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ABSTRACT
Background and Aims: Patients with hepatitis C virus (HCV)-related cirrhosis with sustained virological response (SVR) to 
direct-acting antivirals (DAA) remain at risk of developing hepatocellular carcinoma (HCC). Recently, serum protein induced 
by vitamin K absence or antagonist-II (PIVKA-II) has shown promising results as an HCC-predictive biomarker. We aimed to 
develop and validate a PIVKA-II-based model for HCC risk stratification in cirrhotic patients with SVR to DAA.
Methods: A total of 1220 consecutive patients (Turin, n = 531; Pisa, n = 335; Milan, n = 354) with HCV-related cirrhosis treated 
with DAA were included in the study. Patients were retrospectively allocated to the training cohort (Turin+Pisa; median fol-
low-up [FU] 39, 22–55 months; incident HCC: 93 [10.7%]) and validation cohort (Milan; median FU 49.0, 35.0–52.0 months; inci-
dent HCC: 19 [5.4%]). Serum PIVKA-II levels were measured using the LumipulseG system (Fujirebio, Japan) at SVR12 (Turin 
and Pisa cohorts) or the end of treatment (Milan cohort).
Results: Using Cox regression analysis, a model including PIVKA-II combined with age, sex, ALT, AST, γGT, platelet count, 
albumin and total bilirubin was derived from the training cohort (C-index = 0.72). In the validation cohort, the model showed a 
C-index of 0.71 with an area under the curve of 0.84 for identifying patients who developed HCC during the first 12 months of FU. 
When patients were grouped into three risk categories, the cumulative incidence of HCC was 2.7%, 4.0% and 14.3% in the low-, 
medium- and high-risk groups, respectively (p < 0.001). Notably, no HCC occurred within 3 years of FU in the low-risk group.
Conclusions: Our PIVKA-II-based model showed satisfactory accuracy for HCC risk stratification and may represent a valuable 
tool for implementing risk-based surveillance protocols in patients with HCV-related cirrhosis with SVR to DAA.
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1   |   Introduction

The introduction of direct acting antivirals (DAAs) is a major 
advance in the treatment of patients with chronic hepatitis C 
virus (HCV) infection [1]. More than 98% of patients treated 
with DAA therapy achieve a sustained virological response 
(SVR), improving hepatic and extrahepatic diseases, quality 
of life and survival [2]. However, patients with advanced liver 
disease remain at risk of developing hepatocellular carcinoma 
(HCC) despite being cured of HCV infection. The incidence of 
de novo HCC is estimated as 2.1 per 100 person-years after HCV 
treatment in patients with cirrhosis [3], with an increased risk 
of HCC that may persist for up to 10 years after HCV eradication 
[4]. Therefore, all patients with cirrhosis cured of HCV infec-
tion should undergo long-term surveillance; timely detection 
of early HCC is critical for the possibility of receiving curative 
treatments and improving patient survival.

According to international recommendations, HCC surveil-
lance should be performed using biannual ultrasound (US) ex-
amination with or without α-fetoprotein (AFP) [5, 6]. However, 
US has several limitations, including suboptimal accuracy for 
early-stage HCC, inter-operator variability and poor adherence, 
whereas AFP lacks adequate sensitivity and specificity [7]. More 
importantly, the current surveillance policy does not consider 
the patients' individual risk of HCC development but follows a 
one-size-fits-all approach.

Protein induced by vitamin K absence or antagonist-II 
(PIVKA-II), also known as des-γ-carboxy prothrombin, is an im-
mature form of prothrombin produced by malignant hepatocytes. 
PIVKA-II can be easily measured in serum samples by using 
highly sensitive and standardised assays that are widely available 
in biomedical laboratories. To date, several case-control studies 
have investigated the performance of PIVKA-II in HCC detec-
tion, reporting diagnostic accuracies higher than those of AFP 
[8]. Remarkably, two recent studies demonstrated that PIVKA-II 
can predict HCC development among at-risk patients with en-
couraging accuracy [9, 10]. However, the use of serological non-
invasive tests (NITs) and composite HCC risk scores combining 
different demographic, clinical and biochemical variables could 
represent a valuable approach for the stratification of HCC risk 
in patients under surveillance [11, 12]. Their major advantage is 
cost-effectiveness, which makes NITs and risk scores particu-
larly suitable for the surveillance of patients at risk of HCC.

Based on this premise, we aimed to develop and validate a model 
based on PIVKA-II in combination with variables normally col-
lected during standard clinical practice to stratify the risk of 
HCC development in cirrhotic patients successfully treated with 
DAAs during long-term surveillance.

2   |   Materials and Methods

2.1   |   Patients

This multi-centre retrospective study enrolled consecutive 
patients with HCV-related cirrhosis who underwent DAA 
treatment in tertiary referral clinics between June 2014 and 
December 2020. Patients were included in the study if they 

fulfilled the following criteria: age ≥ 18 years at DAA initi-
ation, SVR to DAA treatment, diagnosis of cirrhosis, avail-
ability of a stored frozen serum sample collected after DAA 
therapy and at least 6 months of follow-up (FU) from the date 
of serum sample collection.

