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Summary
Background Clinical benefits of atezolizumab plus bevacizumab (atezolizumab–bevacizumab) are observed only in a 
subset of patients with hepatocellular carcinoma and the development of biomarkers is needed to improve therapeutic 
strategies. The atezolizumab–bevacizumab response signature (ABRS), assessed by molecular biology profiling 
techniques, has been shown to be associated with progression-free survival after treatment initiation. The primary 
objective of our study was to develop an artificial intelligence (AI) model able to estimate ABRS expression directly 
from histological slides, and to evaluate if model predictions were associated with progression-free survival.

Methods In this multicentre retrospective study, we developed a model (ABRS-prediction; ABRS-P), which was 
derived from the previously published clustering-constrained attention multiple instance learning (or CLAM) 
pipeline. We trained the model fit for regression analysis using a multicentre dataset from The Cancer Genome Atlas 
(patients treated by surgical resection, n=336). The ABRS-P model was externally validated on two independent series 
of samples from patients with hepatocellular carcinoma (a surgical resection series, n=225; and a biopsy series, n=157). 
The predictive value of the model was further tested in a series of biopsy samples from a multicentre cohort of 
patients with hepatocellular carcinoma treated with atezolizumab–bevacizumab (n=122). All samples in the study 
were from adults (aged ≥18 years). The validation sets were sampled between Jan 1, 2008, to Jan 1, 2023. For the 
multicentre validation set, the primary objective was to assess the association of high versus low ABRS-P values, 
defined relative to cross-validation median split thresholds in the first biopsy series, with progression-free survival 
after treatment initiation. Finally, we performed spatial transcriptomics and matched prediction heatmaps with in 
situ expression profiles.

Findings Of the 840 patients sampled, 641 (76%) were male and 199 (24%) were female. Across the development and 
validation datasets, hepatocellular carcinoma risk factors included alcohol intake, hepatitis B and C virus infections, 
and non-alcoholic steatohepatitis. Using cross-validation in the development series, the mean Pearson’s correlation 
between ABRS-P values and ABRS score (mean expression of ABRS genes) was r=0·62 (SD 0·09; mean p<0·0001, 
SD<0·0001). The ABRS-P generalised well on the external validation series (surgical resection series, r=0·60 [95% CI 
0·51–0·68], p<0·0001; biopsy series, r=0·53 [0·40–0·63], p<0·0001). In the 122 patients treated with 
atezolizumab–bevacizumab, those with ABRS-P-high tumours (n=74) showed significantly longer median 
progression-free survival than those with ABRS-P-low tumours (n=48) after treatment initiation (12 months [95% CI 
7–not reached] vs 7 months [4–9]; p=0·014). Spatial transcriptomics showed significantly higher ABRS score, along 
with upregulation of various other immune effectors, in tumour areas with high ABRS-P values versus 
areas with low ABRS-P values.

Interpretation Our study indicates that AI applied on hepatocellular carcinoma digital slides is able to serve as a 
biomarker for progression-free survival in patients treated with atezolizumab–bevacizumab. This approach could be 
used in the development of inexpensive and fast biomarkers for targeted therapies. The combination of AI heatmaps 
with spatial transcriptomics provides insight on the molecular features associated with predictions. This methodology 
could be applied to other cancers or diseases and improve understanding of the biological mechanisms that drive 
responses to treatments.
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Introduction
Hepatocellular carcinoma is the sixth most common 
cancer and the third cause of cancer-related deaths 
worldwide.1 Combination therapy with the immune 
checkpoint inhibitor atezolizumab and the anti-angiogenic 
drug bevacizumab (atezolizumab–bevacizumab) is now 
one of the standards of care for patients with advanced 
disease.2,3 However, responses are observed only in a 
minority of patients and the development of biomarkers is 
needed to improve clinical management.3

Zhu and colleagues recently identified a gene signature, 
the atezolizumab–bevacizumab response signature 
(ABRS), associated with progression-free survival after 
atezolizumab–bevacizumab initiation.4 The genes in this 
signature are CXCR2P1, ICOS, TIMD4, CTLA4, PAX5, 
KLRC3, FCRL3, AIM2, GBP5, and CCL4, with some of 
these genes involved in the regulation of T-cell activation 
(CTLA4 and ICOS) and innate immunity (KLRC3, 
FCRL3, and AIM2). However, the implementation of 
gene signatures as biomarkers in clinical practice is 
challenging because their assessment is costly and 
requires expertise in molecular biology. Standardisation 
issues might also substantially hamper robustness. 
These disadvantages probably explain why no gene 
signature is currently used for decision making except in 
breast cancer (in which assays are used for prediction of 
recurrence after surgery).5

