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Abstract

Background: Numerous studies have used multi-region sampling approaches to characterize intra-tumor hetero-
geneity (ITH) in hepatocellular carcinoma (HCC). However, conventional multi-region sampling strategies do not
preserve the spatial details of samples, and thus, the potential influences of spatial distribution on patient-wise ITH
(represents the overall heterogeneity level of the tumor in a given patient) have long been overlooked. Furthermore,
gene-wise transcriptional ITH (represents the expression pattern of genes across different intra-tumor regions) in HCC
is also under-explored, highlighting the need for a comprehensive investigation.

Methods: To address the problem of spatial information loss, we propose a simple and easy-to-implement strategy
called spatial localization sampling (SLS). We performed multi-region sampling and sequencing on 14 patients with
HCC, collecting a total of 75 tumor samples with spatial information and molecular data. Normalized diversity score and
integrated heterogeneity score (IHS) were then developed to measure patient-wise and gene-wise ITH, respectively.

Results: A significant correlation between spatial and molecular heterogeneity was uncovered, implying that spatial
distribution of sampling sites did influence ITH estimation in HCC. We demonstrated that the normalized diversity
score had the ability to overcome sampling location bias and provide a more accurate estimation of patient-wise ITH.
According to this metric, HCC tumors could be divided into two classes (low-ITH and high-ITH tumors) with signifi-
cant differences in multiple biological properties. Through IHS analysis, we revealed a highly heterogenous immune
microenvironment in HCC and identified some low-ITH checkpoint genes with immunotherapeutic potential. We also
constructed a low-heterogeneity risk stratification (LHRS) signature based on the IHS results which could accurately
predict the survival outcome of patients with HCC on a single tumor biopsy sample.
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Conclusions: This study provides new insights into the complex phenotypes of HCC and may serve as a guide for

future studies in this field.
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Background

Liver cancer is the sixth most common tumor and rep-
resents the fourth leading cause of cancer-related death
worldwide [1]. Hepatocellular carcinoma (HCC) is the
dominant histological form of liver cancer, account-
ing for ~90% of all liver cancer cases [1]. In the last dec-
ade, considerable progress has been made in treating
patients with HCC, owing to the advent of new molecu-
lar targeted therapies as well as immunotherapies [2-5].
Despite this, there remain a large number of patients with
HCC who receive these therapies experiencing unfavora-
ble outcomes, which may be attributed to the existence of
tumor heterogeneity [6, 7].

Three aspects of tumor heterogeneity have been
reported in HCC, including interpatient heterogeneity
(IPH), inter-tumor heterogeneity, and intra-tumor het-
erogeneity (ITH) [7]. IPH represents the difference in
tumors between patients and has been extensively inves-
tigated in studies regarding molecular classifications [8].
Inter-tumor heterogeneity is observed between tumor
nodules of the patients with multi-focal HCC. As both
intrahepatic metastasis (IM) and multicentric occurrence
(MO) can promote formation of multi-focal HCC, it is
challenging to characterize this class of heterogeneity [9,
10]. Intra-tumor heterogeneity represents the difference
between different regions within the same tumor nod-
ule. In HCC, ITH has been systematically explored using
multi-omics approaches, including genomics [11-13],
transcriptomics [13, 14], epigenomics [12, 15], and pro-
teomics [13, 16]. Recently, increased attention has been
brought to the clinical significance of ITH. Higher ITH
has been demonstrated to be associated with worse sur-
vival outcome and higher risk of metastasis and recur-
rence [7, 17]. Moreover, ITH has also been implicated as
a crucial contributor to drug resistance [18, 19]. Overall,
accurate quantification of ITH is of considerable clinical
and research importance.

Conventional multi-region sampling strategies adopted
by most studies do not record the spatial details of sam-
ples, and, thus, potential influence caused by sampling
bias on the estimation of ITH remains largely unexplored.
To address this concern, a spatial localization sampling
(SLS) strategy was proposed in the present study. This
strategy can record the coordinates of each sampling
site in two-dimensional (2D) space. Through SLS, we
revealed a significant relationship between spatial and
molecular heterogeneity. The normalized diversity score

was thus developed to minimize the sampling bias and
provide a more reliable evaluation of patient-wise ITH
in HCC. In addition, gene-wise ITH that represented the
expression pattern of genes across multi-region samples
was also characterized. We developed a computational
approach to quantitatively measure this kind of heteroge-
neity, which enabled direct comparison of the degree of
ITH between different features.

Methods

Patient samples

Seventy-five tumors and 21 matched adjacent liver sam-
ples were collected from 14 patients who underwent par-
tial hepatectomy for primary HCC at Renji Hospital of
Shanghai Jiao Tong University School of Medicine. This
study was approved by the Ethics Committee of Renji
Hospital (KY2021-114-B), and all enrolled patients
have provided informed consents. Clinical informa-
tion of included patients was retrieved from the hospital
electronic medical record system. All the patients were
older than 18 years at diagnosis, had histopathologically
confirmed HCC, presented with solitary tumors, had no
evidence for a history of other malignancies, and were
treatment-naive prior to the surgery. To prevent sample
degradation, specimens were obtained immediately after
their removal from the surgical field and all the subse-
quent manipulations were performed on ice. The tumors
were carefully excised, washed, and cut in half along the
longitudinal axis. Research tissues were then harvested
from the newly exposed tumor surface using a scalpel or
a 10-mm disposable skin biopsy punch. To avoid cross
contamination, a fresh blade or punch was used for every
tumor sector. Each sampling site was at least 1 cm away
from others and areas with apparent necrosis, fibrosis,
hemorrhage, and cystic changes were avoided to maxi-
mize tumor cellularity. Adjacent liver specimens were
collected from 10 out of 14 patients, which were typically
at least 2 cm away from the tumor edge. All the speci-
mens were snap frozen using liquid nitrogen and stored
at —80 °C before further application. Histologic slides
were stained with hematoxylin and eosin (H&E) and
scanned using the Aperio CS Scanscope (Aperio Tech-
nologies, CA, USA). These H&E slides were then care-
fully reviewed by two experienced pathologists to ensure
that the selected regions contained more than 70% tumor
content, according to criteria of previous studies [15, 20].
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Spatial coordinate acquisition

