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Summary
Background Combination immune checkpoint inhibitors are recommended as first-line therapy for advanced hep-
atocellular carcinoma. However, only a third of patients respond to treatment, and improved approaches to predict 
response are required. Using baseline clinical data, we aimed to use advanced machine learning models to predict 
overall survival and progression-free survival in patients with advanced hepatocellular carcinoma receiving 
atezolizumab plus bevacizumab.

Methods This retrospective cohort study was conducted at 24 centres across eight countries. Patients aged 18 years 
and older with a histological or radiological diagnosis of advanced hepatocellular carcinoma were included; those who 
had received previous systemic therapy for hepatocellular carcinoma were excluded. All patients received intravenous 
atezolizumab 1200 mg plus bevacizumab 15 mg/kg once every 3 weeks until disease progression. Seven supervised 
machine learning models, in combination with 13 feature selection techniques, were trained on 44 baseline clinical 
variables for the prediction of overall survival and progression-free survival. The three best-performing models, 
combined with their optimum feature selection techniques, were used to develop ensemble machine learning 
models for the prediction of overall survival and progression-free survival. The primary outcomes of the study were 
the predictions of overall survival, progression-free survival, and immunotherapy response using advanced machine 
learning. k-means clustering was used to stratify patients into two groups: those at low risk and those at high risk of 
either death (in the overall survival model) or disease progression (in the progression-free survival model).

Findings 934 patients who received immunotherapy from May 1, 2018 and were followed up until Oct 1, 2023 were 
screened, of whom 160 were excluded and 774 were included in the final study. Patients were divided into training 
(n=339), internal validation (n=146) and external validation (n=289) cohorts. Support vector machine, neural network, 
and naive Bayes algorithms had the best performance in the prediction of overall survival; for progression-free 
survival, the highest-performing algorithms were ridge regression, naive Bayes, and logistic regression. In the 
external validation cohort, the ensemble model for the prediction of overall survival (area under the receiver operating 
characteristic curve 0⋅75 [95% CI 0⋅69–0⋅81]) significantly outperformed all eight of the tested clinical benchmark 
variables: Barcelona Clinic Liver Cancer (BCLC) stage (0⋅54 [0⋅48–0⋅61]; p<0⋅0001), α-fetoprotein (AFP) concentration 
(0⋅60 [0⋅54–0⋅67]; p=0⋅0007), albumin–bilirubin (ALBI) grade (0⋅64 [0⋅58–0⋅71]; p=0⋅0003), neutrophil-to-lymphocyte 
ratio (0⋅56 [0⋅49–0⋅62]; p<0⋅0001), platelet-to-lymphocyte ratio (0⋅51 [0⋅44–0⋅58]; p<0⋅0001), combined ALBI grade 
and BCLC stage (0⋅67 [0⋅60–0⋅73]; p=0⋅0074), and two BCLC subclassifications (0⋅62 [0⋅55–0⋅69]; p=0⋅0007 and 0⋅61 
[0⋅55–0⋅68]; p=0⋅0018). The ensemble model for the prediction of progression-free survival (0⋅64 [0⋅59–0⋅70]) out-
performed five of the eight clinical predictors: BCLC stage (0⋅52 [0⋅46–0⋅58]; p<0⋅0001), neutrophil-to-lymphocyte ratio 
(0⋅53 [0⋅47–0⋅59]; p=0⋅0069), platelet-to-lymphocyte ratio (0⋅54 [0⋅48–0⋅60]; p=0⋅016), and two BCLC subclassifications 
(0⋅57 [0⋅50–0⋅64]; p=0⋅020 and 0⋅55 [0⋅49–0⋅62]; p=0⋅0091); the model did not outperform AFP concentration (0⋅59 
[0⋅53–0⋅64]; p=0⋅14), ALBI grade (0⋅62 [0⋅56–0⋅67]; p=0⋅44), or combined ALBI grade and BCLC stage (0⋅59 [0⋅53–0⋅66]; 
p=0⋅12). For the overall survival model, patients stratified into the low-risk group had significantly longer median overall 
survival (16⋅4 months [95% CI 14⋅2–21⋅6]) than those in the high-risk group (4⋅8 months [3⋅0–6⋅9]; p<0⋅0001); similarly, 
patients stratified by the progression-free survival model into the low-risk group had significantly longer median 
progression-free survival (8⋅9 months [7⋅3–11⋅1]) than those in the high-risk group (3⋅7 months [2⋅9–5⋅6]; p=0⋅0021).

Interpretation Our advanced machine learning models, which use routinely collected baseline clinical variables, are 
robust and externally validated and outperform established clinical biomarkers for predicting clinical outcomes with
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atezolizumab plus bevacizumab. These data-driven models could be used to stratify patients with hepatocellular 
carcinoma for personalised treatment strategies.
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Introduction
Hepatocellular carcinoma is the third leading cause of 
cancer-related mortality worldwide, 1 and the majority of 
cases are diagnosed at an advanced stage. 2 The landmark 
IMbrave150 trial 3 showed that combination immunother-
apy with the immune checkpoint inhibitor (ICI) atezoli-
zumab plus the anti-angiogenic drug bevacizumab 
significantly improved overall survival and progression-free 
survival in patients with advanced hepatocellular carcin-
oma. 3 These findings are supported by those of the 
HIMALAYA, 4 CheckMate-9DW, 5 and CARES-310 6 trials, 
which showed that other ICI-based regimens are also 
associated with a significant improvement in overall 
survival compared with tyrosine kinase inhibitors. 
Despite the clear clinical benefit of combination ICI 

therapy, the identification of patients who could derive 
significant survival benefit remains elusive. Because 
hepatocellular carcinoma can be diagnosed radiologically, 7 

