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Abstract
Introduction: Hepatocellular carcinoma (HCC) is a growing 
burden, particularly in rural, regional, and remote areas, but 
samples from these communities are underrepresented in 
public cancer data repositories. It remains unclear whether 
the findings of large, commonly studied cohorts such as The 
Cancer Genome Atlas (TCGA) are applicable to these remote 
communities. Methods: We profiled  paired tumour and 
adjacent non-tumour liver biopsies from 19 patients 
admitted to the Townsville University Hospital in rural 
Australia. We used RNA-seq to characterize transcriptomic 

and mutational features and compared these with the TCGA 
Liver Hepatocellular Carcinoma (LIHC) cohort. Furthermore, 
we used these data to test a transcriptome-only adaptation 
of our TARGET-SL pipeline for low-cost drug target 
prediction. Results: Differential expression analysis identi
fied  923 genes altered in our cohort, of which 64% over
lapped with TCGA-LIHC, and the cohort-mean gene 
expression correlated strongly (Spearman rho = 0.96). 
Somatic variant calling from RNA highlighted mutational 
heterogeneity, with CTNNB1 (47%) and TP53 (21%) the most 
frequently mutated genes, consistent with TCGA findings. 
Copy number inference detected recurrent deletions on 8p, 
6q, and 17p, congruous with known HCC patterns. We ran 
TARGET-SL solely on RNA-seq to identify personalized driver 
genes in these patients and were able to identify a drug 
candidate in 63% of patients. Conclusion: Our results 
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demonstrate that NQ HCC shares core molecular features 
with larger TCGA cohorts and that a transcriptome-based 
approach can feasibly support precision oncology in 
resource-limited regional settings. © 2025 The Author(s). 

Published by S. Karger AG, Basel

Introduction

Primary liver cancer is the 6th most common cancer 
globally, yet it ranks as the 3rd highest in cancer-related 
mortality overall and the 2nd highest in males, largely due 
to its poor prognosis [1]. Alarmingly, although liver cancer 
incidence has historically been relatively low in Australia, 
incidence and mortality are growing faster than in any 
other country. Of note, liver cancer has shown the highest 
increase in mortality of any cancer over the past 4 decades, 
increasing by 204.3% between 1982 and 2019 [2]. Fur
thermore, there is a clear trend of increasing incidence and 
poorer survival in rural and regional and remote areas 
relative to major cities in Australia [3].

Primary liver cancer includes several distinct subtypes; 
however, hepatocellular carcinoma (HCC) is by far the 
most predominant form, accounting for approximately 
75% of cases [4]. The risk factors of HCC are diverse, 
though historically it has been commonly associated with 
infection from hepatitis B (HBV) and C virus. However, 
due to improved management and treatment of viral 
hepatitis in Australia, there has been a temporal change 
towards other risk factors, namely, metabolic dysfunction- 
associated steatotic liver disease (MASLD) and steatohe
patitis and alcohol-related liver disease [5].

HCC is a cancer with poor prognosis and limited 
treatment options that only improve life expectancy by 
several months [6]. Standardizing treatment for HCC is 
challenging as HCC is known to be extremely genetically 
heterogeneous both within and between patients [7], 
contributing to the low efficacy of available chemother
apies. For example, of the 6 most frequently recurring 
mutations in liver cancer, no single one is present in more 
than 31% of patients [8, 9]. As such, the Gastroentero
logical Society of Australia (GESA) consensus on HCC 
frames treatment decision-making around tumour size, 
number, liver function, and anatomical staging, rather than 
on genomic or molecular profiling of the tumour [10]. This 
is also reflected in international guidelines from the 
American Association for the Study of Liver Diseases 
(AASLD) [11] and the European Association for the Study 
of the Liver (EASL) [12].

This has made apparent the need for precision medicine 
implementation into HCC therapy, and the development 

of targeted therapies for rare mutations. This requires study 
of the molecular causes of the disease and methods to better 
understand the genetic diversity amongst patients. Most 
molecular research into HCC draws from major public 
databases of publicly available sequencing data, notably 
The Cancer Genome Atlas (TCGA) project, which is 
entirely sourced from the United States of America and has 
a high HBV burden [8]. However, it remains unclear 
whether the differing major disease aetiologies of geo
graphically different cohorts greatly affect the molecular 
landscape of the disease. Moreover, this gap in knowledge 
is potentially highly impactful to clinical decision-makers 
in underrepresented communities, as new patient-centred 
targeted therapies become available. Therefore, here we 
aimed to assess the molecular landscape of liver cancer in 
remote, rural, and regional North Queensland (NQ), 
Australia, and to compare this cohort with the TCGA.