We designed a spatial localization sampling (SLS) strat-
egy to obtain the exact spatial coordinates of each sam-
pling site (Additional file 1: Figure S1A and S1B). This
strategy needs two assistive devices (multi-color locali-
zation needles and right-angle ruler) and one software
(GetData Graph Digitizer version 2.26). Multi-color
localization needles are used to mark the sampling
sites; different colors of the needles indicate different
sample numbers (for example, red needle represents
sample #1 while yellow needle represents sample #10).
A right-angle ruler is utilized to provide a fixed coor-
dinate system across different tumors. After the given
tumor was spatially organized with localization needles
and right-angle ruler, we photographed it and imported
the image into GetData Graph Digitizer software for
coordinate extraction. This software can reconstruct
a two-dimensional coordinate system without influ-
ence caused by perspective transformed image, thereby
outputting comparable coordinates across different
conditions. Notably, the SLS strategy only discerns
coordinates in the x—y plane, and therefore, tumor sam-
pling should be performed in the same z-plane to mini-
mize height differences.

Spatial transcriptomic/genomic analysis

We developed two approaches to correlate molecular
data with spatial data. The first approach focused on
calculating the pairwise physical/molecular distance
between any two samples within a given tumor. Pair-
wise physical distance was calculated directly based
on the coordinates of two sampling sites. As for the
molecular distance, pairwise transcriptomic distance
was measured using Spearman correlation, while pair-
wise genomic distance was determined based on Jac-
card index [21]. Correlation analysis between physical
and molecular distance was then conducted separately
in each individual.

The second approach focused on investigating an over-
all correlation between physical and molecular diver-
sity across all the tumors. Physical diversity represents
a mean value of the distance from each sampling point
to the center point; larger physical diversity indicated
increased distribution of the sampling points. A previ-
ous computational strategy of the estimation of ITH was
used as a reference to calculate the transcriptomic diver-
sity [22]. In specific, principal component analysis (PCA)
was performed on all tumor samples to extract the first
15 (according to the eigenvalues) principal components
(PCs) from the original expression data. Transcriptomic
diversity was then calculated separately in each tumor as
follows:
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where m and #n represented the number of multi-regional
samples and the numbers of PCs, and y; represented the
arithmetic mean of PCs across multi-regional samples.
Higher transcriptomic diversity score indicates greater
patient-wise transcriptomic ITH. As for the genomic
diversity, according to a previous publication, it was
defined as the median value of all pairwise genomic dis-
tance values within a given tumor [21]. Correlation anal-
ysis between physical and molecular diversity was then
carried out on all individual tumors (14 for transcrip-
tomic diversity and 10 for genomic diversity). Notably,
since WES was only performed on three tumors (T10,
T13, and T18), genomic diversity scores were calculated
using data from RNA-based mutation calling.

Patient-wise ITH quantification

In this study, we mainly focused on patient-wise
ITH quantification at transcriptome level. The reli-
ability of two previously published methods that esti-
mated ITH using single-region sample, including a
bulk sequencing-based method [23] and a single-cell
sequencing-based method [22], was assessed in multi-
region sequencing cohorts. The bulk sequencing-based
method, which was implemented through DEPTH R
package, was applied to the 75 multi-regional samples.
Median value across all the samples was used to classify
samples into high- and low-ITH groups. If all regions
from a given tumor were classified into the low-ITH
group, then this tumor was designated as uniformly
ITH low; if all regions from a given tumor were clas-
sified into high-ITH group, then this tumor was des-
ignated as uniformly ITH high. If some regions from
the same tumor were ITH high while others were ITH
low, then this tumor was considered a discordant one.
Single-cell sequencing-based method was applied to a
cohort with two patients and seven samples following
the instructions of a previous publication [22]. For sta-
tistical comparison, we randomly extracted 500 tumor
cells each time from a given sample to calculate the sin-
gle-cell diversity score, which was repeated 1000 times
to determine the distribution of the diversity score of
this sample. Then, comparison within the same tumor
was conducted to explore whether single-cell sequenc-
ing-based ITH quantification was consistent across dif-
ferent tumor regions.

To minimize the potential influence of spatial distribu-
tion of sampling sites on ITH estimation, a normalized
diversity score was proposed, which was calculated as
follows:
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Div(t)
Div(p)

Normalizeddiversityscore =

where div () represented the transcriptomic diversity
score and div (p) represented the physical diversity score.

Based on two tumors with largest sample size (T13 and
T18), we performed a simulation to test the performance
of the normalized diversity score. Two metrics, coeffi-
cient of variation (CV) and coefficient of deviation (CD),
were adopted to investigate whether normalized diversity
score could measure ITH more accurately. The calcula-
tion of CV was given as:
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where y represented the mean value. Higher CV indicates
the greater level of data dispersion around the mean. We
also proposed CD as a measurement of deviation from
the “gold standard” diversity score (calculated based on
all regions within a tumor). CD was defined as follows:

CD — \/ %Zfil(xz - Ol)z

u

where a represented “gold standard” diversity score.
Higher CD indicates the greater level of data deviation
from the “gold standard”

Gene-wise ITH quantification

For measuring gene-wise ITH level, we developed a
computational strategy to calculate the integrated het-
erogeneity score (IHS). This strategy was based on two
different approaches, variance-based and clustering-
based approaches, which could complement each other
to ensure reliable estimation of ITH. Variance-based
approach calculated the intra-tumor variance (W =vari-
ance of differences within a tumor) and inter-tumor vari-
ance (B =variance of differences between patients) using
linear mixed-effects analyses based on nlme R package
[24, 25]. Intra-tumor variability score (ITVS) was then
defined as follows:

w
W +B

ITVS =

Lower ITVS is associated with decreased ITH level.