molecular and genetic phenotyping of patients before 
treatment is not widely conducted. Real-world studies have 
used traditional linear model approaches to identify clinical 
factors—such as Child–Pugh class, 8 α-fetoprotein (AFP) 
concentration, 9 C-reactive protein (CRP) and AFP in 
Immunotherapy (CRAFITY) score, 10 albumin–bilirubin 
(ALBI) grade, 8 neutrophil-to-lymphocyte ratio, and platelet-
to-lymphocyte ratio 11 —that could be used to predict clinical

responses to combination ICI therapy. However, these 
studies focused on unidimensional disease features, rather 
than providing an overall estimation of the disease course 
based on multiple variables, limiting the power—and 
therefore utility—of these predictors in routine clinical 
practice. Given the risk of poor response and ICI-related 
toxicity, and the availability of alternative treatment strat-
egies in advanced hepatocellular carcinoma, it is important 
that patients who are likely to benefit from combination ICI 
therapy are identified in advance of beginning treatment. 
Machine learning is a key component of the artificial 

intelligence framework. Traditionally, clinical studies have 
focused on linear machine learning approaches, such as 
logistic regression and Cox regression, to identify pre-
dictors. However, advanced non-linear approaches can 
capture more complex relationships between baseline var-
iables and clinical outcomes, allowing for more precise 
predictions. A frequent limitation of machine learning 
models is overfitting on training cohorts and diminishing 
performance on external validation cohorts. Feature selec-
tion techniques can be used to identify key predictor vari-
ables and have been shown to improve machine learning 
model performance in external validation cohorts. 12

We aimed to use machine learning to predict clinical 
outcomes to atezolizumab plus bevacizumab, using readily 
available baseline clinical data from patients with advanced
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Research in context

Evidence before this study
Randomised clinical trials have shown that atezolizumab plus 
bevacizumab is superior to systemic therapy for advanced 
hepatocellular carcinoma; however, only a third of patients 
respond to treatment and robust clinical biomarkers for 
predicting outcomes are scarce. We searched PubMed using the 
search string (“hepatocellular carcinoma” AND “immunotherapy” 
AND “biomarkers” AND “predictors”), with no language 
restrictions, for records published from Jan 1, 2010, to
Sept 1, 2024. Our search retrieved 116 studies, the findings of 
which showed that markers derived from logistic regression 
models—such as the albumin–bilirubin grade, the neutrophil-to-
lymphocyte ratio, and the platelet-to-lymphocyte ratio—had 
limited predictive performance when using linear models. To our 
knowledge, no studies to date have used advanced machine 
learning models with routine clinical variables to predict the 
response to atezolizumab plus bevacizumab in hepatocellular 
carcinoma.

Added value of this study
In this large, international, multicentre study, we developed and 
externally validated advanced machine learning models to predict 
clinical outcomes after immunotherapy, using standard-of-care 
baseline clinical data. Advance machine learning models in 
combination with feature selection methods outperformed 
established clinical biomarkers in the prediction of overall survival 
and progression-free survival in patients with hepatocellular 
carcinoma after treatment with atezolizumab plus bevacizumab.

Implications of all the available evidence
Using baseline clinical data, advanced machine learning models 
can identify patients who could derive benefit from atezolizumab 
and bevacizumab. These models could be used to stratify patients 
with advanced hepatocellular carcinoma for personalised 
treatment strategies.
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hepatocellular carcinoma. Combinations of multiple 
machine learning algorithms with different feature selec-
tion techniques were evaluated on internal and external 
validation cohorts.

Methods
Study design and participants
This retrospective cohort study was conducted at 24 centres 
in eight countries (Austria, Germany, Italy, Japan, 
South Korea, Taiwan, the UK, and the USA). Patients 
aged 18 years and older, who received immunotherapy 
from May 1, 2018 and were followed up until Oct 1, 2023, 
were retrospectively included in the AB-real clinical study, 
an open registry of patients with unresectable advanced 
hepatocellular carcinoma treated with atezolizumab plus 
bevacizumab. 13 All patients had a histological or radio-
logical diagnosis of hepatocellular carcinoma, as per the 
American Association for the Study of Liver Diseases 
criteria, 7 which was classified as either advanced disease or 
intermediate disease unsuitable for locoregional therapy 
according to the Barcelona Clinic Liver Cancer (BCLC) 
criteria. 14 Patients who had received previous systemic 
therapy for hepatocellular carcinoma were excluded. The 
study was conducted in accordance with the Declaration of 
Helsinki, and the protocol was approved by the Ethics 
Committee of the Imperial College Healthcare Tissue Bank 
(R16008) and local ethics committees at each participating 
centre. Owing to the retrospective design of the study and 
anonymised data collection methods, informed consent 
was not considered necessary by the ethics review 
committee.

Baseline clinical parameters and data pre-processing
Baseline clinical parameters were collected for all 
patients before commencing combination ICI therapy 
(appendix p 3). As part of data pre-processing, all categorical 
data were converted into numerical values using one-hot 
encoding. For multiple level categories, the final level 
feature was removed. Features for which more than 25% 
of data were missing were excluded. The multivariate 
imputation by chained equations 15 method was used to 
impute missing values for the remaining features. After 
imputation, continuous features were standardised on the 
basis of the training cohort using Z standardisation.

