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ABSTRACT ARTICLE HISTORY
Objective: Posthepatectomy recurrence of hepatocellular carcinoma (HCC) is a major Received 17 May 2025
cause of poor prognosis. Accurate prediction is essential for reducing the burden of Revised 18 August 2025
advanced disease and improving outcomes. Accepted 24 September
Methods: A systematic search of the PubMed, Embase, and Cochrane Library databases 2025

was conducted from their inception to December 31, 2024. The standard quality KEYWORDS
assessment of diagnostic accuracy studies (QUADAS-2) tool was utilized to analyse the Hepatocellular carcinoma;
methodological quality of the included studies. Bivariate linear mixed models were recurrence; prediction;
used to pool diagnostic estimates, including sensitivity (Se), specificity (Sp), positive artificial intelligence;
likelihood ratio (PLR), negative likelihood ratio (NLR), and diagnostic odds ratio (DOR). meta-analysis
Additionally, the area under the receiver operating characteristic curves (AUC) of the

included studies was utilized to evaluate the diagnostic value.

Results: A total of 6665 HCC patients included in 20 studies were enrolled. The pooled

Se, Sp, PLR, NLR, DOR and AUC for the overall Al-assisted diagnostic performance for

postoperative HCC recurrence were 0.87 (95% Cl: 0.72-0.83), 0.85 (95% Cl: 0.80-0.90),

5.39 (95% Cl: 3.85-7.55), 0.25 (95% Cl: 0.20-0.33), 21 (95% Cl: 13-35), and 0.89 (95% ClI:

0.86-0.91), respectively.

Conclusion: Al showed high accuracy in predicting the posthepatectomy recurrence of

HCC and would shed light on screening and monitoring high-risk patients following

liver resection for further treatment.

Introduction

Hepatocellular carcinoma (HCC) is the sixth most common malignancy worldwide and the third leading
cause of death [1]. Although hepatectomy is one of the most effective radical treatments for HCC, the
postoperative prognosis is unsatisfactory, with a 5-year recurrence rate as high as 70% and intrahepatic
recurrence accounting for 60%-80% of these cases [2-5]. The accurate prediction of posthepatectomy
recurrence of HCC remains a challenging clinical issue. Several biomarkers are currently employed to
predict HCC recurrence after surgery, including Alpha-fetoprotein (AFP) and protein induced by vitamin
K absence or antagonist Il (PIVKA-II), with a discouraging prediction accuracy of 60%-80% [6,7]. Therefore,
more precise prediction methods are needed to address the issue.

In recent years, the rapid development of artificial intelligence (Al) technology has facilitated signifi-
cant progress in auxiliary diagnosis, decision-making and disease prediction. In terms of data processing
capacity, feature extraction, and learning mechanisms, conventional methodologies predominantly rely
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on manual data collection, organization, and analysis, which inherently constrains dataset scalability.
Notably, Al-driven approaches demonstrate superior capability in handling massive datasets, enabling
the discovery of more comprehensive and nuanced feature patterns that enhance predictive accuracy [8].
Recently, several studies have applied Al models to predict the risk of posthepatectomy recurrence of
HCC [9-28]. However, their overall accuracy of prediction cannot be effectively evaluated due to the
various evaluation methods and model algorithms used in the studies.

In this study, we conducted a meta-analysis to assess the accuracy of Al technology in predicting the
posthepatectomy recurrence of HCC and systematically evaluated the diagnostic performance of Al tech-
nology in predicting the risk of HCC recurrence after surgery.

Materials and methods

The work has been reported in line with the guidelines of PRISMA [25] (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) and AMSTAR [26] (Assessing the methodological quality of sys-
tematic reviews).

Protocol

The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines [29] were
followed in this systematic review and meta-analysis.

Study selection and literature search

We conducted a systematic search of the PubMed, Embase, and Cochrane Library databases from their
inception to December 31, 2024, using subject and free terms including ‘hepatocellular carcinoma; ‘arti-
ficial intelligence, ‘deep learning, ‘machine learning, ‘recurrence;, and their variations (see search strategy
in Supplementary Table S1). Moreover, we carefully examined the references of each identified primary
study and past systematic review to identify additional relevant articles.

All publications were independently screened by two authors. After eliminating duplicate papers, all
remaining publications’ titles and abstracts were reviewed. The full text was then evaluated by two
authors to assess whether the article fulfilled the inclusion criteria or whether the outcome variables met
the requirements. If issues could not be addressed via conversation, a consensus was reached through
the judgment of a third examiner.