Clustering-based approach was based on the concept
that a gene with low ITH should have the ability to con-
cordantly cluster samples derived from the same patients
[26, 27]. We used hclust function in R to cluster samples
into sequentially increased groups, from 1 to total num-
ber of patients. Patient group overall ratio (PGOR) was
then calculated as follows:
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PGOR — N (patients.grouped.in.the.same.clusters)
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A curve based on PGOR could be obtained and the
AUC of PGOR curve was calculated using numerical
integration. Clustering concordance score (CCS) was
then given as:

AUC(PGOR)

CCS=1- -
N (total.number.of .patients) — 1

IHS was determined on the geometric mean of ITVS
and CCS, ranging from 0 to 1. A low IHS is associated
with low gene-wise ITH level. According to IHS, we
empirically divided genes into four groups, including (1)
low-ITH group (0~0.25 IHS), (2) median-ITH group
(0.25~0.50 THS), (3) high-ITH group (0.50~0.75 IHS),
and (4) very high-ITH group (0.75~1.00 IHS). Notably,
in addition to the application of calculating gene-wise
ITH, IHS strategy can also be applied to estimating ITH
of other features, including immune infiltration.

Public prognostic assessment cohorts

We collected six HCC cohorts with available survival
information, including four sequencing-based cohorts
(CHCC-HBV [28], LICA-FR [29], LIRI-JP [30], and
TCGA-LIHC [31]) and two microarray-based cohort
(GSE14520 [32] and GSE54236 [33]), which incorpo-
rated a total of 1189 HCC patients. Among the sequenc-
ing-based cohorts, LICA, LIRI, and LIHC provided raw
counts, which were converted to TPM values for sub-
sequent analyses [34], while CHCC only provided frag-
ments per kilobase per million reads (FPKM) normalized
data, which was also transformed into TPM values. For
microarray-based cohorts, normalized data was directly
downloaded from the Gene Expression Omnibus (GEO)
database (www.ncbi.nlm.nih.gov/geo/). The survival data
of LIRI cohort was downloaded from the International
Cancer Genome Consortium (ICGC) portal (https://dcc.
icgc.org/), data of LIHC cohort was achieved from TCGA
Pan-Cancer Clinical Data Resource (TCGA-CDR) [35],
and data of CHCC and LICA were obtained from the
supplementary files of corresponding publications [28,
29]. Survival information of microarray-based cohorts
were obtained from GEO database or corresponding
publications.

Public multi-region/focal cohorts

We collected four multi-region HCC cohorts with avail-
able expression profiles, including two sequencing-based
cohorts (E-MTAB-5905 [14] and GSE136711 [36]) and
two microarray-based cohorts (GSE56140 [37] and
GSE92528 [38]), which included 43 HCC patients with a
total of 139 multi-regional tumors. Raw sequencing data
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of E-MTAB-5905 was downloaded from the European
Nucleotide Archive (ENA) database (www.ebi.ac.uk/ena).
Sequencing reads were mapped to the hg38 reference
genome using HISAT2 (version 2.2.1) [39]. Gene-level
counts were then calculated using the subRead pack-
age [40]. The resultant count data was normalized using
TPM for subsequent analyses. Sample H9.c was excluded
from the downstream analyses since it was obtained from
another tumor nodule of patient P09. Technical replicate
of sample H2.a was also removed. The expression pro-
files of GSE136711 [36] were downloaded from the GEO
database in the form of raw fragment counts, which were
also normalized to TPM. For the two microarray-based
cohorts, normalized expression profiles were directly
obtained from the GEO database. Multi-region cohorts
of solid tumors beyond HCC, including cervical cancer
(GSE5787) [24], breast cancer (GSE23593) [41], lung can-
cer (GSE33532) [42], and high-grade glioma (GSE62802)
[43], were also collected from the GEO database. Expres-
sion profiles of these cohorts were based on microar-
ray; corresponding normalized data were thus directly
downloaded for downstream analyses. Aside from multi-
region expression cohorts, we also included a multi-focal
HCC cohort GSE98617, which included 16 HCC patients
with 36 multinodular tumors [9]. Normalized expression
data was also obtained from GEO database.

Single-cell RNA-seq analysis

A multi-region single-cell RNA-seq cohort GSE112271
was included, comprising two patients and seven tumor
sectors [14]. Preprocessed expression data from Cell-
Ranger was downloaded from the GEO database. We uti-
lized Read10X and CreateSeuratObject function in Seurat
package to transform the raw Gene-barcode count matrix
into Seurat object [44]. Tumor cells were discerned by a
recently published algorithm named copy number karyo-
typing of aneuploid tumors (CopyKAT) [45]. Tumor cells
in different tumor sectors were predicted separately, and
the inferred tumor cells were extracted from the original
Seurat object for downstream analysis.

Statistical analysis

Statistical analyses and graphical visualization were per-
formed in R software version 4.0.5 (https://cran.r-proje
ct.org/). Correlation between two continuous variables
was determined by Pearson’s r correlation or Spearman’s
rank-order correlation analysis. Comparison between
continuous variables was performed using Student’s ¢ test
or Wilcoxon rank-sum test. Contingency table variables
were analyzed by Fisher’s exact test. Hazard ratio (HR)
was estimated using Cox regression model in survival R
package [46]. Time-dependent AUC was computed using
the timeROC R package [47]. Unless indicated otherwise,
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a two-tailed P<0.05 was considered statistically signifi-
cant. Detailed methods are presented in the Additional
file 2: Supplementary Methods.

Results
Tumor sampling with location information
A total of 96 samples were obtained from 14 patients
with HCC, including 75 tumor and 21 adjacent non-
tumor liver samples. The number of tumor samples from
each patient ranged from 3 to 10, with a median tumor
number of 5. Detailed clinical information of included
patients is presented in Additional file 3: Table S1. Sam-
ples were subjected to RNA sequencing (RNA-seq) at a
depth of 40 M paired-end reads. Whole-exome sequenc-
ing (WES) was performed on 36 samples from patients
T10, T13, and T18 (n=26) as well as adjacent non-tumor
tissues (n=10) with an average of 100X depth. The spa-
tial position of each sampling site was marked using SLS
strategy (Additional file 1: Figure S1A and S1B) and sche-
matic representation of the geographic distribution of
tumor sectors in each individual is shown in Fig. 1B. 2D
spatial coordinates (x and y) of tumor sectors were also
obtained via SLS (Additional file 3: Table S2). Pairwise
spatial distance between any two sectors ranged from
1.07 to 9.43 cm, with a median value of 2.80 cm (Fig. 1C).
We performed hierarchical clustering using the top 500
most variant genes based on the 96 samples and found
that tumor samples were clustered by patient perfectly,
indicating a greater IPH than ITH (Fig. 1D). Besides,
t-distributed stochastic neighbor embedding (t-SNE)
analysis was performed to visualize samples in a scatter
plot (Fig. 1E). Clear separations between tumor samples
derived from different patients could also be observed in
the t-SNE result. Non-tumor samples tended to cluster
together independent of the patient source, which was
consistent with findings from single-cell studies [22, 48,
49].

