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Abstract

Background Early detection and management are essential in hepatocellular carcinoma (HCC) care. Artificial intelligence
(Al) is enhancing the precision and efficiency of diagnostic imaging for liver tumor assessment.

Objective This study aimed to characterize the diagnostic performance of Al algorithms for detecting HCC via systematic
review and meta-analysis.

Methods A systematic literature search was conducted in PubMed, Embase, Cochrane, Web of Science, and IEEE Xplore
Digital Library in November 2024 to identify studies evaluating Al algorithms for detecting HCC. Diagnostic performance
data from the included studies were pooled via meta-analysis and compared against human clinicians (11 studies). Subgroup
analyses were conducted based on classification task (binary classification tasks (BCTs) vs. multi-class classification tasks
(MCCTs)), validation type, algorithmic approach (deep learning (DL) vs. machine learning (ML)), and imaging modality
(ultrasound (US), computed tomography (CT), or magnetic resonance imaging (MRI)).

Results Forty-one studies evaluating Al-based diagnostic models were included. The pooled sensitivity (SEN), specificity
(SPC), and area under the curve (AUC) were 87% (95% CI 84-90%), 91% (95% CI 89-93%), and 0.95 (95% CI 0.92—-0.96).
In comparison, 11 studies assessing human clinicians yielded a pooled SEN, SPC, and AUC of 78% (95% CI 73-83%), 91%
(95% CI1 86-94%), and 0.91 (95% CI 0.88-0.93). These findings indicated that Al algorithms were related to high diagnostic
accuracy and exhibited numerically higher performance metrics than human clinicians. Among the encompassed studies, 31
addressed BCTs and ten addressed MCCTs. Subgroup analyses across validation type, algorithmic approach, and imaging
modality consistently demonstrated high diagnostic performance for AI. However, substantial heterogeneity was observed
overall and within subgroups, with no clear source identified.

Conclusions Al algorithms are associated with high diagnostic accuracy for image-based detection of HCC, potentially
surpassing human performance. However, additional prospective investigations with rigorous external validation and larger
sample sizes are still necessary to detect HCC in medical imaging (MI).
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(HCC), is the third predominant cause of cancer-related
mortality globally, reflecting the significance of early detec-
tion and timely clinical management [1]. Chronic liver dis-
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regenerative nodules and low- or high-grade dysplastic nod-
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ultrasound (US), computed tomography (CT), and magnetic
resonance imaging (MRI), have replaced biopsy as the pri-
mary diagnostic reference standard for HCC when lesions
demonstrate the typical imaging characteristics. Biopsy is
now primarily indicated when imaging features are atypical
or when additional pathological information is required [5].
Nevertheless, despite substantial improvements in imaging
resolution and technological sophistication, accurate HCC
detection remains dependent on radiologist expertise, lead-
ing to variability and diagnostic inconsistency, especially in
resource-limited settings. The foregoing limitations impede
diagnostic reliability when using imaging alone, highlight-
ing an urgent need for diagnostic approaches that reduce
dependence on subjective interpretation while sustaining
high diagnostic accuracy.

In liver tumor assessment, artificial intelligence (Al)-
based analytical systems have demonstrated diagnostic
performance that is comparable to, or, in certain studies,
exceeds that of experienced clinicians across multiple imag-
ing modalities [6—10]. By leveraging complex machine
learning (ML) and deep learning (DL) architectures, these
algorithms can extract high-order, non-intuitive imaging
features, thereby enhancing diagnostic discrimination. In
a meta-analysis of 44 studies, Salehi et al. reported pooled
sensitivity (SEN) and specificity (SPC) of 85% and 84% for
Al-based HCC assessment, versus 70% and 85% for clini-
cians [11].

However, existing studies and prior meta-analyses exhibit
important methodological limitations [11, 12] - including
heterogeneous study quality, inconsistent results, and a lack
of granular subgroup analyses - that hinder the formation of
unified conclusions and constrain clinical adoption. There-
fore, we conducted a systematic review and meta-analysis
to evaluate the diagnostic performance of Al algorithms
for HCC detection and to explore sources of heterogeneity
across studies.

Methods

Protocol registration and study design

The study protocol was registered with PROSPERO (Reg-
istration No: CRD420251070494). Our study followed the
Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) guidelines [13]. Ethical approval
or informed consent was exempted.

Search strategy and eligibility criteria

PubMed, Embase, Cochrane, Web of Science, and IEEE
Xplore Digital Library were retrieved until November
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2024. No restrictions were placed on geographic location or
publication type. Nevertheless, non-English studies, letters,
scientific reports, conference abstracts, as well as narrative
reviews, were removed. The search strategy was formulated
with experienced clinicians and medical researchers, and
the strings are provided in Online Appendix 1.

Two independent reviewers screened titles, abstracts, and
full texts using a standardized eligibility form. Disagree-
ments were first resolved through discussion; if consensus
could not be reached, a third reviewer made the final deci-
sion. This process was predefined before screening. Studies
were eligible if they reported the diagnostic performance
of Al algorithms for hepatic cancer detection via medical
imaging (MI), including outcomes like accuracy, SEN, and
SPC. There were no restrictions on participant characteris-
tics, imaging approach, or the intended clinical Al applica-
tion context.

Histopathological confirmation or imaging findings con-
sistent with established diagnostic criteria were the refer-
ence standard. Studies with imperfect ground truths (e.g.,
low SEN or SPC) were excluded. Investigations focusing on
image segmentation performance were excluded due to the
absence of diagnostic classification. Animal or non-human
studies, as well as duplicate reports, were excluded. Primary
outcome assessment centered on diagnostic performance,
assessed using SEN, SPC, and area under the curve (AUC)
derived from the confusion matrix. The secondary evalua-
tion focused on methodological quality using QUADAS- Al
and adherence to reporting standards.

Data extraction

Two reviewers independently extracted study character-
istics and diagnostic performance information through a
standard form. The two reviewers both have backgrounds
in radiology. One reviewer is a radiologist with 10 years of
radiological experience, and the other is a radiologist with 8
years of radiological experience, specializing in diagnostic
imaging and AL

Dissents were addressed via consensus or adjudicated
by a third reviewer. Binary diagnostic accuracy data were
extracted into contingency tables, including true positives
(TP), false positives (FP), true negatives (TN), and false
negatives (FN) for computing pooled SEN, SPC, and others.
When multiple contingency tables were reported for varied
Al models or subgroups in the same study, we selected only
one model per dataset (the model with the highest diagnos-
tic accuracy) for the primary analysis. Studies that did not
report sufficient data to construct a complete 2 x 2 table were
excluded from the quantitative synthesis.



Abdominal Radiology

Quality assessment

The risk of bias (RoB) and applicability of the encompassed
studies were examined independently by three review-
ers utilizing QUADAS-AI [14], which is an adaptation of
QUADAS-2 specifically designed for studies evaluating
Al-based diagnostic interventions. The tool assesses four
domains: patient selection, index test (Al algorithm), refer-
ence standard, and flow and timing. Each domain is rated
as “low risk,” “high risk,” or “unclear risk” based on pre-
defined signaling questions. Disagreements among review-
ers were resolved through discussion or, if necessary, by
consensus with a fourth reviewer.

Statistical analysis

This study employed a bivariate random-effects model
(Reitsma model) to jointly model SEN and SPC while
accounting for the correlation between them. Based on this
model, a hierarchical summary receiver operating charac-
teristic (HSROC) curve was constructed to evaluate overall
diagnostic performance. Pooled SEN, SPC, and AUC were
estimated using the HSROC model. Additionally, the 95%
confidence region and 95% prediction region were calcu-
lated, where the confidence region reflects the uncertainty
of the pooled estimates, whereas the prediction region
indicates the range of diagnostic performance that may be
observed in future new studies. Meta-analyses were carried
out to report the best accuracy in studies reporting many
Al models. Heterogeneity was examined via the I? statistic,
and subgroup and regression analyses were executed to find

Records identified from:
PubMed (n=3701)
Embase (n=4739)

Records removed before
screening:

IEEE (n=277) Duplicate records
Cochrane (n=129) removed (n=3089)
Wos (n=3972)

Records screened (n=9729) }—bl Records excluded (n=9295) |

y
Reports assessed for
eligibility (n=434)

Reports excluded:

212 not only include HCC
107 records excluded cannot
make contingency table

38 no Al algorithm model

21 no medical imaging

15 no classification task

| Studies included in meta-analysis (n=41)

Fig. 1 PRISMA flowchart of study selection. Displayed is the Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) flow of search methodology and literature selection process

possible sources. Publication bias was visually assessed via
funnel plots.

Separate meta-analyses were carried out: 1. BCTs: (i)
validation type (internal vs. external), (ii) Al algorithm type
(DL vs. ML), (iii) imaging modality (US, CT, MRI, etc.);
2. MCCTs: (i) validation type (internal vs. external), (ii)
Al algorithm type, (iii) imaging modality; 3. Pooled per-
formance comparison of Al algorithms versus human clini-
cians on the same dataset.

