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Abstract

Background and objectives Accurate classification of lymphadenopathy is essential for determining the
pathological nature of lymph nodes (LNs), which plays a crucial role in treatment selection. The biopsy method is
invasive and carries the risk of sampling failure, while the utilization of non-invasive approaches such as ultrasound
can minimize the probability of iatrogenic injury and infection. With the advancement of artificial intelligence (Al)
and machine learning, the diagnostic efficiency of LNs is further enhanced. This study evaluates the performance of
ultrasound-based Al applications in the classification of benign and malignant LNs.

Methods The literature research was conducted using the PubMed, EMBASE, and Cochrane Library databases as
of June 2024. The quality of the included studies was evaluated using the QUADAS-2 tool. The pooled sensitivity,
specificity, and diagnostic odds ratio (DOR) were calculated to assess the diagnostic efficacy of ultrasound-based
Al'in classifying benign and malignant LNs. Subgroup analyses were also conducted to identify potential sources of
heterogeneity.

Results A total of 1,355 studies were identified and reviewed. Among these studies, 19 studies met the inclusion
criteria, and 2,354 cases were included in the analysis. The pooled sensitivity, specificity, and DOR of ultrasound-based
machine learning in classifying benign and malignant LNs were 0.836 (95% CI [0.805, 0.863]), 0.850 (95% CI [0.805,
0.886]), and 33.331 (95% Cl [22.873, 48.57]), respectively, indicating no publication bias (p=0.12). Subgroup analyses
may suggest that the location of lymph nodes, validation methods, and type of primary tumor are the sources of
heterogeneity.

Conclusion Al can accurately differentiate benign from malignant LNs. Given the widespread use of ultrasonography
in diagnosing malignant LNs in cancer patients, there is significant potential for integrating Al-based decision support
systems into clinical practice to enhance the diagnostic accuracy.
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Background

Lymph nodes (LNs) are small, oval-shaped structures
of the lymphatic system. Their enlargement may signify
infection, inflammation, or malignancy, necessitating
immediate diagnosis and intervention [1]. Typically, nor-
mal LNs are non-palpable, whereas enlarged LNs with
varying degrees of firmness may indicate different patho-
logical conditions; for instance, metastatic LNs often feel
firm upon palpation [2]. Lymph node metastasis occurs
when cancer cells from a primary tumor invade the lym-
phatic system and subsequently establish themselves
within the LNs, signaling the tumor’s progression and
increasing aggressiveness, leading to a poorer patient
prognosis [3]. Lymphoma, moreover, ranks as the sec-
ond most prevalent malignancy in the head and neck
region [4]. Consequently, precise and early identification
of malignant LN is crucial for accurate disease staging,
effective treatment planning, and prognosis prediction
[5].

Ultrasonography is a tool for assessing LNs due to its
non-invasive nature, high availability, and cost-effec-
tiveness while the sonographic characteristics of normal
and abnormal LNs are not always distinct [5, 6]. When
integrated with fine-needle aspiration cytology (FNAC),
ultrasound can confirm LN metastasis with an accu-
racy rate exceeding 94% [5]. Despite its precision, FNAC
remains invasive, time-intensive, and expensive, with an
associated risk of infection. To minimize unnecessary
biopsies and enhance diagnostic accuracy, computerized
texture analysis and end-to-end ultrasound diagnostic
models have been developed.

In recent years, Al and computer-aided diagnosis
(CAD), which combine machine learning (ML) with
medical imaging data, have shown potential for improv-
ing diagnostic efficacy. Radiomics [7] and ML techniques
[8-10] are two fundamental components of CAD and
have been extensively employed in the analysis of medi-
cal images, including the diagnosis of LNs in ultrasound
imaging. Deep learning (DL), an advanced branch of ML,
uses artificial neural networks to model and interpret
complex data. Convolutional neural networks (CNNs)
have been widely applied in medical image diagnosis,
showing great potential for diagnosing LNs in ultrasound
images by automatically extracting high-dimensional fea-
tures [11]. Compared to radiomics combined with tradi-
tional ML, DL offers the advantage of learning features
and making diagnoses in a more efficient, end-to-end
manner.

The diagnostic accuracy of LNs in ultrasound images
has been significantly improved with these Al techniques
[12, 13]. However, the diagnostic accuracy of Al in the
assessment of LNs in ultrasound images has not been
systematically evaluated. In this study, we conducted a
comprehensive pooled analysis to assess the diagnostic
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accuracy of ultrasound-based AI techniques for LN,
including subgroup analyses to explore study heterogene-
ity and enhance result interpretability. Our findings offer
a valuable reference for the clinical integration of Al in
LN diagnosis through ultrasound imaging.

Methods

This review was conducted in accordance with the Pre-
ferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines [14]. The protocol was
registered on the International Prospective Register of
Systematic Reviews (https://www.crd.york.ac.uk/PROSP
ERO/CRD42023411011).

Data sources and search strategy

We conducted a systematic literature search published
between January 2010 and June 2024 using the PubMed,
Embase, Medline, Google Scholar, and Cochrane Library
databases. We used the following strategies to retrieve
studies: “echography OR ultrasound” and “lymph node”
and “texture analysis” OR “machine learning” OR “arti-
ficial intelligence” OR “computer-aided diagnosis” OR
“radiomics” in titles or abstracts. In addition, refer-
ences to the identified articles and review articles were
searched manually for relevant studies. All references
used in the included literature were also independently
reviewed.