A positive correlation exists between spatial and molecular
heterogeneity

The relationship between molecular and spatial data
was explored using distance-based and diversity-based
approaches (see details in Additional file 2: Supplemen-
tary Methods) (Fig. 2A). Analyses at the transcriptome
level were first conducted. A positive correlation between
pairwise physical and transcriptomic distance could
be observed in 13 out of 14 tumors, and the correlation
coefficients were larger than 0.30 in 10 out of 13 tumors,
suggesting a clear positive trend (Fig. 2B and Additional
file 1: Figure S2). Importantly, this correlation was also
significant and remarkable at the overall level across all
tumors (Spearman rho=0.56, P<0.001) (Fig. 2B). In the
other approach, transcriptomic diversity, an indicator of
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patient-wise ITH, was calculated (Fig. 2A). A significant (1) higher physical distance between two sectors within
correlation determined by Pearson correlation analy- a tumor is associated with greater transcriptomic differ-
sis between physical and transcriptomic diversity scores  ence; (2) more dispersed spatial distribution of sampling
was demonstrated (Fig. 2C). These results indicate that sites is associated with higher transcriptomic diversity.
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Next, similar analyses at the genome level were per-
formed. In three tumors (T10, T13, and T18) with
available WES data, significant correlation between phys-
ical and genomic distance could be observed (Additional
file 1: Figure S3A and 3B). For other tumors that were not
subjected to WES, RNA-based mutation calling was con-
ducted as a complement (Additional file 1: Figure S4A).
The median number of RNA-derived mutations was 183
across 56 multi-region samples of 10 tumors (Additional
file 1: Figure S4B). A positive correlation between pair-
wise physical and genomic distance could be observed in
9 out of 10 tumors, and the correlation coefficients were
larger than 0.30 in 6 out of 9 tumors (Fig. 2D). At the
overall level, this correlation was also remarkable (Spear-
man rho =0.60, P<0.001) (Fig. 2D). As expected, physical
and genomic diversity scores were also found to be sig-
nificantly correlated (Fig. 2E). These findings collectively
indicate that the evaluation of ITH at the genome level
can be influenced by the sampling bias as well.

Normalized diversity score provides a more accurate
estimation of patient-wise ITH than other metrics

Accurate quantification of patient-wise ITH has great
significance in clinical and research fields. Many methods
have been developed to measure ITH based on single-
region tumor samples. Herein, two representative meth-
ods depending on single-region bulk and single-region
single-cell sequencing were tested, respectively. The bulk
sequencing-based method, DEPTH, was first evaluated
on our cohort [23]. Samples were stratified into ITH-high
and ITH-low groups according to the median DEPTH
score. It could be observed that half of the tumors (7 out
of 14 tumors) contained both high-ITH and low-ITH
samples (Additional file 1: Figure S5A). Next, the single-
cell-based method was evaluated on a single-cell cohort,
which included 7 samples from 2 tumors (H13 and H14)
(Additional file 3: Table S3) [14]. Single-cell diversity
score of each sample was determined as described previ-
ously [22]. Unsurprisingly, the diversity scores across dif-
ferent intra-tumor regions varied greatly, both in tumors
H13 and H14 (Additional file 1: Fig. S5B). In summary,
these results indicate that single-region ITH estimation
is susceptible to sampling bias and may poorly represent
the actual ITH level.

Studies have reported the use of multi-region sam-
ples for ITH quantification [21, 50-54]. Although this
approach minimizes potential bias caused by single-
region sampling to some extent, it can still be influ-
enced by spatial distribution of sampling sites, as stated
above. Therefore, we proposed a normalized diversity
score for quantifying ITH, which was calculated by
dividing the transcriptomic diversity with the physical
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diversity. Residual analysis showed that the relation-
ship between transcriptomic and physical diversity
appeared to be linear, suggesting that the calculation of
normalized diversity score was reasonable (Additional
file 1: Figure S6A). Normalized diversity scores were
still correlated to the raw ones (Fig. 3A) but were no
longer affected by the spatial diversity, demonstrating
that the sampling bias had been normalized out suc-
cessfully (Fig. 3B). Higher normalized scores indicated
a greater level of patient-wise ITH.

To demonstrate the superiority of the normalized
diversity score in quantifying ITH, we performed sam-
pling simulations in two tumors (T13 and T18) with
the largest multi-regional sample size (#=10). Sup-
pose we could only randomly include five samples in
each tumor; these samples were then used to calculate
normalized and raw diversity scores. In this situation,
diversity scores from a total of 252 random combina-
tions were obtained (Additional file 1: Fig. S6B and 6C).
In theory, a good metric should meet the following cri-
teria: (1) it should have good representativeness (imply-
ing that the resultant scores should remain consistent
across varying combinations); (2) it should have high
accuracy (indicating that the resultant scores should
be close to the “gold standard” score). Two metrics,
CV (a metric of representativeness) and CD (a metric
of accuracy), were used to evaluate the performance of
normalized and raw diversity scores. Normalized diver-
sity score consistently showed a lower CV than unnor-
malized ones in both tumors across different numbers
of random sampling (n=2 ~9), suggesting better rep-
resentativeness of normalized score (Additional file 1:
Figure S6D). As for the accuracy, we found that nor-
malized scores tended to have a lower CD value when
the random sampling number was small (#<5) in both
tumors (Additional file 1: Figure S6E). In the condition
of using a large random sampling number (n>5), the
CD differences between normalized and raw scores
have become very small. It should be noted that a small
sampling number (n <5) was typically adopted by most
of multi-region studies [14, 21, 37]. Accordingly, we
consider that the normalized diversity score is an effec-
tive measurement approach for patient-wise ITH, espe-
cially in the cases with limited multi-region samples.