Meta-analyses were performed only when >2 original
studies were available. Data were analyzed via STATA
MP 18.0, and quality was assessed through RevMan 5.4.
P<0.05 signified statistical significance, and all tests were
two-tailed.

Data availability

The search strategy and aggregated data are displayed in the
supplementary documents.

Result
Study selection and characteristics

12,818 records were initially identified, of which 9,729
were screened after removing 3,089 duplicates. Following
title and abstract checking, 9,295 articles were excluded
for failing to meet predefined eligibility criteria. 434 full-
text articles were retrieved and reviewed, among which 393
were excluded based on a detailed eligibility assessment.
Ultimately, 41 studies on HCC were encompassed (Fig. 1).
Study characteristics are displayed in Tables 1, 2 and 3 [6,
8-10, 15-51].

Regarding the study design, 31 studies used retrospec-
tive data, one adopted a prospective design, and nine did not
specify whether the data collection method was prospective
or retrospective. Three studies utilized open-access image
sources; 22 explicitly removed low-quality images, whereas
19 did not report image quality criteria. In terms of classifi-
cation tasks, thirty-one studies employed binary classifica-
tion tasks (BCTs) (HCC vs. non-HCC lesions), and ten used
multi-class classification frameworks. For model validation,
11 studies involved external validation with out-of-sample
datasets, whereas the rest employed internal validation. The
types of external validation used included: 4 studies with
independent institutions, 3 studies with different time peri-
ods, 3 studies with temporal separation, and 1 study with
a public dataset. Regarding Al algorithms, nineteen studies
only focused on DL algorithms and eight on ML algorithms.
Seven studies compared DL models with human clinicians,
four compared ML models with human clinicians, and three

@ Springer



Abdominal Radiology

[oz]
‘€10
AN LIgosed AN AIN  Sueyyz
(sosed
jueugIew
LLST pue
$9sBD
ugruaq
S¥7)
syuaned
10U S9sBD [61] 1B
AN e8l AN AN e oeyz
(IN
‘8%°8) 8€'SS DDI-DIHD
(IN “8%°5) 9T°$9 DOI
(AN °L8°01) 00°LS OOH
1110409 }$9} Juopuadapuy
(IN ‘Te'1D)
9¢°'LS DDI-DDH? ‘sonirenb Suidewr 100d 1o eyep [eorur]d ajojdwoour ym syuaned (¢) ‘uonoesal oneday
(AN ‘22°21) 6L°09 DOI ‘uoreUIExd SNING 9Y) 210J9q (039 ‘uone[qe Aouonbaijorper ‘uoryezijoq 210J9q SAep ] urgm paurtojrod sem uorjeurwexd SNING (2)
(AN ‘€T°11) 6€°LS -WOOWAYD [BLI9MIEB-SURI}) JUSUWIBAT) JOJUROUR PAAIdJI oym sjudnjed (7) ‘A3o1otpped aanjerodoisod  [g1] Te

DOH :H0Y00 Fuljopo Sov suotsa] dpdnnur gym syuened (1) £q pauriguod a1om HD-OOH? PUe ‘DDI “DOH Jo sisouserp oL (1) 12 usy)
[L1]
AN 98 AN AN BRI
's)[nsa1 sisougerp [edruro 1o [eordojoyled jo Arjiqelreae (g)
-oseyd [erioyre
3 JO BIEp 09PIA OTWwRUAp Yy} A[Je[nonted ‘sagewr ojojdwod (1)
*SUOIS9[ pajeanun (9)
‘Suisstw ayep SNAD (6) Juage ISeNUOD ) Sk anAouoS Furzimn (g)
‘JuouneaI) ‘punosenn jsenuod-oid je d[qIsiA ()
19)J© 9OULINIAI [BI0] YIIM ISO0Y) J0 Pjeant A[snoradrd suois9f (8) ‘p1o s1edk 81 (€)
*DDH osnyIp (1) {[Ioysem pue JUSWIOULYUS WILI JO UIW T
"UOIOUNJSAP JR[NOSBAOIPIED JIOAJS (9)  UIYIIM JNOYSEM PIdIRW JO (S ()9 >) INOYSEM PUR dZIS AU JO J[npou
"ALL-ITSNED SI BLIDILIO Q) “oyr10ads DOH jou jnq jueusijew A[9uyop 1o A|qe
Se payIsse[d) joq I0 ‘ura oneday ‘uroa [eyrod oyy urgyim sown (g) -qoid = N-YT] IN-YT JO Pareaun uoIsa] [e90] JOAI] duO )sed] Je (7)
AN AN +S "010 ‘QWIOIPUAS LIBIY)-ppng ‘BIse)dd13ued) o13eyl ‘syuardioar juejdsuen) J9A1]
1SJ9S UOIIEPI[eA [RUIO)XY -10WoY AI8}IPAIdY S Yons JOPIOSIP JB[NOSEA B 0} NP SISOYLIO YIM () jInpe pue uonejue[dsues) I9AI] 0] SOJEPIPUED J[NPE SIPN[OUL PUL
AN 's1so1qy d1eday] e3IueS U0 03 anp SISOYLIID PIM (€)  DDH JO A103s1Y Ised 10 JUILIND B ‘SISOYLIIO JNOY)IM UOT)OJUI SNIIA
AN €S :S19S uoIEpIEA "PlO s18aA 81> (7) g snneday o1uoIyd ‘SISOYLIID [3IM SOy} urpnjour ‘et 107 [91] T
JeuIa)ul pue Sururesy, 89¢ '$10108] JSLT DOH 9A0qE ) JnomIm (1) SAVY-TT SNFD AW Aq pauyap se DOH 10F Jsti Je syuened (1) 10 oery
[s1]
‘e 19
AN 00€¢ IN AN nossoz
(e8uer {s)
oFe ueipow 1o uedN  (Juaned)y BLIOJLIO UOISN[OXY BLIOJLID UOISN[OU]  orpne

syuedronied ISI1 ]

soydeiSowap o1seq pue uisop Apms | 3jqel

pringer

As



Abdominal Radiology

PpoIudw3as A[91eIndoe 9q 01 d[qeun SuoIsT (i)