The exclusion criteria were previous or active HCC at DAA 
initiation, HCC diagnosis within 6 months from serum sample 
collection, FU < 6 months from the date of sample collection, 
no SVR to antiviral treatment, concomitant treatment with vi-
tamin K antagonists, human immunodeficiency virus coinfec-
tion, hepatitis B surface antigen positivity and weekly alcohol 
consumption of > 140 g in women and > 210 g in men. Patients 
with missing clinical and biochemical data and those who did 
not provide written informed consent were also excluded.

Cirrhosis was diagnosed histologically or using vibration-
controlled transient elastography (VCTE; FibroScan, 
Echosens, Paris, France) showing liver stiffness measurement 
(LSM) > 11.9 kPa [13], and/or by indirect signs of portal hy-
pertension (i.e. abdominal collateral circles, platelet count 
< 150 × 109/L, oesophageal varices). The Albumin-Bilirubin 
(ALBI) grade was calculated according to Johnson et  al. [14] 
SVR to DAA was defined as the clearance of HCV RNA 12 weeks 
after the end of treatment (EOT) [15].

The study was conducted in accordance with the principles of the 
Declaration of Helsinki and was approved by the Institutional 
Ethics Committee of each centre. Written informed consent was 
obtained from all the patients included in the study.

2.2   |   Post Therapy Follow-Up and Study 
Endpoints

All patients underwent regular clinical FU with sched-
uled visits at month 1, 3 and 6 months after EOT, and every 
6 months thereafter. At each time point, routine laboratory 
tests were performed and the results were collected in a ded-
icated database. US examination was performed at SVR12 
(training cohort) and EOT (validation cohort) to exclude HCC 
at baseline and every 3–6 months thereafter until HCC detec-
tion (primary outcome), death or last FU. HCC was diagnosed 
based on non-invasive criteria and/or pathology following 
the European Association for the Study of the Liver (EASL) 
recommendations; the Barcelona Clinic Liver Cancer (BCLC) 
staging system was adopted for HCC staging and treatment 
allocation [5].

2.3   |   Non-Invasive Tests and Prognostic Scores

We investigated the predictive value of the following non-
invasive tests, calculated according to their original formula:

•	 Aspartate aminotransferase (AST) to platelets ratio index 
(APRI): [16] (AST/AST upper limit normal)/platelets 
[109/L] × 100

•	 Fibrosis 4 (FIB-4) index: [17] (Age [years] × AST [U/L])/
(platelets [109/L] × √alanine aminotransferase (ALT) [U/L]).



540 Alimentary Pharmacology & Therapeutics, 2025

The prognostic score age–male–ALBI–platelets (aMAP) and the 
Toronto HCC Risk Index (THRI) were calculated as follows:

•	 aMAP score: [18] ((0.06 × age [years] + 0.89 × sex [male: 1; 
female: 0] + (0.48 × (log total bilirubin (μmol/L) × 0.66) + 
(albumin [g/L] × −0.085)) − 0.01 × platelets (103/mm3) + 
7.4)/14.77) × 100

•	 THRI: [19] age (< 45 years = 0 points; 45–60 years = 50 
points; > 60 years = 100 points) + aetiology (HCV SVR = 0 
points) + gender (female = 0 points; male = 80 points) + plate-
let count (> 200 × 109/L = 0 points; 140–200 × 109/L = 20 
points; 80–139 × 109/L = 70 points; < 80 × 109/L = 89 points).

2.4   |   Serum PIVKA-II Measurement

PIVKA-II was retrospectively measured on patients' serum sam-
ples collected at SVR12 (Turin and Pisa cohorts) or EOT (Milan 
cohort), and stored at −20°C. The personnel performing the 
analyses were blinded to the patients' clinical characteristics. 
PIVKA-II serum values were measured using chemilumines-
cent enzyme immunoassay on the fully automated LUMIPULSE 
G600 II or G1200 platform (Fujirebio Inc. Tokyo, Japan) using 
Lumipulse G PIVKA-II immunoreaction cartridges (precision 
< 4.4%; lower limit of detection = 1.37 mAU/mL), according to 
manufacturer recommendation. To further check the analytical 
stability of PIVKA-II in serum, we performed a study in samples 
stored at different designated temperatures (−20°C, +4°C and 
room temperature) for different periods (0, 7 and 14 days). The 
coefficients of variation were calculated as the ratio of the stan-
dard deviation to the mean and reported as percentages (CV%).

2.5   |   Statistical Analysis

Continuous variables were reported as the median and inter-
quartile range (IQR), while categorical variables were reported 
as number (n) and percentage (%). Data normality was checked 
using the D'Agostino–Pearson test (Table  S1). Accordingly, 
continuous variables between unpaired groups were compared 
using the non-parametric Mann–Whitney U test. Fisher's exact 
test was used to compare the distribution of dichotomous vari-
ables between unpaired groups. Non-parametric correlation 
analysis was performed using Spearman's correlation test. Cox 
regression analysis was performed to evaluate the association 
between baseline variables and the occurrence of HCC, and the 
likelihood of developing the event was reported as a hazard ratio 
(HR) and 95% confidence interval (CI). Survival analysis was 
performed using Kaplan–Meier curves; p values were calculated 
by log-rank test. Patients that did not develop HCC were cen-
sored at last FU or death.

