deeply situated nodes or when necrosis eliminatés detectable vascularity (Mulla et al.
2012). NG T

¢ -
«

P >

ANy
False-positive findings frequently arise in reactive nodes associated with
infection, autoimmﬁhe disease, or granulomatous inflammation. Such nodes may show
cortical thickeniﬂg, increased flow, and heterogeneous echogenicity. Recognizing these

failure patteins is essential when selecting nodes for aspiration(Stack et al. 2012).

12.2.6 Summary of the Role of Conventional Ultrasound in Lateral Cervical Lymph
Nodes

Conventional ultrasound is indispensable for initial detection, anatomical mapping, and
image-guided sampling. Its main strengths are accessibility, real-time assessment, and

high spatial resolution for superficial structures.

Nevertheless, overlap between benign and metastatic appearances, operator
dependence, and limited sensitivity for early or focal disease prevent ultrasound from
serving as a definitive standalone test. Its most appropriate role is as the foundation of

a broader multimodal diagnostic pathway.
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Taken together, the evidence supports a two-level interpretation of
conventional ultrasound. At the first level, highly specific findings such as cystic change,
punctate echogenic foci, or focal hyperechogenicity may justify direct sampling. At the
second level, nodes with less specific combinations require structured assessment using
multiple morphological and vascular features. This distinction is important because a

binary qualitative label may obscure the degree of diagnostic confidence(Murata 2018).

Quantitative or weighted scoring may serve as a pragmatic intermediate step
between visual interpretation and complex machine-learning analysis. Such scores
remain clinically interpretable, can be applied in real time, and provide a reproducible

comparator for evaluating whether CEUS, FNA-Tg, or radiomics (/)ffer’s,/true

incremental value.

-

23 FINE-NEEDLE ASPIRATION THYROGLO]}ULfN (FNA-TG) IN LATERAL
CERVICAL LYMPH NODE METASTASIS |

Fine-needle aspiration thyroglobulin/(FNﬁiTg measures thyroglobulin in needle
washout fluid from a suspicﬁ)us/jl\};mph node. It complements cytology, particularly
when aspirates are cystie, /r{ec/r/etié, or paucicellular, and provides a thyroid-specific
biochemical marker/ gf metastatic tissue (Jeon et al. 2013).

-
-
- -

FNA-Tg is especially useful in the lateral neck, where contamination from the

A —’

-

-

thyroid bed is less likely than in the central compartment. Its value, limitations, and role

in clinical decision-making are reviewed below (Pacini et al. 1992; Wang et al. 2020).

FNA-Tg is usually performed during ultrasound-guided aspiration by rinsing
the needle with a defined volume of saline and measuring thyroglobulin in the washout.
The result is interpreted together with cytology, serum thyroglobulin, anti-thyroglobulin
antibodies, and imaging findings (Wang et al. 2020). The method is particularly
valuable when cytology is compromised by cystic fluid, haemorrhage, fibrosis, or low
cellularity. In these situations, a biochemical marker may remain positive even when

malignant cells are not recovered.
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FNA-Tg occupies a distinctive position between imaging and pathology. It
does not provide direct histological proof, but it offers tissue-specific biochemical
evidence that is often more sensitive than cytology in cystic or paucicellular nodes. Its
interpretation is strongest when the sampled node has been accurately localized and

when the result is concordant with imaging and clinical context.

Pre-analytical factors are central to reliability. Needle gauge, number of passes,
washout volume, saline composition, sample transport, assay platform, and the interval
between aspiration and analysis may all influence measured concentrations. Transparent
reporting of these details is therefore necessary for cross-study comparison and clinical

reproducibility (Boux de Casson et al. 2017). e

e

2.3.1 Biological Rationale of FNA-Tg for Lateral Cervical Lymph Nodés

-

Thyroglobulin is produced by normal thyroid foHicular cells and most differentiated
thyroid carcinoma cells. Metastatic PTC cell s may retam this secretory function after
lymphatic spread, allowing thyrogl(fbulm to accumulate in solid or cystic nodal tissue.
P
O R )
) Ta.

Detection of thPrroglobulin in lymph node washout fluid therefore provides
evidence of thygoid-derived tissue even when cytology is non-diagnostic. The
angtomfcal/ distance of lateral nodes from the thyroid reduces contamination and

generally improves specificity (Kim et al. 2021).

The diagnostic principle depends on tissue specificity rather than tumour
morphology. A metastatic node containing differentiated thyroid cells can release large
amounts of thyroglobulin into the aspirate, producing concentrations far above

background serum values (Deng et al. 2022).

However, poorly differentiated tumour components may produce less
thyroglobulin, and extensive necrosis or sampling outside the metastatic focus may
lower the measured value. Thus, a negative result does not absolutely exclude

metastasis when imaging suspicion remains high.
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2.3.2 Diagnostic Performance of FNA-Tg in Lateral Cervical Lymph Node Metastasis

Most studies report high sensitivity and specificity for FNA-Tg, frequently exceeding
the performance of cytology alone in cystic or indeterminate nodes. Meta-analytic
estimates are approximately 94% sensitivity and 92% specificity, although performance
varies with assay method, threshold, and patient population (Jeon et al. 2015; Wang et
al. 2020).

Its principal advantage is objectivity: a quantitative biochemical result is less
dependent on visual interpretation than ultrasound. Combining FNA-Tg with cytology
or imaging improves sensitivity and negative predictive value and reduces mmissed
metastases. Diagnostic performance improves when-FNA-Tg is corﬁBined’ ‘with
cytology because the two-tests-fail-for-different-reasons: C/ytolofgy provides direct
cellular confirmation, whereas FNA-Tg is sensitive to thyfoid-derived protein even in
acellular fluid (Yu et al. 2025; Wang et al. 2022/). o

- /// j :

The greatest 1ncremental Vﬁlue 1S observed in cystic nodes, previously treated

patients, and nodes with ne{dlagnostlc cytology. In clearly benign-appearing nodes,
routine aspiration is~ um]lecessary, in unequivocally malignant nodes, FNA-Tg may

provide confirmation before compartment dissection.

€ s

-

The apparent diagnostic superiority of FNA-Tg over cytology is most
“pronounced in cystic metastases, where malignant epithelial cells may be sparse or
absent despite abundant thyroglobulin in the fluid (Shin et al. 2015). Conversely,
cytology remains valuable in non-thyroid malignancies and in poorly differentiated
lesions that may produce little thyroglobulin (Su et al. 2024). The two tests should

therefore be viewed as complementary rather than competing procedures.

Reported performance also depends on whether analysis is performed at the
patient level or node level. Patient-level classification may appear favorable when one
positive node determines the outcome, whereas node-level analysis is more demanding

and more relevant to selecting individual targets for surgery or follow-up.
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2.33 Controversies Surrounding FNA-Tg Cut-off Values in Lateral Cervical Lymph
Nodes

No universal FNA-Tg cut-off has been established. Reported thresholds range widely
because of differences in assay calibration, dilution protocols, serum thyroglobulin,

anti-thyroglobulin antibodies, and sample handling.

Thresholds may also depend on nodal location and clinical context. Lower
values may be more meaningful in the lateral neck because contamination is less likely,
but partial nodal involvement and sampling error can produce borderline results.
Quantitative values should therefore be interpreted together with imaging and cytology
rather than as an isolated binary test. (Kim et al. 2012; Jeon et al. 2015; Mi/kosi/ﬁski et
al. 2023) DAY

Some studies use a fixed concentration thresh”o\l‘zl whereas others compare
washout thyroglobulin with serum thyro globulm of Use receiver operating characteristic
analysis to derive an optimal cut-off. These a@roéches are not directly interchangeable.
Assay-specific reference rar}ges; yvashout volume, and laboratory platform should
therefore be reported. A loc/a}l}f “validated threshold may be more reliable than adoption
of auniversal Value/fr/om] another institution. Continuous quantitative interpretation may
also prqserYé/mdre information than simple positive-negative classification (Mikosin

ski ét al. 2023, Sakamoto et al. 2024).

Three broad interpretive strategies have been used: a fixed absolute threshold,
comparison with the concurrent serum thyroglobulin concentration, and a study-specific
ROC-derived cut-off. Fixed thresholds are simple but may not transfer across assays;
serum-referenced ratios may reduce background effects but introduce additional
biological variability; ROC-derived thresholds optimize a particular dataset but require
external validation (Jeon et al. 2015; Liu et al. 2021). For this reason, continuous
quantitative analysis may be more informative than dichotomization. A very high FNA-
Tg value conveys stronger evidence than a borderline elevation, and integration with
ultrasound or CEUS findings can generate a clinically interpretable probability rather

than a rigid positive-negative label.
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Three principal threshold strategies recur in the FNA-Tg literature. The first
uses a fixed absolute concentration, which is simple and readily applicable but highly
dependent on assay calibration, washout volume, and laboratory platform. The second
interprets washout Tg relative to the concurrent serum Tg concentration, which may
reduce the influence of circulating background but introduces additional biological
variability. The third derives an optimal threshold from receiver operating characteristic
analysis within the study cohort; this approach maximizes apparent discrimination
locally but may be optimistic and requires validation before transfer to another

population (Jeon et al. 2013; Duval et al. 2017).

These strategies alter the balance between sensitivity and specificity. A low
absolute cut-off may detect small-volume-or cystic metastases but can increase false-
positive results through:blood contamination-or residual thyrgid-d'e/rivedTg. A higher
threshold improves specificity but may miss foc/alfn/letastatic deposits, poorly
differentiated components, or samples obtainedfoutside the involved portion of a
heterogeneous node. The lateral coml/aartr(en:cvﬁfovides a favorable context because
contamination from the thyroid/bAedfi/s less lii:ely than in central nodes, yet anatomical

separation does not eliminate/a€§e/1); and sampling variability (Kim and Bae 2021).

-
-

O\ Y
Accordingly, FNA-Tg is better understood as graded biochemical evidence

than as a uﬁiversally transferable binary result. A markedly elevated value in a cystic

lateral node with suspicious imaging is substantially more persuasive than a borderline

“elevation in a small node with otherwise benign morphology. Continuous interpretation,

or integration of the measured concentration with cytology and imaging, preserves more
information than dichotomisation and may be more clinically meaningful. Nevertheless,
any locally derived threshold should be reported with the assay method, dilution
protocol, serum Tg and anti-thyroglobulin antibody status, and should be externally

validated before widespread adoption (Wang et al. 2020).

234 Clinical Decision-Making Value of FNA-Tg in Lateral Cervical Lymph Nodes

FNA-Tg can provide decisive preoperative confirmation when imaging is equivocal or

cytology is inadequate. A clearly elevated result supports therapeutic lateral neck
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dissection, while a low result may justify repeat sampling, additional imaging, or

surveillance when other high-risk features are absent (Haugen et al. 2016).

Its limitations are equally important. FNA-Tg is invasive, node-specific, and
susceptible to sampling error; it cannot evaluate all nodes simultaneously and provides
no information on architecture, perfusion, or whole-node heterogeneity. It is best used
as a confirmatory biochemical component of an integrated diagnostic strategy (Jeon et
al. 2015). Discordant results require careful interpretation. A suspicious node with
negative cytology but markedly elevated FNA-Tg is likely metastatic, whereas a mildly
clevated FNA-Tg result in a node close to the thyroid may require repeat sampling or
correlation with other findings (Shin et al. 2015). Because aspiration samples f{zhly/ a
small part of one node, ENA=Tg does.not solve-the problem of mﬁl/{iple Tnodal
assessment. Functional .imaging and_quantitative image analysis' may-help identify
which node should be sampled and whether additional,sﬁsp/icious nodes are present

_~

(Wang et al. 2020). a V
SOV
Evidence synthesis suggests that ENA-Tg has its greatest clinical value in three
circumstances: cystic or pallc/i/e’\gﬂﬁlar nodes, discordance between imaging and
cytology, and small /npdes inwlhich cytological sampling is technically difficult. In these
settings, th}{rogIOBulin ]provides a tumor-lineage signal that is complementary to

morp/holééy/r/athé/r than redundant with it (Zhu et al. 2020).

-

However, the clinical meaning of FNA-Tg depends on how the result changes
management. A positive value is most useful when it converts an indeterminate node
into a surgically actionable diagnosis. Conversely, a negative result should not
automatically override highly suspicious imaging because partial replacement, poorly
differentiated components, or sampling outside the tumor focus may produce false-
negative measurements. This argues for continuous quantitative analysis and

multimodal interpretation rather than exclusive reliance on a single threshold.

24 CONVENTIONAL SONOVUE CONTRAST-ENHANCED ULTRASOUND IN
THE EVALUATION OF LATERAL CERVICAL LYMPH NODES

SonoVue contrast-enhanced ultrasound (CEUS) depicts microvascular perfusion in real

time and can reveal vascular heterogeneity not visible on grayscale or Doppler imaging.
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It is radiation-free, has high temporal resolution, and can be performed during the same

ultrasound session (Yuan et al. 2006).

Because SonoVue is a pure intravascular blood-pool agent, its information is
confined to the arterial and venous phases. This biological constraint limits its ability to
distinguish inflammatory hyperperfusion from tumour-related neovascularity. CEUS is
particularly attractive for nodes with equivocal Doppler findings because microbubbles
can depict low-volume microvascular flow that is not visible on conventional CDFI.
Dynamic observation also allows assessment of enhancement sequence and regional

perfusion defects (Zhan et al. 2019).

-

However, perfusion is not tumour=specific. Both inflammation and maligﬁancy
can increase vascularity; while necrosis can reduce enhancement. The clinical value of
CEUS therefore depends on integration with morpholggy\a/nd the biological properties
of the contrast agent. CEUS improves Vi§/uaﬁz/ati6n of microvascular flow by
suppressing background tissue signals and sé;e:ct‘i:éely displaying nonlinear microbubble
responses. This allows the exa;n,inél; to observe enhancement direction, distribution,
intensity, perfusion defects,/a@/ Vtvash-out in real time. These features may reveal

functional abnoymail/tiesl before gross morphological changes become evident (Wei et

al. 2014). <

-~

-

Nevertheless, early-phase enhancement primarily reflects haemodynamics.
"Reactive hyperplasia and metastatic angiogenesis can both produce rapid or
heterogeneous enhancement, whereas necrotic metastases may appear hypoenhancing.
The diagnostic ceiling of blood-pool CEUS is therefore biological rather than merely
technical (Wilson and Burns 2010; Zhan et al. 2019; Yu et al. 2023).

24.1 Principles of Conventional SonoVue Contrast-Enhanced Ultrasound

SonoVue consists of sulphur hexafluoride microbubbles enclosed by a phospholipid
shell. At a low mechanical index, microbubble oscillation generates nonlinear signals

that enhance visualization of capillary perfusion (Bonini et al. 2007).
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Assessment is based on wash-in, enhancement distribution, peak intensity, and
wash-out. Quantitative time-intensity analysis can improve objectivity, but results
depend on acquisition protocol, motion control, and region-of-interest selection.

(Wilson and Burns 2010; Zhang et al. 2023)

Qualitative analysis describes enhancement direction, homogeneity, intensity,
and wash-out. Quantitative analysis uses time-intensity curves to measure parameters
such as arrival time, time to peak, peak intensity, wash-in slope, and wash-out rate

(Zhang et al. 2023).

Quantitative analysis may reduce observer variability, but - reliable
measurement requires stable imaging, consistent machine settings, avoidance of

transducer pressure, and reproducible placement of the tegion of ifiterest. These

-

requirements limit routine application. ™
2.4.2 Diagnostic Performance of Convenﬁana SonoVue CEUS for Lateral Cervical
Lymph Nodes o § ol

P >

. ZrS .
Reactive nodes often enhance//rapidly and homogeneously from the hilum, whereas
metastatic nodes mavy/sh?w peripheral or heterogeneous enhancement, perfusion defects,
and early yyvas/hy-qqut. These patterns are useful but not specific because inflammation,

nepm’sié, and small tumor burden may produce overlapping appearances (Hong et al.

2017).

Reported sensitivity is generally 70-90% and specificity 65-85%. SonoVue
CEUS may improve confidence in indeterminate nodes, but it rarely provides definitive
discrimination when used alone. (Zhan et al. 2019; Yu et al. 2023). Homogeneous hilar
enhancement is generally associated with benign nodes, while heterogeneous or
peripheral enhancement raises suspicion for metastasis. Non-enhancing areas may

correspond to necrosis or cystic degeneration but are not exclusive to malignancy.

Variation in diagnostic criteria is a major reason for inconsistent performance
across studies. Some investigators emphasize enhancement direction, while others
focus on homogeneity or quantitative parameters. Standardized definitions are therefore

necessary for meaningful comparison (Zhan et al. 2019; Yu et al. 2023).
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Differences in reported accuracy arise from inconsistent definitions of
enhancement patterns. Terms such as heterogeneous enhancement, peripheral
enhancement, centripetal filling, and perfusion defect are not always operationalized in
the same way. Variation in contrast dose, mechanical index, recording duration, and
reference standard further limits pooled interpretation(Hong et al. 2017; Chen et al.
2022).

Quantitative time-intensity analysis can reduce visual subjectivity, but it
introduces its own sources of error, including respiratory and swallowing motion,
unstable probe position, non-representative ROI placement, and differences in curve-

fitting software. The reliability of quantitative CEUS therefore depends on- strict

e

acquisition and analysis protocels.
2.4.3 Biologically Driven Failure Patterns of Conventional SonoVue CEUS in Lateral
Cervical Lymph Nodes A\

- p

y '3 -

Inflammatory angiogenesis can produce ifitense or heterogeneous enhancement that

mimics metastasis, whereas micronictastases may not sufficiently alter perfusion to be
: Avie . . L

detected. Technical factors; tpa/nsducer pressure, and physiological variation further

affect enhancemgnt{HOI}g et al. 2017).

( ’f}fes/e failures reflect the blood-pool nature of SonoVue: it depicts perfusion

bu;[ not tissue-specific retention. Consequently, CEUS findings should be interpreted

~with structural imaging and biochemical or pathological confirmation (Yu et al. 2023).

244 Summary of Conventional SonoVue CEUS for Lateral Cervical Lymph Nodes

SonoVue CEUS adds functional perfusion information to conventional ultrasound and
can improve sensitivity in equivocal nodes. Its main limitations are overlap between
inflammatory and malignant enhancement, subjective interpretation, brief imaging

duration, and absence of a tissue-specific delayed phase (Chen et al. 2022).

These constraints explain the interest in Sonazoid, which provides both
vascular-phase imaging and a post-vascular phase related to reticuloendothelial uptake

(Xue et al. 2023).
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The principal contribution of SonoVue CEUS is improved visualization of
microvascular perfusion. Its principal limitation is equally clear: perfusion is a shared
biological response in malignancy and inflammation. This explains why CEUS
frequently improves sensitivity and lesion conspicuity without consistently achieving

tumour-specific discrimination (Wei et al. 2014).

From a research perspective, SonoVue studies provide an important benchmark.
They demonstrate that enhancement can be quantified and that phase-specific
assessment is feasible, but they also show that a purely intravascular agent cannot
address all sources of diagnostic overlap (Radzina et al. 2021). This limitation provides
the biological rationale for investigating Sonazoid post-vascular imaging. - '",/

e

2.5 SONAZOID CONTRAST-ENHANCED ULTRASQ,UND FOR LATERAL
CERVICAL LYMPH NODES <

O
_~

Sonazoid is a second-generation perfluorobutane nicrobubble agent that combines real-
time vascular imaging with a prolpngGGjp?o;ét-vascular phase. Its stability and
reticuloendothelial uptake prﬂvid/;e\; longer observation window and potentially more
biologically informative asé@sﬁmeiit of lymphatic tissue than conventional blood-pool
agents. (Zhang et af502]3)

e
-
€ s

Sonazoid has been used extensively for liver imaging, where the post-vascular

A —’

-

-

phase improves lesion detection by demonstrating defects in normal reticuloendothelial
<uptake. Translation of this principle to lymph nodes is biologically plausible because

normal lymphoid tissue also contains macrophages.

The ability to revisit a node several minutes after injection may reduce the time
pressure associated with short vascular-phase imaging. It also permits assessment of
multiple nodal levels using a single contrast dose. Sonazoid differs from conventional
blood-pool agents because its phospholipid-stabilized perfluorobutane microbubbles
remain sufficiently stable for delayed imaging. After the vascular phase, uptake by
phagocytic cells creates a post-vascular phase that may reflect the integrity of
macrophage-containing tissue. This property introduces a tissue-related dimension that

is absent from purely intravascular agents (Barr et al. 2020).
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In lymph nodes, the biological interpretation of post-vascular enhancement is
plausible but more complex than in the liver. Normal nodal sinuses and macrophages
may retain microbubbles, while metastatic replacement, necrosis, fibrosis, or
inflammation may alter retention. Accordingly, post-vascular defects should be
interpreted as evidence of disrupted nodal tissue rather than as a tumour-specific sign

in isolation.
2.5.1 Introduction of Sonazoid Contrast-Enhanced Ultrasound Agent

Sonazoid microbubbles contain perfluorobutane gas stabilized by a phospholipid shell.
Their resistance to acoustic pressure permits prolonged enhancement and repeated
scanning at a low mechanieal-index. After-the vascular-phase, microbubb/lqz/s are taken
up by phagocytic cells of the reticuloendothelial system,; creating a bost—vascular phase

(Yoo et al. 2026). -

_~

Although this property is establ,is]fﬁd/ in hepatic imaging, emerging evidence
indicates that it may also be relevant to lymph nodes because normal lymphoid tissue
contains macrophages and sifiusoidal structures capable of contrast uptake (Zhang et al.

, &

2023). L

l

- / -

2.5.2- /Mi/cro-perfusion Imaging in the Vascular Phase and Macrophage-Mediated
‘ Uptake in the Post-Vascular Phase of Sonazoid

During the early vascular phase, Sonazoid depicts arterial inflow, microvascular
distribution, and wash-out in a manner broadly comparable to other blood-pool agents.

These findings reflect perfusion but may overlap between inflammatory and malignant

nodes (Wei et al. 2022).

The post-vascular phase provides additional information. Preserved lymphoid
tissue may retain contrast through macrophage-mediated uptake, whereas metastatic
replacement or architectural destruction may reduce or alter retention. This phase
therefore has the potential to reflect tissue integrity rather than perfusion alone
(Machado et al. 2025). Vascular phase abnormalities may indicate altered angiogenesis,

but their specificity remains limited. The post-vascular phase may provide
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complementary evidence by demonstrating the degree to which normal macrophage-

rich architecture is preserved or replaced.

A metastatic node may show complete or partial post-vascular defects
depending on tumor burden. Focal defects may correspond to partial replacement,
whereas homogeneous retention may support benignity. These interpretations require

pathological correlation and standardized timing.

The multiphase nature of Sonazoid permits sequential assessment of distinct
biological processes. Arterial-phase findings mainly reflect inflow and -early
microvascular distribution; venous-phase findings reflect continued perfusidﬁ and
wash-out; and post-vascular findings may teflect phagocytic uptake and residual tissue
architecture. Direct comparison of these phases can clarify whi’ch’i}haséprovides the

greatest diagnostic discrimination (Barr et al. 2020; Zhaﬁgfet al. 2023).

- p

£ -

The post-vascular phase may alsh - ioejadvantageous methodologically. The
longer observation window redu&e§ dependence on second-by-second timing, allows
repeated scanning of mulﬁple’ nodal levels, and may yield more stable images for
segmentation and rad10rp1co These potential advantages require empirical validation

rather than aS§umpt10n.

-

2.5.3 Comparison Between Sonazoid and Conventional SonoVue CEUS Agents

Both SonoVue and Sonazoid permit real-time microvascular imaging, but their
biological behaviour differs (Table 2.1). SonoVue remains intravascular and is cleared

rapidly, whereas Sonazoid is more stable and supports delayed post-vascular imaging.

The practical advantage of Sonazoid is not simply longer enhancement. It
offers a second diagnostic dimension related to tissue retention, enabling assessment of
multiple neck compartments after a single injection and providing a potentially more

reproducible substrate for quantitative analysis (Li et al. 2021).
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254 Advantages and Performance of Sonazoid CEUS for Lateral Cervical Lymph
Nodes

Early studies indicate that Sonazoid CEUS can improve characterization of cervical

lymph nodes, particularly when post-vascular enhancement is evaluated. Persistent

homogeneous enhancement may favour benign lymphoid tissue, whereas focal or

diffuse defects may indicate metastatic replacement (Liu et al. 2026).

Sonazoid may be especially useful for multiple or equivocal lateral nodes
because of its prolonged imaging window. However, published evidence remains
limited, and differences in administration route, phase timing, and diagnostic criteria

restrict direct comparison across studies.

-

e

The prolonged post-vascular phase may improve lesion conspicu/it}? and reduce
variation caused by the exact timing of image acquisition. It may also facilitate side-by-
side comparison among multiple nodes in the same/patfe/n}\(Liu etal. 2026). Importantly,
Sonazoid should not be viewed as a replailc%ule/nifo/r conventional ultrasound or FNA-
Tg. Its strongest role may be in resolving -indeterminate nodes, selecting aspiration

targets, and contributing phase-§pécific information to an integrated model.
- v A

vV

A clini/gall?important application is the assessment of small nodes that are
morpho/logiéfallyﬁndeterminate (Liu et al. 2026). In such nodes, a focal post-vascular
gefédt may Teveal partial metastatic replacement that is not apparent on grayscale
imaging. Conversely, homogeneous delayed retention may support benignity when

early vascular enhancement is nonspecific.

The strongest evidence for Sonazoid is likely to emerge from integrated
interpretation rather than a single qualitative sign (Xiao et al. 2023). Phase-specific
scores, quantitative measurements, and combination with FNA-Tg may improve

robustness by linking tissue-related imaging with biochemical confirmation.
2.5.5 Limitations of Sonazoid CEUS for Lateral Cervical Lymph Nodes

Sonazoid CEUS remains operator-dependent and requires standardized acquisition,
timing, and interpretation. Inflammation, fibrosis, necrosis, and incomplete metastatic

replacement may affect post-vascular patterns and cause overlap between benign and
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malignant nodes. Evidence is also derived mainly from single-centre studies with
limited sample sizes. The technique should therefore be considered promising but not
yet definitive, and its incremental value over conventional ultrasound and FNA-Tg

requires systematic evaluation (Sasaki et al. 2012).

Interpretation of post-vascular enhancement is still evolving. Macrophage
distribution may be altered by inflammation, fibrosis, previous biopsy, or treatment,
potentially producing false-positive or false-negative findings. Availability, cost,
regulatory approval, and operator familiarity also differ among countries and
institutions. These practical factors may influence external applicability even when

diagnostic performance is favorable. e

e

The post-vascular phase should not be interpreted as “a ﬁimor—speciﬁc
equivalent of histopathology. Its biological rationale is. based on microbubble retention
by phagocytic cells and preservation of mgcréghage-containing lymphoid tissue;
however, nodal macrophage distribution is l@tﬁ:r&éeneous and can be altered by reactive
hyperplasia, inflammation, ﬁbmsis?,,necrosis, previous aspiration, or partial tumor
replacement. A focal or difﬁge’ /d/efect is therefore plausibly associated with disrupted
nodal architectuye; but it cannot independently distinguish every metastatic node from

every benign inflammatory node (Wilson & Burns 2010; Barr et al. 2020; Zhang et al.
2023y,

This limitation is important when extrapolating from hepatic Kupffer-phase
imaging. The liver has a comparatively well-characterised reticuloendothelial
background, whereas lymph nodes contain variable sinuses, follicles, germinal centers,
stromal elements, and macrophage populations. The strength of post-vascular Sonazoid
assessment lies in providing a tissue-related dimension beyond transient perfusion, not
in creating an inherently pathognomonic sign. Interpretation should therefore remain
integrated with grayscale morphology, vascular-phase enhancement, clinical context,
and—where required—cytological or biochemical confirmation (Wei et al. 2022;

Chung et al. 2022).
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Methodologically, the longer post-vascular window may offer more stable
imaging, repeated interrogation, and improved opportunity to assess multiple nodes
after a single injection. These characteristics may reduce sensitivity to exact second-by-
second timing and may create a more reproducible substrate for segmentation and
quantitative analysis. Nevertheless, stability of acquisition does not automatically
guarantee diagnostic validity; direct pathological correlation, interobserver assessment,
standardised phase timing, and multicenter reproducibility remain necessary before

delayed-phase criteria can be generalised (Chen et al. 2021).

2.5.6 Summary of Sonazoid CEUS for Lateral Cervical Lymph Nodes

-

Sonazoid extends CEUS beyond perfusion by providing a-post-vascular pl’iaée that may

reflect macrophage distribution and nodal microstructural integrity. This biological

distinction is the principal reason for its potential advantagé in LLNM assessment.
Current evidence supports further ﬁ/ﬁl@tion of phase-specific qualitative and

quantitative criteria, particularly in combination with conventional ultrasound, FNA-Tg,
and radiomics. &S
A e

The available literature indicates that the diagnostic value of Sonazoid should

A -

be evaluated at two complementary levels. Vascular-phase imaging assesses micro-

perfusion and tumor-related angiogenesis, whereas post-vascular imaging may reflect

“macrophage distribution and preservation of lymphoid architecture. Combining these

phases may therefore characterize both blood flow and tissue integrity (Liu et al. 2026).

Nevertheless, the evidence base remains smaller than that for conventional
ultrasound and FNA-Tg. Studies differ in route of administration, phase definitions,
qualitative signs, and quantitative parameters. Direct within-cohort comparison of
arterial, venous, and post-vascular phases is therefore necessary before the post-

vascular phase can be positioned as the preferred diagnostic window.
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2.6 RADIOMICS IN THE EVALUATION OF CERVICAL LYMPH NODE
METASTASIS

Radiomics converts medical images into quantitative descriptors of intensity, texture,
shape, and spatial heterogeneity. It may identify subtle patterns not consistently
recognized by visual assessment and can support machine-learning classification
(Lambin et al. 2012). Its clinical value depends on the quality and biological relevance
of the source image, robust segmentation, reproducible feature extraction, appropriate

feature selection, and independent validation. (Lambin et al. 2017)

Radiomics aims to quantify image heterogeneity that may reflect microscopic
tissue organization. First-order features describe intensity distribution; texture thatrices
describe spatial relationships; and shape features characterize gegmetry/. ‘Wavelet or
filtered features may reveal patterns at different spatial scales' (La’mbiﬁ et al. 2012;
Gillies et al. 2016; Lambin et al. 2017). Because hundreds‘/of features can be extracted
from a modest sample, radiomics is Vulnerable to. overﬁttmg Reproducibility testing,
dimensionality reduction, penallzed selpctlcg crdss validation, and an independent test
cohort are essential componegts/gf\credlble model development.

- v y.
LA

Radiomjcs/grovides a formal framework for analysing image heterogeneity
beyond yisy’éLfdeécﬁption. First-order features summarize intensity distributions; shape
/featﬁi;es qﬁaﬁtify geometry; and texture matrices describe spatial relationships among
pixel or voxel values. Filtered and wavelet-derived features can emphasize patterns at

/different spatial frequencies, potentially capturing subtle microstructural variation

(Coroller et al. 2017).

The large number of candidate features creates a high-dimensional problem in
which apparent model performance can arise from chance correlations. Reliable studies
therefore require reproducibility screening, removal of redundant features, penalized
feature selection, internal validation, and an independent test cohort. Model complexity

should be proportionate to the available sample size (Liu et al. 2019; Tran et al. 2019).
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2.6.1 Conceptual Foundations of Radiomics in Cervical Lymph Node Imaging

Radiomics does not create new biological information; it reorganizes image signals into
quantitative variables. Features may reflect heterogeneity associated with tumor
infiltration, necrosis, vascular remodeling, and disruption of normal nodal architecture.

(Lambin et al. 2012)

Ultrasound radiomics is attractive because ultrasound is already central to
thyroid cancer care, but it is particularly vulnerable to variation in equipment, settings,
compression, operator technique, and image selection. Model performance must
therefore be interpreted in relation to the imaging substrate. Biological interpretability
is strengthened when featuresare linked-to plausible-tissue charact/eris‘[i/(/:s, such as
heterogeneity from necrosis;-disruption—of-nodal architectyre, or uneven contrast

retention (Scheckenbach et al. 2017). o

Nevertheless, radiomics features ﬁma@ n;athematical surrogates and should
not be equated directly with tliAstha;holog; Model performance may also reflect
technical artefacts. Diffcrenc/cé frf gain, depth, focal zone, compression, and image
preprocessing can, alter ]fea‘rﬁre/values. Standardization is therefore a prerequisite for

generalization; '~

€ s

-

2.6.2 Radiomics Workflow in Cervical Lymph Node Imaging

A typical workflow includes image acquisition and standardization, region-of-interest
segmentation, feature extraction, reproducibility testing, dimensionality reduction,
model training, and validation(Rabasco Meneghetti et al. 2022). Common feature
families include first-order, shape, GLCM, GLRLM, GLSZM, GLDM, and NGTDM
descriptors. To reduce overfitting, feature selection should be confined to the training
data and combined with cross-validation. Performance evaluation should extend beyond
AUC to calibration, confusion matrices, decision-curve analysis, and independent

testing(Gillies et al. 2016).
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Segmentation is a major source of variability. Manual delineation is clinically
intuitive but time-consuming and observer-dependent; semi-automatic methods may
improve efficiency but still require correction. Inter- and intra-observer reproducibility

should be quantified before modelling (Scheckenbach et al. 2017).

Feature selection should be performed only within the training cohort to avoid
information leakage. The final model should then be evaluated in untouched test data

using discrimination, calibration, and clinical utility metrics (Zhang et al. 2020).

Image standardization should precede feature extraction. Differences in pixel
spacing, grey-level discretization, image depth, gain, dynamic range, and pre/proc"eésing
can materially alter featuré values. Reptroducible radiomics therefore/depends on
predefined acquisition T settings and transparent reporting  of ’/norm/alization and

-

resampling procedures (Wen et al. 2022). ™

_~
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Segmentation uncertainty is z}nothéim;jor source of variation. Manual ROI
delineation may exclude surroundiﬁg tissue and focus on the visible lesion, but it is
time-consuming and obserVeere/p;:ndent Inter- and intra-observer ICC analysis can
identify robust features1 Whlle sensitivity analysis can determine whether model
performance’ ghagges with alternative contours (Zhang et al. 2020; Zhang et al. 2023).

Data leakage must be avoided throughout the pipeline. Feature scaling, feature

“selection, hyperparameter tuning, and class balancing should be performed within the

training data only. Applying these steps before the train-test split can produce

optimistically biased performance that will not generalize.

2.6.3 Diagnostic Performance of Radiomics for Central Lymph Node Metastasis

Most ultrasound radiomics studies in PTC have focused on predicting central lymph
node metastasis from primary tumor images. Many reports show promising
discrimination, but results are heterogeneous because of differences in cohorts,
segmentation methods, feature pipelines, and validation strategies (Lambin et al. 2017,

Liu et al. 2024). These studies establish methodological feasibility but cannot be
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directly extrapolated to lateral nodes, which differ in anatomy, prevalence, biological

behavior, and clinical consequences.

Published models for central nodal metastasis frequently analyze the primary
thyroid tumor rather than the lymph node itself. Such models estimate a patient-level
risk of occult central disease and may be useful for surgical planning, but they answer
a different question from direct classification of a suspicious lateral node (Zhou et al.
2020; Shi et al. 2022). This distinction is important because patient-level prediction
cannot determine which specific lateral node is metastatic or guide node-targeted
aspiration. p

-

2.6.4 Diagnostic Performance of Radiomics for Lateral Lymph Node Me/tastasis /

-

Evidence specifically addressing radiomics of lateral cervical lymph nodes is limited.
Available studies suggest that grayscale and Deppler features may contribute to
classification, but performance is affected b§/§rﬁjll sample sizes, class imbalance, and
inadequate external validation (Park’et al. 2020).
ANy
- v p.
- ». /

Direct analysis lof the lymph node, rather than prediction from the primary
tumour alone; fnqy provide more lesion-specific information (Ardakani et al. 2018).
quevér, the most informative ultrasound modality and phase for this purpose remain

uncertain. Direct nodal radiomics offers the potential to classify an individual

“suspicious node (Zhu et al. 2023). It can therefore be linked more readily to cytology,

FNA-Tg, pathology, or follow-up as a node-specific reference standard.

However, sample sizes are often limited because lateral nodes meeting
aspiration or surgical criteria are less common than primary thyroid lesions (Tong et al.
2022). This increases the importance of conservative feature selection and transparent

validation.

Direct node-based modelling is clinically attractive because each prediction
can be linked to a specific node and its pathological or follow-up outcome (Zhang et al.

2020; Feng et al. 2025). However, multiple nodes from the same patient introduce
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statistical dependence. Randomly splitting nodes rather than patients may place
correlated observations in both training and test cohorts and inflate performance.
Patient-level partitioning is therefore preferable. Class imbalance is another concern. If
metastatic and non-metastatic nodes are unequally represented, accuracy alone may be
misleading. Sensitivity, specificity, precision, recall, F1 score, AUC, calibration, and

decision-curve analysis provide a more complete evaluation (Tong et al. 2022).

2.6.5 Differential Performance of Ultrasound-Based Radiomics Models in Central and
Lateral Cervical Compartments

Central and lateral nodal disease should not be treated as interchangeable modelling
targets. Central nodes are smaller, deeper, and more difficult to image, whereas laterdl
nodes are more accessible’but frequently affected by reactive changes (Wang et al. 2024;

Han et al. 2025). A ALY

-

O

These anatomical and biological differences. influence segmentation quality,
feature stability, disease prevalence, and/clg@i/ﬁgr f)erformance (Zou et al. 2021; Tian
et al. 2024). Compartment-specific- model development and validation are therefore

required. Y ¢

2.6.6 Contrast-]ﬂnhan’ced Ultrasound-Based Radiomics in Lateral Lymph Node
Metastasis

-

€EUS-based radiomics incorporates quantitative information from enhancement

“intensity and spatial heterogeneity. It may capture perfusion patterns more

comprehensively than qualitative CEUS interpretation, but conventional blood-pool
CEUS remains limited by short acquisition windows and perfusion overlap (Huang et
al. 2022). Phase selection is crucial. Early vascular images may be sensitive to timing
and motion, whereas delayed images may provide more stable tissue-related

information if the contrast agent supports a post-vascular phase (Liu et al. 2026).

CEUS radiomics may capture enhancement heterogeneity, perfusion defects,
and spatial variation that are difficult to summarize visually. Static phase-specific
images are easier to analyze than complete cine loops, but they may lose temporal
information (Chen et al. 2020; Xue et al. 2023). Future approaches may combine static

radiomics with time-intensity parameters or deep temporal modelling. Direct
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comparison of standardized images from distinct phases provides a practical way to
determine how the biological content of the imaging substrate influences model

performance.

CEUS radiomics may quantify spatial heterogeneity in perfusion and contrast
retention that is difficult to characterize visually. Yet the biological meaning of a feature
depends on the selected phase. A texture feature extracted from an arterial image may
reflect vascular distribution, while the same mathematical feature extracted from a post-
vascular image may reflect tissue retention and architectural integrity(Lentge et al.

2025).

-

This phase dependence means that classifier comparison alone i$ insufficient.
A modest classifier applied to a biologically informative ir/na’ge/may/t)utperform a
sophisticated algorithm trained on a less relevant sqbstre/lte. Comparative radiomics
should therefore evaluate both the imaging modalify.and the modelling method.
CaD

2.6.7  Potential Applications o/f,Soi@zoid CEUS Radiomics in Lateral Cervical Lymph
Node Metastasis “ LV

)

vV

Sonazoid post-yasc/u/lar]images may be a particularly relevant radiomics substrate
because ih;c"y/ prbvide a longer acquisition window and may reflect macrophage
Elistffbutioh and structural replacement within lymph nodes. These characteristics could
improve feature stability and biological interpretability (Lu et al. 2025). However, this
Jhypothesis has not been sufficiently tested in lateral cervical nodes. Comparative
modelling across grayscale, Doppler, arterial, venous, and post-vascular images is
needed to determine whether the imaging substrate influences predictive performance

more strongly than classifier selection.

