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Abstract

Introduction Head and neck cancers are the seventh most common globally, with lymph node metastasis (LNM) being a
critical prognostic factor, significantly reducing survival rates. Traditional imaging methods have limitations in accurately
diagnosing LNM. This meta-analysis aims to estimate the diagnostic accuracy of Artificial Intelligence (AI) models in
detecting LNM in head and neck cancers.

Methods A systematic search was performed on four databases, looking for studies reporting the diagnostic accuracy of
Al models in detecting LNM in head and neck cancers. Methodological quality was assessed using the METRICS tool and
meta-analysis was performed using bivariate model in R environment.

Results 23 articles met the inclusion criteria. Due to the absence of external validation in most studies, all analyses were
confined to internal validation sets. The meta-analysis revealed a pooled AUC of 91% for CT-based radiomics, 84% for
MRI-based radiomics, and 92% for PET/CT-based radiomics. Sensitivity and specificity were highest for PET/CT-based
models. The pooled AUC was 92% for deep learning models and 91% for hand-crafted radiomics models. Models based
on lymph node features had a pooled AUC of 92%, while those based on primary tumor features had an AUC of 89%. No
significant differences were found between deep learning and hand-crafted radiomics models or between lymph node and
primary tumor feature-based models.

Conclusion Radiomics and deep learning models exhibit promising accuracy in diagnosing LNM in head and neck cancers,
particularly with PET/CT. Future research should prioritize multicenter studies with external validation to confirm these
results and enhance clinical applicability.
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Introduction

Head and neck cancers are the seventh most common can-
cer worldwide and primarily consist of squamous cell car-
cinomas of the oral cavity and pharynx [1]. According to
the Global Burden of Disease Study, their annual mortality
rate was estimated to be 313,000 deaths in 2019 [2]. Lymph
node metastasis (LNM) is the most critical prognostic fac-
tor in head and neck cancers, reducing the survival rate to
half [3]. While the treatment strategy depends on the LNM
status, there is no consensus on neck dissection or close
follow-up in early-stage head and neck cancers [4]. Failing
to treat a metastatic lymph node may lead to disease recur-
rence. Treating a benign lymph node with surgery or radia-
tion, particularly when in close proximity to vital structures,
can result in unnecessary side effects and complications for
the patient [5].

LNM is typically diagnosed based on its morphological
features on imaging. The most commonly used character-
istics are size, irregularity, necrosis, cystic degeneration,
spherical shape, and clustering lymph nodes [6, 7]. How-
ever, enlargement may be observed in reactive lymph nodes,
whereas malignant lymph nodes may maintain normal mor-
phology [8]. A meta-analysis found a sensitivity and speci-
ficity of 52% and 93% for computed tomography (CT) scan,
65% and 81% for magnetic resonance imaging (MRI), 66%
and 87% for positron emission tomography (PET), and 66%
and 78% for ultrasonography (US), respectively in diagnos-
ing LNM in head and neck cancers [9]. Meanwhile, in 30%
of patients without clinical or radiological evidence of LNM,
histopathological examinations show positive lymph node
infiltration [10]. As a result, many of the clinically lymph
node-negative patients undergo lymph node dissection.
Also, not all clinically LNM-positive patients who undergo
surgery are histopathologically proven to have LNM, as
radiological LNM diagnosis is not thoroughly accurate [11].
There is a considerable chance that a large proportion of
patients will receive inaccurate clinical nodal staging.

Besides the inherent difficulties of detecting LNM, like
tissue characteristics and technical barriers, the most criti-
cal factor in accurate diagnosis is human errors affected by
physician experience and busy radiologists” workflow [12,
13]. Computer-assisted diagnostic systems that integrate
qualitative and quantitative imaging features to diagnose
LNM might be a solution to enhance diagnostic accuracy
and implement personalized treatment. The region of inter-
est (ROI) used for extracting the relevant features might be
the lymph nodes or the primary tumoral tissue [14].

Hand-crafted radiomics (HCR) methods extract and
analyze a multitude of quantitative features and, with the
help of machine learning algorithms, classify a tissue into
metastatic or non-metastatic [15, 16]. Also, deep learning
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algorithms extract relevant features from a picture, trans-
mit them through multiple layers of neural networks, and
finally perform classification [17]. In this systematic review
and meta-analysis, we intended to estimate the diagnostic
accuracy of HCR and deep learning algorithms in detect-
ing LNM of head and neck cancers on different imaging
modalities.

Methods

In adherence to the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) statement
guidelines [18], we performed a comprehensive search
across PubMed, Scopus, Web of Science, and Embase. We
designed a search string for each database, including key-
words for (“artificial intelligence” OR “artificial neural
networks” OR “machine learning” OR “deep learning” OR
“convolutional neural network” OR “automatic detection”
OR “radiomic” OR “radiomics”) AND (“computed tomog-
raphy” OR “computed tomography scan” OR “CT scan”)
AND (“lymph node” OR “lymph nodes” OR “nodal” OR
“node” OR “metastasis” OR “metastases” OR “lymph node
metastasis” OR “lymph node metastases”) AND (“head and
neck neoplasm” OR “head and neck cancer” OR “head and
neck squamous cell carcinoma” OR “HNSCC”). Moreover,
we conducted a manual examination of the references sec-
tion of the included studies, searching for further relevant
papers.

Two researchers independently reviewed each article’s
title, abstract, and/or full text and assessed their relevance to
the inclusion criteria. In case of any disagreements, a con-
sensus on whether to include the study was reached through
consultation with a senior co-author. The AutoLit platform,
created by Nested Knowledge in St. Paul, Minnesota, USA,
was used to assist with deduplication, screening, and data
extraction.

Relevant studies reporting at least one discrimination
statistic for radiomics and/or deep learning models were
eligible for inclusion. We imposed no limitations regard-
ing the country, study design, year of publication, or patient
characteristics. We excluded non-English publications, case
reports, and case series with less than five patients, as well
as conference abstracts, review articles, and editorial com-
ments. We extracted data such as the first author’s name,
year of publication, imaging modality, assessed condition,
sample size and demographics, segmentation method, refer-
ence test, developed diagnostic models, and the discrimina-
tion statistics of the primary model.

In this systematic review, we utilized the METhodologi-
cal RadiomICs Score (METRICS) checklist to evaluate the
quality of the included studies [19]. The METRICS checklist
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offers a detailed framework for scrutinizing key method-
ological aspects pertinent to both handcrafted radiomics and
deep learning models. The evaluation encompasses several
domains, including study design, imaging data, segmenta-
tion, image processing and feature extraction, feature pro-
cessing, preparation for modeling, metrics and comparison,
testing, and open science. Each domain comprises multiple
questions, each assigned a specific weight, enabling a com-
prehensive assessment of the studies’ methodological qual-
ity [19].