Procedures and clinical outcomes
All patients received intravenous atezolizumab 1200 mg 
plus bevacizumab 15 mg/kg once every 3 weeks, in 
accordance with standard treatment protocol. Treatment 
continued until disease progression or intolerable 
ICI-related toxicity, as determined by assessment at the 
participating centres.
The primary outcomes of the study were the predictions 

of overall survival, progression-free survival, and 
immunotherapy response using advanced machine learn-
ing. Secondary outcomes were the performance of the

machine learning models in patients with Child–Pugh 
class A liver dysfunction (appendix p 28) and the 
feature importance for the machine learning models 
(appendix pp 18–19).
Overall survival was defined as the time in months from 

the start of combination ICI therapy to death or the date of 
the last follow-up visit, whichever occurred earliest. Pro-
gression-free survival was defined as the time in months 
from the start of combination ICI therapy to progression or 
death, whichever occurred first. Progression was assessed 
radiologically, as per Response Evaluation Criteria in 
Solid Tumours (RECIST) version 1.1, 16 by CT or MRI at 
6–12-week intervals, according to local practice. For 
machine learning prediction, overall survival was binarised 
to 0 or 1 on the basis of mortality at 12 months. Patients not 
known to have died and who were last seen more than 
60 days before this 12-month endpoint were excluded from 
the analysis. Similarly, progression-free survival was 
binarised on the basis of disease progression or death at 
6 months, in line with the median progression-free survival 
in the IMbrave150 study. 3 Patients not known to have died 
or progressed and who were last seen more than 60 days 
before this 6-month endpoint were excluded.
The overall response rate to combination ICI therapy was 

defined as the proportion of patients who had a complete 
response or a partial response during active ICI therapy, as 
per RECIST. Disease control rate was defined as the 
proportion of patients who had a complete response, a 
partial response, or stable disease during active ICI therapy. 
Overall response rate and disease control rate were eval-
uated in model-stratified risk groups (see Kaplan–Meier 
analysis).

Machine learning algorithms and feature selection 
techniques
Patients were divided into three geographical cohorts: Asia, 
Europe, and North America. The largest and smallest 
cohorts, Asia and North America, were combined. This 
combined cohort was then further randomly divided, in a 
70:30 ratio, into a training set and an internal validation set. 
The European cohort was used as an independent external 
validation set.
Seven machine learning algorithms, based on the 

following linear, Bayesian, tree-based, and neural network 
methods, were trained on baseline data: logistic regression, 
naive Bayes, neural network, random forest, support vector 
machine, extreme gradient boosting (XGBoost), and ridge 
regression. Hyper-parameter optimisation was conducted 
on machine learning algorithms using grid-search ten-fold 
cross-validation. Models derived from different methods 
were used to minimise bias and variance, on the basis 
of previous studies. 12,17 Individual supervised machine 
learning models and hyper-parameters are shown in the 
appendix (p 4).
13 feature selection techniques were used on baseline 

data: least absolute shrinkage and selection operator 
(LASSO) regression, elastic net regression, recursive
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feature elimination, principal component analysis, Boruta, 
mutual information, Pearson’s correlation, Spearman’s 
rank correlation, Kendall’s rank correlation, ANOVA F-test, 
variance threshold, forward selection, and no feature 
selection. A description of each feature selection technique 
is given in the appendix (p 5).
All machine learning algorithms were run with each 

feature selection technique on the training dataset. The 
performance of each combination was evaluated on the 
internal validation set by the area under the receiver oper-
ating characteristic curve (AUC). The three machine 
learning models, in combination with the corresponding 
best-performing feature selection technique, with the 
highest AUC in the internal validation set for 12-month 
overall survival and 6-month progression-free survival were 
selected for the final models. An ensemble model averaging 
the performance of these three machine learning algo-
rithms was used in the final models. The 95% CIs for AUC 
values were calculated using bootstrapping with replace-
ment over 1000 iterations. The performance of the model 
was compared with predictions based on the following 
clinical benchmark variables: AFP concentration, BCLC 
stage, ALBI grade, neutrophil-to-lymphocyte ratio, platelet-
to-lymphocyte ratio, combined ALBI grade and BCLC stage, 
and two previously reported BCLC subclassification sys-
tems 18,19 (appendix pp 6–7). A logistic regression model with 
grid-search ten-fold cross validation for each clinical 
benchmark variable was generated from the training data-
set. The performance of the final ensemble model was 
compared with that of models using clinical benchmark 
data on the internal and external validation sets using 
DeLong’s test.
To reveal the contribution of different features, we used 

the permutation feature importance technique 20 to calcu-
late the feature importance for each model used in the final 
ensemble predictors for overall survival and progression-
free survival. This calculation was run for each baseline 
variable with 50 iterations.

Kaplan–Meier analysis
Unsupervised machine learning using k-means clustering 
was used to stratify patients into different treatment 
response groups. Clusters were established from the 
probability estimates of the 12-month overall survival and 
6-month progression-free survival ensemble machine 
learning models in the internal validation set. The optimal 
cluster numbers were determined using the knee point 
detection algorithm 21 from an elbow plot showing the 
sum of the squared Euclidean distance for each cluster 
number. Patients in the external validation set were 
stratified using clustering predictions from the k-means 
model. Kaplan–Meier analyses and log-rank tests were 
conducted on stratified patient groups.

Statistical analysis
We used χ 2 tests to evaluate categorical data and unpaired 
Student’s t-tests to evaluate continuous data. All machine

learning and feature selection analyses were conducted 
using the Scikit-learn package in Python 3.8.8. Receiver 
operating characteristic curves and Kaplan–Meier graphs 
were generated using MedCalc version 22.021 (MedCalc 
Software, Ostend, Belgium). p values less than 0⋅05 were 
considered statistically significant.

Role of the funding source
There was no funding source for this study.