Histological slides are readily accessible from 
pathology departments, and we and others have shown 
that the processing of histological slides by artificial 
intelligence (AI) can be used to predict several relevant 
molecular alterations.6–11 However, the use of histological 
slides to identify subsets of patients who are likely to 
benefit from targeted therapy and immunotherapy is 
far less studied.12,13 Therefore, in this proof-of-concept 
study, we investigated whether histology in combination 

with an AI-based approach could serve as a biomarker 
for systemic therapy in patients with advanced 
hepatocellular carcinoma. Training AI models with use 
of a clinical outcome as the direct endpoint might be 
the most efficient method toward this aim. However, it 
is challenging to obtain substantial numbers of 
hepatocellular carcinoma histological samples from 
treated patients, given the existence of non-invasive 
diagnostic criteria, and we thus opted to create an 
algorithm to predict the expression of ABRS as a 
surrogate biomarker.

Methods
Study design and participants
The workflow of the study is presented in figure 1. For all 
patient cohorts, one histological sample per patient was 
used. The Cancer Genome Atlas Liver Hepatocellular 
Carcinoma (TCGA-LIHC) public dataset was used to train 
the model. This dataset includes adult patients (aged 
≥18 years) with primary hepatocellular carcinoma treated 
by surgical resection in more than 20 different centres 
from the USA. We extracted data in March, 2020. Inclusion 
criteria were: (1) unequivocal diagnosis of hepatocellular 
carcinoma by two liver pathologists (MZ and JC), 
(2) available digital histological slides (haematein-eosin 
stained) from formalin-fixed paraffin-embedded (FFPE) 
materials, and (3) available gene expression profiling 
(RNA sequencing). We screened the whole series (n=379) 
according to our inclusion criteria and 43 cases were 
excluded due to absence of whole-slide images from FFPE 
material, absence of RNA sequencing data, or existence of 
equivocal histological features (morphological areas 
suggestive of a diagnosis of combined hepatocellular-
cholangiocarcinoma). Thus 336 patients were included.

The first external validation series included samples 
from adults (aged ≥18 years) with hepatocellular 

Research in context

Evidence before this study
We searched PubMed on May 15, 2023, for relevant articles 
published from database inception using the search terms 
“artificial intelligence” OR “deep learning” OR “machine 
learning” AND “treatment” AND “slides”, without language 
restrictions. Few artificial intelligence (AI) studies have been 
performed with the aim to directly assess the sensitivity of 
patients to targeted and immune therapies from whole-slide 
images. No research had investigated whether gene 
signatures associated with response to anticancer drugs could 
be estimated with use of AI-based pathology.

Added value of this study
Our multicentre study shows that AI-based pathology can be 
used as a biomarker for patients with cancers treated with 
systemic therapies. Our findings also indicate the robustness of 
such models, with validation on two datasets characterised by 

clinical and technical differences compared with the 
development set. Additionally, we developed a pipeline that 
matches deep learning prediction heatmaps with spatial 
transcriptomics, and showed, in situ, that areas predicted to 
have high atezolizumab–bevacizumab response signature 
(ABRS) values displayed higher ABRS expression than areas 
predicted to have low ABRS values.

Implications of all the available evidence
Pending prospective validation, this novel type of AI-based 
biomarker could offer a rapid and lower cost alternative to 
current techniques for the identification of patients who are 
likely to benefit from specific treatments, including 
immunotherapy. Combination of AI heatmaps with spatial 
profiling could be applied to other cancers or diseases and 
improve understanding of the biological mechanisms that drive 
response or resistance to treatments.

https://www.cbioportal.org/study/summary?id=lihc_tcga
https://www.cbioportal.org/study/summary?id=lihc_tcga
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carcinoma who underwent surgical resection 
(n=225 resection samples; 240 samples were investigated 
of which 15 were excluded due to poor mRNA or 
sequencing quality) at Henri Mondor University 
Hospital (Créteil, France) between Jan 1, 2008 and 
Jan 1, 2019. Inclusion criteria were: (1) unequivocal 
histological diagnosis of hepatocellular carcinoma 
by two liver pathologists (MZ and JC), (2) available 
histological slides, (3) available baseline clinical data, 
and (4) available FFPE tumour blocks. Preoperative 
treatments and comorbidities were permitted.