Statistical analysis

After conducting an extensive review and extracting rel-
evant data, studies that satisfied the inclusion criteria were
integrated into a random effects diagnostic test accuracy
(DTA) meta-analysis. The criteria for quantitative synthe-
sis mandated the inclusion of true positive, true negative,
false positive, and false negative values derived from diag-
nostic accuracy metrics reported in internal validation sets,
including those utilizing n-fold cross-validation. For stud-
ies presenting multiple models, the primary model for each
imaging modality was selected for the main meta-analysis,
while additional models were included in subgroup analyses
as appropriate.

We had an a priori assumption that diagnostic indices
might differ among studies utilizing various imaging tech-
niques. As a result, subgroup analyses were performed to
compare these techniques within the meta-analysis. It was
suggested that there might be significant differences in
model performance based on their architecture, specifically
between models employing deep learning feature extraction
algorithms and those using HCR feature extraction meth-
ods. Additionally, we hypothesized that models based on
radiomics or deep learning features from tumor ROIs ver-
sus those based on features from lymph node ROIs might
influence performance. Thus, these factors were identified
as critical variables for subgroup analyses.

The DTA meta-analysis employed the bivariate model
proposed by Reitsma et al. [20]. Meta-regression using this
model facilitated the exploration of differences between
subgroups. Summary Receiver Operating Characteristic
(SROC) curves were generated from the bivariate meta-
analysis data, with study-specific estimates on these curves
weighted according to their contributions within a random
effects univariate Diagnostic Odds Ratio (DOR) model. To
evaluate the overall diagnostic performance of the models,
the area under the SROC curve (AUC) and its confidence
intervals were calculated for each subgroup using 2000
sample bootstraps based on the bivariate model [21].

Heterogeneity was assessed using the 12 metric, based
on the approach by Holling et al. [22]. An 12 confidence

interval exceeding 25% indicated heterogeneity, prompting
sensitivity analyses based on the DOR univariate meta-anal-
ysis to identify potential outliers. Identified outliers were
re-analyzed to confirm the robustness of the findings. Addi-
tionally, publication bias was evaluated using a generalized
Egger’s regression test for DTA meta-analysis, which exam-
ined funnel plot asymmetry using 2000 sample bootstraps,
as recommended by Noma et al. [23].

All statistical analyses were conducted using the R soft-
ware environment (version 4.2.1, R Foundation for Statisti-
cal Computing, Vienna, Austria), utilizing the R packages
“Mada,” “MVPBT” [24], “dmetatools” [21], “Metafor”
[25], and “meta” [26].

Results
Screening and selection of articles

A systematic literature search, following a predefined strat-
egy, identified a total of 783 articles. After removing dupli-
cates, 506 papers underwent initial screening based on the
title and abstract, resulting in the exclusion of 459 articles.
The full text of the remaining 47 papers underwent full-text
review. Following a comprehensive examination, 24 articles
were excluded as they did not align with the study’s aim.
In the end, 23 articles that met the inclusion criteria were
identified and included. The screening process and eligibil-
ity criteria adhered to PRISMA guidelines, and the PRISMA
flow diagram illustrating the process is presented in Fig. 1.

Study and patient characteristics

Twenty-three studies developing radiomics and/or deep
learning models for diagnosing or predicting LNM in head
and neck cancer patients were included in the study. Table 1
provides detailed demographic information from the chosen
studies, describes the technical features of the models, and
provides the diagnostic accuracy metrics for the primary
models established by each study.

The included studies developed models using features
extracted from various imaging modalities. CT imaging was
used in 12 studies, MRI in six, PET/CT in three, while PET
and intraoral US were each used in two studies. Further-
more, in most studies, the reference standard for evaluation
was the surgical histopathology of lymph nodes obtained
from dissection. Fourteen studies focused on analyzing
radiomics features derived from lymph nodes, whereas
nine studies focused on the features of primary tumors. In
terms of the radiomics features utilized, 18 studies used
hand-crafted features to develop their models, whereas
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Identification of studies via databases and registers
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Fig. 1 PRISMA flow diagram showing the review process, PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses

seven studies integrated deep learning algorithms for fea-
ture extraction. Of these, two studies combined deep learn-
ing with HCR features, and five exclusively employed deep

learning features.
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Quality assessment

The quality of the models in the included studies was
assessed using the METRICS checklist, with the com-
prehensive results displayed in Table A.1. This analysis



453

Neuroradiology (2025) 67:449-467

SQINJB9y
[eOTUI]O JNOYIIM SurSewr UonoISSIP
pue yim ANT 10} sypuowt N [B91A199 Suro3
asouSerp 0} YDOH € UIYJIM UOT)  -IOpUN BUIOUIOIED
uo paseq [dpow NT -09SSIp apou pue|3 K1earfes
%88 DNV N'T oy} JO somy  JSOI0J WOpURI & 9} JO UON (SNT  ydw4f feora 10 DOSNH [ev]
04,8 109dS  -BOJ YT UO pPaseq pue saIMed) Y  -eIuowdos €69) -1 Ul juAwW o1)B)SBIOW-UOU 810C
%18 Sue§ (_NTEN@) NND U0 paseq SNND ¢ [enue]N ASoroyredoisty SN SN 0LT  -9AJ[OAUI NI M syusiied LOodD ‘uuey]
‘UOISIOXD
Jown) [ed13Ins
Suro3iopun uon
-BUIWIEXD ISIY
1€ JUOUIOAJOAUT
(Aw0309ss0[3  JAN'T [BO1AI00 OU
[enaed) uon (I (UorsudWIp
-e1odo 10yye 1$9)8I3) W
%88 10NV SI0Y dn-mofjoy uet)) Jo[[ews sn [cy]
04,8 :00dg Jown}  Je[nIue}oar (soTewn JeaA-7 Fur DDS an3uoy 191ddop 610C
%18 Suag 9y} JO saImyea) Y1 U0 paseq NNO  dT [enueN ASoroyredoisty SN %0T1T +€1) T -Inp JANT s syjuslied  [elo-enuj ‘il
%08 DNV SIOY [L1]
%18 :0odg sogew N'T Suisn AN [BO1AI00  Ie[n3uejoal (SN J0S 610C
%SL SUS§ SSOSSE 0} saInjea) YT U0 paseq NNO  dT [enue\ A3ojotpedoisiy SN %L99Y 1) 1¥ NNT [el0 im sjusied LoD ‘ilry
ayeydn [eo
-13o101sAyd
JO uonarap
[enuew Aq
Ppamorox
suiq pue sui3d d10uW I0
-1ew Jerown)riad Sgzjo
(u1q 01 JUSIOHIp M A]S yim
‘WWI-¢) UONEN[BAD  UONBN[BAD [RIIIUL suor3ar
[2668—  [eniur ur Jownj oy} ur Jowny oy} Jo Jo uon
69] %6L DNV JO saImied] YDOH U0 SAImed) YDH U0 -BIUdWI3S (uoneurIEXd [1%]
9%0L :9odg Pposeq [opow Uols  paseq S[Opoul Uols dgonew  (A3ojoyredoisiyF) $1F99 dn-mojjoy 31s13) DOS onuoy €20C
9,59 :SUag -so13a1 ons130] -so13aronsido] -one-rweg  dn-mofjoj [eowur) QS FUBN  9,0S € Of Suump WNT s syuaned 1ad  ‘yopny
(uoneprjea
[euIo)UT) [opOW poyrowr (%
urewr 9y Jo douewl [opowt pasodoid sjopouwt pado uone) Jrewd ) ozis uonIpuod Aypepowt Teax
-10310d onsouselq urew o Jo soadg -19A9P Jo soadg -uowdag 159} QOURIOJIY 93y  1opusen opdureg Passassy ordwres Apnyg SuiSewry  “Joyiny