Line plots showing the relationship between CV/
CD and sampling numbers were generated to further
explore the appropriate sampling number for accurate
estimation of ITH (Additional file 1: Figure S7A and
S7B). A sharp decrease of CV/CD occurred when the
sampling number was less than 3, indicating that a min-
imum of three samples might be required.
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Low-ITH tumors show enhanced activities in metabolism
and immune pathways

The degree of ITH for each patient was determined based
on the normalized diversity scores (Additional file 3:

Table S4). The association between ITH and clinical fea-
tures was first explored. There was a trend towards higher
degree of ITH in patients with more advanced tumors or
with higher serum concentration of alpha-fetoprotein
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(AFP), albeit the results did not achieve statistical signifi-
cance (Additional file 1: Figure S8).

The 14 tumors were then assigned to low-ITH and
high-ITH classes according to the median value. Com-
parison of expression profiles between two classes
indicated that over one third of the genes were differ-
entially expressed (5769 out of 15,490, 37.24%) (Fig. 3C;
Additional file 3: Table S5). Enrichment analysis was
performed on the results of differential expression anal-
ysis using KEGG gene sets (Fig. 3D; Additional file 3:
Table S6). Intriguingly, nearly half of significant gene sets
(46.7%, 14/30) were involved in metabolic processes, all
of which were enriched in low-ITH tumors (Fig. 3E). On
the contrary, tumor-associated pathways, such as MAPK
signaling pathway and PI3K—Akt signaling pathway,
tended to be related to high-ITH tumors (Fig. 3D).

Next, we sought to dissect the immune-associated
characteristics of these two classes. Through calculat-
ing the normalized read counts mapped to V(D)] loci,
the overall burden of tumor-infiltrating lymphocyte
(TIL) in each bulk sample was estimated. The compari-
son between two classes showed that there was a higher
overall burden of TIL in low-ITH tumors than in high-
ITH ones (Fig. 3F). We further adopted the CIBERSORT
algorithm to infer the relative abundance of 22 immune
cell types, aiming to find out cell types showing differ-
ential infiltration between two classes [55]. As a result,
four cell types, including memory resting CD4 T cells,
T cells follicular helper (Tth), M1 macrophages and
neutrophils, were identified; of these, Tfh cells and M1
macrophages have higher infiltration in low-ITH tumors
(Fig. 3G), while memory resting CD4 T cells and neu-
trophils are more abundant in high-ITH tumors (Addi-
tional file 1: Figure S9). Notably, higher infiltration of Tth
cells and M1 macrophages was found to be associated
with increased inflammatory and antitumor immune
response [56]. Given the close relationship between the
interferon-y (IFN-y) signaling and antitumor immu-
nity, comparison of activity of IFN-y response signaling
between two classes was then conducted. As expected,
low-ITH tumors also exhibited higher activity of IFN-y
response than high-ITH tumors (Fig. 3H).

Above results prompted us to further examine whether
the activity of immune checkpoint genes also differed
between two classes. Compared with gene expression,
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protein activity represents a more reproducible bio-
marker and has greater potential to uncover therapeutic
vulnerabilities [57]. The protein activity of 21 immune
checkpoint genes (including 9 co-inhibitory and 12 co-
stimulatory genes) was first inferred using a newly devel-
oped approach named weighted VIPER [58]. Comparison
of checkpoint activity between two classes was then con-
ducted, and the results showed that low-ITH tumors
exhibited higher protein activity of CD40 and CD274
(PD-L1), while high-ITH tumors have higher activity of
TNESF4 (OX40L) and TNFRSF4 (OX40) (Fig. 3I). Based
on this result, it can be speculated that patients with
low-ITH tumors might be more suitable to be treated
with PD-L1 inhibitor or OX40/0OX40L agonist, while the
patients with high-ITH tumors might be more likely to
gain benefit from CD40 agonist.

Gene-wise ITH can be determined by calculating IHS

Aside from patient-wise ITH, we also sought to deter-
mine the gene-wise ITH, which could be used to identify
genes with low variation in expression across different
intra-tumor regions. A computational strategy was devel-
oped to calculate the integrated heterogeneity score
(IHS), an integrated metric based on intra-tumor vari-
ability score (ITVS) and clustering concordance score
(CCS) (Fig. 4A; Additional file 3: Table S7). The result
of correlation analysis indicated that ITVS and CCS
were highly but not perfectly related, and thus, they
might complement each other to achieve reliable esti-
mation of gene-wise ITH (Fig. 4B). Expression patterns
of the top 10 genes with lowest and highest IHSs across
multi-regional samples are presented in Fig. 4C. It can
be observed that low-IHS genes exhibit low variation
in expression within the same tumor but may have high
variation across different tumors (Fig. 4C). Distribu-
tion of IHSs of protein-coding genes was evaluated and
the result showed the median value of IHS was 0.378
(Fig. 4D). To explore the distribution of random IHSs, we
generated simulated expression data fitted with the nega-
tive binomial distribution. The median value of IHS cal-
culated on simulated genes was 0.953 (Additional file 1:
Figure S10A), which was significantly higher than that of
real genes (Additional file 1: Figure S10B). According to
IHS, genes could be classified into four groups, including
low-ITH (0~0.25 IHS), median-ITH (0.25~0.50 IHS),

(See figure on next page.)