Results
934 patients who received immunotherapy from 
May 1, 2018 and were followed up until Oct 1, 2023 were 
screened, of whom 160 were excluded and 774 were 
included in the study. Patients from Asia (n=339) and 
North America (n=146) were combined (n=485) and ran-
domly divided into a training cohort (n=339) and a hold-out 
internal validation cohort (n=146). Patients from Europe 
comprised the independent external validation cohort 
(n=289). The baseline characteristics for each cohort are 
shown in table 1. The variance of baseline characteristics 
across different geographical cohorts was assessed using 
principal component analysis (appendix p 22); no clear 
batch effect was observed.
The median age was higher in the external validation 

cohort (67⋅9 years [IQR 62⋅0–75⋅4]) than in the internal 
validation cohort (66⋅0 years [IQR 60⋅0–73⋅0]; p=0⋅013). 
Rates of hepatitis B were lower and previous locoregional 
therapy were higher in the external validation cohort than in 
the internal validation cohort.
44 baseline clinical variables were used for machine 

learning prediction. The variables selected by each feature 
selection method are shown in the appendix (pp 8–11). The 
performance of the combinations of each machine learning 
algorithm and feature selection technique on the internal 
validation set is shown in the appendix (p 23). For the 
prediction of 12-month overall survival, the three highest-
performing combinations on the internal validation set 
were support vector machines with Kendall’s rank correl-
ation, neural network with recursive feature elimination, 
and naive Bayes with Pearson’s correlation. For 6-month 
progression-free survival, ridge regression and logistic 
regression with all features and naive Bayes with Pearson’s 
correlation were the three highest-performing models. 
These models were used in a final ensemble model, which 
had AUCs in the internal validation set of 0⋅75 (95% CI 
0⋅65–0⋅83) for overall survival and 0⋅70 (0⋅62–0⋅78) for 
progression-free survival (table 2).
The final ensemble model was evaluated against 

predictions based on known clinical benchmark variables. 
For the prediction of overall survival, the machine learning 
model, with an AUC of 0⋅75 (95% CI 0⋅69–0⋅81) in the 
external validation set, significantly outperformed all 
clinical benchmarks (BCLC stage, AFP concentration, 
ALBI grade, neutrophil-to-lymphocyte ratio, and platelet-to-
lymphocyte ratio; figure 1, table 2), as well as the combined 
ALBI grade and BCLC stage and two BCLC
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subclassification systems (table 2). For the prediction of 
progression-free survival, the machine learning model 
significantly outperformed BCLC stage, neutrophil-
to-lymphocyte ratio, and platelet-to-lymphocyte ratio 
(figure 1, table 2) and both BCLC subclassification systems 
(table 2), with an AUC of 0⋅64 (0⋅59–0⋅70) in the external 
validation cohort.
In the internal validation cohort, the median overall 

survival was 14⋅1 months (95% CI 10⋅0–16⋅1) and the 
median progression-free survival was 5⋅0 months (3⋅5–6⋅2). 
For each outcome, k-means clustering of ensemble model 
probabilities identified two distinct risk groups: those at

low risk and those at high risk (appendix p 24; probability 
thresholds shown in appendix p 25). For overall survival, 
the median survival time was 6⋅8 months (3⋅5–10⋅9) for the 
high-risk group and 16⋅1 months (14⋅1–20⋅0) for the low-
risk group (p<0⋅0001). The high-risk group also had a 
significantly shorter median progression-free survival time 
(3⋅4 months [2⋅6–5⋅0]) than the low-risk group (7⋅1 months 
[4⋅1–11⋅3]; p=0⋅0073; appendix p 26).
In the external validation cohort, the median overall 

survival time was 11⋅7 months (95% CI 10⋅5–14⋅2) and the 
median progression-free survival was 6⋅8 months (5⋅0–8⋅3). 
The use of k-means clustering for risk stratification resulted

Training cohort 
(n=339)

Internal validation 
cohort (n=146)

External validation 
cohort (n=289)

p value*

Age, years 65⋅2 (58⋅2–72⋅6) 66⋅0 (60⋅0–73⋅0) 67⋅9 (62⋅0–75⋅4) 0⋅013
Sex

Male 279 (82%) 121 (83%) 229 (79%) ⋅⋅
Female 60 (18%) 25 (17%) 60 (21%) 0⋅44

Risk factors for chronic liver disease

Metabolic dysfunction-associated fatty liver disease 38 (11%) 17 (12%) 52 (18%) 0⋅12
Alcohol-related liver disease 103 (30%) 32 (22%) 75 (26%) 0⋅42
Hepatitis B infection 145 (43%) 64 (44%) 46 (16%) <0⋅0001
Hepatitis C infection 96 (28%) 37 (25%) 82 (28%) 0⋅58

Liver disease

Ascites 85 (25%) 30 (21%) 83 (29%) 0⋅086
Hepatic encephalopathy 8 (2%) 4 (3%) 5 (2%) 0⋅73

Child–Pugh class

A 277 (82%) 124 (85%) 226 (78%) 0⋅12
B 62 (18%) 22 (15%) 63 (22%) 0⋅12

Maximum tumour diameter, cm 6⋅7 (4⋅4) 6⋅8 (4⋅5) 6⋅0 (4⋅0) 0⋅079
Macrovascular invasion 119 (35%) 46 (32%) 104 (36%) 0⋅41
AFP concentration >400 ng/dL 137 (40%) 52 (36%) 109 (38%) 0⋅75
ALBI grade

1 96 (28%) 39 (27%) 60 (21%) 0⋅20
2 214 (63%) 89 (61%) 181 (63%) 0⋅82
3 29 (9%) 18 (12%) 48 (17%) 0⋅30

Extrahepatic spread 169 (50%) 71 (49%) 116 (40%) 0⋅11
ECOG-PS

0 156 (46%) 60 (41%) 161 (56%) 0⋅0055
1 175 (52%) 82 (56%) 116 (40%) 0⋅0022
2 8 (2%) 4 (3%) 12 (4%) 0⋅55