We performed a model evaluation of the predictive capability 
of different machine learning methods using cross-validation 
procedures for the training cohort (Pisa + Turin), keeping the 
test cohort (Milan) as an external and blind set. We evaluated 
two linear and additive methods, namely Cox proportional haz-
ards (PH) and penalised Cox regression [20], and three non-
linear methods, namely Random Survival Forests [21], Gradient 
Boosting [22], and DeepCoxNN [23]. The Scikit-Survival Python 

implementation is the library used to evaluate the methods 
mentioned above [24], with the exception of DeepCoxNN im-
plemented in-house. Feature relevance was assessed using an 
ablation test, which consisted of removing each covariate from 
the initial model and testing the predictive performance of var-
ious feature-reduced models. The validity of the CoxPH model 
assumptions was checked using the residuals method described 
by Grambsch et  al. [25] and chi-squared statistics based on 
the lifelines software [26]. X-tile plots (X-tile Software v. 3.6.1; 
https://​medic​ine.​yale.​edu/​lab/​rimm/​resea​rch/​softw​are/​) were 
used to identify the two optimal cut-off values with the highest 
chi-square (χ2) value to separate patients into low-, medium- 
and high-risk (https://​shap.​readt​hedocs.​io). Conventional statis-
tical analysis was performed using MedCalc software, v. 18.9.1 
(MedCalc Software Ltd. Ostend, Belgium).

3   |   Results

3.1   |   Characteristics of Study Cohorts

A total of 1220 patients (Turin cohort, n = 531; Pisa cohort, 
n = 335; Milan cohort, n = 354) with HCV-related cirrhosis 
treated with DAAs were included in the study. Based on the 
sample size, timing of data collection and timing of serum 
PIVKA-II measurement, patients enrolled in the Liver Unit 
of the Department of Medical Sciences, University of Torino 
(Turin) and at the Hepatology Unit of the University Hospital of 
Pisa (Pisa) were assigned to the training cohort, whereas patients 
enrolled at the Division of Gastroenterology and Hepatology, 
Ospedale Maggiore Policlinico di Milano (Milan) were assigned 
to the validation cohort (Figure 1).

The principal demographic, biochemical and clinical character-
istics of the study cohort are presented in Table 1. In the entire 
population, the median age was 66 (57–76) years; most patients 
were men (n = 707; 58.0%). In comparison with the training co-
hort, patients in the validation cohort showed a higher rate of 
markers consistent with previous hepatitis B virus (HBV) ex-
posure (39.0% vs. 18.1%; p < 0.001), lower serum albumin val-
ues (4.2, 4.0–4.4 g/dL vs. 4.4, 4.1–4.6 g/dL; p < 0.001), higher 
total bilirubin levels (0.8, 0.6–1.3 mg/dL vs. 0.7, 0.5–0.9 mg/dL; 
p < 0.001), higher platelet count (146, 100–200 × 109/L vs. 131, 
93–173 × 109/L; p < 0.001), lower total cholesterol values (156, 
136–182 mg/dL vs. 168, 146–194 mg/dL; p < 0.001), lower LSM 
(16.9, 13.3–21.3 kPa vs. 19.6, 15.1–26.4 kPa; p < 0.001), higher 
proportion of Child-Turcotte-Pugh (CTP) score A (97.7% vs. 
94.8%; p = 0.020) and lower PIVKA-II serum concentration (34, 
26–47 mAU/mL vs. 46, 37–58 mAU/mL; p < 0.001). Of note, 
serum PIVKA-II values were significantly higher in patients 
with CTP-B as compared to patients with CTP-A (49, 39–74 
mAU/mL vs. 42, 33–56 mAU/mL; p = 0.004) and were weakly 
correlated to LSM (rs = 0.14, 95% CI 0.09–0.20; p < 0.001).

Overall, median APRI and FIB-4 values were 0.5 (0.3–0.7) and 
2.73 (1.80–4.34), respectively. While APRI values were compa-
rable between the training and validation cohort (0.5, 0.3–0.7 vs. 
0.4, 0.3–0.8; p = 0.107), FIB-4 values were significantly higher 
in the former as compared to the latter (2.81, 1.84–4.41 vs. 2.43, 
1.63–4.18; p = 0.013). Concerning the aMAP score, the median 
value in the entire cohort of 1220 patients was 61 (57–66); no 

https://medicine.yale.edu/lab/rimm/research/software/
https://shap.readthedocs.io
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differences were observed between the training and validation 
cohorts (62, 57–66 vs. 61, 56–66; p = 0.073). Finally, the median 
THRI value in the whole study cohort was 170 (130–200); higher 
THRI values were observed in the training cohort compared to 
the validation cohort (180, 130–200 vs. 170, 120–200; p = 0.003).

During a median FU of 44 (25–54) months (FU < 12 months, 
n = 119 [9.8%]; FU = 12–24 months, n = 170 [13.9%]; 
FU > 24 months, n = 931 [76.3%]), 112 of 1220 patients developed 
HCC (incidence rate: 2.71 per 100 person-years). In the train-
ing cohort, 93 patients developed HCC during a median FU 
of 39 (22–55) months (cumulative incidence: 10.7%; incidence 
rate: 3.24 per 100 person-year), while in the validation cohort, 
19 patients developed HCC during a median FU of 49 (35–52) 
months (cumulative incidence: 5.4%; incidence rate: 1.51 per 100 
person-year). At HCC diagnosis, the proportion of early tumour 
(BCLC 0/A) was 80.6% in the training cohort and 84.2% in the 
validation cohort (p = 0.718). Serum PIVKA-II values were sig-
nificantly associated with HCC occurrence both in the training 
(HR = 2.51, 95% CI 1.61–3.90; p < 0.001) and in the validation co-
horts (HR = 13.92, 95% CI 5.33–36.37; p < 0.001).