S)[NeJ 10 SM[q ‘SIOBJIIE LM soSew 10 (€) [oz]
sagewr 1D aanerddoard oy (7) Awo1o9eday JuomIapun oym RE
(1802 ‘0°C1) 0°'SS 61 DD-DDH? se pasouserp Ajjesi3ojoyied (1) DI 10 DDH pauyuod Ajjesrdojoyred yym syudnred oAnnossuo)  Jueny
QINCLTTD) SL'6S T
(IN ‘v8°01) TS'19
:DDH 100 UOolepI[eA 's10Je31)SAAUT AU} £q MIIALI J0] J[qe[IeA. SaFewl pIepue)s Jo doudsqe (£)
(AN ‘L9°6) ST1°6S ‘IN'T ‘A1931ns 21030q syyuow o1y ASojoyred sanerodoisod Aq sejnpou 9[qISIA [[ JO UOHBUWLILUOD (£)
(AN 9T°11) 9T°LS unpm 193udd Jurpuodsariod oy je SN 03Iopun jou pIp jey) asoy) (7) 'SNFAD uo sapnpou Jqisia Jo soussaid ayy (7) [o1]
:DDH :Moyo) Jururel], ySt 'SNAD 210J2q Judunean Aue (1) g snneday oruoayd jo souosaxd oy (1) e IR I
(To-1¢
“AN) 89°TS :00H "I -4 10 DDH pauguod A[jesisojoyred (¢)
(8.-LT -9jordwoour sem TYIN-IMZL (7)  “Apms oy o3 1orxd Jowny oneday Joj juounean jo A1o0jsty ou pey (z)  [sz] Te
AN S#°8S :DDI-AN Il ‘SISATeue Joy}any 10J judtognsur sem Ayjenb o3ew (1) ‘uoreurexd YN 2aneradoard € juomiopun (1) 1 NI
*(s1sATeue 10§
QUIULIIAP 0} SUISUL[[eYD 91oM SIOpIOq Jown) se) uroped oAnen[Jul dSNY
-JIp & 3Im sIown} pey Jo ‘parmdir a1om jey) siowmny pey ‘sisA[eue ofewn
aanemuenb oy astwordwos pue JurSewr uo siown) oy} Jo oouereadde
oy} 19)[e pInom syuaunear) Joud asayy se ‘uonjejuedsuen) 10 ‘U0II0ISAI papnjour a1om 1) aseyd snouaa [eyiod
‘uonjezijoquio ‘uonelqe Jowd pey ‘SurSewn 1) uo Jown) oy} SUNENYUI  PIOUBYULS-)SENUOD JO [000)01d SurSewr [eorur[o sunnor e yrm uone  [g] 810
AN P18 SIOBJIIE [EJOW PEY {SUBOS [ POOULRYUL-JSENU0D OoU Pey oym sjusned oy -1odo JO SYIUOW S0IY} UIYIIM SUBDS ) [BUIIOPQE PEY OyM sjuoned  eApIN
“wnpod[e Ay pue SIN §102A SAVY
=17 2y} 0) SUIPIOOIE ‘N-Y'T 10 ALL-YT ‘SUT ‘TAT ‘TAT S pozLiosa)ed "a[npou prjos dnedoy [eo0j e Jo sFurpuy YA (€)
suoneAIdsqo Afuo (¢) ‘uoneydrdidyur 10y sofewr jo Ayenb 1ood (7) *(STSOYITO JO 29UQ
(18-L€ NN) ¥'+9 1S9 "K)1[1qeIS 9ZIS QUIULIdIOP 0) SUOISI] uS1uaq J0j (sIedk ¢ >) dn-mofjoy  -said oy Jo ssojpaedor uonodyur g snnedoy J1uoIyd 10 SISOYLIID JO
(#8—€€ WUN) juaroyynsur 1o Adeoy) [BUOIZAI000] jeIpawl Jo J[nsal & se Aoueudijewr  2oudsaid) §10zA SAVY-IT 2y} 03 Surpiodoe DOH 10 s ysiy (z) [zl 18
879 suawdororaq 181 JO s1sougerp [euy umous[un se yons sisougerp [euy ajenbopeur (1) 's1e0A @1 <236 (1) 10 3B
[ec] e
AN 0801 AN AN 10 Aoy
(IN) €9 :D01 [ccl e
(IN) 29 :D0H vLI AN AN UM
“Kyirenb
o3ewr Jood 10 9y01dwoour pue ‘eyep [eorurd 9)9[dwos Jo yoey (030
‘punosen|n pasnooy AJsuuI-y3Iy ‘UOIZI[OqUISOAND [eLId)IEsUR]) Se
[ons ‘Suolsa] IoAI] 10j jusunyean Joud ‘sisoquiory) uroa sneday 1o jeyrod
¢SUOISO ASNYIP JO WO ()] < PUL WO | S 9ZIS UOISS] [enpIAIpur ‘Surdewr uo
(INDTS :DDH-UON jueuJI[eW 10 USIUAQ S dUYQp 03 9[qeun ‘uruaq A[qeqoid ‘u3iuaq se pay "LOAD [eurwopqe 3utodiopun oye  [1z] e
(AN €S :D0H 6501  -ISSE[ SUOISI] ‘BLIALIO UOISN[OUI §1(ZA SAVY-TT Pim A[dwod jou pig  yiuouwr | ungrm DOHH-uou 1o DOH paulguod A[esidojoyped AimoN 1o nx
(e3uer {(Qs)
oSe uerpow 10 uedly  (Juoned)y BLIOJLIO UOISN[OXY BLIOJLID UOISNOU]  joyne
syuedronied ISI]

(penunuoo) | ajqeL

pringer

As



Abdominal Radiology

AN

(AN “‘89°€1)

N M .w.v 1189) ﬁwﬁuo“xm—
(aN

YE91) 1S [9PON

(64-9¢
‘LTI 66'9S :DOHA
(¢L-Lg
‘9t°6) 6%°6S :DDNIE

(AN ‘S°€1) T69 :DDH

eyep [eorur]d dyo1dwoout (g)

‘ADH 10 AGH SB yons SnIIA YIIM UOIoJuIod (1)

‘SYIUOW ¢ uey)

QIO JO UOTJRUNUEXd ) PUE s)[nsa1 [esrSojoyed usamoq Tearorur ue (g)
“Ayrenb oFewr 1ood (7)

112 "SSOUSOIY) Wil G| 1 9Fewll ) ISeNUOIUOU [RUIOpge Jo yoey (])
"(E0V1) uonezijoquaowayd

[eLIoMIE 191oyIRosuUERT 10 ‘(1Y) uone|qe Aouanbayorper ‘Adeioyowayd

SE [oNS UOTJBUTIIEXD 910JOq JUSUILAT) [RUOTIIPPE PIATIddaI sjudned (7)
*S9SBASIP USSE[[09 10J UOTEIIpaU Fure)

L0y  pue AoueuFaid se yons suonIpuods [esrur]d pajesijduod aaey spuaned (1)
aseyd Arerjiqoreday oy ur 3095op wilr asudjurodAy jeroydirad & ypm

uo13a1 [enudd Ay Je AysuouLiodAy ST yorym TYIN Peouequd-vd LA-90d

-po jo aseyd Areriqojeday ayy ur DOIA] o1sse[d e Jo souereadde oy (1)
"SOIOURUSI[BW JOAI] JOYIO0 M JUBNWOSUOD) (€)

‘Anrenb SuiSew 1004 (7)

vl ‘Ade1a) [euonudAIdIuL 10 A1931NS J9AI] JO A10ISIH ()

SISOUSeIp 9JeUIULIOIOPUL Y)IM SI[NPON (§)
TN tey 1oto Surdeuw (g)

uonmNsul Ino je 1D Isenuod  [¢z] Te
-UOU JUOMIDPUN JOJURD JOAI] JO synsal d1Sojoyped yym syuened [y 30 nX
Pa]]0IUd SOUO
pauguods Ajjesrdojoyied pey suorsa] ajdnmnuw yim syuanred (¢)
"A1031InS 910J0q UOTJBUIWIEXD S JuoMIdpUN sjuaryed parjoIus [[e (7) [82]
"U01309521 [eIITINS Jojje Te 19
paurguoo Ajjesr3ojoyied [1e a1om YN pue DOH yna syuaned (1)  Sueyz
"JuaUNEaI) IO AUk JO 2INpaooid dAISeAU] JSIY 910J9q
[uour [ urgm pautioyrad YN padueyuR-VI1A-dOd-PD (7)
"POPNOXd Udeq
JAeY sewourdIedoIuejoyd-1e[nyjaoojeday paurquio)) ‘Asdoiq sno
-oueino1dd 10 uor309sal [edI3Ins uo paseq DOH pAaenuddyIp Aood  [£z] Te

10 DDIAT Jo sisouderp pauyuod A[jesrdojoyed yym syuaned (1) 30 uay)
‘sjynsarx A3ojoyjed pue Asdoiq o[posu 2100
£q paren|ead d1om yoryM “so[npou JJH 2[qeqord o -1 LET (€)
-BurSewnn dn-mof(oJ ise] Aq pajen|eAd o1om oIyMm
‘sornpou IoA1] Aoueudifew jJo Ayjiqeqoid ayerpauwrayut ¢y 1611 ()
‘s)nsa1 A3oroyred orduwes aanerado-isod 8] '[e 10

AN uornezijoquaowayd Joud (7)
‘T01) $'T°€9 ‘uduog SHT K108ms Jo11d (1) £q pajenyeAd a19m yorym ‘sa[npou DOH Aenuyep ¢-y1 041 (1) 1ynojoq
(e3uer {(Qs)
oSe uerpowr 10 uedly  (Juoned)y BLIOJLIO UOTSN[OXH BLIOJLID UOISNOU]  joyne
syuedronred s

(penunuoo) | ajqeL

pringer

As



Abdominal Radiology

(AN $°8) #°€9 TINO
(IN‘¥'01) 8°6S :DDH
ntosoo 1891,
QIN‘T'TD) T09 :INO
(IN‘TT1) 6°8S

:DDH :Moyo) Sururel],

AN

AN

(IN‘TD) 9§

(eL-9¢

‘88°¥1) §"8f ‘ewOISURW
-oey 10 1540 onedoy
(eL-9¢

‘SE°6) 69 :DOHS

‘Ayenb oFewn g paygsnesun (9)

WO ()] > 9ZIS UOIS[ (G)

‘sofewr S oYM ()

uounean snoiadld yyim (¢)

"SISOUIIO oYM ()

TLI *suo1s9[ uduaq (1)

0s AN
Ainiqejeadiour Surpaduur Joej1iae I9j0 J0 Uonow YPim sagewr (g)

'sjooojo1d Furdewn ojeridorddeur 1o ojoidwoour ypm sagewr (1)

‘189K duo

uey) 10Jea1d jo sisouderp [eordojoyied 0) uonEUIIEX YA WOIJ dwn (§)
"BWIOUTOTED [[99-PIXIW 1M sIown) JAT] ()

y1$ *SUOISUSWIP [[€ Ul WO g UeY) SSI[ JO AZIS € UM SuoIsd] 84 (1)