Study selection

Titles and abstracts of retrieved articles were screened
for eligibility, with full texts of relevant studies reviewed
and data extracted for those meeting inclusion criteria.
Two reviewers (Han and Qu) independently selected the
literature, resolving any differences through discussion
with a third reviewer. Lists with retrieved records from
the searched databases were imported into the Endnote
21 reference manager (EndNote™, Clarivate™), and dupli-
cates were identified and removed to obtain a final list of
articles.

The inclusion criteria were as follows: (1) the objec-
tive of the study was to assess the diagnostic accuracy of
machine learning-based ultrasound assessment of LNs;
(2) the diagnostic gold standard was pathological diag-
nosis; (3) the number of true positive (TP), false positive
(EP), false negative (FN), and true negative (TN) cases
determined by ultrasound could be obtained from the
text; (4) studies were reported in English; (5) the region
of interest (ROI) is LN instead of the primary tumor.

Data extraction and sub-group analysis

The present study involved the independent extraction
of data by two reviewers. The extracted data included
general study details (authors, publication year, coun-
try, study design, sample size) as well as methodological
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information, diagnostic test characteristics, and results,
including TP, TN, FP, FN. Most studies divided their data
into multiple cohorts, such as training, testing, valida-
tion, or independent external validation sets. To ensure
the validity and objectivity of the assessment, only the
sample sizes from the testing/validation sets and cross-
validation were included. Due to the limited number
of independently validated studies, internal validation
data were used exclusively for this meta-analysis. When
multiple ML algorithms were evaluated, only the pri-
mary proposed method demonstrating the highest
area under the receiver operating characteristic curve
(AUC) was included, as AUC is a robust indicator of ML
performance.

In ML, considerable methodological and parameter
heterogeneity across studies can introduce variability in
outcomes; thus, a systematic classification was conducted
to identify heterogeneity sources, with several covari-
ates organized into six subgroups for subgroup analysis
to assess their impact on outcomes and uncover unique
attributes and potential heterogeneity sources. These
subgroups encompassed (1) the location of the detected
LNs, (2) type of disease in positive cases, (3) the utiliza-
tion of AI methods (i.e., either for feature extraction or
model development), (4) the method employed for ROI
segmentation (i.e., manual or without segmentation), (5)
the validation approach (i.e., n-fold cross-validation or
random division of the validation set), (6) input for ML/
DL model (i.e., radiomics/clinical features or images).
For the other variables, it was decided to forgo sub-
group analysis due to the large heterogeneity among the
included studies. Instead, a comparative analysis was
conducted by aggregating and summarizing the available
information.

Quality assessment

The reviewer independently evaluated the risk of bias in
each study using the Quality Assessment of Diagnostic
Accuracy Studies (QUADAS-2) recommended by the
Cochrane Collaboration [15]. The tool has four domains:
“patient selection,” “index test,” “reference standard,” and
“flow and timing” Specific Signaling Questions can be

found in Appendix Table S1.

Statistical analysis and software tools

This meta-analysis utilized the Open Meta-Analyst Soft-
ware and StataMP 17 to analyze the data, and statistical
significance was reported using 95% confidence intervals
(ClIs). Pooled estimates for sensitivity, specificity, diagnos-
tic odds ratio (DOR), and positive and negative likelihood
ratios (PLR and NLR), along with their corresponding
95% Cls, were employed to assess the accuracy of Al
methods in detecting malignant LNs. A multivariate ran-
dom-effects model was used to account for within- and
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between-subject variability as well as threshold effects
[16]. Summary receiver operating characteristic (SROC)
curves and forest plots were constructed for all analyses.
Subgroup analyses were conducted to address heteroge-
neity, which was evaluated using the inconsistency index
(I?) and Cochran’s x* test (Q test). Publication bias was
assessed using Deek’s funnel plot [17]. TP, FP, TN, and
FN values were extracted or derived from each study, and
a correction factor of 0.5 was applied to zero values to
address the zero-cell count issue [18].

Results

Study selection

After removing duplicates, 1,321 were excluded dur-
ing screening, and 1,355 studies were identified. Several
studies were excluded for the following reasons: focusing
solely on a single texture feature rather than using CAD
[19], using contrast-enhanced ultrasound without gray-
scale [20], predictive endpoints rather than the benign
or malignant status of the LNs [21], employing endo-
bronchial ultrasound [22-25], using only power Doppler
sonograms [26], or lacking a machine-learning model
[27]. A total of 25 studies were included in the systematic
review. Five studies did not provide the complete infor-
mation to calculate the confusion matrix (TP, FP, TN, and
EN) [12, 28-31], and one study did not perform valida-
tion/testing [32], resulting in their exclusion from the
meta-analysis. Ultimately, the remaining 19 studies were
included in the quantitative analyses (meta-analysis) [13,
33-50]. Figure 1 illustrates the article screening flow
chart.

Characteristics of included studies
A comprehensive summary of the extracted data can be
found in Tables 1 and 2. The systematic review included
25 studies from nine countries, with only one being pro-
spective (study design in Table 2).

