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Impact and implications:

STARHE-RISK is a reliable ultrasound-based deep learning
model for hepatocellular carcinoma (HCC) risk stratification in
patients with compensated advanced chronic liver disease and
can be associated with complementary scores integrating
clinical and blood parameters. STARHE-DETECT could
become a complementary tool to visual assessment for radi-
ologists and sonographers in HCC surveillance. Both models
are based on simple and easy-to-perform ultrasound cine clip
acquisitions. This study paves the way for a risk-based per-
sonalised surveillance program that will not ultimately rely on a
single test but rather on a combination of approaches mixing
clinical, biological, and radiological data.
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Background & Aims: Hepatocellular carcinoma (HCC) surveillance programs are suboptimal. We aimed to design an
ultrasound-based deep learning model for HCC risk stratification (STARHE-RISK) and early-stage HCC detection (STARHE-
DETECT) in patients with compensated advanced chronic liver disease (CACLD).

Methods: This prospective multicentric study included 403 adult patients with cACLD of all causes enrolled in a surveillance
program for at least 6 months without prior history of HCC. STARHE-RISK was trained on ultrasound cine clips of the non-
tumoral liver parenchyma using two classes: cases (n = 152 patients with early-stage HCC; 137/152 [82%] male; median age
63 years) and controls (n = 170 patients without HCC at inclusion and during a subsequent 1-year follow-up; 120/170 [71%]
male; median age 69 years). STARHE-DETECT was trained on tumour ultrasound cine clips. The training/validation and testing
sets were stratified according to potential confounders, and 50 patients who were balanced in both groups were allocated to the
independent testing set based on sample size calculation. Statistical analysis included classification and detection metrics.

Results: STARHE-RISK achieved good prediction performances in the testing set with a 0.72 accuracy (95% CI 0.57-0.84) and
an odds ratio of 6.6 (95% Cl 1.9-22.7; p = 0.003). The combination of STARHE-RISK and the FASTRAK score, a multi-aetiology
HCC risk stratification score, achieved a higher specificity (0.86 [95% CIl 0.65-0.97]) and odds ratio (8.9 [95% CIl 2.1-38.3; p =
0.004)) for predicting a patient at high risk of HCC development. STARHE-DETECT achieved a 0.67 mAP10, a 0.68 sensitivity
(95% CI 0.47-0.85), and a 0.82 specificity (95% CI 0.69-0.91) for detecting early-stage HCC.

Conclusions: STARHE-RISK and STARHE-DETECT achieved robust performances for HCC risk stratification and early-stage
HCC detection, respectively. They could become valuable surveillance tools and pave the way for a risk-based personalised
surveillance program.

Clinical Trials Registration: The study is registered at ClinicalTrials.gov (NCT04802954).

© 2025 The Author(s). Published by Elsevier B.V. on behalf of European Association for the Study of the Liver (EASL). This is an open access
article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction lower for HCC <2 cm, where sensitivity drops to 22%.° Indeed,
in routine practice, only about 20% of patients diagnosed with
HCC receive a first-line curative-intent treatment.* Thus, sur-
veillance by magnetic resonance imaging (MRI), especially with
abbreviated protocols, has been reported to improve surveil-
lance as it significantly outperforms ultrasound with a detec-
tion rate of five times that of ultrasound for very early-stage
(<2 cm) HCC.® The reported sensitivity and specificity ranged
from 84.6 to 96.0% and from 81.6 to 100%.5'? However,
although the diagnostic performance of abbreviated MRI is
superior to that of ultrasound, MRl is an expensive examination
with limited access. This is why there is an urgent unmet
clinical need to identify a subpopulation at very high risk of
HCC development while also improving the performance of
ultrasound for early-stage HCC surveillance.

Hepatocellular carcinoma (HCC), a life-threatening condition,
arises in more than 80% of cases in cirrhosis in the West. Over
the past decades, the incidence rate of liver cancers has been
increasing, and the severity of this challenge is amplified by
projections that anticipate a 55% increase in new cases of liver
cancer by 2040, which would result in 1.3 million deaths
worldwide — a 56% increase compared with 2020."

In this context, healthcare systems have included patients
with compensated advanced chronic liver disease in surveil-
lance programs with biannual ultrasound. However, although
abdominal ultrasound is an inexpensive and radiation-free
examination, it has significant shortcomings in sensitivity
and interobserver reproducibility, particularly for detecting
early-stage HCC with a reported sensitivity of 47%2 and even
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Indeed, surveillance programs rely on the cost-
effectiveness ratio at the population’s collective level, which
is determined by the incidence of HCC, the cost of the sur-
veillance tools and its benefits, including the percentage of
patients receiving a first-line curative-intent treatment and the
overall survival in at-risk patients. Recent analyses of pro-
spective European cohorts, including a model-based evalua-
tion of very early-stage HCC detection, confirmed that MRI
surveillance is cost-effective for a baseline yearly incidence of
3% in patients with cirrhosis without active viral replication,
which was similar to that of Asian populations.®'® Therefore,
surveillance with abbreviated MRI can only be considered for a
subpopulation with a very high risk of HCC development,
which would be selected from the population currently un-
dergoing standard ultrasound surveillance. Identifying this
subset of high-risk patients is crucial as this strategy would
detect five times more very early-stage HCC than ultrasound,
with an incremental cost-effective ratio below 30,000</life-
years gained.' Refining and personalising costly HCC sur-
veillance programs based on the individual risk of HCC is a
timely challenge to provide better care and allocate limited
medical resources fairly.

Numerous algorithms have been developed, either aeti-
ology-specific’>™'” or multi-aetiology,® incorporating clinical
parameters (e.g. age, sex, BMI, or diabetes) and biological
parameters (e.g. gamma-glutamyl transferase [GGT], aspartate
aminotransferase [AST]/alanine aminotransferase [ALT],
platelets, or albumin),’® 8" serum proteins,’>> or single
nucleotide polymorphisms.?® These models demonstrated
good discriminative performances. For instance, Nahon et al.®
developed a multi-aetiology score (FASTRAK) dedicated to
European patients with cirrhosis and no viral replication based
on age, sex, platelet count, total bilirubin, GGT, and serum o-
foetoprotein (AFP) that achieved a Harrell’s c-index up to 0.76
to identify patients with an annual risk of HCC over 3% after 3
years of follow-up.® However, these models do not take into
consideration the structural analysis of the liver parenchyma,
which reflects the pathophysiological mechanisms responsible
for hepatocarcinogenesis. In the 1990s, ultrasound studies
examined the incidence of HCC according to the liver echos-
tructure.?*2® Results showed that a nodular heterogeneous
echostructure resulted in an adjusted rate ratio estimate of
up to 20.