Fig. 4 Calculation of gene-wise ITH. A Schematic presentation of the calculation processes of integrated heterogeneity score (IHS). B Spearman
correlation between intra-tumor variability scores and clustering concordance scores. C Heatmap of the expression level of the top 10 genes
with lowest and highest IHS. D The distribution of IHS of protein-coding genes. E Patient group overall ratio (PGOR) curves of genes with varying
IHS. Lower PGOR indicates higher ITH. F Enrichment results of top 100 genes with lowest IHS of our cohort against ranked IHS results from other
four public cohorts. G Enrichment map based on GSEA results. Blue nodes represent biological processes associated with low-ITH genes, while
red nodes represent biological processes related to high-ITH genes. The thickness of edges is proportional to the overlap between the gene sets.
Biological processes with similar function were grouped in cluster and labeled manually
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high-ITH (0.50~0.75 IHS), and very high-ITH groups
(0.75~1.00 IHS). Patient group overall ratio (PGOR)
was calculated using genes from these four groups. As
expected, genes in low-ITH group exhibited the highest
ability to concordantly cluster patient samples (Fig. 4E).

As spatial data was not required for IHS analysis,
IHS analysis was conducted using four additional pub-
lic multi-region HCC cohorts for validation (Additional
file 3: Table S8). The top 100 genes with lowest IHSs
were first collected as a query gene set (low-ITH genes
are more likely to have research implications). Gene
set enrichment analysis (GSEA) was then performed
using this gene set against normalized and ranked IHS
results (from low to high) derived from the four public
cohorts. Significant positive enrichment was observed
in all cohorts, demonstrating that the IHS results are not
cohort-dependent and can be generalized to other HCC
cases (Fig. 4F).

To determine whether gene-wise ITH was tumor type-
specific, we also collected multi-region clinical cohorts of
four other tumor types, including cervical cancer, breast
cancer, lung cancer and high-grade glioma, and calcu-
lated the IHSs of all genes for each tumor type. Similar to
the analysis above, we examined the enrichment of low-
IHS genes from HCC in other four tumor types. Interest-
ingly, there was no significant enrichment across all these
tumor types, suggesting that the gene-wise ITH may have
certain tumor specificity (Additional file 1: Figure S11).

Immune features show high variation across spatially
distinct regions
Enrichment map was generated to delineate the relation-
ship between gene-wise ITH and biological processes.
The results revealed that low-ITH genes were associated
with metabolism and cell cycle-related processes (such
as fatty acid metabolism, amino acid metabolism, and
G2/M transition), while high-ITH genes tended to be
related to immune-related processes (such as T cell regu-
lation and antigen receptor pathway) (Fig. 4G). Consid-
ering that the heterogeneity of immune features in HCC
remains under-explored, further investigations regarding
this aspect were thus carried out [13, 21, 36].
Distribution of CIBERSORT-based 22 immune cell
types across 75 multi-region samples was first analyzed
(Fig. 5A). To quantitatively evaluate the immune cell
heterogeneity, IHS for each cell type was calculated;
the median IHS of 22 cell types was 0.584, which was
numerically higher than that of protein-coding genes
(IHS=0.378) (Fig. 5B). Interestingly, we found that B
cell seemed to be the most heterogenous cell type within
tumors, with the IHS of over 0.7 (Fig. 5B). To deter-
mine whether this phenomenon is specific to HCC, we
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calculated the IHS of 22 immune cell types in other four
solid tumor types mentioned above (Additional file 1:
Figure S12A). These results were further integrated by
the Robust Rank Aggregation (RRA) method [59]. The
integrated result revealed that B cell was also one of
the most heterogenous cell types across the four tumor
types, implicating that this phenomenon might not be
specific to HCC (Additional file 1: Figure S12B). Then, we
collected 141 immune genes from previous publication
to generate an immune gene expression profile [60]. In
line with findings in enrichment analysis, immune genes
showed significantly higher IHSs than other genes (Addi-
tional file 1: Figure S13A). Mahalanobis distance was cal-
culated on this immune profile to determine the immune
similarities of different intra-tumor regions (Additional
file 1: Figure S13B-D). Tumors with outlier samples were
considered to have discordant intra-tumor immune pro-
files, according to the previously defined criteria [36].
It could be observed that most of the tumors exhibited
discordant immune profiles in all the three cohorts,
indicating an overall high heterogeneity of immune
gene expression (Fig. 5C). As a complement to compu-
tational analyses, immunohistochemistry (IHC) stain-
ing for CD45 was also performed to assess the immune
cell heterogeneity. Images of a representative tumor are
presented in Additional file 1: Figure S14A. IHS analysis
showed a highly variable number of CD45" cells across
different intra-tumor regions (IHS=0.799) (Additional
file 1: Figure S14B). Collectively, above findings suggest
that HCC might have a highly heterogenous immune
microenvironment, and, thus, single-region-based evalu-
ation of immune status of HCC might not be reliable.

We further sought to depict the heterogeneity of pro-
tein activity of immune checkpoint genes within tumors.
Determining this kind of heterogeneity would have sub-
stantial clinical implications. For example, immuno-
oncology agents targeting high-ITH checkpoint genes
might lead to variation in treatment efficacy across differ-
ent regions within tumors; such variation in efficacy ena-
bles some tumor cells survive during the treatment, and
thus may facilitate the development of acquired resistance
[6]. Accordingly, a checkpoint gene with low ITH could
have greater therapeutic potential. We calculated the IHSs
of VIPER-inferred protein activity of 9 inhibitory and 12
stimulatory checkpoint genes and found that an inhibi-
tory checkpoint gene CD47 (IHS: 0.228) and a stimulatory
checkpoint gene CD40 (IHS: 0.164) have relatively low ITH
in protein activity among the tested genes (Fig. 5D and 5E).
Both CD47 and CD40 have corresponding inhibitors or
agonists being tested clinically [61, 62]. Our findings might
provide a theoretical rationale for treating HCC with these
agents.
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LHRS has an excellent power to prognosticate survival proportions of prognostic genes in each group for each
in HCC patients and is applicable to single-region tumor HCC cohort were determined. There was an obvious
samples trend that genes with lower IHS, which were calculated

Aiming to interrogate whether IHS was related to prog-  on all three multi-region sequencing cohorts, were more
nostic significance, six public cohorts with a total of 1189  likely to have prognostic relevance (Additional file 1:
HCC were utilized for prognostic analysis (Additional  Figure S15). Accordingly, low-ITH genes could be more
file 3: Table S8). Prognosis-associated genes (P<0.05) informative for prognostication. Given that almost all
were classified into four groups according to IHS, and the  previously reported prognostic signatures for HCC did
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not consider potential influences caused by ITH, devel-
oping a signature that can overcome ITH bias has signifi-
cant clinical implication in HCC.