6Ly AN

*}107[00 [0IU0D
-[eUIIX? JO -TeuIdul 9y} ul Jood sem saFewl YN ayp Jo Afenb oy ], (7)
21 "MOY0o DDHS AU} Ul SoSeWI YA UO Jed[dun sem UI[Ino Inowny ayj ()

paroysidar ozom TTJ ousko  [p¢] Te

-uou Jo s)nsai [esr3ojoyjed ayruyop yim sjuaned JO 9AINOISUOI B 3 NOYZ
SuBdS ) Pooueyud-jsenuod feurwopqe soddn

suoS1opun Sey pue WNIPOW JSENUOD 0) SUOEIIPUIRIIUOD OU (7)
(suoneururexa

SuiSew ‘s)s9) A101810qR[ SB YoNS SUSIS [BOIUI]O UO Paseq) SSuIpuly
[eotur]o 10 Asdoiq 19AI] uo paseq HOH 10 DOH pasouderp (1)

[ec] e
19 08D

Apmsom ur  [gg] e

papnjour a1om A3ojoyred Aq pauriyuod sisouderp s sjuoned A[lug P nyg
(gl e

AN 103Uy

soSew YN oseyd-pakeop pue ‘oseyd—snouda

[e11od ‘oseyd-reronre ‘payyIrom-| I 9je1dwod pey syuaned (1)
‘asnqe [0Y0d[e JO

‘a8ewrep 10A1] paonpur-Snip ‘snieday] Jo A103S1y ou pey sjusned (€)
“I0JOWRIp UT WO ¢'7 Uey)

SSO[ PAINSEIW JUO (OB PUE ‘SUOISI] I} 0} AUO dJoMm 210 (7)
*20uaLIad X0 JO SIBAA U} UL} 2IOUI 1M ISIFO[OIpRl

© Aq eworduewory 10 3540 oneday yim pasouderp axom syuonjed (1)
SMO[[0J SE dIE 1I0[0D [0JJUOD-[BUI)XD JOJ BLISILIO UOISN[OUT Y],
'syutod -own Y30q Je sefewl YN oseyd-poke[op pue ‘oseyd—snouoa
[e11od ‘oseyd-reronre ‘pajydrom-1 I 91e1dwod pey syuaned (§)
"souIjopIng o) ur paqLIOSop

uouswoudyd Jno-ysem pue ul-ysem, Y3 YIm JUISISUOD Sem IS
uo1so] DDOHS padojoaap Ajmou oy je JurSewt YN siuaned ()
"uoIs9] DOHS padojaaap Amau oy ur (D VL) UOHBZI[OqU0W
-9Uo [BLIAMIE I2JOYJROSURT) JIM POJRAI) U02q 10AU PRy sjudned (£)
“Te0K 9UO URY) 9JOW JOU SEAM SUOHBUTIIEXD 0M]} O} U0dMIOq [AIOIUT
oL ‘IoNE] Y} U0 PasouSerp sem jnq JowLIoJ Ay} uo judredde jou
sem DDHS YOIYM JO ‘SUOIIBUILIEXD YA OM]) PAAISIAI syuaned (7)
*90uaLIadXa JO S1BIA U9} ey

a10w y3Im Is130[o1pel B Aq DDHS Yim pasouerp a1om syuanyed (1)
:SMO[[0J st a19m sjuaned DDHS 10J BLIAILID UOISN[ou]

log] Te
19 ung

(e3uer {(Qs)

oFe uerpow Jo uedN  (Juaned)y

BLIOILID UOISN[OXH

BLIOJIO UOISN[OU]  joyne

syuedionred ISI]

(penunuoo) | ajqeL

pringer

As



Abdominal Radiology

*S9IOURUSI[BUI JUDLINOUOD JO AI0)SIY OU (G)

'soFewl punoseI)n 9y} uo [qISIA A[[810) Furaq SUOISI| Jo31e) Y}
pue sjuowaanbai [edonAfeue ay) Surkysnes sagewr punosenin Y (1)
(FOVL)

AN *9[qISIA A[1BO[OUN SBM UOISI] Jo31€) Y (9) UOTJBZIJOqUISOWAYD [BLIdIE I9)jedsuel) pue ‘(V.1Y) uonejqe
‘TTT) T°6S :159) [euI)XH ‘sisATeue Aysnessip Ajijenb aewy ()  Aouonbagjorper ‘(WM IN) Uone[qe aaemoIor ‘(177) uoneuedsuen
(AN ‘€6) *9]qe[IBAR QIB BIED [BOIUI[O puk punosenn 939[dwoou] () I9AI] SuIpnjoul 910Jdq SJUSUIEII) JOWNIIUR PAAIdOAI Jou Sutaey (¢)
£°86 :19S 1S9, [euIdU] "A1931Ins 210J9q Yyuow | 19A0 pauriojiad sem AyderSouosenn 10a17 (¢) "Joe)ul FUI9q UOIJBULIOUI SOFeWI punosen[n ayj pue
AN *DDI 10 DDOH Jo A103s1y Jusunjean snotadid (g)  A198Ins 210Joq YIUOW | UIYIIM PUNOSBI[N IOAT] PaAIddal Juiaey (7)  [6€] T8
‘1°11) T'LS :39s Sururel], 97T "190UBd 10Y)0 Jo A103S1H (1) *DDI 10 DOH se pauuguod Ajjesrdojoyped Suraq (1) 10 udy
[o] Te
(61 9'11) 0'19 €L8¢€ AN AN 1o nky
(IN ¥1) #§ 1101
QIN‘0T) LS 1AW (8¢l T8
(AN ‘S) 99 DOH TIN Ynm 2dA3 uors9] uoAIS a1} JO SOnSLIAIORIRYD [BIIdA) 10 JoABW
(AN “21) S HNA 91T SurSewn jo owm oy je a3k Jo s1edA ] uey) 10FUnoAk syudned  PAIQIYXD JO PAULIGUOD A[[eo1S0[0ISIY JOYIID QIOM SUOISI] papnou]  -[[0IS
[Le]
‘syuourjean) Jord Aq ‘'3
PaI0)[B IOM SONSLIAIORIBYD UOISI AU} YOIYM UI SIIpNIs DS pue s 114 Teyoeue)
AN 808y JO sosouSeIp dANIUYAP 10J UONBSNSIAUL JOYLINJ JNOYIIM SIIPNYS HS) AN -jeIeAlL
(06-L1
AN vL €S :DDH-UON
(28-8T AN £¥°SS
*DDH 105189 HOdH
(#8-00)
y'CS “ODH-UON
(£8-L1 "IN 8€°9¢
‘ODH 198359 HddH
(€6
AN 61°%S :DOH-UON
(98-8 N 9€°LS “D0H loc] Te
1108 Sururen HddH 1392} IN AN 10 Suepm
(IN
‘6'11) £°9¢ s1soyL)
(IN ‘8°8) T'LS :DOHS
1110409 }$9) [eUIO)Xq ‘(JuowugIfesIu Jo SIS
(IN S <) IMA PUe RIIN-D U9aMIdq PaJod)ap S)0.J11I. UOOW dIOAIS (1)
L'ET) 096 :SISOYLID *DOH 10§ Jusuneay) [e00] o A1osiy (g)
(AN ‘6'8) ‘szowny JueuSijew onjedoyenxa jo A103s1y (Z)  uoneurwexd [edrdojoyped pue YN UeIMIOq [BAINUI YIUOW-]> (€) [s€]
709 :DDHS Moyo0d Suowdinba wo 7 = 9z1s uoIs9[ (7) RE
uonepi[eA-gururer] 021 eruodu] sdijyd Sursn pawiojiod us9q jou pey suopeuILIRX () 'SIsoyLIo Jo 9ouasaxd (1) Suoyz
(e3uer {(Qs)
oSe uerpow 10 ueoly  (Juoned)y BLIOJIO UOISN[OXY BLIOJLID UOISNOU]  joypne
syuedronied ISI]

(penunuoo) | ajqeL

pringer

As



Abdominal Radiology

(98-61 S°01) 1°6¥

AN

AN

(AN ‘6'C1) L79 1001
(AN ‘S°11) 969 :DOHI
QIN‘0'6) +'L9 :DDOHW
189,

(AN “L21) TL9 2001
(AN p'11) 819 :DDHd
(4N ‘1°6) +°L9 :DDHW
“ﬁOﬁ.m_u:m\/

(IN‘T°01) 0°89 :DD1
(4N T0D) TL9 :DDOHd
(AN ‘6'6) +'89 :DDOHW

-dn-morjoy 03 ssoj (g)

‘Adesoty [euo01891000]

SNOTAdId 19730 JO UOTIRZI[OqUIdOWAYD [BLId)IE J9joyjeosue) snoiadld (4)
'S10BJ1)IE 9FRWI AI9AS YIM JO saseyd Inoj uey) 1omaJ yim swexd 1)) (€)
WO [ MO[3q SOZIS UoIsa (7)

*DOH-UoU 10 DDH Se PIEpuL)S d0UI9Jol

e d]qe[IeAE 159q Y3 £q payIsse[d A[qI[aX 9q J0U P[nod ey} suoIsf (1)
934 AN
vLT AN

's1edA 7 > syuened (8)