3.2   |   Assessment of PIVKA-II Stability in Serum 
Samples

Serum samples from three different patients collected for 
PIVKA-II measurement and then stored at −20°C, were ret-
rospectively analysed. The PIVKA-II levels at serum sample 
collection (baseline) were 2642 mAU/mL (sample ID: #303), 
237 mAU/mL (sample ID: #335) and 50 mAU/mL (sample ID: 
#299). After a mean of 20 ± 6 days of storage at −20°C, the 3 

samples were thawed and tested for PIVKA-II. Then, 4 aliquots 
for each serum sample were prepared; 2 aliquots were stored 
at +4°C and 2 at room temperature (average temperature: 
+21°C). After 7 and 14 days, the aliquoted serum samples were 
tested for PIVKA-II (Table S2); overtime percentage changes in 
samples stored at +4°C and at room temperature are reported 
in Figure 2. The overall CV% of PIVKA-II measurements was 
3.5%, ranging from 2.0% (sample #303, stored at room tempera-
ture) to 6.2% (sample #335, stored at room temperature); no 
differences in CV% were observed between the whole set of al-
iquots stored at +4°C and aliquots stored at room temperature 
(3.4% vs. 3.7%; p = 0.726).

3.3   |   Development and Validation 
of the PIVKA-II-Based Model for HCC Prediction

First, we selected demographic and biochemical features re-
ported to be associated with HCC occurrence in previous stud-
ies as candidate features for model construction. Apart from 
PIVKA-II which was selected a priori, we considered the follow-
ing covariates: age, sex, ALT, AST, γ-glutamyl transferase (γGT), 
platelet count, albumin and total bilirubin. A log transformation 
was made to PIVKA-II due to extreme skewness (Figure  S1). 
Then, four machine learning-based methods, namely, Gradient 
Boosting, Random Survival Forests, DeepCoxNet and CoxPH 
regression, were trained and compared to determine the best 
prediction model. Non-linear methods showed no improvement 
in terms of the C-index over the CoxPH regression (Table S3); 
thus, we chose the CoxPH model and tested the relevance of the 
features using an ablation test. Because we observed that, in all 
simulations, the removal of a single covariate led to a reduction 

FIGURE 1    |    Flow chart of patients' enrolment in the training (Turin + Pisa) and validation cohorts (Milan). Patients of the Milan validation cohort 
were retrieved from Degasperi et al. [9] Patients HCC-free at last visit/US examination but with FU < 6 months from SVR12 (training cohort) or EOT 
(validation cohort) were defined as lost to FU. DAA, direct-acting antivirals; EOT, end-of-treatment; FU, follow-up; HCC, hepatocellular carcinoma; 
HCV, hepatitis C virus; PIVKA-II, protein induced by vitamin K absence or antagonist II; SVR, sustained virologic response.
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in model performance (ablation test; Figure S2), all the initially 
selected variables were retained in the final CoxPH model. 
Furthermore, all the nine variables included in the model met 

the assumptions of CoxPH (χ2 p > 0.05) (Table  S4). The final 
CoxPH model included age, sex, ALT, AST, γGT, platelet count, 
albumin, total bilirubin and PIVKA-II (event-per-predictor 

TABLE 1    |    Baseline demographic, biochemical and clinical characteristics of the patients included in the study according to training (Turin + 
Pisa) and validation cohorts (Milan).

Variables Overall (n = 1220) Traininga (n = 866) Validationb (n = 354) p

Age (years), median (range) 66 (57–76) 66 (57–76) 66 (57–75) 0.293

Sex (male), n (%) 707 (58.0%) 507 (58.5%) 200 (56.5%) 0.511

Caucasian, n (%) 1184 (97.0%) 855 (98.7%) 329 (92.9%) < 0.001

BMI (kg/m2), median (IQR) 24.9 (22.7–27.7) 25.0 (22.8–27.7) 24.8 (22.4–27.5) 0.858

T2DM, n (%) 243 (19.9%) 175 (20.2%) 68 (19.2%) 0.692

Previous HBV exposure, n (%) 295 (24.2%) 157 (18.1%) 138 (39.0%) < 0.001

ALT (U/L), median (IQR) 19 (15–26) 19 (15–26) 19 (14–27) 0.999

AST (U/L), median (IQR) 24 (20–30) 24 (20–29) 25 (20–30) 0.382

γGT (U/L), median (IQR) 26 (18–40) 27 (18–41) 25 (18–35) 0.094

Albumin (g/dL), median (IQR) 4.3 (4.1–4.6) 4.4 (4.1–4.6) 4.2 (4.0–4.4) < 0.001

Total bilirubin (mg/dL), median (IQR) 0.7 (0.5–1.0) 0.7 (0.5–0.9) 0.8 (0.6–1.3) < 0.001