The second external validation set consisted of samples 
obtained from adults (aged ≥18 years) with hepatocellular 
carcinoma who underwent liver biopsy (n=157 biopsy 
samples; 160 samples were investigated of which three 
were excluded due to poor mRNA or sequencing quality)  
at two French liver centres (Henri Mondor University 
Hospital, Créteil, and Avicenne University Hospital, 
Bobigny) between Jan 1, 2008 and Jan 1, 2019. Inclusion 
criteria were the same as those used for resected samples.

For both validation sets, slides were stained with 
haematein-eosin-saffron in each department and 
scanned with a NanoZoomer S360 or S60 device 
(Hamamatsu Photonics, Hamamatsu, Japan). Both of 
these validation sets differed from the TCGA-LIHC 
series in terms of sampling methods, staining protocols, 
and RNA sequencing technologies.

A fourth series of patients with hepatocellular 
carcinoma who underwent liver biopsy was used to 
examine the predictive value of the model in providing a 
biomarker for atezolizumab–bevacizumab treatment 
outcome. This cohort comprised 122 adults (aged ≥18 
years) from 20 clinical centres in Asia, Europe, and 
the USA (appendix 1 p 1), who received 1200 mg 
atezolizumab plus 15 mg/kg bodyweight bevacizumab 
intravenously every 3 weeks. Patients in this set were 
sampled between June 1, 2020, and Jan 1, 2023. Inclusion 
criteria were: (1) treatment with atezolizumab–
bevacizumab, (2) available tumour biopsy sample from 
before treatment initiation, (3) no treatment with another 
antitumour treatment between biopsy and treatment, 
and (4) available follow-up data on progression. 
Radiological response was assessed in each centre 
according to the Response Evaluation Criteria in Solid 
Tumours criteria (version 1.1).

All datasets included hepatocellular carcinomas of 
varying origins including hepatitis B virus (HBV), 
hepatitis C virus (HCV), and alcohol. Data regarding sex 
were retrieved from medical records. Data related to race 
and ethnicity were available for the TCGA-LIHC series, 
and were not available for the three validation series.

Experiments were done in accordance with the 
Declaration of Helsinki. All necessary written informed 
consents were obtained from the patients. The study and 
biocollection were approved by ethics committees of the 
CPP Ile de France III and IV (collection reference 
number: APHP220112 ID-RCB 2015-A01530-49), and the 

overall study was conducted between Oct 1, 2021, and 
Aug 20, 2023.

RNA sequencing and spatial transcriptomics
Detailed protocols are provided in appendix 1 (p 2). For 
bulk RNA sequencing of the first two validation series, 
tumour areas of samples from the first two validation series 
were macrodissected and RNA was extracted. Libraries 
were prepared with use of the Lexogen QuantSeq-FWD 
3’mRNASeq kit (version 1; Lexogen, Vienna, Austria). 
Sequencing was performed with an Illumina 
NovaSeq 6000 instrument (Illumina, San Diego, 
CA, USA).

For spatial transcriptomics, tumour sections were cut 
from FFPE blocks of four randomly selected tumours 
from the surgical resection validation set and placed 
within FFPE Visium Spatial Gene Expression Slides 
(10× Genomics, Pleasanton, CA, USA). Random 
selection was done with the ALEA function (also known 
as RAND) in Microsoft Excel 2016. Sequencing of 
libraries was performed on a NextSeq 2000 instrument 
(P3 flow cell, 100 cycles; Illumina, San Diego, CA, USA). 
The gene expression analysis pipeline is reported in 
appendix 1 (p 3).

Image preprocessing and deep learning networks
For all datasets, tissue regions were detected using the 
clustering-constrained attention multiple instance 

Figure 1: Workflow of the study
We developed the ABRS-P model with use of whole-slide scanned histology 
images and ABRS score as the labels (determined by RNA sequencing) from 
TCGA-LIHC public data. The model was validated in two external series of 
surgical samples and liver biopsies, respectively. The predictive value of ABRS-P 
was subsequently tested in a multicentre cohort of patients treated with 
atezolizumab–bevacizumab. We then matched ABRS-P prediction heatmaps 
with spatial transcriptomics to examine the in situ gene expression of predictive 
areas in four surgical resection samples. ABRS=atezolizumab–bevacizumab 
response signature. ABRS-P=ABRS-prediction. TCGA-LIHC=The Cancer Genome 
Atlas Liver Hepatocellular Carcinoma data collection. 