"LD oaneradoard o) uo Jurpadiq feurwiopqe-enur dAIssew (/)

REblii5)

10A1] Arewnid jou sem uowiroads [ear3ins oy jo sisouderp [eordojoyied (9)
“1D 2anerodoard ayj uo Jowny respoun ()

LD eanerddoard ayy uo joeynae areudoiddeur (1)

‘A1931ns 910J0q sAep (01 urym 1D oseyd-odin ojqeyms ou ()

‘ww () > 9z1s Jowny (7)

‘190ue I9AT] Arewrid 10j uone[qe Aouanbaiorper

[endsoy 1no ur swexa 1)) aseyd -I1noj

JuoMIopUN SISAO UBY) IYJ0 ST YN (s1eak g1 < o3e) syuaned
1890 pue Y31y sem

Ayrenb oFewnr (Aderaypowayo o1wo)sAs pue ‘uonrjoqe Aouanbaiy
-o1pel ‘A1031ns ‘Ade1dyy uonezijoquioowoyod [eLIdMEsURT) SUIpnjoul
‘uonoadsur 1) 010J9q JudWILaI} PAJe[I-9SeasIp Aue duoFiopun
jou pey sjuened ‘synsar sisougerp [eordojoyred Jurpuodsarioo  [¢y] B
pey siown) yueusiew dFewr 1D oy) ur pareadde T ouo Jsed[ je 19 hoyy
[cv] e

19 011038

AN -OUN

[v¥] T8
1S

papnjoul 310M 6107 [1+]
J1quidag y3noayy 00z Arenuef woij [e3dsoy] Ino je IJUed JOAT] ‘e 1

:Sururery, L19 PUE UONBZIJOqUIDOWYD [eLIoME 19)oyjeosuel) Jo A10)s1y oaneradoard (1)  Arewnid pejoadsns 103 A103Ins I9AI] [enIUT JudmIopun oym sjuoned  1eeN
*S1S0100u 2)2[dwoo
JIM SIOWN) USYM POPN[OXd dIom uonejuedsuen)/uonoasal pue Surgewn
AN uoamiaq pauoyiod Aderay) [euor3a1000] yum suois9] DOH (€)
‘Teusis ‘A30[0139 JO UOBULIUOD
1.1 JO uoneId)[e JuedyIugIs 0} Jurped] sem 93e(LIOWY paje[oI-aInpasord MO[[e p[nom jey} A30703s1y U0 JuasaId sem Jown) 9[qeIA [enpIsal
J1 popNJoxa a10m ueds [YIA Y 210Joq parsdolq a1om jey) suoisa (7) J1 A[uo popnjour a1om uonejue[dsuer)/uonoasal pue SuiSewn YN
"PApN[OX? dIoM u2om32q paunioyiad Aderoy) [euoi3a1090] yum suolsa] DOH (€)
JuowSos oY) UT SUOISI] [[& ‘O[qe[IeARUN dI0M 9S3Y) J] "UOIS] parsdoiq oy ‘popnour  [of] Te
(AN ‘€1) 6S :DDH-UON ure}Ia0se 0} pasn a1am Asdorq paping -1 jo sadewr ‘siojoyied ayy Aq arom swisejdoau 1oA1] Arewrid ATuo ‘ssefo DOH-uou 3y uf () 19 uuew
(AN ‘8) 19 :DOH 811 PIqLIOSIP JUAWSIS Y3 UI YA UO J[qISIA Sem UOISI] U0 Uey) 210w J] ([)  "papnjour a1om sisouerp [esrdojoyredorsty s syuoned AjuQ (1) -1s20
(e3uer {(Qs)
oSe uerpow 10 ueoly  (Juoned)y BLIOJIO UOISN[OXY BLIOJLID UOISNOU]  joypne
syuedronied ISI]

(penunuoo) | ajqeL

pringer

As



Abdominal Radiology

(18-1¢ “IN) ¥IN ‘HH [6¥]
(6L—€¥ “IND UN ‘LN TR
($8-6S “IN) N :D0H €6 AN AN ewekQ
[8¥]
Te 1o
AN SL AN AIN - MnhzQ
(28-ST “AN) G§ 08189,
(z8—+
“UND ¥§ 108 Sururer],
S95S00SqE
onedoy :(q A103918)
(FL=0T) #€ 195189,
(z8-L1
SAN) € 39S Sururer],
sT14 Alorewweul-uou
ugruog ) A103038)
(6L—€T "IN 8¢ 108 189,
(6L—€C
“IN) §'8S 308 Sururel],
sase)se)oI g A103918)
(oL—¢¢
AN S 6% 198189,
‘(18—¥¢C
SIN) 6F 39s Suturel], ‘uoneurwexs 1 ay) o3 Jorud Aderoy) [euor3ai-[eoo| [Ly] Te
DDH 'V A103918) SLE Joud pue ¢syoejnae juourword YHm soFewr ‘wo ()] uey) JoJIe[ SUOISO AN 10D
[ov]
‘€190
AN AN AN AN Sueny
Ayrenb o3ewr mof (€)
-a8ew Sursstw ()
JoejnIe uorjou (1)
:SMO[[OJ SE a1 }10Y0D [0JJU0I-[BUISIXD JOJ BLIOJLIO UOISN[OXD Y]
IN soSewn YN 2ane1adoard Jo soussqe (¢)
‘9'6) LS 39S TeUINXH ‘Kyrenb oFewr moj ‘soSewr Jursstw (7)
AN *S)0BJI)IER UOTIOW dIAJS (1) TN J19A1] paoueyqua  [Gf] ‘T
L°6) 96 39S [euIdIU] 00S 1SMO[[0F SE 2I€ }10[0D [01JU0D-[BUISIUI JOJ BLISJLIO UOISN[OX O], -proe onjoxoped aanerodo-a1d oy Jo soSewr aseyd Axerjiqojedoy 30 wiry|
(e3uer {(Qs)
oSe uerpow 10 uedly  (Juoned)y BLIOJLIO UOISN[OXY BLIOJLID UOISNOU]  joyne
syuedronied ISI]

(penunuoo) | ajqeL

pringer

As



Abdominal Radiology

directly compared DL and ML algorithms using identical
o datasets. Imaging modalities encompassed US (B-mode
g and contrast-enhanced ultrasound (CEUS)) in 12 studies,
2 |~ CT (including contrast-enhanced computed tomography
g gﬁ % (CECT)) in 16 studies, as well as MRI (including contrast-
g 5 < enhanced MRI) in 13 studies.
2 2|5 z
- Pooled performance of studies
=
Eﬂ; © _ All 41 studies contributed sufficient quantitative data for
= |9 = diagnostic performance analysis, and 50 contingency tables
were generated. The pooled SEN, SPC, and AUC were 87%
§ § (95% CI 84-89%), 91% (95% CI 89-93%), and 0.95 (95%
S e CI 0.92-0.96) (Fig. 2a).
§ §, Among the 28 studies evaluating DL algorithms (35 con-
E E tingency tables), the pooled SEN, SPC, and AUC were 86%
28 (95% CI 83-89%), 92% (95% CI 90-94%), and 0.95 (95%
‘g g C10.93-0.97), respectively (Fig. 2b). The 13 studies assess-
o § ing ML algorithms (15 contingency tables) yielded a pooled
Eﬂ - SEN of 88% (95% CI 83-91%), SPC of 84% (95% CI
£ § 79-88%), and AUC of 0.92 (95% CI 0.90-0.94) (Fig. 2¢). In
§ & comparison, 11 studies evaluating clinician performance (29
E %‘ contingency tables) demonstrated pooled SEN, SPC, and
< 2 AUC of 78% (95% CI 73-83%), 91% (95% CI 86-94%),
E & and 0.91 (95% CI 0.88-0.93), respectively (Fig. 2d).
% E
5 .E
§ § :% Subgroup meta-analyses
S |33
§ é" _i E Our meta-analysis encompassed 31 studies employing BCTs
5 |ed= ~ and 9 studies employing multi-class classification tasks
g |Es B Z (MCCTs). The 31 BCT studies, which generated 37 contin-
E <2 2 & gency tables, yielded pooled SEN, SPC, and AUC of 88%
g:g § 2 a% o % E . (95% CI 85-91%), 88% (95% CI1 85-91%), and 0.94 (95%
352 S E 5% S 5 = ‘g‘ CI 0.92-0.96), respectively (Fig. 3a). The 10 MCCT stud-
“‘E 8 § £ 2 &% g E g) 2 ies, generating 13 contingency tables, demonstrated pooled
= Eg Ig @ —E 3 % E _§ SEN, SPC, and AUC of 82% (95% CI 78-86%), 95% (95%
§ 'b%‘:éog —; £ E <32 g CI 93-96%), and 0.96 (95% CI 0.94-0.97), respectively
255es°53%5E (Fig. 3b).
$5E528558¢2
é 28 § 5 %_2‘ E‘g Z Three separate meta-analyses were carried out in
g §§§ ‘g;;’ .gg £ 8 the BCTs group
52 98EE == Validation types
250302258
= PRI =
E é‘; § 2 f ;2 é .g gﬂ Among the 27 studies (28 contingency tables) using internal
£ g ; zZ 8 é” E g2 % § validation datasets, the pooled SEN, SPC, and AUC were
2 E 22 é :3; 5 8 _§ é’ é‘); 89% (95% CI 86-92%), 89% (95% CI 86-92%), and 0.95
iz: .;;; § 2 ; g Lg £ ; 2 g _g‘ £ (95% CI 0..93—0.97), respectively (Fig. 4a).. In contrast, nin.e
é £ 72 % g §:§ i =R }E’ E . stu(.hes (nine cor}tlngency tables) employing external vali-
S|AIE |A=FEcb@E33EZ dation datasets yielded pooled SEN, SPC, and AUC of 85%
- g s - (95% CI 79-90%), 84% (95% CI 77-89%), and 0.92 (95%
;; E % é ;“j 3 § 2 CI 0.89-0.94), respectively (Fig. 4b).
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Table 2 Model training and validation methods

