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Abstract
Background  Early detection and management are essential in hepatocellular carcinoma (HCC) care. Artificial intelligence 
(AI) is enhancing the precision and efficiency of diagnostic imaging for liver tumor assessment.
Objective  This study aimed to characterize the diagnostic performance of AI 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 AI 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 AI-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% CI 86–94%), and 0.91 (95% CI 0.88–0.93). These findings indicated that AI 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  AI 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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Introduction

Primary liver cancer, most notably hepatocellular carcinoma 
(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-
ease, especially cirrhosis, represents the strongest risk factor 
for the development of HCC, accounting for approximately 
80% of cases [2]. Hepatocarcinogenesis in the cirrhotic liver 
progresses from nonmalignant precursor nodules - such as 
regenerative nodules and low- or high-grade dysplastic nod-
ules - to overt HCC [3, 4]. In high-risk patients with chronic 
liver disease, non-invasive imaging modalities, such as 
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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 (AI)-
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 
AI-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 AI 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 

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 AI 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 AI 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- AI 
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 AI.

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 
AI 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 × 2 table were 
excluded from the quantitative synthesis.
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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 
AI-based diagnostic interventions. The tool assesses four 
domains: patient selection, index test (AI 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 
AI models. Heterogeneity was examined via the I² statistic, 
and subgroup and regression analyses were executed to find 

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) AI algorithm type 
(DL vs. ML), (iii) imaging modality (US, CT, MRI, etc.); 
2. MCCTs: (i) validation type (internal vs. external), (ii) 
AI algorithm type, (iii) imaging modality; 3. Pooled per-
formance comparison of AI 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 AI 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 

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
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directly compared DL and ML algorithms using identical 
datasets. Imaging modalities encompassed US (B-mode 
and contrast-enhanced ultrasound (CEUS)) in 12 studies, 
CT (including contrast-enhanced computed tomography 
(CECT)) in 16 studies, as well as MRI (including contrast-
enhanced MRI) in 13 studies.

Pooled performance of studies

All 41 studies contributed sufficient quantitative data for 
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% 
CI 0.92–0.96) (Fig. 2a).

Among the 28 studies evaluating DL algorithms (35 con-
tingency tables), the pooled SEN, SPC, and AUC were 86% 
(95% CI 83–89%), 92% (95% CI 90–94%), and 0.95 (95% 
CI 0.93–0.97), respectively (Fig. 2b). The 13 studies assess-
ing ML algorithms (15 contingency tables) yielded a pooled 
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. 2c). In 
comparison, 11 studies evaluating clinician performance (29 
contingency tables) demonstrated pooled SEN, SPC, and 
AUC of 78% (95% CI 73–83%), 91% (95% CI 86–94%), 
and 0.91 (95% CI 0.88–0.93), respectively (Fig. 2d).

Subgroup meta-analyses

Our meta-analysis encompassed 31 studies employing BCTs 
and 9 studies employing multi-class classification tasks 
(MCCTs). The 31 BCT studies, which generated 37 contin-
gency tables, yielded pooled SEN, SPC, and AUC of 88% 
(95% CI 85–91%), 88% (95% CI 85–91%), and 0.94 (95% 
CI 0.92–0.96), respectively (Fig. 3a). The 10 MCCT stud-
ies, generating 13 contingency tables, demonstrated pooled 
SEN, SPC, and AUC of 82% (95% CI 78–86%), 95% (95% 
CI 93–96%), and 0.96 (95% CI 0.94–0.97), respectively 
(Fig. 3b).