Therefore, we hypothesised that non-tumoral liver paren-
chyma of patients eligible for HCC surveillance is rich in
structural information reflecting the severity of liver disease
and the risk of HCC development. We also hypothesised that
the performance of ultrasound in early-stage HCC surveillance
could be improved with the assistance of a deep learning
object detection model. Indeed, object detection deep learning
models have become increasingly popular in assisting radiol-
ogists in surveillance programs such as mammography breast
cancer screening.?’%®

The primary objective was (1) to design a deep learning
model for HCC risk stratification based on ultrasound cine
clips of the non-tumoral liver parenchyma in patients with
compensated advanced chronic liver disease (cACLD) to
identify a subpopulation at very high risk of HCC development
and (2) to develop an object detection model for early-stage
HCC on surveillance ultrasound cine clips in patients with
cACLD. The secondary objective was to assess the impact of

the object detection model on radiologists’ interpretation of
surveillance ultrasound cine clips.

Materials and methods

Ethics

This prospective project was approved by the Research Ethics
Board (Comité de protection des personnes Sud-Est VI
21.03054.001701-MS083; ClinicalTrial NCT04802954) and fol-
lowed the ethical principles of the Declaration of Helsinki. All
patients provided written informed consent.

Study design

This prospective multicentric study was conducted in six ac-
ademic tertiary hospitals (CHU Angers, Angers, France; Hopital
de la Croix Rousse, Hospices Civiles de Lyon, Lyon, France;
Hépital Beaujon, Assistance Publique - Hbépitaux de Paris,
Clichy, France; Hopital Avicenne, Assistance Publique -
Hoépitaux de Paris, Bobigny, France; Hopital Saint Eloi, CHU
Montpellier, Montpellier, France; Hoépital Edouard Herriot,
Hospices Civiles de Lyon, Lyon, France). The study prospec-
tively consecutively included patients over 18 years of age,
enrolled in a surveillance program for at least 6 months,
defined by Child-Pugh A or B histologically proven F3/F4 liver
or cirrhosis unequivocally suggested by non-invasive tests of
non-viral or controlled/healed B/C viral cause (HBV PCR
negative under antiviral B treatment for more than 12 weeks/
HCV PCR negative at least 12 weeks after stopping antiviral C
treatment), referred by hepatologists for ultrasound surveil-
lance, without a history of treated HCC. Patients without
recorded imaging data (ultrasound cine clips) or who were lost
to follow-up were excluded.

Primary endpoint

The primary endpoint of the study was (1) the prediction
(classification) performances of the deep learning model for
HCC risk stratification and (2) the performance of the deep
learning model for the detection of very early (i.e. Barcelona-
Clinic Liver Cancer [BCLC] stage 0, i.e. single tumour <2 cm)
or early-stage HCC (i.e. BCLC A, i.e. one nodule of any size or
<3 nodules, each <3 cm in diameter).*®

Reference standard

A composite reference standard was used, including pathol-
ogy (biopsy, surgical resection, and explant), radiology (LR-5
category per the Liver Imaging Reporting and Data System [LI-
RADS] v2018 on dedicated computed tomography [CT] or MRl
of the liver), and follow-up (1-year follow-up by ultrasound or
dedicated liver CT or MRI if clinically warranted).

Two groups of patients were constituted:

e HCC group: Patients with early-stage HCC (BCLC 0 or A HCC)
as per the reference diagnostic standards detected during
surveillance at the time of inclusion and secondarily confirmed
by the local multidisciplinary tumour board. The ultrasound
examination at the time of study inclusion was performed after
dedicated liver CT or MRI imaging.

e Control group: Patients without HCC at the time of inclusion.
A subsequent 1-year interval ultrasound, or dedicated liver CT,
or MRI if clinically warranted, was performed to confirm the
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absence of new lesions in the year following the inclusion. The
proportion of new HCC was expected not to exceed 3-5%. In
the case of new HCC, these patients were reassigned to the
cases group.

Collected data

All clinical, biological, imaging, and pathologic data were
collected at inclusion.

e Clinical: demographics (age and sex), BMI, liver disease history
(aetiology, viral hepatitis status, alcohol consumption), medical
history (diabetes, HIV co-infection).

e Biology: liver disease scores (FASTRAK - a multi-aetiology
score based on age, sex, platelet count, total bilirubin, GGT,
and AFP that achieved a Harrell’s c-index up to 0.76 to identify
patients with an annual HCC risk of >3% after 3 years of follow-
up — model for end-stage liver disease, Child—Pugh), tumour
markers (AFP), liver function tests (bilirubin, AST, ALT, GGT),
haemostasis (platelets, international normalised ratio [INR],
prothrombin time), albumin.

e Imaging: ultrasound cine clips (non-tumoral liver parenchyma
and HCC using B-mode ultrasound).

e Pathology: pathology report of the non-tumoral liver paren-
chyma and HCC if available.

Ultrasound examination

Ultrasound examinations were performed using two scanners
from two manufacturers: Aplio (Canon Medical Systems,
Otawara, Japan) and Aixplorer/MACH 30 (Supersonic Ima-
gine, Aix-en-Provence, France; former Hologic, Marlborough,
MA, USA). Conventional liver ultrasound was performed using
B-mode and colour Doppler. Data acquisition was stand-
ardised according to a mandatory protocol implemented in
each ultrasound scanner using a low-frequency abdominal
convex transducer (C6-1X for Hologic SuperSonic Image and
i8Cx1 for Canon Medical Systems): one 10-s B-mode cine
clip acquired in free breathing and recorded in an intercostal
section of the non-tumoral right liver without passing through
the HCC (labelled B-mode non-tumoral liver) and one 10-s B-
mode cine clip acquired in free breathing of the liver passing
through the HCC for each visible HCC (labelled B-mode
HCC). A default abdominal preset was used. Depth was
initially set at 12 cm with a focal at 7.68 cm on Canon Medical
Systems ultrasound and 7-8 cm on Hologic/SuperSonic
Imagine ultrasound, but ultimately left to the opera-
tor’s discretion.