Sonazoid post-vascular radiomics is conceptually attractive because the
delayed phase offers a relatively stable acquisition window and may encode spatial
patterns of preserved and replaced lymphoid tissue. Compared with rapidly changing
vascular-phase images, this may reduce timing-related variability and improve the
reproducibility of texture features (Xiao et al. 2023). However, an apparently superior

model may reflect differences in acquisition stability rather than superior biological
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information. To distinguish these explanations, radiomics models should be developed
under the same segmentation, preprocessing, feature-selection, and validation pipeline
across all imaging modalities and phases (Jiang et al. 2023). The imaging substrate

should therefore be treated as an experimental variable rather than a fixed input.

2.6.8 Methodological Quality, Validation, and Reporting Considerations

The apparent performance of a radiomics model is influenced by study design as much
as by the classifier itself. Retrospective single-center cohorts, small test sets, class
imbalance, and feature selection performed before data splitting can produce optimistic
estimates (Gillies et al. 2016). Transparent separation of training and test data, control

of information leakage, and-reporting of confidence intervals are thereforé essential.

-

Reproducibility, should be assessed at thé levels of image acquisition,
segmentation, feature extraction, and moc/iel ccalibration (Jiang et al. 2023).
Discrimination alone is insufficient for cliﬁﬁ:,a{l?jar;slation: calibration, decision-curve
analysis, confusion matrices, ) g\nd/;ampléflevel prediction distributions provide
additional evidence about %ﬁaﬁﬁty and potential net benefit. External multicenter

validation remains thé'd?ﬁni\tive test of generalizability.

- Y. v,

R " Discrimination is only one dimension of model quality. Calibration describes

agreement between predicted and observed risk, while decision-curve analysis

“evaluates net clinical benefit across threshold probabilities (Fu et al. 2024). A model

with a high AUC but poor calibration may rank patients correctly yet provide unreliable

absolute probabilities.

External validation is essential because ultrasound features are sensitive to
equipment, operator technique, and patient population. Temporal validation within the
same institution is useful but does not fully test transportability. Multicenter validation
and prospective workflow evaluation are required before radiomics can influence

surgical decisions(Lu et al. 2025).
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Transparent reporting should include cohort assembly, missing data handling,
image acquisition, segmentation, feature definitions, preprocessing, feature selection,
model tuning, validation strategy, and confidence intervals. Adherence to radiomics
quality and prediction-model reporting principles improves reproducibility and allows

meaningful comparison across studies.
2.6.9 Validation, Generalizability, and Clinical Utility of Radiomics Models

High apparent discrimination in a training cohort does not by itself establish the clinical
reliability of a radiomics model. Feature selection, hyperparameter tuning, and classifier
comparison performed repeatedly on a small dataset can produce optimistic
performance even when—eross-validation is used.Internal train-test’ splitting is
preferable to reporting-resubstitution-performance;-but-it does "not réproduce the
variation in scanners, operators, acquisition settings, patient spectrum, and disease
prevalence encountered across institutions. External validation and prospective
evaluation therefore remain central requirefents for judging generalizability (Lambin
etal. 2012; Lambin et al. 2017). ¢
ANy
O R )
) Ta.

Reproduqib'rﬁty] also depends on the stability of the imaging substrate and

segmentation:’ Ultrasound radiomics is particularly vulnerable to gain, depth, focus,

dynamic range, compression, transducer pressure, Doppler settings, and selection of a

representative frame. Manual delineation introduces observer variability, while

“automated segmentation may fail when nodal margins are indistinct. (Lambin et al.

2012; Gillies et al. 2016) Reporting should therefore include acquisition standardization,
segmentation reproducibility, feature robustness, handling of class imbalance,
prevention of data leakage, calibration, confidence intervals, and transparent separation

of training and test procedures.

Clinical utility is distinct from statistical discrimination. An AUC describes
ranking ability across thresholds but does not indicate whether a model improves
decisions to observe, repeat imaging, perform aspiration, or undertake lateral neck
dissection. Calibration is required to determine whether predicted probabilities

correspond to observed risk, and decision curve analysis can evaluate whether using the
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model produces greater net benefit than treating all or no patients across clinically
relevant thresholds (Vickers & Elkin 2006). A radiomics model is most likely to be
useful when it adds reproducible information to standard clinical assessment and
changes management in indeterminate cases, rather than when it merely achieves a

numerically higher AUC.

The biological source image should also be considered when comparing
algorithms. Grayscale ultrasound, CDFI, arterial-phase CEUS, venous-phase CEUS,
and post-vascular Sonazoid images encode different structural and functional processes.
A more complex classifier cannot compensate for a poorly standardized or biologically
weak substrate (Agyekum et al. 2022). Direct within-cohort comparisons using the same
segmentation, feature extraction, selection, and validation framework 2/11‘/6 therefore

more informative than comparisons-of headline performance across unrclated studies

-

(Liu et al. 2024; Zhang et al. 2023). o

_~
- p
-

2.7 MULTIMODAL INTEGRATION /IS'I}IE PREOPERATIVE ASSESSMENT
OF LATERAL CERVICAL LYMPH-NODE METASTASIS FOR PAPILLARY

THYROID CARCINOMA | _
Pk oL

No single modality captures all felevant dimensions of LLNM. Conventional ultrasound
provides anatomy, CEUé provides perfusion and tissue-related enhancement, FNA-Tg
provides bro/chemlcal specificity, and radiomics provides quantitative pattern analysis

(Wang etal. 2022; Liu et al. 2024). Multimodal integration is therefore biologically and

~clinically rational, but its incremental value must be demonstrated against single-

modality assessment using a common reference standard.

A clinically meaningful integrated pathway may begin with conventional
ultrasound, proceed to CEUS for functional characterization, and use FNA-Tg for
targeted biochemical confirmation. Radiomics may provide an additional quantitative
risk estimate when conventional interpretation remains uncertain (Hong et al. 2017).
Integration can be performed through simple diagnostic rules, statistical combinations,
or machine-learning models. Simple combinations are easier to interpret and implement,

whereas complex models may capture interactions but require stronger validation.
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Multimodal integration is justified when each component contributes non-
redundant information. Conventional ultrasound describes anatomy and morphology;
CEUS characterizes perfusion and, with Sonazoid, delayed tissue retention; FNA-Tg
provides thyroid-specific biochemical evidence; and radiomics quantifies image
heterogeneity. Their combination may reduce uncertainty created by the limitations of

any single modality.

Integration can occur at several levels. Clinicians may use sequential decision
rules, statistical models may combine selected predictors, and machine-learning
approaches may fuse high-dimensional features. The optimal strategy should balance

diagnostic gain, interpretability, procedural burden, cost, and feasibility. e

e

Conventional ultrasound contributes structural and /anat(y)fmicaTinformation;
Sonazoid CEUS contributes vascular and post-vascular functional information; FNA-
Tg provides thyroid-specific biochemical evigenég; and radiomics adds quantitative
descriptors of image heterogeneity. These- c@p;ﬂents were evaluated both individually
and in combination in relation tg;hé final reference diagnosis of lateral cervical lymph

R 209
node metastasis. Figure 2. Irillustrates the conceptual framework.

A\
2.71 Limitations of Isolated Diagnostic Modalities

-

Conventional ultrasound is non-invasive but subjective; FNA-Tg is specific but

“nvasive and node-specific; CEUS adds functional information but may show

overlapping patterns (Chen et al. 2020; Wang et al. 2022), and radiomics is quantitative

but sensitive to acquisition and validation quality.

These complementary limitations explain why isolated tests may produce
discordant or indeterminate results and why combination strategies may reduce

diagnostic uncertainty.

2.7.2 Theoretical Basis for Multimodal Integration

Multimodal assessment combines structural, vascular, tissue-retention, biochemical,

and quantitative information. When modalities measure different biological processes,
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their errors are less likely to be identical, creating the potential for incremental

diagnostic gain.

Integration should nevertheless remain clinically interpretable. Complex
models are not inherently superior unless they improve discrimination, calibration, net
benefit, or decision-making compared with simpler approaches (Vickers and Elkin
2006). Anatomical, functional, biochemical, and quantitative modalities are
complementary because they measure different aspects of disease. A node may appear
morphologically benign yet show abnormal contrast retention or elevated FNA-Tg,
while another may look suspicious on ultrasound but prove reactive biochemical/ly
(Wang et al. 2022). The most useful combination is not necessarily the one containing
the greatest number of variables. Incremental performance, feasibility, 'fn/{/asivehess,

cost, and influence on management should all be considered. - 7 -~

-

Complementarity is most valuable in disco}dant cases. A morphologically
suspicious node with preserved post-vascﬁjggnﬁancement and low FNA-Tg may
represent reactive disease, whereas amearly normal- -appearing node with a focal delayed
defect and markedly elevat(gl FNA -Tg may represent early metastasis. Integrated
interpretation can /rcsolvle such conﬂlcts more effectively than repeated reliance on the
same type/of i/nf(irmation(Ding et al. 2023).

The incremental value of adding a modality should be demonstrated rather than
“presumed. Improvements in AUC, sensitivity, specificity, reclassification, calibration,

and net benefit should be weighed against additional contrast administration, invasive

sampling, analysis time, and resource requirements.

2.7.3 Role of Radiomics as an Integrative Analytical Layer

Radiomics can translate heterogeneous image patterns into quantitative variables and
may serve as an analytical layer within a multimodal framework. Its role is to support,

rather than replace, clinical imaging and biochemical interpretation (Lambin et al. 2017).
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Models should be developed with strict separation of training and test data,
reproducibility assessment, transparent feature selection, and clinically meaningful

validation (Agyekum et al. 2022).

2.74 Clinical Implications of an Integrated Strategy

An integrated strategy may improve preoperative risk stratification, identify nodes that
require aspiration or surgery, and reduce unnecessary lateral neck dissection. It may also
improve communication among radiologists, surgeons, endocrinologists, and

pathologists (Stack et al. 2012). P

-

The practical objective 1s not maximal test complexity, but a s,tepvizjse patﬁway
in which non-invasive imaging guides targeted —biochemical { confirmation and
quantitative analysis is used when it adds clinically re/levaﬁt information (Vickers and
Elkin 2006). An integrated strategy may reduce ufinec€ssary aspiration by identifying
clearly benign nodes and may improvg targétviﬁ?gjby prioritizing nodes with discordant
or high-risk features. It may also J}efp/determ;le whether surgery should include lateral

. . L@ a0
compartment dissection (Wang" ot al. 2022).

o
-

. § l
For clinieal translation, the output should be understandable to clinicians and

- Y, -

linked t0 amanagement action. A highly accurate model without a clear role in decision-

making has limited practical value.

A stepwise pathway may reserve invasive sampling for nodes that remain
indeterminate after conventional and contrast-enhanced ultrasound. This approach
could reduce unnecessary aspirations while ensuring that high-risk nodes receive
biochemical or cytological confirmation. It may also assist in selecting the most

representative node when multiple nodes are present.

For surgical planning, the integrated result should be translated into a clear
management category, such as low probability requiring surveillance, intermediate
probability requiring aspiration or repeat assessment, and high probability supporting
therapeutic dissection when confirmed. Such categories may be more clinically useful

than an isolated numerical probability.
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The principal justification for multimodal integration is complementarity, but
adding tests does not automatically improve clinical care. Incremental value should be
distinguished from simple association: a new modality should improve discrimination,
calibration, or decision-making beyond information already available from
conventional ultrasound and FNA-based assessment. The possibility of correlated
information is especially relevant when grayscale, Doppler, CEUS, and radiomics
features are derived from the same lymph node. Apparent gains may be small, unstable,
or accompanied by greater complexity and reduced interpretability (Su et al. 2024;

Wang et al. 2022).

A clinically credible integrated pathway should therefore be selective rather
than indiscriminate. Conventional ultrasound remains the whole-neck séreening and
mapping method; Sonazoid ~€EUS —may refinefunctional ‘and “fissue-related
characterization of equivocal nodes; FNA-C and FNA-:l"gpfovide targeted confirmation;
and radiomics may support quantitative stratif/'lcaﬁ/on when image quality and model
validity are sufficient. The added lgurdeﬁ/loi contrast administration, aspiration,
segmentation, and computation {should Jbe justified by fewer indeterminate
classifications, more appropri/affg gz;mpling, or better-informed surgical decisions (Su et

al. 2024).

A —’

_~ " Evaluation should extend beyond AUC to calibration, net benefit, feasibility,

feproducibility, and the consequences of false-positive and false-negative

“classifications. Because unnecessary lateral neck dissection carries substantial

morbidity, a model with improved sensitivity but reduced specificity may not be
clinically preferable at the thresholds used for surgery. Conversely, a highly specific but
insensitive strategy may fail to prevent reoperation. The preferred approach depends on
the intended decision and should be assessed at clinically relevant probability thresholds

rather than by a single summary metric.

2.7.5 Current Evidence and Future Research Directions in Multimodal Integration

Published studies generally support combinations of ultrasound, CEUS, cytology, and

FNA-Tg, but direct comparisons are limited by heterogeneous thresholds, reference
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standards, and study designs. Evidence integrating Sonazoid post-vascular imaging

with radiomics is particularly sparse.

Future research should emphasize prospective multicenter validation,
standardized acquisition and segmentation, external testing, calibration, decision-curve
analysis, and transparent reporting. These requirements are essential before integrated

models can be adopted in routine practice.

The three complementary reviews consistently support multimodal diagnosis
but also demonstrate substantial heterogeneity in the published evidence. Conventional
ultrasound, CEUS, FNA-Tg, and radiomics are frequently discussed as individually
promising, yet few studies-compare them directly in-the same patients usil/{g thesame
reference standard. This prevents reliable estimation of incremental ratherthan isolated

diagnostic value (Wang et al. 2022; Liu et al. 2024).  _ ©

_~

A clinically useful framework should /a:l's/‘o (iistinguish between complementary
and substitutive tests. Conventiogak‘ulj[rasouﬁd and CEUS are largely complementary
because they depict dif‘fereﬁt/iﬁag/ing dimensions. FNA-Tg is confirmatory and
invasive, while rqdiﬁmi](:s s aTl analytical layer derived from imaging. Their roles
should thqref/or'e;/be organized in a stepwise pathway instead of being treated as

interchangéable predictors.

-

<2.7.6 Proposed Stepwise Integrated Diagnostic Pathway

On the basis of the reviewed evidence, a rational clinical pathway begins with
systematic conventional ultrasound for detection, mapping, and initial risk classification.
Sonazoid CEUS can then be used to characterize indeterminate nodes by combining
vascular-phase perfusion with post-vascular tissue-retention information. FNA-C and
FNA-Tg provide targeted pathological and biochemical confirmation when the result is

expected to alter surgery.

Radiomics should be positioned as an adjunctive quantitative layer,

particularly for nodes that remain equivocal after conventional interpretation. Its output
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should be interpreted alongside imaging and biochemical findings rather than used as
an autonomous decision. This stepwise structure preserves clinical interpretability while
allowing each modality to contribute information at the point where it has the greatest

value (Lambin et al. 2017).

The proposed pathway begins with systematic conventional ultrasound and
quantitative morphological scoring. Nodes with unequivocally benign features may
undergo surveillance, whereas suspicious or indeterminate nodes proceed to Sonazoid
CEUS for phase-specific assessment. FNA-C and FNA-Tg are then targeted to nodes in
which confirmation would change management.

-

Radiomics can be positioned as an adjunctive analytical layer, pa/rticulaﬂy for
indeterminate nodes or'research settings. Its output should be: ihferpréted alongside
imaging and biochemical findings rather than used as an-autonomous decision-maker
(Park et al. 2021). This preserves clinical 1nterpretab111ty and reduces the risk of

algorithm-driven overtreatment. A aD

//\‘/

The pathway is mfentfonaily modular. Institutions without access to Sonazoid
or radiomics can st111 ]apply the underlying principle of combining structurally,
functlonally, and | biologically distinct information. Future prospective studies should
detem1ne the most cost-effective sequence and the threshold at which each additional

-

test provides meaningful clinical benefit.
2.8 SUMMARY AND CRITICAL SYNTHESIS OF THE LITERATURE

Conventional ultrasound provides accessible structural mapping but remains limited by
overlap in benign and malignant nodal appearances and by observer dependence. FNA-
Tg contributes thyroid-specific biochemical evidence but is invasive, node-specific, and
sensitive to sampling procedures, assay characteristics, and threshold selection. Blood-
pool CEUS adds microvascular information, although inflammatory and malignant
lymph nodes may demonstrate overlapping perfusion responses. Sonazoid further
extends the imaging window by introducing post-vascular tissue-related information,

but the biological interpretation of this phase in cervical lymph nodes remains plausible
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rather than pathognomonic. Radiomics provides an additional quantitative analytical
layer, yet its credibility depends on acquisition standardization, feature robustness,
appropriate validation, calibration, and demonstrable clinical benefit (Haugen et al.

2016; Wang et al. 2022; Lambin et al. 2017).

The apparent differences among published studies are attributable not only to
true biological variation but also to substantial methodological heterogeneity. Patient
selection, prevalence of cystic disease, nodal size and compartment, unit of analysis,
reference standard, operator expertise, assay platform, CEUS phase definition,
segmentation strategy, feature-selection method, and validation design can all influence
reported diagnostic performance. Consequently, isolated estimates of /senéitivity,
specificity, or AUC should not be interpreted as universally transferablé rankih;gs of

diagnostic methods (Wang et al. 2022; Liu et al. 2024). 1 A

-
O
_~

Taken together, the literature suggests that the most rational direction is not
replacement of one diagnostic modality 6\31 ja;iother, but structured integration of
complementary information. Strucfural vascular, tissue-retention, biochemical, and
quantitative evidence addx‘ess/ dlfferent biological dimensions and exhibit different
failure modes. Then‘ 1ntegraaon 1s most defensible when each component provides non-
redundan:[,and,chplcally actionable information, when discordant findings are explicitly

-

considered,-and when resulting probability estimates are sufficiently calibrated to

-

support decisions regarding observation, aspiration, or surgery.

Accurate preoperative identification of LLNM remains clinically important
because each available method has a diagnostic ceiling. Conventional ultrasound is
accessible but operator-dependent; FNA-Tg is biochemically specific but invasive and
subject to sampling and threshold variability; SonoVue CEUS depicts microvascular
perfusion but does not provide the prolonged tissue-related imaging window available
with Sonazoid; and radiomics is promising but highly dependent on image quality,
segmentation reproducibility, feature stability, and validation. Sonazoid introduces a
post-vascular phase that may provide additional biological information through
macrophage-related uptake and tissue retention. However, evidence regarding its

application in lateral cervical lymph nodes remains limited, and the comparative
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diagnostic value of arterial, venous, and post-vascular phases has not been clearly
established. It also remains uncertain whether post-vascular Sonazoid images provide a

superior biological substrate for radiomics analysis.

Current evidence is further fragmented because few investigations directly
compare qualitative and quantitative assessment of conventional ultrasound, multiphase
Sonazoid CEUS, and FNA-Tg within the same node-level cohort and under the same
reference standard. Similarly, relatively few studies have evaluated single and combined
diagnostic strategies while simultaneously developing modality-specific radiomics
models within a unified analytical framework. A common-cohort design would reduce
between-study confounding and allow a clearer assessment of the indep@ndeht/ and

incremental contributionof €ach diagnostic component (Mulla et al. 2/()125./

-

Methodological inconsistency remains part\i/cularly important  when
interpreting the existing literature. Studies g/liffér/ in” the definitions of suspicious
ultrasound features, FNA-Tg cut-off Va/lues,/C;EIjS protocols, contrast agents, reference
standards, and radiomics pipel/ilq\esi,These differences limit direct comparison and
external generalizability (Ji’an/g/ar/lci Hsiao 2020; Chen et al. 2022; Lentge et al. 2025).
Therefore, appa;enﬂgf ’sqperior performance in one study may reflect differences in
study desigr, diSease spectrum, or analytical workflow rather than a true intrinsic
adyaﬁta/ge (/)f a particular modality.

The evidence for Sonazoid in cervical lymph-node assessment is less mature
than that for conventional ultrasound or FNA-Tg. In particular, the biological and
diagnostic contribution of the post-vascular phase has not been sufficiently compared
with arterial and venous phases within the same patient cohort. This represents an

important knowledge gap because the post-vascular phase may reflect tissue

characteristics that differ fundamentally from early perfusion-based information.

Radiomics introduces a related but distinct area of uncertainty. Model
performance varies according to image type, segmentation, feature selection,
dimensionality reduction, classifier choice, and validation strategy. Few studies have

directly compared radiomics derived from grayscale ultrasound, CDFI, arterial-phase
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CEUS, venous-phase CEUS, and post-vascular Sonazoid images while maintaining a
consistent analytical workflow (Lambin et al. 2017). As a result, the influence of the
underlying imaging substrate on radiomics performance remains less well understood

than the influence of classifier selection itself.

Four principal gaps therefore remain in the current literature. First, few studies
directly compare qualitative and quantitative conventional ultrasound, multiphase
Sonazoid CEUS, and FNA-Tg within the same node-level cohort. Second, the relative
diagnostic contributions of the arterial, venous, and post-vascular phases of Sonazoid
CEUS have not been systematically established. Third, the effect of biological imaging
substrate on radiomics performance has received less attention than model or elé’séiﬁe‘r
selection. Fourth, evidence temains limited regarding whether integrate(i ‘multimodal
assessment provides clinically meaningful incremental b@neﬁt/ beyond the best-

-

performing single modality. o

_~
- p

These gaps justify a unified in(eitigition that compares qualitative and
quantitative assessment, evaluates individual and combined diagnostic strategies, and
tests modallty-spe(:lﬁc radlorrr"cs/n\lodels under a consistent reference standard (Liu et
al. 2019; Zhang et al. ;073) Such a design can clarify not only which approach
demonstrates /the/h1ghest diagnostic performance, but also why different modalities may

contribute VCOmplementary information and whether these differences translate into

statistically robust, well-calibrated, and clinically meaningful decision support.

The literature therefore supports a multimodal framework based on a common
cohort and reference standard, with direct comparison of qualitative and quantitative
approaches, individual and combined modalities, and radiomics models derived from
multiple ultrasound substrates. Such a framework enables diagnostic discrimination,
calibration, clinical utility, and the biological rationale underlying modality-specific
differences to be evaluated under comparable conditions. More importantly, it shifts the
focus from identifying a single “best” diagnostic test towards understanding how
complementary structural, vascular, tissue-related, biochemical, and quantitative
information can be integrated to reduce uncertainty in the preoperative assessment of

lateral cervical lymph nodes in PTC.
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The landscape tables consolidate and synthesize the principal evidence
reviewed in this chapter. Table 2.2 provides a comparative overview of modality-
specific diagnostic contributions, methodological limitations, clinical or research
relevance in the preoperative assessment of lateral cervical lymph nodes. Table 2.3
summarizes selected key studies that collectively provide the evidence base for the

multimodal diagnostic framework evaluated in this study.

Overall, the literature establishes a clear rationale for investigating
conventional ultrasound, multiphase Sonazoid CEUS, FNA-Tg, and ultrasound-based
radiomics within a unified analytical framework. The unresolved methodological and
diagnostic questions identified in this chapter directly inform the design of the ﬁrésent
study. The following chapter therefore “describes the study populatio/n, reference
standard, imaging and ENA-Tg procedures, radiomics workflow, n&odefdevelopment,

and statistical methods used to address these questions syst/ematically.




Table 2.1 Comparative technical characteristics of SonoVue and Sonazoid contrast-enhanced ultrasound P
Attribute SonoVue Sonazoid (' —
Composition Sulfur hexafluoride (SFs) Perfluorobutane (CiF1o) v

Microbubble structure
Imaging duration
Macrophage uptake
Applicable imaging phases

Clinical use

Lipid shell, gas core

2-4 minutes

Absent

Vascular phase only

Widely applied in liver and thyroid imaging

v

Phospholipid shell, ‘gas core

Up to 30.minut€s or longer

Present (Post-vascular/Kupffer phase)
Vascular + post-vascular phases

Primarily liver; expanding indications

—
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Table 2.2

Comparative characteristics of diagnostic approaches for preoperative LLNM assessment

Approach

Main diagnostic information

Key strengths

Main limitations

P4
Clinical / Research relevance

Conventional US

CDFI

FNA-C

FNA-Tg

SonoVue CEUS

Sonazoid vascular

phases

Sonazoid post-

vascular phase

Radiomics

Multimodal
integration

Nodal morphology and
architecture

Macroscopic vascular pattern

Cellular morphology

Thyroid-specific biochemical

signal

Microvascular perfusion

Arterial and venous perfusion

-

Tissue-related'égntraét
retention ;

o

Quantitative image
heterogeneity

Combined structural, vascular,
biochemical, and quantitative
information

/‘PhaI-speciﬁc

Accessible, real-time, high
spatial resolution

Adds hilar/peripheral flow
information

Direct cytological
confirmation
Sensitive in cystic or
paucicellular metastases
-
L |

Real-time /erihan'cement
assessment A

-

v

.

microvascular information

Prolonged window;
potential tissue information

Objective features beyond
visual assessment

May reduce
uncertainty

diagnostic

Operator-dependent;.._benign—
malignant overlap
Low-flow sensitivity; setting -
dependent -

L e

PP
Sampling error; low /yield in

cystic nodes
-~

I(@W@; Alreshold and assay
variability
Short  blood-pool  window;
inflammatory overlap

Timing and interpretation
remain operator-dependent

Limited nodal
possible

confounding

evidence;
inflammatory

Overfitting; acquisition and
segmentation variability

Greater complexity;
validation

requires

First-line mapping and target sélection

e

Supportive Vasclllar assessment
Pathological confirmation of selected nodes
Adjunct to cytology and imaging
Problem-solving for indeterminate nodes

Comparison of arterial and

diagnostic value

venous

Evaluate incremental value and radiomics
potential

Risk prediction, validation, and calibration

Integrated preoperative decision support
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Table 2.3

Selected key studies informing the multimodal diagnostic framework

-

Study Focus Design Key contribution Limitation Relevance
Haugen et Guideline / PTC  ATA guideline  Therapeutic.. lateral~ neck disscetion” is Guideline evidence Defines the clinical decision context and
al. (2016) management recommended when nodal metastasis is depends on consequences of diagnostic error.

confirmed; supports the need for accurate heterogeneous source %

preoperative assessment: studies:
Limetal. Clinicopathological = Retrospective Identified factors associated with lateral Retrospective @n{c/entre- Supports risk stratification but also shows
(2011) predictors of  surgical cohort cervical nodal metastasis in PTC. specific. . that clinical variables cannot replace

LLNM ) direct nodal assessment.
v
Mullaet  Conventional Systematic Conventional US is first-line, but sensitiv'ty/ ‘Heterogeneous  criteria Justifies  quantitative  scoring  and
al. (2012) ultrasound review / varies and depends on feature definitionl and ang reference standards.  adjunctive modalities.
diagnostic operator experience. P »
evidence -
& m

Jeonetal. FNA-Tg Diagnostic FNA-Tg improves diagnosis of metastatic Assay and  cut-off Provides biochemical rationale for
(2012) cohort cervical nodes, especially’ when cytology is  variability. inclusion of FNA-Tg.

inadequate. | . “he”
Al-Hilliet FNA-Tg Retrospecti)ze < Needle-lNashout thyroglobulin improves Single-center and assay- Supports FNA-Tg as a confirmatory
al. (2016) diagnostic study  detection of PTC nodal metastasis. specific. biochemical test.
Duval et  FNA-Tg analytical ¢ 'Diargnostic Serum TSH and anti-thyroglobulin antibodies Platform-specific and Highlights need for contextual and

et o laboratory study may influence interpretation of washout Tg.  heterogencous sampling.  quantitative interpretation.
...continuation
Liu et al. FNA:Tg Meta-analysis ~ Reported high pooled sensitivity and Threshold and protocol Supports high diagnostic value but
(2020) _ specificity for cervical nodal metastasis. heterogeneity. identifies a standardization gap.
Tong et al. Ultrasound Radiomics An ultrasound-based radiomic nomogram Retrospective; limited Directly relevant to node-specific lateral-
(2020) radiomics for nomogram study showed potential for predicting lateral external validation. neck radiomics.
LLNM cervical nodal metastasis.

to be continued...
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Yu et al.
(2020)

Cao et al.
(2021)

Jiang et
al. (2023)

Xiao et al.
(2023)

Liu et al.
(2023)

Liu et al.
(2024)

Zhang et
al. (2024)

Liu et al.
(2024)

Transfer-learning
radiomics

Radiomics review

CEUS
radiomics
nomogram

clinical-

Perfluorobutane
CEUS for small
LLNM

FNA-Tg

Clinical multimodal
ultrasound
radiomics

Ultrasound
radiomics

P

FNA-Tg in PTC

Multicenter
imaging study

Transfer-learning  radiomics  improved
prediction of lymph node metastasis in PTC.

Model interpretability
and protocol variation.

Narrative review Summarized applications and limitations of
radiomics in differentiated thyroid cancer.

Broad scope; not lateral-
node specific.

Potential overfitting and
lack of broad “external

. o -
validation
« -

Retrospective A CEUS-based clinical-radiomics model
modelling study improved preoperative prediction of cervical
nodal metastasis.

Diagnostic study Perfluorobutane CEUS improved diagnostic/ Protoetl hand  contrast-
of small lateral confidence for small lateral cervical modal ‘@nt experience may

nodes metastases. imit generalizability.
-
P \
Large Confirmed high diagnestic efficacy of FNA- Retrospective and
retrospective Tgand evaluat@zi'nﬂueheing factors. laboratory-specific.
diagnostic study A, & Y
P \ 4 '//
Retrospective _Clinical and  multimodal  ultrasound Potential center and

multimodal _ radiomi#s improved prediction over single acquisition dependence.
model _ inputs.

¢ 'éysfematic Ultrasound radiomics showed promising Substantial heterogeneity
review and meta- pooled performance for nodal metastasis. and publication bias risk.
analysis
Clinical Evaluated FNA-Tg for cervical nodal Cut-off and population

diagnostic study metastasis and its clinical application. dependence.

Demonstrates the value of quantitative
imaging and the neéd for robust
validation. P
Frames reproducibility, standardization,
and clinical translation issues.

Supports  combining  CEUS-derived
quantitative information with clinical
factors.

Strongest direct evidence for

Sonazoid/perfluorobutane in small lateral
nodes.

Supports  quantitative and

analysis of impact factors.

FNA-Tg

Supports multimodal integration and
comparison of imaging substrates.

Supports promise but underscores need
for rigorous validation.

Reinforces FNA-Tg as complementary
rather than standalone.
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CHAPTER 111

METHODOLOGY

3.1 DESIGN AND LOCATION OF THE STUDY

-

This cross-sectional diagnostic study was conducted in the Department of Ultrasound;
Affiliated Hospital of PanZhihua University, Sichuan; China. The clinical §Q{1rce period
extended from 1 February 2024 to November 2025. Between 1 February and 13 June
2024, 44 patients who later fulfilled the final eligibility c;rjteri/é underwent the relevant
examinations as part of routine clinical care; no stud}:»speciﬁc recruitment took place
before local ethical approval. After approyafl/o/ﬁ/lj J{me 2024, their existing records and
stored images were screened agaiAnsfc the pre%eciﬁed eligibility, completeness, image-
quality, and outcome-Veriﬁcaﬁ:d;féfite/:ria and were included only when all requirements
were met. From July '2(])24 \tof\lovember 2025, a further 134 eligible patients were
enrolled under the approved protocol. The final analytical cohort therefore comprised
178 patlenfs (44 retrospectlvely included routine-care cases and 134 patients enrolled

durmg the formal study period). One index lateral cervical lymph node per patient was

“analysed.

3.1.1 Preliminary Methodological Feasibility Assessment

The preliminary methodological assessment was performed after local ethical approval
had been obtained. The 44 pre-existing routine-care cases were retrospectively reviewed
to confirm the consistency of image selection, phase-specific recording, FNA-C/FNA-
Tg documentation, target-node matching, ROI delineation, observer procedures, data-
collection forms, and radiomics preprocessing. No research database entry or research
analysis of these cases was undertaken before approval. These checks did not change
the study objectives, eligibility criteria, reference standard, or primary outcome, and the

same procedures were subsequently applied throughout the formal study period.
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3.1.2 Sample Size Justification

An a priori sample-size calculation was performed using G*Power version 3.1.9.7. A
two-tailed point-biserial correlation model under the t-test family was specified, with
an assumed effect size of |p| = 0.30, a two-sided significance level (a) of 0.05, and
statistical power (1) of 0.95. The calculation yielded a minimum required sample size
of 134 participants (df = 132; actual power = 0.951). This target was used for
recruitment during the formal study period from July 2024 to November 2025.
Separately, 44 patients who had undergone the relevant examinations as part of routine
clinical care between 1 February and 13 June 2024 were screened for research eligibility
only after local ethical approval was obtained on 14 June 2024. They met the same
eligibility, imaging-quality, and outcome-verification criteria as patients en/rg)/lled during
the formal study period.-The-final-analytical cohort therefore/comﬁrjsed‘l78 patients:
44 retrospectively included pre-existing clinical cases/and\134 patients enrolled during

the planned study period. o -

3.2 PATIENTS ¢

&5
The study protocol was approved by the Research Ethics Committee of the Affiliated
Hospital of PanZhi/hua University, China, on 14 June 2024 (Appendix A), and by the
Medical Rfeé;eérch/ and Ethics Committee, Faculty of Medicine, Universiti Kebangsaan
) Mal/a/ysia, 01{ 12 December 2024 (Appendix B). Between 1 February and 13 June 2024,
44 patients who later met the final eligibility criteria underwent the relevant
examinations as part of routine clinical care. No study-specific recruitment, research
database construction, radiomics processing, or statistical analysis of these cases was
undertaken before local ethical approval. After 14 June 2024, their existing clinical
records and stored images were screened for research eligibility and included only when
the prespecified criteria were satisfied. From July 2024 to November 2025, 134 patients
were enrolled under the approved study protocol. Participants undergoing study-
specific procedures after approval received verbal and written information on the study
purpose, procedures, potential risks, confidentiality, voluntary participation, and the
right to withdraw without affecting clinical care; written informed consent was obtained
where required (Appendix C). All data were de-identified before analysis and were

accessible only to authorised members of the research team.
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Inclusion criteria:

Age 18 years or older and a diagnosis of primary PTC.

Availability of preoperative conventional ultrasound and Sonazoid CEUS
images, including arterial, venous, and post-vascular phases, of the target

lateral cervical lymph node.

Availability of preoperative FNA-C and FNA-Tg results from the same target
lymph node.

-

Availability of serumthyroglobulin measured-within 14 days’ g;f FNA-Tg
sampling and sufficient-clinical-information-to establifsh/the final reference

diagnosis. ~

Exclusion criteria: £
-

e

P

Known allergy to @gg/;/e’gg f)roducts, or any component of Sonazoid.
S -

/,,

Pregna’ﬁéy, age Lelow 18 years, or inability to provide informed consent where

- Y,

P p
_ T consent was required.

Lateral cervical lymphadenopathy caused by another malignant tumour,
lymphoma, infection, or other non-PTC disease confirmed by pathology or

clinical assessment.

Severe cardiopulmonary, hepatic, or renal dysfunction; clinically significant

coagulopathy; or any condition precluding CEUS or needle aspiration.

Incomplete imaging, laboratory, cytological, surgical, pathological, or follow-
up information; images of insufficient quality for interpretation or radiomics

analysis; or withdrawal from the study.
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3.3 ETHICS APPROVAL & INFORMED CONSENT

The study protocol was approved by the Research Ethics Committee of the Affiliated
Hospital of Pan Zhihua University, China, on 14 June 2024 (Appendix A), and by the
Medical Research and Ethics Committee, Faculty of Medicine, Universiti Kebangsaan
Malaysia, on 12 December 2024 (Appendix B). Between 1 February and 13 June 2024,
44 patients who later fulfilled the final eligibility criteria underwent the relevant
examinations as part of routine clinical care and were not prospectively recruited for
research. No study-specific recruitment, research database construction, radiomics
processing, or statistical analysis of these cases was undertaken before local ethical
approval. After approval on 14 June 2024, their pre-existing clinical records and-stored
images were formally screened for research eligibility-and included orﬂ}; when the
prespecified criteria were-satisfied.-From-July 2024-to Nover/nber 2025;3 further 134
patients were enrolled under the approved study protocol. Participants undergoing
study-specific procedures after approval received ;erbal and written information
regarding the study purpose, procedures 6otem1al risks, confidentiality safeguards,
voluntary participation, and the rlghf to w1thdraw without affecting clinical care; written
informed consent was thfa’/ d. where required (Appendix C). All data were de-
identified before /a,nélys]is ahd/were accessible only to authorised members of the

research teann; '

€ s

-

3.4 LATERAL CERVICAL LYMPH NODES CLINICAL EVALUATION FLOW

Before surgery, all patients with PTC underwent systematic ultrasound examination of
the central and lateral cervical compartments. When a suspicious lateral cervical lymph
node was identified, the same target node underwent Sonazoid CEUS and ultrasound-
guided FNA for FNA-C and FNA-Tg. The target lymph node was documented by
cervical level, side, size, and image landmarks to ensure correspondence across imaging,

aspiration, surgery, pathology, and follow-up.

Patients with one or more strongly positive findings—malignant FNA-C,
malignant Sonazoid CEUS features, or a positive FNA-Tg result according to the

prespecified criteria—were considered clinically suspicious and were evaluated for
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lateral cervical lymph node dissection during thyroid surgery. Immediately before
surgery, the target node was localized by skin marking and ultrasound-guided injection
of diluted methylene blue. The labelled node was removed separately and submitted for

histopathological examination to permit node-to-node correlation.

The primary reference standard was postoperative histopathology of the
corresponding target lymph node. For patients who did not undergo lateral neck
dissection because all three preoperative tests were negative, scheduled ultrasound
surveillance at 1, 3, and 6 months formed a secondary clinical reference standard.
Follow-up was used only to classify the outcome of non-resected nodes and was not
treated as a preoperative predictor. A node was classified as non-metastatic/only,\;vheh
it remained stable without new suspicious features throughout at least 6 months of
surveillance; any interval suspicious change prompted repeat C/EUS; FNA-C, and FNA-
Tg, when indicated, surgery or biopsy. This approach is illustrated in Figure 3.1.

« >

£ -

35 STUDY PROCEDURE A

¢ -
«

P

For Observer Roles and Bﬁn(/ifn\g Conventional ultrasound and Sonazoid CEUS
examinations w?rg/iﬁtérpretéd/independently of the final reference diagnosis. Image
reviewers were not provided with postoperative histopathology or follow-up outcomes
at the tirr/le/ of qualitative scoring. The physician performing FNA was aware of the

ultrasound appearance for procedural safety but did not have access to the final

“histopathological diagnosis. Cytopathologists and laboratory personnel interpreted

FNA-C and measured FNA-Tg without access to radiomics results. For radiomics, the
primary segmenter was blinded to the outcome during ROI delineation, and the second
observer independently segmented the reproducibility subset without viewing the first
observer’s contours. Dataset labels were revealed only after segmentation and feature
extraction had been completed. Where complete blinding was not feasible because
clinical procedures occurred sequentially in routine care, this was acknowledged as a
potential source of review bias and was mitigated by using prespecified criteria and the

independent reference standard.
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3.5.1 Conventional Ultrasound Assessment

a. Image Acquisition

1. Conventional ultrasound and CEUS examinations were performed using a
Sequoia system (Siemens Healthineers), LOGIQ E11 system (GE Healthcare),
or EPIQ Elite system (Philips Healthcare) with a 6-15 MHz linear-array
transducer. Equipment settings were optimized for superficial cervical imaging

and kept as consistent as clinically feasible within each examination.