A multi-step strategy was proposed to construct the
optimal prognostic signature (Fig. 6A). Specifically, uni-
variate Cox proportional hazards regression (COXPH)
analysis was first performed based on 1275 low-ITH
genes (IHS<0.25) in three training cohorts. This pre-
liminary screening yielded 98 protective genes (HR<1)
and 189 risk genes (HR>1) (Fig. 6B). These genes were
further screened by a bootstrapping-based approach to
determine prognostic markers with superior reproduc-
ibility. A total of 121 genes stably associated with patient
survival were identified in over 2000 iterations (Fig. 6C).
Random survival forest (RSF) analysis was then per-
formed to determine the most significant markers. RSF
was performed with 1000 replicates and the gene com-
bination with the best performance was designated as
the low-heterogeneity risk stratification (LHRS) signa-
ture. The LHRS comprised 18 genes, and most of these
genes (11/18) were risk genes (Fig. 6D; Additional file 3:
Table S9).

A good signature for prognostication should meet
the following criteria: (1) it should give an accurate
prediction of patient survival; (2) it should maintain
uniform measurements across different intra-tumor
regions. A comprehensive evaluation of LHRS was
thus performed regarding these two aspects. Prog-
nostic performance of LHRS was first assessed using
public HCC cohorts. Univariate COXPH and log-rank
analyses both indicated that LHRS was a significant
prognostic factor (Fig. 6E and Additional file 1: Figure
S16A-B). After adjusting for gender, age, and clini-
cal stages using multivariate analysis, LHRS remained
significantly associated with prognosis, implying that
it was an independent prognostic factor (Additional
file 1: Figure S17). In addition, six published HCC sig-
natures, pSigl-6 [33, 63-67], were retrieved from
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previous publications for comparisons (Additional
file 3: Table S10). Time-dependent area under the
receiver operating characteristic curve (AUC) values
were used to determine predictive performance. LHRS
exhibited an overall better performance compared with
other signatures both in training cohorts and inde-
pendent testing cohorts (Fig. 6F and Additional file 1:
Figure S16C-D).

Subsequently, ITH of the LHRS signature was evalu-
ated based on the multi-region sequencing data. Three
different metrics were adopted to explore whether
LHRS was affected by ITH. Comparison of the median
IHS of signature genes was conducted; genes in LHRS
had the lowest median IHS value (0.216) (Fig. 6G). The
proportion of discordant tumors was calculated; the
discordant proportion of LHRS was lower than that
of other signatures (Fig. 6H and I). PGOR analysis was
also conducted to evaluate the ability of signatures to
concordantly cluster tumors (Fig. 6]). Not surprisingly,
LHRS presented higher PGOR-based AUC values com-
pared with that of the other signatures (Fig. 6K). These
findings were further validated using two independent
multi-region HCC cohorts, E-MTAB-5905 (Additional
file 1: Figure S18A, S18C and S18E) and GSE136711
(Additional file 1: Figure S18B, S18D and S18F). LHRS
still exhibited an impressive performance in validation
cohorts, although it might not always be the best one.
Overall, above findings demonstrate that LHRS can
provide an accurate prediction of outcome for patients
with HCC based on single-region tumor samples.

LHRS cannot be generalized to patients with multi-focal
HCC

A significant number of HCC patients are diagnosed with
multiple tumor nodules [68]. A multi-focal HCC cohort
GSE98617, including 36 multinodular tumors from 16
HCC patients, was thus obtained and analyzed to explore
whether LHRS was still applicable in those patients.

(See figure on next page.)

PGOR curves between LHRS and other six signatures

Fig. 6 Construction and validation of LHRS. A Flow chart of the construction and validation of prognostic signature for HCC. B The overlap of the
results of univariate Cox regression analysis across three training cohorts. Protective and risk genes were identified, respectively. C The numbers of
iterations with significant results (P < 0.05) for 287 genes from preliminary screening. D Functional similarity of genes in LHRS. Functional annotation
was added based on the information from KEGG pathway metadata. E The results of univariate Cox regression analysis of LHRS across training

and testing cohorts. F Comparison of mean time-dependent AUC values between LHRS and six previously published signatures in training and
testing cohorts. G Comparison of IHS of signature genes between LHRS and other six published signatures. H The distribution of LHRS scores of

75 multi-regional tumor samples. Each point indicates a single region and the vertical lines represent the distribution range of LHRS scores for
each individual. All samples were divided into low-ITH and high-ITH groups based on the median value. Blue nodes represent the tumors with all
regions classified into the low-ITH group; red nodes represent the tumors with all regions classified into the high-ITH group; grey nodes represent
the tumors with both low-ITH and high-ITH regions. | Comparison of the percentages of patients who were classified as concordant low risk (blue),
concordant high risk (red) or discordant (gray) between LHRS and other six published signatures. A lower discordant proportion indicates a better
performance. J Patient group overall ratio (PGOR) curves of LHRS (solid line) and other six signatures (dashed line). K Comparison of AUC values of
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IHS for each gene were first calculated using the multi-
focal microarray data. The results showed a median IHS
value of 0.799, which was considerably higher than that
of other multi-region cohorts (Additional file 1: Figure
S19A). Similar analyses as above were conducted subse-
quently. LHRS had a relatively high median IHS (0.715)
with a low ranking across all signatures (6th/7) (Addi-
tional file 1: Figure S19B). The proportion of discordant
tumors calculated based on LHRS also ranked poorly
(6th/7), with approximately half of tumors (43.8%, 7/16)
classified as discordant ones (Additional file 1: Figure
S19C). Moreover, despite a high ranking (2nd/7), the
PGOR-based AUC value of LHRS (AUC =6.12) was still
quite low relative to that of a perfect theoretical signature
(AUC=15) (Additional file 1: Figure S19D). These find-
ings indicate that LHRS may not be a suitable signature
for predicting overall survival of patients with multi-focal
HCC, possibly owing to the high degree of inter-tumor
heterogeneity.

