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Abstract: With the rapid development of artificial intelligence (Al) technology in the field of medicine, Al models

show great potential in the diagnosis, prognosis and efficacy prediction of hepatocellular carcinoma (HCC). Al techniques

include computational search algorithms, machine learning (ML) and deep learning (DL) models. Based on histopatholo-

gy, radiomics and related molecular markers, the ML or DL algorithm is used to extract key information and then establish

the diagnosis or prediction model, which may serve as a tool to aid in clinical decision—making. Further technical support,

large—scale clinical validation and regulatory approvals are still needed due to the limitations on the application of Al mod-

els. This review summarizes the advances of Al in HC diagnosis, prediction of recurrence and prognosis, and highlights

the radiomics, histopathology and molecular marker data.
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Table 1 Summary of studies in the prediction of HCC recurrence risk and prognosis using artificial intelligence algorithm

Author, Year

HCC cases

Aim of study ATl algorithm

Validation method

Input data

Study outcome

JiGW, 2019

Abajian A, 2018

Oezdemir I,

2020

Joon YN,
2020[26:

Saillard,
2020[27,

Lu, 2020

Chaudhary K, 2018""

Training: 210
Validation:
107 internal
153 external

36

36

Prediction of

HCC recurrence  RSF/ mRMR

after resection

Prediction of
TACE response

in HCC patients random forest

Logistic re-

gression,

Distance
Prediction of )
weighted
TACE response
discrimination
in HCC patients
method

Prediction of Residual

Training: 349 HCC recurrence block—based

Validation:214

Training: 194
Validation:328

421

360

after liver trans- deep neural

plantation network

Prediction of
survival after CNN
HCC resection
Prediction of Cox regres-
HCC prognosis ~ sion, CNN
Prediction of

SVM

HCC prognosis

External Validation

Internal leave—one—
out

cross validation

Internal leave—one—
out

cross validation

External Validation

External Validation

No

Internal leave—one—
out

cross validation

CT images and clinical

data

MR images and clinical

data

Contrast—enhanced

ultra—sound images

Age, sex, tumor size
and number, AFP,
PIVKA-1I , and portal

vein invasion

Whole—slide digitized

histological slides

Histopathological imag-

es

RNA-seq, miRNA-

seq and methylation

data

C—statistic: 0.73

Accuracy: 78%
Sensitivity :
62.5%
Specificity :
82.1%

Accuracy: 86%
Sensitivity: 89%
Specificity : 82%

0.75

C—statistic::

0.78

C—statistic

C—statistic: 0.789

0.68

C—statistic::

HCC: Hepatic cell carcinoma, RSF: Random survival forest, mRMR : max—Relevance and Min—Redundancy, TACE: Transcatheter arterial che-

moembolization, AFP: a—fetoprotein, PIVKA- Il : Protein Induced by VitaminK Absenceor Antagonist— Il , CNN: Convolutional neural networks,

SVM: Support vector machine.

AFAE SR FRAE A 4 ol = A AL RSO OB AR T B i =
BT R AN SIS . O 1 AR 7RI IR
S R 4 TS ATECA BFFE BB AT K5 K
f% BBl Ak BT % DA S AL BR WS AR R SR
BT R B B P I R0 LA M AR 5 % 48 T AL

FOPERE , TS i 4 R ml e PR ] i B, A
Rk e Pk R RES B e I, N TR BEROAF A AR
A L T i A R P H A0 R 8l i e i R 2 A4
127 HCC 1K B 5 RIE AR, S DOAS ofE 12 2 Y
Elive



908

HlR AR 2 (R A2 )

B4k

S% 30k

(1]

—
\%]
[

—
wn
—

—
O
—

[10

Sung H, Ferlay J, Siegel RL, et al. Global Cancer Statistics
2020: GLOBOCAN Estimates of Incidence and Mortality
Worldwide for 36 Cancers in 185 Countries [J]. CA Cancer J
Clin, 2021, 71(3) : 209-249.

FE, BB, i, G5 HETORE LG 246 bR AFP A
GGT AL FHUI T 200 0088 26 25 AL A A S5 KT A A7 i
TERIBFFELT]. B E AR, 2023, 14(2): 248-256.

Yan C, Chen XG, Jin HL, et al. Role of the criteria based on
preoperative serological indexes of AFP and GGT inpredicting
long—term survival of patients with hepatocellular carcinoma af-
ter liver transplantation [J]. Organ Transplant, 2023, 14(2) :
248-256.

Finn RS, Qin S, lkeda M, et al. Atezolizumab plus bevacizum-
ab in unresectable hepatocellular carcinoma [J]. N Engl J
Med, 2020, 382(20): 1894-1905.

El-Serag HB, Kanwal F. Epidemiology of hepatocellular carci-
noma in the United States:
[J]. Hepatology, 2014, 60(5): 1767-1775.

Singal AG, Mukherjee A, Elmunzer BJ, et al. Machine learn-

where are we? Where do we go?

ing algorithms outperform conventional regression models in
predicting development of hepatocellular carcinoma [J]. Am J
Gastroenterol, 2013, 108(11): 1723-1730.