Regarding the ultrasound technique in Table 2, most
studies (n=19) used B-mode ultrasound as the only
imaging modality, while three incorporated ultrasound
elastography, and three used Doppler ultrasound. For
case involvement, most studies used cases without treat-
ment or newly diagnosed, while 2 studies used post-oper-
ative cases.

As shown in Table 1, nine studies evaluated axillary
LNs, while twelve and four studies examined cervical
LNs and multiple body locations, respectively. Regard-
ing patient selection, one study focused on nasopha-
ryngeal carcinoma patients, one on non-small cell lung
cancer patients, five on thyroid cancer patients, eight on
breast cancer patients, and ten on patients with enlarged
LNs irrespective of the primary tumor. Six studies used
multicenter data, but only three of them conducted inde-
pendent external validation. More specifically, only two
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Records identified through
database searching

Identification

A 4

Records after duplicates removed
(n=1355)
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A 4

A 4

Studies included in the

Reasons for exclusion (n=1330):

* No gray-scale ultrasound images were used

* Assess the risk of lymph node metastasis instead of
diagnosing directly

* No machine-learning methods were used

* Not written in English

No full text available

systematic review
(n=25)

A 4

A 4

Studies included in quantitative

Reasons for exclusion:

* (Cannot obtain classification outcomes (TP, TN, FP,
FN) (n=5)

* Missing validation/testing set (n=1)

analysis (meta-analysis)

(n=19)

Included Eligibility Screening

Fig. 1 Flowchart of the study selection process

studies provided classification outcomes (TP, TN, FP,
FN), thus the results of external validation sets are not
included in the analysis.

More Information regarding the pathological gold
standard and the inclusion and exclusion criteria can be
found in Appendix A and Supplementary Table S3. Over-
all, we included 1,152 benign and 1,202 malignant cases,
with pathological biopsy as the gold standard across all
studies.

Quality assessment

The quality assessment of each study is illustrated in
Fig. 2. Of the 25 studies, 24 were retrospective, utiliz-
ing archived patient data, indicating a potentially high
risk of selection bias. Only one study was prospective
and recruited 37 patients with suspected malignant LNs
[31]. As the evaluation focused on CAD accuracy with
automated feature extraction and model development,
and all studies used pathological results as the reference
standard, the risk of bias for the index test and reference
standard was considered low. One study did not allocate
a separate testing set, resulting in a high risk of bias [32].
Studies involving LNs from health hy controls without
pathologic confirmation, inconsistent reference stan-
dards, or excluding patients due to ongoing treatment or
poor image quality were considered to have a higher risk
of bias in the flow and timing domain. Specific evalua-
tions are provided in Appendix Table S2.

Diagnostic accuracy and heterogeneity

Figure 3 presents the descriptive and pooled esti-
mates assessing the diagnostic efficacy of Al in detect-
ing malignant LNs using ultrasound. Of the initially
included 25 studies, 19 were eligible for meta-analysis,
with six excluded due to insufficient quantitative infor-
mation. The meta-analysis demonstrated high diagnos-
tic accuracy for Al methods, with pooled sensitivity of
0.836 (95% CI [0.805, 0.863]), specificity of 0.850 (95%
CI [0.805,0.886]), and a diagnostic odds ratio (DOR) of
33.331 (95% CI [22.873, 48.571]). Forest plots (Fig. 3 and
Appendix Figure S7) and SROC curves (Fig. 4) further
support the excellent diagnostic accuracy of Al methods,
while Deek’s funnel plot (Fig. 5) indicated a low risk of
publication bias (p =0.12).

Heterogeneity was assessed using I* statistics and
Cochran’s Q test: pooled sensitivity (Q =29.69, 1°’=39.36%,
p=0.041), specificity (Q=48.77, ’=63.09%, p<0.001),
and DOR (Q=34.59, 1°=47.96%, p=0.011), respectively.
These results suggest moderate heterogeneity in pooled
specificity and DOR and low heterogeneity in pooled
sensitivity. Subgroup analyses were conducted to further
investigate the sources of heterogeneity.

Subgroup analysis

Quantitative and qualitative results were reviewed for
each subgroup, with subgroups containing only one
study excluded from analysis (Table 3). Six aspects were
considered in the subgroup analysis: location (Fig. 6A),