-

il. Patients were examined in the supine position with the neck mildly extended
and rotated away, from-the Side being assessed. o
1il. Lateral cervical lymph nodes were systematically assessed at levels II-V
according to standard anatomical landmarks. | _
7 >
A
iv. The index suspicious lymph node was examined in longitudinal and transverse

planes, and repres¢rr@ﬁ€ej still images and cine loops were stored in Digital

Imaging and-Comniunications in Medicine format.
- !

v. . TRecorded features included short-axis diameter, long-to-short-axis ratio, shape,

-

-

< margin, cortical morphology, internal echogenicity, fatty hilum, calcification,
cystic degeneration, vascular distribution, and relationship to adjacent

structures.

b. Suspicious Conventional Ultrasound Features

Lateral cervical lymph nodes were considered suspicious if one or more of the following

features were present (Luo et al. 2022):

1. Feature (1) (Size/Shape): Short diameter >0.5 cm, long diameter/short

diameter (L/S) ratio <1.5, and a rounded shape.
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ii. Feature (2) (Margin/Cortex): Ill-defined or irregular margin, centripetal
thickening of the cortex, or decreased echogenicity levels in the cortex and

medulla.

1il. Feature (3) (Lymphatic Hilum): Absence or eccentricity of the lymphatic hilum.

v. Feature (4) (Vascularization): Peripheral vascularization or loss of regular

blood flow signals.

V. Feature (5) (echogenicity): Presence of diffuse or focal hyperechogenicity. )
vi. Feature (6) (Cystic-Appearance): Presence of-eystic components within the
node. K PN\
Vil. Feature (7) (Calcifications): Presence of any type of calcification.
A aD
c. Qualitative Conventional Ultrasound Diagnosis
&)

S -
Qualitative metastasis was diagnosed if the lymph node exhibited any of the following
o § I
pathognomonic”—features: hyper-echogenicity ((5)), cystic appearance((6)), or
calcifications (7).

-

“d. Conventional Ultrasound Quantitative Scoring System

The quantitative score in Table 3.1 was an investigator-defined ordinal scoring system
developed for the present study and was not a previously validated clinical scoring
system. The component variables were selected from recognised suspicious
sonographic features of metastatic cervical lymph nodes in thyroid cancer, including
increased short-axis diameter or rounded configuration, irregular margin/cortical
abnormality, loss or eccentricity of the fatty hilum, abnormal peripheral or disorganised
vascularity, hyperechogenicity, cystic change, and calcification (Ahuja & Ying 2005;
Haugen et al. 2016; Luo et al. 2022; Chung et al. 2022). The numerical weights were

not copied from a published validated coefficient set and were not derived from a fitted
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regression model. Instead, they were assigned ordinally to represent increasing
diagnostic suspicion: common but relatively nonspecific morphologic abnormalities
were assigned 1 point; loss of the hilum and abnormal vascularity were assigned 2
points; and hyperechogenicity, cystic change, and calcification received higher scores
because these findings are more characteristic of metastatic PTC nodes. Within the latter
categories, increasing extent or greater metastatic specificity was represented by
progressively higher study-defined scores (3-5points). Thus, the literature supported
selection and relative diagnostic importance of the suspicious features, whereas the
exact numerical weighting remained investigator-defined. The total score was obtained
by summing all features present in the index node and was evaluated as an index test in
the present cohort; its optimal cut-off and diagnostic performance were gletefﬁiined

-

empirically by ROC analysis rather than assumed a priofi.

o

Table 3.1  Quantitative scoring criteria for conventional ultrasound features

Feature Category Specific Ultrasound Sign Score
Short diameter > 0.5 ¢ — 1
Morphology ~ /H}/j -
L/S ratio < 1.5 . { 1

—_—

Irregul;a,po/rﬁledéfined margin
- v y.

Structure _Cortical thickening / decreased echogenicity/hilum eccentricity 1
- % Absence of lymphatic hilum 2
Vascularity. y P Peripheral vascularization / irregular flow / abundant flow 2
R I\ ¥ Focal hyper-echogenicity 4

_ Echogenicity
< Diffuse hyper-echogenicity 5
Cystic appearance < 0.3 cm 3
Cystic Changes Cystic appearance 0.3-0.5 cm 4
Cystic appearance > 0.5 cm 5
Calcification with comet tail / linear calcification 3
Calcifications Coarse calcification (> 0.1 cm) 4
Fine punctate calcification 5

3.5.2 Sonazoid CEUS Assessment

a. Sonazoid Administration and Imaging Protocol

After written consent for CEUS had been obtained, Sonazoid (perfluorobutane

microbubbles; Daiichi Sankyo, Tokyo, Japan) was prepared according to the
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manufacturer’s instructions. A 1.0 mL bolus diluted with 2 mL saline was administered
through a 20-gauge antecubital intravenous cannula and followed by a 5 mL saline flush.
The largest reproducible section of the target lymph node was selected. Low-
mechanical-index contrast imaging (approximately 0.2) was used, with the focal zone
positioned immediately below the node. Patients were instructed to breathe quietly and
avoid swallowing. Continuous vascular-phase cine loops were stored for 60 seconds
after injection, and additional images were acquired through the venous phase. Post-
vascular-phase imaging was performed at 10 minutes or later and stored for at least 10
seconds. Gain, depth, focus, and dynamic range were maintained as consistently as

possible within each examination.

b. Sonazoid CEUS Phase Definitions
CEUS evaluation was divided into three phases: o
i. Arterial phase —
il. (10-30 s): assessmentof mitial contrast inflow.
A Ta.
e . ]
iil. Venous phase (30-120 s): evaluation of washout and perfusion homogeneity.
iv: Post-vascular phase (>10 min): assessment of contrast retention related to
macrophage uptake.
c. Qualitative Sonazoid CEUS Assessment

Two ultrasound physicians with experience in thyroid and cervical lymph-node imaging
independently reviewed the stored conventional ultrasound and Sonazoid CEUS images
using prespecified criteria. Reviewers were blinded to histopathological and follow-up
outcomes. Disagreements were resolved by consensus after the independent
assessments had been recorded. Inter-observer agreement for categorical features was
quantified using Cohen’s kappa. Suspicious Sonazoid CEUS features included

centripetal or chaotic arterial enhancement, heterogeneous enhancement or perfusion
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defects during the vascular phase, and sparse, defective, hypo-enhancing, ring-like, or
absent enhancement in the post-vascular phase (Xiao et al. 2023; Yu et al. 2023).
1. Sonazoid CEUS in the arterial phase

Enhancement modes manifested as chaotic, centripetal, circular enhancement with no
enhancement inside indicate metastasis. Centrifugal and overall (integral) enhancement

modes indicate benign.
il. Sonazoid CEUS in the venous phase

Enhancement modes manifest as heterogeneous, and no enhancement mode indicates

metastasis. Homogeneous eénhancement mode indicates benign.

iil. Sonazoid CEUS in the post-vascular phase <.

- p

y '3 -

Enhancement modes manifest as hyper/—en}@mement with sparse microbubbles, hyper-

enhancement with defect> 0.1, cm, circular enhancement with internal non-
p

- .
enhancement, homogeneous Jiypo-enhancement, heterogeneous hypo-enhancement,
and non-enhancgmeﬁt in the post-vascular phase indicate metastasis. Homogeneous
hyper-enhancement indicates benign.

s

-

\

d. Quantitative Sonazoid CEUS Scoring

An investigator-defined ordinal score was assigned to each enhancement pattern to
represent increasing suspicion of metastasis; the higher the score, the greater the
suspicion. The arterial-, venous-, and post-vascular-phase scores were analyzed
separately and in combination. The scoring system was not treated as an externally
validated instrument; observed in our clinical practice, its cut-off values and diagnostic
performance were evaluated in this cohort, and observer agreement for the underlying

categorical patterns was assessed before model comparison.

1. Sonazoid CEUS in the arterial phase



76

Centrifugal (+1), overall (integral +2), chaotic (+3), no enhancement (+4),
circular enhancement (+4), centripetal (+5).

il. Sonazoid CEUS in the venous phase

Homogeneous (+1), heterogeneous with single defect 0.1- 0.2 cm (+2),
heterogeneous with single defect 0.2- 0.3 cm (+3), no enhancement (+4),
extremely heterogeneous with defect>0.3cm (+5), disordered with more than

3 defects and every defect > 0.1cm (+5).

iil. Sonazoid CEUS in the post-vascular phase P

-

Homogeneous_hyper-enhancement (+1), heterogeneous hyper—énhancéinent
with  defect 7 0.1-0:3cm(+2), homogeneous /,hyp(’)/-enhéhcement(+3),
heterogeneous hypo-enhancement with dqfect\/ 0.1-0.3cm (+4), circular
enhancement no enhancement insidg (+4), no enhancement (+4), marked

filling with single defect > 0.3/cm(‘(51 ) jmarked filling with multiple defect >

0.1cm (+5), markgi frlilr;g only sparse microbubbles( +5).

PA Y - J
B

~ o
353  FNA-Cand FNA-Tg Examination

P J .
-

All index 1yinph nodes underwent ultrasound-guided FNA for cytology and washout
) thyroglobulin irrespective of the qualitative Sonazoid CEUS result, thereby reducing

/ partial verification bias between the index tests.
a. FNA-C Acquisition

1. Participants were informed about the puncture procedure and provided written
consent. Anticoagulant or antiplatelet medication was managed according to
institutional clinical protocols and the patient’s thrombotic risk rather than
discontinued automatically.

il. Relevant laboratory tests, including complete blood count and coagulation

indices, were reviewed before puncture when clinically indicated.
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iii. Ultrasound-guided FNA was performed by a senior ultrasound physician
experienced in cervical intervention using an in-plane needle approach.
The patient was positioned to provide a short and safe route to the target node.
The puncture path was planned to avoid major vessels, nerves, and other critical

structures.

v. After skin antisepsis and local anaesthesia with 2% lidocaine, a 22-gauge
needle attached to a 5 mL syringe was advanced into the solid component of
the node. Multiple short back-and-forth passes were performed in different
directions under real-time ultrasound guidance. At least three passes were
obtained when technically feasible. Aspirated material was expelled ontd;glas’s
slides, smeared, immediately fixed in 95% ethanol, labelled by nodal level and

side, and sent for haematoxylinandeosin staining and cytological examination.

-
O
_~

V. All target locations and corresponding speciniens were recorded to maintain
imaging—cytology—pathology corrépror?dence.

P >

vi. FNA-C was classiﬁél’/a; i)ositive when malignant epithelial cells compatible
with m@tagﬁfic] P"fC were identified. A specimen containing lymphocytes
gvjthguf;atypical epithelial cells was classified as negative; non-diagnostic

N /sa;nples were repeated when clinically feasible and were excluded if no

definitive classification could be obtained.
b. FNA-Tg Acquisition

After the cytology pass, a separate needle pass was performed in the same target lymph
node. The needle and syringe were rinsed with 1.0 mL normal saline in an Eppendorf
tube. For predominantly cystic nodes, one drop of the aspirated cyst fluid was added to
the saline washout. The sample was centrifuged for 5 minutes, and the supernatant was
analyzed for thyroglobulin by electrochemiluminescence immunoassay using a COBAS
e601 analyzer (Roche Diagnostics). Laboratory personnel were blinded to the imaging

and final reference results.
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c. FNA-Tg Qualitative Assessment

The reference standard of FNA-Tg (Jiang and Hsiao 2020; Liu et al. 2022; Su et al.
2024):

1. Positive: FNA-Tg >10 ng/mL, or FNA-Tg of 1-10 ng/mL with an FNA-
Tg/serum Tg ratio >1.

ii. Negative: FNA-Tg <1 ng/mL, or FNA-Tg of 1-10 ng/mL with an-FNA-=
Tg/serum Tg ratio-<1;in the absence of another-positive criterion. i

d. FNA-Tg Quantitative Assessment o

_~

FNA-Tg was additionally analyzed as a C/OI}fﬂ’/lG(BlS variable. ROC analysis was used to
estimate the AUC and 95% confidence inteival and to determine the cohort-specific
optimal cut-off by the maxim’@;;’@)‘u;len Index. Sensitivity, specificity, PPV, NPV, and
accuracy were cal9mated4at thaf cut-off.

I

354 ¢ I/Jat(;l:al Cervical Lymph Node Surgery

_A target lateral cervical lymph node was considered highly suspicious when at least one

of the following criteria was present:

a. FNA-C result (+).

b. Sonazoid CEUS vascular phase or post-vascular phase showing a malignant
image.

c. FNA-Tg > 10 ng/mL or FNA-Tg 1-10 ng/ml, FNA-Tg/serum Tg > 1.

Patients meeting the surgical criteria underwent lateral cervical lymph node

dissection according to clinical indications. Before surgery, the target node was
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documented by level and size, marked on the skin, and injected under ultrasound
guidance with 0.1 mL of 1:10 diluted methylene blue within approximately 15 minutes
before the operation. The labelled node was removed first when feasible, submitted
separately, and matched with the preoperative imaging and aspiration records. Paraftin-
embedded histopathology of the corresponding node served as the primary reference

standard.

3.5.5 Lateral Cervical Lymph Node Follow-up

Patients without lateral neck dissection entered follow-up only when all of the following

low-suspicion criteria were met:

a. FNA-C result (-) SN\ %

b. No signs of malignancy in vascular and. post-vascular phases of sonazoid
CEUS. s
c. FNA-Tg<Ing/ml mfNA;Tg is 1~10 ng/ml, FNA- Tg/serum Tg<I.
) Ta.

.\
These patients underwent routine cervical ultrasonography at approximately 1, 3, and 6
mqnths/af't/er surgery. Follow-up was used solely to establish the outcome of non-

resected nodes and did not contribute predictor information to the preoperative models.

“New growth or suspicious morphologic change prompted repeat conventional

ultrasound, Sonazoid CEUS, FNA-C, and FNA-Tg. Nodes that remained stable and
showed no suspicious features throughout at least 6 months were classified as non-
metastatic for the final analysis. This secondary reference standard and its potential for

misclassification were acknowledged as a study limitation.

3.5.6 Radiomics Analysis of Conventional Ultrasound and Sonazoid CEUS

The radiomics workflow comprised image selection, preprocessing, ROI segmentation,
reproducibility assessment, feature extraction, feature reduction, model development,

internal validation, and clinical utility assessment (Figure 3.2).
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a. Image Selection and Preprocessing

For each patient, one representative image of the index lymph node was selected from
each available modality: grayscale ultrasound, color Doppler flow imaging (CDFI),
arterial-phase CEUS, venous-phase CEUS, and post-vascular-phase CEUS. Images
were exported in DICOM or lossless format and anonymized. To reduce non-biological
variation, images were checked for consistent orientation and complete lesion display.
Intensities were normalized within each modality before feature extraction, grayscale
values were discretized using a fixed bin-width strategy, and images were re/sami)led to
a common in-plane pixel spacing when required by the. extraction i)ipeliné: No
smoothing or filtering beyond the predefined PyRadiomics/trans’formé‘ was applied
unless explicitly specified in the feature conﬁguratiﬁnj The same preprocessing

parameters were applied to all patients within a médali‘fy and were fitted without using

outcome information. < ¢ b S
) / o ’ \ -
b. ROI Segmentation‘and Reproducibility Assessment

- I
The indeziyjyn)p/h;node was manually delineated in ITK-SNAP on each selected image.
The- pri/ma;y observer, an ultrasound physician with more than 3 years of thyroid-
{maging experience, segmented all 178 cases while blinded to the outcome. A second
“ultrasound physician independently re-segmented a simple random sample of 40 cases
selected from the full cohort. Random selection was stratified by outcome to preserve
representation of metastatic and non-metastatic nodes. The 40-case subset was used
only for segmentation reproducibility analysis and was not a separate model-
development dataset. Intraclass correlation coefficients (ICCs) were calculated from
features extracted from the two independent segmentations. After an interval of at least
2 weeks, the primary observer repeated segmentation of the same subset to assess intra-
observer reproducibility. Features with ICC >0.80 for both intra- and inter-observer
comparisons were retained for subsequent analysis. The observers did not view each

other’s contours, imaging interpretations, or final histopathological outcomes during

segmentation.
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c. Radiomics Feature Extraction

Radiomics features were extracted using PyRadiomics in Python (Tong et al. 2022; Lu
etal. 2023; Mu et al. 2023; Liu et al. 2024) on the OneKey Al platform. Feature families
included first-order features, shape features, gray-level co-occurrence matrix (GLCM),
gray-level run length matrix (GLRLM), gray-level size zone matrix (GLSZM), gray-
level dependence matrix (GLDM), and neighbouring gray tone difference matrix
(NGTDM) features(Figure 3.3). Three-dimensional shape features were not used for

single two-dimensional images. The extraction settings were fixed before outcome

modelling and applied identically-to the-training and test cohorts. -

d. Feature Selection

-
O
_~

All data-dependent preprocessing and feature/sel/e'gtioﬁ were performed after the 8:2
training—test split and used the training COIGjPE ogly Within each training fold, features
with poor reproducibility were}/n@rﬁqved, near-zero-variance features were excluded,
missing values were impufegﬁu/s/inTg training-fold estimates, and continuous features
were standardized. ti's/iﬁg] par;lmeters derived from the training fold. Highly correlated
features \yere/réc[uced before least absolute shrinkage and selection operator (LASSO)
regreSsi/on./The LASSO! penalty was selected by 10-fold cross-validation within the
Eraining cohort. The resulting transformations and selected feature set were then applied
Junchanged to the held-out test cohort. This nested sequence prevented information

leakage from the test cohort into feature selection.

e. Classifier Selection and Model Construction

Eleven supervised machine-learning classifiers were evaluated: logistic regression,
naive Bayes, support vector machine, k-nearest neighbour, random forest, ExtraTrees,
extreme gradient boosting, LightGBM, gradient boosting, AdaBoost, and multilayer
perceptron. These methods were selected because the radiomics analysis was based on
handcrafted quantitative features organised as tabular data. The selected classifiers
included linear, probabilistic, distance-based, kernel-based, tree-based, ensemble,

boosting, and shallow neural-network methods, allowing different modelling
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assumptions and levels of non-linearity to be compared within the same analytical
framework.

CNNs and Vision Transformers were not included because the study was
designed as a handcrafted-radiomics analysis rather than an end-to-end image-learning
study. With a single-centre cohort of 178 patients and no independent external validation
cohort, direct training of high-capacity image-based deep-learning models would have
increased the risk of overfitting and produced results that would be difficult to evaluate
reliably. Conventional machine-learning classifiers were therefore considered more
appropriate for the available data structure and sample size, while preserving direct
assessment of the contribution of the selected radiomics features.

-

Each classifier was developed separately for grayscale ultrasound, CDF]I,
arterial-phase CEUS, venous-phase CEUS;and post-vascula;—phaSe CEUS using the

same preprocessing, feature-selection, training, and validation framework.

P -
ra >

f. Training, Hyperparameter Tuning,4nd Tnternal Validation

-

P

4

The full cohort of 178 patiem/s/»hb‘t /the 40-case reproducibility subset—was used for
model developmept/.Patiénts‘ wgre randomly divided into training and test cohorts at an
8:2 ratio using Stratified random sampling to preserve the proportion of metastatic and
non;mefat/Sfelti/é gases. The random seed was fixed before analysis to allow

feproducibility. Hyperparameters were tuned exclusively within the training cohort by

<grid search with stratified cross-validation. Class weights or resampling were

considered only when imbalance materially affected a classifier; any such procedure
was applied within training folds only. The final model for each classifier was refitted
on the complete training cohort using the selected hyperparameters and evaluated once
on the untouched test cohort. Overfitting was limited through reproducibility filtering,
correlation reduction, penalized selection, constrained hyperparameter search, cross-

validation, and strict separation of training and test data.

g. Model Performance, Internal Validation, and Clinical Utility

Discrimination was evaluated using receiver operating characteristic (ROC) analysis,
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and the area under the ROC curve (AUC) with its 95% confidence interval was reported
for each radiomics classifier and imaging modality. At the prespecified or training-
derived classification threshold, sensitivity, specificity, accuracy, positive predictive
value (PPV), negative predictive value (NPV), precision, recall, and F1-score were
calculated. For comparisons between radiomics models evaluated in the same patients,
correlated ROC curves were compared using the non-parametric DeLong test. These
comparisons were performed in the held-out test cohort for prespecified clinically
relevant pairs, including the best-performing models derived from grayscale ultrasound,
CDF], arterial-phase CEUS, venous-phase CEUS, and post-vascular-phase CEUS. The
null hypothesis was that the two correlated AUCs were equal; a two-sided P value <0.05
indicated a statistically significant difference. Where multiple exploratory péifwise
comparisons were presented, the results were interpreted cautiously because of the

-

limited test-cohort size and multiplicity of testing.

-
O
_~

Model calibration was assessed by plpttiﬁg calibration curves that compared
predicted probabilities of lateral cervical 1y61\a/h node metastasis with the corresponding
observed event proportions. The 45 -degree reference line represented perfect agreement
between predicted and obse/FV/e& ), risks. Curves above the reference line indicated
underestimation  of ’/mqtastéltic risk, whereas curves below the line indicated
overestin}atio;].’/C/alibration was examined primarily in the held-out test cohort and was

-

add'rtionall;'displayed for the training cohort where relevant. The Brier score, calculated
;15 the mean squared difference between predicted probabilities and observed outcomes,
“was used as an overall measure of probabilistic accuracy, with lower values indicating
better calibration and overall prediction. Calibration intercept and calibration slope
were estimated where sample size permitted, ideal calibration corresponded to an
intercept of 0 and a slope of 1. Because the test cohort was relatively small, calibration

findings were interpreted as exploratory internal-validation evidence rather than

definitive proof of transportability.

Decision curve analysis was performed in the held-out test cohort across
clinically plausible threshold probabilities, with the net benefit of each model compared
with the default treat-all and treat-none strategies. The displayed threshold range was

selected to represent probabilities at which clinicians might consider additional biopsy
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or lateral neck surgery.

Sample-level prediction distributions were plotted to demonstrate separation
and overlap between metastatic and non-metastatic cases. These plots were interpreted
as visualizations of discrimination and probability distribution rather than as direct
evidence of model stability. Model stability was assessed through cross-validation
variability in the training cohort and performance consistency in the held-out test cohort.
Sample-level prediction distributions were plotted to show separation and overlap
between metastatic and non-metastatic cases. These plots were interpreted as
visualizations of discrimination and probability distribution rather than as evidence of
model stability. Model stability was evaluated through cross-validation Variapihtyiﬁ the

e

training cohort and performance consistency in the held-out test cohort.

-

All radiomics analyses were performed in Pythori using PyRadiomics on the

OneKey Al platform.

h. External Validation P /

External Validatio;ywas]not\performed because the study was conducted at a single
center and ne ,ihdgpendent cohort with the same Sonazoid multiphase protocol, FNA-
Tg workflow, image storage format, and node-level reference standard was available

during the study period. The held-out test cohort therefore provided internal validation

“only and did not establish transportability to other institutions, scanners, operators, or

patient populations. To reduce optimism, the test cohort remained untouched during
preprocessing, feature selection, and hyperparameter tuning. The absence of external
validation was treated as an important limitation, and multicenter temporal and

geographic validation was recommended before clinical deployment.

3.6 STATISTICAL ANALYSIS

Statistical analyses were performed using SPSS Statistics version 25.0 (IBM Corp.,
Armonk, NY, USA), MedCalc version 11.4 (MedCalc Software, Ostend, Belgium), and
Python (on the OneKey Al platform) for radiomics modelling and validation.
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All tests were two-sided, and P<0.05 was considered statistically significant.
Continuous variables were assessed for distributional form using graphical methods and
an appropriate normality test. Normally distributed variables were summarized as mean
+ standard deviation and compared with the independent-samples t-test; non-normally
distributed variables were reported as median and interquartile range. Categorical
variables were reported as counts and percentages and compared using the chi-square

test or Fisher’s exact test, as appropriate.

Inter-observer agreement for categorical ultrasound and CEUS fe/aturés/ was
quantified using Cohen’s’kappa; kappa values were interpreted as <0.20 /slight, 0.21-
0.40 fair, 0.41-0.60 moderate; 0:61=0:80 substantial; and 0.81-1.00 almost perfect

agreement. o

_~
- p

y '3 -

Paired binary diagnostic outcomés-obtained from the same patients were
compared using the McNema;Ateét,. McNemar testing was not used to compare

sensitivity, specificity, PPV; NP/V, Or accuracy as isolated unpaired quantities; instead,

it was applied to /pa'rr’éd discordant classifications at a common reference standard.

s / ,
P . -
-

e Di/agnostic performance was evaluated by ROC analysis. AUCs with 95%
;onﬁdence intervals were reported and interpreted descriptively as 0.50 no
Jdiscrimination, 0.60-0.69 poor, 0.70-0.79 acceptable, 0.80-0.89 good, and >0.90
excellent discrimination. The optimal diagnostic cut-off for continuous or ordinal index
tests was selected by maximizing the Youden Index (sensitivity + specificity — 1), which
identifies the threshold with the greatest vertical distance from the chance line when
sensitivity and specificity are weighted equally. Correlated AUCs from the same

participants were compared using the DeLong test.

For radiomics, intra- and inter-observer reproducibility of extracted features
was quantified using intraclass correlation coefficients (ICCs). ICC values <0.50, 0.50—
0.75, 0.75-0.90, and >0.90 were interpreted as poor, moderate, good, and excellent
reliability, respectively. Features meeting the prespecified reproducibility threshold
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were retained for subsequent analysis. All data-dependent preprocessing, feature
selection, and hyperparameter tuning were confined to the training data. Model
performance was summarized separately for training cross-validation and the held-out
test cohort to distinguish optimization from independent internal evaluation. Sensitivity,
specificity, PPV, NPV, accuracy, precision, recall, Fl-score, and AUC with 95%

confidence intervals were reported where appropriate.

For radiomics model comparison, AUCs obtained from predictions on the same
held-out test patients were treated as correlated. The non-parametric DeLong test was
used to compare prespecified pairs of ROC curves, particularly the best-performing
model from each imaging modality. The DeLong test statistic was based bﬁ the
covariance of the paired AUC estimates, and two-sided P values were repdrted.
Statistical significance was defined as P<0.05. Comparisons not fénnally tested were
described as numerical differences only and were /not\/interpreted as evidence of
statistical superiority. Exploratory multiple compa?i/son’s were interpreted cautiously in

view of the limited number of test—cohgr‘e dgservdtions.

-

P >

op

Decision curve amalysisiquantified net benefit across the stated threshold-
probability range inthe held-out test cohort. Sample-level prediction-score distributions
were also_generated for individual test-cohort patients to illustrate the separation and

“ -

overlap of predicted probabilities between metastatic and non-metastatic groups.
Calibration of the radiomics models was evaluated using calibration curves, in
which predicted probabilities were plotted against observed proportions of metastasis.
A 45-degree line represented perfect calibration. Departure above this line indicated that
the model underestimated risk, whereas departure below the line indicated
overestimation. Calibration was assessed primarily in the held-out test cohort. The Brier
score was calculated as the mean squared error between predicted probabilities and
binary outcomes; values closer to 0 indicated better overall probabilistic accuracy.
Calibration intercept and slope were estimated where feasible, with ideal values of 0
and 1, respectively. Given the small test cohort, visual calibration patterns and

associated estimates were interpreted cautiously.
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A 22-year-old woman with a 0.3 cm papillary thyroid carcinoma in the right
thyroid lobe underwent conventional ultrasound, Sonazoid contrast-enhanced
ultrasound, FNA-C, and FNA-Tg evaluation of a level III lymph node in the right lateral
neck (as indicated by the arrow). Conventional ultrasound showed a moderately
hyperechoic area within the lymph node. The FNA-Tg value was 481 ng/mL. Sonazoid
contrast-enhanced ultrasound and FNA-Tg both suggested metastatic papillary thyroid
carcinoma, whereas FNA-C showed lymph node cells without definite tumor cells.
Following dual localization by surface marking and ultrasound-guided methylene blue
injection, the patient underwent total thyroidectomy, bilateral central lymph node
dissection, and right lateral cervical lymph node dissection. Postoperajive/p’a{rafﬁn

pathology confirmed lymph node metastasis.
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First Order Statistics (19 features):

Extracts the voxel-intensities within the region of interest in an image.

/R
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Shape-based (3D) (16 features) +Shape-based (2D) (10 features):

Describes the dimension shape/size of a volume or region of interest.
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Gray Level Co-occurrence Matrix (24 features): ~
Describes the quantitative view of texture in an image using image histograms. - \
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Gray Level Run Length Matrix (16 features): N,

Describes the distribution of pixel-intensities m the image run-length features.
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Gray Level Size Zone Matrix (16 features):

“Describes the number of related voxels which shares the similar gray-level intensities.
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Neighbouring Gray Tone Difference Matrix (5 features):

Quantifies the difference between a gray-value and the average gray-value ofits neighbors.
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Gray Level Dependence Matrix (14 features):

Describes the gray-level dependencies in an image from its central voxel.

Figure 3.3  Radiomics Features




CHAPTER IV
RESULTS

4.1 DEMOGRAPHIC AND CLINICAL CHARACTERISTICS OF THE STUDY
POPULATION

4.1.1 Overall Demographic Characteristics )

e

A total of 178 patients were included in the final analytical cohdrt/at/th/e Affiliated
Hospital of Pan Zhihua University, China. Of these, 44 yyere/retrospectively included
from patients who had undergone the relevant examiﬂations as part of routine clinical
care between 1 February and 13 June 20251,/Wﬁi@eséarch inclusion occurring only after
local ethical approval. The rema/i\n'r‘ng/134 Iﬁtients were enrolled from July 2024 to
November 2025 under |the /@éfiive/cl study protocol. The same eligibility criteria,
imaging requirements, 'r?fere\ncg standard, and data-quality procedures were applied to
both groups. ’The/ mean age was 45.60 £ 13.30 years (range, 18-83 years). All
partjcipér/lté vx;ere/adults, and age was analysed as a continuous variable.

-

“4.1.2 Final Grouping of Patients

Based on the findings of fine-needle aspiration cytology (FNA-C), 55 patients were
diagnosed with metastatic lateral cervical lymph nodes, whereas 123 patients were

diagnosed without metastasis.

Among the 178 patients, 140 highly suspicious patients underwent surgery and
postoperative pathological examination. Histopathological examination confirmed
lateral cervical lymph node metastasis in 82 patients, while 58 patients were confirmed
to have no metastasis. The remaining 38 patients did not undergo surgery and were
evaluated through follow-up. During follow-up, 1 patient was found to have lateral

cervical lymph node metastasis, whereas 37 patients showed no evidence of metastasis.
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Based on the final pathological and follow-up findings, 83 patients were
included in the metastasis group, and 95 patients were included in the non-metastasis

group. The process of patient inclusion and final grouping is illustrated in Figure 4.1.

178-patients included

!

Initial FNA-C assessment

55 metastatic

123 non-metastatic

) i— —— = ——— . ~ ; i - X -
140 underwent surgery 38-no surgery .~
+ 82 pathology-confirmed metastasis o] fQIIDwAup\KEmﬁrmed metastassis
+ 58 pathology confirmed non-metastas . 3ﬂo\lklw;ib«cmﬁrmed-non-rnetatalis

- @ A
-~ -

Ve e ;
J Final groupin
_// 91 grouping

- »

Ve
P + 83 metastasis group
\ l
- _ » 95 non-metastasis group
P YV
( v
-7 -

Figure 4.1  Flowchart of patient recruitment and final grouping of the study

4.1.3 Comparison of Age and Sex Between the Two Groups

In the non-metastasis group, 76 patients were female, and 19 were male. In the
metastasis group, 54 patients were female, and 29 were male. The mean age of the
metastasis group was 40.65 + 14.13 years, whereas the mean age of the non-metastasis
group was 49.92 + 10.88 years. The mean age of patients in the metastasis group was
significantly lower than that in the non-metastasis group (p = 0.014). The demographic

and clinical characteristics of the patients are presented in Table 4.1.
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Table 4.1 Demographic characteristics of the study participants

Total Metastasis Non-Metastasis P-
Characteristic Category
(n=178) (n=83) (n=95) value
Female 130 54 76 -
Sex
Male 48 29 19 -
Age (Years) Mean + SD 45.60 £13.30  40.65+14.13 49.92 £10.88 0.014

4.14 Distribution of Lateral Cervical Lymph Nodes

A total of 109 lateral cervical lymph nodes were located on the left side, whereas 69
were located on the right side. According to cervical nodal level, 1 lymph node was
located in level I, 14 indevel 11, 72 in level 111, 89 in level 1V, and’/2 in le/vel V. V"l/“here
was no statistically significant difference in the distribution-of cervical nodal levels
between the metastasis and non-metastasis groups (p ”=\‘/0.880). The distribution of
lateral cervical lymph nodes is shown in Tz?ﬂe/i.i/

N

¢ -

Table 4.2 | Regional d/isjribution of lateral cervical lymph nodes

Group - III v Vv Total P-value
Non-Metastasis e A ] 1 ¢ 7 40 46 1 95

Metastasis~ > 0 7 32 43 1 83 0.88
Total 14 72 89 2 178

4.1.5 Comparison of Lymph Node Dimensions Between the Two Groups

The long diameter of the lateral cervical lymph nodes ranged from 0.40 cm to 2.84 cm,
whereas the short diameter ranged from 0.24 cm to 1.60 cm. There was no statistically
significant difference in the long diameter between the metastasis and non-metastasis
groups (p = 0.517). Similarly, no statistically significant difference was observed in the
long-to-short diameter ratio between the two groups (p = 0.598). However, the short
diameter was significantly greater in the metastasis group than in the non-metastasis

group (p <0.001). The comparison of lymph node dimensions is presented in Table 4.3.
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Table 4.3  Comparison of lymph node diameters by metastasis status

Parameter Non-Metastasis (n=95) Metastasis (n=83) P-value
Long diameter (cm) 1.19+0.45 1.30+ 0.48 0.517
Short diameter (cm) 0.55+0.13 0.64+0.23 <0.001
L/S Ratio 2.22+0.08 2.16 £0.09 0.598

4.1.6 Laboratory Findings of the Study Population

The laboratory findings of the study population are presented in Table 4.4. Serum
thyroglobulin (Tg) levels were within the normal range in 99 patients (55.6%),
decreased in 62 patients (34.8%), and increased in 17 patients (9.6%). Serufn
thyroglobulin antibody (TgAb) levels were within the normal range in 1517 patlents
(84.8%) and increased-in 27 patients (15.2%). Serum thyrmd-st;mulatmg hormone
(TSH) levels were within the normal range in 142 patients (/"79/./8%5, de/creased in 29
patients (16.3%), and increased in 7 patients (3.9%). Seru}n\thyroid peroxidase antibody
(TPO-ADb) levels were within the normal range in/ 143 /patients (80.3%) and increased

in 35 patients (19.7%). L
P o\
Table 4.4 Thy/rqid/ func/tion indicators of the study participants(N=178)
Status _ 9 v Serum Tg Serum TgAb Serum TSH Serum TPO-Ab
Norrr/laﬂ{/n’%) p 99 (55.6%) 151 (84.8%) 142 (79.8%) 143 (80.3%)
B ’D/e/crease (ﬂ%) 62 (34.8%) - 29 (16.3%) -
Increase (n%) 17 (9.6%) 27 (15:2%) 7 (3.9%) 35 (19.7%)

4.1.7 Comparison of Laboratory Parameters Between the Two Groups

As shown in Table 4.5, the mean serum Tg level in the metastasis group was
significantly higher than that in the non-metastasis group (p < 0.001). The mean serum
TgAb level was also significantly higher in the metastasis group than in the non-
metastasis group (p = 0.002). In addition, the mean serum TPO-Ab level was
significantly higher in the metastasis group than in the non-metastasis group (p =0.003).
Although the mean serum TSH level was higher in the metastasis group than in the non-

metastasis group, the difference was not statistically significant (p = 0.663).
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Table 4.5 Thyroid function values by metastasis status

Parameter Non-Metastasis (n=95) Metastasis (n=83) P-value
Serum Tg (unit) 10.44 +2.33 24.39+3.67 <0.001
Serum TgAb (unit) 7.35+2.38 17.14 £ 6.04 0.002
Serum TSH (unit) 2.06+£0.23 2.30+0.21 0.663
Serum TPO-Ab (unit) 45.41 +£18.93 98.98 +31.18 0.003

4.2 CONVENTIONAL ULTRASOUND FINDINGS

4.2.1 Distribution of Conventional Ultrasound Manifestations

-
- A

The evaluation of 178 lateral cervical lymph nodes focused on seven suspicious features
identified on conventional ultrasound, as described in the methbdo[ogyTThe detailed
distribution and frequency of these manifestations are/shBV\;n in Table 4.6.

/ﬁ// )

Among the 178 lateral cervical g@p}f nodes examined, the most frequent
combination of suspicious fea/ture/‘s\\;fas @@, which was observed in 37 lymph nodes
(20.8%). This combination/ wﬁs found exclusively in the non-metastasis group. The
second most frcqueﬁ?combinations were (1)(2)(4) and (1)(2)(7), each occurring in 13
lymph nodgé é7.3%). Feature (2) alone was observed in 12 lymph nodes (6.7%), while

featﬁ;e combination (2)(7) was identified in 11 lymph nodes (6.2%). Several other

‘combinations, including - 5)(®), @®E., @@®E, G®EH@D., G®EHO@.
WB)B)(6)(@), and 1)(BR)(@)(5)(6), were each observed in only 1 lymph node (0.6%).

Lymph nodes demonstrating feature (5) (hyperechogenicity), feature (6)

(cystic appearance), or feature (7) (calcification) were observed only in the metastasis

group.



Table 4.6  Conventional ultrasound features of lateral cervical lymph nodes
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Conventional ultrasound characteristic / (& )
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Note: (1) lymph nodes with a short diameter >0.5 cm, lymph nodes with a long diameter / short diameter (L / S) ratio<1.5, rounded shape. (2)ill-defined margin or irregular
margin, centripetal thickening of the cortex of lymph nodes, or decreased echogenicity levels in the cortex and medulla  (3)absence of lymphatic hilum or
eccentricity.(4) peripheral vascularization, or blood flow signals, were losing their regularity.(5) diffuse or focal hyper-echogenicity. (6) cystic appearance. (7)
calcifications; Have (5)or (6)or (7) conventional ultrasound qualitative diagnoses metastasis
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4.2.2 Qualitative Diagnoses of Conventional Ultrasound

For qualitative diagnoses, lateral cervical lymph nodes were classified as metastatic
when they demonstrated feature (5), (6), or (7) on conventional ultrasound. Based on
this criterion, 98 lymph nodes were diagnosed as metastatic and 80 as non-metastatic.
When compared with the final diagnoses, qualitative conventional ultrasound showed
moderate agreement, with a kappa value of 0.676. The association between qualitative
conventional ultrasound diagnoses and the final diagnoses was statistically significant

(p <0.001). These findings are presented in Table 4.7.

Table 4.7 Qualitative diagnostic efficacy of conventional ultrasound W ’
Non-metastasis Metastasis (
Diagnoses Method Total - P\~ Kappa
(Final) (Final) ¢ ~
Ultrasound Qualitative (+) 22 76 98 . \”
Ultrasound Qualitative (-) 73 7 . ™ 80 <0.001 0.676
Total 95 .83~ 178
.\~
NN,
4.2.3 Quantitative Scoring of Conventional Ultrasound
vy
- v y.

\ e
To objectively quantify the risk of metastasis, a weighted scoring system was applied
to the suspicidﬁ—s signs observed during conventional ultrasound examination, as
describéd in the methodology. Scores were assigned according to morphological,

Structural, echogenicity-related, and vascular characteristics, ranging from +1 for basic

~size-related criteria to +5 for highly specific features such as fine punctate calcification

or diffuse hyper-echogenicity.

The mean conventional ultrasound score was 9.22 + 3.78 in the metastasis group
and 3.39 + 2.23 in the non-metastasis group. The score was significantly higher in the
metastasis group than in the non-metastasis group (p < 0.001). The comparison of

conventional ultrasound scores between the two groups is presented in Table 4.8.