Author [ref]

Reference standard

Type of internal validation

External
validation

Zossou et al. [15]
Xiao et al. [16]
Lietal. [17]
Chen et al. [18]
Zhao et al. [19]
Zhang et al. [20]
Xuetal. [21]
Wan et al. [22]

Roy et al. [23]
Park et al. [24]
Midya et al. [9]
Liu et al. [25]
Lietal. [10]
Huang et al. [26]
Fotouhi et al. [8]
Chen et al. [27]
Zhang et al. [28]
Xu et al. [29]
Sun et al. [30]
Ling et al. [31]
Hu et al. [32]
Cao et al. [33]

Zhou et al. [34]
Zheng et al. [35]

Wang et al. [36]

Tiyarattanachai et
al. [37]
Stollmayer et al.
[38]

Ryu et al. [6]
Ren et al. [39]
Oestmann et

al. [40]

Nakai et al. [41]
Menegotto et al.
[42]

Zhou et al. [43]

Shi et al. [44]
Kim et al. [45]
Huang et al. [46]
Cao et al. [47]

Ozyurt et al. [48]
Oyama et al. [49]

Hamm et al. [50]
Gatos et al. [51]

Consistent label, expert consensus
Histopathology or the combination of clinical and imaging reference standards
Histopathology

Histopathology

NR

NR

Histopathology

Histopathology

NR

Histopathology or diagnosis of follow-up imaging
Histopathology

Histopathology

Histopathology

Histopathology

Histopathology or diagnosis of follow-up imaging
Histopathology

Histopathology

Histopathology

Histopathology

Histopathology

Histopathology

Histopathology or clinical findings (based on clinical signs such as laboratory
tests, imaging examinations)

Histopathology

Histopathology and cirrhosis was diagnosed based on typical imaging features,
including surface nodularity, hypertrophy of left hemiliver and caudate lobe,
splenomegaly, esophageal, or gastric varices and ascites.

In the training set, 425 (65.7%) HCC cases and 1184 (17.2%) non-HCC cases
underwent Histopathology. Histopathology in two test sets.

Histopathology and/or MRI/CT reports

Histopathology or exhibited typical characteristics of the given lesion type with
MRI

Histopathology or exhibited typical characteristics of image.
Histopathology
Histopathology

Histopathology
NR

Histopathology for malignant tumors, 336 benign nodules through histopathol-
ogy or a combination of typical image performance and clinical data
Histopathology or combination of imaging and clinical follow-up
Histopathology

Histopathology

Histopathology or combination of clinical and radiological findings with
follow-up

NR

HCC group: Histopathology;

MT group: Histopathology, radiologically features or clinial history of colorectal
cancer;

HH group: radiologically features

Histopathology or exhibited typical characteristics of radiologically features
Histopathology or exhibited typical characteristics of radiologically features

Hand-out cross validation
Hand-out cross validation
Hand-out cross validation:
Five-fold cross-validation
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation
Five-fold cross validation
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation
Five-fold cross-validation
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation
Five-fold cross-validation
Hand-out cross validation
Hand-out cross validation

Hand-out cross validation
Five-fold cross-validation

Hand-out cross validation

Hand-out cross validation

Hand-out cross validation

Hand-out cross validation
Hand-out cross validation

Monte Carlo
cross-validation

Hand-out cross validation
Hand-out cross validation

Hand-out cross validation

Hand-out cross validation:
Hand-out cross validation
Hand-out cross validation
Hand-out cross validation

Hand-out cross validation
Leave-one-out validation

Hand-out cross validation
Leave-one-out validation

No
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Fig. 2 Pooled performance of Al a

Al algorithms (41 studies with 50 tables)
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DL versus ML CI 77-87%), and 0.91 (95% CI 0.88-0.93), respectively

Nineteen studies applying DL algorithms (23 contingency
tables) demonstrated pooled SEN, SPC, and AUC of 89%
(95% CI 85-92%), 90% (95% CI 86-93%), and 0.95 (95%
C10.93-0.97), respectively. In comparison, 12 studies using
ML algorithms (14 contingency tables) yielded pooled
SEN, SPC, and AUC of 88% (95% CI 83-91%), 83% (95%

(Fig. 4c, d).
Imaging modalities
Nine US-based studies (10 contingency tables) demon-

strated pooled SEN, SPC, and AUC of 88% (95% CI
84-92%), 91% (95% CI 82-95%), and 0.94 (95% CI

@ Springer
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Fig.4 Pooled performance of a
Al algorithms in BCTs. a ROC
curves for studies utilizing
internal validation (27 studies
with 28 tables). b ROC curves for ~ § ||
studies adopting external valida-

tion (9 studies with 9 tables). ¢ oz

internal yalidation (27 studies with 28 tables) b 10

BCTs exter

aigorithms (19 sudios with 23 ables) (]

1.0., BCTs ML algorithms (12 studios with 14 tablos)

o /

o8- [T, ¢ 08
s 08{ |

| z

3 04

ROC curves for studies using DL
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algorithms (19 studies with 23 Sposicty

tables). d ROC curves for studies € f
using ML algorithms (12 studies o) SR

with 14 tables). e ROC curves for ol

studies using US (9 studies with “ f
10 tables). f ROC curves for stud- g g ‘f
ies using CT (11 studies with 14 3 0 3 o

tables). g ROC curves for studies
using MRI (11 studies with 13

tables) 10 o8 06 04 02 00 “1o
Spocicty

0.91-0.96), respectively (Fig. 4¢). Eleven CT-based stud-
ies (14 contingency tables) yielded pooled SEN, SPC, and
AUC of 86% (95% CI 81-89%), 89% (95% CI 85-92%),
and 0.94 (95% CI 0.91-0.96), respectively (Fig. 4f). Eleven
MRI-based studies (13 contingency tables) achieved pooled
SEN, SPC, and AUC of 92% (95% CI 86-95%), 85% (95%
CI 78-90%), and 0.95 (95% CI 0.92-0.96), respectively

(Fig. 4g).

Three separate meta-analyses were conducted in
the MCCTs groups

Validation types

Nine studies (nine contingency tables) using internal valida-
tion datasets demonstrated pooled SEN, SPC, and AUC of
82% (95% CI 75-87%), 95% (95% CI 92-96%), and 0.95
(95% CI 0.93-0.97), respectively (Fig. 5a). In contrast, two
studies comprising four contingency tables and employing
external validation datasets yielded pooled SEN, SPC, and
AUC of 83% (95% CI 78-87%), 95% (95% CI 94-95%)),
and 0.96 (95% CI 0.94-0.97), respectively (Fig. 5b).

DL versus ML

Nine DL-based studies (12 contingency tables) were eligible
for meta-analysis and demonstrated pooled SEN, SPC, and
AUC of 82% (95% CI 77-86%), 95% (95% CI 93-96%),
and 0.96 (95% CI 0.94-0.97), respectively (Fig. 5¢). One
ML-based studies (one contingency table) lacked sufficient
information to determine pooled SEN and SPC and were
therefore removed.

@ Springer

08

0 BCTs CT (11 studies with 14 tables)

06 04 02 00 710 08 06 04 02 00 10 08 06 04 02 00
Specilicity Spacificty Specificlty

_BCTs MRI (11 studies with 13 tables)

Imaging modalities

Five CT-based studies (five contingency tables) demon-
strated strong diagnostic performance, with pooled SEN,
SPC, and AUC of 83% (95% CI 71-91%), 94% (95%
CI 92-96%), and 0.96 (95% CI 0.94-0.97), respectively
(Fig. 5d). The three US-based studies (six contingency
tables) and two MRI-based studies (two contingency tables)
did not provide sufficient data for pooled analyses and were
therefore excluded.