External validation in 
225 hepatocellular carcinoma 
surgical samples from 
Henri Mondor University Hospital

Development of the model (ABRS-P) using 
336 hepatocellular carcinoma samples from TCGA-LIHC

External predictive validation in 122 hepatocellular 
carcinoma biopsy samples from patients treated with 
atezolizumab–bevacizumab in Asian, European, and 
US centres 

Combination of ABRS-P heatmaps with spatial 
transcriptomics

External validation in 
157 hepatocellular carcinoma 
biopsy samples from Henri Mondor 
and Avicenne University Hospitals
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See Online for appendix 1

For the TCGA-LIHC dataset see 
https://www.cbioportal.org/

study/summary?id=lihc_tcga

For the deep learning code see 
https://github.com/qinghezeng/

ABRS-P

learning (CLAM) pipeline.14 Polygonal regions of interest 
in tumour areas were annotated with QuPath (version 
0.1.2)15 by an expert pathologist (JC). The intersecting areas 
of annotated tumour areas and tissues detected by our 
pipeline were further exhaustively split into 256 × 256 pixel 
patches with no overlap, at a resolution of approximately 
0·5 µm per pixel. Our deep learning network was based 
on the CLAM architecture that we modified to predict 
numerical continuous values for regression analysis.14 We 
used an unsupervised contrastive learning transformer 
(CTransPath) to encode each patch into a 768-dimensional 
feature embedding.16 The feature embedding of each patch 
was further reduced to 512 dimensions and an attention 
score was learned for each patch. A fully connected layer 
with the Softplus activation function was used to predict a 
non-negative continuous value for each patch on the basis 
of the 512-dimensional features. Appendix 1 provides 
further details on the preprocessing and deep learning 
stages (pp 4–5) and an overview of the workflow for the 
prediction of ABRS expression from whole-slide digitised 
histological images (p 10). The code used for deep learning 
is available online.

Network training, performance evaluation, and model 
interpretability
The model was trained by minimising the mean squared 
error loss between the predicted and true ABRS score 
(the arithmetic mean of the signature gene expression 
levels).4 Training was performed with a ten-times Monte 
Carlo cross-validation strategy, with 60%, 20%, and 20%, 
respectively, of patients in the development (TCGA-
LIHC) series randomly partitioned into training, 
validation, and test sets. Pearson’s correlation coefficient 
(r), 95% CIs, and p values were used for performance 
evaluation. For the first two external validation sets, the 
predictions of the ten-times cross-validation were 
ensembled by average pooling to lessen the possibility 
of obtaining misleading attention weights.17 For the 
development set, we assessed the performance of both 
the best model and the ensemble model. Performance 
of the ensemble model was also assessed after 
stratification according to common clinical features 
(eg, diagnosis age, sex, and disease stage) and 
pathological features (eg, tumour size, vascular 
invasion, and differentiation) when data were available, 
using the same methodology (Pearson’s correlation). 
For the series of patients treated with atezolizumab–
bevacizumab, the predictions of each cross-validation 
were classified as having high ABRS-P values 
(ABRS-P-high) or low ABRS-P values (ABRS-P-low) 
relative to the median split thresholds in the first biopsy 
series, and majority voting was used to determine the 
final classification (patient samples predicted as 
ABRS-P-high in five or more iterations were identified 
as ABRS-P-high). Classification was performed by QZ, 
who was masked to the endpoints of the study. Further 
details are provided in appendix 1 (p 6). 

For model intepretability, patch predictions were 
rescaled to (0, 1) for each cross-validation, with 1 
representing the highest prediction and 0 the lowest 
prediction, and then ensembled by average pooling for 
all ten iterations. The spatial coordinates of each patch 
were used to create a colour map (red for 1 and blue for 0) 
to illustrate final patch predictions.

Outcomes and statistical analysis
The primary endpoint for the cohort of patients treated 
with atezolizumab–bevacizumab was the association of 
ABRS-P with progression-free survival, defined as the 
interval between initiation of atezolizumab–bevacizumab 
treatment and the occurrence of disease progression or 
death. Patients who did not progress or die were censored 
on the date of their last evaluable tumour assessment. 
Overall survival, as a supplementary endpoint, was defined 
as the interval between initiation of systemic therapy and 
death or last follow-up. Patients who did not die were 
censored on the date of their last follow-up. Progression-
free survival and overall survival of patients with 
ABRS-P-high samples versus those with ABRS-P-low 
samples were compared. Survival curves were represented 
with use of the Kaplan-Meier method and compared with 
log-rank statistics, using R (version 4.2.0) and 
packages survminer (version 0.4.9), ggplot2 (version 3.4.2), 
and survival (version 3.5-5). Univariable analysis of 
progression-free survival according to variables related to 
clinical presentation and pathology was performed with a 
Cox proportional-hazards regression model using 
R (version 4.2.0) and packages rms (version 6.4-1) and 
dplyr (version 1.1.2). All variables in the univariable analysis 
were included in a multivariable analysis to avoid bias. 
Pearson’s correlation between ABRS-P and ABRS score 
was computed in Python (version 3.7.12) with packages 
pandas (version 1.3.5), NumPy (version 1.21.4), and SciPy 
(version 1.7.3). For the spatial transcriptomics, the Mann-
Whitney U test was used to compare ABRS score of the 
100 patches with the highest ABRS-P values and the 
100 patches with the lowest ABRS-P values for each sample, 
using the R stats package (version 4.1.2). Differentially 
expressed genes across the transcriptome between the top 
100 ABRS-P-high patches and top 100 ABRS-P-low patches 
in each sample were identified with use of the FindMarkers 
function in Seurat (version 4.1.1) with the test.use=“MAST” 
parameter (MAST version 1.20.0). All tests were two-tailed 
and a p value of less than 0·05 was considered to indicate 
statistical significance.