Table 4.8  Quantitative scores of conventional ultrasound

Group Mean Score Standard Deviation P-value

Non-metastasis (n=95) 3.39 2.23
Metastasis (n=83) 9.22 3.78

<0.001
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4.2.4 Diagnostic Performance of Quantitative and Qualitative Conventional
Ultrasound

When the cut-off value for the quantitative conventional ultrasound score was set at 5.5,
the sensitivity and specificity were 0.880 and 0.968, respectively. The Youden index
was 0.848, and the area under the receiver operating characteristic curve (ROC-AUC)
was 0.914 (95% CI: 0.863—0.951). By comparison, qualitative conventional ultrasound
showed a sensitivity of 0.924, a specificity of 0.661, a Youden index of 0.585, and an
AUC of 0.842. The diagnostic performance of qualitative and quantitative conventional

ultrasound is presented in Table 4.9.

Table 4.9  Qualitative and quantitative diagnostic performance of conventional ultr/asouhd

Method Cut-off Sensitivity  Specificity YI AUC 95% CI - SE P
Qualitative N/A 0.924 0.661 0.585 0.842 /0.780—0.89/2 0.0266

P 0.0001
Quantitative 5.5 0.88 0.968 0.848 09914 . 0.863-0.951 0.0224

// -
> S
4.2.5 Comparison of Quantitative-and Quaﬁtative Diagnostic Efficacy of Conventional
Ultrasound pe <K )
“ v y,
Ve

The quantitative//dja@bs'tic éfﬁcacy of conventional ultrasound was higher than that of
qualitativ/e/ conventional ultrasound for the assessment of lateral cervical lymph node
me;tasta/sis,/as indicated by the higher AUC value (0.914 vs. 0.842). The difference
“ between the two methods was statistically significant according to the DeLong test (p
"< 0.001), and the corresponding standard error was 0.0224. This standard error reflects
the precision of the AUC estimate but should not, by itself, be interpreted as evidence

of model robustness or external validity. The comparison of quantitative and qualitative

diagnostic efficacy is illustrated in Figure 4.2.
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Figure 4.2  Comparison of quantitative and qualitative diagnostic efficacy of convéntional ultrasound
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4.3 FA-C AND FNA-TG FINDINGS RN

7o A
4.3.1 Diagnostic Performance of FNA-C /: 7
e, D]

Fine-needle aspiration pytolcggy /(i?I\IA-C) classified 55 lateral cervical lymph nodes as

metastatic and 123 45 1 ﬁom—metastatic. Among the 178 patients included in the study, 140

with highly” sfu’sﬁicious findings underwent surgery and postoperative pathological

exanﬁna/ltid/nj which confirmed 82 metastatic and 58 non-metastatic lateral cervical

iymph nodes. The remaining 38 patients did not undergo surgery and were evaluated by
/follow-up, which identified 1 additional metastatic lymph node and 37 non-metastatic

lymph nodes. When compared with the final diagnoses, FNA-C showed moderate

agreement, with a kappa value of 0.562. The association between FNA-C diagnoses and

the final diagnoses was statistically significant (p <0.001). The diagnostic performance

of FNA-C is presented in Table 4.10.

Table 4.10 Comparison of FNA-C and final diagnoses

FNA-C Result Non-metastasis (Final) Metastasis (Final) Total P-value Kappa

Non-metastasis 90 33 123
Metastasis 5 50 55 <0.001 0.562
Total 95 83 178
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4.3.2 Distribution and Qualitative Classification of FNA-Tg

The FNA-Tg level ranged from 0 to 79,005 ng/ml. Among the 178 lateral cervical
lymph nodes, 65 had an FNA-Tg value of < 1.0 ng/ml, 37 had an FNA-Tg value of 1.0—
10.0 ng/ml, and 76 had an FNA-Tg value of > 10.0 ng/ml. According to the predefined
qualitative criteria, lymph nodes were classified as non-metastatic when FNA-Tg < 1.0
ng/ml or when FNA-Tg was 1.0-10.0 ng/ml with an FNA-Tg/serum Tg ratio < 1.
Lymph nodes were classified as metastatic when FNA-Tg > 10.0 ng/ml or when FNA-
Tg was 1.0-10.0 ng/ml with an FNA-Tg/serum Tg ratio > 1. The detailed distribution
and classification of FNA-Tg are presented in Table 4.11.

Table 4.11 Classification of FNA-Tg levels-and-qualitative criteria ¢

FNA-Tg/Serum-

FNA-Tg Value . Frequency Percentage (%) Qlfalita/tive Diagnoses
Tg Ratio -
< 1.0 ng/ml - 65 +.3635 Non-metastasis
<1 25N " 1Y 141 Non-metastasis
1.0-10.0 ng/ml 1/ b
>1 o/l A 6.7 Metastasis
>10.0 ng/ml -\ ¢ 76 42.7 Metastasis
Total &S 178 100 ;
~ o

O\
4.3.3 Qualitative Diagnostic Performance of FNA-Tg

-

R Usﬁing the above qualitative criteria, FNA-Tg showed good agreement with the final

“diagnoses, with a kappa value of 0.831. The association between qualitative FNA-Tg
diagnoses and the final diagnoses was statistically significant (p < 0.001). The
qualitative diagnostic performance of FNA-Tg is presented in Table 4.12.

Table 4.12 Qualitative diagnostic performance of FNA-Tg

Non-metastasis Metastasis
FNA-Tg Qualitative Diagnoses Total P-value Kappa
(Final) (Final)
Non-metastasis 85 5 90
Metastasis 10 78 88 <0.001 0.831

Total 95 83 178
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4.3.4 Quantitative Analysis of FNA-Tg

The mean FNA-Tg value in the metastasis group was 3675.10 + 1179.62 ng/ml, whereas
the mean value in the non-metastasis group was 1.58 £+ 0.28 ng/ml. The mean FNA-Tg
value was significantly higher in the metastasis group than in the non-metastasis group
(p <0.001). The comparison of the FNA-Tg value between the two groups is presented
in Table 4.13.

Table 4.13  Quantitative FNA-Tg values by metastasis status

Group n Mean FNA-Tg (ng/ml) P-value

Metastasis 83 3675.10 £ 1179.62 o« /4
) </0.001

Non-Metastasis 95 1.58+0.28 - -

4.3.5 Diagnostic Performance of Quantitative and Qualitative FNA:Tg

O
_~

When the cut-off value of FNA-Tg was set at 910 ng/ml the sensitivity and specificity
of quantitative FNA-Tg for the dlagHOSJS of/a jrél cervical lymph node metastasis were
0.880 and 0.968, respectlvelﬂ T’(/re\ Youden index was 0.848, and the ROC-AUC was
0.953 (95% CI: O.917—Q.99()). By c’bmparison, qualitative FNA-Tg showed a sensitivity
of 0.940, a spegjﬁc/it/y of 0.895, a Youden index of 0.835, and an AUC of 0.917. The
diagnos:[ic/pérfoﬁnance of qualitative and quantitative FNA-Tg is presented in Table

4.14.

Table 4.14  Qualitative and quantitative diagnostic performance of FNA-Tg

Method Cut-off Sensitivity  Specificity AUC 95% CI SE P-value
Qualitative NA 0.94 0.895 0917  0.871-0.964  0.0206 0.0456
Quantitative 9.1 0.88 0.968 0.953  0.917-0.990  0.0185 '

4.3.6 Comparison of Quantitative and Qualitative Diagnostic Efficacy of FNA-Tg

The quantitative diagnostic efficacy of FNA-Tg was higher than the qualitative
diagnostic efficacy, as reflected by the higher AUC value (0.953 vs. 0.917). The
difference between the two methods was statistically significant according to the

DeLong test (p = 0.0456); the standard error of the quantitative AUC estimate was



102

0.0185. This value reflects estimation precision and does not independently establish
robustness or generalizability. The comparison of quantitative and qualitative diagnostic

efficacy is illustrated in Figure 4.3.
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= P Clualitative diagnosis of FMNA-
— /
P Ty
o] | IV Quantitative diagnosis of FNA-
: o Tg value
» — Reference Line
z//
//’
> us 1
z
?ﬁ A
g / ¢
W ogal— /,/ p
Fd
z/ - .
o <4
o P
,/
ozt o
| ,/
/’ ) -~
/
5 -
Fd
, -
oo ©
0.0 0.2 0.4 0.6 o8 10 o
1 - Specificity L\ *
Ve >
P,

- -
Figure 4.3 Comparison of quantitative and qualitative diagnostic efficacy of FNA-Tg
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4.4 SONAZOID/CONTRAST -ENHANCED ULTRASOUND (CEUS) FINDINGS

-

P |
441 Attérial;Phase of Sonazoid CEUS

-

-

- "In the arterial phase of Sonazoid contrast-enhanced ultrasound (CEUS), six
“enhancement patterns were identified, namely centrifugal enhancement, overall
(integral)enhancement, chaotic enhancement, centripetal enhancement, no
enhancement, and circular enhancement with internal non-enhancement. The
distribution of enhancement patterns in the arterial phase across 178 lateral cervical

lymph nodes is presented in Table 4.15.

For qualitative diagnoses, centrifugal enhancement and overall enhancement
were classified as non-metastatic patterns, whereas chaotic enhancement, centripetal
enhancement, no enhancement, and circular enhancement with no enhancement inside
were classified as metastatic patterns. The qualitative diagnostic results of arterial phase

Sonazoid CEUS for lateral cervical lymph nodes are shown in Table 4.16.
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A quantitative scoring system was also applied to the arterial phase
enhancement patterns, as described in the methodology, with the following scores
assigned: centrifugal enhancement (+1), overall enhancement (+2), chaotic
enhancement (+3), no enhancement (+4), circular enhancement with no enhancement
inside (+4), and centripetal enhancement (+5). The quantitative score distribution of
arterial phase Sonazoid CEUS for lateral cervical lymph nodes was presented in Table

4.17.

The mean arterial phase quantitative score was 4.37 &+ 0.129 in the metastasis
group and 1.13 + 0.043 in the non-metastasis group. The arterial phase quantitative
score was significantly higher in the metastasis group than in the non-metastasis_group

(p <0.001).

e
-

When the cut-off value of the arterial phase guanfitative score was set at 2.5,
the sensitivity and specificity of quantitative/artéljal ‘phase Sonazoid CEUS for the
diagnosis of lateral cervical lymph node met/ajtaas were 0.892 and 0.989, respectively.
The Youden index was 0.881, a/nd the ROC-AUC was 0.969 (95% CIL: 0.940—0.998).
By comparison, qualitative” afte}ri/ai\ phase Sonazoid CEUS showed an AUC of 0.941.
The diagnostic fperf(;rm]ance of qualitative and quantitative arterial-phase Sonazoid

CEUS foglat@ral;cervical lymph node metastasis is presented in Table 4.18.

-

-

Quantitative score arterial-phase Sonazoid CEUS demonstrated higher
“diagnostic efficacy than qualitative assessment for lateral cervical lymph node
metastasis, as indicated by the higher AUC value (0.969 vs. 0.941). The difference
between the two AUC values was statistically significant according to the DelLong test
(p=0.0227); the standard error of the quantitative AUC estimate was 0.0133. This value
reflects the precision of the AUC estimate and should not be interpreted as proof of
external robustness. The comparison of diagnostic efficacy between the two methods of
qualitative and quantitative arterial phase Sonazoid CEUS for lateral cervical lymph

node metastasis is illustrated in Figure 4.4.
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Table 4.15 Arterial-phase enhancement patterns of Sonazoid CEUS

Enhancement pattern Frequency Percentage (%) Non-metastasis Metastasis
Centrifugal enhancement 89 50 85 4
Overall(integral)enhancement 14 7.9 9 5
Chaotic enhancement 8 4.5 0 8
Centripetal enhancement 61 343 0 61
Non-enhancement 2 1.1 1 1
Circular enhancement with
internal non-enhancement 4 22 0 4
Total 178 100 95 83
Table 4.16  Qualitative diagnoses of arterial-phase Sonazoid CEUS R |
Arterial phase ~ [ (—
Non-metastasis-(Final)—Metastasis (Final) Total - P/
qualitative diagnoses ) )
Non-metastasis 94 9 . ( 103 ~
Metastasis 1 74 o < 75 <0.001
Total 95 83 178

e v

%
NN,
Table 4.17 Quantitative Scores of arterial phase Sonazoid CEUS

=

Arterial phase PR LS
L Non-metastasis (Final) Metastasis (Final) Total
quantitative score Va s
- ¢ | 85 4 89
2y 9 5 14
Y 8
R\ 4 1 5
5 0 61 61
Total 95 83 178
Table 4.18 Qualitative and quantitative diagnostic performance of arterial-phase Sonazoid CEUS
Cut-off
Method | Sensitivity Specificity YI  AUC 95% CI SE P
value
Qualitative NA 0.892 0.989 0.881 0.941 0.899 0.982 0.0180

0.0227
Quantitative 2.5 0.892 0.989 0.881 0.969 0940 0.998 0.0133
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Figure 4.4 Comparison of quantitative and qualitative diagnostic efficacy of arterial-phase Sonazoid
CEUS ol
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4.4.2 Venous-Phase of Sonazoid CEUS/ / P j

4 -
«

In the venous phase of Sorra’igid\ CEUS, three enhancement classifications were
identified, namely hgmogeneous enhancement, heterogeneous enhancement, and no
enhancement. The dlstrllbutlon of these venous phase enhancement classifications of
lateral cemgal lymph nodes is shown in Table 4.19.

For qualitative diagnoses, homogeneous enhancement was classified as non-
metastatic, whereas heterogeneous enhancement and no enhancement were classified
as metastatic. The qualitative diagnostic results of venous phase Sonazoid CEUS for

lateral cervical lymph nodes in PTC are presented in Table 4.20.

A quantitative scoring system was further applied to the venous phase
enhancement as described in the methodology, homogeneous (+1), heterogeneous with
single defect 0.1- 0.2cm (+2), heterogeneous with single defect 0.2-0.3cm (+3), no
enhancement (+4), extremely heterogeneous with defect>0.3cm (+5), disordered with
more than 3 defect and every defect > 0.1cm (+5). The quantitative score distribution

for the venous phase Sonazoid CEUS is presented in Table 4.21.
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The mean venous phase score was 3.06 + 0.163 in the metastasis group and
1.16 + 0.062 in the non-metastasis group. The score was significantly higher in the
metastasis group than in the non-metastasis group (p < 0.001). At a cut-off value of 1.5,
the sensitivity and specificity of quantitative venous phase Sonazoid CEUS for the
diagnoses of lateral cervical lymph node metastasis were 0.880 and 0.916, respectively.
The Youden index was 0.796, and the ROC-AUC was 0.904 (95% CI: 0.855-0.954).
The diagnostic performance of qualitative and quantitative venous phase Sonazoid

CEUS is presented in Table 4.22.

Qualitative venous phase Sonazoid CEUS showed an AUC of 0.898. Although
the quantitative venous phase method showed a numerically higher AUC Jcl’fah the
qualitative method (0.904 vs. 0.898), butmo statistically significant acct/)rding to the
DeLong test; the p-value was 0.3416. The comparison of diagn()st’ifcf efficacy between
the two methods of qualitative and quantitative venous phasé Sonazoid CEUS for lateral
cervical lymph node metastasis is illustrated in/Fig/qre 4.5.

A

Table 4.19 Venogg-ﬁhgse enhancement patterns of Sonazoid CEUS

Venous phase QA A/ Non-metastasis Metastasis
. . _ Frequency  Percentage (%) . .
classification - (Final) (Final)
- |
Homogeneous 97 54.5 87 10
Heterogencous 78 43.8 7 71
\ Non-enhancement 3 1.7 1 2
"~ Total 178 100.0 95 83

Table 4.20  Qualitative diagnoses of venous-phase Sonazoid CEUS

Venous phase

Lo . Non-metastasis (Final) Metastasis (Final) Total P
qualitative diagnoses
Non-metastasis 87 10 97
Metastasis 8 3 81 <0.001

Total 95 83 178
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Table 4.21  Quantitative scores of venous-phase Sonazoid CEUS

Venous phase

quantitative score Non-metastasis (Final) Metastasis (Final) Total
3 1 27 28

4 1 5 3

3 2 13 s

2 4 31 35

! 87 10 97

Total 95 83 178

-

Table 422  Qualitative and-quantitative diagnostic performance-of venous-phase Sonazoid CEUS

Cut-off € -
Method | Sensitivity Specificity YI ~ AUC 95% CI” SE P
value -
Qualitative NA 0.880 0.916 0.796 0898 0.846 0.950 0.023
Y 0.3416
Quantitative 1.5 0.880 0.916 /0.7-96 0.904 0.855 0.954 0.228
- o A
//,//“\ =
o [ N° ROC Curve
;_7_/._.‘_._;{_#__,_.{—-— Source of the Curve
¢ Clualitative diagnosis of venous
CEUS
Cluantitative diagnosis of
venous CEUS
-z
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Figure 4.5 Comparison of quantitative and qualitative diagnostic efficacy of venous-phase CEUS

4.4.3 Post-Vascular-Phase of Sonazoid CEUS

In the post-vascular phase of Sonazoid CEUS, seven enhancement patterns were

identified: homogeneous hyper-enhancement, heterogeneous hyper-enhancement with
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a defect of 0.1- 0.3 cm, homogeneous hypo-enhancement, heterogeneous hypo-
enhancement with a defect of 0.1- 0.3 cm, circular enhancement with internal non-
enhancement, non-enhancement, and marked filling defect. Marked filling defect was
defined as a single defect> 0.3 cm, multiple defects>0.1cm, or sparse microbubbles.
The distribution of post-vascular phase enhancement patterns of lateral cervical lymph

nodes is presented in Table 4.23.

For qualitative diagnoses, homogeneous hyper-enhancement was classified as
non-metastatic, whereas heterogeneous hyper-enhancement with a defect of 0.1- 0.3 cm,
homogeneous hypo-enhancement, heterogeneous hypo-enhancement, circular
enhancement with internal non-enhancement, non-enhancement, and mar/ked”ﬁflling
defect were classified as metastatic patterns. The qualitative diagnostic results of bost-
vascular phase Sonazoid CEUS for lateral cervical lymph nodes ére shown in Table

-

4.24. ™

_~
- p

£ -

A quantitative  scoring system @is :épplied to the post-vascular phase
enhancement as described in the mefhodology, homogeneous hyper-enhancement (+1),
heterogeneous hyper—enhaﬁcement with single defect 0.1-0.3cm(+2), homogeneous
hypo- enhancemem(+3) ]heterogeneous hypo-enhancement with single defect 0.1-
0.3cm (+4) mrcular enhancement no enhancement inside (+4), no enhancement (+4),

marked ﬁlhng with single defect > 0.3cm(+5), marked filling with multiple defect >
" 0.1cm (+5), marked filling only sparse microbubbles( +5). The quantitative score

distribution for the post-vascular phase of lateral cervical lymph nodes is presented in

Table 4.25.

The mean post-vascular phase score was 4.37 + 0.121 in the metastasis group
and 1.43 + 0.097 in the non-metastasis group. The score was higher in the metastasis
group than in the non-metastasis group (p = 0.044). At a cut-off value of 3.5, the
sensitivity and specificity of quantitative post-vascular phase Sonazoid CEUS for
diagnosing lateral cervical lymph node metastasis were 0.843 and 0.937, respectively.
The Youden index was 0.780, and the ROC-AUC was 0.951 (95% CI: 0.908—-0.978).
The diagnostic performance of qualitative and quantitative post-vascular phase

Sonazoid CEUS of lateral cervical lymph nodes is presented in Table 4.26.



109

Qualitative post-vascular phase Sonazoid CEUS showed an AUC of 0.901.

Quantitative post-vascular phase Sonazoid CEUS demonstrated higher diagnostic

efficacy than qualitative assessment, as reflected by the higher AUC value (0.951 vs.

0.901). The difference between the two AUC values was statistically significant

according to the DeLong test (p = 0.00026); the standard error of the quantitative AUC

estimate was 0.015. This value describes the precision of the estimate and does not

independently demonstrate model robustness. The comparison of diagnostic efficacy

between the qualitative and quantitative post-vascular phase Sonazoid CEUS for lateral

cervical lymph nodes is illustrated in Figure 4.6.

Table 4.23  Post-vascular-phase enhancement patterns of Sonazoid CEUS /"

-

Post-vascular-phase classification

-

Frequency ,Peréentage (“A;)

Homogeneous hyper-enhancement - 87
Heterogeneous hyper-enhancement ™ 12
(single defect 0.1- 0.3 cm) ') >
7 >
Homogeneous hypo-enhancement / P ‘; 3
Heterogeneous hypo-enhancement ¢ \ 7
(single defect 0.1 - 0.3cm) pe S )
- [ - /
Circular enhancement with-internal nén-enhancement 2
AU\ Y
Non-enhancement/ 7
Marked filling defect 60
(single defect > 0.3cm or multiple > 0.1c¢m or sparse
< microbubbles)
“Total 178

7489

6.8

1.7

3.9

1.1
3.9

33.7

100.0

Table 4.24  Qualitative diagnoses of post-vascular-phase Sonazoid CEUS

Post-vascular-phase

qualitative diagnoses Non-metastasis (Final) Metastasis (Final) Total P
Non-metastasis 82 5 87
Metastasis 13 78 91 <0.001
Total 95 83 178
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Table 4.25  Quantitative scores of post-vascular-phase Sonazoid CEUS

Post-vascular-phase

Lo Non-metastasis (Final) Metastasis (Final) Total
quantitative score
1 72 1 73
2 14 11 25
3 3 1 4
4 3 13 16
5 3 57 60
Total 95 83 178

Table 4.26  Qualitative and quantitative diagnostic performance of post-vascular-phase CEUS
Cut-off -
Method Sensitivity  Specificity YI AUC 95% CI SE <P
value .
Qualitative NA 0.940 0.863 0.803 0901 . 0.848  0.941 0.022 ~0.000
Quantitative 3.5 0.843 0.937 0.780 0951 0.908 0.978 ) 0.015 26
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Figure 4.6 Comparison of quantitative and qualitative diagnostic efficacy of post-vascular-phase
Sonazoid CEUS
4.4.4 Overall Phase Sonazoid CEUS Assessment

The arterial, venous, and post-vascular phase findings of Sonazoid CEUS were further

combined to evaluate lateral cervical lymph node metastasis. In the qualitative overall

phase Sonazoid CEUS assessment, the sensitivity, specificity, and Youden index were
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0.988, 0.832, and 0.820, respectively. The ROC-AUC was 0.910 (95% CI: 0.862—0.957).
In the quantitative overall phase Sonazoid CEUS assessment, the cut-off value was 6.5,
and the sensitivity, specificity, and Youden index were 0.976, 0.947, and 0.923,
respectively. The ROC-AUC was 0.978 (95% CI: 0.958-0.999); the diagnostic
performance of the overall phase Sonazoid CEUS for lateral cervical lymph nodes is

presented in Table 4.27.

The quantitative overall phase Sonazoid CEUS assessment demonstrated
higher diagnostic efficacy than the qualitative overall phase Sonazoid CEUS assessment,
as indicated by the higher AUC value (0.978 vs. 0.910). The AUC difference between
the two methods was statistically significant according to the DeLong test (p ;O/TQOOI);
and the standard error of the quantitative AUC estimate was 0.0103. This value reflects
estimation precision rather than external robustness or transpo;tabilfifty. The comparison
of diagnostic efficacy between the qualitative and qugntitaiive overall phase Sonazoid
CEUS for lateral cervical lymph nodes is illust;ate/d/in Figure 4.7.

A

Table 4.27 Diagrygtic‘/ Eerforfnance of the overall phase Sonazoid CEUS

Cut- PA Y - p,
Method off  Sensifivity »~Specificity YI AUC 95% CI SE P
value
— |
Qualitative ~ _NA- 0.988 0.832 0.820 0.910 0.862-0.957  0.0202 (5 o00
ngmitati;/e C, 6.5 0.976 0.947 0.923 0.978 0.958-0.999  0.0103 1
. ROC Curve
e N (1 = Source of the Curve
| Oéadgjmi\ue diagnaosis by averall
0B |.'" . | aﬁgﬁ"@%‘ﬁgdiag"ﬂﬂg""
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Figure 4.7 Comparison of quantitative and qualitative diagnostic efficacy of the overall phase

Sonazoid CEUS
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COMPARISON BETWEEN CONVENTIONAL ULTRASOUND AND

OVERALL SONAZOID CEUS
Comparison of Qualitative Diagnostic Performance Between Conventional

Ultrasound and Overall Sonazoid CEUS

4.5.1
The qualitative diagnostic efficacy of overall Sonazoid contrast-enhanced ultrasound

(CEUS) was higher than that of conventional ultrasound for the diagnosis of lateral
cervical lymph node metastasis. The area under the receiver operating characteristic
curve (AUC) was 0.910 for qualitative overall Sonazoid CEUS and 0.842 for qualitative

conventional ultrasound. The difference between the two AUC values was statistically

significant according to the DeLong test (p = 0.0214). The comparison of qualitative
lateral cervical lymph nodes was presented in Table 4.28 and illustrated in Figure 4.8.

diagnostic performance between the conventional ultrasound and overall SonéZoid for

-

Qualitative diagnostic performance of conventional ultrasound and Sonazoid CEUS
P

Table 4.28
Qualitative . " %5 N2
. Sensitivity  Specificity Y}/ AUC 95% CI SE
diagnoses > A S
Conventional ¢ Nl
0.924 0.661 + .~ 0.585 0.842 0.780 0.892 0.0266
ultrasound PR L
Overall NN O 0.0214
Sonazoid 7 0988 ] 0.832 0.820 0.910 0.858 0.947 0.0202
CEUS P
< ROC Curve
1.0 —_——— - =y ————
| il Source ofthe Curve
|'|I = Qualitative diagnosis of
| conventional ultrasound
08 IJI ____ Qualitative diagnosis by overall
I|IIII
_-E‘ 06 I'I
E
@ g4 ]
0.2 '
e 02 0.4 0.6 oa 1.0
1 - Specificity
Comparison of qualitative diagnostic efficacy of conventional ultrasound and overall

Figure 4.8
Sonazoid CEUS
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4.5.2 Comparison of Quantitative Diagnostic Performance Between Conventional
Ultrasound and Overall Sonazoid CEUS

The quantitative diagnostic efficacy of overall Sonazoid CEUS was also higher than
that of conventional ultrasound for the diagnosis of lateral cervical lymph node
metastasis. The AUC was 0.978 for quantitative overall Sonazoid CEUS and 0.914 for
quantitative conventional ultrasound. The difference between the two AUC values was
statistically significant according to the DeLong test (p = 0.0069). The comparison of
quantitative diagnostic performance between the two methods for lateral cervical lymph
nodes was presented in Table 4.29 and illustrated in Figure 4.9.

-

Table 4.29  Quantitative diagnostic performance of conventional ultrasound and Sonazoid CEUS |

Quantitative Cut- — 8 U [
Sensitivity _ Specificity YI AUC 95%CI - SE P

diagnoses off )
Conventional RS
5.5 0.880 0.968 0.848 0914 0.863-0.951 0.0224
ultrasound ¢ e
o 1 €.\~ 0.0
vera . . // 3 069
Sonazoid 6.5 0.976 /0.947 0923 0978 0.945-0.994 0.0103
CEUS <A
- v y.
) -«
// ’ X
ROC Curve
L = i -
N P [ Source of the Curve
. ’ . | Quantitative diagnosis of
< J conventional ultrasound

0& l,-“ — Dﬁvlé?gltlitgtéﬁsdiagnosis by
2 s | f
2z
=
c
o f
[

oz |

0.0

0o 02 04 06 08 10
1 - Specificity
Figure 4.9 Comparison of quantitative diagnostic efficacy of conventional ultrasound and overall

Sonazoid CEUS
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4.5.3 Overall Comparison Between Integrated Conventional Ultrasound and
Integrated Sonazoid CEUS

When the qualitative and quantitative findings were integrated, Sonazoid CEUS
demonstrated higher diagnostic efficacy than conventional ultrasound for the diagnosis
of lateral cervical lymph node metastasis. The integrated conventional ultrasound
approach showed a sensitivity of 0.904, a specificity of 0.842, and a Youden index of
0.746. The ROC-AUC was 0.914, with a 95% confidence interval (95% CI) of 0.870—
0.958.

By comparison, the integrated Sonazoid CEUS approach showed a sensitivity
0f'0.976, a specificity of 0.947, and a Youden index of 0.923. The ROC-AUC was/Q./979',
with a 95% CI of 0.959-1.000. These findings indicate that integrated/Soﬁa;Oid CEUS
achieved better overall diagnostic performance than integrated/ponvéntion'al ultrasound.
The difference between the two AUC values was stat/istieélly significant according to
the DeLong test (p = 0.0057). The overall c/ompgrisOn between the two integrated
approaches is presented in Table 4.30 Emd i’lfistated in Figure 4.10.

P wk e
Table 4.30  Integrated diagnost/igpérformance of conventional ultrasound versus Sonazoid CEUS

>

Qualitative cC NN} e s
.. 7 Sensitivity Specificity  YI AUC 95% CI SE P
+Quant1tz§t1ve
RIS S 0.904 0.842 0.746  0.914 0.870-0.958 0.0101 0.0057
<".CEUS 0.976 0.947 0.923 0979 0.959-1.000 0.0224

ROC Curve
r I — ' ' Source of the
I - Curve

LUS(qualitative plus
o8 quantitative)
. CEUS(qualitative plus
quantitative)

06 ||

Sensitivity

[sPC 3

oz

oo o2 0.4 06 o8 1.0

1 - Specificity

Figure 4.10 ROC comparison between integrated conventional ultrasound and integrated Sonazoid
CEUS
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4.6 DIAGNOSTIC PERFORMANCE OF CONVENTIONAL ULTRASOUND,
OVERALL SONAZOID CEUS, AND FNA-TG USED ALONE OR IN
COMBINATION

The integrated diagnostic performance of conventional ultrasound (US), overall
Sonazoid CEUS, and FNA-Tg, based on both qualitative and quantitative assessments
and used alone or in combination for the diagnosis of lateral cervical lymph node

metastasis, is summarized in Table 4.31.

Among the single-modality approaches, overall Sonazoid CEUS showed the
highest diagnostic efficacy, with a sensitivity of 0.976, a specificity of 0.947, a Youden
index of 0.923, and an AUC of 0.979 (95% CI: 0.959-1.000). Integrated fP{A-Tg
showed a sensitivity of 0.904;-a specificity of 0.958;-a-Youden index of 0./8/62, and an
AUC of 0.959 (95% CI: 0.924-0.995), whereas_conventional ultrasound showed a
sensitivity of 0.904, a specificity of 0.842, a Youden index <;f 0.746, and an AUC of
0.914 (95% CI: 0.870-0.958). ol

SO

Among the combined dlagnostlc approaches US + FNA-Tg showed a
sensitivity of 0.928, a specﬂ’C}ty 0f' 1.000, a Youden index of 0.928, and an AUC of
0.983 (95% CI: 0.961~ 1 1000) L he CEUS + FNA-Tg combination showed a sensitivity
of 0.976, a spe01ﬁ01ty of 0.989, a Youden index of 0.965, and an AUC of 0.988 (95%
CI 0. 966 1. 000) The US+CEUS showed a sensitivity of 0.976, a specificity of 0.979,
-2 Youden index of 0.955, and an Area Under the Curve of the Receiver Operating
“Characteristic (AUC) of 0.989 (95% CI: 0.976-1.000). The highest observed diagnostic

performance was achieved by the combination of US + CEUS + FNA-Tg, which
showed a sensitivity of 0.988, a specificity of 0.989, a Youden index of 0.977, and a
ROC-AUC 0f 0.993 (95% CI: 0.981-1.000).

These findings show that the combined approaches had higher observed
discrimination than the single-modality assessments. The US + CEUS + FNA-Tg model
had the highest observed AUC; however, statistical superiority over the two-modality
combinations was not demonstrated. The ROC curve comparison of the single and

combined diagnostic approaches is illustrated in Figure 4.11.
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Numerically, the combined diagnostic approaches demonstrated higher
discriminatory performance than the single-modality assessments. The four highest-
performing combinations were US + FNA-Tg, with an AUC of 0.983 (95% CI: 0.961—
1.000); CEUS + FNA-Tg, with an AUC of 0.988 (95% CI: 0.966—1.000); US + CEUS,
with an AUC of 0.989 (95% CI: 0.976-1.000); and US + CEUS + FNA-Tg, with an
AUC 0f0.993 (95% CI: 0.981-1.000). Although the three-modality model achieved the
highest observed AUC, its 95% confidence interval substantially overlapped with those

of the three two-modality models.

Pairwise DeLong tests further showed that the differences between US + CEUS
+FNA-Tg and US + CEUS, CEUS + FNA-Tg, and US + FNA-Tg were not §tati§ﬁéally
significant, with p-values of 0.2849, 0.2769, and 0.2717, respectively. Tilerefofé, the
three-modality model should be described as having the highest ol')/servéd AUC rather
than being statistically superior to the two-modality mpdelé. The results of the selected
pairwise ROC comparisons and their stati;ticél/ and  clinical interpretations are

summarized in Table 4.32. —CA .
e -
- N Lo

A
Table 4.31 Alone ot combination of conventional ultrasound, CEUS, and FNA-Tg
<

Diagnostic apprqgel( / Sensitivity ~ Specificity YI AUC 95% CI
Us P / | 0.904 0.§2 0.746 0914 0.870-0.958
FNATg 0.904 0.958 0.862 0.959 0.924-0.995

“cEUS 0.976 0.947 0.923 0.979 0.959-1.000
| US+FNA-Tg 0.928 1.000 0.928 0.983 0.961-1.000
CEUS+FNA-Tg 0.976 0.989 0.965 0.988 0.966-1.000
US+CEUS 0.976 0.979 0.955 0.989 0.976-1.000

US+CEUS+ENA-Tg 0.988 0.989 0.977 0.993 0.981-1.000
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Figure 4.11 ROC comparison of single and combjried dfagnostic modalities using conventional
ultrasound, Sonazoid CEUS, and FNA-T g
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Table 4.32 Statist/ical{mnpa,rison and interpretation of selected ROC curves

- >

-

P DeLong Statistical
/COmparmon AUCs compared .
iy (. p-value conclusion
P V. .
US +. CEUS™ FNA-Tg vs US + CEUS 0.993 vs 0.989 0.2849 Not significant
\ US + CEUS + FNA-Tg vs CEUS + FNA-Tg 0.993 vs 0.988 0.2769 Not significant
US + CEUS + FNA-Tg vs US + FNA-Tg 0.993 vs 0.983 0.2717 Not significant

4.7 RADIOMICS ANALYSIS OF LATERAL CERVICAL LYMPH NODES

The study cohort was randomly divided into a training cohort and a test cohort at a ratio
of 8:2, comprising 142 and 36 lymph nodes, respectively. Radiomics features were

extracted using an in-house analysis program implemented in Pyradiomics on the

OneKey Al platform.
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For each imaging modality, a total of 107 radiomics features were extracted,
including 18 first-order features, 14 shape features, 24 gray-level co-occurrence matrix
(GLCM) features, 16 gray-level run length matrix (GLRLM) features, 16 gray-level
size zone matrix (GLSZM) features, 14 gray-level dependence matrix (GLDM) features,
and 5 neighbouring gray tone difference matrix (NGTDM) features. Among all
extracted features, GLCM features accounted for the largest proportion (22.4%),
whereas NGTDM features accounted for the smallest proportion (4.7%).

4.7.1 Radiomics of Conventional Grayscale Ultrasound

The distributions of the extracted radiomics features and their corresponding p-values
are presented in Figure 4.12:-T0 assess redundancy and-interrelationships among the
features, correlation analysis-was-subsequently-performed and visualized using a

-

clustered correlation matrix, as shown in Figure 4.13.

Following correlation coefﬁmen} b/se | screening, 36 radiomics features were
retained. These comprised 4 ﬁrst (Srder features 4 grey-level co-occurrence matrix
(GLCM) features, 4 grey- level Ldependence matrix (GLDM) features, 9 grey-level run-
length matrix (GLRJﬂ\/I)] features, 8 grey-level size-zone matrix (GLSZM) features, 2

neighbouring gfey—tone difference matrix (NGTDM) features, and 5 shape features.

-

-

To further reduce dimensionality and identify the most informative predictors,

“least absolute shrinkage and selection operator (LASSO) regression was applied with
ten-fold cross-validation. Using the minimum-error criterion, 6 radiomics features were
ultimately selected at the optimal A value of 0.0295. The LASSO coefficient profiles
and the corresponding cross-validation mean squared error are shown in Figure 4.14
and  Figure 4.15, respectively.  Among  the  retained features,
original gldm LargeDependenceHighGrayLevelEmphasis had the largest positive

coefficient, indicating that it contributed most strongly to the calculated radiomics score.

Based on the 6 selected features and their corresponding LASSO coefficients,

the radiomics score was calculated for each lymph node according to Equation4.1.
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Radiomics score

=0.4662921348314609 + 0.039035X1 + 0.046980X>

+0.012973X35+ 0.094064X4 + 0.039005Xs — 0.016734 X

Xi=original firstorder RobustMeanAbsoluteDeviation,
Xo=original_firstorder RootMeanSquared,

Xs=original firstorder TotalEnergy,

Xg4=original gldm LargeDependenceHighGrayLevelEmphasis,
Xs=original_shape MinorAxisLength,

Xe=original shape SurfaceVolumeRatio. (0.1)

-

The 6 sclected radiomics features were then-used to construct /l/i machine-
learning models based on.conventional grayscale two-dimens@onal'fu,ltrasound images.
These models included logistic regression (LR), Naive Bayes; support vector machine
(SVM), k-nearest neighbour (KNN), random forest (R/F/), ExtraTrees, extreme gradient
boosting (XGBoost), LightGBM, Grgd/iégi%j)‘os/ting, AdaBoost, and multilayer
perceptron (MLP). ( \ -

Model per/fﬁfrhq]ancé was evaluated sequentially using cross-validation and
1ndependent tralmng and test-cohort analyses. The cross-validation AUC values of the
11 models are presented in Figure 4.16, while their detailed diagnostic performance in
< the training and test cohorts is summarized in Table 4.33.The corresponding ROC

“curves are presented in Figure 4.17.

Among the grayscale-ultrasound radiomics models, ExtraTrees achieved the
highest observed AUC in the test cohort, with an AUC of 0.830. However, this ranking
should be interpreted descriptively because pairwise statistical comparisons among the
classifiers were not available. The ExtraTrees model achieved an AUC of 0.927 in the
training cohort and 0.830 in the test cohort, representing an absolute reduction of 0.097.
This decline suggests a degree of performance optimism and possible overfitting,
although the model retained acceptable discriminatory ability in the independent test

cohort.
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The training- and test-cohort ROC curves of the ExtraTrees model are shown
in Figure 4.18. To further assess its potential clinical value, decision curve analysis was
performed in the test cohort. The results indicated that the ExtraTrees radiomics model
provided a greater net clinical benefit than the treat-all and treat-none strategies across
the evaluated threshold-probability range, as shown in Figure 4.19. Finally, the sample-
level predicted probabilities generated by the ExtraTrees model are presented in Figure

4.20.

1,504

.25 ¢

1,001

0.75 - s
N
> //’ A
L] O - '
y e \
2050 (
il -
4 g
™ .
N .
0251 \
.06
0.25
0.501
firstorder glem gldm ghrlm glszm ngtdm shape

group

Figure 4.12  Distribution of radiomics features and corresponding p-values derived from grayscale
ultrasound images

The figure illustrates the distributions of the extracted radiomics features in

metastatic and non-metastatic lateral cervical lymph nodes, together with the

corresponding p-values; it provides an overview of the statistical significance of

individual features in differentiating metastatic from non-metastatic lateral cervical

lymph nodes.



< Figure 4.13 Clustered correlation matrix of radiomics features extracted from grayscale ultrasound

The figure illustrates the correlation structure among radiomics features extracted from conventional grayscale ultrasound images.
Highly correlated features are grouped by hierarchical clustering, thereby facilitating the identification of redundant or highly correlated
variables. Darker colors indicate stronger correlations.