Page 5 of 14

(2025) 25:73

Han et al. BMC Cancer

¥ v 6l 9¢ €80 0060 or €C A SolnjeoS 9 unyds (091) 1 [enuewy TN N1 shopidsng 1V 207 A7
S3pou G
‘uopepllep  uopepljeA
sapou uds
6 0 ¢l ¥¢ 000l /¢/0 €€ Ll A Soinjes SOL Hurel| puexin (0z/0gl) T |enuepy TN J4sduedisealg  Auejxy £c0c 'buel
SOpoU 9€ |
:uonepiea
sapou
€C 8 LT LL LLL0 CTLLO 00l 3 A Soinjes4 L0p :luted| unyds (€79 1 [enuewy TN N1 shoidsng TV 020Z 'Uayd
uoleyuswbag
pajewoiny
8L Gl 18 96 ¥¥80 ¥80 7Ll 96 A SoinjesS - ADPIOOL (oL 1 -lwes N VN [e2IAIeD 800t 'Bueyz
uoleyuswbag 120C
8 Ll ¢ vT ¥¥90 0OVL0 43 43 A sebew| 8 (Z19) 1 INOYUM 1 N1snopidsng - Alejixy 'V Igasewye]
uoleuswbag
8 € v¥S v [¥60 0¥80 0S /S A Sainjes - ADPIoSOL (c01) L INOYUM TN seduedsearg  Auejxy ¢z0g 'weyd
¢l L 0L SE 0L60 0S20 Va4 Ll N Sainjes €/ (681) L [enuey N VYN [B3IAIRD €20z 'on]
00Z 1591 uoneuawhag
Ll € // 68 0.0 0680 00l 00l A Sainjes CL9:urel] (¢19) L INOYUM 7Q 192UBD PIOIAYL  [edIAIRD 810C 991
1N0-3U0
Sl 0L 69 // SS80 /€80 6 69 A Soinjes - AN (191 |enuepy TN J4sduedIsealg  Auejxy £10¢ 'Bueyz
Glo¢
¢ 8 € ¢C 0060 0060 C 18 A Soinjeo - ADPIOOL (Sob) 1 [enuewy W deduedisealg  Adejiixy ‘DiSMa[SIWYD
610C 'Zou91IN9
8 8 /S S¥ //80 6¥80 €S 59 A Soinjes4 - ADPIoS§ B8LLT [enuepwy 1a  Jeduedisealg  Auejixy -Opeuoio)
601 2531 20T 'Za13nno
8 0 € 8 000l 8//0 o¢ €/ A Sainjeay |/ :ulei)-9y umds (0sl) L [enuepy 7Q  Jeduedisealg  Alejixy -Opeuoio)
001 1531 uoneuaWbHag
€ 9 ¥y /¥ 0880 0V60 0S 0S A sabew| 8¢9 ulel| umds 8z L INOYUM 1a  Jeduedsealg  Alejixy 7z0T '"™Mez0
851 159
ep el
(9%08) uoneyuswbag 720z uey
L 0 0C¢ 6l 000l +S60 0¢ 0¢ A sabeu| [@ARCIZIR xoMds  (851/510) ¢ INOYUM 1a Dld  [e2IARD  -Bpiy uelseqqy
76 941531
S0l :P*sel
LZ1 unsaL (26/501/995)
TL Tl Sk 20l 680 S680 vl s A sabewl|  G6€ uel] xan|ds 3 v/N 70 N1snopidsns  [ediAseD 720z 'Yz
(12121eM) 09 :153]. uoneuswbas 8107 '1ue
T L 67 8T 9960 €£60 o€ 0€ A samea{ 08z :ulei] unids ore) | INOUIM W Dld  [PAIARD  -BpIY URISeqQy
/L 9C 65 P¥S 8690 /880 19 S8 A SolnjeoH €L unyds (687) 1 [enuewy N JdN  [BdIAeD €70z 'un
ejeq IoPOW
pasue 101w (sase)) uoneauljag (sased ann
Nd dd NL dL @ads uss jueubliely  ubluag  -jeg  Jojanduj]  3sdL/uteil uonepljeA 19ju) 104  POYIBN -Isod) aseasiq uonedxo Apms

sisAjeue [B213S11R3S DAIIRIIUBND DY) Ul PAPN|DUL J0U 318 SIIPNIS I[P} MIIAI J11RLIRISAS 3U3 JOJ S2IPN3S JO Uolewojul dnoibgns pue sainseaw A>einddy | ajqel



Page 6 of 14

(2025) 25:73

Han et al. BMC Cancer

sypadsun iGN ‘uollepl|eA |ds [euI1IXa :x2}1|dS ‘uoljepl|eA yijds jeusaiul

ds ‘uonepijea-ssoud A ‘Auoy1dads :ads ‘A1IAIISUSS (USS ‘ewouldied ploiAy) pajerualayip :D1q ‘ewouldied ploiAyl Aiejded 1) 4

(218MYOS
epze) uon
-eJULWHAS
L T SEL 9€L G860 €660 LEL LEL A sainjead V/N V/N (224N pajewoiny W Dld  [BIINRD  8L0OZIULYDPIY
(ssanasul (D1DSN) 422
cwol¢lg) -ued bunj |92
- - - - - - - N sainjes SNN xaH|ds € [enuepy W [[BWS-UON  [eJIAISD) ¥z07 'busg
syusned 7|
“uonepleA
sjuaned
- - - - - - - - A saineaq |ggiulel] unds (S02) L WN TN NTshopidsns  [ediaseD) 20 'buoyz
uonepleA  (S8¢/991/v¢/
Hds  ¥81/8¢/80€)
- - - - - - - - A sainiead 9 puexiy 9 [enueiy W VYN [edIA9) zzoz'nn
AD
1N0O-3uo uoneuawbas
- - - - - - - - A Salnjea - -9AB (€20 L pajewoiny IW Jeduedisealg  Adejixy €107 4axniag
|eJINIeD)
uopneuawbas 3 Ale|
- - - - - - - - A S3injesd - ADPIOFS 6¥1) 1 951e0D TN NTsnomidsng -IXyY zloz'uayD
uoneUaWHIG 20C
/€ 9T 00T GEL G880 ¥8/0 /A 9zt A sabew - ADPIOFS (86¢€) 1 INOYIM 7@ N1snopidsng v ‘Bsuigqopny>d
((IE|
9 ¥ 9C 8T L9800 ¥I80 7€ 0¢ A S3Iniesd €/ unds (1)1 [enuepy TN 807 D1d) DIa  [edIAIs) €20¢ 'ued
eleq I2POIN
pacue 1a/1N (sase)) uoneaulpq (sase) aAn
Nd dd NL dL 9ads wuss  jueubjjely ublusg -leg Jojindul  3sdj/ulesl uonepijep 1u) 104  POYIBN -Isod) dseasiq uonedo Apms