Role of the funding source
The funders of the study had no role in study design, 
data collection, data analysis, data interpretation, or 
writing of the report.

Results
We first trained our model using the public TCGA-LIHC 
dataset, which includes patients treated with surgical 

https://www.cbioportal.org/study/summary?id=lihc_tcga
https://www.cbioportal.org/study/summary?id=lihc_tcga
https://github.com/qinghezeng/ABRS-P
https://github.com/qinghezeng/ABRS-P
https://github.com/qinghezeng/ABRS-P
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resection (figure 1).18 A total of 336 patients were included; 
their main clinical, biological, and pathological 
characteristics are summarised in the table. In this 
development series, 228 (68%) patients were male and 
108 (32%) were female, and median age at diagnosis was 
61 years (IQR 51–69). The most frequent risk factor for 
hepatocellular carcinoma was alcohol consumption 
(111 [35%] of 315 with available data). Race distribution of 
the patients was as follows: White, 159 (49%) of 327 with 
available data; Asian, 152 (46%); Black or African 
American, 14 (4%); and American Indian or Alaska 
Native, two (1%). Fibrotic livers (Ishak score 5–6)20 was 
observed in 37% patients (74 of 198 with available data).

Our deep learning architecture was adapted from a 
previously published pipeline that we modified to 
perform regression analysis, which we denoted the 
ABRS-P model, for ABRS prediction (appendix 1 p 10).
Features were extracted from patches located in tumour 
areas using CTransPath. The features were fed, along 
with ABRS score as the labels, into our architecture. 
Using cross-validation, the best model reached a 
Pearson’s coefficient (r) of 0·71 (95% CI 0·58–0·81; 
p<0·0001; figure 2A). The mean Pearson’s coefficient for 
all cross-validations was 0·62 (SD 0·09; mean p<0·0001, 
SD<0·0001). The ensemble ABRS-P model (average 
prediction of all ten-times cross-validation models) had a 
Pearson’s coefficient of 0·86 (0·83–0·89; p<0·0001) for 
the whole development set (figure 2B). The predictive 
value remained significant after stratification according 
to common clinical and pathological features (appendix 1 
pp 7, 11). Interestingly, pathological review of image 
patches with high ABRS-P values (ie, predicted to have 
high ABRS values) showed an enrichment of immune 
cells (figure 2C, 2D).

We aimed to investigate how the ABRS-P model 
performed in two independent series of patients with 
hepatocellular carcinoma. Importantly, these external 
datasets differed from the development set in terms of 
staining protocols, histological sampling, gene 
expression profiling technologies, and slide encoding 
formats.

The first validation dataset included 225 patients 
treated by surgical resection in Henri Mondor University 
Hospital; their main clinical, biological, and pathological 
features are presented in the table. The cohort 
comprised 179 (80%) men and 46 (20%) women, and 
median age was 64 years (IQR 56–72). Barcelona Clinic 
of Liver Cancer (BCLC) stage21 was 0 or A for 
149 (66%) of 225 patients and B or C for 76 (34%) patients. 
The most frequent risk factors for hepatocellular 
carcinoma were HBV infection (69 [33%] of 212 with 
available data) and alcohol intake (62 [29%]). Among the 
225 patients, morphological features of aggressiveness 
(poor differentiation, macrovascular invasion, micro
vascular invasion, and satellite nodules) were identified 
in 33 (15%), 40 (18%), 101 (45%), and 75 (33%) patients, 
respectively. As observed in the TCGA-LIHC series, the 
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majority of tumours developed in non-cirrhotic livers 
(table). Slides were processed using our pipeline, and 
ABRS-P values remained significantly correlated with 
ABRS score, with a Pearson coefficient of 0·60 (95% CI 
0·51–0·68; p<0·0001; figure 3A, 3C).