2D ShearWave elastography was performed with low-
frequency abdominal convex probes (C6-1X for Hologic Su-
perSonic Image and i8Cx1 for Canon Medical Systems). Liver
stiffness measurements were acquired in an intercostal section
in the right liver lobe using a fixed-size stiffness colour map-
ping. Three to five measurements were performed in the right
liver according to the reference quality standards.*°

Deep learning methodology

e Database: The training/validation and test (50 patients) sets were
stratified according to potential confounders: aetiology of liver
disease, FASTRAK score (a multi-aetiology risk stratification
score based on age, sex, platelet count, total bilirubin, GGT,

Research article

and AFP; binary cut-off of 9 points®'), ultrasound manufacturer,
HCC size (binary cut-off of 2 cm) and echogenicity (isoechoic to
the background liver or not). To compensate for the imbalance
between the two groups, we applied oversampling with data
augmentation and weighted loss to penalise model errors for
data from the minority group.

e [abelling of the database: Ultrasound videos were annotated
and labelled by a radiologist subspecialised in liver imaging (XX
— anonymised - with 3 years of experience, who did not
participate in the cine clips review) using the MOSaiC Anno-
tation Platform, a cloud-based collaborative video annotation
platform.®> HCCs were annotated with bounding boxes using a
standardised annotation pipeline with keyframe interpolation.

e Pre-processing of ultrasound images: Ultrasound images were
embedded in video layouts, informed by factors such as ul-
trasound machine brand and display settings. To standardise
these images and minimise bias, we developed an auto-
mated method to extract the region of interest from the
layout. Our method detected pixels with minimal intensity
changes across video timestamps, classifying them as
background. This classification allowed the creation of a bi-
nary mask. We then refined this mask using morphological
operations to remove artefacts and cropped it around the
ultrasound region of interest.

e HCC risk stratification based on the non-tumoral liver paren-
chyma (STARHE-RISK model): Based on a short video clip of
non-tumoral liver parenchyma, we framed the task as a video
classification challenge to identify patients at high risk of
developing HCC. The video was divided into 10 clips with 16-
frame subclips sampled from each. We designed a voting
system between the model predictions for each subclip to
determine the final classification of the video. Our imple-
mentation was based on the MMAction2 library. The training/
validation set was split into five folds, and we performed
cross-validation for model selection and hyperparameters
tuning on the latter set (Table S1).°® We selected three state-
of-the-art algorithms with different sets of hyperparameters:
MVIT,** C3D,* and 13D.%® Each model was pretrained on the
Kinetics-400 dataset®’ to facilitate transfer learning. First, for
each cross-validation session, all three models were trained
with different sets of parameters, and their performances were
measured on the validation folds. We selected the model and
hyperparameter set with the best average performance across
all folds as the final model. This final model was retrained
using all the training/validation data. Grad-CAM++ explain-
ability maps have been computed.®®

e Farly-stage HCC detection (STARHE-DETECT model): We aimed
to develop an object detection model to detect and localise
HCC as the video was played, highlighting the HCC with a
bounding box. We selected three state-of-the-art models:
Faster-RCNN, DINO-DETR, and RTMDet. Each model was
pretrained on the COCO dataset to facilitate transfer learning.
Our implementation was based on the MMDetection library.
We used a stratified validation set of 15 patients to select the
model architecture and tune the hyperparameters (Table S2).

e Independent testing and sample size calculation: To ensure the
robustness and generalizability of the deep learning model, we
planned to test it in an independent dataset of 50 patients.
Approaching this question from a statistical perspective, we
included 50 patients in the independent testing dataset (sig-
nificance level o of 5%, statistical power of 80%, control-to-
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case ratio of 1:1, annual incidence of HCC of 3% in the control
group and a relative risk of 11 between both groups). This
estimate is based on previous studies showing that a mac-
ronodular heterogeneous echostructure on ultrasound is
associated with an adjusted relative risk of up to 20.>42°
Therefore, considering the requirements of deep learning
model developments, we intended to include 400 patients
(200 patients in the cases and control groups) to allow an
approximate balance of 80-20% between the training/valida-
tion and testing sets and to compensate with excluded pa-
tients (expected rate of 10%). We also intended to simulate a
test dataset to represent current surveillance practice with
homogeneous and heterogeneous livers, and focal liver le-
sions. Therefore, we tested the STARHE-DETECT model on
the B-mode HCC and B-mode non-tumoral liver ultrasound
cine clips, resulting in a total of 75 ultrasound cine clips: 25 B-
mode HCC cine clips, 25 B-mode non-tumoral liver cine clips
from the control group hypothesised to represent more ho-
mogeneous liver, and 25 B-mode non-tumoral liver cine clips
from the HCC group, hypothesised to represent more het-
erogeneous liver. In contrast, the STARHE-RISK model was
only tested on the 50 B-mode non-tumoral liver cine clips.

Comparison with radiologists’ assessment

The 75 ultrasound cine clips of the test dataset were inde-
pendently reviewed by three board-certified fellowship-trained
abdominal radiologists (XX, XX, and XX, with 6, 8, and 35 years
of experience — anonymised). Each radiologist blindly graded
the visualisation LI-RADS score (VIS-A: no or minimal limita-
tions; VIS-B: moderate limitations; VIS-C: severe limitations -
LI-RADS® US Surveillance v2024 Core®®) and the echotexture
of the non-tumoral liver parenchyma (normal - 0 point,
increased homogeneous echogenicity — 1 point, coarse — 2
points, nodular — 3 points, macronodular — 4 points). They also
assigned a detection category (US-1: negative; US-2: sub-
threshold with a focal observation <10 mm; US-3: positive with
a focal observation 210 mm). The reviews were conducted first
without and then during a separate session with the assistance
of the STARHE-DETECT model, using the MOSaiC Annotation
Platform.®? The predictions of the detection model were dis-
played using bounding boxes.

Statistical analysis

Performance metrics of the STARHE-RISK model and echo-
texture classes assessed by the radiologists were computed
for sensitivity, specificity, accuracy, positive and negative
predictive values, positive and negative likelihood ratios, area
under the receiver operating characteristics curve, c-index,
and odds ratio. Calibration curve was computed and calibra-
tion was assessed using the Hosmer-Lemeshow goodness-of-
fit test. Performance metrics were also computed for the
combination of the STARHE-RISK and the FASTRAK score.
The combined score was considered positive when both in-
dependent scores were positive in a same patient.
Performance metrics of the STARHE-DETECT model were
computed using mean average precision (mAP; area under the
precision-recall curve) with a predefined intersection over
union of 10, 50, and 75%. Confusion matrices were computed
for each patient at different confidence levels for an intersec-
tion over the union of 10% to assess the rate of true positive

and false positive. Additional performance metrics included
sensitivity, specificity, accuracy, positive and negative pre-
dictive values, and positive and negative likelihood ratios. A
10% threshold for the intersection over the union between the
predicted box and the annotated box was chosen for further
analysis and experiments because of the surveillance strategy
paradigm, where detecting a lesion (surveillance sensitivity) is
more important than accurately delineating it. Radiologists’
performances with and without the detection model were
compared with a McNemar’s test.