Platelet count (× 109/L), median (IQR) 134 (94–181) 131 (93–173) 146 (100–200) 0.001

Total cholesterol (mg/dL), median (IQR) 166 (143–191) 168 (146–194) 156 (136–182) < 0.001

Triglycerides (mg/dL), median (IQR) 92 (74–116) 91 (72–120) 95 (79–108) 0.420

AFP (ng/mL), median (IQR)c / / 5.0 (3.0–8.0) /

PIVKA-II (mAU/mL), median (IQR) 43 (33–56) 46 (37–58) 34 (26–47) < 0.001

LSM (kPa), median (IQR) 18.2 (14.5–25.7) 19.6 (15.1–26.4) 16.9 (13.3–21.3) < 0.001

LSM < 15.0 kPa, n (%) 338 (27.7%) 208 (24.0%) 130 (36.7%)

LSM 15.0–19.9 kPa, n (%) 406 (33.3%) 289 (33.4%) 117 (33.1%) < 0.001

LSM ≥ 20.0 kPa, n (%) 476 (39.0%) 369 (42.6%) 107 (30.2%)

CTP score A, n (%) 1167 (95.7%) 821 (94.8%) 346 (97.7%) 0.020

ALBI score, median (IQR) −2.98 (−3.21– −2.70) −3.05 (−3.25– −2.81) −2.79 (−3.02– −2.56) < 0.001

De novo HCC, n (%) 112 (9.2%) 93 (10.7%) 19 (5.4%) 0.003

BCLC staging at diagnosis

0, n (%) 33 (29.5%) 31 (33.3%) 2 (10.5%) 0.299

A, n (%) 58 (51.8%) 44 (47.3%) 14 (73.7%)

B, n (%) 12 (10.7%) 11 (11.8%) 1 (5.3%)

C, n (%) 9 (8.0%) 7 (7.5%) 2 (10.5%)

Monofocal HCC, n (%) 69 (61.6%) 61 (65.6%) 9 (47.4%) 0.193

Major HCC nodule size (mm), median (IQR) 21 (15–34) 21 (15–35) 20 (15–23) 0.411

FU (months), median (IQR) 44 (25–54) 39 (22–55) 49 (35–52) 0.001

HCC incidence rate (per 100 person/years) 2.71 3.24 1.51 0.017

Note: p value for BCLC comparison between the training and validation cohort was calculated by χ2 test for trend.
Abbreviations: AFP, α-fetoprotein; ALBI, albumin-bilirubin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BCLC, Barcelona Clinic Liver Cancers; 
BMI, body mass index; CTP, Child-Turcotte-Pugh; FU, follow-up; γGT, gamma-glutamyl transpeptidase; HBV, hepatitis B virus; HCC, hepatocellular carcinoma; IQR, 
interquartile range; n, number; LSM, liver stiffness measurement; PIVKA-II, protein induced by vitamin K absence or antagonist II; T2DM, type 2 diabetes mellitus.
aData were collected at SVR12.
bData were collected at EOT.
cAFP values were systematically available only for the validation cohort.
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parameter ratio: 12.4). Finally, we implemented a web server 
calculator that is freely available to the scientific community at 
the website https://​compb​iomed.​hpc4ai.​unito.​it/​pivka​-​hcc/​.

The model showed a C-index of 0.72 in the training cohort, 
which was calculated using a 1000-fold bootstrapping ap-
proach. The performance of the model was significantly bet-
ter than that of APRI (C-index = 0.64), FIB-4 (C-index = 0.65), 
aMAP (C-index = 0.65) and THRI (C-index = 0.63). Similarly, the 
model confirmed adequate accuracy for HCC prediction in the 
validation cohort (C-index = 0.71) (feature relevance is shown 
as SHAP beeswarm plot in Figure  S3), with significantly su-
perior performance compared to APRI (C-index = 0.60), FIB-4 
(C-index = 0.57), aMAP (C-index = 0.61), THRI (C-index = 0.57) 
and AFP (C-index = 0.67) (Table 2). Dynamic AUC analysis re-
vealed that our PIVKA-II-based model had a persistently good 
accuracy over time (Figure 3), with a 12-month AUC of 0.73 and 
0.84 in training and validation cohort, respectively (Table S5). 
Results from direct comparison between the performance of the 
PIVKA-II-based model and the PIVKA-II-ablated model (model 
with 8 covariates without PIVKA-II) are reported in Figure S4.

3.4   |   HCC Risk Stratification According to 
PIVKA-II-Based Model

Based on X-tile plots and the recommendation of the EASL pol-
icy statement on risk-based surveillance [27, 28], we identified 

FIGURE 2    |    Overtime stability of PIVKA-II in serum according to 
storage temperature. All samples were stored at −20°C from baseline to 
day 0 for a mean of 20 ± 6 days. Red lines indicate the sample at high serum 
PIVKA-II concentration (baseline: 2642 mAU/mL), green lines indicate 
the sample at intermediate serum PIVKA-II concentration (baseline: 237 
mAU/mL), and blue lines indicate the sample at low serum PIVKA-II 
concentration (baseline: 50 mAU/mL). Solid lines indicate aliquots stored 
at +4°C from day 0 to day 14, while dashed lines indicate aliquots stored 
at room temperature from day 0 to day 14. PIVKA-II, protein induced by 
vitamin K absence or antagonist II; rt., room temperature.