*JA L REE L, RNEIR, AT IREE S ) 7 i R A

TE R R AR IR IZ B (3E30) [T ], rp ERL 2z R R 227

%ﬁi, 2022, 52(12): 50-60; +72.

Liu JM, Wu JY, Liu AR, et al. Preoperative diagnosis of liver
cancer patients with bile duct cancer thrombus based on deep
learning method [J]. J Univ Sci Technol China, 2022, 52
(12): 50-60; +72.

Calderaro J, Seraphin TP, Luedde T, et al. Artificial intelli-
gence for the prevention and clinical management of hepatocel-
lular carcinomalJ . J Hepatol, 2022, 76(6): 1348-1361.
Heimbach, JK, Kulik LM, Finn RS, et al. AASLD guidelines
for the treatment of hepatocellular carcinoma [J]. Hepatology,
2018, 67(1): 358-380.

European Association For The Study Of The Liver. Corrigen-
dum to "EASL recommendations on treatment of hepatitis C: Fi-
nal update of the series’ [J Hepatol 73 (2020) 1170-1218]
[J].J Hepatol, 2023, 78(2): 452.

| Schmauch, B, Herent P, Jehanno P, et al. Diagnosis of focal
liver lesions from ultrasound using deep learning[J ]. Diagn In-
terv Imaging, 2019, 100(4): 227-233.

] Yang Q, Wei J, Hao X, et al. Improving B-mode ultrasound
diagnostic performance for focal liver lesions using deep learn-
ing: a multicentre study [J]. EBioMedicine, 2020, 56:

102777.

[12] Guo LH, Wang D, Qian YY, et al. A two—stage multi—view

[13

[14

s

]

—

—

[l

[

learning framework based computer—aided diagnosis of liver
tumors with contrast enhanced ultrasound images [J]. Clin
Hemorheol Microcire, 2018, 69(3): 343-354.

Mokrane FZ, Lu L, Vavasseur A, et al. Radiomics machine—
learning signature for diagnosis of hepatocellular carcinoma in
cirrhotic patients with indeterminate liver nodules[ ] |. Eur Ra-
diol, 2020, 30(1): 558-570.

Shi W, Kuang S, Cao S, et al. Deep learning assisted differ-
entiation of hepatocellular carcinoma from focal liver lesions :
choice of four—phase and three—phase CT imaging protocol
[J]. Abdom Radiol (NY), 2020, 45(9): 2688-2697.

Zhen SH, Cheng M, Tao YB, et al. Deep learning for accu-
rate diagnosis of liver tumor based on magnetic resonance im-
aging and clinical datal J]. Front Oncol, 2020, 10: 680.

Liao H, Long Y, Han R, et al. Deep learning—based classifi-
cation and mutation prediction from histopathological images
of hepatocellular carcinoma [J]. Clin Transl Med, 2020, 10
(2): el02.

Kiani A, Uyumazturk B, Rajpurkar P, et al. Impact of a deep
learning assistant on the histopathologic classification of liver

cancer| J |. NPJ Digit Med, 2020, 3: 23.

R, BB, TROEE, 4. BT CT I MRI 1%@1#’
HILAS 2 > B0 000 4 730 42k i F o 0k e [0 . g

Wif%, 2022, 13(12): 154-158.
Yuan JL, Xie XT, Zhang PN, Ma LH. Research progress in
predicting early recurrence of liver cancer using machine

learning models based on CT and MRI imaging omics [J].

Magnetic Resonance Imaging, 2022, 13 (12): 154-158.
X9, 2R, MR, S5 R T N AR 0T 40 i R R

WERAR 22 Wi A e el ()], 1]
(3): 521-527.

i R 24k, 2022, 38

Liu YP, Li XP, Chen L, et al. Accurate imaging diagnosis
and recurrence prediction of hepatocellular carcinoma based
on artificial intelligence [J].J Clin Hepatobil Dis, 2022, 38
(3): 521-527.

Zhang Y, Lv X, QiuJ, et al. Deep learning with 3d convolu-
tional neural network for noninvasive prediction of microvascu-
lar invasion in hepatocellular carcinomalJ]. ] Magn Reson Im-
aging, 2021, 54(1): 134-143.

Jiang YQ, Cao SE, Cao S, et al. Preoperative identification of
microvascular invasion in hepatocellular carcinoma by XG-
Boost and deep learning[J]. J Cancer Res Clin Oncol,, 2021,
147(3): 821-833.