BCLC stage

A 6 (2%) 4 (3%) 9 (3%) 1⋅00
B 78 (23%) 32 (22%) 53 (18%) 0⋅45
C 255 (75%) 110 (75%) 227 (79%) 0⋅57

Previous locoregional treatment

Resection 78 (23%) 39 (27%) 71 (25%) 0⋅71
Radiofrequency ablation 63 (19%) 23 (16%) 23 (8%) 0⋅020
Transarterial chemoembolisation 147 (43%) 60 (41%) 87 (30%) 0⋅029
Transarterial radioembolisation 32 (9%) 23 (16%) 8 (3%) <0⋅0001
External beam radiotherapy 63 (19%) 21 (14%) 15 (5%) 0⋅0019

Data are median (IQR), n (%), or mean (SD). AFP=α-fetoprotein. ALBI=albumin–bilirubin. BCLC=Barcelona Clinic Liver Cancer. ECOG-PS=Eastern Cooperative Oncology Group 
Performance Status. *p values for the difference between internal and external validation datasets were calculated using unpaired Student’s t tests for continuous variables and
χ 2 tests for categorical data.

Table 1: Baseline characteristics
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in 145 (63%) of the 229 patients for whom full follow-up 
data were available being stratified into the low-risk group, 
with a median survival time of 16⋅4 months (14⋅2–21⋅6), 
and the remaining 84 (37%) patients being stratified into 
the high-risk group, with a significantly shorter median 
survival time of 4⋅8 months (3⋅0–6⋅9; p<0⋅0001; figure 2). 
For progression-free survival, 155 (54%) of 289 patients 
were classified as low-risk and 134 (46%) as high-risk. 
Progression-free survival was longer in the low-risk group 
(8⋅9 months [7⋅3–11⋅1]) than in the high-risk group 
(3⋅7 months [2⋅9–5⋅6]; p=0⋅0021; figure 3).
The overall response rate and disease control rate after 

combination ICI therapy were evaluated according to risk 
group. The overall response rate in the external validation 
cohort was 27⋅0% (78 of 289 patients) (table 3). The low-risk 
group had a significantly higher overall response rate 
than the high-risk group in both the overall survival (34⋅1% 
[78 of 229 patients]) vs 19⋅0% [44 of 229 patients]; p=0⋅047) 
and progression-free survival (33⋅1% [96 of 289 patients] vs 
20⋅0% [58 of 289 patients]; p=0⋅026) models. Similarly, the 
disease control rate was significantly higher in the low-risk 
group than in the high-risk group in the overall survival 
(72⋅0% [165 of 229 patients] vs 52⋅4% [120 of 229 patients]; 
p=0⋅011) and progression-free survival (73⋅5% [212 of 
289 patients] vs 55⋅4% [160 of 289 patients]; p=0⋅0043) 
models (table 3).
The most important features in the each of the three 

models comprising the final ensemble models for overall 
survival and progression-free survival were assessed using

the permutation feature importance technique (appendix 
pp 12–13). For the overall survival model, AFP concentra-
tion, bilirubin concentration, and macrovascular invasion 
were among the top five most important features in each of 
the three component models of the final ensemble model, 
with albumin and alkaline phosphatase (ALP) concen-
trations in the top five for two of the component models. 
AFP and bilirubin concentrations were also among the top 
five most important features in each of the three compo-
nents of the progression-free survival ensemble model, as 
well as the presence of lung metastases; haemoglobin 
concentration and the presence of two nodules were among 
the top five in two of the three components of the model. 
The performance of the final ensemble models was 

evaluated in patients with Child–Pugh class A liver 
dysfunction. The overall survival model significantly out-
performed clinical benchmark data in the external valid-
ation cohort (appendix pp 14–15). Both overall survival and 
progression-free survival models stratified patients in 
Child–Pugh class A into risk cohorts, with the low-risk 
group showing a significantly longer overall survival than 
the high-risk group in both the internal and external 
validation cohorts (p<0⋅0001 for both; appendix p 28).

Discussion
To our knowledge, this is the first global multicentre 
study to show that machine learning models can 
accurately predict overall survival, progression-free sur-
vival, and response in patients receiving atezolizumab and

Training cohort 
(n=339)

Internal validation 
cohort (n=146)

External validation cohort (n=289)