TABLE 2    |    Performance of non-invasive scores and PIVKA-II-based model for HCC prediction according to training (Turin + Pisa) and validation 
cohorts (Milan).

Variables Overall Training Validation

C-index (95% CI) C-index (95% CI) C-index (95% CI)

APRI 0.64 (0.58–0.70) 0.64 (0.57–0.70) 0.60 (0.45–0.75)

FIB-4 0.64 (0.59–0.70) 0.65 (0.59–0.71) 0.57 (0.42–0.72)

aMAP 0.65 (0.60–0.70) 0.65 (0.59–0.71) 0.61 (0.46–0.75)

THRI 0.63 (0.58–0.68) 0.63 (0.57–0.69) 0.57 (0.44–0.71)

AFP / / 0.67 (0.53–0.81)

PIVKA-II-based model 0.72 (0.67–0.77) 0.72 (0.69–0.75) 0.71 (0.66–0.75)

Note: PIVKA-II-based model: age + sex + ALT + AST + γGT + platelet count + albumin + total bilirubin + PIVKA-II.
Abbreviations: AFP, α-fetoprotein; aMAP, age–male–ALBI–platelets score; APRI, AST to platelets ratio index; CI, confidence interval; FIB-4, fibrosis 4 index; 
PIVKA-II, protein induced by vitamin K absence or antagonist II; THRI, Toronto HCC risk index.

FIGURE 3    |    Dynamic AUC of non-invasive scores and PIVKA-II-based model for HCC detection in the overall (A), training (Turin + Pisa) (B) and 
validation cohorts (Milan) (C). Depicted data refer to the AUC ± SE at each time point. AFP, α-fetoprotein; aMAP, age–male–ALBI–platelets score; 
APRI, AST to platelets ratio index; AUC, area under the curve; FIB-4, fibrosis 4 index; PIVKA-II, protein induced by vitamin K absence or antagonist 
II; SE, standard error; THRI, Toronto HCC Risk Index.

https://compbiomed.hpc4ai.unito.it/pivka-hcc/
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two optimal cut-off values to separate the training cohort into 
low- (< −0.6), medium- (−0.6–0.8) and high-risk groups (> 0.8) 
(Figure S5); accordingly, 165 (19.1%) patients were assigned to 
the low-risk group, 597 (68.9%) to the medium-risk group and 
104 (12.0%) to the high-risk group. Thus, in the training cohort, 
the cumulative incidence of HCC increased stepwise from low 
(3.6%) to medium (9.4%) and further increased in the high-risk 
group (29.8%) (log-rank test, p < 0.001) (Figure  4A). As com-
pared with the low-risk group, both the medium- and high-risk 
groups showed a significantly higher likelihood of developing 
HCC during the FU (HR = 2.67, 95% CI 1.59–4.48 and HR = 9.28, 
95% CI 4.32–19.95, respectively).

Next, we applied the same cut-off values to the validation cohort 
and observed good discrimination among the three risk groups; 
the cumulative incidence of HCC was 2.7% (2/75), 4.0% (9/223) 
and 14.3% (8/56) in the low-, medium- and high-risk groups, re-
spectively (log-rank test, p < 0.001) (Figure 4B). The likelihood 
of developing HCC of the medium- and high-risk group as com-
pared to the low-risk group was HR = 1.64 (95% CI 0.55–4.92) 
and HR = 6.31 (95% CI 1.39–28.60), respectively. Of note, only 
two patients were incorrectly predicted as low-risk; however, in 
both cases, HCC developed more than 3 years after the PIVKA-
II-based model assessment. The major contributors to prediction 
failure are reported in SHAP (Figure S6).

Finally, we performed a subanalysis stratifying patients ac-
cording to LSM ≥ 15.0 kPa (highly suggestive of compensated 
advanced chronic liver disease) and ≥ 20.0 kPa (clinically signif-
icant portal hypertension) [29], and to ALBI grade 1 and ALBI 
grade 2. The effectiveness of the prognostic stratification was 
maintained in all patient subgroups (Tables S6 and S7).

Overall, among patients classified as low risk, no HCC occurred 
within 18 and 39 months of FU in the training and validation 
cohorts, respectively. The PIVKA-II-based model provided more 
effective patient stratification than the APRI, FIB-4, IMAP and 
THRI in the training and validation cohorts (Table 3, Table S8, 
Figures  S7 and S8). Sensitivity, specificity, positive-predictive 
values (PPVs) and negative-predictive values (NPVs) of APRI, 

FIB-4, aMAP, THRI and PIVKA-II-based model at different cut-
offs were summarised in Table S9.

In the entire cohort of 1220 patients, the HCC incidence was 0.93 
per 100 person-years in the low-risk group (PIVKA-II-based 
model < −0.6), 2.34 per 100 person-years in the medium-risk 
group (PIVKA-II-based model −0.6–0.8) and 7.96 per 100 person-
years in the high-risk group (PIVKA-II-based model > 0.8).