padofaaap Aay) S[opowW Jy} pue SAIPNIS PAPN[OUI S} JO SOISLIdJORIRY)) | d|qe]

pringer

As



Neuroradiology (2025) 67:449-467

454

I9)oWeIP-110yS
Se ons saInjea)

LD-HD dAneI

[2696— on[eA 1ojoweIp 1I0ys pue N'T woj NI -doaxd yyim uon
98] %€6 0NV Wim Suofe NIyl  SeIea) YDIH U0 Y jo uoy -09sSIp N'T 3oau (9]
2007 :99dg  Jo saames) YDOH uo poseq IoYISSe[d  -BJUOWZS (NI JUSWIOAJOAUT Aq parean DDOS (®) 120T
%08 SUSS  Paseq [9powl INAS NAS WM S]SPON - (T [EnUBN ASoroyredoisty 8F) TS %ty 100) €T NT [eI0 Qim sjudned 1DdD  ‘eywof
sonjeA DAV Mel ‘NI
puUE IOJOWEIP Xew oy} JO I9joUWRIp
uo ejep yym Suofe WNWIXEW pue son TN 2anerodoard
‘Buifewrt [1-4D  -[eA DAV MOYIM N1 [I1A TOTO3SSIP
%€8 -V  PUBJMAUINTRY} PuB M YIH U0 a4} jo uon NT30ou £q [sv]
%9. :92dS o saimes] YDHH uo paseq Joyisse[d  -ejuowsos Fy1F) JUSWIAJOAUT  Pajeas) DDSNH 7202
%€8 :SUaS paseq [opowr YT T WM S[SPOIN d € [enuB]N ASoroyredoisty 9°¢S %9T 091 NT Pim sjusiyed RN ‘Suepm
BOIR
Jowrnmuiad Jo s[o
SOINJLJ [BOIUI[D  -AJ] JUAIOYIP YHm
s Suofe (1) SIOY [eown) (im SAep (¢ UM
SuiSew YN Ul BAIE  SQINJBIJ [BOTUI[O TN 2anerodoard
[2668—  [erowmuod wwi 0]  INOYIM PUB YIM Jowny pue uond9ssIp N'T
$81%L8 10NV pue JowWwN} Y} JO  SAINJed] YDH U0 2y} JO uon yoou Aq pajean [#¥]
%6 :0odg SoIMEd] YOH UO  poseq SIdYISSe[d  -BJudwsas 9€1¥) JUOWIDAJOAUT I00ued onduoy 1202
%6L -SUSS  Paseq [9poW WAS INAS M S[9PON - d € [enuejy ASojoyredoisty 808 %6¢ 9¢€C N1 Yim syusned RN ‘Buem
‘NT°mpjo
SaImes) YOH uo 1D0-dD0+.14dd
paseq SIOGISSe[d aaneradoard yim
NAS Ynm [opour puE UOT}O9SSIP
N9y @ pue 3urpng uorn N1 N1 oou 3ur
%86 -D(1V  JO SeImes) YT U0 -Uspejnoylim pue o) jo uon (SNT -o31opun DS [91]
%6 :0odg paseq [opow NND )M SIOYISSB[O  -BJUSWITOS 16L) JUSWIDAJOAUL [eo3ukieydoio 1202
%16 :SUSS papms-uonuony  NND Wi SPPON (€ [enueiy ASojoyredoisty SN SN 6¢C1 N1 M syusired L1O-1dd Loltie)
%e8 :02dg
%86 -SU35 (13d
-1 “10:18d ‘1D) sme)s [earuy
%*¥6 -0odg SANI[RPOW JUIDY pue saFewr oy} uo
%6 SUS§ -JIp WOJJ SaINJedy paseq 1s13o]o1pel
-1O-Ldd (N'T oy Jo samy  J1d Io/pue YOH N1 QUIdIPAW Jed[onu JUSUIOA[OAUT
%78 :09dS -89y Y1 pue YDH UIM IOYISSB[O  OU) JO UON & pue )s150[0ou0 N7 . snorord BWIOUTOTED [¥€]
%86 :SU9g uo paseq [dpow INAS PUB NND  -Bjuowidos uonerpel e £q juow (N1 -sns,, 10 Judw yosupuepeay  1dd ‘LD 6102
1dd  NND) [opowr pLghH YU S[OPOJN. - (€ [eNUBJN  -SSISSe SnSuasuo’) SN SN OLI) I -9AJOAUI N'T s siuoned  -LHd ‘LD LEle)
(uoneprrea
[euIIUT) [opOW poyrouwr (%
urew 2y} Jo sduew [epow pasodoid sjopow pado uoye} o[eway) ozIs uonIpuod Kyjirepowr Teox
-10310d onsouselq urew 9y) Jo soadg -19A9P Jo soadg -uowgog 159} Q0UAIJY 93y  1opusn opdwreg Passassy ordwres Apmyg SuiSew)  Joyny