As biopsy is the only type of sample that can be 
obtained from patients with advanced hepatocellular 
carcinoma, we next sought to validate the ABRS-P model 
in another external dataset that only included 
biopsies (n=157). The clinical and pathological features 
of this cohort are reported in the table. The cohort 
comprised 130 (83%) male patients and 27 (17%) female 
patients, and median age was 69 years (IQR 61–75). 
Briefly, BCLC stage was 0 or A for 88 (58%) of 
151 patients with available data, and B or C for 
63 (42%) patients. The most frequent cause of 
hepatocellular carcinoma was non-alcoholic steato
hepatitis (59 [40%] of 146 with available data). Features 
extracted from tumour areas were analysed by our deep 
learning architecture and an ABRS score was computed 
for each case. We observed a small decrease in the 
performance of our ABRS-P model (Pearson’s 
coefficient of 0·53, 95% CI 0·40–0·63) compared with 
the performance in the first external validation set, but 
the correlation was still significant (p<0·0001; 
figure 3B, 3D). In both validation series, the 
ABRS-P model generally retained its value after 
stratification according to common clinical and 
pathological features (appendix 1 pp 7, 12–13). Notable 
decreases in performance were observed for patients 
aged 60 years or younger and for patients with cirrhosis.

We subsequently evaluated if ABRS-P values were 
associated with progression-free survival in patients 
with hepatocellular carcinoma after atezolizumab–
bevacizumab initiation. Although hepatocellular carcin
oma biopsy samples are rare due to the existence of 
non-invasive diagnostic criteria, we were able to gather 
slides from 122 patients treated in 20 different centres 
(table). The cohort comprised 104 (85%) male patients 
and 18 (15%) female patients, and median age was 
67 years (IQR 59–74). To classify samples as ABRS-P-high 
or ABRS-P-low, we set a fixed threshold using the median 
of the ABRS-P output values for each cross-validation 
iteration from the previous biopsy validation series, and 
aggregated the predictions by majority voting for 
all iterations.

Median follow-up for progression-free survival was 
6 months (IQR 3–10). Among the 122 patients included, 
74 (61%) had a tumour classified as ABRS-P-high and 
48 (39%) had a tumour classified as ABRS-P-low 
after majority voting. Patients with ABRS-P-high 
tumours showed significantly longer median 
progression-free survival after treatment initiation than 
patients with ABRS-P-low tumours (12 months [95% CI 
7–not reached] vs 7 months [4–9]; p=0·014; figure 4A). 
The predictive value remained significant in multivariable 
analysis (appendix 1 p 8). The model predictions were not 

associated with overall survival (figure 4B; overall survival 
median follow-up 9 months [IQR 6–13]).

To obtain insights on the gene expression profile 
associated with ABRS-P values, we performed spatial 
transcriptomics on four hepatocellular carcinoma 
samples from the surgical validation series, and 
developed a pipeline that matches prediction heatmaps 
with in situ expression profiles. We then compared, for 
each tumour, the top 100 patches with high 
ABRS-P values against the top 100 patches with low 
ABRS-P values. In three of the four cases investigated, 
we identified significantly higher ABRS scores in 
tumour areas with high ABRS-P values versus areas 
with low ABRS-P values (mean expression, sample D2: 
0·273 [SD 0·121] vs 0·192 [0·088], p<0·0001; sample E4: 
0·131 [0·112] vs 0·054 [0·085], p<0·0001; and sample 
E6: 0·228 [0·082] vs 0·182 [0·090], p<0·0001). The 

Figure 2: Prediction of ABRS expression with deep learning
(A) Correlation between ABRS scores and predicted values from the best ABRS-P model in the test set of patients 
from the development series. (B) Correlation, using the final ABRS-P model (average prediction from the ten-times 
cross-validation), between ABRS scores and predictions in the whole development series. (C) Haematein-eosin 
stained section and prediction heatmap of a case from the development series test set: in the heatmap, areas 
predicted as having high ABRS-P values are highlighted red and those with low ABRS-P values are highlighted blue 
(model predictions rescaled between 0 and 1). (D) Patches from the tumour in part C with high and low 
ABRS-P values: microscopic review showed an enrichment of immune cells in areas with high ABRS-P values. 
ABRS=atezolizumab–bevacizumab response signature. ABRS-P=ABRS-prediction.
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p value for the fourth sample (E7) was 0·058 (mean 
expression, 0·027 [0·047] vs 0·016 [0·038]). Results for 
samples D2 and E4 are shown in figure 5, and results 
for samples E6 and E7 are provided in appendix 1 (p 14). 
We also analysed the correlation between ABRS score 
and ABRS-P predictions in these patches. Pearson 
coefficients were low (0·14–0·37), but p values were 
significant in three of four cases (samples D2, E4 and E6, 
all p<0·0001; sample E7, p=0·052; appendix 1 p 9).