The inter-reader agreement was calculated using Fleiss
kappa.40 The agreement was interpreted according to the
kappa value as follows: <0 (poor); 0-0.2 (slight); 0.21-0.40
(fair); 0.41-0.60 (moderate); 0.61-0.80 (substantial); 0.81-1.00
(almost perfect).*’ Ordinal non-normally distributed data were
compared with the Mann-Whitney test. All statistical analysis
was performed using MedCalc Statistical Software version
23.0.5 (MedCalc Software bv, Ostend, Belgium; https://www.
medcalc.org) and IBM Corp. Released 2023. IBM SPSS Sta-
tistics for Windows, Version 29.0.2.0 Armonk, NY, USA.

Results

Study group

This study enrolled 403 patients between September 2021 and
December 2023, including 152 patients in the cases group
(Fig. 1). Eighty-one patients were excluded: 44 did not match

Inclusion criteria
« Patients over 18 years of age.

Included patients
(n =403)

« With advanced chronic liver
disease (F3-F4) of non-viral
or viral B/C controlled/healed
disease

« Referred by hepatologist for
ultrasound screening.

« Without history of hepatocellular
carcinoma

Excluded patients (n = 81)

« Non-inclusion criteria (n = 44)

» No ultrasound cine clips (n = 18)
* Lost on follow-up (n = 19)

N ——

Analysed patients
(n=322)

—

Controls
(n=182)

N |

1-year imaging follow-up

l ~

Controls
(n=170)

Cases
(n =140)

Cases
(n =152)

Fig. 1. Flow chart of the study.
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Table 1. Demographic description of the population.

Training/validation

Controls (n = 145)

Cases (n = 127)

Testing

Controls (n = 25)

Cases (n = 25)

Total

Controls (n = 170)

Cases (n = 152)

Centres
1

a s~ N

6

Ultrasound manufacturer

Canon

Supersonic Imagine

Age (years)
Sex
Male
Female

Chronic liver disease
Aetiology of liver disease

ALD

MASLD

MetALD

HBV

HCV

ALD + HBV

ALD + HCV

MASLD + HBV

MASLD + HCV

HBV + HCV

Other
FASTRAK score
Child-Pugh

A5

A6

B7

B8

B9

Missing data
Type 2 diabetes
BMI > 25
Biology

Alpha-foetoprotein (ng/ml)

GGT (IU/L)

Total Bilirubin (umol/L)

Platelet (G/L)
INR
Albumin (g/L)

Shear wave elastography (kPa)

28 (19%)
31 21%)
27 (19%)
1 (1%)
50 (34%)
8 (6%)

51 (35%)
94 (65%)
63 [57-68]

102 (70%)
43 (30%)

63 (44%)
27 (19%)
23 (16%)
6 (4%)
15 (10%)
0 (0%)
3 (2%)

1 (1%)

1 (1%)

0 (0%)
6 (4%)

7 [4-11]
88 (59%)
24 (19%)
12 (8%)
3 (21%)
0 (0%)

18 (12%)
61 (42%)
104 (72%)
4.1[2.6-5.2]
87 [39-161]
14 [9-19]

158 [107-200]
1.2 [1.1-1.3]
41 [36-44]

14.4 [10.1-21.9]

42 (33%)
17 (52%)
21 (17%)
36 (28%)
8 (6%)
3 (2%)

93 (73%)
34 27%)
69 [63-75]

113 (89%)
14 (11%)

47 (37%
15 (16%
31 (12%

10 (8%
10 [9-13]

70 (55%)
27 21%)
10 (8%)
1 (1%)

2 (2%)
17 (13%)
52 (41%)
87 (69%)

5.7 [3.0-10.5]
131 [64-270]
15 [9-23]

126 [95-172]
1.1 [1.1-1.3]
40 [36-43]

12.8 [9.9-18.9]

3 (12%)
5 (20%)
2 (8%)

0

10 (40%)
5 (20%)

9 (36%)
16 (64%)
61 [56-70]

18 (72%)
7 (28%)

3.2 [2.4-5.5]
83 [36-124]
14 [11-24]
158 [99-190]
1.1 [1.0-1.2]
42 [40-44]

13.1 [10.3-20.9]

1 (4%)

18 (72%)
7 (28%)
68 [61-74]

24 (96%)
1 (4%)

5.7 [3.6-7.0]
118 [58-267]
14 [10-28]
115 [82-201]
1.1 [1.0-1.2]
39 [32-43]

11.3 [9.0-16.0]

31 (18%)
36 (21%)
29 (17%)
1 (1%)
60 (35%)
13 (8%)

60 (35%)
110 (65%)
63 [56-69)]

120 (71%)
50 (29%)

74
32
26

44%
19%
15%

103 (61%
27 (16%

24 (14%)
68 (40%)
122 (72%)

4.1 [2.6-5.2]
87 [39-161]
14 [9-19]

158 [107-201]
1.2[1.1-1.3]
41 [36-44]

14.1 [10.1-21.9]

48 (32%)
23 (15%)
24 (16%)
43 (28%)
10 (7%)
4 (3%)

111 (73%)
41 27%)
69 [62-75]

137 (81%)
15 (19%)

10 (6%
10 [9-13]

83 (55%
30 (20%
12 (8%
302%
2(1%

22 (14%
62 (41%
106 (70%

5.7 [3.0-10.5]
131 [64-270]
15 [9-23]

126 [95-172]
1.1 [1.1-1.3]
40 [36-42]

12.5 [9.8-19.0]

(continued on next page)
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105 (75%)
29 (21%)
6 (4%)

25 [20-31]
41 (36%)
32 (28%)
24 (21%)
8 (7%)

5 (4%)

5 (4%)

Cases (n = 152)

Total

NA
NA
NA

Controls (n = 170)

18 (72%)
7 (28%)

0

22 [20-30]
8 (28%)

8 (28%)

5 (20%)

2 (8%)

1 (4%)

1 (4%)

Cases (n = 25)

Testing

NA
NA
NA

Controls (n = 25)

87 (69%)
22 (17%)
6 (5%)

25 [20-31]
33 (37%)
24 27%)
19 (21%)
6 (7%)

4 (4%)

4 (4%)

Cases (n = 127)

NA
NA

Training/validation
NA

Controls (n = 145)

(continued)
Iso and hypoechoic
Iso and hypoechoic
Hypo and hyperechoic
BCLC stage

Isoechoic
Hyperechoic
Heterogeneous

Hepatocellular carcinoma (at inclusion)
Hypoechoic

Number of nodules
Largest nodule size (mm)

Nodule echogenicity

Homogeneous

Table 1.