The inclusion criteria were as follows: patients pathologically diagnosed with primary HCC following
hepatectomy with a risk of recurrence predicted using Al methods. The exclusion criteria were as follows:
incomplete or invalid outcome data; inclusion of other regimens in the study cohort; and nondiagnostic
tests, case reports, reviews, expert opinions, or conference abstracts.

Data extraction and quality assessment

We extracted data from each eligible study, including the first author, publication date, country, research
design, Al learning model, true-positive (TP), false-positive (FP), false-negative (FN), and true-negative
(TN) rates, verification method, area under the curve (AUC), training dataset, and main content of the
model. If a model’s dataset was validated multiple times, the model with the highest sensitivity (Se) and
specificity (Sp) was selected. This work was finalized independently by two reviewers, with the assistance
of a third party wherever deemed necessary.

To analyse the methodological quality of the included research, we utilized the standard quality assess-
ment of diagnostic accuracy studies (QUADAS-2) tool [30]. STATA version 15 (Stata Corp LP, College Station,
USA) was used to analyse the risk of bias and applicability using the scoring rules for each item on the
checklist. The four areas of evaluation included patient selection, indicator testing, reference standard, pro-
cesses, and timing. To highlight the possibility of bias, each question was answered as ‘Yes, ‘No; or ‘Unclear;
and ‘High Risk; ‘Low Risk’, or ‘Unclear Risk’ were considered to indicate an applicability concern.
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Statistical analysis

To analyse the raw data, we utilized the MIDAS module of STATA 15 (StataCorp LP, College Station, USA,
Texas). The results were used to plot a summary receiver operating characteristic (SROC) curve, with the
AUC demonstrating the diagnostic ability of the included studies [31]. For stratified analyses comparing
models using only preoperative variables (Pre) with those incorporating both preoperative and postop-
erative variables (Pre+Post), the reported AUCs and their 95% confidence intervals (Cls) were extracted
from each study. When not directly reported, standard errors (SEs) were calculated from the Cls. To sta-
bilize variance and account for the bounded distribution of AUC values, all AUCs were transformed to
the logit scale prior to pooling. Pooled estimates were obtained using a random-effects model with
restricted maximum likelihood (REML) estimation and subsequently back-transformed to the original AUC
scale to facilitate interpretation. AUC values of 0.5-0.7, 0.7-0.9, and >0.9 were considered to indicate low,
medium, and high performance, respectively.

To demonstrate variations between studies, we created a forest plot and detected heterogeneity in
the Se and Sp of the pooled data. The MIDAS module in STATA was applied to assess heterogeneity due
to the threshold effects, whereas /> and Q tests were employed to quantify heterogeneity generated by
the non-threshold effects. > >50% was considered to indicate moderate to high heterogeneity among
studies, and p <.05 was considered to indicate a significant difference [30]. Moreover, we utilized Deeks’s
asymmetry regression test [32] to examine potential publication bias. A slope coefficient with p <.10 was
considered to indicate a significant publication bias.

Results
Literature selection

Figure 1 depicts the literature search and selection process [29]. A total of 20 studies were included and
published from 2019 to 2024, with 5 studies based on clinical characteristics, 13 studies based on
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Figure 1. PRISMA flow diagram of the study process.
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radiomics, and 2 studies based on pathology. A total of 6665 HCC patients were enrolled in the study,
including 2976 patients (44.65%) with recurrence and 3689 patients (55.35%) without recurrence.

Data extraction and quality assessment

We extracted data and evaluated the quality of the 20 included studies; the relevant characteristics are
illustrated in Table 1, with detailed modeling architectures, input features, and methodological character-
istics provided in Supplementary Table S2. The distribution of methodological quality assessments for the
included studies based on the QUADAS-2 scale is shown in Figure 2. According to the quality assess-
ment, no studies were excluded from the analysis. The Deeks funnel plot asymmetry test slope coeffi-
cient (p=0.20) revealed no publication bias (Figure 3).