(PonuUnUOd) | 3jqeL



Han et al. BMC Cancer (2025) 25:73 Page 7 of 14

Table 2 General characteristics of the studies included in the systematic review. /talic studies are not included in the quantitative
statistical analysis

Study Country  Study Ultra- DL Model  Feature Selection Fea-  Modeling Treatment
Design sound Methods ture  Method
Technique Count

Lin, 2023 China Retro. B N/A MRMR, LASSO 7 LR Exclude underwent
treatment

Abbasian Arda-  Iran Retro. B N/A Wavelet transform 4 SYM Undergo total thyroidec-

kani, 2018 tomy, exclude irradiation,
oncologic surgery

Zhu, 2022 China Retro. B, CD CLA-HDM N/A N/A N/A Exclude history of malig-

(ResNet) nancy or chemoradiation

Abbasian Arda-  Iran Retro. B ClymphNet  N/A N/A N/A Exclude surgery and radia-

kani, 2022 (CNN) tion therapy in the neck

Ozaki, 2022 Japan Retro. B Xception N/A N/A N/A Exclude hormonal

(GoogleNet) therapy,chemotherapy,

radiation therapy

Coronado- Spain Retro. B N/A Local binary pattern  NA SPLS N/A

Gutiérrez, 2022 texture extraction

Coronado- Spain Retro. B N/A Fisher vector, CNN NA PLS Exclude neoadjuvant

Gutiérrez, 2019 chemotherapy

Chmielewski, Canada Retro. B N/A N/A N/A SVM N/A

2015

Zhang, 2017 China Retro. B, RTE N/A UNS UNS SVM, scoring Exclude neoadjuvant
chemotherapy

Lee, 2018 Korea Retro. B CNN N/A N/A N/A Pre-operative and
post-operative

Luo, 2023 China Retro. B N/A LASSO 20 LR Exclude previous SCLN

treatment (resection
biopsy, radiotherapy,

chemotherapy)
Pham, 2022 Malaya Retro. B, SWE N/A T-test 71 PNN Pre-operative
Tahmasebi A, USA Retro. B AutoML N/A N/A N/A N/A
2021
Zhang, 2008 China Retro. B,PD N/A N/A 10 SVM (rough UNS
margin based)
Chen, 2020 China Retro. B, UE N/A LASSO, ANOVA 23 SVM UNS
Tang, 2023 China Retro. B N/A ICC, LASSO 9 LASSO, Youden  Exclude chemotherapy
index before ultrasound

Lyu, 2024 China Retro. B N/A Spearman test,VIF, 10 GBM No treatment before

one-way analysis of

variance or Chi-

square test
Fan, 2023 China Retro. B N/A ICC, Select K Best 13 LR, nomogram Post-operative DTC

method, LASSO
Chudobinski, Poland Retro. B Resnte-18 N/A N/A N/A N/A
2024
Chen, 2012 China Pros. B N/A N/A N/A SYM Newly diagnosed

Taiwan
Drukker, 2013 USA Retro. B N/A Model performance N/A LDA Newly diagnosed
Liu, 2022 China Retro. B N/A LASSO N/A LASSO-Vote-SVYM  UNS
Zhong, 2024 China Retro. B,CD BP neural N/A N/A The decision tree UNS
network and BP neural

network




Han et al. BMC Cancer (2025) 25:73 Page 8 of 14

Table 2 (continued)

Study Country  Study Ultra- DL Model  Feature Selection Fea-  Modeling Treatment
Design sound Methods ture  Method
Technique Count
Deng, 2024 China Retro. B N/A Univariate and mul- 15 LR, RF N/A

tivariate analyses,
ICC, Mann-Whitney
U test, LASSO

Ardakani,2018 Iran Retro. B N/A Fisher, the probabil- 10 1-NN Exclude irradiation or
ity of classification oncological surgery
error, average corre-
lation coefficients

Retro: retrospective; Pros: prospective; B: B-mode; CD: colour doppler; RTE: real-time elastography; SWE: shear wave elastography; PD: power doppler; UE: ultrasound
elastography; FNA: fine Needle Aspiration; CNB: core needle biopsy; SLNB: sentinel LN biopsy; CNN: convolutional neural network; UNS: unspecific; CV: cross-
validation; MRMR: minimum redundancy maximum relevance; LASSO: least absolute shrinkage and selection operator; 1-NN: one-nearest neighbour; LR: logistic
regression; DTC: differentiated thyroid carcinoma; SVM: support vector machine; SPLS: sparse partial least squares; PLS: partial least squares; PNN: probabilistic
neural network; LDA: linear discriminant analysis; US-CNB: ultrasound-guided core needle biopsy; ICC: interclass correlation coefficient; RF: random forest; VAB:
vacuum-assisted biopsy; VIF: the variance inflation factor