We next analysed, for each of the four cases, the 
differences in gene expression across the whole 
transcriptome. We observed significant differences 
between ABRS-P-high and ABRS-P-low patches, with the 
full lists of differentially expressed genes in ABRS-P-high 
patches provided in appendix 2. For example, in 
sample D2, we detected upregulation of T-cell markers 

(CD3E, CD3D), hepatocytic markers (ALB, FABP1, 
APOB), genes involved in inflammation (CXCL5, 
IL15-RA, IL32), interferon signalling (IFITM2, IFITM3, 
OAS2), and antigen presentation (HLA-A, HLA-DQA1) 
in ABRS-P-high patches versus ABRS-P-low patches. In 
sample E4, there was upregulation of T-cell markers 
(CD3E, CD3D, CD3G), genes involved in antigen 
presentation (HLA-A, HLA-E, HLA-DRA, B2M), 
inflammation (LTB, CXCR4), chemoattraction (CCL5), 
and extracellular matrix production (COL1A1, COL1A2, 
COL3A1, COL4A1, VIM) in ABRS-P-high patches. In 
sample E6, we detected upregulation of genes related to 
hepatocytic differentiation (ALB, APOE, APOC2, 
APOA2) in ABRS-P-high patches. In sample E7, there 
was upregulation of genes involved in chemoattraction 
(CXCL8, CXCL12), extracellular matrix production 
(TGFBI, COL4A1, COL5A1, COL6A1, VIM), inflammation 
(CRP, IL32), and antigen presentation (B2M, HLA-DRA, 

Figure 3: External validation of the ABRS-P model
Correlation between ABRS scores and predicted values from the ABRS-P model in patients with surgical resection (A) 
or liver biopsy (B). Example of a haematein-eosin-saffron-stained section and the corresponding prediction heatmap 
for a surgical sample (C) and a biopsy sample (D). In the heatmaps, areas predicted as having high ABRS-P values are 
highlighted in red and those with low ABRS-P values are highlighted blue (model predictions rescaled between 
0 and 1). ABRS=atezolizumab–bevacizumab response signature. ABRS-P=ABRS-prediction.
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Figure 5: Combination of ABRS-P heatmaps with spatial transcriptomics
(A) Haematein-eosin-stained section and prediction heatmap of sample D2 (ABRS-P values were rescaled between 0 and 1). (B) Heatmap of ABRS scores assessed by spatial transcriptomics: the areas 
with high ABRS scores visually match the areas with high ABRS-P values. Higher ABRS scores were observed in the top 100 ABRS-P-high patches compared with the top 100 ABRS-P-low patches. 
(C) Expression heatmaps for three genes included in ABRS highlighting the different expression levels of ABRS genes. (D) Haematein-eosin-stained section and corresponding prediction heatmap for 
sample E4. Areas predicted to have high ABRS-P values mainly consisted of stroma and fibrous tissue. (E) Heatmap of ABRS values assessed by spatial transcriptomics: the match between areas with 
high ABRS scores and areas with high ABRS-P values was not visually obvious, however statistical analysis showed significantly higher ABRS score in patches predicted as being ABRS-P-high. 
(F) Upregulation of immune-related genes not included in ABRS, with some overlap with areas predicted as being ABRS-P-high. For all heatmaps, areas predicted as having high ABRS-P values are 
highlighted in red and those with low ABRS-P values are highlighted blue (predictions rescaled between 0 and 1). For all violin-box plots, the centre line is the median and box limits are the first and 
third quartiles. ABRS=atezolizumab–bevacizumab response signature. ABRS-P=ABRS-prediction.
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HLA-DPA1, HLA-DPB1) in ABRS-P-high patches. 
Altogether, these findings suggested that the model, in 
three of the four cases investigated, identified areas 
characterised by a particular immune profile.