4   |   Discussion

In the present study, we developed and validated a PIVKA-
II-based model for predicting HCC development in patients 
with HCV-related cirrhosis who were cured of HCV infection 
using DAAs. The model consists of nine variables: age, sex, 
ALT, AST, γGT, platelet count, albumin, total bilirubin and 
PIVKA-II collected after treatment completion. The model 
showed satisfactory accuracy for predicting HCC in both the 
training (C-index = 0.72) and validation cohorts (C-index = 0.71). 
Furthermore, our model proved to perform well (AUC > 0.8) for 
the identification of patients who developed HCC in short-term 
FU. The model allowed for the proper stratification of patients 
into three different risk categories according to the individual 
probability of HCC development, which may help define person-
alised surveillance strategies.

Since the availability of DAA, the number of patients cured 
of chronic HCV infection has steadily grown [30]. Whether or 
not we will achieve the ambitious World Health Organisation's 
target for hepatitis C elimination by 2030, the actual cohorts of 
aging patients at risk of HCC development will remain a medi-
cal issue for the years to come. Indeed, a recent projection esti-
mated a 55% increase in the burden of primary liver cancer by 
2040, with 905,700 new cases diagnosed in 2020 and 1.4 mil-
lion people diagnosed in 2040 [31]. In our series, we reported an 
overall HCC incidence of 2.71 per 100 person-years despite HCV 
treatment. This percentage is far beyond the cost-effectiveness 
threshold of 1.5%, warranting post-treatment surveillance for 
the risk of HCC development [32]. The use of a blood-based 

FIGURE 4    |    Patients' stratification according to PIVKA-II-based model risk categories in the training (A) and validation cohorts (B). HCC, 
hepatocellular carcinoma; PIVKA-II, protein induced by vitamin K absence or antagonist II.
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predictive model may be useful to personalise the modality and 
intensity of surveillance. Considering that the number of HCC 
surveillance candidates cured of HCV infection will increase 
more than 6-fold by 2030 [33], the identification of patients de-
serving less intensive surveillance due to the minimal risk of 
HCC development will save resources for closer monitoring 
of patients at higher risk, improving early diagnosis and thus 
patients' outcomes. In this regard, our PIVKA-II-based model 
allowed the identification of a subgroup of patients at low risk 
of HCC development (0.66 per 100 person-years) in which the 
cost-effectiveness of the current surveillance strategy might be 
questioned, and another subgroup of patients at a higher risk of 
de novo HCC (8.17 per 100 person-years) in which more inten-
sive surveillance (such as screening by abbreviated magnetic 
resonance imaging instead of US) might be recommended due 
to the considerable probability of tumour development.

Among the different components of the model, PIVKA-II 
was the only parameter selected a priori to build the model. 
Compared to other potential HCC biomarkers, PIVKA-II has 
several remarkable advantages from both analytical and clini-
cal perspectives. First, the protein is highly stable in the serum, 
mitigating the pre-analytical source of variation linked to logis-
tic issues and sample processing. Second, the availability of fully 
automated assays ensures accurate interpretation and stan-
dardisation of results among different laboratories and analyti-
cal platforms [34]. Third, among the biomarkers that underwent 
phase II and early phase III validation [7], PIVKA-II showed 
satisfactory performance for the detection of HCC irrespective 
of liver disease activity and aetiology [35]. Furthermore, recent 
data showed that time-related changes of serum PIVKA-II in 
patients with cirrhosis of different aetiologies (HBV, active HCV, 
non-viral) were able to predict HCC occurrence prior to imag-
ing discovery, suggesting that elevations in PIVKA-II circulat-
ing levels may reflect a cancer-permissive tissue milieu [36, 37]. 
Similar results have been observed in patients with cirrhosis 
of viral aetiology undergoing antivirals [9, 10]. Degasperi et al. 
showed that serum PIVKA-II ≥ 41 mAU/mL at EOT was signifi-
cantly associated with a higher risk of HCC development in pa-
tients with HCV-related cirrhosis treated with DAA (HR = 9.49, 
3.58–25.14); the 4-year cumulative probability of HCC was 24% 
in patients with EOT PIVKA-II ≥ 41 mAU/mL vs. 2% in patients 
with EOT PIVKA-II < 41 mAU/mL (p < 0.001) [9]. Notably, 
among patients who remained HCC-free during the FU, serum 
PIVKA-II values did not significantly change from DAA start 
to EOT (34, 12–520 mAU/mL vs. 34, 16–867 mAU/mL, p = ns) 
[9]. In patients with HBV-related cirrhosis undergoing nucle-
os(t)ide analogues treatment, Su et al. found that PIVKA-II > 50 
mAU/mL at virologic remission was an independent predic-
tor of HCC occurrence (HR = 2.46, 1.35–4.49); remarkably, in 
the subgroup of patients with low AFP, PIVKA-II > 50 mAU/
mL significantly increased the likelihood of subsequent HCC 
(HR = 2.45, 1.18–5.10 in patients with AFP ≤ 10 ng/mL and 
HR = 3.16, 1.74–5.73 in patients with AFP ≤ 20 ng/mL) [10]. In 
addition, in a subgroup of patients with serum samples collected 
every 6–12 months until HCC diagnosis or last FU, the authors 
observed no significant change of PIVKA-II levels in patients 
without HCC after a mean FU of 58 months. Conversely, in pa-
tients that developed HCC serum PIVKA-II values increased 
from baseline (median: 39 mAU/mL) to 7 months before HCC 
detection (median: 82 mAU/mL), and further increased at the 

time of HCC diagnosis (median: 130 mAU/mL) [10]. Taken to-
gether, the results from these independent studies support the 
absence of significant over-time variation of serum PIVKA-II 
values within HCC-free patients.