Flow and Timing | ‘ ' ' \ Olow mHigh ©Unclear

Reference Standard | |

Index Test

Patient Selection | : : : \ ]

0% 20% 40% 60%  80% 100% 94% 95% 96% 97% 98% 99% 100%
(A) Risk of Bias (B) Applicability Concerns

Fig. 2 Summary of the methodological quality of the included studies

Sensitivity Specificity

Studies Fstimate (95% C.T.) TP/(TP + FN) | Studies Estimate (95% C.1.) TN/(FP + TN)

—_—— Lin 2023 0.694 (i

Lin 2023 0 9. 0.783)  59/85 B

Ardakani (SVM) 2018 o - Ardakani (SVM) 2018

Zhu 2018 0 —_—— 7hu 2018 _—

Ardakani (ClymphiNe) 2022 0 ¢ 12 : Ardakani (Clymphiet) 2022 _ -
Ozaki 2022 0.940 (0.830 A ®—— Omki2022 —_— .
Coronado-Gutierrez 2022 0.770 (0.609 - Coronado-Gutierrez 2022 ] —na
Coronado-Gutierrez- 2019 0.819 (0.726 : Coronad orrez- 2019 —_—
Chmielewski 2015 0.917 (0.721 —_— Chmielewski 2015 .
Zhang 2017 o _— Zhang 2017 —_—a—
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methods (Fig. 6B), validation methods (Fig. 6C), ROI  subgroup showed superior model performance with

delineation approach (Fig. 6D), type of disease in positive =~ moderate heterogeneity in specificity (I>=61.06%), indi-

cases (Fig. 6E), and input for the ML/DL model (Fig. 6F). cating minimal variation between study results. All the
Descriptions of the six subgroup results and cor- summarized results of the subgroup analyses are pre-

responding forest plots are provided in Appendix B. sented in Table 3.

Subgroup analyses identified LN location, validation

methods, and primary tumor type as sources of hetero- Discussion

geneity. High consistency was observed in studies with  This study evaluated the diagnostic efficacy of Al tech-

unspecified LN locations, cross-validation, and breast niques for ultrasound imaging in LN assessment. Across

cancer cohorts (I’<50%, p>0.05). The thyroid cancer 2,354 LNs from the included studies, pooled sensitivity
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and specificity were 0.836 and 0.850, respectively, for dif-
ferentiating benign from malignant LNs. These findings
indicate that the AI algorithms improve the accuracy of
LN diagnosis in ultrasound images. To the best of our
knowledge, this meta-analysis is the first study to specifi-
cally address the usage of ultrasound imaging in the CAD
of nodal malignancy.

Additionally, included studies indicate different levels
of heterogeneity (low for sensitivity, high for specificity).
This result is anticipated given that ML and DL methods
are often viewed as “black boxes” due to their complex,
abstract, and data-oriented nature, which can be signifi-
cantly influenced by the training data. Furthermore, there
is no universally recognized procedure and hyper-param-
eter setting for conducting model training, although
some researchers have proposed general frameworks for
the research process [51].

Subgroup analysis

Subgroup analyses were conducted on various covari-
ates to address the heterogeneity observed among the
included studies. Although the primary goal in all stud-
ies was to classify cases as benign or malignant, each case
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may involve multiple factors, such as the patient’s under-
lying condition, which could influence diagnostic model
performance. Therefore, subgroup analyses were per-
formed to assess whether patient-related, lesion-specific,
or other factors affected the diagnostic outcomes. Our
analysis indicated that the primary sources of hetero-
geneity stem from case selection, including LN location
and primary tumor type, as well as the methods used for
validation.

Lymph node location

Studies grouped by LN location exhibited lower hetero-
geneity, suggesting that variations across different sites
may contribute to the observed heterogeneity. Most LN
evaluations focused on specific anatomical sites, pri-
marily the neck or axilla. Chen et al. [31] investigated
both cervical and axillary LNs, whereas Chen et al. [48]
expanded the analysis to include LNs from multiple
regions, such as the axilla, neck, and groin. This focus can
be attributed to the higher likelihood of nodal metastasis
and the accessibility of LNs in these regions.
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Methods for modeling

The methods used for data analysis and modeling var-
ied across studies due to different Al approaches, mak-
ing it impractical to categorize each method individually.
Studies were grouped by DL and traditional ML meth-
ods, with minimal differences in diagnostic performance
between the two groups, indicating that model perfor-
mance was not significantly affected by the choice of DL
or ML.

The included studies employed various ML methods.
SVM was commonly used to establish the final mod-
els [47, 49]. Some studies developed DL models, such as
Abbasian Ardakani et al. [50] introducing “ClymphNet”
a CNN-based model. Earlier studies often combined
traditional radiological features, including echogenicity,

margin, and shape, with textural features, which is a stan-
dard approach in radiomics modeling [49, 32]. Notably,
Abbasian et al. [50] adopted multiple ML algorithms
that were trained on quantitative and semi-quantitative
(semantic) imaging features to classify LNs. These fea-
tures encompass aspect ratio, prominent echogenicity,
homogeneity, and microcalcification. Comparatively,
their proprietary DL model outperformed the SVM pro-
tocol in internal and external validations.