IC1
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Py

trates the coefficient trajec\ci\es of the candidate radiomics

features during least absolute shrinkage aryd/ selgat on operator (LASSO) regression as

e A\

the regularization parameter (A) changed “As ) increased, the feature coefficients were

progressively shrunk towar[d%e)enabhng selection of the most informative features.

Different colored lin€s re

present the retained 36 radiomics features.

i

Lambda(A=0.0295)

Figure 4.15  Mean squared error of LASSO regression with ten-fold cross-validation for radiomics
features derived from grayscale ultrasound images
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The figure illustrates the cross-validated mean squared error across different
values of the regularization parameter (1) during LASSO regression, with an optimal A
value of 0.0295. The optimal A value was determined using ten-fold cross-validation

according to the minimume-error criterion.
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Figure 4.16  Cross-validation AUCs of machine learning models based on grayscale ultrasound
radiomics

The figure compares the cross-validation area under the receiver operating

characteristic curve (AUC) values of 11 machine learning models constructed using

radiomics features derived from conventional grayscale ultrasound images. It provides

an overall comparison of model discrimination performance during cross-validation..



Table 4.33  Performance of conventional grayscale ultrasound radiomics-based machine learning models

,/‘/

The table summarizes the diagnostic performance of 11 machine learning models-constructed using radiomics features derived from conventional grayscale ultrasound

images, including their performance in the training cohort and test cohort

model name Accuracy AUC 95% CI Sensitivity Specificity PPV NPV Precision _Recall i Threshold Task

LR 0.718 0.741 0.6584 - 0.8241 0.591 0.829 0.750 0.700 0.759\\/ 0.591 0.661 0.507 label-train
LR 0.778 0.774 0.6180 - 0.9300 0.588 0.947 0.909 0.72/0 /0.209 0.588 0.714 0.518 label-test
NaiveBayes 0.704 0.741 0.6600 - 0.8229 0.439 0.934 0.853 /10.657/ 0.853 0.439 0.580 0.654 label-train
NaiveBayes 0.750 0.759 0.5968 - 0.9202 0.647 0.842 ~ 00786 04727 0.786 0.647 0.710 0.136 label-test
SVM 0.796 0.836 0.7701 - 0.9026 0.682 0.895 { 0.84\9_/ 0.764 0.849 0.682 0.756 0.500 label-train
SVM 0.694 0.718 0.5483 - 0.8882 0.882/ /:QS‘26/ 0.625 0.833 0.625 0.882 0.732 0.276 label-test
KNN 0.739 0.836 0.7737-0.8975 | - 0.524 v ) 6.579 0.656 0.898 0.656 0.924 0.767 0.400 label-train
KNN 0.694 0.704 0.5308/- Q;S77§ O.76g 0.632 0.650 0.750 0.650 0.765 0.703 0.400 label-test
RandomForest 0.880 0.953 O.§2§5 -0.9820 0.848 0.908 0.889 0.873 0.889 0.848 0.868 0.417 label-train
RandomForest 0.722 ) 0712 { 40.5373 - 0.8868 0.471 0.947 0.889 0.667 0.889 0.471 0.615 0.505 label-test
ExtraTrees 0.873 - 0.927/" 0.8856 - 0.9684 0.788 0.947 0.929 0.837 0.929 0.788 0.852 0.430 label-train
ExtraTrees - 70778 0.830 0.6971 - 0.9624 0.647 0.895 0.846 0.739 0.846 0.647 0.733 0.415 label-test
XGBoost / ) 0.859 0.943 0.9103 - 0.9767 0.758 0.947 0.926 0.818 0.926 0.758 0.833 0.478 label-train
XGBoost 0.694 0.686 0.5059 - 0.8656 0.353 1.000 1.000 0.633 1.000 0.353 0.522 0.560 label-test
LightGBM 0.817 0.896 0.8468 - 0.9451 0.742 0.882 0.845 0.798 0.845 0.742 0.790 0.515 label-train

to be continued...

144!



...continuation

LightGBM 0.750 0.681 0.4897 - 0.8725 0.529 0.947 0.900 0.692 0.900 0.529 0.667 0.510 Jabél—test

,/‘/
GradientBoosting 0.887 0.933 0.8893 - 0.9762 0.833 0.934 0.917 0.866 0.917 0.833 0.873 0.458 —label-train
GradientBoosting 0.667 0.715 0.5459 - 0.8845 0:824 0.526 0.609 0.769 0.609 0.824 0.700 { 0.329 label-test
AdaBoost 0.824 0.896 0.8474 - 0.9455 0.803 0.842 0.815 0.831 0.815 0.803 7 0.809 0.502 label-train
AdaBoost 0.611 0.686 0.5109 - 0.8606 1.000 0.263 0.548 1.000 0.548 <1.000 0.708 0.029 label-test
MLP 0.718 0.762 0.6823 - 0.8412 0.652 0.776 0.717 0.720 0.717 > 0.652 0.683 0.446 label-train
PP
MLP 0.750 0.789 0.6424 - 0.9365 0.588 0.895 0.833 0.708 0.833 0.588 0.690 0.473 label-test
/ >
AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; EA=2 x I\G}fﬁcision x recall)/(precision + recall); LR, logistic regression; SVM,
support vector machine; KNN, K-nearest neighbors; XGBoost, extreme gradient boostings Light GB ;light gradient boosting machine; MLP, multi-layer perceptron.
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Figure 4.17 ROC curves of 11 machine learning models based ,{grayscale ultrasound radiomics
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™
The figure illustrates the receiver Qﬁgréﬁné characteristic (ROC) curves of the

machine learning model

(right) Test cohort.

o N,
S in the traipingﬁ)hort and test cohort. (left) Training cohort.
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ROC curves of the ExtraTrees radiomics model based on grayscale ultrasound
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The figure shows the receiver operating characteristic curves of the ExtraTrees

model in the training and test cohorts. The AUC was 0.927 in the training cohort and

0.830 in the test cohort.
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Figure 4.19  Decision glrve/anaiysﬁof the ExtraTrees radiomics model based on grayscale ultrasound

/’/ '

P
R ¢ T/he; l/eftT)anel represents the training cohort and the right panel represents the

_test cohort. Net benefit is plotted against threshold probability and compared with the

-

_treat-all and treat-none strategies. The ExtraTrees model has potential clinical utility

over threshold ranges in which its curve lies above both reference strategies.

Interpretation should focus on clinically plausible thresholds and should not rely on

isolated fluctuations at the extremes.
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ExtraTrees sample predict score FxtraTrees sample predict score
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Figure 420  Distribution of sample-level predicﬂ scores of the ExtraTrees radiomics model based

on grayscale ultrasound ¢ -
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The figure shows the distribution of pred@ scores generated by the
ExtraTrees radiomics model for individual sam@ﬁﬁm he cohort. (left) Training cohort.

(right) Test cohort. o\ S Y
/‘ \‘J» Ly
4.7.2 Radiomics of Colof D({p[ﬁer Flow Imaging

- / l
The distr@ut'rsm/s;of the extracted radiomics features and their corresponding p-values
are preéent/cd in Figure 4.21. To assess the relationships and potential redundancy
- among these features, correlation analysis was subsequently performed and visualized

“using a clustered correlation matrix, as shown in Figure 4.22.

Following correlation coefficient-based feature screening, 31 radiomics
features were retained. These comprised 5 first-order features, 3 grey-level dependence
matrix (GLDM) features, 5 grey-level run-length matrix (GLRLM) features, 10 grey-
level size-zone matrix (GLSZM) features, 4 neighbouring grey-tone difference matrix
(NGTDM) features, and 4 shape features. To further reduce dimensionality and identify
the most informative predictors, least absolute shrinkage and selection operator
(LASSO) regression was performed with ten-fold cross-validation. Using the
minimum-error criterion, 9 radiomics features were ultimately selected at the optimal A

value 0f 0.0193. The LASSO coefficient profiles and the corresponding cross-validation
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mean squared error are presented in Figure 4.23 and Figure 4.24, respectively. Among
the selected features, original firstorder RobustMeanAbsoluteDeviation had the
largest positive coefficient, indicating the greatest contribution to the calculated

radiomics score.

Based on the 9 selected features and their corresponding LASSO coefficients,

the radiomics score for each lymph node was calculated according to Equation 4.2.

Radiomicsscore

=0.4662921348314604+0.087041X:—-0.047663X5+0.058990X3+0.065381 Xy
+0.001175X5+0,015429%+0.071173X7+0.057219X5—0.021894 X9

Xi=original firstorder RobustMeanAbsoluteDeviation; -

-

O

Xo=original_firstorder Skewness, .
Xs=original gldm_LargeDependenceHig gilGragfLevelEmphasis,
X4=0rigina1_glszm_GrayLgveiNonU/nifjormityNormalized,
X5=0riginal_glszm_§izeZg‘neNonUniformityNormalized,
X6=origina17g1s2n1/_\26r;ef;ercentage,

X7=origiﬁe¢/1;ngtdm_Complexity,

, /X/sr?/()/rigfhal_shape_MinorAxisLength,

-

Xo=original shape SurfaceVolumeRatio. (0.2)

The 9 selected radiomics features were then used to construct and evaluate 11
machine-learning models based on color Doppler flow imaging (CDFI) images. The
cross-validation AUC values of these models are presented in Figure 4.25, while their
detailed diagnostic performance in the training and test cohorts is summarized in Table

4.34 The corresponding ROC curves are shown in Figure 4.26.

Among the evaluated CDFI radiomics models, AdaBoost achieved the highest
observed AUC in the test cohort, with an AUC of 0.824. However, this ranking should
be interpreted descriptively because pairwise statistical comparisons among the
classifiers were not available. The AdaBoost model achieved an AUC of 0.899 in the

training cohort and 0.824 in the test cohort, representing an absolute reduction of 0.075.
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This relatively modest decline suggests limited performance optimism compared with
models showing larger training-to-test differences, although independent external

validation remains necessary to confirm the model’s generalizability.

The ROC curves of the AdaBoost model in the training and test cohorts are
presented in Figure 4.27. To further evaluate its potential clinical utility, decision curve
analysis was performed. The results indicated that the AdaBoost radiomics model
provided a greater net clinical benefit than the treat-all and treat-none strategies across
the evaluated threshold-probability range, as shown in Figure 4.28. Finally, the sample-
level predicted probabilities generated by the AdaBoost model are presented in Figu}'e
4.29.
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Figure 421  Distribution of radiomics features and corresponding p-values derived from colour
Doppler flow imaging images

The figure illustrates the distributions of radiomics features extracted from
colour Doppler flow imaging images in metastatic and non-metastatic lateral cervical
lymph nodes, together with the corresponding p-values indicating the statistical

significance of between-group differences.



The ﬁgjre illustrates the correlation structure among radiomics features extracted from color Doppler flow imaging ultrasound images.

Highly correlated features are grouped by hierarchical clustering. Darker colors indicate stronger correlations

1€l
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imaging images «

o\

The figure illustrates the coefficient }raj(eﬂ&% of the candidate radiomics

features during least absolute shrinkage ar}( ;s/el:é\t}on operator (LASSO) regression as

the regularization parameter () /chaﬁgec\l: As ) increased, the feature coefficients were
vy

progressively shrunk towarﬁls\z@/m,) enabling selection of the most informative features.

Different colored lines rqpresént the retained 31 radiomics features.
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Figure 424  Mean squared error of LASSO regression with ten-fold cross-validation for radiomics
features derived from color Doppler flow imaging images
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The figure illustrates the cross-validated mean squared error across different
values of the regularization parameter (1) during LASSO regression, with an optimal A
value of 0.0193. The optimal A value was determined using ten-fold cross-validation

according to the minimume-error criterion.
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Figure 4.25  Cross-validation AUC values of machine learning models based on CDFI radiomics

The figure compares the cross-validation area under the receiver operating
characteristic curve (AUC) values of 11 machine learning models constructed using
radiomics features derived from color Doppler flow imaging ultrasound images. It
provides an overall comparison of model discrimination performance during cross-

validation.



Table 4.34 Performance of CDFI radiomics-based machine learning models

The table summarizes the diagnostic performance of 11 machine.learning-models constructed.using radiomics-features.derived from color Dopplef flow imaging ultrasound

images, including their performance in the training cohort and test cohort

model name Accuracy AUC 95% CI Sensitivity — Specificity PPV NPV Precision ‘ Recall | _F1. =~ Threshold Task

LR 0.746 0.801  0.7290-0.8735 | 0.712 0.776 0.734  0.756 0.7;4 < 0.712 0.723  0.463 label-train
LR 0.750 0.789  0.6416-0.9373 | 0.882 0.632 0.682  0.857 (10.682 ‘ 0.882 0.769  0.263 label-test
NaiveBayes 0.725 0.754  0.6743-0.8336  0.515 0.908 0.829/’ 0.683 (:829 0.515 0.636  0.449 label-train
NaiveBayes 0.667 0.746  0.5861-0.9062 | 1.000 0.368 > ‘(586 —__;Y.OOO 0.586 1.000 0.739  0.010 label-test
SVM 0.796 0.867  0.8077-0.9259 | 0.667 0.968 \ ~ 0.8\(_5 0.758  0.863 0.667 0.752  0.572 label-train
SVM 0.722 0.638  0.4379-0.8376 0.588/ //\0.842/ 0.769  0.696  0.769 0.588 0.667  0.409 label-test
KNN 0.768 0.859  0.8015 - 0.9164 0.8%19\ /// ({.671 0.699  0.864  0.699 0.879 0.779  0.400 label-train
KNN 0.611 0.636  0.4566 - 0.‘8'1/58 l 0.412 0.789 0.636  0.600  0.636 0.412 0.500  0.600 label-test
RandomForest 0.915 0.970 70.914;82 -0.9924 £ 0.909 0.921 0909 0921  0.909 0.909 0.909  0.453 label-train
RandomForest 0.667 0.703 - 0.5305-0.8751 0412 0.895 0.778  0.630  0.778 0.412 0.538  0.554 label-test
ExtraTrees 0:880 l 0.954 0.9240 - 0.9847  0.909 0.855 0.845 0915  0.845 0.909 0.876  0.403 label-train
ExtraTrees .  0.722 0.759  0.5996-0.9174  0.941 0.526 0.640  0.909  0.640 0.941 0.762  0.326 label-test
XGBoost 0.915 0.950  0.9111-0.9886  0.909 0.921 0.909  0.921  0.909 0.909 0.909  0.408 label-train
XGBoost 0.694 0.692  0.5142-0.8697  0.588 0.789 0.714  0.682  0.714 0.588 0.645  0.406 label-test

vel

to be continued...
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LightGBM
LightGBM
GradientBoosting
GradientBoosting
AdaBoost
AdaBoost

MLP

MLP

0.873

0.694

0.915

0.667

0.803

0.778

0.732

0.722

0.926

0.731

0.958

0.704

0.899

0.824

0.804

0.783

0.8862 - 0.9667

0.5632 - 0.8981

0.9224 - 0.9926

0.5323 - 0.8764

0.8514 - 0.9465

0.6881 - 0.9590

0.7322 - 0.8767

0.6350 - 0.9315

0.848

0.824

0.909

0.882

0.818

0.647

0.773

1.000

0.895

0.579

0.921

0.474

0.789

0.895

0.697

0.474

-

0.875—0.872
0.636  0.786
0.909  0.921
0.600  0.818
0.771  0.833
-
0.846 47 0.739
p 62%9 _0.779
-
1 0.630  1.000

0.875

0.636

0.909

0.600

o
02771
v
0.846
0.689

0.630

0.848

0.824

0909

0.882

0.818

0.647

0.773

1.000

0.862

0718

0909

0.714

0.794

0.733

0.729

0.773

03506

0.222
0.447
0.296
0.485
0.495
0.422

0.337

label-train

label-test

label-train

label-test

label-train

label-test

label-train

label-test

AUC, area under the curve; PPV, positive predictive value; NPV, negativé pf;dictiv’*e value; F1=2 x (precision x recall)/(precision + recall); LR, logistic regression; SVM,

A

support vector machine; KNN, K-nearest neighbors; XGBoost, extrefne Jgradieg,t boosting; Light GBM, light gradient boosting machine; MLP, multi-layer perceptron.
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Figure 4.26 ROC curves of 11 machine-learning models based on CDFI radiomics
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Figure 4.27 ROC curves of the AdaBoost radiomics model based on CDFI
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The figure shows the receiver operating characteristic curves of the AdaBoost

model in the training and test cohorts. The AUC was 0.899 in the training cohort and

0.824 in the test cohort.
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Figure 4.28 Decision curve analysis of the A;hﬁBNﬂdlomlcs model based on CDFI
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The figure shows the distribution of prediction scores generated by the
AdaBoost radiomics model for individual samples in the training and test cohorts. (left)

Training cohort. (right) Test cohort.

4.7.3 Radiomics of Arterial-Phase Sonazoid Contrast-Enhanced Ultrasound

The distributions of the extracted radiomics features and their corresponding p-values
are presented in Figure 4.30. To evaluate inter-feature relationships and identify
potential redundancy, correlation analysis was subsequently performed and visualized

using a clustered correlation matrix, as shown in Figure 4.31.

-

Following correlation " coefficient-based feature. screening, 1/5//radi'0/mics
features were retained.-These-comprised-4-first-order fea}’tures',/ 2 grey-level co-
occurrence matrix (GLCM) features, 4 grey-level run-lengtﬁ matrix (GLRLM) features,
4 grey-level size-zone matrix (GLSZM) features and 1 neighbouring grey-tone
difference matrix (NGTDM) feature. /. j

4 -
«

//\‘/

To further reduce difhe nswnahty and identify the most informative predictors,
least absolute shrlnkage ellnd selectlon operator (LASSO) regression was performed with
ten-fold Cross> Valldatlon 7 radiomics features were ultimately selected at the optimal A
value- of O 0146. The LASSO coefficient profiles and the corresponding cross-validation
< mean squared error are presented in Figure 4.32 and Figure 4.33, respectively. Among
“the selected features, original glszm GrayLevelNonUniformityNormalized had the

largest positive coefficient, indicating the greatest contribution to the calculated

radiomics score.

Based on the 7 selected features and their corresponding LASSO coefficients,

the radiomics score for each lymph node was calculated according to Equation 4.3.
Radiomics score

=0.4662921348314607+0.057806X1+0.008531X>+0.073431X5+0.036814X4

+0.018299X5+ 0.106895X6 + 0.044394 X
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Xi=original firstorder Maximum,

Xo=original_firstorder TotalEnergy,
Xs=original glrlm GrayLevelVariance,
X4=original_glrlm RunEntropy,
Xs=original glrlm ShortRunHighGrayLevelEmphasis,
Xe=original_glszm GrayLevelNonUniformityNormalized,

Xs=original ngtdm_ Complexity. (0.3)

-

The 7 selected radiomics features were then used to construct and evahigfe 11
machine-learning models/based on arterial<phase contrast-enhanced ultraségl/nd images.
The cross-validation AUC values-of these-models-are present/edfin/Eigufé 4.34, while
their detailed diagnostic performance in the training a/ndftc/st cohorts is summarized in
Table 4.35. The corresponding ROC curves are slfoyvn 1n Figure 4.35.

A

Among the evaluated ’thefigl/—ph‘asé/ CEUS radiomics models, Naive Bayes
achieved the highest observe@A/ljé in the test cohort, with an AUC of 0.822. However,
this ranking shoqld be fhtierpfeted descriptively because pairwise statistical comparisons
among th/e/ classifiers were not available. The model achieved an AUC of 0.664 in the
trajning/col/lort and 0.822 in the test cohort. The higher test-cohort AUC should not be
i/nterpreted as evidence of superior generalizability, as this pattern may reflect sampling
“variability associated with the relatively small test cohort and differences in sample

distribution.

The ROC curves of the Naive Bayes model in the training and test cohorts are
presented in Figure 4.36. To further assess its potential clinical utility, decision curve
analysis was performed. The results indicated that the Naive Bayes radiomics model
provided a greater net clinical benefit than the treat-all and treat-none strategies across
the evaluated threshold-probability range, as shown in Figure 4.37. Finally, the sample-
level predicted probabilities generated by the model are presented in Figure 4.38.
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PV
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<" This figure presents the distribution of radiomics features extracted from

- .

Jarterial-phase contrast-enhanced ultrasound images together with their corresponding

p-values. The results provide an overview of the statistical significance of individual

features in differentiating metastatic from non-metastatic lateral cervical lymph nodes.



O
< - Figure 4.31 Clustered correlation matrix of radiomics features extracted from arterial-phase Sonazoid CEUS

w
This figure illustrates the correlation structure among radiomics features extracted from arterial-phase contrast-enhanced ultrasound
images. Features with similar correlation patterns are grouped by hierarchical clustering, thereby facilitating the identification of redundant or

highly correlated variables before feature selection. Darker colors indicate stronger correlations.

84!
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shrinkage and selection operator (LASSO) regression as the regularization parameter
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The figure shows the mean squared error across different values of the
regularization parameter in LASSO regression, with an optimal A value of 0.0146. The

optimal A value was selected using ten-fold cross-validation.
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0.50-

Model Nmae

Figure 4.34  Cross-validation AUC values of machine learning models based on arterial-phase
Sonazoid CEUS radiomics
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This figure compares the cross-validation area under the receiver operating
characteristic curve (AUC) values of 11 machine learning models constructed using
radiomics features derived from arterial-phase contrast-enhanced ultrasound images. It
provides an overall comparison of model discrimination performance during cross-

validation.



Table 4.35 Performance of arterial-phase Sonazoid CEUS radiomics-based machine learning models

This table summarizes the diagnostic performance of 11 machine learning models constructed using radiomics features derived from arterial-phase contrast-enhanced ultrasound

images. The results include model performance in both the training and test-echorts and provide a basis foridentifying the best-performing model:

model name Accuracy AUC 95% CI Sensitivity ~ Specificity PPV NPV Precision  Recall F1 "Threshold  Task

LR 0.699 0.719  0.6349-0.8034  0.746 0.658 0.658 0.746  0.658 0746 - 0.69§ 0.444 label-train
LR 0.771 0.720  0.5370-0.9038 = 0.500 1.000 1.000  0.704 1,0ng 0.500 0.667  0.587 label-test
NaiveBayes 0.622 0.664  0.5751-0.7521 = 0.687 0.566 0582 0.672 //0.582 0.687 0.630  0.078 label-train
NaiveBayes 0.800 0.822  0.6807-0.9641 = 0.562 1.000 1.0(}6; 0.731 1.000 0.562 0.720  0.391 label-test
SVM 0.762 0.786  0.7101-0.8626 = 0.836 0.697/ < /0:7/()9 ~0.828  0.709 0.836 0.767  0.436 label-train
SVM 0.743 0.707  0.5231-0.8913 ' 0.500 \ 09947 © 0889 0.692 0.889 0.500 0.640  0.562 label-test
KNN 0.762 0.844  0.7840 - 0.9039 0;74;6/// "}).7;6 0.746  0.776  0.746 0.746 0.746  0.600 label-train
KNN 0.657 0.605  0.4134 - 0.7971 L - 2% 0.947 0.833  0.621  0.833 0.312 0.455  0.800 label-test
RandomForest 0.867 0.955 O./9266 :b‘.“9827 ! 0.955 0.789 0.800  0.952  0.800 0.955 0.871  0.446 label-train
RandomForest 0.743 0.71 L~ 01.5256 -0.8954 1 0.437 1.000 1.000  0.679  1.000 0.437 0.609  0.643 label-test
ExtraTrees 0825 ¢ 0.88'6" 0.83_57 -0.9381 1 0.821 0.829 0.809  0.840  0.809 0.821 0.815  0.473 label-train
ExtraTrees ‘,0.7‘14‘ 0.70;1 0.5161-0.8918 * 0.562 0.842 0.750  0.696  0.750 0.562 0.643  0.490 label-test
XGBoost < 0.874 0.939  0.9037-0.9742  0.851 0.895 0.877 0.872  0.877 0.851 0.864  0.542 label-train
XGBoost " 0.686 0.607  0.4009 - 0.8129  0.625 0.737 0.667  0.700  0.667 0.625 0.645  0.536 label-test

to be continued...

94!



... continuation

LightGBM 0.839 0.882  0.8275-0.9369 0.910 0.776 0.782  0.908  0.782 0.910 0.841  0.460 label-train
LightGBM 0.714 0.656  0.4574-0.8551  0.500 0.895 0.800  0.680  0.800 0.500 0.615  0.582 / label-test
GradientBoosting  0.853 0.937  0.9007 - 0.9725 _0.866 0.542 0:829  0:877.__ 0.829 0.866 0.847 « “0.539 label-train
GradientBoosting  0.629 0.562  0.3559-0.7691  0.562 0.684 0.600  0.650  0.600 0.562_. 46).581 ’0.539 label-test
AdaBoost 0.804 0.888  0.8357-0.9398  0.970 0.658 0.714 0962 0.714 O‘:970 . 0.823 0.483 label-train
AdaBoost 0.686 0.656  0.4593 -0.8532 ' 0.687 0.684 0.647  0.722 0«64’\7? 0.687 0.667  0.498 label-test
MLP 0.706 0.713  0.6282-0.7980 ' 0.716 0.697 0.676  0.736 //0.676 0.716 0.696  0.471 label-train
MLP 0.743 0.684  0.4892-0.8792 ' 0.437 1.000 /1,006; 0,679 1.000 0.437 0.609  0.558 label-test

AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive VaJrue,f F1=2 x—éﬁrecision x recall)/ (precision + recall); LR, logistic regression; SVM,

support vector machine; KNN, K-nearest neighbors; XG Boost, extreme gradient boosting; Light-6BM, light gradient boosting machine; MLP, multi-layer perceptron
. \

ol
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This figure shows that the AUC of the NaiveBayes radiomics model in the
training and test cohorts was 0.664 and 0.822.
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Figure 4.37  Decision curve analysis of.thé Naive Bayes radiomics model based on arterial-phase
Sonazoid CEUS P
Pk LY
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The left Ra/n@kr'epreSents the training cohort and the right panel represents the
test cohort. "l;heéurves compare the net benefit of the arterial-phase CEUS Naive Bayes
A N : g
model W1th/the treat-all and treat-none strategies across threshold probabilities. A
P pdsitive and higher net benefit than both reference strategies indicate potential clinical

_usefulness within that threshold range. Differences between cohorts may reflect

sampling variability, particularly in the small test cohort.
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Figure 4.38  Distribution of sample-level prediction scores of the NaiveBayes radlomlcs model based
on arterial-phase Sonazoid CEUS
’\

The figure shows the distribution qf_f\l@}dction scores generated by the

IR

=

0.8

=

07

3

D6

=

v

(1.5

i

=
.

0.

La
=
Fard

()

01

0o

NaiveBayes radiomics model for individu: sa/mﬁes in the cohort. (left) Training cohort.

(right) Test cohort.

L o N
/ ?)v\
PR
4.7.4 Radiorpic’s of Venous-Phase Sonazoid Contrast-Enhanced Ultrasound
Py
AV .

€ QO
The-distributions of the extracted radiomics features and their corresponding p-values

/\\ . ° . . . . . .
are presented in Figure 4.39. To assess inter-feature relationships and identify potential

J
redundancy, correlation analysis was subsequently performed and visualized using a

clustered correlation matrix, as shown in Figure 4.40.

Following correlation coefficient-based feature screening, 23 radiomics
features were retained. These comprised 3 first-order features, 3 grey-level co-
occurrence matrix (GLCM) features, 1 grey-level dependence matrix (GLDM) feature,
4 grey-level run-length matrix (GLRLM) features, 7 grey-level size-zone matrix
(GLSZM) features, 1 neighbouring grey-tone difference matrix (NGTDM) feature, and
4 shape features.
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To further reduce dimensionality and identify the most informative predictors,
least absolute shrinkage and selection operator (LASSO) regression was performed with
ten-fold cross-validation. Using the minimume-error criterion, 5 radiomics features were
ultimately selected, with an optimal A value of 0.0518. The LASSO coefficient profiles
and the corresponding cross-validation mean squared error are presented in Figure 4.41
and  Figure 4.42, respectively. =~ Among  the  selected  features,
original glrlm GrayLevelVariance had the largest positive coefficient, indicating the

greatest contribution to the calculated radiomics score.

Based on the 5 selected features and their corresponding LASSO coefficients,
the radiomics score for each lymph node was calculated according to Equation4.4.

e

Radiomics score

-

P

=0.46629213483 146O7+0.019927X1+0.0674§3X2+O.001606X3+0.01525 8X4

>

+0.021372X;s > g Sy

X1=0rigina1_glcm_Clugteyzrl?l;ominen:e,
Xzzoriginal_glrlmiéfgyfévelVariance,
X3=0rigiria/l:glslzm_SizeZoneNonUniformity,

| /X4;drigi;ﬁal_shape_MaximumZDDiameterColumn,

Xs=original shape VoxelVolume. (0.4)

The 5 selected radiomics features were then used to construct and evaluate 11
machine-learning models based on venous-phase contrast-enhanced ultrasound images.
The cross-validation AUC values of these models are presented in Figure 4.43, while
their detailed diagnostic performance in the training and test cohorts is summarized in

Table 4.36. The corresponding ROC curves are shown in Figure 4.44.

Among the evaluated venous-phase CEUS radiomics models, Random Forest
achieved the highest observed AUC in the test cohort, with an AUC of 0.701. However,
this ranking should be interpreted descriptively because pairwise statistical comparisons
among the classifiers were not available. The model achieved an AUC of 0.936 in the

training cohort and 0.701 in the test cohort, representing an absolute reduction of 0.235.
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This marked decline indicates substantial performance optimism and suggests possible

overfitting, with only modest discriminatory ability retained in the test cohort.

The ROC curves of the Random Forest model in the training and test cohorts
are presented in Figure 4.45. To further assess its potential clinical utility, decision
curve analysis was performed. The results indicated that the Random Forest radiomics
model provided a greater net clinical benefit than the treat-all and treat-none strategies
across the evaluated threshold-probability range, as shown in Figure 4.46. Finally, the
sample-level predicted probabilities generated by the model are presented in Figure

4.47.
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Figure 4.39  Radiomics features distribution and corresponding p-values for venous-phase Sonazoid
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This figure presents the distribution of radiomics features extracted from
venous-phase contrast-enhanced ultrasound images together with their corresponding
p-values. The results provide an overview of the statistical significance of individual

features in differentiating metastatic from non-metastatic lateral cervical lymph nodes.
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Figure 4.40 Clustered correlation matrix of radiomics features extracted from venous-phase Sonazoid CEUS

v
This figure illustrates the correlation structure among radiomics features extracted from venous-phase contrast-enhanced ultrasound
images. Features with similar correlation patterns are grouped by hierarchical clustering, thereby facilitating the identification of redundant or

highly correlated variables before feature selection. Darker colors indicate stronger correlations

€Sl
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This figure shows the coefficient trajectories of ram/\&features during least absolute
shrinkage and selection operator (LASSO}A‘ /gl’;sélon as the regularization parameter
varied. Changes in coefficient magmtud\ﬁeﬁ/ ct the shrinkage process used to identify
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Figure 4.42  Mean squared error of LASSO regression with ten-fold cross-validation for venous-phase
Sonazoid CEUS
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This figure presents the mean squared error across different values of the
regularization parameter in LASSO regression, with an optimal A value of 0.0518. Ten-

fold cross-validation was used to identify the optimal feature subset.
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Figure 4.43  Cross-validation AUC values of machine learning models based on venous-phase
Sonazoid CEUS radiomics

This figure compares the cross-validation area under the receiver operating

characteristic curve (AUC) values of 11 machine learning models constructed using

radiomics features derived from venous-phase contrast-enhanced ultrasound images. It

provides an overall comparison of model discrimination performance during cross-

validation.



Table 4.36 Performance of venous-phase Sonazoid CEUS radiomics-based machine learning models

This table summarizes the diagnostic performance of 11 machine learning models constructed using radiomics features derived from venous-phase contrast-enhanced ultrasound

images. The results include model performance in both the training and test-echorts and provide a basis foridentifying the best-performing model:

model name Accuracy AUC 95% CI Sensitivity _ Specificity PPV NPV Precision __ Recall F1 “Threshold  Task

LR 0.671 0.694  0.6079-0.7798  0.463 0.855 0.738  0.644 0.738 0463 - 0.56§ 0.556 label-train
LR 0.629 0.625  0.4322-0.8178 ' 0.750 0.526 0.571  0.714 O,ﬁZ\lf 0.750 0.649 0377 label-test
NaiveBayes 0.650 0.672  0.5843-0.7605 = 0.448 0.829 0.698  0.630 ¢ /0.698 0.448 0.545  0.511 label-train
NaiveBayes 0.714 0.651  0.4609-0.8417 @ 0.437 0.947 0.87/5; 0.667%" 0.875 0.437 0.583  0.524 label-test
SVM 0.706 0.718  0.6307-0.8057 ' 0.552 0.842/ < /0:7§5 ~0.681  0.755 0.552 0.638  0.514 label-train
SVM 0.629 0.516  0.3078-0.7251 . 0.250 \ 09947 ©0.800 0.600 0.800 0.250 0.381  0.580 label-test
KNN 0.706 0.764  0.6905 - 0.8380 O:§9,7/// "}).863 0.727  0.693  0.727 0.597 0.656  0.600 label-train
KNN 0.657 0.696  0.5332 - 0.8582 \ 0,937 ™" 0.421 0.577  0.889  0.577 0.937 0.714  0.400 label-test
RandomForest 0.867 0.936 O./8982 :b‘.“9738 ! 0.851 0.882 0.864  0.870  0.864 0.851 0.857  0.505 label-train
RandomForest 0.714 0.701 - 01.5164 -0.8849 ' 0.750 0.684 0.667 0.765  0.667 0.750 0.706  0.484 label-test
ExtraTrees 0818 7 0.885 ' 0.83:‘15 -0.9388 ' 0.851 0.789 0.781  0.857  0.781 0.851 0.814  0.438 label-train
ExtraTrees ‘,0.6‘86‘ 0.63é 0.4395-0.8237 * 0.375 0.947 0.857  0.643  0.857 0.375 0.522  0.526 label-test
XGBoost < 0.853 0.903  0.8543-0.9527  0.896 0.816 0.811  0.899  0.811 0.896 0.851  0.476 label-train
XGBoost " 0.686 0.538  0.3286-0.7471  0.875 0.526 0.609 0.833  0.609 0.875 0.718 0415 label-test

to be continued...

9¢1



.. continuation

LightGBM
LightGBM
GradientBoosting
GradientBoosting
AdaBoost
AdaBoost

MLP

MLP

0.748

0.600

0.832

0.657

0.741

0.657

0.650

0.686

0.832

0.562

0.921

0.612

0.822

0.627

0.703

0.618

0.7664 - 0.8968

0.3640 - 0.7610

0.8801 - 0.9612

0.4147 - 0.8090

0.7581 - 0.8867

0.4364 - 0.8169

0.6181 - 0.7880

0.4225-0.8143

0.791

0.562

0.925

0.875

0.806

0.750

0.716

0.437

0.711

0.632

0.750

0.474

0.684

0.579

0.592

0.895

0.707

0.562

0765

0.583

0.692

0.600

0.608

77,{

0.794
0.632
0:919
0.818
0.800
0.733
0.703

0,654

0.707

0.562

0.765

0.583

0.692

0600

P
0.608

0.778

0.791

0.562

0.925

0.875..

0.806
0.750
0.716

0.437

0.746
0.562
0.838

0.700

©0.745

0.667

0.658

0.560

0.441

0463/
0.445

0422

0.500

0.500

0.446

0.514

label-train

label-test

label-train

label-test

label-train

label-test

label-train

label-test

AUC, area under the curve; PPV, positive predictive value; NPV, negative predlctlve vaTuef [F 1 9 X‘(_{)recmon x recall)/ (precision + recall); LR, logistic regression; SVM,

support vector machine; KNN, K-nearest neighbors; XGBoost, extreme grad1ent,boost1ng, nghtGBM light gradient boosting machine; MLP, multi-layer perceptron.
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Figure 4.44  ROC curves of 11 mag@ne_lcarni%modelspgsed on venous-phase Sonazoid CEUS
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This figure illustrates the receiver operating characteristic (ROC) curves of the

machine learning models in the training and the test colin@The curves provide a visual
comparison of the diagnostic performance oiy_gll\?/\oandidate models across the two

datasets. (left) Training éohort. (right) Test coTaoﬁ. |
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Figure 4.45  ROC curves of the Random Forest radiomics model based on venous-phase Sonazoid
CEUS

This figure shows the receiver operating characteristic curves of the Random

Forest radiomics model in the training and test cohorts. The AUC was 0.936 in the

training cohort and 0.701 in the test cohort.
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The left panel fepresents the training cohort and the tight panel represents the
test cohort. Net benefit of the venous-phase CEUS R: /(‘o\j\}Forest model is compared
with the treat-all and treat-none strategies r&&’(ﬁr shold probabilities. The marked
training-to-test reduction in discrimy}aﬁe;q shguld be considered when interpreting the
DCA; any apparent test-cohpet{%%ﬁf is exploratory and requires confirmation in a

larger external cohort, - ( >
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Figure 4.47  Distribution of sample-level prediction scores of the Random Forest radiomics model
based on venous-phase Sonazoid CEUS



160

This figure presents the distribution of prediction scores generated by the
Random Forest radiomics model for individual samples in the training and test cohorts.
The score distribution provides additional insight into the separation between metastatic

and non-metastatic cases. (left) Training cohort. (right) Test cohort.

4.7.5 Radiomics of Post-Vascular Phase Contrast-Enhanced Ultrasound

The distributions of the extracted radiomics features and their corresponding p-values
are presented in Figure 4.48. To assess inter-feature relationships and identify potential
redundancy, correlation analysis was subsequently performed and visualized using.a

clustered correlation matrix, as shown in Figure 4.49. e

e

Following correlation coefficient-based feature sgreening, 30 radiomics
features were retained. These comprised 6 ﬁrst-ogde‘r\/features, 3 grey-level co-
occurrence matrix (GLCM) features, 5 grey-ley/el depenidence matrix (GLDM) features,
7 grey-level run-length matrix (GLISLNY)/ieja;hres, 5 grey-level size-zone matrix
(GLSZM) features, 3 neighbouring grey-tone difference matrix (NGTDM) features, and

PO

1 shape feature. NS\ %
-

-
-

- I

To f@rfhgr reduce dimensionality and identify the most informative predictors,
least abéoli;te shrinkage and selection operator (LASSO) regression was performed with
{en-fold cross-validation. 8 radiomics features were ultimately selected, with an optimal
"\ value of 0.0518. The LASSO coefficient profiles and the corresponding cross-
validation mean squared error are presented in Figure 4.50 and Figure 4.51,
respectively; the minimume-error criterion A value was 0.0518. Among the selected
features, original gldm SmallDependenceLowGrayLevelEmphasis had the largest
positive coefficient, indicating the greatest contribution to the calculated radiomics

SCore.

Based on the 8 selected features and their corresponding LASSO coefficients,

the radiomics score for each lymph node was calculated according to Equation 4.5.
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Radiomics score

=0.46629213483146065—-0.036909X:+0.010307X>+0.009439X3

+0.071532X4+0.013551X5+0.091566X6+0.001690X7+0.007599Xs
Xi=original firstorder 10Percentile,

Xo=original_firstorder Kurtosis,
Xs=original glem ClusterProminence,
X4=original glem ClusterShade,
Xs=original gldm GrayLevelNonUniformity,

Xe=original_gldm_SmallDependenceLowGrayLevelEmphasise, - “‘,/

e

X7=original glszm LargeArcaLowGrayLevelEmphasis, -

Xg=original_glszm_SizeZoneNonUniformity. < NV (0.5)

The 8 selected radiomics features were lh/en used to construct and evaluate 11
machine-learning models based on postivzg@la/r-phase contrast-enhanced ultrasound
images. The cross-validation ﬁUE} y‘/a,lues of these models are presented in Figure 4.52,
while their detailed ’diagﬁgsﬁe f)erformance in the training and test cohorts is

summarized in Iabfe 4.37. The corresponding ROC curves are shown in Figure 4.53.