In addition to PIVKA-II, our model included demographic fea-
tures and biochemical parameters normally collected during 
standard clinical practice. Older age and male sex are well-
known risk factors associated with HCC development, as well 
as biochemical parameters reflecting liver damage (ALT, AST 
and γGT) and impaired hepatocellular function (platelet count, 
albumin and total bilirubin) [38]; unsurprisingly, these parame-
ters have already been included in previous non-invasive scores 
[17, 39, 40]. The inclusion of only demographic and biochemi-
cal features that can be objectively measured confers model re-
liability and reproducibility, thereby limiting potential sources 
of bias. In addition, the model can be easily implemented in 
clinical laboratories with the potential to increase adherence to 
surveillance. Finally, our model proved superior performance 
compared to other non-patented scores in terms of accuracy for 
HCC prediction and patients' stratification. However, the rela-
tively low number of events (i.e. incident HCC) in the valida-
tion cohort and the cut-off adopted for the definition of the three 
different risk categories by APRI, FIB-4, aMAP and THRI may 
have partially affected the results (Supplementary Discussion).

Previous studies have shown that HCC prediction models con-
structed using artificial intelligence approaches, including 
complex supervised and non-linear machine learning algo-
rithms outperform traditional regression models built using 
conventional statistics [41]. In the present study, tests with more 
complex models, such as Random Survival Forests, Gradient 
Boosting and DeepCoxNN, showed no improvement over 
CoxPH, indicating an intrinsically linear and additive effect in 
risk assignment without synergetic effects in the covariates.

This study has some limitations that need to be acknowledged. 
First, the retrospective nature of the study may represent a po-
tential source of bias. However, all patients included in the study 
were consecutively enrolled at each centre, thereby limiting 
the risk of selection bias. In addition, the model achieved good 
predictive performance in both the training and validation co-
horts, despite some differences in baseline characteristics, HCC 
incidence rate and discrepancies in the timing of data collection 
(SVR12 in the training cohort and EOT in the validation cohort). 
However, we believe that these temporal and clinical differences 
strengthen the reliability of our model [42]. Indeed, model val-
idation in an external cohort which differed from that used for 
model development, demonstrated its generalisability and trans-
portability and avoided multiple looks until satisfactory results 
were obtained, as in the case of random splitting of the whole 
dataset [43]. Second, all patients were enrolled in Italy and were 
mostly Caucasians; therefore, we could not evaluate whether 
the model might confer appropriate performance on patients 
of different ethnicities. Third, we did not evaluate the time-
related changes in the risk of HCC within each patient through 
repeated assessments of the model; thus, we were unable to re-
calculate the probability of HCC development at different time 
points and its association with patient outcomes. In addition, 
we did not assess the impact of other potential risk modifiers 
such as a family history of HCC, incident type 2 diabetes, alcohol 
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consumption and other metabolic comorbidities on liver disease 
progression and HCC occurrence. However, we would like to 
emphasise that our model should be intended to complement the 
decision-making process for patient allocation to the most ap-
propriate surveillance protocol according to the individual risk 
of HCC development. Last, although our PIVKA-II-based model 
allowed an effective stratification of the risk of HCC develop-
ment, the efficiency resulted suboptimal (PPV = 25.6% in the 
entire population). This is consistent with results from previous 
studies [44, 45], suggesting that HCC predictive models could 
be more useful to rule out rather than ruling in patients at risk. 
Further studies are needed to improve the PIVKA-II-model effi-
ciency possibly through stepwise surveillance approaches [46], 
which may allow the identification of super high-risk patients 
among patients at high risk of HCC development.

Finally, we acknowledge the strengths of the proposed model. 
Compared to other available tools, our model provides not only 
the calculation of a mere risk class, but also a tool (i.e. SHAP 
force plot), allowing clinicians to understand which parame-
ters mostly determine the calculation of HCC risk, and thus 
evaluate the reliability of the prediction based on patients' 
characteristics. Paradigmatic is the case of the patient (ID: 
#304) incorrectly predicted to be at low risk of HCC develop-
ment due to female sex and the conserved hepatic function 
despite elevated serum PIVKA-II values; the possibility of 
checking which parameters mostly contributed to patients' risk 
class allocation, could help clinicians to assess the reliability of 
prognostic prediction.

In conclusion, we developed and validated a model based on 
PIVKA-II combined with variables normally collected during 
standard clinical practice that showed adequate accuracy for the 
prediction of HCC development in patients with HCV-related 
cirrhosis successfully treated with DAA; in such patients, our 
PIVKA-II-based model may allow the transition from a ‘one-size-
fits-all’ to a ‘risk-based’ surveillance strategy. In particular, our 
model allowed the identification of patients at low risk of HCC 
development that may not need surveillance, reducing costs and 
harms from surveillance. Further studies are warranted to pro-
vide prospective validation in a larger cohort of patients and to 
investigate the performance of the model in large cohorts of pa-
tients at risk of HCC with different liver disease aetiologies.
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