(penunuoo) | ajqeL

pringer

As



455

pringer

As

(uorsuowiIp
3s93Ie]) WO | uey)
10318] JOWN) YIM

uond9ssIp N'I

SaInjedy [ed
-TUI[O JNOTJIM pue
P NT oyl Jo

BJEp [BOIUI[D YUM NT  S2Injes) YDH uo yoou Aq payean
[%L6— oy Josamyedy YDH  Paseq SISYISSE[o JUSWIOA[OAUT syuened DDS [s1]
YL] %$8 :DNV ~ UO paseq [opowr YT YT WM S[PPON € [enueiy ABojoyredoisty  (£'6F) 685 SN ST N1 [edSukreydodiy DN 20T T
10-1dd
aaneradoard
)M UOTJOOSSIP
%66 DNV (NT 3joou Furogropun [os]
%06 :92dg N7 9y jo safewr 1D-19d JIe[nduejoar [6L) JUSWIOAJOAUL saned DDS 020Z ‘TS
%6 SUS JO saImeay Y1 U0 paseq [epowl NND (¢ [EnUB K3ojoyredoisty SN SN 6C1 N1 [ea3ukreydoip 1D-1dd -1odoyoq
‘Surures]
IoJSueI) oYM
pue A “[opowt
uoneuowW3as B
woly soInjed) NI
pojuow3os-ojne 1D 9aneradoard
Suisn ‘SN Jo SN'T [+9 ILM UONOSSSIP
Surures] 1oJsuen  SoINIE9J YT UO O JO uon ‘] 1¥°SS (N1 N'T 2A199]9 £q
opcl 00dS  m saSewnr [D-gD  Poseq oIMOdIYdIe  -ejuowdos ([ao1] 109S)  JUOWIOAJOAUI parean syuaned [82]
%¥"0L SUeS UO paseq NNO NNDO WM S[SPON. - dhetuoiny A3ojotpedoisiy ueIpau) %8C 9911 N1 Jooued [BIQ 129D €20t ‘nX
Surdewn
LO-Hd U SNTJo
[96001—  SuiSewn [D-gQur  soimyes) YDH uo NT uowoads
L8]1%96 10NV SN'TJO SaIMEed) YOH ~ Paseq SIOYISSE[d ) Jo uon [eorSojoted uon [67]
%98 :92dg U0 Paseq IOYISSe[d Tdpue WgD  -Bluowigos (N'T JUSWQAJOAUI  -OISSIP JIU [PIm 610C
%001 SUa§  JNEGD Y S[SpON UM S[OpON. - ¢ [enuey ASoroyredoisty 69 %0S TI¥) 0§ NT swened DOSNH 10dd  ‘Ipws
[2%96 — Jouwn oy} Jo uoiseAur jo yydop Jowmny
LL1 %L8 20NV Poseq-TYIN Pue DAV Pue [YIN-HOA 9y jo uon [8¥]
298 :0adg INOYSeM pUE UI-YSem JO SaInjed) YOH  -ejuowsos JUSUIDA[OAUL 20T
%6L SUdS UO Paseq IOYISSE[O YT YIM [opow (€ [enUBI K3oroypedoysty  (T'01F) €S %t SS NTHNOdO  DDS anduo) [e10 N ‘uoy
1D 2aneradoard
[%96— NT [ILA UOTIOSSSIP
8L1 %06 :0NV ay jo uon N'T ¥oou Sur [L¥]
9456 0adg SN'TJO saImed) YIg  -eIuowgos (NI JUQWIOAJOAUT -0319pun DD Q) 1202
%L9 SUS§ U0 Paseq IoUISSe[d NND m [opory (¢ [enuey ASorotpedoisty F1¥) ¥9 %I¥ 0TE) 6€ NT [elo Jm sjusned 108D  ‘euwog,
(uoneprrea
[euIIUT) [opOW poyrouwr (%
urew 2y} Jo sduew [epow pasodoid sjopow pado uoye} o[eway) ozIs uonIpuod Kyjirepowr Teox
-10310d onsouselq urew 9y) Jo soadg -19A9P Jo soadg -uowgog 159} Q0UAIJY 93y  1opusn opdwreg Passassy ordwres Apmyg SuiSew)  Joyny

Neuroradiology (2025) 67:449-467

(penunuoo) | ajqeL



Neuroradiology (2025) 67:449-467

456

AwoyoouopeydwA|
pue A1931Ins
%16 DNV N'T oy jo syodax 10 Surpnjour ‘sainy uado FuroFiopun [ss]
%18 :02dg -B0J [BOIUI[O pUE JOWN] JUf) JO SAINJLI JUSUIDAJOAUT syuoned DDS €20T
%1798 :SUSS  YDH UO paseq IogISSe[do YT UM [PON - (€ [enuBy ASojoypedoisty  (8'8F) 79 %S ¥ NT [eaSukre] LoD ‘oeyz
A1331ms 210J2q
SAep (g uey)
SS9[ LO-dD ynm
s1ojowrerediadAy UOT}03SSIP Joou
JO S[9A9] JUSIIPIP PUE UOT}O9SI
M ‘Town) oy Jowrny Arewrnad
[%69°66— T°68] WOIJ SoINJBdy Suro3ropun N'T
%€v6 :ONV YDH uo paseq [8O1AI00 paSIe[us [¥s]
%679, :99dg  J0owN) A} JO SAINJLIY SIOYISSR[O NNV &1 ¥) pue DDS an3uoy 20T
%]1°€6 SUSS  YDH UO paseq NNV UM S[9PON - d € [enUeN A3ojotpedoisiy I'ss %01 €1¢  SmeIs [epON M syusied 1odo  ‘Suoyz
(Sunyew-uorsroap ‘BIEp
10J pasn jou sem [eorur[d InoyIIMm
JNq [opOW OYI UT  PUE. YPIM ‘N'T oY} dn-morjoj jo
juosald sem ejep  Jo saanjed) YDH syjuow 7 39|
[eorur[d) N1 oy uo paseq SI9YIs 16 pue Surew
Jo samedy YOH  -Se[0 PIseq-1saio] (9861 LO-HD s [es]
%001 :02dg )M [opOW Paseq  UOISIOOP pue Y] (A3ojoysedoisiyF)  :o3uer) g¢ juowaAjoAul  syuaned DOSILO 7207 ‘119
%001 :suag -18910] UoIsa(g M S]PPON - € [enuely  dn-mopjog [edrurf) ‘uerpau - 9406°09 I8 NT oBe)s-ALreg LOdD  -wwon
SurSewt [+1]
%L9 :92dg lowm oy} 3o 159 Jo seImesy (96-¢¥ 1D-3a ynm 610¢
%001 :SUSS  YOH UO paseq IOYISSE[d T YIM [OPOIN (I [enuejy ASojoypedoisty  :o3uer) g9 %LE L8 smus[epoN  sjuened DOSNH LOAd ‘ueysiog
uono9[os
QInJed) oYM
Uuond9[as 0IMed]  PuUB YIM ‘N JO
YIM ‘NTJO SoImjed)  soInjesj YDH Uo TN
MDH UO paseq SIOYIS  paseq SIOYISSe]d aanesadoard pue
-SB[O J10M)AU [BINSU JI0MIoU [eINOU  NT JO uon s)nsa1 A3ojo1p
%69 :0odg uondoorad 10Aen  uondoorad 1oken  -ejuowdos (N1 juowoAjoAur  -edoisiy N'T ynm [zs]
%06L SUSS [N IM [SPON. -[NW PIM S[9PON - € [enUeB]N ASojoyredoisiy SN SN 89)§¢ NT swened DOSNH AN 0Z0T ‘°H
Jowmny
Arewnd woiy
Jowny Arewrad oYy seInjesj YDH uo
WOl SOIMEBd) YDH  PIseq SIOYISSe[d apou [16]
Uo paseq Ioyisse[do LN PUE TNAS (IL1#) NNT oA1ESU YIIm sn €20¢
%L6 -DNV LN PIM [PPOIN A€ PIM S[PPON - (T [BnUBN ASojoyiedoisiy 79 %lh 0CI  [edIAI90 91e] I00UED ONJUQJ,  [BIO-BIU[  ‘IYSIUOY
(uoneprrea
[euIIUT) [opOW poyrouwr (%
urew 2y} Jo sduew [epow pasodoid sjopow pado uoye} o[eway) ozIs uonIpuod Kyjirepowr Teox
-10310d onsouselq urew 9y) Jo soadg -19A9P Jo soadg -uowgog 159} Q0UAIJY 93y  1opusn opdwreg Passassy ordwres Apmyg SuiSew)  Joyny