-~ / A
- - -
€ e

) Among the evaluated post-vascular-phase CEUS radiomics models, the
multilayer perceptron (MLP) achieved the highest observed AUC in the test cohort, with
/'an AUC of 0.882. However, this ranking should be interpreted descriptively because
pairwise statistical comparisons among the classifiers were not available. The model
achieved an AUC of 0.821 in the training cohort and 0.882 in the test cohort. The higher
test-cohort AUC should not be interpreted as evidence of improved performance in
unseen populations, as the difference may reflect sampling variability associated with

the relatively small held-out test cohort.

The ROC curves of the MLP model in the training and test cohorts are
presented in Figure 4.54. To further assess its potential clinical utility, decision curve
analysis was performed. The results indicated that the MLP radiomics model provided

a greater net clinical benefit than the treat-all and treat-none strategies across the
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evaluated threshold-probability range, as shown in Figure 4.55. Finally, the sample-

level predicted probabilities generated by the MLP model are presented in Figure 4.56.
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Eig/ure 4.48  Radiomics features distribution and corresponding p-values for post-vascular phase

-/

Sonazoid CEUS

This figure presents the distribution of radiomics features extracted from post-

vascular phase contrast-enhanced ultrasound images together with their corresponding

p-values. The results provide an overview of the statistical significance of individual

features in differentiating metastatic from non-metastatic lateral cervical lymph nodes.



< Figure 4.49  Clustered correlation matrix of radiomics features extracted from post-vascular phase Sonazoid CEUS

-

This ﬁ)gure illustrates the correlation structure among radiomics features extracted from post-vascular phase contrast-enhanced
ultrasound images. Features with similar correlation patterns are grouped by hierarchical clustering, thereby facilitating the identification of

redundant or highly correlated variables. Darker colors indicate stronger correlations.

€91
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Figure 4.50 LASSO coefficient profiles of radiomics features j‘Qn post-vascular phase Sonazoid

CEUS
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This figure shows the coefficient t]E(J 9&9‘1\3 of radiomics features during least

absolute shrinkage and selection operAa%} (\IjASSO) regression as the regularization

parameter varied. Changes /,in/g/e"t)lcient magnitude reflect the shrinkage process used

to identify the most informative radiomics features. Different colored lines represent the

retained 30 LadiGmics features.
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Figure 4.51  Mean squared error of LASSO regression with ten-fold cross-validation for post-vascular

phase Sonazoid CEUS
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This figure presents the mean squared error across different values of the
regularization parameter in LASSO regression, with an optimal A value of 0.0518. Ten-

fold cross-validation was used to identify the optimal feature subset.
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Figure 4.52  Cross-validation AUC values of machine learning models based on post-vascular phase

Sonazoid CEUS

This figure compares the cross-validation area under the receiver operating
characteristic curve (AUC) values of 11 machine learning models constructed using
radiomics features derived from post-vascular phase contrast-enhanced ultrasound
images. It provides an overall comparison of model discrimination performance during

cross-validation.



Table 4.37

Performance of post-vascular-phase Sonazoid CEUS radiomics-based machine learning models

,/‘/

This table summarizes the diagnostic performance of 11 machine learning models-eonstructed using-radiomics features derived from post-vascular phase CEUS images. The
results include model performance in both the training and test cohorts and provide a basis for identifying the best-performing model.

F1

Threshold

Model Name Accuracy AUC 95% CI Sensitivity  Specificity PPV NPV Precision  Recall ~ Task

LR 0.754 0.820  0.7519-0.8876 ' 0.879 0.645 0.682 0.860  0.682 0.8;9 0.768 0344 label-train
LR 0.806 0.830  0.6875-0.9719 | 0.941 0.684 0.727 ~ 0.929 /0.7%7\: 0.941 0.821  0.393 label-test
NaiveBayes 0.739 0.812  0.7431-0.8805  0.864 0.632 0.671  0.842 10.671 0.864  0.755  0.003 label-train
NaiveBayes 0.806 0.848  0.7194-0.9772 | 0.882 0.737 0. 0/:_11.875 0.750 0.882  0.811  0.010 label-test
SVM 0.782 0.858  0.7989-0.9176 | 0.803 0763 _ 0.7@ '/0.817 0.746 0.803 0.774 0471 label-train
SVM 0.778 0.814  0.6721-0.9564 | 0.941 ’ /,_\0.632/ 10.696 0923 0.696 0.941 0.800  0.387 label-test
KNN 0.796 0.862  0.8050-0.9194 0.7;8// (5829 0.794  0.797  0.794 0.758 0.775  0.600 label-train
KNN 0.667 0.745  0.5850 - 0.9041 6.882~ 0474 0.600 0.818  0.600 0.882  0.714  0.400 label-test
RandomForest 0.866 0.952 09217 - (‘)“.“9814 10.939 0.803 0.805 0.938  0.805 0939 0867 0.444 label-train
RandomForest 0.750 0765 0607§ 509221 1 0.882 0.632 0.682 0.857  0.682 0.882  0.769  0.449 label-test
ExtraTrees 0817 . 0902 . 0.8554-0.9492 1 0.742 0.882 0.845 0.798  0.845 0.742  0.790  0.497 label-train
ExtraTrees ) 0:756 0.814  0.6759-0.9525 0.941 0.579 0.667 0917  0.667 0.941 0.780 0417 label-test
XGBoost 0.908 0.956  0.9262-0.9861  0.909 0.908 0.896 0920 0.896 0909 0902 0514 label-train
XGBoost '0.722 0.697  0.5191-0.8741  0.941 0.526 0.640 0909  0.640 0.941 0.762  0.278 label-test

to be continued...
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... continuation
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,//

LightGBM 0.838 0910  0.8633-0.9563  0.803 0.868 0.841—0.835  0.841 0.803 0.822 _/ label-train
LightGBM 0.722 0.745  0.5817-0.9074 0.941 0.526 0.640  0.909  0.640 0.941 _ 0762 1 0.291 label-test
GradientBoosting  0.901 0.957  0.9279-0.9860 * 0.894 0.908 0.894  0.908 0.894 0.894 | -0.894 0.523 label-train
GradientBoosting  0.694 0.701  0.5246-0.8779 £ 0.824 0.579 0.636  0.786 0.6;6\/ 0.824 0.718 0474 label-test
AdaBoost 0.845 0913  0.8687-0.9578  0.924 0.776 0.782 0.9/22 /()/.782 0.924 0.847  0.488 label-train
AdaBoost 0.722 0.731  0.5613-0.9000  0.941 0.526 0.640/ 0.909 . 0.640 0.941 0.762  0.454 label-test
MLP 0.754 0.821  0.7540-0.8879  0.652 0.842 0.782. 0.736  0.782 0.652 0.711  0.567 label-train
MLP 0.833 0.882  0.7748 -0.9899  0.824 0.842 ' 0.8; 0.842  0.824 0.824 0.824  0.532 label-test
o =

AUC, area under the curve; PPV, positive predictive value; NPV, nega«ti’vé pré'd"fctive value; F1=2 x (precision x recall)/ (precision + recall); LR, logistic regression; SVM,
support vector machine; KNN, K-nearest neighbors; XGBoost, /extfemezg’radierft boosting; Light GBM, light gradient boosting machine; MLP, multi-layer perceptron.

.
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Figure 4.53 ROC curves of

11 machine learning models based

on po\st-vascular phase Sonazoid CEUS

This figure illus
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trates the receiver peraz\hl\g characteristic (ROC) curves of the

o N~
machine learning models in the p?iﬁi‘ngﬁghort and the test cohort. The curves provide

a visual comparison of t

‘
he fd%gvai‘c performance of the candidate models across the
.

two datasets. (left) Tﬁli/n__ng cohort. (right) Test cohort.
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Figure 4.54  ROC curves of the MLP radiomics model based on post-vascular phase Sonazoid CEUS
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ws the receiver operating characteristic curves of the MLP

radiomics model in the training cohort and the test cohort. The AUC was 0.821 in the

training cohort and 0.882 in the test cohort.
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Figure 4.55  Decision curve analysis of the MLP radiomics model based on post-vascular-phase
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This figure presents the distribution of prediction scores generated by the MLP
radiomics model for individual samples in the training and test cohorts. The score
distribution provides additional insight into the separation between metastatic and non-

metastatic cases. (left) Training cohort. (right) Test cohort.

4.7.6 Summary of Radiomics Findings

Overall, radiomics performance varied by imaging modality and classifier. In the
independent test cohort, the AUCs of the five selected modality-specific models ranged
from 0.701 to 0.882. The post-vascular-phase CEUS MLP model had the highest
observed test-cohort AUC, followed by the conventional grayscale-ultrasoupd« Ext/ra
Trees, CDFI AdaBoost, arterial-phase CEUS Naive-Bayes, and venous-phase éEUS
Random Forest models. These rankings should be interpret,ed”t/o/gej;he/:r with the
confidence intervals and paired Delong comparison§,\fra‘gher than based on the

_~

numerical AUC values alone. AL
e

The post-vascular-phase CEUS. MEP model achieved the highest observed
test-cohort AUC of 0.882 (9/5% Cf{).775—0.990). The corresponding values were 0.830
(95% CI: 0.697-0.962) for the/gfay/fscale—ultrasound Extra Trees model, 0.824 (95% CI:
0.688-0.959) for /tl;e CDFI AdaBoost model, 0.822 (95% CI: 0.681-0.964) for the
arteri/al—phéé/e/CEUS Naive Bayes model, and 0.701 (95% CI: 0.516—0.885) for the

-

) Veh(/)us-phaSe CEUS Random Forest model. The broad and overlapping confidence
_intervals indicate considerable uncertainty in the test-cohort estimates. Pairwise
DeLong tests were therefore performed separately in the training and test cohorts to
compare the AUCs of the 5 selected models (Figure 4.57). The heatmaps of pairwise
DeLong tests demonstrated varying differences in ROC-AUC among the 5 modality-
specific models. The comparison between the grayscale-ultrasound Extra Trees and
CDFI AdaBoost models was not statistically significant in either the training cohort (p
=0.655) or the test cohort (p = 0.720). Some other pairwise comparisons showed lower
p-values; however, their statistical significance should be determined according to the
exact p-values, with p < 0.05 considered statistically significant. The matrices should
be interpreted cautiously because multiple pairwise tests were performed and the test
cohort was small (n = 36); therefore, the results are exploratory and should be

considered together with AUC differences and their 95% confidence intervals.
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Decision curve analysis was used to assess the clinical consequences of
applying the five selected radiomics models across a range of threshold probabilities.
In both cohorts, the model curves showed varying net benefit relative to the treat-all and
treat-none strategies, and no single model was uniformly dominant across the entire
threshold range. In the test cohort, the post-vascular-phase CEUS MLP model showed
comparatively favorable net benefit over portions of the clinically relevant threshold
range, consistent with its higher observed discrimination; however, the curves crossed
and became unstable at some higher thresholds. Therefore, DCA supports potential
clinical utility but does not establish universal superiority of one modality. The
comparative DCA curves for all 5 selected models are presented in Figure 4.58. DCA
curves indicate that the preferred model may vary according to the chosen éliﬁical
threshold; apparent differences at extreme thresholds should be interpretéd cautiéusly

-

because few observations contribute to those regions. %

-
O
_~

Calibration curves for the best-perforrping model from each imaging modality
are shown in Figure 4.59. In the training eo@,al models generally showed increasing
observed event proportions With/ipc§qasing predicted probabilities, although deviations
from the 45-degree referende{frf}e/\;'ere present. In the test cohort, the curves were more
irregular, with mpdalftgl-?pec\iﬁc fluctuations across probability intervals. Overall, none
of the models \ showed perfect agreement with the reference line across the full
proba'biiity/ range. Calibration performance was therefore assessed descriptively by
;/isual inspection; visual differences should be interpreted cautiously because the test

“cohort was small (n=36) and numerical calibration indices were not available.

Table 4.38 Best-performing radiomics models in the test cohort
Imaging Selected Training AUC Test AUC Train—test Interpretation
modality model 95% CI (95% CI) AUC
Grayscale-US Extra Trees 0.927 0.830 —-0.097 Acceptable test
(0.886-0.968)  (0.697-0.962) discrimination;
possible
overfitting.
CDFI AdaBoost 0.899 0.824 —0.075 Moderate
(0.851-0.946)  (0.688-0.959) generalization
gap; wide test
CIL

to be continued...
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... continuation

Arterial-phase ~ Naive Bayes 0.664 0.822 +0.158 Higher test

CEUS (0.575-0.752)  (0.681-0.964) AUC likely
reflects
sampling
variability.

Venous-phase Random 0.936 0.701 —0.235 Weak test

CEUS Forest (0.898-0.974)  (0.516-0.885) discrimination
and limited
generalizability

Post-vascular MLP 0.821 0.882 +0.061 Highest

CEUS (0.754-0.888)  (0.775-0.990) observed test
AUC;
superiority not
statistically
established.

—=

AUC, area under the receiver operating characteristic curve; CI, confidence interval, MLP, g@glaye/lr
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Figure 4.57  Pairwise DeLong comparisons of the AUCs of the five selected radiomics models in the
training and test cohorts

Heatmaps of pairwise DeLong test p-values for the best-performing models from the
five imaging modalities are shown for the training cohort (left) and test cohort (right).
Each cell represents a pairwise comparison of ROC-AUCs, with p < 0.05 indicating a

statistically significant difference.
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The dotted diagonal line represents perfect calibration. Curves above and
below the line indicate underestimation and overestimation of metastatic risk,
respectively. Calibration curves are shown for the training cohort (left) and test cohort

(right).



CHAPTER V
DISCUSSION

5.1 OVERVIEW AND PRINCIPAL FINDINGS
5.1.1 Purpose and Overall Interpretation of the Findings « <

This chapter will interptet the principal findings of the study in the reonté'xt of existing
evidence, with particular attention to their clinical and/metﬁodological implications. As
the detailed numerical results have already bes;n preserited in Chapter IV, only the key
findings necessary for the subsequent giscégogare reiterated here. The discussion is
organised around the complemgnfa;y roles of conventional ultrasound, Sonazoid
contrast-enhanced ultrasouﬁd/ @F:TﬁS), fine-needle aspiration thyroglobulin (FNA-Tg),
multimodal integraﬁcfn/, and ;adiomics in the preoperative assessment of lateral cervical
lymph no/de“ine;[a;stasis (LLNM) in papillary thyroid carcinoma (PTC).

-

-

The central finding is that diagnostic performance improved as the assessment
“moved from subjective morphology to structured quantitative analysis and then to
multimodal integration. Conventional ultrasound remained valuable for initial detection
and anatomical localisation, but its specificity was limited when interpretation
depended mainly on visual pattern recognition. Quantitative scoring improved
discrimination by combining several suspicious features. Sonazoid CEUS added
functional and microenvironmental information, with the post-vascular phase providing
the most distinctive contribution. FNA-Tg supplied biochemical evidence of thyroid
tissue within the sampled node. When these sources were integrated, the highest
observed diagnostic performance was achieved. The radiomics results extended this
interpretation. The performance of machine-learning models depended more on the

biological and technical quality of the source images than on classifier complexity alone.
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Post-vascular-phase Sonazoid CEUS produced the strongest radiomics model in the test
cohort, whereas venous-phase images produced the weakest. This pattern supports a
biologically informed view of radiomics: algorithms can only extract clinically useful

signatures when the underlying image contains stable and disease-relevant information.

5.1.2 Clinical and Biological Context of the Baseline Findings

Patients in the metastasis group were younger than those in the non-metastasis group.
This finding is consistent with the recognised paradox in differentiated thyroid cancer
whereby younger patients may show more frequent nodal dissemination while retaining
favourable disease-specific survival. Age should therefore not be interpreted as adirect
marker of poor prognosisyrather; in the present cohort, it functioned as a cér}iextu'a/l risk
indicator for lymphatic spread.-Its-clinical value-is-likelyto be/greatfest when combined
with imaging and biochemical evidence rather thal} uséd as an isolated selection

criterion. ¢ -

// -
PN,

The short-axis diameter, but not the long-axis diameter or long-to-short-axis

ratio, differed signiﬁcantly/KetWéén groups. This suggests that metastatic infiltration
may be reﬂectegl /mdré ]reliébl; by nodal thickening than by overall length. Lateral
cervical n9de§ are frequently elongated even when benign, and their shape can be
altered i);f/anatomical constraints. Short-axis enlargement may therefore be a more

direct expression of cortical replacement and internal tumour burden. Nevertheless, size

“alone cannot distinguish early metastasis from reactive hyperplasia, which explains why

morphometric variables should remain part of a composite assessment.

Higher serum Tg, TgAb, and TPO-Ab levels were observed in the metastasis
group. These associations should be interpreted cautiously because serum markers are
influenced by the primary tumour, background thyroid tissue, autoimmune thyroid
disease, and assay characteristics. They do not establish a causal immunological
mechanism for LLNM. Their value in this study is primarily contextual: they indicate
that metastatic status was accompanied by a different biochemical profile, but they were

not sufficiently specific to replace node-directed tests such as FNA-Tg.



177
5.1.3 Hierarchy of Diagnostic Evidence

Taken together, the findings support a hierarchy of diagnostic evidence. Conventional
ultrasound identifies and localises suspicious nodes; structured ultrasound scoring
reduces subjectivity; Sonazoid CEUS characterises perfusion and post-vascular
retention; FNA-Tg confirms thyroid-derived biochemical material; and radiomics
quantifies image heterogeneity beyond visual perception. This hierarchy does not imply
that every patient requires every test. It provides a rational escalation pathway in which
additional modalities are used when the expected clinical benefit exceeds the burden,

cost, and invasiveness of further investigation.

-

The observed AUC-of 0.993 for the three-meodality combinaﬁp/n was the
highest among the evaluated-strategies.-Pairwise-Del.ong test/:ing i the latest analysis
showed that its differences from US + CEUS, CEUS +.FNA-Tg, and US + FNA-Tg
were not statistically significant. Accordingly, the tirree-modality model should be
described as having the highest observed dis, ermlnatlon rather than being statistically
superior to the high- performmg twos modahty alternatives. This distinction is clinically
important because a small nuﬁe/ncal gain in AUC may not justify an additional invasive

or resource-intensive pr()]ced{lre when it is unlikely to alter management.

e

52 . "CONVENTIONAL ULTRASOUND: ESSENTIAL FIRST-LINE
o ASSESSMENT WITH A DIAGNOSTIC CEILING

5.2.1 Interpretation of Qualitative Ultrasound Findings

Qualitative conventional ultrasound achieved high sensitivity but substantially lower
specificity. This profile is clinically understandable. Sonographers are generally trained
to avoid missing metastatic disease, and suspicious features such as loss of the hilum,
cortical abnormality, peripheral vascularity, hyperechogenicity, cystic change, and
calcification appropriately trigger further investigation. The cost of this sensitive
strategy is false-positive classification, particularly when reactive nodes demonstrate

cortical thickening or altered vascularity.
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The occurrence of hyperechogenicity, cystic change, and calcification only in
metastatic nodes in this cohort supports their high specificity, but their absence cannot
exclude metastasis. Early or partial nodal involvement may not produce these classic
signs, and metastatic foci may be missed when only a limited portion of the node is
affected. Thus, qualitative ultrasound is most useful as a screening and triage method

rather than a definitive rule-in or rule-out test.

These findings broadly agree with previous studies and guideline-based
practice, which recognise conventional ultrasound as the first-line examination for
cervical nodal staging while also acknowledging substantial operator dependence and
overlap between benign and malignant appearances (Ahuja and Ying 2005;/Sohﬁ ét al.
2010; Haugen et al. 2016). The present study adds compartment-speciﬁc/evidenée by
focusing on lateral cervical nodes, where anatomical depth; heterdgeneéus metastatic

replacement, and reactive changes make purely Visual/diagflosis especially difficult.

- p

y '3 -

5.2.2 Added Value of Quantitative UltraSGWnIiA/Scoring

-

P -

Quantitative scoring improvﬁ/f}fé;AUC from 0.842 to 0.914 and markedly increased
specificity, althqugh/sér}siti\\/ity/ decreased slightly. The important implication is not
simply that a Pﬁfqerical score performed better, but that structured integration changed
the /balélI;Cé/ of diagnostic errors. Qualitative assessment favoured sensitivity and

produced more false positives; quantitative scoring imposed a reproducible threshold

“and reduced unnecessary classification of reactive nodes as metastatic.

The improvement probably arose from aggregation. No single ultrasound sign
is sufficiently reliable across all lymph nodes, but several moderately informative
features can form a stronger composite indicator when weighted together. The scoring
system therefore transformed ultrasound from an impression-based assessment into a
more standardised risk estimate. This is consistent with the broader movement toward
structured reporting and quantitative decision support in medical imaging (Lambin et

al. 2012; Gillies et al. 2016).
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Nevertheless, quantitative scoring cannot overcome limitations inherent to
grayscale and Doppler imaging. It still depends on acquisition quality, machine settings,
operator technique, and the visibility of macroscopic changes. Reactive hyperplasia and
early metastatic infiltration may continue to overlap. The score should therefore be
viewed as a refinement of conventional ultrasound rather than a substitute for functional

or biochemical assessment.

This advantage likely arises because quantitative scoring combines several
moderate predictors into a stronger composite indicator. Individual ultrasound features
such as nodal size, shape, margin irregularity, hilum loss, abnormal echogenicity, and
peripheral vascularity are each informative but not completely reliable in isblétioh
(Ahuja and Ying 2005; Sohn et al. 2010z Tian et al. 2022). When these findings are
weighted and aggregated, their combined diagnostic value b/ecomés more stable and
reproducible. In the present study, this cumulative appgoacﬁ appeared to provide a more
balanced assessment of lymph node status than qualitative pattern recognition alone.

CaD

The benefit of quantitativ/e analysis is particularly relevant in the lateral
cervical compartment, where Jme/ta;statlc involvement is often partial, heterogeneous,
and anatomlcally cdmple{x Larly metastatic infiltration may affect only limited cortical
regions and jmay not yet produce overt architectural distortion. Under such

-

circumstan;es, a structured scoring framework may be more sensitive to the cumulative
i)resence of subtle abnormalities than an unstructured visual assessment. This is
“clinically important because lateral cervical lymph nodes often display overlapping
benign and malignant features, and purely morphology-based interpretation may

therefore result in diagnostic inconsistency (Sohn et al. 2010; Filetti et al. 2019).

In addition, the incorporation of color Doppler flow imaging into a quantitative
framework provides incremental value by standardizing the assessment of vascular
patterns. Abnormal peripheral vascularity and loss of normal hilar flow have long been
regarded as suspicious signs of nodal metastasis in thyroid cancer(Ahuja and Ying 2005;
Sohn et al. 2010). Expressing these Doppler findings within a scoring system reduces
reliance on subjective visual grading and allows vascular information to contribute more

systematically to overall risk estimation.
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However, despite these advantages, quantitative conventional ultrasound
remains constrained by the intrinsic limitations of grayscale and Doppler imaging.
Grayscale ultrasound primarily reflects macroscopic structural characteristics, whereas
Doppler techniques depict only flow signals above a certain velocity and vessel calibre
threshold. Consequently, early metastatic infiltration may not yet produce sufficient
architectural disruption or detectable vascular alteration to be reliably captured, even
within a quantitative framework. In addition, Doppler signals remain susceptible to
technical factors such as insonation angle, gain settings, motion artefact, and machine
optimization, which may still introduce variability into the final score (Ahuja and Ying

2005; Haugen et al. 2016).

-

Another important limitation is the biological overlap between /benign/ and
malignant lymph nodes: Reactive lymph nodes may exhibit ’cof;[ical ‘thickening or
increased vascularity due to inflammatory hyperplasia, ’chéreby mimicking metastatic
involvement. Quantitative scoring can reduce/ subjectivity, but it cannot eliminate the
overlap inherent to conventional ultraspund/ gg& This likely explains why diagnostic
performance, although improved, still did not reach the level achieved by Sonazoid

Ny
CEUS, FNA-Tg, or multimodal mtegration in the present study.

P |
5.2.3 Clinical Positioning of Conventional Ultrasound

€ s

-

Clinically, conventional ultrasound should remain the entry point to the diagnostic

“pathway because it is non-invasive, widely available, real-time, and suitable for

mapping multiple cervical levels. Its most appropriate roles are localisation, initial risk
stratification, selection of a target for aspiration, and guidance of subsequent procedures.
A node with overtly malignant morphology may proceed directly to confirmatory
sampling, whereas an indeterminate node may benefit from quantitative scoring and

Sonazoid CEUS before an invasive test is performed.

The present findings therefore support neither abandonment of qualitative
expertise nor exclusive reliance on a numerical score. Expert pattern recognition
remains necessary for acquisition, localisation, and detection of uncommon

appearances, while quantitative scoring provides consistency and reduces threshold
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variation. The most defensible approach is complementary: qualitative examination
identifies the relevant biological pattern, and quantitative assessment standardises its

diagnostic weight.

Despite continuous technical refinement, quantitative scoring, and the
integration of qualitative and quantitative assessment, conventional ultrasound
ultimately reaches a diagnostic ceiling in the evaluation of lateral cervical lymph node
metastasis. This limitation is not primarily due to operator inexperience or
methodological weakness, but rather to the intrinsic constraints of morphology-based
and macroscopic vascular imaging. Conventional ultrasound is fundamentally limited
in its ability to characterize the microstructural, microvascular, and bjoehélﬁical
alterations associated with €arly or heterogencous metastatic disease (L/ambin et al.

2012; Gillies et al. 2016): A WA

-
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Conventional ultrasound primarily ev{gluétgs structural characteristics such as
nodal size, shape, echogenicity, and gross g@i@cmral change (Ahuja and Ying 2005;
Kim et al. 2015). However, mc/tastétjc involvement in papillary thyroid carcinoma is
often biologically subtle, pagfrc/ui?;rly in early or partial disease. Micro-metastases or
focal cortical /i/nfrftfaﬁgm ;nay not produce sufficiently obvious morphological
abnormal/i,tie’s/,té be detected reliably by conventional ultrasound (Kessler et al. 2003;

-

Surev et al/. 2016). In addition, there is substantial biological overlap between benign
;md malignant lymph nodes. Reactive lymph nodes may demonstrate enlargement,
“cortical thickening, and increased vascularity in response to inflammation, thereby
mimicking metastatic disease (Filetti et al. 2019; Shin et al. 2016). Even when
quantitative thresholds are applied, distinguishing reactive hyperplasia from early

metastatic infiltration remains difficult because similar biological processes may

generate similar sonographic appearances (Kim et al. 2017).

Another important reason for this diagnostic ceiling is that conventional
ultrasound cannot adequately depict microenvironmental changes central to tumor
metastasis, including microvascular perfusion, extracellular matrix alteration, immune
infiltration, and tumor —stroma interaction. These processes are highly relevant to

metastatic progression but lie beyond the detection capability of grayscale and Doppler
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imaging (Chammas 2019). Furthermore, technical factors such as nodal depth,
surrounding anatomy, patient habitus, and operator dependency may affect image
quality and reduce diagnostic consistency(Ahuja and Ying 2005). Although quantitative
analysis improves objectivity, it cannot fully overcome the inherent limitations of signal

acquisition and tissue contrast.

Taken together, these findings indicate that conventional ultrasound reaches a
performance plateau in lateral cervical lymph node assessment even after quantitative
enhancement. This plateau highlights the need for diagnostic escalation beyond
ultrasound alone. Importantly, recognition of this diagnostic ceiling does not diminish
the clinical value of conventional ultrasound. Rather, it clarifies its apprqpria/t’e/ role
within a broader multimodal strategy and allows its strengths and limitations to be

interpreted more rationally:

-
O
_~

Within the multimodal diagnostic /fra/r'l}ewf)rk proposed in this thesis,
conventional ultrasound remains fgund&\i?n;l and indispensable. Rather than
functioning as a definitive diagnostl/c tool for lateral cervical lymph node metastasis, it
should be regarded as the. eﬁtry/p(;n\lt and structural basis of the preoperative evaluation
pathway (Ahuja and’ i(mg 2005; Haugen et al. 2016). In clinical practice, conventional
ultrasound. prpwg,es the| first opportunity to assess the lateral cervical compartment
systeme{tic;lly. Its real-time capability allows rapid evaluation of multiple nodal levels,
{dentiﬁcation of suspicious lymph nodes, and guidance for targeted fine-needle

“aspiration (Ahuja and Ying 2005; Lee et al. 2012). These practical advantages ensure

its continued importance in the routine staging of papillary thyroid carcinoma.

The present study, therefore, supports repositioning conventional ultrasound as
a screening and stratification modality rather than the final determinant of metastatic
status. This view is consistent with contemporary risk-adapted management strategies
(Haugen et al. 2016). Ultrasound findings guide further diagnostic escalation by
identifying lymph nodes that require additional functional, biochemical, or quantitative
assessment. In this way, ultrasound determines not only which lymph nodes should
undergo further investigation, but also how complementary diagnostic resources should

be deployed. Lymph nodes with clearly benign sonographic features may be followed
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conservatively, whereas suspicious or indeterminate nodes may benefit from further
evaluation using contrast-enhanced ultrasound, fine-needle aspiration thyroglobulin
(FNA-Tg), or advanced quantitative and radiomics-based methods (Park et al. 2019;
Song et al. 2015).

53 FNA-TG: STRONG BIOCHEMICAL CONFIRMATION WITH IMPORTANT
CONTEXTUAL LIMITATIONS

5.3.1 Interpretation of the Diagnostic Performance of FNA-Tg

FNA-Tg showed excellent diagnostic performance, with quantitative analysis achieving
an AUC of 0.953. Its biological rationale is strong: thyroglobulin detected in needle
washout fluid provides evidence of thyroid-derived material within a sampled fymph
node. This is particularly valuable when cytology is non-diagnosticf because of scant

cellularity, cystic degeneration, or sampling of a non-rppreéentative area.

- p

The difference between qu/antitgivej and qualitative interpretation was
statistically significant but modesL Qualitative classification retained higher sensitivity,
whereas the quantltatlve éut«()ff /1mproved specificity. This resembles the pattern
observed with ultraSounfi a'ld indicates that dichotomous clinical rules and optimized
numerical thiesholds serve different purposes. A sensitive qualitative rule is useful for

avoiding missed metastasis; a quantitative threshold 1s useful when the clinical priority

is to reduce false-positive diagnoses and unnecessary neck dissection.

The present cut-off of 9.10 ng/mL should not be treated as universally
transferable. Published thresholds vary widely because of differences in assay platforms,
washout volume, residual thyroid tissue, serum Tg concentration, anti-thyroglobulin
antibodies, node composition, and patient selection. The study therefore provides a
cohort-specific operating threshold rather than a universal biological boundary. External

calibration is required before direct adoption in another institution.

This continuous-variable approach is particularly important in the lateral
cervical compartment, where metastatic involvement is often focal, partial, and

heterogeneous. Quantitative interpretation is therefore better aligned with the biological
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continuum of nodal metastasis than binary categorization. Reviews and meta-analyses
have similarly concluded that FNA-Tg has high overall diagnostic accuracy, while also
emphasizing that numerical values and optimal cut-offs should be interpreted within the

assay and clinical context (Al-Hilli et al. 2017; Khadra et al. 2019).

Another important strength of quantitative interpretation is its compatibility
with advanced predictive modelling. Because the variable is continuous, it can be
incorporated directly into multivariate analyses, nomograms, and multimodal
diagnostic frameworks together with imaging-based quantitative parameters. This
makes quantitative FNA-Tg particularly suitable for the objective and measurement-
based diagnostic strategy emphasized in the present study. Broader imaging and
biomarker research has similarly shown-the methodelogical advantages’ Q/f retaining
continuous variables rather than collapsing them into binary groups when building
predictive models (Jeon et al. 2015; Qiang et al. 2016). __ © /

Nevertheless, quantitative interpre t/i’6n~is/also influenced by factors such as
assay variation, thyroid gland status, and /cut—o‘ff :election. For this reason, it should still
be interpreted within the br/oaclér%ﬁrﬁcal and imaging context rather than in isolation.
Published studies hgye alsonoted the importance of preanalytical standardization and
awareness of fa/c’t(;rs such as serum TgAb and gland status when interpreting FNA-Tg
results (B&uyﬁaua et al. 2010; Jeon et al. 2013). Even so, the findings of the present
sttidy indicate that quantitative FNA-Tg provides strong diagnostic discrimination and

_represents a more refined analytical approach than threshold-based categorization alone.

Despite the well-established diagnostic value of fine-needle aspiration
thyroglobulin (FNA-Tg), the optimal cut-off value for defining a positive FNA-Tg
result remains one of the most controversial issues in clinical practice, particularly in
the evaluation of lateral cervical lymph nodes. Wide variation in proposed thresholds
across studies has limited standardization and complicated interpretation of FNA-Tg

results (Qiang et al. 2016; Wang et al. 2022).

One major contributor to this variability is assay-dependent differences in
thyroglobulin measurement. Different immunoassays exhibit varying analytical

sensitivity, calibration standards, and susceptibility to interference, resulting in non-
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comparable absolute values across institutions (Jeon et al. 2013). As a result, cut-off

values derived in one laboratory setting may not be directly applicable elsewhere.

Another important factor is patient-related heterogeneity, particularly with
respect to thyroid status and prior treatment. In patients who have undergone
thyroidectomy, baseline thyroglobulin levels in lymph node aspirates are expected to be
negligible, allowing lower cut-off values to retain high specificity. Conversely, in
preoperative patients with intact thyroid tissue, background thyroglobulin
contamination may elevate aspirate levels, necessitating higher thresholds to avoid

false-positive interpretation (Duval et al. 2017).

-

The presence of anti-thyroglobulin antibodies further compliéates cut-off
determination. Although FNA-Tg is less affected by /antib’(/)dies/than serum
thyroglobulin, interference cannot be completely e)/;chl{ied and may contribute to
underestimation in selected cases (Shin et al. %015)/. THhis issue reinforces the need for

cautious interpretation rather than rigid relifnee on a single numerical threshold.

-

P >

Several authors havéh/e;éfore advocated context-dependent or relative cut-off
strategies, such qsmﬁlpqriné aspirate thyroglobulin levels with serum thyroglobulin or
using ins‘gitutipﬁ-;speciﬁc thresholds derived from local validation cohorts (Bournaud et
al._ 2016; E)noue et al. 2021; Yu et al. 2025). While these approaches improve
| gldaptability, they reduce comparability across studies and limit guideline-level

“standardization.

The findings of the present study provide further evidence that cut-off selection
should be interpreted within a specific clinical and analytical context. In this cohort,
when the cut-off value of FNA-Tg was set at 9.10 ng/mL, the sensitivity and specificity
for diagnosing lateral cervical lymph node metastasis were 0.880 and 0.968,
respectively. The Youden index was 0.848, and the ROC-AUC reached 0.953 (95% CI:
0.917-0.990), indicating excellent diagnostic performance. This result suggests that, in
the setting of lateral cervical lymph node evaluation, a threshold within the higher range
reported in previous studies may offer an appropriate balance between avoiding false-

positive overdiagnoses and maintaining high diagnostic accuracy.
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At the same time, the present study does not imply that 9.10 ng/mL should be
regarded as a universal threshold applicable to all institutions and patient populations.
The optimal operating point for FNA-Tg is likely to remain influenced by assay
platform, specimen handling, patient thyroid status, and study population characteristics.
Therefore, the value identified in this study should be interpreted as a locally validated

threshold with strong relevance to the present cohort, rather than as an absolute standard.

Importantly, controversies regarding FNA-Tg cut-off values become most
relevant in equivocal cases. Extremely high FNA-Tg values are usually strongly
suggestive of metastatic involvement, whereas very low values reliably exclude disease.
The diagnostic uncertainty lies mainly in intermediate ranges, where nurhérical
interpretation may be inflienced by biological heterogeneity, blood contarflinatioh/, and
assay-related variability (Kuo et al. 2025). In such situations, FNAaTg ‘should not be
interpreted in isolation, but rather in conjunction with ultrasound findings and overall

- p

clinical context (Haugen et al. 2016).

A
5.3.2 Discrepancies with Cytglng;? and Other Evidence
gANAy
- v A

) Ta.
FNA-C showed only’ m?derate agreement with the final reference standard, whereas

FNA-Tg perfofmgad substantially better. This discrepancy is plausibly explained by
sampliﬂg and cellularity. Cytology requires representative malignant cells, but

metastatic material may be focal, cystic, necrotic, or diluted (Bakuta-Zalewska et al.

“2021). FNA-Tg can remain positive even when the aspirate contains few diagnostic

cells because the marker is measured in the fluid phase. The two tests therefore
interrogate different aspects of the sample and should be regarded as complementary

rather than interchangeable.

False-positive FNA-Tg results remain possible, especially when the needle
traverses thyroid tissue, when blood contamination is substantial, or when benign
thyroid inclusions are present. False-negative results may occur in poorly differentiated
tumor tissue, very small metastatic deposits, inadequate aspiration, or assay interference.
These limitations reinforce the need to interpret FNA-Tg together with ultrasound

localization, CEUS behavior, cytology, and the clinical context.
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Qualitative FNA-Tg is particularly useful in lateral cervical lymph nodes with
cystic change, necrosis, or low cellularity, where cytological specimens may be
inadequate or non-diagnostic. In such cases, the presence of thyroglobulin in aspirated
washout fluid provides biochemical evidence of metastatic thyroid tissue even when
malignant cells are not clearly identified cytologically. This diagnostic advantage has
been repeatedly described in studies evaluating FNA-Tg in suspicious cervical lymph
nodes and in reviews summarizing its added value over cytology alone (Zhang et al.

2022; Junsong et al. 2025).

However, qualitative interpretation also has limitations. Its thres/holdf-’b/ased
nature reduces a continuoeus biochemical signal to a binary classification and therefore
may obscure biologically meaningful variation. This limitation is eSbeciale relevant in
lymph nodes with intermediate FNA-Tg values, where inferpretation may depend on
the FNA-Tg/serum Tg ratio and patient-spgciﬁg biochemical context. Published
evidence has shown that lack of stgnda(diza@on in assay methods, preanalytical
handling, and cut-off selectiowe}gains an important source of heterogeneity in

FALS
qualitative FNA-Tg interpretatfon(Xu et al. 2019; Kim et al. 2021).

P |
5.3.3 Clinical Role of FNA-Tg

-

-

FNA-Tg is most valuable when the result is expected to change management. It is

“particularly helpful for nodes with suspicious or indeterminate imaging, discordant

ultrasound and cytology, or cystic morphology. Routine aspiration of every
sonographically visible lateral cervical node would be neither practical nor necessary.
A risk-adapted strategy can reserve FNA-Tg for nodes in which biochemical

confirmation is likely to influence the decision for lateral neck dissection.

The excellent performance of FNA-Tg in this study should therefore be
interpreted as evidence for targeted biochemical confirmation, not as support for
replacing imaging. FNA-Tg cannot map the lateral neck, characterise perfusion,
identify the optimal target, or assess intranodal heterogeneity. Those functions remain

dependent on imaging, particularly ultrasound and CEUS.
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5.4 SONAZOID CEUS: FUNCTIONAL AND MICROENVIRONMENTAL
CHARACTERISATION

54.1 Why Sonazoid Added Diagnostic Information

Sonazoid CEUS improved discrimination beyond conventional ultrasound because it
depicts biological processes that are not visible on grayscale morphology alone. The
arterial and venous phases reflect vascular arrival, distribution, and washout, while the
post-vascular phase is additionally influenced by microbubble retention and
macrophage-related uptake. Metastatic replacement can disrupt normal nodal
microarchitecture and reticuloendothelial activity, producing enhancement patterns that

differ from those of reactive nodes. e

e

This mechanism distinguishes Sonazoid from purely bloéd—pobl agents and
provides a plausible explanation for the strong perfor;nanc/e of post-vascular imaging.
The post-vascular phase is less dependent on /t/he ©xacf timing of the initial bolus and
may provide a more stable representation of Es@e-level integrity. In contrast, arterial-

and venous-phase appearances are fnore vulnerable to injection technique, circulatory
.. . . ANy .
variation, and transient 1nﬂamm/at0‘ry hyperaemia.