AUC (95% CI) p value*

Overall survival
BCLC stage 0⋅59 (0⋅54–0⋅64) 0⋅61 (0⋅53–0⋅69) 0⋅54 (0⋅48–0⋅61) <0⋅0001
AFP concentration 0⋅68 (0⋅61–0⋅74) 0⋅59 (0⋅48–0⋅69) 0⋅60 (0⋅54–0⋅67) 0⋅0007
ALBI grade 0⋅67 (0⋅61–0⋅72) 0⋅58 (0⋅49–0⋅67) 0⋅64 (0⋅58–0⋅71) 0⋅0003
Neutrophil-to-lymphocyte ratio 0⋅65 (0⋅58–0⋅71) 0⋅67 (0⋅58–0⋅77) 0⋅56 (0⋅49–0⋅62) <0⋅0001
Platelet-to-lymphocyte ratio 0⋅58 (0⋅51–0⋅65) 0⋅60 (0⋅50–0⋅71) 0⋅51 (0⋅44–0⋅58) <0⋅0001
Combined ALBI grade and BCLC stage 0⋅70 (0⋅64–0⋅76) 0⋅66 (0⋅56–0⋅75) 0⋅67 (0⋅60–0⋅73) 0⋅0074
BCLC subclassification (Giannini et al) 18 0⋅73 (0⋅66–0⋅78) 0⋅66 (0⋅56–0⋅75) 0⋅62 (0⋅55–0⋅69) 0⋅0007
BCLC subclassification (Lin et al) 19 0⋅65 (0⋅58–0⋅71) 0⋅57 (0⋅48–0⋅68) 0⋅61 (0⋅55–0⋅68) 0⋅0018
Ensemble model 0⋅86 (0⋅81–0⋅90) 0⋅75 (0⋅65–0⋅83) 0⋅75 (0⋅69–0⋅81) Ref
Progression-free survival
BCLC stage 0⋅60 (0⋅56–0⋅65) 0⋅55 (0⋅48–0⋅63) 0⋅52 (0⋅46–0⋅58) <0⋅0001
AFP concentration 0⋅63 (0⋅57–0⋅69) 0⋅62 (0⋅54–0⋅72) 0⋅59 (0⋅53–0⋅64) 0⋅14
ALBI grade 0⋅57 (0⋅52–0⋅62) 0⋅54 (0⋅46–0⋅62) 0⋅62 (0⋅56–0⋅67) 0⋅44
Neutrophil-to-lymphocyte ratio 0⋅60 (0⋅54–0⋅66) 0⋅64 (0⋅54–0⋅73) 0⋅53 (0⋅47–0⋅59) 0⋅0069
Platelet-to-lymphocyte ratio 0⋅58 (0⋅52–0⋅64) 0⋅58 (0⋅49–0⋅68) 0⋅54 (0⋅48–0⋅60) 0⋅016
Combined ALBI grade and BCLC stage 0⋅64 (0⋅58–0⋅70) 0⋅56 (0⋅47–0⋅66) 0⋅59 (0⋅53–0⋅66) 0⋅12
BCLC subclassification (Giannini et al) 18 0⋅64 (0⋅59–0⋅70) 0⋅57 (0⋅48–0⋅66) 0⋅57 (0⋅50–0⋅64) 0⋅020
BCLC subclassification (Lin et al) 19 0⋅53 (0⋅57–0⋅68) 0⋅57 (0⋅48–0⋅65) 0⋅55 (0⋅49–0⋅62) 0⋅0091
Ensemble model 0⋅79 (0⋅74–0⋅83) 0⋅70 (0⋅62–0⋅78) 0⋅64 (0⋅59–0⋅70) Ref

Data are AUC (95% CI) unless otherwise indicated. AFP=α-fetoprotein. ALBI=albumin–bilirubin. AUC=area under the receiver operating characteristic curve. BCLC=Barcelona Clinic 
Liver Cancer. p values comparing the AUCs from predictions using clinical benchmark data with the AUCs from the ensemble models were calculated using the DeLong test. *p 
values comparing the AUCs from predictions using clinical benchmark data with the AUCs from the ensemble models were calculated using the DeLong test.

Table 2: Performance of the ensemble models compared with clinical benchmark variables in predicting overall survival and progression-free survival
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bevacizumab for advanced hepatocellular carcinoma. 
These models, optimised through feature selection, allow 
for the prediction of clinical outcome using non-invasive, 
readily available, baseline clinical data. Through validation 
in an external international patient cohort, this study 
illustrates how machine learning can be used to stratify 
patients into different treatment-response groups, allowing 
for a precision-based approach.
Traditionally, linear-based machine learning models 

such as linear regression, logistic regression, and Cox 
regression have been used to identify predictors for out-
comes of cancer therapy. 8–11 Although these approaches can 
highlight key predictors, they assume linear interactions 
between clinical variables. These models are also limited in 
their ability to process high-dimensionality data and are 
subject to high variance or overfitting. 22 Advanced machine 
learning models—such as random forest, XGBoost, naive 
Bayes, support vector machines, and neural networks—can 
interpret non-linear boundaries within datasets, which are 
potentially more representative of complex biological inter-
actions. 23 Combining these non-linear models with feature 
selection methods can reduce the variance from model 
training in high-dimensional data, therefore improving the 
performance of the model on the validation set. Hindocha 
and colleagues 12 found that non-linear models, such as 
XGBoost and neural networks, showed superior perform-
ance to linear models in predicting overall survival after 
curative radiotherapy for non-small-cell lung cancer. 12 Deist 
and colleagues 24 showed that a classifier based on a random 
forest model outperformed linear approaches in predicting 
post-chemoradiotherapy survival across three cancer sites. 
Both of these studies combined advanced machine learning 
models with feature selection techniques, improving the 
performance of the models on validation sets.
Logistic regression and Cox regression approaches have 

identified markers for predicting the response to atezoli-
zumab plus bevacizumab in patients with hepatocellular 
carcinoma, including AFP concentration, 9 CRAFITY 
score, 10 ALBI grade, 8 neutrophil-to-lymphocyte ratio, and 
platelet-to-lymphocyte ratio. 11 In our study, the best-
performing models for predicting overall survival were 
support vector machine, neural network and naive Bayes, 
combined with Kendall’s rank correlation, recursive feature 
elimination, and Pearson’s correlation feature selection, 
respectively. These models can interpret non-linear 
relationships, and showed a significantly superior predic-
tion compared with BCLC stage, neutrophil-to-lymphocyte 
ratio, platelet-to-lymphocyte ratio, and ALBI grade. Simi-
larly, a combination of ridge regression and logistic 
regression with all features and naive Bayes with Pearson’s 
correlation showed superior predictive power for progres-
sion-free survival compared with established clinical 
benchmarks, again using non-linear approaches. To our 
knowledge, only one previous study has used advanced 
machine learning models to predict response to ICI therapy 
in hepatocellular carcinoma. 25 In a cohort of 395 patients 
with hepatocellular carcinoma, six supervised models