(penunuoo) | ajqeL

pringer

As



457

Neuroradiology (2025) 67:449-467

pnosenyn :gn ‘pASIOM-7 L = MZL ‘SouIyoewr 103094 110ddng [N AS ‘onjea oyeidn pazipiepue)s
'ANS ‘Aioyroadg :0adg ‘onbruyoa], Surjdures-10AQ AJIOUTA OBYPIUAS ‘HILOINS ‘ANADISUSS SUSS (UONBIAIP PIepuels :(JS ‘BWOUIdIR) [[90 snowenbg :))S sa1djur Jo uoI3ar :JOY 159104
wopuey] ;1Y ‘AydeiSowo) uorsstwo uonisod ;1 J ‘ewourored [[99 snowrenbs on3uoj [e10 :))HS IO 1500q Yue) [eIndN ‘g LN ‘PoyIoads jou :SN ‘sokeq oAreN :gN ‘SuiSew 0oueuosaI orjougew
YN ‘uorssardar onsi3o] YT ‘siseysejowr apou ydwA] ANT opou ydwAy (N7 oSuer onrenbiojur YO ‘ewourored [[90 snowenbs yoou pue pedsy :DDSNH ‘Sorwoiper payjeropuey YOH
‘auryoey Sunsoog judrpeln (NGO ‘Surdewt payydiom uoisnyiq A SHoMIdU [enp JoN[en  sorworpel paseq-Jurures] doap Y 1q ‘AydeiSowoy payndwod AF1ous-ren( 1 DgQ ‘Surdewr
Q0UBUOSAI J1JAUIBUW PIOUBYUS-ISBIIUOD JTWRUAD [[YN-FD SMI0MIdU [BINAU [RUOTIN[0AUO0D NN ‘AydeiSowo) payndwos paouequa-jsenuod ;1)) Isa10j densiooq ;g 9AIno oY) Iopun eoe
DNV SH0MISU [eINdU [RIOYNIE NNV SUSI0J009 uoisnyip juaredde ;D V {[eUOISUSWIP 9IY L, ((J€ {[RUOISUSWIP OM], (T ‘SISeISBIdW dpou YdwA] [BIIAIN 3[N000 ANTDO SUONBIAIIQQY

‘spoyjow Surd

-wresal FLONS
Sursn jnoyim pue

IM ‘SNT [9A9] jusuea}
Suridwresar  yoou sjoym 1o N'T 210J9q JAN'] ou
ALOINS M [9A9]  J[IuIS JO saInjed) N-MO[[0] PUE UOISIOXd ATew
%86 DNV 9pou )oau Yoe Jo ADH uo paseq (16-C2 [eorur]o J89K -11d Suro3iopun [L2]
%58 :9adg saInjed] YOH U0 SIOYISSB[O JUAIJ (A3ojopedoisiy ¥)  :o3uer) ‘g9 ] Uo paseq 190ued on3uo) 20T
%99 SUSS  Paseq [oPoW WAS  ~JIP YN S[OPOIN  (J¢ [enuey  dn-mofjoj [edrur[) ‘uerpaw - 9%0€°0S 191 NNTDO0 Pim sjusied 124D ‘oqny
sogewt
[1L-9D lo/pue
MTL ur Jowmy uondassIp N'T
Jowmn) 2y} Jo sagewl 2y} Jo saImed) JO2U pUB UOISIOXD
%C°08 DNV MTLPUB M\ [-HD JIDOH uo paseq Jowny Arewrtad [62]
%1°78 100dS WOl saIMBJ YDH  SIOYISSE[O JUIJ JUSUIDA[OAUT SuroS1opun 1202
%¢€"€9 SUSS PIM [opow gN  JIPp PIM S[9POIN - (€ [BNUB]N ASojoyiedoisiy (T1¥) ss %1t 911 NT swened DOSIO TN ‘ueng
(uonepifea
[euIIUI) [opow poyow (%
Urewr ay) Jo dduBW [opow pasodoid sjopow pado uone) orewa,]) az1s uonIpuod Ayjepowt Ie0X
-10310d onsoudelq urew 3y Jo soadg -[2A3p JO soadg -uow3ag 159 90URIRJOY a8y 1opuon ojdweg Passassy ordures Apmg SuiSewry  ‘Joyuny

(ponunuoo) | 3|qeL

pringer

As



458

Neuroradiology (2025) 67:449-467

showed a median METRICS score of 73.3%. Scores varied
from a minimum of 58.1% to a maximum of 95.2%, reveal-
ing “good” methodological quality in most of the included
studies, with certain concerns especially regarding the lack
of validation, robustness, and generalizability of the models.
Among the included studies, only one had an external vali-
dation set [43], while many lacked appropriate internal or
external validation methods, which are critical for prevent-
ing information leakage.

Meta-analysis of models based on CT, MRI, and PET/
cT

We evaluated the differences in diagnostic accuracy among
models using features derived from CT, MRI, and PET/CT.
Due to the absence of external validation in most studies, all
analyses were confined to internal validation sets. Figure 2
demonstrates the SROC curves comparing the diagnostic
accuracy across these imaging modalities. Our findings
indicated that the pooled AUC values were 91% (95% CI.:
83-93%) for CT-based models, 84% (95% CI: 73-89%) for
MRI-based models, and 92% (95% CI: 90-97%) for PET/
CT-based models. This analysis suggests a trend towards a
difference in diagnostic accuracy among these modalities
(»=0.076).

Paired forest plots for this analysis are represented in
Fig. 3, showing pooled sensitivity and specificity of 82.4%
(95% CI: 76.9-86.8%) and 86.6% (95% CI: 80.9-90.7%)
for CT, 75.3% (95% CI: 67.3-81.9%) and 81.1% (95% CI:
73.0-87.2%) for MRI, and 91.5% (95% CI: 87.2-94.5%)
and 92.5% (95% CI: 90.4-94.1%) for PET/CT, respectively.
Due to the marginally significant difference observed in the
bivariate model, a post-hoc analysis was performed, indicat-
ing a higher sensitivity for PET/CT-based models (p =0.02).