Al-powered ultrasound-based HCC risk stratification and detection

s s the inclusion criteria, 19 were lost to follow-up, and 18 had no
T 55 ultrasound cine clips recorded. In the training/validation data-
39 -l set, 272 patients were analysed, including 145 patients in the
T control group and 127 in the cases group. In the independent
testing dataset, 50 patients were analysed, including 25 pa-
tients in both groups (total of 75 cine clips).
Table 1 summarises the demographic description of
the dataset.
z z

HCC risk stratification - STARHE-RISK model

In the independent testing set, the trained C3D classification
model achieved good diagnostic performances with an accu-
racy of 0.72 (95% CI 0.57-0.84) and a Harrell’s c-index of 0.75
(95% CI 0.63-0.88) (Table 2). The model achieved an odds
ratio of 6.6 to predict patients at high risk of HCC development
(95% CI 1.9-22.7; p = 0.003). However, the C3D model ach-
ieved good calibration (p = 0.41 using the Hosmer-Lemeshow
test — Fig. 2). In addition, poor quality of the ultrasound cine
clip (LI-RADS VIS-C) was associated with decreased sensitivity
of the model but increased specificity (Table S3). Fig. 3 illus-
trates two examples of a patient predicted at low risk and a
patient predicted at high risk. An example of Grad-CAM++
explainability map is presented in Fig. S1, highlighting the
importance of the liver in the prediction.

The FASTRAK score achieved slightly poorer diagnostic
performances with an accuracy of 0.65 (95% CI 0.50-0.79), a
Harrell’s c-index of 0.65 (95% CI 0.53-0.77), and an odds ratio
of 3.8 (95% CI 1.0-13.8; p = 0.04) for predicting a patient at
high risk of developing an HCC. The combination of STARHE-
RISK and the FASTRAK score (both positive in a same patient)
achieved a higher specificity (0.86 [95% CI 0.65-0.97]), posi-
tive likelihood ratio of 4.28 (95% Cl 1.42-12.91), negative
likelihood ratio of 0.48 (95% CI 0.29-0.80) and odds ratio (8.9
[95% CI 2.1-38.3; p = 0.004]) for predicting a patient at high
risk of developing HCC, outperforming both STARHE-RISK
and the FASTRAK score when considered separately.

170 (100%)

10 (40%)

15 (60%)
25 (100%)
25 (100%)

NA
NA

Al, autoimmune; ALD, alcohol-related liver disease; BCLC, Barcelona-Clinic liver cancer; GGT, gamma-glutamyl transferase; HBV, Hepatitis B virus; HCV, Hepatitis C virus; INR, international normalised ratio; MASLD, metabolic

25 (100%)
dysfunction-associated steatotic liver disease; MetALD, MASLD, and ALD; Other (autoimmune, primary biliary cholangitis, granulomatosis, haemochromatosis, Wilson disease, iatrogenic).

31 (24%)
84 (76%)
122 (96%)
122 (96%)

Detection of early-stage (BCLC 0 and A) HCC - STARHE-
DETECT model

RTMDet achieved robust performances in the test set with a
mAP10 of 0.67 and a mAP50 of 0.50 (Fig. 2). Fig. S2 illustrates
the detection and false positive rates on the 25 B-mode HCC
ultrasound cine clips of the patients in the HCC group across
different confidence levels in the predicted deep learning
bounding box.

With a 10% threshold for the intersection over the union
between the predicted box and annotated box and a confi-
dence level of 70%, the deep learning model achieved good to
excellent performances with a sensitivity of 0.68 (95% ClI
0.47-0.85), a specificity of 0.82 (95% CIl 0.69-0.91), a positive
likelihood ratio of 3.78 (95% CI 1.97-7.24), a negative likeli-
hood ratio of 0.39 (95% CI 0.22-0.70) and an accuracy of 0.77
(95% CI 0.66-0.86) (Table 3).

When stratified on nodule size, the performances were
highest for nodules >3.0 cm with a sensitivity of 0.80 but
remained good for nodules <2.0 cm with a sensitivity of 0.67
(Fig. 4). However, the performances were highest for homo-
geneous hypoechoic and hyperechoic nodules (sensitivities of
0.75 and 1.00, respectively) but decreased for homogeneous
isoechoic and heterogeneous nodules (sensitivity of 0.50 for

NA
NA

145 (100%)

Non-tumor liver parenchyma

Ultrasound cine clips (B mode)
Hepatocellular carcinoma

Data
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Table 2. Prediction performances of the STARHE-RISK classification model, FASTRAK score, and radiologists in the testing set. 95% Cls are shown in squared brackets.

Odds ratio

AUC Harrell’s c-index

0.71 [0.58-0.85]
0.65 [0.49-0.78]
0.72 [0.57-0.87]

Accuracy

0.72 [0.57-0.84]
0.65 [0.50-0.79]
0.72 [0.57-0.84]

Negative predictive value

Specificity Positive predictive value

0.72 [0.51-0.88]
0.50 [0.28-0.72]
0.86 [0.65-0.97]

Sensitivity

0.72 [0.51-0.88]
0.79 [0.58-0.93]

0.003
0.04
0.004

6.6 [1.9-22.7] p

0.75 [0.63-0.88]
0.65 [0.53-0.77]
0.72 [0.61-0.83]

0.72 [0.57-0.83]
0.69 [0.48-0.84]
0.66 [0.54-0.76]

0.72 [0.57-0.83]
0.63 [0.52-0.73]
0.82 [0.61-0.93]

STARHE-RISK

3.8 [1.0-13.8] p
8.9 [2.1-38.3] p

FASTRAK score

STARHE-RISK + FASTRAK  0.58 [0.37-0.78]

Echotexture

0.16
0.48

2.3[0.73-7.0] p
1.7 [0.41-6.8] p

0.60 [0.47-0.73]
0.54 [0.44-0.64]

0.60 [0.45-0.74]
0.54 [0.39-0.68]

0.60 [0.45-0.74]
0.54 [0.39-0.68]

0.60 [0.46-0.73]
0.53 [0.39-0.68]

0.60 [0.46-0.73]
0.60 [0.32-0.82]

0.60 [0.39-0.79]
0.84 [0.64-0.95]

0.60 [0.39-0.79]
0.24 [0.09-0.45]

95% Cls are shown in squared brackets.

Coarse or nodular

Nodular

Research article

both). As expected, the performances were highest in VIS-A
cine clips with a pooled sensitivity of 0.73 and lowest in VIS-
C cine clips with a pooled sensitivity of 0.45.