Three separate meta-analyses were carried out in 
the BCTs group

Validation types

Among the 27 studies (28 contingency tables) using internal 
validation datasets, the pooled SEN, SPC, and AUC were 
89% (95% CI 86–92%), 89% (95% CI 86–92%), and 0.95 
(95% CI 0.93–0.97), respectively (Fig. 4a). In contrast, nine 
studies (nine contingency tables) employing external vali-
dation datasets yielded pooled SEN, SPC, and AUC of 85% 
(95% CI 79–90%), 84% (95% CI 77–89%), and 0.92 (95% 
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] Consistent label, expert consensus Hand-out cross validation No
 Xiao et al. [16] Histopathology or the combination of clinical and imaging reference standards Hand-out cross validation Yes
 Li et al. [17] Histopathology Hand-out cross validation: No
 Chen et al. [18] Histopathology Five-fold cross-validation No
 Zhao et al. [19] NR Hand-out cross validation No
 Zhang et al. [20] NR Hand-out cross validation No
 Xu et al. [21] Histopathology Hand-out cross validation Yes
 Wan et al. [22] Histopathology Five-fold cross validation No
Roy et al. [23] NR Hand-out cross validation No
 Park et al. [24] Histopathology or diagnosis of follow-up imaging Hand-out cross validation Yes
 Midya et al. [9] Histopathology Hand-out cross validation Yes
 Liu et al. [25] Histopathology Hand-out cross validation No
 Li et al. [10] Histopathology Five-fold cross-validation Yes
 Huang et al. [26] Histopathology Hand-out cross validation No
 Fotouhi et al. [8] Histopathology or diagnosis of follow-up imaging Hand-out cross validation Yes
 Chen et al. [27] Histopathology Hand-out cross validation No
 Zhang et al. [28] Histopathology Hand-out cross validation Yes
 Xu et al. [29] Histopathology Hand-out cross validation No
 Sun et al. [30] Histopathology Hand-out cross validation No
 Ling et al. [31] Histopathology Five-fold cross-validation No
 Hu et al. [32] Histopathology Hand-out cross validation No
 Cao et al. [33] Histopathology or clinical findings (based on clinical signs such as laboratory 

tests, imaging examinations)
Hand-out cross validation No

 Zhou et al. [34] Histopathology Hand-out cross validation No
 Zheng et al. [35] 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.

Five-fold cross-validation Yes

 Wang et al. [36] In the training set, 425 (65.7%) HCC cases and 1184 (17.2%) non-HCC cases 
underwent Histopathology. Histopathology in two test sets.

Hand-out cross validation Yes

 Tiyarattanachai et 
al. [37]

Histopathology and/or MRI/CT reports Hand-out cross validation Yes

 Stollmayer et al. 
[38]

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

Hand-out cross validation No

 Ryu et al. [6] Histopathology or exhibited typical characteristics of image. Hand-out cross validation No
 Ren et al. [39] Histopathology Hand-out cross validation Yes
 Oestmann et 
al. [40]

Histopathology Monte Carlo 
cross-validation

No

 Nakai et al. [41] Histopathology Hand-out cross validation No
 Menegotto et al. 
[42]

NR Hand-out cross validation No

 Zhou et al. [43] Histopathology for malignant tumors, 336 benign nodules through histopathol-
ogy or a combination of typical image performance and clinical data

Hand-out cross validation No

 Shi et al. [44] Histopathology or combination of imaging and clinical follow-up Hand-out cross validation: No
 Kim et al. [45] Histopathology Hand-out cross validation Yes
 Huang et al. [46] Histopathology Hand-out cross validation No
 Cao et al. [47] Histopathology or combination of clinical and radiological findings with 

follow-up
Hand-out cross validation No

Özyurt et al. [48] NR Hand-out cross validation No
 Oyama et al. [49] HCC group: Histopathology;

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

Leave-one-out validation No

 Hamm et al. [50] Histopathology or exhibited typical characteristics of radiologically features Hand-out cross validation No
 Gatos et al. [51] Histopathology or exhibited typical characteristics of radiologically features Leave-one-out validation No
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Abdominal Radiology
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Abdominal Radiology
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DL versus ML

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% 
CI 0.93–0.97), 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% 

CI 77–87%), and 0.91 (95% CI 0.88–0.93), respectively 
(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 

Fig. 3  Pooled performance of AI 
algorithms by classification type. 
a ROC curves for studies evaluat-
ing BCTs (31 studies with 37 
tables). b ROC curves for studies 
rating MCCTs (ten studies with 
13 tables)