Substantial heterogeneity was observed within CT (I*:
45.1 —86.6%) and MRI (1% 28.1 —32.8%) subgroups.
The leave-one-out analysis identified studies by Kubo et
al. (2022) and Xu et al. (2023) as outliers in the CT sub-
group [27, 28]. Following their exclusion, Fig. A.1 shows a
revised forest plot, and the statistical significance of differ-
ences in diagnostic accuracy among the imaging modalities
was confirmed (p<0.01). Further post-hoc analyses also
revealed higher sensitivity and specificity for PET/CT mod-
els (p<0.01) after excluding these outlier studies.

Meta-analysis of deep learning versus hand-
crafted radiomics models

We explored the differences between models that utilize

deep learning algorithms for feature extraction and those
that employ HCR features. The analysis was limited to

@ Springer

internal validation sets due to the lack of external valida-
tion in most of the included studies. Figure 4 displays the
SROC curves for these model types. The pooled AUC was
92% (95% CI: 85-95%) and 91% (95% CI: 83-92%) for
deep learning models and HCR models, respectively, with
no significant difference in diagnostic accuracy observed
(p=0.993).

Figure 5 presents paired forest plots for this analysis. The
corresponding sensitivities and specificities were 83.0%
(95% CI: 77.7-87.3%) and 87.1% (95% CI: 80.9-91.5%) for
HCR models, and 84.4% (95% CI: 77.8-89.3%) and 87.1%
(95% CI: 81.2-91.3%) for deep learning models, respec-
tively, with no significant difference (p =0.993). Substantial
heterogeneity was present in both groups (DL: I2: 72-92.9%,
HCR: I%: 31.5-65.3%). The leave-one-out analysis identified
Kubo et al. (2022) and Yuan et al. (2021) as outliers in the
HCR group [27, 29], and the forest plot excluding these
studies is presented in Fig. A.2. After excluding the outliers,
the difference in diagnostic accuracy remained insignificant
(p=0.982).

Meta-analysis of models based on radiomics
features from lymph nodes versus primary
tumor

We explored differences between models based on radiomics
features from lymph nodes versus primary tumors. The
analysis was limited to internal validation sets due to the
lack of external validation in most of the included stud-
ies. Figure 6 shows the SROC curves comparing the two
groups, revealing a pooled AUC of 92% (95% CI: 86-94%)
for lymph node models versus 89% (95% CI: 77-92%)
for primary tumor models, with no significant difference
observed (p=0.261).

Figure 7 presents paired forest plots for this analysis,
demonstrating pooled sensitivity and specificity of 84.8%
(95% CI: 79.4-88.9%) and 87.5% (95% CI: 82.4-91.3%) for
lymph node models and 78.0% (95% CI: 70.7-84.0%) and
84.9% (95% CI: 79.9-88.8%) for primary tumor models,
respectively.

Substantial heterogeneity was observed within both
lymph node (I2: 60.6 — 88.7%) and primary tumor (12: 39.8
—72.3%) groups. Leave-one-out analysis identified the
study by Yuan et al. (2021) as a significant outlier in the
primary tumor group [29]. The absence of a significant dif-
ference was consistent after the exclusion of this study, as
shown in Fig. A.3 (p=0.736).
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SROC curves for radiomics and DL models
based on different imaging modalities

o |
e 0)
@
© _|
o
>
S
:‘%
=
()
(7))
<
o
N
N
—e— CT-AUC: 0.91 [0.83 - 0.93]
- —=— MRI - AUC: 0.84 [0.73 - 0.89]
2 —A— PET-CT - AUC: 0.92[0.9 - 0.97]

| | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate
Difference between subgroups (bivariate model): p = 0.076

Fig.2 Summary Receiver Operating Curves (SROCs) for subgroup meta-analysis comparing models based on different modalities, The between-
group difference is derived from the bivariate model, AUC: Area under the curve. DL: Deep learning
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Study Model Specs Sensitivity % 95% C.I. Specificity % 95% C.\.
Kann, 2018 CECT/CNN/DLR /LN — 846 g —— 864 [75.5; 82.2)
Arig, 2019 CECT/CNN/DLR /LN - 756 [ - 80.9 [76.1; 84.8]
Seidler, 2019 DECT / GBM / HCR / LN —_—a— 88.9 [ - 90.9 [59.8; 97.1]
Farghani, 2013 DECT / RF / HCR { tumor W 000 (8 L] 66.7
cl (CT) CEC NN / HCR + DLR / LN - 98.0 [¢ - 824

CECT / SVM /HCR / LN / +short diameter - 90.0 [ & 1000
CECT/CNN/DLR /LN - 66.7 s - 953
Committeni, 2022 CECT / forest-based / HCR / LN —_—a 100.0 (6 —_—a 100.0
Zhong, 2022 CECT / NN { HCR / tumor - 846 [77.6; 89.4] - 206
Kubo, 2022 CECT/SVM/HCR/LN — 957 [84.3; 98.3) - 98.3
Xu, 2023 CECT /CNN/ DLR / LN (autosegmented) - 704 [64.8; 75.4] - 728
2Zhao, 2023 CECT /LR | HCR / tumar / +CT reports —_ 841 [73.2; 80.5) - 86.1 [82.2; 88.1)
— 824 [76.9; 86.8] e 86.6 [80.9; 90.7]
Ho, 2020 MRI (CE)/ NN/ HCR /LN - 795 [63.9; 88.6] - 69.0 [50.4; 82.1]
Wang, 2021 MRI (T2)/ SVM { HCR / tumar + peritumoral / +clinical — 78.8 [61.6; 88.6] —— 935 [81.4; 97.2)
Yuan, 2021 MRI (T2+CE) / NB / HCR / tumor - 633 [49.1;75.0] o= 821 [70.8; 89.0]
Wang, 2022 MRI (CE-T1+DWI) / LR / HCR / LN / +max tiameter and ADC value - 826 [61.8;92.1] + - 76.5 [51.9; 89.3]
Ren, 2022 MRI (DCE) / +ADC / tumor image —— 794 [62.5; 89.0) — 857 [64.0; 54.0)
= 753 [67.3; 81.9] — a1.1 [73.0;87.2)
Chen, 2019 (PET-CT) PET-CT / CNN / HCR + DLR / LN - 939 [82.5; 97.4] - 94.1 [70.6; 98.1)
Dohopolski, 2020 PET-CT/CNN /ODLR / LN — 889 [65.5; 95.8] - 905 [84.9; 93.9)
Chen, 2021 PET-CT / CNN (ag)/ DLR /LN L 912 [85.8; 94.4] - 931 [90.7; 84.7)
— 9Nns [87.2; 94.5) - 92.5 [90.4; 94.1)
Random effects bivarlate model - 825 [78.2; 86.0] - 86.3 [82.4; 89.5)
Between-group dierence (p: 0.076 f T Ll L r T T T T 1
12 [54.3%-54.9%] 50 70 8 90 100 50 60 70 80 90 100
Sensilivily Specifcity

Fig. 3 Paired Forest plots for the subgroup meta-analysis comparing
models based on different modalities, The between-group difference
is derived from the bivariate model, ADC: apparent diffusion coeffi-
cient. ag: attention-guided. CE: contrast-enhanced. CECT: contrast-
enhanced CT. CI: Confidence interval. CNN: Convolutional neural

Assessment of publication bias

Figure 8 depicts paired funnel plots used to assess publica-
tion bias and small study effects in the diagnostic accuracy
reported by the primary models of each study. A significant
publication bias was confirmed through Generalized Egg-
er’s regression test (p < 0.005).