Data analysis

The forest plots and comprehensive results of all studies included in this diagnostic meta-analysis are shown
in Figure 4. The pooled Se and Sp of the overall Al-assisted diagnostic performance for postoperative HCC
recurrence was 78% (95% Cl: 72-83%) and 85% (95% ClI: 80-90%), respectively, while the PLR, NLR, and com-
bined DOR was 5.39 (95% Cl: 3.85-7.55), 0.25 (95% Cl: 0.20-0.33), and 21 (95% Cl: 13-35), respectively. On the
SROC curves for all datasets (n=20), circles indicate the observed data, while solid squares indicate the total Se
and total Sp aggregation points. The upper and lower boundaries indicate Se confidence, whereas 1-Sp confi-
dence indicate the left and right boundaries (Figure 5). The AUC was 0.89, with a 95% Cl of 0.86-0.91, suggest-
ing high diagnostic value (Figure 5). Among the included studies, two employed time-to-event survival models,
reporting time-dependent AUCs of 0.83 at 2years and 0.683 at 5years. The positive prior probability (Prior Prob)
for HCC recurrence was 40% in this research, and a PLR of 5 boosted the postprobability positive (Post Prob
Pos) to 78%. Similarly, when the NLR was 0.25, the postprobability negative (Post Prob Neg) decreased to 14%
(Figure 6). Nevertheless, I values exhibited significant heterogeneity among the studies.

In stratified analyses, models using only preoperative variables (Pre, n=11) yielded a pooled AUC of
0.84 (95% Cl: 0.81-0.88), which was comparable to that of models incorporating both preoperative and
postoperative variables (Pre+Post, n=7; AUC = 0.88, 95% Cl: 0.85-0.91), with no statistically significant
difference between the two approaches (p=0.37).

Subgroup analysis

There was significant heterogeneity among studies (1> = 99%, 95% Cl: 98%-99%, p < .0001). Similarly, Se
and Sp displayed high heterogeneity in the forest plots (> = 93.09%, 95% Cl: 91.01%-95.17%, p < .001;

Table 1. Baseline characteristics of included studies.

Study Country Recurrence Rate TP FN FP TN AUC

Lee (2021) China 46.2% 8 3 2 25 0.741
Liu (2021) China Not mentioned 44 2 10 25 0.917
Sun (2021) China 85.7% 541 46 130 462 0.934
Mai (2021) China 35.9% 231 109 93 246 0.753
Yamshita (2021) United States 34.7% 63 10 6 119 0.956
Cui (2022) China 43.3% 61 26 12 79 0.864
Gao (2022) China 28.2% 99 76 8 195 0.911
Huang (2022) China 52.4% 84 41 34 130 0.83

Ren (2022) China 17.8% 16 8 1 29 0.864
Shi (2022) China 50.8% 53 7 10 39 0.93

Wu (2022) China Not mentioned 17 3 3 18 0.948
Wang (2022) China 49.52% 43 10 10 42 0.834
Zeng (2022) China 43.4% 281 175 97 453 0.785
Zhang (2022) China 39.5% 48 16 0 57 0.942
Li (2023) China 33.5% 8 3 2 25 0.857
Lv (2023) China 51.3% 107 8 7 102 0.98

Kinoshita (2023) Japan 41.0% 10 5 13 26 0.73

Altaf (2024) United States 49.7% 219 72 364 755 0.858
Yan (2024) China Not mentioned 24 13 12 57 0.733
Zandavi (2024) Australia 49.7% 118 25 18 99 0.835

Notes: TP: true-positive; FP: false-positive; FN: false-negative; TN: true-negative; AUC: area under the curve.
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Figure 2. Stacked bar charts of the QUADAS-2 scores for methodological quality. (A) Summary across all studies;
(B) individual studies. For each domain, the proportions indicating low, high, or unclear risks of bias, and applicability
concerns, are depicted in green, red, and yellow, respectively.

?=93.78%, 95% Cl: 91.96%-95.60%, p < .001). To further investigate the causes of heterogeneity, we
conducted a subgroup analysis of various variables, including the incorporation of pathology or MVI, the
timing of tumour recurrence, and the type of medical imaging. Studies using pathological data demon-
strated higher Se compared to those without pathological data (91%, 95% Cl: 82%-100% vs.75%, 95%
Cl: 68%-81%; see Figure 7A), Interestingly, studies including MVI exhibited slightly lower Se and Sp com-
pared to those without MVI (Se, 71%, 95% Cl: 62%-79% vs. 78%, 95% Cl: 72%-85%; Sp, 77%, 95% Cl:
69%-86% vs. 85%, 95% Cl: 79%-90%; see Figure 7B). The time pattern of recurrence for HCC was divided
into early (within two years of operation) and late recurrence (>2 years after resection). Studies defined
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Figure 7. Bar charts comparing sensitivity and specificity across subgroups: (A) pathology versus non-pathology; (B) MVI
versus non-MVI; (C) early recurrence versus late recurrence; (D) different imaging modalities (CT, US, and MRI). MVI,
microvascular invasion; CT, computed tomography; US, ultrasound; MRI, magnetic resonance imaging.