(logistic regression, LASSO regression, XGBoost, random 
forest, stochastic gradient boosting, and neural network) 
were used to predict 1-year mortality, on the basis of 
48 baseline clinical variables, using forward and backward 
stepwise feature selection. LASSO regression and random 
forest classifiers outperformed CRAFITY score and ALBI 
grade on external validation, with an AUC greater than 0⋅90. 
We similarly report superior performance of machine 
learning models compared with ALBI grade and other 
clinical benchmarks for both overall survival and
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Figure 1: Performance of clinical benchmark data and the ensemble machine learning models in predicting 
overall survival and progression-free survival
Performance of existing methods using clinical benchmark data and the ensemble models in predicting overall 
survival (A) and progression-free survival (B) in the external validation cohort. AFP=α-fetoprotein. 
ALBI=albumin–bilirubin. AUC=area under the receiver operating characteristic curve. BCLC=Barcelona Clinic Liver 
Cancer.
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Figure 2: Overall survival by model-stratified risk group
Kaplan–Meier curves showing overall survival of patients in the external validation cohort, stratified into low-risk and 
high-risk groups by the machine learning ensemble model. The p value was calculated using a log-rank test.
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progression-free survival. The observed higher AUC per-
formance in the previous study could be due to the type of ICI 
used: all patients in that study received nivolumab, pem-
brolizumab, or ipilimumab, in an off-label setting without 
standardisation of treatment protocols, as non-first line 
therapy in advanced hepatocellular carcinoma. Furthermore, 
all patients in the training, internal validation, and external 
validation cohorts of the previous study were from the 
same centre, in comparison with our study, in which patients 
from multiple international centres were included.

High-dimensional data can limit the performance of 
machine learning models, in particular on external valid-
ation datasets, owing to high training variance. Feature 
selection techniques use statistical methods to reduce input 
features to models, which can reduce variance and com-
putational requirements. 26 Different feature selection 
approaches include filter, wrapper, and embedded meth-
ods. 27 These different approaches have specific strengths 
and weaknesses, and the optimal feature selection tech-
nique for specific tasks can be difficult to elucidate. Often, 
the choice of feature selection technique is dependent on 
the specific dataset and the machine learning models being 
implemented. We adopted a systematic approach to iden-
tify the optimal combinations of feature selection and 
machine learning models for predicting the response to 
atezolizumab plus bevacizumab in the training and 
internal validation datasets. Through this approach, we 
optimised the final machine learning models specifically 
for the prediction of overall survival and progression-free 
survival. For the overall survival prediction model, we found 
that a reduced feature set of Kendall’s rank correlation, 
recursive feature elimination, and Pearson’s correlation 
optimised the performance of support vector machine, 
neural network, and naive Bayes models, respectively. For 
the prediction of progression-free survival, we found two of 
the top three machine learning models—ridge regression 
and logistic regression—performed best without feature 
reduction, potentially due to the small number of baseline 
features included in our study. To overcome the so-called 
curse of dimensionality, the typical requirement for opti-
mal model performance is at least five observations per 
feature. 28 With 44 baseline features in our training set of 
339 patients, there could be sufficient observations for 
building machine learning models from the entire feature 
set. Furthermore, the intrinsic regularisation component in 
ridge regression might reduce training variance. Through 
the use of a final ensemble model, we used the relative 
strengths of machine learning and feature selection 
combinations to improve predictive performance.
Using permutations importance, we identified the key 

features driving predictions of overall survival and pro-
gression-free survival. Baseline bilirubin and albumin 
concentrations were consistently important for the predic-
tion of overall survival. These parameters represent the 
synthetic function of the liver and, as part of the ALBI 
score, 8 predict survival in patients with hepatocellular car-
cinoma across different treatment methods, including 
atezolizumab plus bevacizumab. 29 We found that the final 
ensemble model for overall survival significantly out-
performed ALBI grade in the prediction of mortality; this 
improved performance could result from the addition of 
AFP and ALP concentrations and macrovascular invasion 
to the model. AFP concentration and macrovascular inva-
sion are established predictors for survival in patients with 
hepatocellular carcinoma and in response to ICI therapy. 30 

The importance of ALP concentration in the overall survival 
prediction model could be due to both liver-specific and
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Figure 3: Progression-free survival by model-stratified risk group
Kaplan–Meier curves showing progression-free survival of patients in the external validation cohort, stratified into low-
risk and high-risk groups by the machine learning ensemble model. The p value was calculated using a log-rank test.

Training
cohort
(n=339)

p value Internal
validation
cohort
(n=146)

p value External
validation
cohort
(n=289)

p value

Overall response rate
All patients 28⋅9% ⋅⋅ 28⋅4% ⋅⋅ 27⋅0% ⋅⋅
Overall survival model

Low-risk group 35⋅5% ⋅⋅ 30⋅0% ⋅⋅ 34⋅1% ⋅⋅
High-risk group 17⋅6% 0⋅0051 21⋅4% 0⋅51 19⋅0% 0⋅047

Progression-free survival model

Low-risk group 38⋅9% ⋅⋅ 32⋅9% ⋅⋅ 33⋅1% ⋅⋅
High-risk group 18⋅5% 0⋅0003 23⋅5% 0⋅61 20⋅0% 0⋅026

Disease control rate
All patients 75⋅2% ⋅⋅ 66⋅0% ⋅⋅ 65⋅3% ⋅⋅
Overall survival model

Low-risk group 76⋅7% ⋅⋅ 78⋅3% ⋅⋅ 72⋅0% ⋅⋅
High-risk group 63⋅5% 0⋅037 61⋅9% 0⋅10 52⋅4% 0⋅011

Progression-free survival model

Low-risk group 83⋅0% ⋅⋅ 70⋅0% ⋅⋅ 73⋅5% ⋅⋅
High-risk group 66⋅7% 0⋅0012 62⋅0% 0⋅41 55⋅4% 0⋅0043

p values comparing the overall response rate and disease control rate between low-risk and high-risk groups were 
calculated using χ 2 tests.