Discussion

ITH in HCC has been well characterized by numerous
studies [12-14, 21, 69]. However, these studies typically
did not collect spatial information of samples during the
sampling process. Recently developed spatial transcrip-
tomic methods offer a feasible solution to the problem of
spatial information loss; however, they are only designed
to explore cellular-scale (micro-level) spatial heterogene-
ity [70]. Therefore, approaches for studying heterogene-
ity at the level of the entire tumor (macro-level) remain
absent. A previous study on melanoma has made an
attempt to record spatial data of multi-region sampling
[71]. However, the approach used in the study only gen-
erated approximate spatial information without exact
coordinates, limiting the possibilities for downstream
quantitative analysis [71]. Herein, a simple and easy-to-
implement strategy named SLS was presented to circum-
vent this limitation, which could obtain exact coordinates
of sampling sites by image analysis. Analysis of the result-
ant spatial and molecular data showed significant cor-
relation between spatial and molecular heterogeneity
at both transcriptomic and genomic level. This finding
poses a notable challenge to conventional ITH studies, in
which sampling locations are arbitrarily chosen without
recording spatial details.

Several computational approaches, including genome-
based (such as MATH [72], PyClone [73], and EXPANDS
[74]) and transcriptome-based approaches (such as
DEPTH [23] and tITH [75]), have been developed to
estimate the degree of ITH, which are implemented
based on single-region-derived data. Our results showed
that estimated ITH varied significantly across different
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intra-tumor regions, indicating that single-region-based
ITH estimation might be unreliable. A novel metric, nor-
malized diversity score, was thus proposed to deliver a
more accurate evaluation of patient-wise ITH. Compared
with raw diversity score, normalized score is more likely
to be related to tumor inherent properties rather than
tumor size, and thus might have more biological rele-
vance. According to this metric, HCC tumors were strati-
fied into low-ITH and high-ITH classes. Consistent with
previous reports, we observed that low-ITH tumors were
associated with an immune-inflamed phenotype that
was characterized by increased infiltration of TIL and
higher inflammatory activity [76-78]. Interestingly, dif-
ferential analysis of VIPER-inferred protein activity sug-
gested that low-ITH tumors also exhibited higher PD-L1
activity than high-ITH tumors. Of note, PD-L1 inhibi-
tor atezolizumab in combination with bevacizumab has
already been approved for the treatment of patients with
advanced HCC [79]. It thus could be speculated that this
therapy is more likely to be effective in patients with low-
ITH HCC, although further validation is required.

Currently, the degree of the overall immune ITH in
HCC remains controversial. Besides, the compari-
sons of heterogeneity of different cell types within
the tumor microenvironment have also not yet been
reported. In this study, through the newly proposed
metrics IHS, the heterogeneity of 22 CIBERSORT-
estimated immune cell types was determined. Based on
the IHS results, B cells seemed to be the most heterog-
enous cell type in HCC. The immune cell heterogene-
ity was also inspected in other four solid tumor types,
and the results demonstrated that the phenomenon
of high ITH of B cells was also present beyond HCC.
Notably, B cells have been demonstrated to be closely
related to the formation of tertiary lymphoid structures
(TLSs), an ectopic lymphoid organ within tumors that
engage in antitumor immune response [80]. Our find-
ings suggested that B cells might not be an appropriate
biomarker for identifying TLS due to the high hetero-
geneity in intra-tumor distribution. In addition, we also
revealed an overall high immune heterogeneity in HCC
via computational analyses combined with IHC valida-
tion. Contrary to a previous report, our results indi-
cated that the evaluation of overall immune status of
HCC based on single-region samples might not be reli-
able [36]. Furthermore, the ITH of protein activity of
immune checkpoint genes was also investigated. Some
low-ITH checkpoint genes, such as CD40 and CD47,
might be promising therapeutic targets for the treat-
ment of HCC.

Predictive models for risk stratification can help to
develop individualized medicine and guide stratified
treatment in clinics. For example, low-risk patients can
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be subjected to relatively conservative therapies to avoid
overtreatment, whereas high-risk patients can be treated
aggressively to ensure a favorable outcome. Although
a plethora of predictive signatures for HCC have been
developed over the last decade, none of them have been
recommended for clinical use or commercialized as
prognostic tests [33, 63—67]. These signatures were all
susceptible to sampling bias due to the presence of ITH,
since they were built on single-region-derived clinical
cohorts and did not account for this issue during devel-
opment. To overcome the hurdle of ITH in prognosis
prediction, one feasible approach was to exclude high-
ITH genes in advance when developing the model. Lev-
eraging this approach, a previous study constructed a
signature ORACLE for prognostication in lung cancer
[27]. To the best of our knowledge, there are no similar
signatures available in HCC to date. Thus, we developed
LHRS, a predictive signature comprised of 18 low-ITH
genes. Comprehensive validations confirmed that LHRS
not only outperformed other published signatures in risk
prediction but could also minimize the ITH bias.

This study has several limitations. First, the SLS
strategy cannot discern the coordinates in the z-axis.
Although some devices, such as neuronavigation system
used in neurosurgery, can help to address this issue, these
high-tech tools are not always available when needed
and can be more cumbersome to implement compared
with the SLS strategy. Second, because of the operational
complexity and economic cost, implementing the SLS
strategy in routine clinical practice is nearly impossible.
Therefore, more convenient methods for accurately quan-
tifying ITH are still warranted. Third, WES sequencing
was performed on only partial samples. Despite numer-
ous efforts to mitigate the effects of limited sequencing
data, the findings in this study must be validated in future
studies.

Conclusions

In conclusion, this work discovered novel biological
properties of low-ITH and high-ITH tumors and char-
acterized the heterogeneity of immune features within
tumor microenvironment, providing new insight into the
complex phenotypes of HCC. A new LHRS signature was
developed to overcome potential ITH bias in prognosti-
cation, which could have possible clinical applications.
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