 

Fig. 2  Pooled performance of AI 
algorithms and human clinicians. 
a Receiver operating character-
istic (ROC) curves for studies 
rating AI algorithms (41 studies 
with 50 tables). b ROC curves for 
studies rating DL algorithms (28 
studies with 35 tables). c ROC 
curves for studies evaluating ML 
algorithms (13 studies with 15 
tables). d ROC curves for studies 
evaluating human clinicians (11 
studies with 29 tables)

 



1 3

Abdominal Radiology

0.91–0.96), respectively (Fig.  4e). 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. 5c). One 
ML-based studies (one contingency table) lacked sufficient 
information to determine pooled SEN and SPC and were 
therefore removed.

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 AI algorithms repre-
sent a valuable tool for the detection of hepatic cancer using 
MI in comparison with human clinicians. Heterogeneity 
was assessed using the I² statistic. Considerable heteroge-
neity was observed for both SEN (I²=68.19%) and SPC 
(I²=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 I² 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 

Fig. 4  Pooled performance of 
AI 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). c 
ROC curves for studies using DL 
algorithms (19 studies with 23 
tables). d ROC curves for studies 
using ML algorithms (12 studies 
with 14 tables). e ROC curves for 
studies using US (9 studies with 
10 tables). f ROC curves for stud-
ies using CT (11 studies with 14 
tables). g ROC curves for studies 
using MRI (11 studies with 13 
tables)
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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

 

Fig. 5  Pooled performance of 
AI algorithms in MCCTs. a 
ROC curves for studies utilizing 
internal validation (nine studies 
with 9 tables). b ROC curves for 
studies utilizing external valida-
tion (two studies with 4 tables). c 
ROC curves for studies utilizing 
DL algorithms (9 studies with 12 
tables). d ROC curves for studies 
utilizing CT (5 studies with 5 
tables)
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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 AI algorithms in detecting HCC. AI 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), AI algorithms (AUC: 
0.95, 95% CI 0.92–0.96) showed superior discriminative 
performance for HCC detection. These findings suggest that 
AI 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 AI 
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 I² values.

A systematic search identified two systematic reviews 
with meta-analyses evaluating AI algorithms in MI for HCC 
detection. Consistent with our results, Salehi et al. reported 
that AI algorithms exhibited high diagnostic performance 
for HCC detection [11]. For internally validated AI 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 AI 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 AI algo-
rithms exceeded that of clinicians, who exhibited pooled 
SEN, SPC, and AUC of 70% (95% CI 60–78%), 85% (95% 

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, AI 
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 AI algorithms. Limiting AI 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 AI 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 AI performance. Moreover, due to the limited number 
of studies, direct comparisons between AI 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 MI. 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 AI performance across BCT and 
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MCCT. Therefore, our study provides a more comprehen-
sive assessment of AI 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% CI 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% CI 0.93–0.97; 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, AI 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, AI 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 AI 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 AI models. As a result, most studies devel-
oped diagnostic models using contrast-enhanced imaging 
modalities. The development of AI 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 AI algorithms using non-contrast imaging. 
Therefore, there is an urgent need for prospective investiga-
tions employing standardized imaging protocols to evaluate 
AI 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 AI algorithms are related to high 
diagnostic accuracy, retrospective designs are subject to 
substantial RoB and do not characterize the diagnostic per-
formance of AI 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 AI algorithms. In 
addition, 22 studies excluded low-quality images, whereas 
19 studies did not report image quality. High diagnostic 
performance of AI 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 

lead to overestimation or underestimation of diagnostic 
performance. Thus, AI 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 AI-
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 AI 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 AI 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, AI and clinician 
assessments were not consistently performed on the same 
patient populations. Therefore, our comparison between AI 
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 AI-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 AI 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-AI interaction. These dimensions were infre-
quently reported in the included studies and warrant dedi-
cated investigation in future research.

Conclusion

AI 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 AI 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-
AI 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-AI interac-
tion, which are essential for safe and meaningful clinical 
integration.
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