Heterogeneity analysis

All included studies demonstrated that Al algorithms repre-
sent a valuable tool for the detection of hepatic cancer using
MI in comparison with human clinicians. Heterogeneity
was assessed using the I? statistic. Considerable heteroge-
neity was observed for both SEN (I’=68.19%) and SPC
(I>=82.06%) (Fig. 6), reflecting methodological and popula-
tion differences rather than selective publication. The Deeks’
test (P=0.83) indicated no significant publication bias (Fig.
S1). Given the substantial heterogeneity, a random-effects
model was applied. To identify the source/sources of such
extreme heterogeneity, we conducted a subgroup analysis,
and see the supplementary (Table S1 and Fig. S2—8). The
heterogeneity was not attributable to any specific subgroup,
with the majority of subgroup I? values ranging from 50%
to 86%.

Quality assessment

Study quality was rated via QUADAS-AI [14]. Findings are
provided in Fig. S9. An item-wise assessment based on risk-
of-bias domains and concerns over applicability is detailed
in Fig. S10. In patient selection, 14 studies displayed a high
or unclear RoB owing to unreported eligibility (inclusion or
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Fig.5 Pooled performance of ) _— N
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Fig. 6 Summary estimates of pooled performance presented as a forest plot. Data are derived from 41 studies encompassed in the meta-analysis

@ Springer



Abdominal Radiology

exclusion) criteria or open-access datasets. Regarding the
index test, no study exhibited a high or unclear RoB. Con-
cerning the reference standard, five studies displayed a high
or unclear RoB due to unreported reference standards. As
for flow and timing, two studies displayed a high or unclear
RoB because they lacked information regarding appropri-
ate intervals or the application of interventions between the
index test and reference standard. Regarding applicability
concerns, two studies exhibited high or unclear applicabil-
ity in patient selection, and five studies presented unclear
concerns in reference standard, with no concerns identified
in index test. Overall, the included studies exhibited mild
methodological quality, with the main concerns arising from
patient selection.

Discussion

MI is crucial in diagnosing HCC, but manual interpretation
is time-consuming and over-reliant on expert radiologists.
Our study incorporated 41 studies assessing the diagnostic
performance of Al algorithms in detecting HCC. Al algo-
rithms exhibited promising diagnostic performance for
HCC detection, with pooled AUC estimates reflecting high
discriminative ability. Notably, DL algorithms demonstrated
marginally higher diagnostic performance than traditional
ML algorithms (AUC: 0.95, 95% CI 0.93-0.97 vs. 0.92,
95% CI 0.90-0.94). Compared with radiologists or clini-
cians (AUC: 0.91, 95% CI 0.88-0.93), Al algorithms (AUC:
0.95, 95% CI 0.92-0.96) showed superior discriminative
performance for HCC detection. These findings suggest that
Al algorithms, particularly DL approaches, have consider-
able potential to enhance diagnostic accuracy, streamline
workflow efficiency, and mitigate reliance on highly expe-
rienced clinicians. However, the clinical application of Al
algorithms should be approached with caution, given the
significant heterogeneity observed in pooled studies. This
heterogeneity could not be attributed to any specific sub-
group, as all subgroup analyses revealed high I values.

A systematic search identified two systematic reviews
with meta-analyses evaluating Al algorithms in MI for HCC
detection. Consistent with our results, Salehi et al. reported
that Al algorithms exhibited high diagnostic performance
for HCC detection [11]. For internally validated Al algo-
rithms, the pooled SEN, SPC, and AUC were 84% (95%
CI 81-87%), 92% (95% CI 90-94%), and 0.94 (95% CI
0.92-0.96). In contrast, externally validated Al algorithms
demonstrated pooled SEN, SPC, and AUC of 85% (95% CI
78-89%), 84% (95% CI 72-91%), and 0.91 (95% CI 0.88—
0.93). Furthermore, the diagnostic performance of Al algo-
rithms exceeded that of clinicians, who exhibited pooled
SEN, SPC, and AUC of 70% (95% CI 60-78%), 85% (95%
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CI 77-90%), and 0.84 (95% CI 0.81-0.87). Nonetheless,
significant heterogeneity was present in these meta-analy-
ses, attributable to the absence of necessary data and het-
erogeneity in hepatic lesion classification and comparator
methods. Further analyses were limited to meta-regression
based on imaging modality and use of data augmentation
due to the insufficient number of studies. Moreover, Al
algorithms were primarily categorized as DL or ML during
development. Nevertheless, these studies evaluated overall
diagnostic performance without separate analyses for DL
and ML. In addition, prior studies predominantly focused
on BCTs, limiting exploration of MCCT and constraining
the generalizability of Al algorithms. Limiting Al evalua-
tion to BCTs undermines clinical utility, as MCCT aligns
more closely with differential diagnosis in clinical practice,
enabling the identification of multiple similar imaging fea-
tures, supporting precise diagnoses, and facilitating per-
sonalized precision medicine. Campello et al. analyzed 20
studies encompassing 34,245 focal liver lesions (FLLs) to
rate the performance of ML and DL algorithms in differenti-
ating malignant from benign FLLs using US and CEUS [12].
ML algorithms demonstrated high diagnostic performance
for identifying malignant FLLs on US and CEUS, with
similar pooled sensitivities (81.7% and 87.1%) and pooled
specificities (84.8% and 87.0%). For CEUS, DL algorithms
achieved pooled SEN and SPC of 92.4% (95% CI, 88.5—
95.0%) and 88.2% (95% CI, 81.1-92.9%). These findings
underscore the potential of Al algorithms as effective tools
in detecting malignant liver lesions. However, substantial
heterogeneity was observed. Two studies leveraged exter-
nal validation datasets, and several were retrospective with
limited sample sizes, potentially leading to overestimation
of Al performance. Moreover, due to the limited number
of studies, direct comparisons between Al algorithms and
clinicians were not performed. The analyses were further
restricted to BCT of malignant versus benign FLLs, with-
out consideration of specific liver cancer subtypes. Given
the distinct treatment strategies and prognostic implications
of different liver lesions, BCT alone does not fully satisfy
clinical requirements. Therefore, these limitations constrain
the generalizability of their conclusions and highlight the
need for further investigation into their diagnostic perfor-
mance in ML In contrast, our meta-analysis specifically
focused on HCC detection, a distinct subtype of malignant
liver nodules. Extrapolating diagnostic performance from
general malignant liver lesions to HCC may overestimate
accuracy, as HCC identification relies on characteristic
imaging features, like arterial phase hyperenhancement
and early mild wash-out on CEUS [52]. Additionally, our
study separately evaluated the performance of DL and ML
algorithms and compared Al performance across BCT and
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MCCT. Therefore, our study provides a more comprehen-
sive assessment of Al algorithms for HCC detection.

MCCTs more closely reflect real-world clinical practice,
where the diagnostic task extends beyond simply distin-
guishing HCC from non-HCC lesions. In routine clinical
settings, physicians are often required to identify specific
hepatic tumor subtypes to guide individualized therapeu-
tic decision-making and prognostic evaluation. To explore
this issue, we performed a subgroup analysis by catego-
rizing the 41 included studies into BCTs and MCCTs. Ten
studies focused on MCCTs for the classification of various
liver lesions, including HCC, intrahepatic cholangiocarci-
noma (ICC), colorectal liver metastasis (CRLM), and other
tumor types. The pooled analysis demonstrated that MCCTs
achieved a slightly higher AUC than BCTs (0.96, 95% CI
0.94-0.97 vs. 0.94, 95% CI1 0.92—0.96). However, compared
with BCTs, MCCTs exhibited lower SEN (82% vs. 88%)
but substantially higher SPC (95% vs. 88%). These findings
likely reflect the inherent complexity of multi-class classi-
fication. Unlike binary models, multi-class algorithms must
discriminate among multiple lesion categories that often
share overlapping imaging characteristics while simultane-
ously capturing subtle class-specific features. The notably
high SPC observed in MCCTs suggests a strong ability to
correctly exclude non-target lesions, which may help reduce
false-positive diagnoses and unnecessary clinical interven-
tions. However, the relatively lower SEN (82%) indicates
a non-negligible risk of missed diagnoses in MCCTs. First,
the same lesion type may exhibit substantial imaging het-
erogeneity across patients and disease stages, making it
challenging for models to learn robust and representative
features. Second, the development of MCCT models relies
heavily on accurate lesion annotation by experienced radi-
ologists, and variability in annotation quality may adversely
affect model SEN. Third, class imbalance is often more
pronounced in MCCT datasets, potentially biasing mod-
els toward more prevalent lesion categories, such as HCC,
while compromising performance for less common entities,
including ICC and CRLM. Consequently, future studies
should prioritize the establishment of large-scale prospec-
tive multicenter cohorts with standardized annotation pro-
tocols, balanced class distributions, and rigorous external
validation to improve SEN while maintaining the excellent
SPC demonstrated by current MCCT models.