Validation methods

The cross-validation subgroup showed significantly lower
heterogeneity (I>=0%, p>0.05) compared to the internal
validation subgroup, suggesting that different valida-
tion method contributes to the observed heterogeneity.



Han et al. BMC Cancer (2025) 25:73

Table 3 Summary results of subgroup analyses
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Stud
Sub-type Group c " yt Sen (95% CI) Q I P-value | Spe (95% CI) Q r P-value
oun
Cervical 8 0.862 (0.820, 0.896) 9.9 29.15% 0.195 0.816 (0.743,0.871) 152 54.01% 0.033
Location Axillary 8 0.825 (0.769,0.869) 10.2 31.47% 0.177 0.884 (0.808,0.932) 20.5 65.88% 0.005
Unspecified 3 0.796 (0.730,0.850) 3.0  33.48% 0.106 0.847 (0.761,0.905) 3.6  44.20% 0.167
Method ML 11 0.826 (0.786,0.860)  13.5 26.04% 0.196 0.857 (0.796, 0.903)  24.6 59.38% 0.006
etho
DL 8 0.850 (0.794,0.893) 158 55.75% 0.027 0.844 (0.766,0.899)  24.1  70.94% 0.001
Validation Split 13 0.842 (0.794,0.881) 257 53.31% 0.012 0.822(0.754,0.874)  27.7 56.68% 0.006
Method CV 6 0.823 (0.787,0.854) 3.8 0.00%  0.576 0.879 (0.849, 0.903) 4.3 0.00%  0.510
Manual 10 0.813 (0.771,0.850) 11.3  20.08% 0.258 0.853(0.782,0.904) 232 61.14% 0.006
Without
L rou . 0.859 (0.793,0.906) 13.7 56.05% 0.034 0.868 (0.779, 0.925)  24.1 75.09% <0.001
ROI Delineation Segmentation
Approach Unspecified 1 - - - - - - - -
Automated
Segmentation
NPC 1 - - - - - - - -
- £Di Thyroid Cancer 4 0.884 (0.828,0.924) 23 0.00%  0.510 0.884 (0.734,0.954) 7.7  61.06% 0.053
e of Disease
! P . Unknown Primary
in Positive Cases 7 0.814 (0.763,0.856) 11.6 48.46% 0.070 0.816 (0.748,0.870)  13.2 54.58%  0.040
umor
Breast Cancer 7 0.834 (0.776,0.880) 9.0  33.03% 0.176 0.897 (0.852,0.930) 7.7  22.02% 0.261
Input for ML/DL Features 14 0.831(0.797,0.860) 17.3  25.03% 0.184 0.857 (0.804, 0.898) 33.8 61.53% 0.001
model Images 5 0.858 (0.769, 0.917) 123  67.60% 0.015 0.835(0.725,0.906) 144 72.31% 0.006

Sen: sensitivity; Spe: specificity; CV: cross-validation

Bold represents the best result in the same subgroup; Underlined indicates lower heterogeneity; Dark shading represents possible sources of heterogeneity
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Cross-validation, which uses each subset of data for both
training and validation, reduces the risk of overfitting
and enhances the model’s generalizability. As a result,
models validated with cross-validation tend to perform
more reliably on data with different distributions. Future
research should incorporate independent test sets from
multiple centers to improve model credibility. Addition-
ally, all studies used private datasets for training and
validation without employing or sharing public datasets,
limiting the ability to model comparison, external valida-
tion and further refinement.

ROl delineated approach

Various CAD methods, particularly ML, depend on the
relevant information accurately extracted from images,
which requires precise delineation of the ROIs. Different
methodologies for ROI contour have been used across
studies. In radiomics feature extraction, ROIs must be
manually outlined by radiologists by segmenting the LNs
from the background, which is a time-consuming and
labor-intensive process. Despite its complexity, manual
ROI delineation by experienced radiologists remains the
most accurate and widely used method in CAD [12, 33,
40, 41, 44, 45, 47, 48].

To improve efficiency and reduce labor costs, some
studies have explored automated and semi-automated
segmentation methods. For instance, Ardakani et al.
utilized the open-source MaZda software for automated
segmentation and feature extraction [32], while Druk-
kler et al. [29]. used a breast cancer segmentation model
for automated LN segmentation. It is generally accepted
that an overlap ratio of 0.4 or higher in computer-derived
segmentations is sufficient for further analysis [53].
Zhang et al. [34]. deemed fully automated segmentation
to be unreliable and therefore utilized a semi-automated
segmentation method that involved manual coarse seg-
mentation to generate an initial contour based on sev-
eral marks. Meanwhile, Ardakani et al. [31] excluded the
hyperechoic hilum of LN from the ROI for image feature
extraction.