-\
5.4.2 Sonazoid CEUS iin Lateral Cervical Lymph Nodes

€ s

-

Sonazoid contrast-enhanced ultrasound offers a distinct biological and diagnostic

“advantage over conventional blood-pool agents because of its unique micro-perfusion

behavior and post-vascular phase characteristics. Unlike agents such as SonoVue, which
remain confined to the intravascular space, Sonazoid can provide not only vascular-
phase information but also delayed tissue-related imaging associated with
reticuloendothelial uptake, particularly by macrophages. This feature allows Sonazoid
to reflect not only blood flow but also tissue integrity and microenvironmental change

(Zhang et al. 2023).

This mechanism is particularly relevant to lateral cervical lymph node
metastasis. Metastatic infiltration disrupts normal nodal architecture, alters vascular

organization, replaces native lymphoid tissue, and modifies the immune
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microenvironment. These changes influence not only early perfusion patterns but also
delayed contrast distribution and retention. Benign nodes are therefore more likely to
demonstrate preserved and relatively regular enhancement behavior, whereas metastatic
nodes more often show heterogeneous enhancement, focal defects, irregular retention,

or loss of normal contrast distribution (Wei et al. 2021; Wei et al. 2022).

An additional advantage of Sonazoid is its longer and more stable imaging
window. Because assessment is not restricted to a brief intravascular phase, Sonazoid
allows observation of both early vascular enhancement and delayed post-vascular
behavior. This dual-phase capability is especially valuable in lateral cervical lymph
nodes, where diagnoses often depend on subtle differences in tissue organizatiéﬁ and
microenvironment ratherthan on marked morphological abnormalities alone (Wakisaka

et al. 2019). oA

-
O
_~

For the present study, the use of Sonq;oid 'was therefore conceptually central.
The aim was not merely to visualize Eransi/ein/t;érfusion, but to determine whether a
contrast agent capable of depicjtiggfboth microvascular flow and post-vascular tissue
behavior could improve ,tlre/dé/téc%ion and characterization of lateral cervical lymph
node metastasis.ﬁ/[n/tﬁis’ qettiﬁg, Sonazoid provides a biologically richer imaging signal
than conyﬁﬂtio@l blood-pool CEUS and aligns more closely with the need for

-

multi/modal,"/functionally informed assessment in papillary thyroid carcinoma (Xiao et

al. 2023).

The findings of the present study support this rationale. Sonazoid-enhanced
imaging provided diagnostically meaningful information for lateral cervical lymph
node assessment, and the post-vascular phase showed particular value in reflecting
metastasis-related tissue alteration. These observations suggest that the advantage of
Sonazoid lies not simply in being another contrast agent, but in offering a different
imaging perspective that integrates perfusion assessment with tissue integrity and
microenvironmental change. This distinction is also important for subsequent
quantitative and radiomics analysis, because Sonazoid provides richer phase-specific
information and a more suitable basis for objective feature extraction than purely

transient blood-pool enhancement.
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In summary, Sonazoid CEUS is particularly well suited to the evaluation of
lateral cervical lymph node metastasis because it combines vascular-phase perfusion
imaging with post-vascular assessment of tissue-level contrast behavior. This dual
biological basis distinguishes it from conventional blood-pool agents and provides a
strong mechanistic rationale for its use in the present study. On this basis, the following
sections further examine the qualitative, quantitative, and radiomics applications of
Sonazoid CEUS in lateral cervical lymph node assessment (Sidhu et al. 2018; Wei et al.
2021).

5.4.3 Interpretation Across CEUS Phases

-

Arterial-phase quantitative-assessment showed excellent- discrimination. It§ étrength lies
in identifying abnormal perfusion architecture; including centr/ipetal; chaetic, absent, or
ring-like enhancement patterns. However, arterial enl/lanc\ément can be influenced by
benign hypervascularity and by technical tiEnirrg, se it should not be interpreted
independently of morphology and later—phaﬁ:/iaéja\;ior.

-
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The venous phase 4\)}&5) Jess discriminative, particularly in the radiomics
analysis. This may reﬂéc]t its transitional nature: by this stage, contrast distribution can
become m9re/h6m0gene0us and differences between reactive and metastatic nodes may
na}‘rﬂw./Wéshout dynamics can also vary with inflammation, fibrosis, necrosis, and

vascular shunting. The relatively weak venous-phase performance is therefore

“biologically plausible rather than merely an algorithmic failure.

Post-vascular-phase assessment provided the most consistent advantage. The
persistence or defect of enhancement during this phase likely captures loss of normal
nodal tissue and altered macrophage-rich microenvironments. This phase also produced
the best radiomics model, strengthening the interpretation that its diagnostic value is
embedded in both visually recognizable patterns and high-dimensional texture

information.

Despite its strong performance, arterial-phase imaging still has limitations.
Because it reflects an early hemodynamic state, it remains susceptible to physiological

and technical variation, including injection technique, circulatory status, and timing of
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acquisition. In addition, reactive or inflammatory lymph nodes may also demonstrate
increased arterial perfusion, creating overlap with metastatic nodes. Arterial-phase
imaging, therefore, mainly reflects perfusion behavior rather than stable tissue
characteristics and cannot fully capture delayed tissue retention or broader
microenvironmental change. These limitations support multiphase interpretation,
particularly in a Sonazoid-based framework where later phases may provide additional

tissue-level information (Sidhu et al. 2018; Wei et al. 2021).

In summary, the present study demonstrates that arterial-phase Sonazoid CEUS
has excellent diagnostic value for lateral cervical lymph node metastasis, especially
when enhancement patterns are interpreted quantitatively. However, because- aftérial-
phase findings remain influenced by hemodynamic variability and provide only limited
information on stable ‘tissue characteristics, they should be- iri;[erpréted within a
multiphase and multimodal framework rather than in i/solation (Sidhu et al. 2018; Chen

et al. 2020). ALY

SO

At a cut-off value of Al AR quantiTative venous-phase analysis yielded a
sensitivity of 0.880, speciﬁéigfgf/(i% 6, a Youden index 0f 0.796, and an AUC of 0.904
(95% CI: 0.855i0.9§4).]Que\llitative assessment showed a similar AUC of 0.898, and
the differ/ende/,t;ej:,ween the two methods was not statistically significant (p = 0.3416).
Thesé ﬁndi/n'gs suggest that, although venous-phase imaging can distinguish metastatic
/frorn non-metastatic nodes to some extent, its incremental value is limited, and
Jquantitative scoring does not provide the same clear advantage as in the arterial phase.
Similar variability in CEUS performance has been reported in pooled analyses of

papillary thyroid carcinoma lymph node metastasis (Yu et al. 2023).

This limited discrimination is biologically plausible. Venous-phase
enhancement remains influenced by systemic and local hemodynamic factors, and
reactive or inflammatory lymph nodes may also show delayed or heterogeneous contrast
behavior, creating overlap with metastatic nodes (Sidhu et al. 2018; Yu et al. 2023). In
addition, the venous phase does not fully exploit the unique biological advantage of
Sonazoid, because microbubbles are still largely confined to the vascular compartment,

and tissue-retentive information has not yet become dominant. As a result, venous-



192

phase imaging provides only limited insight into tissue integrity and
microenvironmental alteration, which are more directly relevant to metastatic

infiltration (Xiao et al. 2023).

Quantitative analysis further improved discrimination. At a cut-off value of 3.5,
quantitative post-vascular phase Sonazoid CEUS achieved a sensitivity of 0.843,
specificity of 0.937, a Youden index of 0.780, and an ROC-AUC of 0.951 (95% CI:
0.908-0.978). By comparison, qualitative assessment showed a sensitivity of 0.940,
specificity of 0.863, and an AUC of 0.901. The significantly higher AUC of the
quantitative method (p = 0.00026) indicates that structured scoring of post-vascular
contrast retention provides more effective discrimination than visual pattern geeogﬁitioh

e

alone.

-

The biological basis of this advantage is clos/ely\r/elated to the mechanism of
Sonazoid. In later phases, Sonazoid is associa};ed/vyith’reticuloendothelial uptake and
tissue-related contrast behavior, so en/hancé:n}e?n} patterns are more closely linked to
macrophage distribution, tissue inie/grity, and preservation of nodal architecture than to
blood flow alone (Sldhu et al 2018” Zhang et al. 2023). Benign or reactive lymph nodes
are therefore more” hke‘ly to retain relatively homogeneous enhancement, whereas
metastatlg/lymph/nodes, in which tumor infiltration disrupts native lymphoid tissue and
micrOell/Vif;)nmental structure, more often show reduced, heterogeneous, or absent
énhancement. This principle is consistent with studies of Sonazoid-based cervical

“lymph node imaging in papillary thyroid carcinoma, which found that lymphatic or

tissue-related contrast behavior can improve identification of metastatic nodes (Wei et

al. 2022; Chung et al. 2022).

An additional strength of the post-vascular phase is its greater temporal
stability. Because imaging is no longer confined to the brief early vascular window,
assessment is less dependent on precise timing and immediate operator response. This
improves reproducibility and allows more deliberate evaluation of intranodal
heterogeneity, including focal filling defects and partial metastatic replacement. Such
features are particularly relevant in lateral cervical lymph nodes, where metastatic

involvement is often incomplete and spatially heterogeneous.
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From the perspective of this thesis, the post-vascular phase also provides a
more suitable substrate for quantitative analysis and radiomics. Because contrast
distribution is more stable and biologically meaningful than in the earlier phases,
extracted features are more likely to reflect genuine tissue alteration rather than transient
hemodynamic fluctuation. This helps explain why post-vascular phase Sonazoid CEUS
showed strong diagnostic performance in the present study and why it is conceptually

central to advanced quantitative modelling.
5.4.4 Comparison with Conventional Ultrasound and Prior Evidence

Overall Sonazoid CEUS outperformed conventional ultrasound in both qualitative and
quantitative analyses. The-improvement was greatestin-specificity, which is clirically
important because the major-limitation-of conventional ultrasround/ in this cohort was
false-positive classification. Sonazoid CEUS therefore .appears to refine rather than
duplicate morphological assessment: it helps distinguish nodes that look suspicious
because of reactive structural change’ from' those showing functional and
microenvironmental disruption compatibie with metastasis.
ANy
R
) Ta.

Direct co/m{ﬂariﬁon with earlier CEUS studies requires caution because many
investigatiypns,ﬁse/d blood-pool contrast agents, different phase definitions, different
qugllitative'/(:riteria, or mixed nodal populations. The present study contributes specific

evidence for Sonazoid and for lateral cervical lymph nodes in PTC. Its findings should

“not be extrapolated automatically to other contrast agents, primary tumors, or nodal

compartments.

5.4.5 Practical Constraints

Despite its diagnostic value, Sonazoid CEUS requires additional time, contrast
administration, trained operators, appropriate equipment, and consistent acquisition
protocols. Interpretation can still be affected by motion, small node size, depth, probe
pressure, and selection of the imaging plane. In institutions without Sonazoid
availability or CEUS expertise, quantitative conventional ultrasound and targeted FNA-

Tg may remain the more feasible pathway.
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Accordingly, Sonazoid CEUS is best positioned as a problem-solving and risk-
refining test for indeterminate or clinically consequential nodes, rather than an
obligatory examination for every patient. Its use should be guided by whether the

additional information is likely to alter sampling, surgical planning, or surveillance.

5.5 MULTIMODAL INTEGRATION AND DISCREPANT FINDINGS
5.5.1 Why Integration Outperformed Single-Modality Assessment

The superior performance of multimodal combinations is explained by
complementarity rather than simple accumulation of tests. Conventional ul:rrasOuﬁd
provides anatomy and morphology; Sonazoid CEUS_provides perfusion and', post-
vascular tissue behavior; and FNA-Tg provides biochemical corlﬁﬁnaiién. Because
each modality interrogates a different aspect of nodal pgthcﬁogy, concordant results
reduce uncertainty more effectively than repeated meastirements of the same biological

£ -

domain. > =
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The three-modality”” /é/o{ﬁlsi;lation achieved the highest observed AUC,
sensitivity, and /speciﬁéityf ﬁowever, several two-modality combinations also
performed extr’éfnely well, and their confidence intervals overlapped. The clinical
impli/caﬁz);f ,,is/ th;t diagnostic escalation should be selective. When two non-invasive

modalities are strongly concordant, the incremental benefit of aspiration may be small;

~“when imaging is discordant or when surgery carries major consequences, FNA-Tg may

provide decisive confirmation.

5.5.2 Diagnostic Synergy of Conventional Ultrasound, Sonazoid CEUS, and FNA-Tg

The present study strongly supports the concept that multimodal integration provides
greater diagnostic accuracy than any individual modality. This improvement is not
simply additive, but reflects genuine complementarity among conventional ultrasound,
Sonazoid CEUS, and FNA-Tg, each of which interrogates a different aspect of lateral
cervical lymph node pathology.
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All combined approaches outperformed the corresponding single-modality
strategies. The combination of US + FNA-Tg achieved a sensitivity of 0.928, a
specificity of 1.000, a Youden index of 0.928, and an AUC of 0.983, indicating strong
complementarity between morphology-based imaging and biochemical confirmation.
The combination of CEUS + FNA-Tg yielded a sensitivity of 0.976, a specificity of
0.989, a Youden index of 0.965, and an AUC of 0.988, suggesting that functional
contrast-enhanced imaging and biochemical evidence of thyroid tissue dissemination
reinforce one another effectively. Similarly, US + CEUS achieved a sensitivity of 0.976,
a specificity of 0.979, a Youden index of 0.955, and an AUC of 0.989, indicating that
integration of morphology-based and contrast-enhanced functional imaging alone

already provides near-optimal discrimination. e

e

The full combination of US+ CEUS + FNA-Tg produced tﬁe highest observed
point estimates, with a sensitivity of 0.988, a specificity of 0.989, a Youden index of
0.977, and an AUC of 0.993. Nevertheless, Tab}/e 4./3/2 of Chapter I'V shows that its AUC
was not significantly higher than those of US - j CEUS, CEUS + FNA-Tg, or US + FNA-
Tg. The result should therefore be {nterpreted as evidence of excellent discrimination
and biological complementari/ty}t;t;t not as proof that routine use of all three modalities
is statistically sqperi(;r ’tq eve;ry two-modality strategy.

s / ,
P . -
-

e Th/e/ synergy observed is not merely statistical, but conceptual. Conventional

| {ﬂtrasound identifies suspicious nodes anatomically, Sonazoid CEUS characterizes

“perfusion and tissue-level contrast behavior, and FNA-Tg confirms thyroid-origin
material biochemically. Together, these modalities generate a multidimensional
diagnostic profile that aligns more closely with the biological reality of metastatic
lymph node involvement than any isolated test. This interpretation is consistent with
previous evidence showing that CEUS combined with conventional ultrasound
improves preoperative nodal evaluation in papillary thyroid carcinoma, while FNA-Tg
adds high diagnostic accuracy as an adjunctive test (Zhang et al. 2020; Liu et al. 2022;
Yu et al. 2023).

This synergy is particularly valuable in clinically challenging scenarios. In

lymph nodes with equivocal morphological features, Sonazoid CEUS may reveal
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suspicious functional patterns that justify aspiration and biochemical confirmation.
Conversely, elevated FNA-Tg values in morphologically subtle nodes can be reinforced
by CEUS findings, thereby increasing diagnostic confidence and reducing both false-
negative and false-positive classification. Overall, the present study demonstrates that
triple-modality integration of conventional ultrasound, Sonazoid CEUS, and FNA-Tg
represents the most diagnostically robust strategy for preoperative evaluation of lateral

cervical lymph node metastasis.

5.5.3 Statistical Interpretation of the Comparative ROC Analysis

Tables 4.31 and 4.32 of Chapter IV add an important inferential layer to the deseriptive
AUC rankings by distinguishing statistically supported-improvements from merely
higher observed point estimates.-Because-the ROC-curves-were defived from the same
participants, the DeLong test appropriately accounted for thé correlation between paired
AUC estimates. This distinction is interpretaion: amumerically larger AUC does not by
itself establish superiority, particularly whefi_ p/e?jt)rmance is already close to the upper
boundary and confidence intervals averlap.
ANy
R
) Ta.

The quantitétivle approaches significantly outperformed their corresponding
qualitative/ asseésments for conventional ultrasound, FNA-Tg, and overall CEUS. The

gain for conventional ultrasound (AUC 0.914 versus 0.842; p < 0.001) was driven

mainly by the marked improvement in specificity obtained through structured scoring.

“This suggests that the principal contribution of quantification was not simply to detect

more abnormal nodes, but to reduce false-positive classification caused by subjective
overcalling of reactive or morphologically equivocal nodes. In clinical terms, this
improvement is relevant because false-positive lateral nodal diagnoses may expose

patients to unnecessary lateral neck dissection and its associated morbidity.

The improvement for quantitative FNA-Tg was smaller (AUC 0.953 versus
0.917; p = 0.0456). Although statistically significant, the p-value was close to the
conventional threshold, and the absolute difference in AUC was modest. This finding
should therefore be interpreted as refinement rather than transformation of diagnostic

performance. Qualitative FNA-Tg criteria already performed strongly, and quantitative
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thresholding added precision primarily in borderline values. The result also reinforces
the need to judge statistical significance together with confidence intervals, assay
variability, threshold transportability, and the clinical consequences of reclassifying a

small number of cases.

The largest absolute gain from quantification was observed for overall
Sonazoid CEUS (AUC 0.978 versus 0.910; p = 0.0001). This supports the view that
multiphase enhancement contains diagnostically relevant information that cannot be
fully captured by visual pattern labels alone. Quantitative integration can preserve
graded differences in perfusion, enhancement distribution, washout, and post-vascular
retention that would otherwise be compressed into broad qualitative categoriés‘/ The
magnitude of this improvement is biologically plausible because metastatic nodal
involvement is heterogeneous and may produce partial /rathéf/ than categorical

disruption of vascular and reticuloendothelial behavior. ol

e v
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Table 4.30 of Chapter IV also /demo/n;s/trva}es that integrated CEUS significantly
outperformed integrated conven‘;igne/lLultrasound (AUC 0.979 versus 0.914; p=10.0057).
This comparison provides dirgc; é\,;idence that the benefit of CEUS was not merely due
to adding another Séoﬁpg s\ystem. Rather, contrast-enhanced imaging contributed a
distinct fync’ti/oﬁejl domain beyond the morphology and Doppler vascularity available
erm”co/nvérItional ultrasound. The result supports diagnostic escalation to Sonazoid

" CEUS when conventional ultrasound leaves clinically important uncertainty, especially

“for nodes lacking highly specific structural signs.

By contrast, the three-modality combination did not significantly outperform
any of the high-performing two-modality combinations. The AUC gains over US +
CEUS, CEUS + FNA-Tg, and US + FNA-Tg were only 0.004, 0.005, and 0.010,
respectively, with DeLong p-values of 0.2849, 0.2769, and 0.2717. These findings
illustrate a ceiling effect: once two biologically complementary modalities have already
resolved most diagnostic uncertainty, the third modality may improve only a small
number of classifications. The absence of statistical significance does not prove
equivalence, but it does mean that superiority cannot be claimed from the present

sample.
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This ceiling effect has direct implications for clinical implementation. A three-
modality pathway may still be justified when the cost of a false-negative or false-
positive decision is particularly high, when two modalities are discordant, or when the
additional test is likely to change the planned extent of surgery. Conversely, routine
application of all three modalities to every suspicious node may yield limited additional
discrimination while increasing procedure time, invasiveness, cost, and patient burden.
The results therefore support a selective, stepwise strategy in which testing is escalated

according to residual uncertainty rather than a uniform maximal-testing approach.

Finally, very high AUC values should not be interpreted as evidence that the
combined diagnostic strategies are automatically ready for probability-based clinical
decisions. Discrimination-deseribes the ability to rank patients, whereas calibration

describes the agreement between predicted and observed _risk. Therefore, the

multimodal models can be described as having excellent®discrimination, while their

_~

absolute-risk calibration still requires prospective and external evaluation before

-

probability thresholds are used to determjnﬁ;ir@/‘éry.

-

554  Interpretation of Discordaice

vV

-

Discordant findings are not necessarily errors. Anode may have suspicious morphology
but benién y/ﬁostivascular retention because structural change precedes extensive

microenvironmental disruption. Conversely, a morphologically subtle node may show

~abnormal CEUS behavior because functional alteration occurs before obvious

enlargement or architectural distortion. FNA-Tg may be positive when cytology is

negative because biochemical material is detected despite inadequate cellular sampling.

A clinically useful multimodal framework should therefore treat discordance
as information requiring explanation. The pattern of disagreement can suggest the most
appropriate next step: repeat targeted aspiration, review of image acquisition, short-
interval surveillance, or surgical consideration based on the totality of evidence. A rigid

majority-vote approach would ignore the different biological meanings of the tests.
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5.5.5 Multimodal Diagnoses as a Foundation for Risk-Based Stratification and
Quantitative Modelling

The implications of multimodal diagnoses extend beyond improvement in diagnostic
accuracy alone. More fundamentally, the present findings support a transition from
binary diagnostic thinking toward probability-based risk stratification. Traditional
workflows for lateral cervical lymph node metastasis have largely categorized nodes as
either metastatic or non-metastatic. Although operationally convenient, this
dichotomous framework inadequately reflects the biological continuum of metastatic

progression and provides only limited support for nuanced clinical decision-making.

In reality, metastatic involvement of lateral cervical lymph nodes is rafely an
all-or-none phenomenon: Metastasis may evolve gradually from microscop/ic tumor foci
to partial infiltration and eventually extensive nodal replacement; acébmpanied by
dynamic changes in vascularity, stromal interaction, and" fn/icroenvironmental integrity
(Murata 2018). Within this context, multimodaLdiaénosés offer an important conceptual
advance. By integrating structural, functiorﬁj aﬂd biochemical information, it allows
clinicians to estimate the pr(&abiili:[;/of metastatic involvement rather than depending
on a single threshold or isofa:ceﬂ/crfferion. The progressive improvement observed from
single-modality IO/Ju;tl-modality and finally triple-modality combinations in the present

study strongly supports this model.

-

-

At the same time, the increasing complexity of multimodal data also exposes

Jthe limitations of purely qualitative integration. Even when multiple modalities are
available, interpretation may still depend heavily on expert judgement to weigh

structural, functional, and biochemical findings. This reliance on subjective synthesis

may reduce reproducibility, particularly in borderline cases. For this reason, multimodal

diagnoses naturally lead toward quantitative modelling approaches capable of

integrating heterogeneous data more systematically.

Radiomics represents a logical extension of this framework. By transforming
imaging data into high-dimensional quantitative features, radiomics can capture
intranodal heterogeneity, spatial organization, and intensity variation beyond visual

assessment. Ultrasound-based radiomics studies in papillary thyroid carcinoma have



200

shown that quantitative imaging models can predict both central and lateral cervical
lymph node metastasis, supporting the view that multimodal diagnoses are a practical

bridge toward more objective and reproducible risk modelling (Li et al. 2024).

In summary, the present study supports a coherent shift from isolated single-
modality testing toward integrated, probability-based multimodal assessment of lateral
cervical lymph node metastasis. This approach better reflects the biological reality of
metastatic evolution, improves flexibility in equivocal cases, and provides the practical
and conceptual foundation for subsequent quantitative modelling and radiomics-based
prediction.

-

5.6 RADIOMICS: PROMISING QUANTITATIVE SUPPORT, NbT YET A
REPLACEMENT FOR MULTIMODAL DIAGNOSIS

-

5.6.1 Modality-Dependent Model Performance L T

£ -

Radiomics performance varied substa}ntiaﬁib;; source image. The best test-cohort
model was the multilayer perceptr6n based on post-vascular-phase Sonazoid CEUS,
with an AUC of 0.882. This exCeeded the best models from grayscale ultrasound, color
Doppler flow 1mag1ng, ]arterlal -phase CEUS, and venous-phase CEUS. The ranking
supports the“interpretation that biologically stable and information-rich images provide
a stronger substrate for quantitative modelling.

The relatively good performance of grayscale and color Doppler radiomics
indicates that conventional images contain useful heterogeneity beyond visual
assessment. Nevertheless, their test performance remained below that of the best post-
vascular model, probably because grayscale morphology and Doppler flow are more
sensitive to acquisition angle, gain, compression, vessel detectability, and operator

technique.

The weaker venous-phase model is an important negative finding. It
demonstrates that adding a contrast-enhanced phase does not automatically improve
radiomics. When the biological signal is transient, overlapping, or technically variable,

high-dimensional feature extraction may amplify noise rather than reveal disease-
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specific structure. Reporting this limitation strengthens rather than weakens the study

because it prevents indiscriminate selection of imaging phases.
5.6.2 Why Radiomics Performance Fundamentally Depends on Imaging Biology

Although radiomics can extract large numbers of quantitative features from medical
images, its diagnostic performance is fundamentally determined by the biological
information encoded in the source images. Radiomics does not create new biological
signals; it only quantifies and reorganizes information that is already present in the
imaging data (Lambin et al. 2017). As a result, the success of any radiomics model
depends not only on analytical technique, but also on the biological relevance,/stability,
and reproducibility of the imaging modality from which the features are defi/\//ed (Gillies

etal. 2016). SN\ %

-
O
_~

This principle is highly relevant in lateral cervical lymph node assessment.
Metastatic involvement in papillary thyro/ d/cgrcmoma is associated with complex
biological changes, including partleﬂ tumor 1nﬁ1trat10n vascular remodeling, stromal
alteration, and disruption of n/ormal lymphoid and immune architecture (Scheckenbach
etal. 2017). Imagipgfnyogalit\ies/that incompletely reflect these processes will inevitably
limit the gisciriﬁlinative potential of radiomics, regardless of how sophisticated the
doyvnstr/e;irﬁ/modelling may be.

Conventional ultrasound provides a useful example. Its images are primarily
based on macroscopic structural contrast and therefore encode mainly morphological
information. Although radiomics can extract texture and intensity features from
grayscale ultrasound, these features remain derived from an imaging substrate that may
not change substantially in early or partial metastatic disease. Consequently, radiomics
models based solely on conventional ultrasound may show only moderate performance

when the biological changes are subtle (Coroller et al. 2017).

A similar limitation applies to early-phase contrast-enhanced ultrasound.
Arterial and venous phase images mainly reflect transient hemodynamic phenomena.

Features extracted from these phases may therefore be influenced by injection timing,
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systemic circulation, and physiological variability, which can reduce feature stability
and weaken model generalizability. In such cases, the limitation lies less in the
radiomics algorithm than in the instability of the underlying biological signal (Theek et
al. 2018; Jiang et al. 2020).

By contrast, imaging modalities that better encode tissue-level biology provide
a more suitable substrate for radiomics. In the present study, the post-vascular phase of
Sonazoid contrast-enhanced ultrasound was particularly advantageous because it
reflects tissue-related contrast retention rather than hemodynamic behavior alone. As
discussed in previous sections, this phase is more closely linked to lymphoid tissue
integrity, macrophage-associated retention, and microenvironmental disruption 'eeused
by metastatic infiltration./Radiomics analysis of such images is therefore more likely to
capture biologically meaningful heterogeneity rather than_ traneient “physiological

-

variation. P

_~
- p

This explains an important ﬁnc/iing&“jh;present thesis: radiomics performance
differs substantially across ultrasoﬁnd modalities and phases because the biological
informativeness of the soﬁrce“ 1mages differs. Increasing feature dimensionality or
model complex1ty dannolt compensate for weak biological input. On the contrary, when
the source images are biologically limited, more complex models may simply amplify

-

noise and ii/lcrease the risk of overfitting (Lambin et al. 2017).

This observation has broader implications for radiomics research. It suggests
that the critical first step in building clinically useful radiomics models is not algorithm
selection alone, but biologically informed image selection. Radiomics should be
preferentially applied to imaging phases and modalities that are stable, reproducible,
and closely linked to disease biology. In the context of the present study, this principle
strongly supports the use of Sonazoid post-vascular phase imaging as a more suitable

radiomics substrate than conventional ultrasound alone or transient early-phase CEUS.

In summary, radiomics performance is fundamentally dependent on imaging
biology. Its clinical value is determined by the quality and biological relevance of the

source images from which quantitative features are extracted. Recognizing this
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dependency is essential for interpreting radiomics results appropriately and for
developing robust, biologically meaningful models for lateral cervical lymph node

metastasis.

From a biological perspective, this pattern is understandable. The arterial phase
primarily reflects the arrival and early intranodal distribution of microbubbles and
therefore captures imaging correlates of tumor -associated angiogenesis, perfusion
asymmetry, and early vascular disorganization. Such alterations may generate
heterogeneous enhancement patterns that are difficult to quantify through visual
assessment alone but may be partially detectable by radiomics analysis. At the same
time, arterial-phase enhancement is intrinsically influenced by transient herpod}?némic
conditions, injection timing, and systéemic circulatory dynamics. Reactive or
inflammatory lymph mnodes may also exhibit increased artérial “perfusion or
heterogeneous enhancement, thereby creating overlap with metastatic nodes. These
factors likely explain why arterial-phase radio;nic/s/waé informative, yet insufficiently
stable for stronger standalone perfom/lance/ ﬁ\’@kisaka et al. 2019; Guo et al. 2021;
Zhang et al. 2023). !

Several{/fac‘t&’s }ma); account for this limitation. First, arterial-phase imaging
represents a f@picﬂ,y changing physiological state, and radiomics features extracted from
a single/ fré;me or narrow temporal window may not consistently represent the same
Biological substrate across patients. This temporal instability is likely to reduce feature

“reproducibility and model robustness. Second, arterial-phase CEUS remains influenced
by technical factors such as injection rate, precise acquisition timing, and subtle
differences in systemic hemodynamics. Third, ultrasound radiomics in general remains
vulnerable to variability in machine settings, image selection, and lesion segmentation.
These issues are consistent with broader radiomics methodology, in which model
performance depends strongly on the biological and technical robustness of the source
images rather than on algorithmic complexity alone (Theek et al. 2018; Zhou et al.

2021).

From a biological standpoint, these findings are understandable. The venous

phase represents a transitional imaging stage in which the observed phenotype is
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influenced by a mixture of residual perfusion, washout behavior, vascular permeability,
and circulation-related effects rather than by a single dominant pathological
characteristic. As a result, venous-phase heterogeneity may arise not only from
metastatic infiltration, but also from benign inflammatory hyperaemia, reactive vascular
change, or timing variation in image acquisition. Such overlap is likely to weaken the
specificity of extracted radiomics features and reduce the ability of venous-phase
models to distinguish metastatic from non-metastatic lymph nodes with high confidence

(Zhao et al. 2024).

Several broader considerations also arise from these findings. One important
limitation is temporal instability. Because the venous phase still represéﬁts a
dynamically changing physiological state; radiomics features extracted from a Single
frame or a narrow temporal window may not consistently reprgsent&he same biological
substrate across patients. In addition, ultrasound rqdiorflics remains vulnerable to
variation in acquisition conditions, including/méc/hiné settings, imaging angle, and
segmentation location. Such technical yariag'kdht‘};fnay further weaken the robustness of
venous-phase models. This ip,terf)getation is consistent with general radiomics
methodology, which emphagz/es/ ;that reproducibility of the source image strongly

influences downstréaﬁl model performance (Lambin et al. 2017).

e
-
-

e Th/e/ post-vascular phase of Sonazoid CEUS differs fundamentally from the

A —’

glrterial and venous phases in the type of information it encodes. Whereas early-phase
“imaging mainly reflects transient hemodynamic behavior and intravascular contrast
kinetics, the post-vascular phase provides relatively stable tissue-level information.
More specifically, Sonazoid produces a post-vascular phase because perfluorobutane
microbubbles can be taken up by phagocytic cells in reticuloendothelial tissue, resulting
in prolonged enhancement beyond the purely intravascular period. In lymph node
imaging, this delayed enhancement pattern has been associated with preservation or
disruption of nodal structure and with metastatic involvement. From a biological
standpoint, this distinction is highly important because it implies that post-vascular
phase imaging is more closely linked to tissue integrity and microenvironmental

alteration than to short-lived circulatory events alone (Xiao et al. 2023; Zhao et al. 2024).
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From the perspective of radiomics methodology, such biological stability is of
central importance. Radiomics studies and methodological reviews consistently
emphasize that stable source images are more likely to yield reproducible features,
lower noise levels, and models with stronger generalizability. Compared with arterial-
or venous-phase CEUS, the longer and more temporally stable acquisition window of
the post-vascular phase is therefore more likely to generate coherent feature
distributions across patients. This characteristic is particularly advantageous in
ultrasound-based radiomics, where feature reproducibility can otherwise be
compromised by hemodynamic fluctuation, timing inconsistency, and acquisition

variability (Lambin et al. 2012; Jiang et al. 2023).

-

An additional /important point 1s that post—vascular-phasé/ radiomics
outperformed all other ultrasound-based radiomics sources /evalﬁéted in the present
study. Its best test AUC of 0.882 exceeded that of cqnveﬁtional grayscale ultrasound
radiomics (0.830), CDFI radiomics (0.824), gt/rtefigl-phase CEUS radiomics (0.822),
and venous-phase CEUS radiomics (/0.696/K This ranking is highly informative. It
suggests that the effectiveness of mcﬁgmics depends heavily on the biological relevance
and temporal stability of the//@l;I%e images rather than on computational modelling
alone. Put differgntly,/thﬁ: sul;eriority of post-vascular-phase radiomics does not simply
indicate that gn;)r;e features or more complex algorithms were used more effectively;

rathef, it ‘indicates that this imaging phase contains more robust and more

pathophysiologically informative content for predicting metastatic status.

From a broader methodological perspective, the present findings reinforce the
principle that phase selection is crucial in CEUS-based radiomics. Not all contrast-
enhanced images are equally suitable for quantitative modelling, even when obtained
using the same contrast agent. The mere presence of contrast enhancement does not
guarantee that the resulting images will provide a stable or biologically specific basis
for radiomics analysis. Rather, the phase that most faithfully reflects durable tissue-level
properties is likely to yield the most robust and clinically meaningful quantitative
features. In this regard, the superiority of post-vascular-phase Sonazoid CEUS supports
prioritizing biologically stable imaging phases for ultrasound-based radiomics research

(Lambin et al. 2017; Wei et al. 2023).
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5.6.3 Feature Interpretation and Classifier Differences

The selected radiomics features represented first-order intensity, texture, dependence,
run-length, size-zone, neighbouring-tone, and shape characteristics. These features can
be interpreted as quantitative surrogates of heterogeneity, tissue organization, focal
defects, and nodal architecture. However, individual feature names should not be
equated directly with specific histopathological processes without correlative tissue

analysis. Their biological interpretation remains plausible but inferential.

Different classifiers performed best for different modalities. This does not
establish that one algorithm is universally superior. It suggests that classifiet
performance depends on-the-structure of-the feature-space, sample/sizé,jnois'e,/ and
nonlinear relationships..The-best-model-is-therefore-the mo@elfthét, gentralizes most

consistently for a given image substrate, not necessarily thé most complex algorithm.
A major challenge in radiomics r,es{argl@is /ensuring that extracted features and
predictive models remain biologiA(:a(l[y/inteerretable rather than functioning as purely
computational abstractions- /IT}’ létéral cervical lymph node evaluation, this issue is
particularly impqr;anf be]cauée ;cceptance of radiomics in clinical practice depends not
only on prgdigti/\//q performance, but also on whether the extracted imaging patterns can
be{plaus/il/)lgrlinked to known pathological processes. In the present study, the biological

relevance of radiomics features appeared closely related to the known microstructural

“and microenvironmental alterations associated with metastatic lymph node involvement

in papillary thyroid carcinoma.

Radiomics features are typically grouped into first-order statistics, shape
descriptors, and higher-order texture features. First-order features describe the overall
distribution of pixel intensities, whereas texture features derived from matrices such as
GLCM, GLRLM, GLDM, and GLSZM quantify spatial heterogeneity, local
dependence, and structural complexity within an image. In the context of lateral cervical
lymph nodes, such features are biologically plausible because metastatic infiltration is
often partial and spatially heterogeneous rather than uniformly distributed. Tumor

deposits, fibrosis, necrosis, altered vascularity, and disruption of normal lymphoid
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architecture may produce subtle intranodal heterogeneity that is difficult to recognize

visually but can be quantified computationally (Lambin et al. 2012, 2017).

This biological interpretability was reflected in the present study. In
conventional grayscale ultrasound radiomics, the retained features included first-order,
GLDM, and shape descriptors, suggesting that both internal signal heterogeneity and
structural configuration contributed to metastatic discrimination. In CDFI radiomics,
selected features were related not only to intensity and texture, but also to vascular
signal complexity, consistent with the known vascular abnormalities of metastatic
lymph nodes. In arterial- and venous-phase CEUS radiomics, retained features often
reflected intensity non-uniformity, run-length heterogeneity, and complexityy Wthh
may correspond to perfusion asymmetry ‘and contrast dlstrlbutlon 1rregular1ty Most
notably, post-vascular-phase Sonazoid CEUS radiomics showed h}gh importance of
features related to gray-level dependence and heter/ogen/eity, which is biologically
consistent with tissue-level disruption, uneven e/onfrgst retention, and alteration of nodal

microenvironment in metastatic nodes. - € - 5,
- -

-

//\\/
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These observations reinforce the view that radiomics features should not be
understood as arbrtrary] mathematrcal constructs. Rather, they act as quantitative
surrogates of blologlcally meaningful heterogeneity. Importantly, this does not require
each feature to correspond to a single pathological change. The biological value of
radiomics lies in the fact that combinations of features capture multiscale patterns
“produced by multiple interacting processes, including tumor infiltration, vascular
remodeling, immune-cell redistribution, and necrosis. This multivariate nature is

particularly appropriate for lateral cervical lymph node metastasis, which is itself

biologically heterogeneous and rarely expressed as a single uniform imaging phenotype.

The present findings also show that classifier performance must be interpreted
in relation to the biological quality of the extracted features rather than as an
independent indicator of algorithmic superiority. Different classifiers performed best in
different imaging modalities: ExtraTrees in grayscale ultrasound radiomics, AdaBoost
in CDFI radiomics, NaiveBayes in arterial-phase CEUS radiomics, Random Forest in

venous-phase CEUS radiomics, and MLP in post-vascular-phase CEUS radiomics. This
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pattern suggests that classifier success depended strongly on the statistical structure and
biological informativeness of the input data. Ensemble methods such as ExtraTrees and
AdaBoost appeared to provide robust baseline performance in heterogeneous but only
moderately informative image sources, whereas the multilayer perceptron showed the
greatest advantage when applied to post-vascular-phase radiomics, where the extracted

features appeared more stable and biologically meaningful.

This observation is important because it indicates that the best-performing
model is not necessarily the most complex one, but the one whose inductive bias is most
compatible with the structure of the radiomics feature space. When source images are
biologically rich and relatively stable, more flexible classifiers may successfully capture
complex nonlinear patterns.-Conversely, when source-images are bio/logi”c/zllly limited
or noisy, greater algorithmic complexity may not improve performance and may even
increase instability. Thus, the present study supports a C/Q;Itra/l principle of radiomics-
based modelling: classifier selection should be guidéd not by presumed algorithmic
superiority alone, but by compatibility Wit}ﬂj{e}io/logical and statistical properties of
the source imaging data (Lambin etal./2012;JGillies et al. 2016).

Hogoy!

Taken toge}her, these findings suggest that feature interpretability and classifier
performance are”(:iosely iinked. The extracted radiomics features derive their predictive
value frofﬁ/qﬁydeﬂ/ying biological heterogeneity, while the relative success of different

-

elassifiers depends on how effectively they can exploit these biologically grounded

_quantitative patterns. In this sense, the present results support a biologically informed

approach to radiomics, in which both feature extraction and classifier selection are
interpreted within the context of imaging biology rather than as purely technical

exercises.