Comparison with radiologists’ assessment

The LI-RADS visualisation score was scored VIS-A in 31-51/75
(41-68%) cine clips, VIS-B in 17-24/75 (23-32%) cine clips,
and VIS-C in 7-20/75 (9-27%) cine clips (range for the three
readers). Inter-reader agreement was 0.36 (95% CI 0.27-0.46).

Regarding the echotexture assessment, the mean score
between both readers was not statistically significantly
different (p = 0.16) with a score of 1.6 in control patients and
2.0 in cases patients. The inter-reader agreement was 0.22
(95% CI 0.14-0.31). When the echotexture was scored coarse
or micro/macronodular, the performances were moderate with
a Harrell’'s c-index of 0.60 (95% CI 0.47-0.73) and an odds
ratio of 2.3 (95% CI 0.73-7.0; p = 0.16) (Table 2).

Regarding the detection of early-stage HCC, the three
readers achieved robust performances without and with the
assistance of the STARHE-DETECT model with a pooled
sensitivity of 0.76 (95% CIl 0.65-0.85) and 0.75 (95% CI
0.63-0.84), a pooled specificity of 0.86 (95% CI 0.79-0.91) and
0.90 (95% CI 0.84-0.94), and a pooled positive likelihood ratio
of 5.43 (95% Cl 3.58-8.23) and 7.47 (95% CIl 4.54-12.28),
respectively (Table 4). There were no statistically significant
differences for the three readers (p = 0.11 for reader 1, p = 0.57
for reader 2, and p = 0.81 for reader 3). For two out of the three
readers, the number of positive observations (LI-RADS US-3)
decreased with the assistance of the STARHE-DETECT
model (20-23 vs. 24-31) while the number of detected lesions
remained comparable (18-19/25), resulting in increased spec-
ificities (0.84-0.94) and positive likelihood ratios (4.75-12.00).
There were no additional significant differences between in-
terpretations with or without the assistance of the STARHE-
DETECT model when stratified by the LI-RADS visualisation
score, nodule size, and nodule echogenicity (Table S4). As
expected, the detection performances decreased in VIS-C cine
clips, HCCs <2 cm, and isoechoic HCCs for all the readers.

Discussion

In this prospective multicentric study, we developed a deep
learning model for HCC risk stratification based on the analysis
of the non-tumoral parenchyma on ultrasound (STARHE-
RISK). This model could predict patients at high risk of
developing an HCC with an odds ratio of 6.6, which is
extremely promising for future risk-based personalised sur-
veillance strategies. Moreover, the combination of the
STARHE-RISK model and the FASTRAK score, a score
combining routine clinical and biological parameters, out-
performed both the STARHE-RISK model and the FASTRAK
score, when considered separately, with an odds ratio of 8.9 to
predict patients at high risk of HCC development. It also largely
outperformed the radiologists’ assessment, which was also
subject to inter-reader variability (fair agreement). We also
developed an object detection model that achieved robust
performances in detecting early-stage HCC (mAP10 = 0.67),
outperforming previously reported sensitivity of radiologists.?®
It is the first to be explicitly developed in patients with cACLD
eligible for HCC surveillance, using ultrasound cine clips. With
a 10% threshold for the intersection over the union between
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Fig. 2. Performance of STARHE-RISK and STARHE-DETECT models in the testing set. (A) Calibration curve and (B) ROC curve of the STARHE-RISK model and
FASTRAK score for HCC risk stratification in the testing set. (C) Mean Average Precision (Intersection over Union of 10%, 50%, 75%) with precision-recall curve
obtained by plotting the STARHE-DETECT model’s precision and recall values as a function of the model’s confidence score threshold.

the predicted box and the annotated box and a confidence
level of 70%, the STARHE-DETECT model achieved an overall
sensitivity of 0.68 and a sensitivity of 0.67 for HCCs <2 cm
while maintaining few false positive predictions (14/75 [19%)]
cine clips with false positives and a median number of false
positives of 2 [IQR 1-8] per video). The STARHE-DETECT
model achieved detection performances comparable to three
expert readers (sensitivity 0.68 vs. 0.76). Radiologist assis-
tance with the STARHE-DETECT model increased the speci-
ficity and positive likelihood ratio of LI-RADS US-3
observations but not the sensitivity. The STARHE-DETECT
model outperformed the reported sensitivity of ultrasound in
the detection of early-stage (47%°) and very early-stage
(22.5%°) HCC while maintaining comparable sensitivity (0.45)
in ultrasound cine clips of poor quality (LI-RADS VIS-C). A key
challenge in developing such deep learning models is
achieving a balance between maximising the detection of
early-stage HCCs and minimising the number of false posi-
tives. An excessive number of false positives could burden
radiologists by requiring them to review and dismiss numerous

findings, while also leading to unnecessary MRI referrals and
increased pressure on healthcare systems. This balance is
based on the optimal choice of the confidence level in the
predicted boxes. A confidence level of 70% in the predicted
box appeared to be the most clinically relevant as it achieved
good performance with a sensitivity of 0.68 and few false
positive predictions (median of 2 [IQR 1-8] in 14/75 cine
clips [19%)]). Moreover, incorporating prior ultrasound exami-
nations into the model’s predictions could help reduce the rate
of false positives, as stable findings during surveillance could
be excluded.

The solid multicentric methodology of the STARHE study
reinforces these results. The HCC risk stratification model is
the first prospective multicentric study aiming to develop such
a model on ultrasound. The model relies on a simple, short
(10 s), free breathing and standardised ultrasound acquisition,
requiring no learning curve. In contrast, the STARHE-DETECT
model was trained on ultrasound cine clips to develop a reli-
able clinical tool that can be easily integrated into clinical
practice. Furthermore, we intended to include a
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Low-risk predicted with 77% confidence
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Fig. 3. Liver parenchyma echotexture patterns and HCC risk stratification performed by STARHE-RISK. (A) Increased homogeneous echostructure in a 55-
year-old man with alcohol-related cirrhosis correctly predicted at low-risk (77% confidence) compared to (B) a macronodular echostructure (arrow) in a 42-year-old
man with cured hepatitis B cirrhosis and BCLC 0 hepatocellular carcinoma (not shown on the image) correctly predicted at high-risk (on this view of the non-tumoral

liver parenchyma).

Table 3. Performances of the deep learning object detection model for the detection of early-stage HCC (BCLC 0 or A).