Discussion

The result of the present systematic review and meta-anal-
ysis demonstrates the promising accuracy of radiomics and
deep learning models in diagnosing LNM in head and neck
cancers, with a pooled AUC of 91%, 84%, and 92% for CT-
based models, MRI-based models, and PET/CT-based mod-
els, respectively. We also retrieved a pooled AUC of 92%
and 91% for deep learning and HCR models, respectively.
These models showed acceptable accuracy across different
imaging modalities, including CT, MRI, and PET/CT, as
well as different pipelines, including those based on cervi-
cal LN images and those based on tumor images, shedding
light on the potential clinical application of such models in
clinical practice.

Our findings are in line with several meta-analysis stud-
ies showing the promising capabilities of precision medi-
cine and radiomics pipelines in diagnosing and predicting
LNM in various types of cancers, including breast cancer

@ Springer

network. DCE: dynamic contrast-enhanced. DECT: dual-energy CT.
DLR: Deep learning radiomics. DWI: diffusion-weighted imaging.
GBM: Gradient Boosting Machine. HCR: hand-crafted radiomics. LN:
lymph node. LR: logistic regression. NB: naive Bayes. NN: neural net-
work. RF: Random forest. SVM: Support vector machine

[30], biliary tract malignancies [31], and colorectal cancer
[32]. For instance, the review by Windsor et al. discussed
breast cancer LNM prediction using radiomics models
based on different modalities and reported excellent pooled
diagnostic accuracy metrics of Artificial Intelligence (Al)-
based models in LNM prediction across various imaging
modalities [30]. Notably, an included study in their review
[33] reported improved sensitivity of radiologists’ LMN
detection while working collaboratively with Al models,
highlighting the importance of integrating radiomics pipe-
lines in the clinical practice of radiologists, leveraging both
visual assessment of radiologists and the radiomics features
assessed by machine learning algorithms.

Our meta-analysis embodied three subgroup analyses, in
which the included studies were categorized based on the
method they utilized to extract features (deep learning vs.
HCR), their ROIs (the lymph nodes vs. the primary tumor),
and their imaging modality (CT vs. MRI vs. PET/CT). the
only analysis where a statistically significant difference was
observed between the subgroups was the latter, with PET/
CT consistently showing higher accuracy both before and
after the exclusion of the outlier studies.

Aside from the higher image quality and the more
detailed training data with PET/CT, another attributing fac-
tor to this finding could be explored within the nuances of
the deployed Al model, such as the use of attention-guided
classification (AGC) in one of the three PET/CT studies
that were included, which was also the one with the high-
est obtained sensitivity and specificity. AGC consists of 2
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SROC curves for comparison between models
based on HCR or DLR features
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Difference between subgroups (bivariate model): p = 0.993

Fig. 4 Summary Receiver Operating Curves (SROCs) for subgroup bivariate model, AUC: Area under the curve. DLR: Deep learning
meta-analysis comparing models based on deep learning vs. hand- radiomics. HCR: hand-crafted radiomics
crafted radiomics, The between-group difference is derived from the
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Study Model Specs Sensitivity % 95% C.l. Specificity % 95% C.L
Kann, 2018 CECT/CNN/DLR/LN —— 846 [73.4;91.0] —u— 86.4 [75.5;92.2)
Arili, 2019 CECT /CNN / DLR /LN —— 756 [67.3; 82.0] - 80.9 [76.1: 84.8)
Chen, 2019 (CT) CECT/CNN/HCR +DLR /LN | 98.0 [88.0; 99.3] —_— - 824 (57.7: 92.6)
Chen, 2019 (PET-CT) PET-CT/CNN/HCR + DLR/LN — 93.9 [B2.5; 97 4] — 94.1 [70.6:98.1]
Dohopolski, 2020 PET-CT/CNN /DLR /LN —— 88.9 [65.5; 95.8] —- 90.5 [84.9: 93.9]
Chen, 2021 PET-CT/CNN (ag) /DLR /LN — N2 [85.8; 94.4) - 93.1 [90.7: 94.7]
Tomita, 2021 (b) CECT/CNN/DLR/LN —- 66.7 [45.1; 82.0) — 95.3 [83.3; 98.2)
Xu, 2023 CECT/CNN/DLR /LN (autosegmentad) —— 704 [64.8;754] - 728 [69.7: 75.7)

— 844  [77.8;89.3] e 87.1 [81.2; 91.3]
Kann, 201 CECT/RF/HCR/LN et 75.0 [62.0; 84.1] —-— 92.0 (83.0: 95.9]
DECT / GBM / HCR / LN - - 889 [54.1; 96.5] ——— 90.9 [59.8: 97.1)
DECT / RF / HCR / tumor & 1000 [896,999] <« - 66.7 [46.4; 81.3]
Chen, 2019 (CT) CECT/SVM/HCR/LN - 98.0 0 - 76.5 [51.9. 89.3]
Chen, 2019 (PET-CT) PET-CT/SVM/HCR /LN - 98.0 - 76.5 [51.9:89.3]
Ho, 2020 MRI (CE)} /NN /HCR /LN - 795 - 69.0 [50.4; 82.1]
Chen, 2021 PET-CT/SVM/HCR /LN - 76.0 = 96.9 [95.2: 98.0)
Wang, 2021 MRI (T2) / SVM / HCR / tumor + peritumeral | +clinical - 788 - 935 (81.4:97.2)
Yuan, 2021 MRI (T2+CE) / NB / HCR / tumor - 633 - 82.1 [70.8: 89.0)
Tomita, 2021 (a) CECT / SVM [ HCR / LN / +short diameter - 90.0 - 1000 [80.8: 99.8)
Wang, 2022 MRI (T1+CE+DWI) / LR/ HCR / LN / +max diameter and ADC value - 826 - 76.5 S 89.3]
Ren, 2022 MRI (DCE) / +ADC / tumor image - -— 794 - 85.7 [64.0; 94.0)
Committeri, 2022 CECT / forest-based / HCR / LN —_—a 100.0 —_—a 100.0 [62.9; 99.4)
Zhong, 2022 CECT /NN / HCR / tumor — 846 — 90.6 [85.0; 93.9]
Kubo, 2022 CECT/SVM/HCR/LN — 9.7 [84.3; 98.3] —. 98.3 [93.3: 99.3]
Zhao, 2023 CECT/LR/HCR / tumor / +CT reports — 84.1 [73.2; 90.5) - 86.1 [82.2: 89.1)
- 83.0  [77.7;87.3) —— 871 [80.9; 91.5)