as late recurrence demonstrated higher Se and Sp than those characterized as early recurrence (Se, 87%,
95% Cl: 82%-91% vs. 72%, 95% Cl: 65%-79%; Sp, 89%, 95% Cl: 82%-97% vs. 80%, 95% Cl: 74%-86%;
see Figure 7C). Additionally, studies using MRI-based radiomics achieved superior Sp compared to those
with CT or ultrasound (96%, 95% Cl: 94%-98% vs. 82%, 95% Cl: 75%-89% vs. 79%, 95% Cl: 75%-84%),
though showing the lowest Se (64%, 95% Cl: 53%-74%, see Figure 7D) The Forest Plots of their Sp and
Se are shown in the Supplementary Figure S1.

Discussion

Our meta-analysis indicated that the pooled sensitivity and specificity were 78% and 85%, respectively,
with an AUC of 0.89. To the best of our knowledge, this is the first meta-analysis on Al-assisted predic-
tion of the risk of posthepatectomy recurrence of HCC patients, demonstrating the significant accuracy
of prediction using Al in this field. Based on this study, Al was four times more likely to identify recur-
rence than to mistakenly identify recurrence correctly, and the posttesting probability of a positive test
result was 78%. Similarly, the likelihood of misjudging nonrecurrence was 0.25 times higher than that of
correctly judging nonrecurrence, and the posttesting probability of a negative test result was 14%. Our
findings show that Al has the potential to predict the posthepatectomy recurrence risk of HCC, which is
beneficial for the identification of high-risk patients following surgery and the development of optimal
prevention and treatment strategies for them.

Compared to conventional methods, Al-based models exhibit significantly higher accuracy in predict-
ing postoperative recurrence of HCC, with their advantages in the integration of multimodal data and
algorithmic innovation. Al-based models not only incorporate clinical and pathological parameters but
also include imaging features extracted quantitatively through radiomics approaches, which reveal the
characteristics of cancer comprehensively. A scoping review showed that multi-modal machine learning
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was more robust in its estimations over unimodal methods, with an average increase of 6.4% in predic-
tive accuracy [33]. In contrast to linear models that struggle to identify complex links between variables,
Al-based models leverage various nonlinear algorithms to detect their hidden correlations and provide
adaptive, high-precision, and real-time risk prediction, such as gradient-boosted decision trees and con-
volutional neural networks [34,35]. Notably, Al-based models have demonstrated remarkable performance
in postoperative recurrence prediction across multiple malignancies. Xiang et al. developed a multimodal
transformer with Unified maSKed modeling based on clinical data and pathological images and achieved
the highest AUC of 0.833 in predicting five-year recurrence risk for melanoma [36]. In addition, an artifi-
cial neural network model gained an AUC value of 0.979 for the prediction of recurrence risk in patients
with T1 rectal cancer following local excision [37]. Therefore, Al-based models probably have a general
potential in the risk prediction for the recurrence of various malignancies after surgery. Furthermore, our
analysis demonstrates that models relying exclusively on preoperative variables can achieve predictive
accuracy comparable to those incorporating postoperative data. Such models provide robust prognostic
estimates prior to surgery, enabling timely risk stratification, personalized perioperative planning, and
informed patient counseling. Restricting inputs to preoperative data also enhances generalizability by
eliminating variability introduced through postoperative pathological assessments and institutional prac-
tices, and offers particular advantages in settings where histopathology may be delayed or inaccessible.
Harnessing advanced machine learning to derive prognostic insights from preoperative clinical, labora-
tory, and imaging features supports a paradigm shift toward more timely, proactive, and individualized
decision-making in surgical oncology.