Abajian A, Murali N, Savic L], et al. Predicting treatment re-
sponse to intra—arterial therapies for hepatocellular carcinoma
with the use of supervised machine learning—an artificial intel-

ligence concept [J]. J Vasc Interv Radiol, 2018, 29 (6) :



o5 634

Pk H, 55 N TR RERORTENF AR 2 T S R S U S AT 2 ok Jé 909

(28]

850-857. e851.
Zhang L, Xia W, Yan ZP, et al. Deep learning predicts over-
all survival of patients with unresectable hepatocellular carci-
transarterial

noma treated by

sorafenib[ J |. Front Oncol, 2020, 10: 593292.

chemoembolization  plus

Peng J, Kang S, Ning Z, et al. Residual convolutional neural
network for predicting response of transarterial chemoemboli-
zation in hepatocellular carcinoma from CT imaging [J]. Eur
Radiol, 2020, 30(1): 413-424.

Oezdemir I, Wessner CE, Shaw C, et al. Tumor vascular net-
works depicted in contrast—enhanced ultrasound images as a
predictor for transarterial chemoembolization treatment re-
sponse[J]. Ultrasound Med Biol , 2020, 46(9) : 2276-2286.
Nam JY, Lee JH, Bae J, et al. Novel model to predict HCC
recurrence after liver transplantation obtained using deep
learning: a multicenter study[J ]. Cancers (Basel), 2020, 12
(10): 2791.

Saillard C, Schmauch B, Laifa O, et al. Predicting survival
after hepatocellular carcinoma resection using deep learning
on histological slides [J]. Hepatology, 2020, 72(6) : 2000-
2013.

Lu L, Daigle BJ Jr. Prognostic analysis of histopathological
images using pre—trained convolutional neural networks: ap-
plication to hepatocellular carcinoma [J]. Peer J, 2020, 8:
e8668.

Yamashita R, Long J, Saleem A, et al. Deep learning pre-
dicts postsurgical recurrence of hepatocellular carcinoma from
digital histopathologic images [J]. Sci Rep, 2021, 11 (1) :
2047.

Johannet P, Coudray N, Donnelly DM, et al. Using machine
learning algorithms to predict immunotherapy response in pa-
tients with advanced melanoma[J]. Clin Cancer Res, 2021,
27(1): 131-140.

Chaudhary K, Poirion OB, Lu L, et al. Deep learning—based
multi—omics integration robustly predicts survival in liver can-
cer[J]. Clin Cancer Res, 2018, 24(6): 1248-1259.
Chaudhary K, Poirion OB, Lu L, et al. Multimodal meta—
analysis of 1, 494 hepatocellular carcinoma samples reveals
significant impact of consensus driver genes on phenotypes

[J]. Clin Cancer Res, 2019, 25(2): 463-472.

[33]

[34]

—
(5]
W

—

[37]

Llovet JM, Kelley RK, Villanueva A, et al. Hepatocellular
carcinomal J ]. Nat Rev Dis Primers, 2021, 7(1): 6.

PR, BE G, B, 55 IR AT R T AR AT S #E ) K
BPEIRIT AR AE S LRI ]. B RAE, 2022, 13(5):
561-568.

Li KY, Wei GW, Li T, et al. Discussion on the indications
and timing of targeted therapy and immunotherapy beforeand
after liver transplantation for hepatocellular carcinomalJ]. Or-
gan Transplant, 2022, 13(5): 561-568.

RBAFAE, RE e, REFR, % . TACEBS R HFIZk St X
Pt 220 T2 AT AU 11 50 96 7 W S0 T 4 s A4 97 280 e (. 52
BS54 AT, 2023, 32(4) : 284-289.

Xiong BZ, Hou CL, Wu YL, et al. Efficacy of transarterial
chemoembolization combined with camrelizumab plus ty-
rosinekinase inhibitors for intermediate—advanced hepatocel-
lular carcinoma [J]. Diagn Imaging Intervent Radiol, 2023,
32(4): 284-289.

Mulé S, Thiefin G, Costentin C, et al. Advanced hepatocellu-
lar carcinoma: pretreatment contrast—enhanced ct texture pa-
rameters as predictive biomarkers of survival in patients treat-
ed with sorafenib[ ] ]. Radiology, 2018, 288(2): 445-455.
Yuan G, Song Y, Li Q, et al. Development and validation of
a contrast—enhanced CT-based radiomics nomogram for
prediction of therapeutic efficacy of anti—-PD-1 antibodies in
advanced HCC patients [J]. Front Immunol, 2020, 11:
613946.

Kather JN, Pearson AT, Halama N, et al. Deep learning can
predict microsatellite instability directly from histology in gas-
trointestinal cancer[J]. Nat Med, 2019, 25(7): 1054-1056.
Kather JN, Heij LR, Grabsch HI, et al. Pan—cancer image—
based detection of clinically actionable genetic alterations [ ] ].
Nat Cancer, 2020, 1(8): 789-799.

FuY, Jung AW, Torne RV, et al. Pan—cancer computational
histopathology reveals mutations, tumor composition and prog-
nosis[ J ]. Nat Cancer, 2020, 1(8): 800-810.

Haber PK, Castet F, Torres—Martin M, et al. Molecular
markers of response to anti-PD1 therapy in advanced hepato-
cellular carcinomal J]. Gastroenterology, 2023, 164(1): 72—
88. el8.

ful

(B3 &