Rate of Rate of false Sensitivity  Specificity Positive Negative Positive Negative Accuracy
detected positives with predictive predictive likelihood likelihood
lesions median - IQR per value value ratio ratio
video)
Deep learning 17/25 14/75 (19%) 0.68 0.82 0.65 0.84 3.78 0.39 0.77
model (68%) 2[1-8] (0.47-0.85) (0.69-0.91) (0.50-0.78)  (0.74-0.90) (1.97-7.24) (0.22-0.70)  (0.66-0.86)
LI-RADS visualisation score
VIS-A (n = 31-51) NA NA 0.73 0.85 0.74 0.84 4.76 0.32 0.80
(0.57-0.85) (0.74-0.92) (0.62-0.84) (0.76-0.89) (2.68-8.44)  (0.20-0.53)  (0.72-0.87)
VIS-B (n = 17-24) NA NA 0.70 0.79 0.61 0.85 3.34 0.38 0.76
(0.45-0.88)  (0.64-0.90) (0.45-0.75) (0.74-0.92) (1.75-6.39) (0.19-0.75)  (0.64-0.86)
VIS-C (n = 7-20) NA NA 0.45 0.80 0.42 0.82 2.27 0.68 0.72
(0.17-0.77)  (0.63-0.92)  (0.22-0.64) (0.73-0.89)  (0.90-5.74)  (0.39-1.20) (0.57-0.84)
Nodule size
<2.0cm (n=12) 8/12 NA 0.67 0.82 0.47 0.91 3.70 0.41 0.79
(67%) (0.35-0.90) (0.69-0.91)  (0.30-0.64) (0.82-0.96) (1.81-7.56) (0.18-0.91)  (0.67-0.88)
2.0-3.0cm (n=8) 5/8 (63%) NA 0.63 0.82 0.36 0.93 3.47 0.46 0.79
(0.24-0.91)  (0.69-0.91)  (0.20-0.55)  (0.85-0.97) (1.56-7.72)  (0.19-1.13)  (0.67-0.89)
>3.0cm (n = 5) 4/5 (80%) NA 0.80 0.82 0.31 0.98 4.44 0.24 0.82
(0.28-0.99) (0.69-0.91) (0.18-0.48) (0.69-1.00) (2.13-9.28)  (0.04-1.41)  (0.69-0.91)
Nodule echogenicity
Hypoechoic (n = 7) 6/7 (86%) NA 0.86 0.82 0.40 0.98 4.76 0.17 0.83
(0.42-1.00) (0.69-0.91)  (0.25-0.58)  (0.87-1.00)  (2.45-9.25)  (0.03-1.07)  (0.70-0.91)
Isoechoic (n = 8) 4/8 (50%) NA 0.50 0.82 0.31 0.91 2.78 0.61 0.78
(0.16-0.84)  (0.69-0.91)  (0.15-0.53)  (0.84-0.95) (1.12-6.91)  (0.30-1.23)  (0.65-0.87)
Hyperechoic (n = 6) 5/6 (83%) NA 0.83 0.82 0.36 0.98 4.63 0.20 0.82
(0.36-1.00)  (0.69-0.91)  (0.22-0.53)  (0.87-1.00)  (2.32-9.24)  (0.03-1.22)  (0.70-0.91)
Heterogeneous 2/4 (50%) NA 0.50 0.82 0.18 0.95 2.78 0.61 0.80
(n=4) (0.07-0.93)  (0.69-0.91)  (0.07-0.41)  (0.88-0.98) (0.69-8.73) (0.23-1.64)  (0.66-0.89)

comprehensive representation of the very early and early
stages of HCC on ultrasound, considering both size and
echogenicity, to reinforce the robustness of the model’s
training. Indeed, some of the patients with ultrasound initially
reported normal but positive AFP ultimately had a diagnosis of
HCC on CT or MRI. These patients had a second-look ultra-
sound to meet the needs of the study.

The inclusion of patients eligible for HCC surveillance pro-
grams, the representation of the most common aetiologies of
chronic liver disease (alcohol-related liver disease, metabolic
dysfunction-associated steatotic liver disease, controlled HBV
and cured HCV), and the use of ultrasound cine clips mimic the
real-life practice of surveillance ultrasound, making the devel-
oped models applicable in clinical practice. Both models have
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Fig. 4. Correctly detected HCC nodule and false positive prediction by STARHE-DETECT model in a 74-year-old patient with metabolic dysfunction-
associated steatotic liver disease and 17 mm isoechoic hepatocellular carcinoma. The HCC nodule in Figure 4A was correctly detected with a confidence level
of 79.4%. Figure 4B shows a false positive prediction in the non-tumoral parenchyma with a high confidence level (75%). In Figure 4B, the partially obscured lesion
was detected with a lower confidence level (42%). Note: Red bounding boxes represent the manually annotated ground truth, and blue bounding boxes are the HCC

nodules predicted by the deep learning model.

been developed following state-of-the-art artificial intelligence
methodology with an independent testing set, stratified ac-
cording to potential confounders including aetiology of liver
disease, FASTRAK score, and ultrasound manufacturer. In
addition, the testing set was designed to be representative of
the targeted population with upstream sample size calculation
based on previous reports.’*2® However, the testing set did
not reflect the real-life prevalence of HCC, which might have
resulted in overestimated positive and negative predictive
values. Finally, including two ultrasound manufacturers re-
inforces the generalisability of the models.

Regarding the STARHE-RISK model, the main limitation is
the potential inclusion of patients at high risk of developing
HCC in the control group. Indeed, although we intended to
mitigate this potential bias with a follow-up at 1 year, a few
patients at high risk of HCC development might have been
included in the control group and may have developed an

HCC after the 1-year follow-up. An alternative approach
could have been to include patients without HCC at baseline
and follow them longitudinally for several years. However,
implementing this approach would have been highly chal-
lenging from clinical and deep learning perspectives (e.g.
class imbalance between cases and controls). Also, to
simplify the study design, there was no matched pair case-
control, but this did not result in demographic group imbal-
ance. The STARHE-RISK model was solely trained on the
non-tumoral liver parenchyma, preventing any biased training
from the tumour itself. In addition, only patients with early-
stage HCC were included, none with more advanced
stages, to prevent the inclusion of patients with infiltrative
HCC. However, testing the model on the non-tumoral pa-
renchyma of patients with early-stage HCC could have
theoretically overestimated the model’s performance
compared with patients without HCC at the time of inclusion.
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Table 4. Performances of the three radiologists (reader 1 with 8 years of experience, reader 2 with 6 years of experience and reader 3 with 35 years of experience) without and with the assistance of the

deep learning object detection model for the detection of early-stage HCC (BCLC 0 or A).