Comparative evaluations of Al-generated predictions versus traditional physician assessments have
emerged as a critical topic amid the ongoing digital transformation in healthcare. By integrating multi-
dimensional data and capturing complex nonlinear relationships, Al systems offer notable advantages in
standardizing structured tasks while mitigating subjective bias. A recent meta-analysis covering diverse
Al models across multiple specialties demonstrated that Al performance [38], in certain diagnostic con-
texts, approaches that of general physicians. However, in complex or ambiguous cases, Al remains out-
performed by expert clinicians, whose expertise in interpretability, adaptive decision-making, and
patient-specific contextualization remains indispensable. Nonetheless, Al holds significant promise for
improving healthcare access in resource-constrained settings and advancing medical education. As Al
becomes more deeply integrated into clinical workflows, its core value is to augment—rather than
replace—clinical judgment. Future developments should prioritize multimodal data integration and
specialty-specific model refinement to enhance robustness, interpretability, and clinical generalizability,
thereby enabling Al to evolve from an ‘auxiliary tool’ into a reliable ‘clinical decision support partner’.

Despite promising in predicting postoperative recurrence of HCC, the positive predictive value and neg-
ative predictive value of Al-based models are still not satisfactory, which may be attributed to unclear
pathogenesis of HCC, insufficient model generalizability, and lack of dynamic capabilities. The molecular
mechanisms underlying the recurrence of HCC are still obscure, which leads to debates regarding the
prognostic value of certain clinical, pathological, and imaging biomarkers. These uncertainties may com-
promise the decision-making accuracy of Al-based models that predominantly rely on statistical correla-
tions. Additionally, data heterogeneity, especially demographic characteristics such as the mobility of
chronic liver diseases, would undermine the model’s generalizability across various populations. Moreover,
predominantly based on static preoperative data, current models underestimate dynamic postoperative
variables, such as the adherence to longitudinal follow-up and changes in the immune status of patients.
Therefore, to enhance the predictive performance of Al-based models, a series of improvements is required,
including further studies to better understand the pathogenesis of HCC recurrence, the establishment of
global multimodal databases to strengthen the model generalizability, and dynamic models to enable
real-time risk assessment.

Our study showed that the included studies exhibited heterogeneity, which may be related to the
incorporation of pathology or MVI, timing of tumour recurrence, and type of medical imaging. Pathological
parameters (e.g. histological differentiation and MVI) directly reflect tumor biology, enabling higher sen-
sitivity in recurrence prediction models. Detection of late recurrence benefits from distinct features (e.g.
extrahepatic spread and multifocal lesions), while examination of early recurrence remains challenging as
a result of difficulties in imaging diagnosis, such as identification of micro-metastases [39,40]. Imaging
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modality selection requires sensitivity-specificity tradeoffs: MRI gains an advantage over lesion character-
izations through superior soft-tissue resolution, whereas contrast-enhanced ultrasound (CEUS) demon-
strates sensitivity advantages in the detection of micro-lesions via dynamic perfusion monitoring [41,42].
Algorithmically, the integration of the multi-algorithm approach achieves balanced performance through
feature complementarity, error compensation, and adaptive mechanisms. Hence, future developments
should prioritize lightweight ensemble architectures combined with explainability enhancement to facil-
itate the clinical adoption of Al-based models.

This study still has several limitations. First, the analysis only included retrospective studies and lacked
high-quality prospective studies such as randomized controlled clinical trials. Second, only two studies
applied time-to-event survival models, which are conceptually distinct from fixed-time classification mod-
els and therefore were summarized narratively rather than pooled quantitatively. Third, only a small pro-
portion of studies reported decision thresholds, and the reported values varied considerably. Given the
influence of threshold selection on sensitivity and specificity, such variability and incomplete reporting
likely increased heterogeneity and reduced comparability. Finally, since Al-based models are typically
developed through black-box methods, Al is primarily in charge of the process. Although humans are
aware of the specific operations of each step in a model’s decision-making process, the operations can-
not be expressed in human-readable semantics, which might prevent us from specifically analyzing the
impact of certain factors. Therefore, large-scale, prospective, multicenter, randomized controlled studies
using transparent and standardized modeling approaches are needed to improve both performance and
interpretability in predicting posthepatectomy HCC recurrence.

Conclusions

In conclusion, our meta-analysis demonstrates the high accuracy of Al in predicting the posthepatectomy
recurrence of HCC. Al is a promising noninvasive method for predicting posthepatectomy HCC recur-
rence, with substantial implications for screening high-risk patients and developing adjuvant therapies
throughout postoperative monitoring.
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