Table 3: Overall response rate and disease control rate in low-risk and high-risk groups, as stratified by the 
overall survival and progression-free survival models
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cancer-specific mechanisms. ALP is expressed at high 
concentrations in liver and bone tissue. Increased ALP 
concentrations are associated with poor prognosis in 
hepatocellular carcinoma, 31 reflecting cholestasis and 
possible direct excretion by cancer cells or undiagnosed 
micrometastases. 32

For progression-free survival, we found that haemoglobin 
concentration and the presence of multiple tumour nod-
ules and lung metastases were important for model pre-
diction. A multifocal tumour and metastases in the lung 
could be indicative of an aggressive tumour phenotype with 
a poor response to treatment. A low haemoglobin concen-
tration is associated with increased mortality in patients 
with hepatocellular carcinoma, 33 and is an independent 
biomarker for predicting response to ICI therapy. 34 

Anaemia-induced hypoxia can drive tumour proliferation 
and suppress T-cell regulation 35 in the tissue micro-
environment, decreasing sensitivity to ICI therapy. Trad-
itional machine learning models might have failed to 
incorporate these different prognostic factors into single 
models owing to non-linear relationships between them; by 
contrast, the algorithms used in the current study have 
identified predictive baseline factors that could be used for 
clinical prediction.
Our machine learning models can be applied directly to 

clinical practice. Data on baseline clinical and laboratory 
variables are routinely collected across international 
cohorts as part of standard care. Clinical predictions for 
overall survival and progression-free survival can be gen-
erated from these machine learning models using a simple 
medical calculator interface. As more clinical scoring sys-
tems have been developed, web-based and app-based 
medical calculators have been increasingly used by medical 
practitioners 36 and integrated into electronic health sys-
tems. 37 Data on baseline clinical variables can be input to 
stratify patients into low-risk and high-risk groups, enabling 
the identification of patients who are most likely to benefit 
from treatment with atezolizumab plus bevacizumab. A 
web-based interface for the current model is currently in 
development and will be made available for use by clinicians. 
Identifying patients who are predicted not to benefit from 
atezolizumab plus bevacizumab before the beginning of 
treatment enables the consideration of alternative treatment 
strategies, reducing toxicity from exposure.
Our study has several strengths. First, although data on 

participant race and ethnicity were not available, this study 
involved a large international cohort of patients with con-
siderable variation in underlying liver disease aetiology 
across different countries. The validation of the perform-
ance of the models across different cohorts shows their 
robustness and generalisability for clinical practice. 
Compared with other studies that used models of lower 
complexity, we adopted a comprehensive approach to 
identify optimal combinations of machine learning and 
feature selection techniques. Through the use of ensemble 
learning, the final overall survival and progression-free 
survival models leveraged the different strengths of

individual machine learning models and reduced the 
effects of uncertainties within the data. The use of permu-
tation feature importance techniques enables identification 
of the key clinical parameters used for prediction. Such 
interpretability is paramount for acceptance by clinicians 
and patients, overcoming the so-called black-box concerns 
about artificial intelligence-based clinical decision support 
systems. 38

Our study has limitations. We used data from the real-
world use of atezolizumab plus bevacizumab and included 
patients with Child–Pugh class B liver dysfunction—a 
population that was not included in the original IMbrave 
150 study. However, subsequent studies have shown that 
atezolizumab plus bevacizumab can improve survival out-
comes in this group. 8,39,40 When restricted to patients with 
Child–Pugh class A liver dysfunction, our model retained 
predictive performance. Given the retrospective design of 
the study, there is a risk of collection and selection bias. 
Baseline variables affecting the response to ICI therapy, 10 

such as CRP and creatinine concentrations, were excluded 
from the model owing to missing data. However, the cohort 
in this study is representative of real-world clinical practice, 
and it is important that the model has been trained and 
validated using features that are widely used and available 
across multiple cancer centres. Although the overall 
survival model showed moderate predictive performance, 
the performance of the progression-free survival model was 
lower. Future work incorporating additional data, such as 
radiomic and genomic data, could improve model 
performance. Our study does not have a control group of 
patients receiving an alternative treatment to atezolizumab 
plus bevacizumab; this limits the ability to elucidate the 
prognostic versus treatment-specific predictive effect of 
machine learning models, and the generalisability of the 
machine learning models for other ICI-based regimens is 
unclear. Further analysis of the models in patient cohorts 
receiving different ICI-based regimens would be inform-
ative. Although the international nature of the patient 
population is a strength of the study, it could also lead to 
heterogeneity between cohorts. However, principal com-
ponent analysis showed no clear batch effect accounting for 
variation between the North American, European, and 
Asian cohorts. Indeed, the consistent performance of the 
overall survival and progression-free survival models across 
the different internal and external validation patient 
populations shows generalisability.
In conclusion, we developed and externally validated 

machine learning models to predict overall survival and 
progression-free survival in a real-world cohort of patients 
receiving atezolizumab and bevacizumab for hep-
atocellular carcinoma. These predictive models out-
performed established predictors based on widely available 
baseline clinical data. The adoption of data-driven 
approaches could allow for personalised treatment selec-
tion and the stratification of patients with advanced 
hepatocellular carcinoma receiving atezolizumab plus 
bevacizumab.
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