Accuracy

Positive likelihood Negative likelihood

Negative predictive

Positive predictive

Specificity

Sensitivity

Rate of detected

LI-RADS US-3

value ratio ratio

value

lesions

observations

Radiologists alone

0.83
(0.77-0.87)

0.88 (0.83-0.92) 5.43 (3.58-8.23) 0.28 (0.19-0.42)

0.73 (0.64-0.80)

0.86

(0.79-0.91)

0.76

(0.65-0.85)

NA

NA

Pooled

performances

Reader 1

0.76

(0.65-0.85)

0.86 (0.76-0.83) 3.17 (1.84-5.44) 0.32 (0.15-0.65)

0.61 (0.48-0.73)

0.76

(0.62-0.87)

0.76

(0.55-0.91)

19/25 (76%)

0.87
(0.77-0.93)

9.50 (3.62-24.95) 0.26 (0.13-0.53)

0.88 (0.79-0.94)

0.83 (0.64-0.93)

0.92
(0.81-0.98)

0.76
(0.55-0.91)

19/25 (76%)

23

Reader 2

0.84

(0.74-0.91)

0.27 (0.13-0.55)

6.33 (2.90-13.85)

0.88 (0.78-0.94)

0.76 (0.59-0.87)

0.88

(0.76-0.95)

0.76
(0.55-0.91)

19/25 (76%)

24

Reader 3

Radiologists with the assistance of the deep learning model

0.85

(0.80-0.89)

0.88 (0.83-0.91)  7.47 (4.54-12.28) 0.28 (0.19-0.42)

0.79 (0.69-0.86)

0.90

(0.94-0.94)

0.75

(0.63-0.84)

NA

NA

Pooled

performances

Reader 1

0.87
(0.77-0.93)

0.30 (0.16-0.56)

12.00 (3.90-36.93)

0.87 (0.78-0.93)

0.94 0.86 (0.66-0.95)
(0.84-0.99)

0.72
(0.51-0.88)

18/25 (72%)

21

0.81
(0.71-0.89)

4.75 (2.43-9.30) 0.29 (0.14-0.58)

0.88 (0.78-0.93)

0.70 (0.55-0.82)

0.84
(0.71-0.93)

0.76

(0.55-0.91)

19/25 (76%)

Reader 2

0.87
(0.77-0.93)

9.50 (3.62-24.95) 0.26 (0.13-0.53)

0.88 (0.79-0.94)

0.83 (0.64-0.93)

0.92
(0.81-0.98)

0.76
(0.55-0.91)

19/25 (76%)

23

Reader 3

Research article

Finally, the size of the testing dataset did not allow us to
perform reliable subgroup analysis based on the aetiology of
the cACLD. However, universal scoring systems are more
suitable in clinical practice, as patients usually cumulate
several causes of chronic liver diseases.

Regarding the STARHE-DETECT model, the main limitation
of the study to compare its performance alongside radiolo-
gists’ reading is the difference in the prevalence of HCC in the
test set (33% of the cine clips) compared with clinical practice
(annual incidence <3%). Although the readers were unaware of
the prevalence of HCC in the test set, it was easy to suspect
that this study required a higher prevalence than that of routine
clinical practice. However, the median HCC size (2.5 cm) was
consistent with reported data in surveillance programs.*?
Another limitation is the lack of prospective implementation of
the STARHE-DETECT model alongside the performance of the
ultrasound examination by radiologists or sonographers. In
fact, although minimised by the strict methodology, the retro-
spective reading of ultrasound cine clips may have led to an
overestimation of the detection performance of the expert
readers, while it can be hypothesised that it less affected the
performance of a deep learning model. In clinical practice, a
significant limitation of ultrasound is the risk of the sonogra-
pher overlooking certain liver regions too quickly, which should
have less impact on a deep learning model analysing each
image separately. The lack of prospective implementation of
the detection model precludes any conclusion on the rate of
false positive LI-RADS US-3 observations in real-life ultra-
sound examinations, which are typically much longer than the
short cine clips analysed in this study. Additionally, future
randomised studies evaluating the STARHE-DETECT model
should account for the experience level of the sonographer/
radiologist and consider the varying implementation of HCC
ultrasound surveillance in Europe (primarily performed by ra-
diologists) and North America (performed by autono-
mous sonographers).

This study paves the way for a personalised surveillance
program based on the predicted risk of HCC development
using liver imaging. Alongside simple algorithms combining
clinical and biological routine parameters such as the FAS-
TRAK score, the STARHE-RISK model will provide an ur-
gently needed tool for personalised HCC surveillance, which
will not ultimately rely on a single test but rather on a com-
bination of approaches mixing clinical, biological, and radio-
logical data. The use of ultrasound to develop this model also
reinforces its applicability given its cornerstone position in the
diagnosis of cACLD, and its availability. Moreover, by
improving ultrasound surveillance performance and identi-
fying patients at very high risk of HCC development, both
models will significantly contribute to increasing the number
of patients with an HCC detected at an early stage, making
them eligible for curative treatment with a better prognosis.
Improving ultrasound surveillance performance for early-
stage HCC would also redefine the cost-effectiveness
studies on HCC surveillance,'®'519:31

The next step will be to design and prospectively validate a
risk stratification-based personalised surveillance strategy
integrating clinical, blood, and imaging risk stratification scores
and relying on abbreviated MRI for patients at high risk of HCC
development. This paradigm shift could have a considerable
positive impact on the quality of patient care and is currently
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tested in risk-based randomised trials.®" Such a strategy could
be refined over time with the discovery of new blood bio-
markers. In addition, both models will likely improve over the
coming years by including new patients in longitudinal follow-
up cohorts. These longitudinal cohorts will allow us to calculate
individual annual HCC risk for each patient.

In conclusion, the STARHE-RISK model is a robust
ultrasound-based deep learning model that stratifies the risk of
HCC development based on a simple, short (10 s), free

DETECT model demonstrated strong potential for detecting
early-stage HCC and could become a valuable surveillance
tool to assist radiologists and sonographers in surveillance.
This study paves the way for a risk-based personalised
surveillance program that will not ultimately rely on a single test
but rather on a combination of approaches mixing clinical,
biological, and radiological data. Future prospective studies
are needed to validate the STARHE-RISK model and risk-
based personalised surveillance programmes in longitudinal

breathing, and standardised ultrasound acquisition. The
combination of the STARHE-RISK model and the FASTRAK
score outperformed both the STARHE-RISK model and the
FASTRAK score when considered separately. The STARHE-

cohorts of patients with cACLD without HCC at inclusion with
real-life HCC prevalence, and to assess the STARHE-DETECT
model’s performance alongside radiologists’ reading in an in-
tegrated workflow.**
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