Our meta-analysis identified 11 studies that incorporated
external validation datasets, including nine BCT studies and
two MCCT studies. In the BCT subgroup, models evaluated
using internal validation demonstrated superior diagnostic
performance compared with those assessed using external
validation (AUC: 0.95, 95% CI 0.93-0.97 vs. 0.92, 95% CI
0.89-0.94). This performance decline in external valida-
tion may indicate a degree of overfitting to the development

dataset, thereby limiting model generalizability across
independent populations and imaging environments [53].
Furthermore, minor information leakage introduced dur-
ing preprocessing or feature extraction cannot be entirely
excluded in complex imaging-analysis pipelines [54].
MCCT studies showed a marginally higher pooled AUC for
external validation than for internal validation (0.96, 95%
CI 0.94-0.97 vs. 0.95, 95% CI 0.93-0.97). However, this
finding should be interpreted cautiously because only two
MCCT studies included external validation datasets. The
resulting pooled estimate is therefore less stable and more
vulnerable to the influence of individual study character-
istics, dataset composition, and potential publication bias.
Nonetheless, external validation remains the gold standard
for assessing model credibility, and excellent internal vali-
dation results require confirmation through rigorous exter-
nal validation [55, 56]. Future MCCT studies incorporating
external validation are warranted to establish more reliable
estimates of diagnostic performance and generalizability.
In our subgroup analysis, DL demonstrated higher diag-
nostic performance than ML in BCTs, with AUCs of 0.95
(95% C10.93-0.97; 19 studies) and 0.91 (95% CI 0.88-0.93;
12 studies). These findings suggest the potential advantages
of DL for HCC detection. As a subfield of ML, DL employs
multilayer neural networks to extract complex patterns
directly from raw data, enabling automated feature repre-
sentation and facilitating image-classification tasks. This
data-driven paradigm enhances its clinical practicality [57].
Nonetheless, caution remains warranted when considering
its clinical application, as DL models are more susceptible
to overfitting and generally exhibit poorer interpretability in
comparison to ML models [58]. ML, in contrast, does not
require large training datasets and yields more interpretable
outputs. Nevertheless, it relies on manual feature extrac-
tion, and its capacity for data-driven learning is compara-
tively limited [59]. Therefore, future work should not only
evaluate DL and ML models independently for HCC diag-
nosis but also explore hybrid frameworks that employ DL
for automated feature extraction and ML for classification,
thereby determining whether such hybrid models demon-
strate superior diagnostic performance. In the present study,
the diagnostic performance between DL and ML for MCCTs
cannot be compared because limited ML studies were avail-
able. Therefore, additional research is needed to assess and
compare their performance across BCT and MCCT.
Multiple imaging modalities are widely utilized for HCC
detection, including US, CT, and MRI. Our meta-analysis
demonstrated that, in BCTs, Al algorithms achieved slightly
superior diagnostic performance with MRI compared with
US and CT, although the differences across imaging modali-
ties were modest. Due to insufficient data, only CT-based
studies were eligible for pooled analysis in the MCCT
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subgroup, and CT demonstrated high diagnostic perfor-
mance for HCC detection. Overall, Al algorithms appear
to be applicable for HCC detection across various imaging
modalities. However, these results should be interpreted
with prudence for two reasons. First, because only three US
studies and two MRI studies were available, US-based and
MRI-based analyses were not performed for MCCT. Sec-
ond, in the subgroup analysis, the diagnostic performance
related to each imaging modality reflected a combination
of non-contrast and contrast-enhanced techniques. For
instance, the US subgroup encompassed non-contrast US
and CEUS. Liver Imaging Reporting and Data System (LI-
RADS) is essential in characterizing liver lesions and sup-
porting diagnostic interpretation across US, CT, and MRI
[60—62]. In LI-RADS-based Al research, the classification
categories and the imaging features used to determine these
categories (e.g., perfusion characteristics or blood-flow pat-
terns) may serve as reliable labels to enhance the diagnostic
performance of Al models. As a result, most studies devel-
oped diagnostic models using contrast-enhanced imaging
modalities. The development of Al algorithms for non-con-
trast imaging remains highly valuable, given its lower cost
and avoidance of contrast-agent-related risks. Our meta-
analysis found that limited studies assessed the diagnostic
performance of Al algorithms using non-contrast imaging.
Therefore, there is an urgent need for prospective investiga-
tions employing standardized imaging protocols to evaluate
Al algorithms for HCC diagnosis using non-contrast US,
CT, or MRI. Such studies will be essential for generating
reliable, high-quality evidence to support the assessment of
their diagnostic performance.

Overall, only one study adopted a prospective design,
whereas nine studies did not specify whether their datas-
ets were collected prospectively or retrospectively. The data
sources of retrospective investigations were derived from
pre-existing electronic medical records or open online data-
bases, which were not originally designed for algorithmic
evaluation in real-world clinical settings, and the qual-
ity of imaging data could not be standardized. Although
prior studies indicate that Al algorithms are related to high
diagnostic accuracy, retrospective designs are subject to
substantial RoB and do not characterize the diagnostic per-
formance of Al algorithms within current clinical screening
workflows. Accordingly, prospective, multi-center studies
with pre-specified protocols and reader-blinded compari-
sons remain essential for the evaluation of Al algorithms. In
addition, 22 studies excluded low-quality images, whereas
19 studies did not report image quality. High diagnostic
performance of Al algorithms in MI is generally related to
reliable, high-quality images and appropriate annotation
[63]. Low-quality images, like those affected by acquisi-
tion deficiencies, motion artifacts, or low resolution, may
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lead to overestimation or underestimation of diagnostic
performance. Thus, Al algorithms require high-quality
imaging data to support the development of more robust
and accurate models and to mitigate the high heterogene-
ity observed across studies. Patients with cirrhosis have a
substantially higher pretest probability of HCC compared to
those without underlying liver disease [2]. Studies that uti-
lized datasets with cirrhotic patients may have resulted in an
elevated pretest probability relative to general populations.
This scenario may overestimate the clinical utility of Al-
based diagnostic algorithms when applied to lower-risk set-
tings. Future studies should explicitly report the proportion
of patients with cirrhosis and other liver disease etiologies
to enable more nuanced subgroup analyses and facilitate
the translation of Al diagnostic tools into diverse clinical
settings.

Nevertheless, there are limitations. First, most encom-
passing studies were retrospective, and low-quality images
were not removed, making it difficult to control for many
confounding factors. Additionally, nine of the included
studies failed to report their basic retrospective or prospec-
tive design. This omission constitutes a drag on the over-
all evidence quality and limits the assessment of potential
design-related bias. Second, only 11 studies performed
external validation, leaving uncertainty regarding the
degree to which reported diagnostic performance may be
generalizable to clinical practice. Third, owing to the lim-
ited eligible studies, the subgroups evaluating ML and US,
MRI-based approaches in MCCTs could not be analyzed.
Moreover, non-contrast and contrast-enhanced imaging
modalities were merged into a single subgroup, which
may have obscured potential differences in diagnostic per-
formance and reduced the generalizability of Al models.
Fourth, substantial heterogeneity was identified and not
attenuated in subgroup analyses, suggesting that no single
subgroup accounted for this variability. Potential contribut-
ing factors may include inconsistencies in image labeling
and reference standards, variations in patient population
spectra, differences in diagnostic thresholds, and divergence
in image preprocessing workflows. Fifth, Al and clinician
assessments were not consistently performed on the same
patient populations. Therefore, our comparison between Al
and clinicians is descriptive rather than inferential. Given
these limitations, future research should prioritize large-
scale, prospective studies with rigorous external validation
to more reliably characterize the diagnostic performance
of Al-based models. Concurrently, additional primary
research is needed to facilitate more granular analyses of
specific computational methodologies and imaging modali-
ties. Standardization of key methodological factors, includ-
ing image annotation, patient spectrum considerations, and
preprocessing pipelines, will also be essential to reduce
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unexplained heterogeneity and to advance the develop-
ment of reliable, generalizable Al models. Additionally, our
review focused on diagnostic performance metrics and did
not systematically evaluate factors critical to clinical imple-
mentation, including model explainability, clinician trust,
and reader-Al interaction. These dimensions were infre-
quently reported in the included studies and warrant dedi-
cated investigation in future research.

Conclusion

Al algorithms were associated with high diagnostic perfor-
mance in MI for detecting HCC, with a pooled AUC of 0.95
(95% CI 0.92-0.96), and demonstrated performance com-
parable to that of clinicians across both BCT and MCCT
settings. While these findings suggest Al holds promise
as a supportive tool, the results should be interpreted as
exploratory. Prospective studies with external validation,
large sample sizes, and dedicated evaluation of human-
Al collaboration are needed to translate this potential into
reliable clinical utility. In addition, Future research must
extend beyond performance metrics to address critical gaps
in explainability, clinician trust, and reader-Al interac-
tion, which are essential for safe and meaningful clinical
integration.
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