Some studies are adopting end-to-end methods, where
images are directly inputted into the system, and the out-
put provides the classification results [36-38, 42, 50].
This methodology necessitates merely a rough delinea-
tion of the ROI or without any processing, typically exe-
cuted as a bounding box. All studies, except Pham et al.
[37], employed convolutional neural networks (CNNs)
for modeling, and utilized class activation mapping
(CAM) for visualization purposes. This approach allows
for the generation of final classification results without
the need for delineation of ROI [37]. Our analysis sug-
gests that diagnostic performance is better in the group
that does not require manual segmentation. Thus, more
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effort should be put into the development of fully auto-
mated segmentation methods.

Type of disease (primary tumor type)
For the selection of LN images to be included, we recom-
mended that LNs be divided into two categories: normal
LNs which do not require pathological confirmation and
exhibit clear benign LN features, and suspicious LNs
which necessitate confirmation through pathological
biopsy. The latter category encompasses malignant LNs
(involvement of lymphoma or metastatic malignancy)
and enlarged normal LNs (associated with tuberculo-
sis or reactive LNs). Concerning the source of data on
benign LNs, existing studies have not yet differentiated
between normal LNs and enlarged LNs requiring biopsy,
discriminating capabilities of the constructed models
between these two differing types of normal LNs is ques-
tionable. However, the exploration of this aspect in cur-
rent research is limited, likely due to the retrospective
nature of the studies and the limitation of patient sources.
Most studies primarily focused on evaluating malig-
nant LNs in patients diagnosed with specific types of can-
cer, such as breast or thyroid cancer. However, a subset of
studies expanded their scope to include the assessment
of unexplained cervical lymphadenopathy (CLA) [13].
Furthermore, certain studies incorporated healthy con-
trol populations to compare with the malignant LNs [44].
Notably, Coronado-Gutiérrez et al. [45] also included
reactive LNs resulting from COVID-19 vaccination to
highlight visual similarities between malignant nodes and
LNs affected by the vaccination. Moreover, the primary
tumor of three studies [40, 34, 12] is unspecified.
Regarding patient selection, the cases were discussed
separately according to the status of LNs (positive or
negative) instead of differentiated by the type of primary
tumor. Some studies exclusively included malignant LNs
from a single disease type, such as thyroid cancer, breast
cancer, or nasopharyngeal cancer. Besides these studies,
Ozaki et al. [38], Chen et al. [51], and Coronado et al. [45]
used normal LNs from healthy individuals as the control
group in their model training, while others used proven
benign LNs from cancer patient [50, 49, 47, 43]. The
results of the subgroup analyses suggest that variations
in primary tumor type also contribute to the observed
heterogeneity.

Treatment

Most studies in this meta-analysis used ultrasound
images from patients before treatment for model train-
ing. Treatments such as radiotherapy and chemotherapy
can alter lymphatic structures, potentially affecting LN
characteristics in ultrasound images. Since ultrasonog-
raphy is commonly used as a follow-up diagnostic tool
in oncology, the accuracy of models trained solely on
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pre-treatment images may be limited when applied to
follow-up assessments, warranting further investigation.
While most studies in this review excluded cases involv-
ing irradiation or oncologic surgery (Table 3), Lee et al.
[42] included patients from both pre- and post-operative
stages, and Fan et al. [43] only used post-operative thy-
roid cancer patients.

Data balance

Imbalanced data occurs when classes in a dataset are
not equally represented, which can negatively affect the
performance of Al models, particularly for classification
tasks [54]. While various resampling techniques have
been proposed to address this issue, the best approach
is to avoid it during data collection. Among the included
studies, only two utilized imbalanced data [30, 40], while
the others implemented strategies to mitigate this prob-
lem. For instance, Ozaki et al. [38] increased the sample
size by using multiple LN images from a single patient,
and Ardakani et al. [32]. attempted to balance data to
minimize discrepancy in the amount of cases by the non-
randomization process.

Limitations

This meta-analysis and systematic review have four limi-
tations. First, we only calculated the binary confusion
matrix for benign and malignant classification in three
studies that involved in multiclassification [13, 39, 48],
which may lead to an overestimation of diagnostic indi-
cators. Second, certain subgroup analyses could not be
performed due to the limited number of available stud-
ies (n<3), potentially affecting the diversity of the find-
ings. Third, the meta-analysis primarily relied on the
results yielded from internal test sets while external test
sets were excluded to ensure consistency; this may have
contributed to an overestimation of diagnostic accuracy.
Finally, all studies were trained on private datasets, and
96% of them were retrospective, which may lead to selec-
tion bias and data loss. To enhance the robustness of
CAD models, it is generally considered more reliable to
use data from multicenter. Therefore, future prospective
multicenter studies are needed to validate these findings.

Conclusion

In conclusion, this meta-analysis and systematic review
evidence that the integration of ultrasound imaging and
AI achieved high sensitivity, specificity, and accuracy
in distinguishing malignant and benign LNs. There is a
high potential for this integrated technique to be used in
assisting clinical decisions, planning treatment strategies,
and predicting the prognosis of cancer patients.
Abbreviations

Al Artificial intelligence
LN Lymph node
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FNAC  Fine-needle aspiration cytology
CAD Computer-aided diagnosis
ML Machine learning

DL Deep learning

CNN Convolutional neural network
TP True positive

FP False positive

FN False negative

TN True negative

ROI The region of interest

AUC Area under the receiver operating characteristic curve
DOR Diagnostic odds ratio
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