Batwean-group darence (pf 0.993 T T T 1 r T T T

50 60 70 80 9 100 50 60 70 8 90 100
Sensitivity Spacifcity

Fig. 5 Paired forest plots for the subgroup meta-analysis compar-
ing models based on deep learning vs. hand-crafted radiomics, The
between-group difference is derived from the bivariate model, ADC:
apparent diffusion coefficient. ag: attention-guided. CE: contrast-
enhanced. CECT: contrast-enhanced CT. CI: Confidence interval.
CNN: Convolutional neural network. DCE: dynamic contrast-

modules: (1) an attention-guided convolutional neural net-
work (agCNN) and (2) a classification CNN (cCNN) [16].
Chen et al. reported that their AGC model outperformed
both conventional CNNs and radiomics models. What sets
AGC apart from conventional CNNs is the incorporation of
human knowledge into the training process as well as the
unnecessity of accurate delineation [16]. This will enable
the agCNN module to identify useful regions within the
ROI patch and feed it to the classification CNN, hence the
enhanced accuracy.

In another PET/CT study, Chen et al. developed a hybrid
model using a many-object radiomics (MaO-radiomics)
and a 3D-CNN and fused their outputs using an evidential
reasoning approach [34]. The study suggests that utilizing
a radiomics model alongside a deep learning model could
help experts leverage the advantages of both models and
optimize accuracy.

One of the main advantages of Al-based models is the
promise of early and accurate prediction of LNM, which
can bring about a paradigm shift in cancer management
and significantly improve patients’ outcomes [35]. Also, the
development and utilization of non-invasive methods for
LNM detection will obviate the need to impose costly, time-
consuming, and invasive procedures on the patients. More
to the point, contemporary methods of detecting LNM in
numerous cancerous conditions are highly prone to inter-
observer variability, which can confound the robustness of
the findings [35], while Al-based models, based on robust,
reproducible, and explainable pipelines can potentially

@ Springer

enhanced. DECT: dual-energy CT. DLR: Deep learning radiomics.
DWTI: diffusion-weighted imaging. GBM: Gradient Boosting Machine.
HCR: hand-crafted radiomics. LN: lymph node. LR: logistic regres-
sion. NB: naive Bayes. NN: neural network. RF: Random forest.
SVM: Support vector machine

increase the confidence and accuracy and attain more robust
results.

The use of radiomics models in medical imaging, how-
ever, has its fair share of challenges. For example, hardware
limitations must be resolved to acquire high-quality data.
Moreover, multidisciplinary teams must be formed to set
standards and regulate confidentiality aspects in order to
ensure the auspicious application of Al in clinical practice
[36]. Another concerning obstacle to applying Al in medi-
cal imaging is overfitting. Overfitting occurs when the Al
model is no longer generalizable to the whole population
and only works on the training data [37-39]. In order to
overcome overfitting, data augmentation and a higher sam-
ple size, particularly one that is a true representative of the
whole population, can be helpful [37]. Finally, uncertainty
quantification methods must be incorporated into Al-based
medical imaging in order to improve accuracy and help radi-
ologists additionally scrutinize highly uncertain predictions
and confirm or reject them [16, 40]. Most current radiomics
studies lack these methodological strengths, which poses
a major concern regarding the clinical applicability of the
developed models. Consequently, more effort is required to
develop more reliable machine-learning methods for imple-
mentation in clinical practice.

There are a number of limitations to this study. First, the
substantial amount of heterogeneity observed among the
included studies limits the generalizability of the findings.
Second, it was confirmed that a significant publication bias
exists, which calls for a thorough revision in the process of
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SROC curves for comparison between models
based on radiomics features from LN or tumor segments
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Fig. 6 Summary Receiver Operating Curves (SROCs) for subgroup meta-analysis comparing models based on radiomics features extracted from
lymph nodes vs. primary tumor, The between-group difference is derived from the bivariate model, AUC: Area under the curve. LN: lymph node
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Study Model Specs Sensitivity % 95% C.I. Specificity % 95% C.I.
Kann, 2018 CECT/CNN/DLR /LN . 846 [73.4;91.0] - 864 [75.5, 92.2]
Ariji, 2019 CECT/CNN/DLR /LN - 756 [67.3; 82.0) - 80.9 [76.1; 84.8)
Seidler, 2019 DECT /GBM /HCR /LN e — 889 [54.1; 96.5) —_— 90.9 [59.8; 97.1)
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Ren, 2022 MRI (DCE) / +ADC / tumor image — 794 —— 857
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Fig. 7 Paired forest plots for the subgroup meta-analysis comparing learning radiomics. DWI: diffusion-weighted imaging. GBM: Gra-
models based on radiomics features extracted from lymph nodes vs. dient Boosting Machine. HCR: hand-crafted radiomics. LN: lymph

primary tumor. ADC: apparent diffusion coefficient. ag: attention- node. LR: logistic regression. NB: naive Bayes. NN: neural network.
guided, CE: contrast-enhanced. CECT: contrast-enhanced CT. CI: RF: Random forest. SVM: Support vector machine. The between-
Confidence interval. CNN: Convolutional neural network. DCE: group difference is derived from the bivariate model

dynamic contrast-enhanced. DECT: dual-energy CT. DLR: Deep
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reviewing, publishing, and interpreting Al research. Third,
the included studies were primarily single-centric, lacking
multi-centric external validation, which further limits the
generalizability of the findings. Most of the included stud-
ies used k-fold cross-validation, introducing bias through
the risk of overfitting and information leakage, and did not
provide sufficient data to verify whether all appropriate
measures were taken to prevent information leakage; fur-
thermore, there were not enough studies to do a compre-
hensive subgroup analysis comparing studies with k-fold
internal validation to the others. To the best of our knowl-
edge, however, this is the first comprehensive systematic
review and meta-analysis on the diagnostic accuracy of Al
models in LNM detection in head and neck cancers.

Conclusion

The great potential of Al in LNM prediction was ascer-
tained in our meta-analysis. Deep learning and HCR models
showed similarly excellent performance in detecting LNM
in head and neck cancers, and PET/CT imaging turned out
to be significantly associated with higher accuracy metrics.
Nevertheless, further research is required to illuminate the
clinical implications, pitfalls, and full potential of Al-based
models in LNM detection.
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supplementary material available at https://doi.org/10.1007/s00234-0
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