Discussion
Our study indicates that AI applied on digitised 
hepatocellular carcinoma histological slides can, by 
estimating the activation of ABRS, serve as a biomarker 
for progression-free survival in patients treated with 
atezolizumab–bevacizumab. Although hepatocellular 
carcinoma is a highly heterogeneous disease in terms of 
aetiology and molecular alterations, the former work by 
Zhu and colleagues did not identify any impact of risk 
factors or genetic defects on clinical outcomes of patients 
treated with atezolizumab–bevacizumab.4 We therefore 
chose to focus on gene expression (ABRS). Several gene 
signatures have been tested to predict the outcomes of 
patients treated with systemic or targeted therapies, but 
most have not been implemented in clinical practice, 
probably because they are complex to set up and 
expensive.

To our knowledge, our study is one of the first to predict 
a continuous biomarker of gene signature expression 
from pathological data using weakly supervised learning, 
and the first to validate the predictions in situ using 
spatial transcriptomics. We also showed that the 
AI model, when applied on samples from treated 
patients, had predictive value.

Deep learning networks are particularly prone to overfit 
the data they are trained on and we believe that one of the 
strengths of our work is the broad external validation of 
our model. The robustness of our model was tested in 
patients from different centres, in validation series with 
different staining protocols, encoding formats, and 
expression profiling technologies compared with the 
development set, and on different types of histological 
specimens (resection or biopsy). Importantly, we used a 
fixed threshold for the series of treated patients, and this 
type of approach is crucial to demonstrate that such 
biomarkers could be implemented in clinical practice, 
where patients need to be individually classified. The 
results are encouraging and suggest that the potential 
technical biases are limited. Interestingly, the model 
generalised in patients with different risk factors such as 
alcohol consumption and HBV infection, which are 
known to induce molecularly distinct hepatocellular 
carcinoma subtypes.22

AI models are often criticised for their lack of 
transparency. Features extracted from images are indeed 
processed through deep complex layers of mathematical 
computing and it is currently impossible to precisely 
identify the characteristics used for prediction. Deep 
neural networks are therefore widely regarded as black 
boxes (ie,  a system without any knowledge of its internal 
workings). We aimed to address this issue via the 
development of an original pipeline that combines AI 

heatmaps and spatial transcriptomics. In three of four 
cases, we were able to confirm that tumour areas 
associated with high ABRS-P values were overexpressing 
ABRS. Additionally, ABRS-P-high areas were 
overexpressing other immune effectors in three cases. 
Although this analysis does not make the model 
completely explainable, we believe that this type of 
approach is interesting and aids the identification of 
molecular features that affect prediction. This workflow 
is not meant to be performed in daily practice, but its use 
during the development of future AI-based models might 
help to build the confidence and trust needed to adopt 
AI-based pathological biomarkers.

Our study has some limitations. It is retrospective, 
with some missing or incomplete data, and prospective 
validation will be essential before the use of this type of 
predictive model can be considered in clinical practice. 
Investigation of model performance in populations not 
included in our study (eg, patients from Africa and a 
larger sample from Asia) will also be important. To 
completely exclude a prognostic value non-specific to 
atezolizumab–bevacizumab treatment, the model should 
also be tested in patients treated with other targeted 
therapies. As previously observed by Zhu and colleagues,4 
we found that ABRS-P values were not associated with 
overall survival in patients treated with atezolizumab–
bevacizumab. The use of progression-free survival as a 
surrogate marker of overall survival in patients with 
advanced hepatocellular carcinoma has been 
challenged.23–26 Several trials investigating different 
systemic therapies, such as REFLECT or COSMIC-312,27,28 
showed significantly longer median progression-free 
survival but did not find an improvement in median 
overall survival.

These discrepancies in treatment effects on survival 
outcomes might be explained by post-progression 
treatments affecting overall survival; or, in patients 
treated with immune checkpoint inhibitors, a transient 
increase in tumour size due to a massive intratumoural 
immune infiltration (pseudoprogression) being recorded 
as progression. Future studies should also establish if 
longer follow-up might reveal differences in overall 
survival. Finally, RNA molecules from FFPE are 
fragmented, and one limitation of in situ expression 
profiling is that genes with very low baseline expression 
might not be detected. Spatial transcriptomics also does 
not provide full explainability and further research in the 
field of explainable AI (known as XAI) will be important 
to better understand ABRS-P behaviour and detect its 
potential flaws.

In conclusion, pending prospective validation, we 
believe that the type of AI-based biomarker tested herein 
could enable rapid identification of patients who are likely 
to benefit from specific treatments. The combination of 
prediction heatmaps with in situ gene expression 
profiling can also provide insights on the molecular 
features of tumour areas with high predictive value. This 
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approach could be applied to other cancers or diseases 
and improve understanding of the biological mechanisms 
that drive outcomes or responses to treatments.
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