5.6.4 Internal Validation and Risk of Overfitting

The use of feature reduction, ten-fold cross-validation, and a held-out test cohort
provided an important internal check against overfitting. The separation between
training and test performance was nevertheless evident for some models, indicating that
optimism remained possible. This is expected in a high-dimensional study with a

modest sample size, especially when multiple modalities and classifiers are compared.
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The test cohort should not be described as external validation because it was
drawn from the same institution, population, equipment environment, and acquisition
protocol as the training cohort. It provides internal hold-out validation. True external
validation requires independent patients from another time period, institution, operator
group, or equipment platform. This distinction directly addresses the reviewers’ concern

regarding generalizability.

Decision curve analysis added clinically relevant information by estimating net
benefit across threshold probabilities. In the latest comparative analysis, no single
radiomics model was uniformly dominant across the full threshold range, and the curves
crossed in both cohorts. The post-vascular-phase CEUS MLP model - s’hbwed
comparatively favorable net benefit over portions of the test-cohort threshold rangé, but
instability at higher thresholds limits claims of universal superiofity. These findings
indicate that the preferred model may depend on the glinic/al action threshold and that
apparent advantages at extreme thresholds sh/oulﬂ/be’interpreted cautiously because

they are supported by few observations/. A aD

-

P >

A critical requirenfen/t/ﬁo/r ;the clinical translation of radiomics-based models is

robust validation and dqmor\lstrated generalizability. High apparent performance in a
training cohort d@{es not necessarily imply reliable performance in independent datasets,
particulélrlg “in radiomics studies characterized by high-dimensional features and
;elatively limited sample sizes (Gillies et al. 2016; Lambin et al. 2017). For this reason,
“the present study emphasized not only model discrimination but also stability across

validation layers and indicators of potential clinical reliability.

In the present work, radiomics models were evaluated using both internal
cross-validation and an independent test cohort. This approach is important because
cross-validation provides an estimate of how model performance varies across repeated
data partitions, whereas an independent test cohort offers a more stringent
approximation of real-world application. Models that maintained broadly consistent
performance across these validation layers were therefore considered more reliable than
those exhibiting substantial performance degradation between training and testing. This

distinction was particularly relevant in the present study, where some models showed
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strong apparent discrimination in the training cohort but noticeably weaker performance

in the test cohort, suggesting that not all radiomics signatures were equally generalizable.

The contrast between different imaging substrates was especially informative.
Conventional grayscale ultrasound and CDFI radiomics showed moderate predictive
performance but also some reduction in test-cohort discrimination, indicating limited
robustness. Arterial-phase CEUS radiomics demonstrated measurable value but an
unstable relationship between training and test performance, suggesting sensitivity to
sample distribution and reduced model stability. Venous-phase CEUS radiomics
performed less well overall and showed limited specificity, further weakening its
suitability as a standalone substrate. By contrast, post-vascular-phase Sonagoid"CEUS
radiomics showed the most favorable balance between discrimination/and/consiSt/ency,
with the MLP model achieving relatively stable performance across ’t/he training and test
cohorts. This pattern strongly supports the view that mgdel\/generalizability depends not
only on classifier design, but also on the biological stability of the source image.

CAaD

Beyond AUC and accuracf, clinical reliability also depends on the pattern of
classification errors. In the ceﬁtext of lateral cervical lymph node evaluation, false-
negative predlctlons may contrlbute to undertreatment and persistent disease, whereas
false- pos1t1ve predlctlons may lead to unnecessary lateral neck dissection and avoidable
morb1d1ty For this reason, confusion matrix analysis is particularly relevant. It allows
;nodel performance to be interpreted not simply as a statistical summary, but in terms

“of clinically meaningful misclassification behavior. In the present study, some models
achieved high sensitivity at the expense of specificity, whereas others showed the

opposite pattern. This reinforces the importance of evaluating radiomics models in

relation to intended clinical use rather than relying on discrimination metrics alone.

Decision curve analysis (DCA) provided an additional layer of clinically
relevant validation. Unlike purely statistical measures, DCA assesses whether a model
offers net clinical benefit across a range of threshold probabilities relative to treat-all or
treat-none strategies (Vickers and Elkin 2006). In the present study, the inclusion of
DCA demonstrated that several radiomics models had potential practical utility despite

differences in AUC. This is important because models with similar discrimination may
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differ substantially in their usefulness for decision-making. In preoperative assessment
of lateral cervical lymph node metastasis, where management decisions must balance
oncologic adequacy against procedural morbidity, net clinical benefit is a particularly

meaningful criterion.

At the same time, the present findings indicate that even the best-performing
radiomics models should be interpreted cautiously in translational terms. Although post-
vascular-phase radiomics showed the strongest performance among all radiomics
approaches, it did not exceed the best multimodal conventional diagnostic combination,
which incorporated conventional ultrasound, Sonazoid CEUS, and FNA-Tg. This
comparison has important clinical implications. It suggests that radiomics, /eveﬁ,\;vheh
derived from the most_biologically informative imaging substrate, is C{Jrrently/ best
regarded as an adjunctive quantitative layer rather thana rep/l,acerriént for multimodal
diagnostic integration. Its strength lies in refining risk e/st'rmz/ltion, improving objectivity,
and quantifying heterogeneity, but not ir}/ superseding the combined use of

morphological, functional, and biocherpieaﬁvi&nce.

-

: o A1 — N
Another important dimension of clinical reliability is calibration, namely the
agreement betwgerrp/redﬁcted probabilities and observed outcomes. The latest analysis
included calibration curves for the best-performing model from each imaging modality.

In the training cohort, observed event proportions generally increased with predicted

risk, but all curves showed some departure from the 45-degree reference line. The test-

“cohort curves were more irregular and showed modality-specific underestimation and

overestimation across probability intervals. Consequently, none of the models
demonstrated perfect calibration across the full risk range. Because the test cohort
contained only 36 cases and numerical indices such as calibration intercept, calibration
slope, and Brier score were unavailable, the calibration findings should be considered

descriptive rather than definitive.

Overall, the validation framework used in the present study—including cross-
validation, independent test-cohort assessment, confusion matrix analysis, and decision
curve analysis—provides a stronger basis for judging model credibility than reliance on

training performance alone. The results suggest that generalizability and clinical
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reliability vary substantially across imaging phases and radiomics substrates, and that
these differences are closely linked to biological image stability. This reinforces the
broader conclusion of the present thesis: radiomics models are clinically most promising
when built upon imaging phases that encode stable and biologically relevant tissue

information.
a. Comparative Generalizability of the Best-Performing Radiomics Models

Table 4.38 of Chapter IV is particularly informative because it places test-cohort
discrimination beside training performance and therefore exposes the degree of model
stability that would be hidden by reporting only the best AUC. The table shows that the
ranking of models cannot-be-interpreted solely from their test AUCs; the tfa}/in-tes't/ gap,
confidence interval width;-and-direction-of performance chan/gef are equally important

indicators of generalizability. -

The ExtraTrees model based on cofy yéﬁjoﬁal grayscale ultrasound achieved a
training AUC of 0.927 and a test AUC of 0. 830 corresponding to a reduction of 0.097.
This represents acceptable ’@}t clearly diminished test discrimination. The gap is
compatible w1th/medera]te overﬁttlng, which is plausible because tree ensembles can
model cor/rlplgx jpteractions among radiomics features but may also learn sample-
spgciﬁc/ /pértitioning patterns. Nevertheless, the test AUC remained -clinically

meaningful, suggesting that conventional grayscale images contain reproducible

“structural information, albeit insufficient to support highly accurate standalone

prediction.

The CDFI AdaBoost model showed a somewhat smaller train-test decline,
from 0.899 to 0.824, but the test confidence interval was wide. Its performance indicates
that vascular texture contributes complementary information, while also highlighting
the instability of Doppler-derived radiomics. CDFI is sensitive to gain, pulse repetition
frequency, wall-filter settings, probe pressure, and low-flow detectability. Thus, a
moderate generalization gap may arise not only from statistical overfitting but also from

variation in the physical acquisition of the vascular signal.
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The arterial-phase Naive Bayes model displayed the opposite pattern, with a
lower training AUC of 0.664 but a higher test AUC of 0.822. Such an increase should
not be interpreted as evidence that the model performs better in unseen populations. In
a small held-out cohort, differences in case mix, class balance, lesion difficulty, and
random partitioning can produce an apparently favorable test estimate. The wide
confidence interval further supports sampling variability as the most likely explanation.
This finding underlines why a single split should be supplemented by repeated

resampling, nested cross-validation, or external validation.

The venous-phase Random Forest model showed the largest deterioration,
from a training AUC of 0.936 to a test AUC of 0.701, a gap of 0.235. This cgmbinétioh
of excellent apparent training performance and weak test discrimination is a classic
warning sign of overfitting and limited transportability. It is_also ’/consi/stent with the
biological and temporal ambiguity of the venous phase; in which residual perfusion,
washout, vascular permeability, and inﬂammatgyhype’raemia may overlap. The model
may therefore have captured unstable or ed((zi/t:;peciﬁc feature interactions rather than

-

a robust metastatic phenotype. . |

-

- v A
B

The pos/t-,vasfcullzlr-p\}lase MLP model produced the highest observed test AUC
of O.882,/cofnp;1r;cd with a training AUC of 0.821. The positive train-test difference of
0.06T, l/ike/that of the arterial-phase model, is most plausibly explained by sampling
;/ariability rather than a true improvement in external performance. Even so, its ranking

“is biologically coherent because the post-vascular phase offers a longer, more stable
acquisition window and reflects tissue retention and reticuloendothelial disruption
rather than transient circulation alone. The result therefore identifies post-vascular
imaging as the most promising radiomics substrate in this dataset, while not establishing

statistical superiority over the other models.

The overlapping and relatively wide test-cohort confidence intervals are
critical to this interpretation. Although the point estimate for the post-vascular-phase
MLP model was the highest, pairwise DeL.ong comparisons among the five selected
radiomics models in both the training and test cohorts. These comparisons did not

support a simple conclusion that the numerically highest test AUC represented
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definitive superiority. For example, the grayscale-ultrasound ExtraTrees and CDFI
AdaBoost models were not significantly different in either cohort. Given the small test
sample, overlapping confidence intervals, and multiple pairwise tests, the appropriate
conclusion remains that the post-vascular-phase MLP model had the highest observed

internal test AUC, not that it was conclusively superior to all other models.

Decision curve analysis suggested potential net benefit for selected models
over portions of the evaluated threshold range, but the benefit was model- and
threshold-dependent. Calibration curves further showed deviations from perfect
agreement, especially in the small test cohort. Thus, discrimination, calibration, and net
benefit should be interpreted together: a model may rank patients effegt'wély yet
misestimate absolute risk; and a model with favorable net benefit at one tl;r/eshold/may
not remain preferable at'another. These findings support cautiQuS’cliﬁical}:ﬁositioning of

radiomics as an adjunct rather than a stand-alone detergnina}lt of lateral neck dissection.

- p

Collectively, Table 4.38 of C}}apter/ﬁifvfi;idicates that model performance was
determined by the interaction betwe/en imaging biology, acquisition stability, classifier
behavior, and sample Va.rlatleﬁ /I*; also demonstrates why the development process
should not select a/modpl uolely because it has the highest training AUC or even the
highest single tegt AUC. A clinically credible model should show stable performance
across r/esa;n/pling procedures, acceptable calibration, consistent net benefit, robustness

to segmentation and equipment variation, and successful validation in an independent

“population.
b. Pairwise DeLong Comparisons Across the Selected Radiomics Models

The pairwise DeLong heatmaps in Figure 4.57 of Chapter IV provide an inferential
complement to the descriptive ranking of the five modality-specific models. Although
the post-vascular-phase CEUS MLP model achieved the highest observed test AUC,
broad and overlapping confidence intervals indicate that the numerical ranking alone
cannot establish superiority. The grayscale-ultrasound ExtraTrees and CDFI AdaBoost
models, for example, were not significantly different in either the training cohort (p =

0.655) or the test cohort (p = 0.720). This supports the interpretation that several
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modalities may provide broadly comparable discrimination within the precision

permitted by the available sample.

The matrices also contain lower p-values for some comparisons, but these
should be interpreted in the context of multiple pairwise testing, wide confidence
intervals, and a test cohort of only 36 cases. Without adjustment for multiplicity, isolated
p-values below 0.05 may overstate the strength of evidence. Moreover, statistical
significance does not necessarily imply a clinically important difference. A small AUC
difference may have little effect on the number of patients reclassified or on surgical
decisions, whereas a larger difference may still be uncertain when confidence intervals
are wide. The DeLong results therefore reinforce the need to integrate effect size,
precision, calibration, and-deciston-curve findings rather than selecting a fr/l/odel solely

from its rank order. . O\~

-
O
_~

c. Interpretation of Comparative Decision Curve Analysis

£ -

Figure 4.58 of Chapter IV compares the net b/engﬁt of the five selected models against
treat-all and treat-none stratggiégih‘the training and test cohorts. The absence of a
uniformly dominant curye /is c/l'i/ni(;ally informative. It indicates that the relative value
of a model chqﬁg/es with the threshold probability at which a clinician would
recommenid ”/ftl'rtlfér invasive assessment or lateral neck dissection. At lower thresholds,
avbfciing missed metastasis may be prioritized; at higher thresholds, avoiding

unnecessary treatment becomes more important. Consequently, the same model need

not be optimal across all decision contexts.

The comparatively favorable test-cohort net benefit of the post-vascular-phase
CEUS MLP model over portions of the threshold range is consistent with its higher
observed AUC, but the crossed and unstable curves caution against describing it as
universally superior. At extreme thresholds, few patients contribute to the calculation,
making net-benefit estimates highly sensitive to individual classification errors. DCA
should therefore be viewed as evidence of potential clinical usefulness under selected
conditions, not proof that implementation will improve patient outcomes. Prospective
impact studies are needed to determine whether model-assisted decisions actually

reduce unnecessary aspiration or surgery without increasing missed metastasis.
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d. Interpretation of Calibration Curves

The calibration curves in Figure 4.59 of Chapter IV address a question that cannot be
answered by AUC alone: whether predicted probabilities correspond to the observed
frequency of metastasis. Curves above the diagonal indicate underestimation of risk,
whereas curves below the diagonal indicate overestimation. In the training cohort, the
five models generally preserved an increasing relationship between predicted
probability and observed metastasis, but departures from the ideal diagonal remained.
In the test cohort, the curves were more irregular, indicating that the absolute

probabilities were less stable when applied to unseen cases.

-

This pattern is eompatible with™ the small-test sample, /moﬂ/él-sele/ction
variability, and possible-overfitting.-It-also-explains-why a model with acceptable
discrimination may still be unsuitable for direct threﬁhoLd'-based treatment decisions.
For example, systematic overestimation could /increase/unnecessary aspiration or neck
dissection, whereas underestimation could’d délﬁj c/onﬁrmation of metastatic disease.

e

e
Because calibration was assessed viSually and numerical measures such as calibration

intercept, slope, and Brier score )v&;ere not reported, no model should be described as
well calibrated./ Eutﬁfel Val\ida?ion should quantify these indices, apply bootstrap
correction w@erez/ appropriate, and perform recalibration before fixed probability
th(eshofd/s are transferred to another institution.

-

“5.6.5 Clinical Positioning of Radiomics

The best radiomics model did not surpass the highest-performing multimodal diagnostic
combination. Radiomics should therefore be positioned as an adjunctive decision-
support method rather than a replacement for expert imaging and targeted biochemical
testing. Its potential advantages are objectivity, repeatability, and the ability to quantify
subtle heterogeneity; its current disadvantages include segmentation burden,
dependence on acquisition standardization, limited interpretability, and uncertain

transportability.
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A realistic translational role would be automated or semi-automated risk
estimation integrated into the ultrasound workstation after a node has been detected and
segmented. The output could support prioritization for CEUS or aspiration, highlight
cases requiring expert review, or provide a second opinion in centers with limited
subspecialty experience. Such use requires prospective workflow studies rather than

retrospective performance comparisons alone.

The integration of radiomics into a multimodal diagnostic framework
represents the logical culmination of the methodological strategy adopted in the present
study. Rather than functioning as an isolated computational technique, radiomics is
more appropriately understood as a quantitative component within a strlefured
diagnostic pathway that”integrates morphological imaging, functional assesSrﬁent,
biochemical confirmation, and predictive modelling. In this coptext;radiémics does not
replace established diagnostic approaches; instead, 4t serves as a quantitative
augmentation layer that enhances the ipterb;etaﬁon and standardization of

complementary diagnostic infomation/(Lafr{bintét al. 2012, 2017).

-

//\\/

RN

A central ﬁndlng of, 4’he present study was that radiomics performance was
strongly modahty:depen’dent Among the five evaluated imaging modalities, the best
overall dlagnos‘uc performance was achieved by radiomics models derived from post-
Vaseular—phase Sonazoid contrast-enhanced ultrasound, followed by models based on
;onventional grayscale ultrasound, color Doppler flow imaging, arterial-phase CEUS,

“and venous-phase CEUS. This ranking reinforces a key principle of the present thesis:
the predictive value of radiomics is constrained not only by computational modelling
strategy, but also by the biological relevance and stability of the source images. This
interpretation is consistent with radiomics methodology literature showing that image

quality, feature robustness, and modelling strategy act together to determine predictive

performance (Lambin et al. 2017).

At the same time, even the best-performing radiomics model did not exceed
the diagnostic performance of the strongest multimodal conventional combination
identified in the present study. The combined model integrating conventional ultrasound,

Sonazoid CEUS, and FNA-Tg achieved substantially higher diagnostic performance
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than any single radiomics model alone. This finding indicates that radiomics should
presently be regarded not as a replacement for multimodal diagnostic evaluation, but as
an adjunctive quantitative tool capable of refining risk stratification, reducing
subjectivity, and quantifying subtle intranodal heterogeneity. This positioning is also
supported by recent multimodal ultrasound radiomics studies in papillary thyroid
carcinoma, which suggest that radiomics is most valuable when incorporated into

broader integrated prediction frameworks rather than used in isolation (Dai et al. 2023).

From a translational perspective, the most promising role of radiomics lies in
its incorporation into multimodal prediction frameworks. By converting imaging
heterogeneity into numerical features, radiomics provides a bridge betvgeen"‘yfisual
imaging phenotype and ebjective risk estimation. When integrated with conventional
ultrasound findings, CEUS characteristics, biochemical markers: su;:h as FNA-Tg, and
relevant clinical variables, radiomics may contribute to.a more individualized and
biologically informed assessment of lateral ce;vicél lyfnph node metastasis. However,
meaningful clinical translation will mqﬁEejfuﬂher methodological refinement,
including standardization of i;nag/e/ acquisition and preprocessing, robust feature
selection, and validation ac“r(gs‘ /ir/ld\ependent external cohorts (Lambin et al. 2017; Dai

o

ctal. 2023). .- |

e
-
-

.~ Another important translational issue is clinical reliability. High apparent

A —’

-

model performance in a training cohort is insufficient if it does not generalize across
“different datasets or provide meaningful decision-level benefit. For this reason, model
evaluation must extend beyond discrimination alone to include independent testing,
clinically interpretable error patterns, and decision-analytic assessment. Decision curve
analysis is particularly relevant in this setting because it evaluates whether a prediction
model provides net clinical benefit compared with treat-all or treat-none strategies,
which is directly applicable to preoperative management of lateral cervical lymph nodes
(Vickers and Elkin 2006; Wei et al. 2023). In the present study, the incorporation of
cross-validation, independent test-cohort evaluation, confusion matrix analysis, and
decision curve analysis therefore strengthened the translational credibility of the

proposed radiomics models (Steyerberg et al. 2010; Xue et al. 2023).
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5.7 TRANSPORTABILITY AND CLINICAL INTERPRETATION

The present findings were derived from a single-center cohort using locally defined
acquisition protocols, Sonazoid phase selection, FNA-Tg procedures, and analytical
workflows. Accordingly, their transportability cannot be assumed from internal
performance alone. Differences in ultrasound systems, operator experience, contrast
administration, laboratory assays, patient spectrum, and reference standards may alter
both conventional diagnostic thresholds and radiomics performance. This limitation is
particularly relevant to the FNA-Tg cut-off and to models based on post-vascular-phase

images, because both depend on technical standardization.

-

This external-validity-boundary de¢s not negate-the observed diagnostic value;
rather, it defines how the-results-should-be-interpreted. Qonvéhtiona’l ultrasound,
Sonazoid CEUS, FNA-Tg, and radiomics showed complementary strengths within the
study setting, but the present data support /clioical plausibility and internal
discrimination rather than universal 1mp1err/ mat/on The discussion therefore positions
the framework as a carefully quahﬁed mterpretatlon of the evidence, while

consolidating the limitations and proposed clinical pathway.
-

~\\ |



CHAPTER VI
CONCLUSION AND RECOMMENDATIONS

6.1 SUMMARY OF THE STUDY

-

This study investigated a multimodal and quantitatively oriented framewprk'fof the
preoperative prediction_of lateral cervical lymph node metastasis (LLNMS in papillary
thyroid carcinoma (PTC). A total of 178 patients were evaluated ’using/ conventional
ultrasound, Sonazoid contrast-enhanced ultrasound (CE{/JS), fine-needle aspiration
cytology (FNA-C), fine-needle aspiration thyro/globﬁlin (FNA-Tg), and radiomics
derived from conventional grayscale 11/Itras€5nc? color Doppler flow imaging (CDFI),
and the arterial, venous, and ,peyst:yascu‘lar phases of Sonazoid CEUS. The study
examined the diagnostic «Vafllg/ QE ¢ach method, compared qualitative and quantitative
interpretation, agses(sgd the incremental value of multimodal integration, and evaluated
the discr/imfnaﬁcjh, calibration, and potential clinical utility of modality-specific
radiomics f/rl'bdels.

The findings demonstrated a consistent progression from subjective
morphology towards structured quantification and multimodal integration.
Conventional ultrasound remained the essential first-line examination for cervical
mapping, anatomical localization, and selection of lymph nodes for further assessment.
Quantitative scoring improved discrimination compared with qualitative interpretation,
although morphology-based imaging retained an inherent diagnostic ceiling because

reactive and metastatic lymph nodes may share overlapping features.

FNA-Tg provided strong biochemical confirmation of thyroid-derived material
within the sampled lymph node. Quantitative FNA-Tg achieved excellent

discrimination at the cohort-derived cut-off of 9.10 ng/mL, but this value should be
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interpreted as locally derived rather than universally transferable because assay
platform, washout technique, serum thyroglobulin, anti-thyroglobulin antibodies,

thyroid status, and patient spectrum may alter the optimal threshold.

Sonazoid CEUS added functional and tissue-level information beyond
conventional ultrasound. Quantitative interpretation generally outperformed qualitative
assessment, and integrated Sonazoid CEUS significantly outperformed integrated
conventional ultrasound. Among the CEUS phases, the post-vascular phase provided
the most biologically informative and temporally stable imaging window, supporting its
value for both visual interpretation and radiomics analysis.

-

Multimodal integration produced the highest observed diagnostic I;erforménce.
The combination of conventional ultrasound, Sonazoid CEUS, anci FNA¥Tg achieved
an AUC of 0.993. However, pairwise Del.ong testing/shov/ved that this three-modality
combination did not significantly outperform I/JS +CEUS, CEUS + FNA-Tg, or US +
FNA-Tg (p =0.2849, p = 0.2769, and p = 0i2:7 E, respectively). It should therefore be
described as having the highest gb§e§\ged discrimination rather than as being statistically

. . LY L !
superior to all high-performing two-modality alternatives.

-
-

l
The radiomics analysis further showed that model performance depended

strongl}; oh/ the biological and technical quality of the source images. Among the five
| ;nodality-speciﬁc best-performing models, the post-vascular-phase Sonazoid CEUS
“multilayer perceptron model (MLP) achieved the highest observed test-cohort AUC of
0.882, followed by grayscale-ultrasound ExtraTrees, CDFI AdaBoost, arterial-phase
CEUS Naive Bayes, and venous-phase CEUS Random Forest. Pairwise DelLong
comparisons showed that the numerical ranking did not establish universal statistical

superiority, particularly given overlapping confidence intervals, multiple comparisons,

and the small test cohort of 36 cases.

Decision curve analysis indicated that several radiomics models provided
potential net clinical benefit over selected threshold ranges, but no model was uniformly
dominant across all thresholds. Calibration curves showed departures from the ideal 45-

degree line, with greater irregularity in the test cohort and modality-specific
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underestimation and overestimation of risk. Because calibration was assessed visually
and calibration intercept, calibration slope, and Brier score were not available, none of
the models should be described as well calibrated. These findings position radiomics as
a promising adjunctive risk-refinement tool rather than a validated replacement for

multimodal clinical assessment.

6.2 OVERALL CONCLUSIONS

First, conventional ultrasound remains indispensable as the entry point for preoperative
lateral neck assessment. Quantitative scoring improves objectivity and specificity, but

does not eliminate the limitations of morphology- and Doppler-based evaluation: -

e

Second, Sonazoid-CEUS-provides-clinically-relevant information beyond
conventional ultrasound. Its post-vascular phase is particularly valuable because it
reflects tissue-level contrast behavior and provides the-most promising source images

for ultrasound radiomics. £

¢ -
«

P

Third, FNA-Tg is- a hiéﬁly effective biochemical adjunct, especially when
) Ta.
cytology is non;diégn]ostic or imaging findings are equivocal. Its numerical

interpretation shogld remain assay- and context-specific.

€ s

-

Fourth, the most accurate observed assessment was achieved through
“multimodal integration of structural, functional, and biochemical information.
Nevertheless, the lack of significant DeLong differences between the three-modality
model and the best two-modality combinations supports selective diagnostic escalation

rather than routine maximal testing for every suspicious lymph node.

Fifth, radiomics adds quantitative information beyond visual interpretation, but
its apparent performance must be judged using discrimination, calibration, decision-
curve findings, error patterns, and transportability together. Post-vascular-phase
Sonazoid CEUS is the most promising radiomics substrate in the present study, but the
models require external validation and recalibration before probability-based clinical

decisions.
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Overall, LLNM in PTC should be approached as a multidimensional diagnostic
problem. The most defensible current strategy is a biologically informed and risk-
adapted framework in which conventional ultrasound provides structural mapping,
Sonazoid CEUS supplies functional and post-vascular characterisation, FNA-Tg offers
targeted biochemical confirmation, and radiomics provides optional quantitative

refinement.
6.3 CONTRIBUTIONS OF THE STUDY

The principal clinical contribution of this study is the establishment of a stepwise,
compartment-specific diagnostic framework for lateral cervical lymph nodes in PTC:
Rather than proposing that-every patientundergo every-test, the frame\%{(/)rk assigns
complementary roles to-conventional-ultrasound, Sonazoiq CEUS, FNA-Tg, and
radiomics according to residual diagnostic uncertaillty/aﬁd the consequences of an

incorrect decision. %

// -
PN,

Methodologically, the study demonstrates the value of structured quantitative

interpretation across severdl dfafgnostic domains. It also shows that radiomics
A Ta.
performance depends’ no}t only on classifier selection, but more fundamentally on the

biological /relcVénpe, temporal stability, and reproducibility of the source images.

€ s

-

Scientifically, the study identifies the post-vascular phase of Sonazoid CEUS
“as the most informative phase for both conventional assessment and radiomics. The
concordance between post-vascular visual performance and post-vascular radiomics

performance provides biologically plausible internal consistency.

A further contribution is the balanced statistical interpretation of high-
performing models. By incorporating pairwise DeLong comparisons, DCA, and
calibration curves, the study distinguishes numerical ranking from statistical superiority,
discrimination from absolute-risk accuracy, and potential net benefit from demonstrated

clinical impact.
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6.4 PROPOSED CLINICAL INTEGRATION

The proposed framework can be incorporated into current practice as a staged pathway.
Conventional ultrasound should remain the first step for systematic cervical mapping
and initial risk stratification. Structured scoring may be used to reduce interpretative

variability while preserving expert visual assessment.

Sonazoid CEUS should be considered for suspicious or indeterminate nodes
when additional functional information could alter the decision to perform aspiration or
lateral neck dissection. Interpretation should include arterial and venous behavior but

should place particular emphasis on post-vascular-phase findings.

-

e

When pathological -confirmation-is-requiredfor a maﬁagem’ent-changing
decision, targeted FNA-C and FNA-Tg should be obtained together where feasible.
FNA-Tg should be interpreted using locally validated fa’ooratory procedures rather than
by automatic transfer of the 9.10 ng/mL c,uﬂ)/ng o/ther institutions.

L
-

P

Concordant high-rislf/f{rfkﬁngs across ultrasound, Sonazoid CEUS, and FNA-
Tg provide the s/‘Frg)ngeSt]basi\s fGr multidisciplinary consideration of therapeutic lateral
neck disse/cticzn. yvhen findings are discordant, the clinical team should review image
quality,/ ;a}npling adequacy, nodal level, primary-tumor status, and the relative

consequences of false-negative and false-positive decisions.

Radiomics should currently be limited to decision support in research-capable
or specialist centers. Its output may assist prioritization, second review, or risk
refinement, but fixed probability thresholds should not be used until external validation

and recalibration confirm reliable performance.

6.5 LIMITATIONS OF THE STUDY

The principal limitation is a single-center design. Referral patterns, operator expertise,
equipment, contrast protocols, laboratory assays, and local clinical practice may have

influenced the observed performance and limit direct generalization to other institutions.
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External validation was not performed. Although the radiomics models were
evaluated in a held-out test cohort, this internal split cannot reproduce interinstitutional
differences in scanners, acquisition settings, segmentation, patient spectrum, and
reference standards. The test cohort contained only 36 cases, which also contributed to

wide confidence intervals, unstable decision curves, and irregular calibration patterns.

The final reference classification combined surgical histopathology with
follow-up for patients who did not undergo surgery. This approach reflects ethical
clinical practice, but the two pathways do not provide identical certainty and may

introduce verification or classification bias.

-

The quantitative ultrasound and CEUS scoring systems were dévelopéd and
evaluated within the 'same institutional environment.  Their ’;[hreshqolds require
interobserver, interequipment, and external reproduci/bihtg,// assessment. Similarly, the
FNA-Tg threshold is dependent on assay and /sarﬁgling procedures and requires local

verification. —CA >,
< -

P >

o 90 1 . .
The radiomics workflowsrclied on manual or semi-manual segmentation and a
specific preprocﬁessiﬁg pipeline. Scanner effects, segmentation variability, feature-
selection choices, and comparison of multiple classifiers increase the risk of overfitting

-

and O'ptimiystic model selection.

Calibration evaluation was descriptive. Numerical measures such as
calibration intercept, calibration slope, and Brier score were not available, and no
recalibration analysis was performed. Therefore, the predicted probabilities should not

yet be used as absolute risk estimates for treatment thresholds.

Finally, the study evaluated diagnostic performance and potential net benefit
rather than actual changes in patient outcomes. Prospective evidence is required to
determine whether the proposed framework reduces unnecessary aspiration or surgery,

prevents missed metastasis, improves surgical planning, and is cost-effective.
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6.6 RECOMMENDATIONS FOR FUTURE RESEARCH

The highest research priority is a prospective multicenter validation study using
prespecified ultrasound, Sonazoid CEUS, FNA-Tg, segmentation, and analytical
protocols. Such a study should include an independent external test cohort and represent

different ultrasound systems, operators, laboratories, and patient populations.

Future model evaluation should report discrimination together with calibration
intercept, calibration slope, Brier score, confidence intervals, and decision curve
analysis. Bootstrap correction and formal recalibration should be performed before

probability thresholds are transferred to another center.

-

e

Radiomics research-should-prioritize post-vascularfphaSé,, Sonazoid CEUS
while testing feature reproducibility, scanner harmoniZation, test-retest stability,
automated segmentation, and transparent model explanation. Comparisons with simpler

clinical models are necessary to establish ﬂyiﬁj incremental value.

L
-
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Future implementaﬁ&é gﬁldies should evaluate the entire staged diagnostic
pathway rather th@nﬁcm]lracif al/one. Outcomes should include biopsy selection, extent
of surgery?/unyéé/e/ssary lateral neck dissection, reoperation, complications, surveillance
burden,/C/C)'s/t—effectiveness, clinician confidence, and patient-reported outcomes.

The three-modality strategy should be studied selectively in patients with
discordant or high-consequence findings rather than assumed to be necessary for all
patients. Research should identify the clinical situations in which the third modality
changes management sufficiently to justify its additional invasiveness, cost, or resource

use.

6.7 FINAL CONCLUSION

Accurate preoperative assessment of LLNM 1is essential for balancing oncological
adequacy against the morbidity of unnecessary lateral neck dissection. This study
demonstrates that no single modality fully captures the structural, functional,

biochemical, and quantitative complexity of metastatic lymph nodes.
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Conventional ultrasound should remain the structural foundation of assessment;
Sonazoid CEUS, particularly the post-vascular phase, should provide functional and
tissue-level refinement; and FNA-Tg should be used selectively for biochemical
confirmation when the result is likely to change management. The three-modality
combination achieved the highest observed discrimination, but it was not statistically
superior to the best two-modality combinations and should therefore support selective

rather than routine maximal testing.

Radiomics offers meaningful quantitative potential, especially when derived
from post-vascular-phase Sonazoid CEUS, but current evidence supports its use as an
adjunctive decision-support layer. The absence of external validation, imperféect and

descriptively assessed calibration, and threshold-dependent DCA ﬁndiﬁgs préélude

immediate autonomous clinical use. A WAY

-
O
_~

The conclusion of this doctoral researCh. is” that a stepwise, biologically
informed, and risk-adapted multimodal frathework provides the strongest current basis

for preoperative LLNM assessmen/t “in PTC. Prospective multicenter validation and

B

outcome-based 1mplementatleﬁ studies are required before the framework and its

radiomics componeﬁts can be translated into routine probability-based clinical decision-
making. _

-
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microsphere combined with FNA-Tg-to_constraet radiomics to predict latefal/ cervical
lymph node metastasis in papillary thyroid carcinoma clinical applicaﬁogl study". Your
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Normal lymph nodes contain macrophages in the cortex and medulla, which
are uniformly enhanced after phagocytosis of Sonazoid microspheres in the post-
vascular phase. In metastatic lymph nodes, macrophages are destroyed by thyroid
papillary carcinoma (PTC) cells and lose their phagocytosis of Sonazoid microspheres,
resulting in changes in perfusion morphology in the post-vascular phase. In this study,
we will combine FNA-Tg value, conventional ultrasonography, Sonazoid CEUS image
feature, and Sonazoid CEUS radiomics signature to predict the metastasis of lateral
cervical lymph nodes in PTC patients. It is of great significance to provide evidence-
based medical evidence for whether to perform cervical lymph node dissection in PTC

patients during the operation, avoid unnecessary sweeping damage and the omission of
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early lymph node metastasis, promote the improvement of preoperative diagnosis and
treatment level of papillary thyroid cancer, and develop individualized thyroidectomy,
cervical lymph node dissection, postoperative treatment and follow-up strategies for

patients.

We plan to collect 100-150 patients with papillary thyroid carcinoma from June
2024 to December 2026 in the Affiliated Hospital of Pan Zhihua University. 135-180
suspected lymph nodes with Sonazoid microspheres enhanced ultrasonography, and
FNA-Tg biopsy will be performed, and a Radiomics model will be constructed. Subjects
who met the following criteria: Inclusion criteria (1) All patients underwent thyroid
surgery for the first time in our hospital, had thyroid nodule FNA befo/re/sﬁr;gery,
cytopathological diagnosis of papillary “thyroid carcinoma on at. least one /side,
suspicious ultrasonic signs of lymph nodes in the lateral cetyical’/regi(iri, and lymph
node dissection in the| lateral cervical region; (2)/Afftér thyroid PTC follow-up,
suspicious lymph nodes were found by ultrasoll/mcf, ‘and’lymph nodes were dissected in
the lateral cervical region; (3) The /ultra?gnographic characteristics of 1 or more
suspicious lymph nodes were c’ggsi/s‘gent with the following: (1) the short diameter of
lymph nodes was >O.50m;/(2/)’}/y;nph node short diameter/long diameter (S/L) ratio
>0.5; (3) The bo/gmfa;}; is unczlear or fuzzy (4) the lymphatic hilus is eccentric or missing;
) Peripheral ’oj: diffuse blood flow signals; (6) internal echo is heterogenous,
accorhp/ani;d by cystic changes or clumpy hyper-echo; (7) Multiple foci calcification
) ;)r cluster calcification. (4) The patient's medical records are complete. All the above
“conditions were included in the study. Exclusion criteria: (1) lymph node metastases
were confirmed by other malignant tumors pathologically; (2) Tuberculosis of lymph
nodes; (3) Other serious complications. Meeting any of these criteria was not included

in the study.

During the study period, there may be a small amount of bleeding during the
puncture of the lateral neck lymph node, which can be stopped with the pressure of the
doctor. If you have any other discomfort, please inform the doctor in time. During the
study period, if you are pregnant or think that you may become pregnant, you should
immediately tell the study doctor.
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Ultrasound-guided fine needle puncture of the cervical lymph node costs 177
RMB/time, sonazoid contrast agent 512RMB/time, and the fine needle 278RMB/time,
which is paid by the research group, and other expenses should be borne by themselves.
Participation in this study may change your surgical approach for radical papillary
thyroid carcinoma. Depending on the results, you may choose whether to have a lateral
neck lymph node dissection during radical papillary thyroid cancer surgery. You may
choose not to participate in the study, which will have no adverse effect on your access
to conventional treatment. Even after you agree to participate, you can change your
mind at any time and tell the investigator to withdraw from the study, and this will not

affect your access to normal medical care.

-

If you decide toparticipate in the study, your data in the study/will be/kept
confidential, and information that can identify you will not be disclosed to6 anyone other

than a member of the study unless you have given your per/mission.

- p

ya -

If you have any questions about jS: sady, please contact the doctor at +86
18096307906. If you have any qygsti/qns related to the rights and interests of the subjects,
you can contact the Ethics CGm/n/l'r\'ttee of Pan Zhihua University Affiliated Hospital at
8608122213396 |

- / -
-

Ther’esearéher states:

I'have explained to the subjects (and legal representatives) the research background,
purpose, steps, risks, and benefits of (Contrast-enhanced ultrasound microperfusion of
Sonazoid microsphere combined with FNA-Tg to construct radiomics to predict lateral
cervical lymph node metastasis in papillary thyroid carcinoma clinical application
study). Give him/her enough time to read the informed consent form, discuss it with
others, and answer any questions he/she has about the study; I told the subject how to
contact him for questions related to the study; I informed the subject (or legal
representative) that he or she may withdraw from the study at any time during the study

period without any reason.

Investigator Signature: Date:
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The subject states:

The researcher explained to me the research background, purpose, steps, risks, and
benefits of Contrast-enhanced ultrasound microperfusion of Sonazoid microsphere
combined with FNA-Tg to construct radiomics to predict lateral cervical lymph node
metastasis in papillary thyroid carcinoma clinical application study. I had enough time
and opportunity to ask questions, and I was satisfied with the answers given by the
researcher. I know who to contact when I have questions or want further information. I
read this informed consent form and decided to participate in the study. I knew that I
could withdraw from the study at any time during the study period without any reason.
I was told that I would get a copy of this informed consent form, with my signatlité and

e

the investigator's.

Subject's signature: ™ Date:
A aD
Signature of Legal Representative, [if applicable]: Date:

N @ o N4 :
Relationship with subjects:

/// \ ]
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1 | Introduction of cancer, papillary thyroid carcinoma (PTC) accounts for the

largest proportion [1], accounting for over 80%. In paticnts with
Thyroid cancer is the most common malignant tumor in the  PTC, the metastasis rate of cervical lymph nodes is high (up
endocrine system of the head and neck, and among this type  to 20%-50%), and cervical lymph node metastasis is the main
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