Although the need for precision medicine im
plementation into clinical practice is clear, it is yet to 
become a reality due to a variety of factors including cost, 
limited approved targeted therapies, and largely untested 
software prediction pipelines. To address this, we tested 
our recently developed computational pipeline TARGET- 
SL (Tumour-specific Algorithm for Ranking Genetic 
Targets via Synthetic Lethality) to predict novel drug 
targets in the NQ patients. By default, TARGET-SL re
quires transcriptomic data and genetic variant information, 
thus relying on both genomic and transcriptomic se
quencing. However, with the development of improved 
methods to detect variants from transcriptomic data, the 
potential for low-cost drug-target prediction using only 
transcriptomic sequencing was explored. Importantly, the 
reduced cost of RNA sequencing (~USD 130 per sample) 
makes such an approach clinically viable in some health 
care systems. Therefore, this study also serves as a proof of 
concept for implementing TARGET-SL as a low-cost drug- 
prediction method using only transcriptomic sequencing.

Methods

Patients
Consenting patients with suspected HCC undergoing 

resection surgery at the Townsville University Hospital 
(TUH) were recruited between January 1, 2021, and De
cember 20, 2024. The study was performed in concordance 
with the NHMRC National Statement on Ethical Conduct 
in Human Research (NHMRC 2007, updated 2018) and 
approved by the Townsville Health Service Human Re
search Ethics Committee (HREC/16/QTHS/245) and the 
James Cook University Human Ethics Committee 
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(H7985). For publication, patients were de-identified, and 
their characteristics, including age, sex, cancer type, tu
mour type and stage, pathology, HBV and HBC status, 
alcohol and smoking history, body mass index, and serum 
markers, alpha foetal protein (AFP), alkaline phosphatase 
(ALP), alanine transaminase (ALT), aspartate transami
nase (AST), gamma glutamyl transferase (GGT), albumin, 
and bilirubin, were recorded.

RNA Sequencing Analysis
Total RNA was extracted from snap-frozen biopsies of 

tumour core and adjacent non-tumour regions of resected 
tumours using the Isolate II RNA Mini Kit (BIO-52073, 
Meridian Bioscience), according to manufacturer guidelines. 
Illumina (NovaSeq X Plus) sequencing was performed by 
Novogene. Sequencing was performed to a depth of >50 
million (100 million paired) reads per sample. Sequencing 
data were aligned using STAR (v2.7.11b) [13] with gene 

expression quantification using RSEM (v1.3.3) [14] and 
differential gene expression analysis using DESeq2 (v1.42.1) 
[15]. Variants were also called on the STAR-aligned RNA-seq 
data following GATK best practices and using GATK4 
(v4.6.1.0) [16], with HaplotypeCaller for germline variants 
and Mutect2 for somatic variants. Mutational signature of 
somatic variants were detected using MutSignatures (v2.1.5) 
[17]. Copy number inference was performed using RNA
seqCNV (v1.2.2) [18]. Finally, TARGET-SL [19] was used to 
predict essential genes and rare-essential genes with corre
sponding small-molecule inhibitors using differentially ex
pressed genes, mutated genes, and copy number-altered genes 
as input. Finally, cancer-approved drugs were annotated 
based on their presence in CancerDrugsDB (https://www. 
anticancerfund.org/en/database-cancer-drugs). An overview 
of this pipeline is presented in Figure 1. Further details are 
available in the online supplementary Methods (for all online 
suppl. material, see https://doi.org/10.1159/000549897).

Fig. 1. Overview of RNA-seq-only ap
proach to essential gene prediction using 
TARGET-SL.
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Results

Patient Clinical Characteristics
Tissue biopsies were acquired from 19 patients un

dergoing resection surgery for suspected HCC at the 
Townsville University Hospital (TUH). Samples were 
taken from the resected tumour and adjacent non- 
tumour tissues. Patients had a mean age of 68.89 
(±7.89 SD) years. Based on available clinical data, 16 
(84.21%) patients had confirmed HCC, and one (5.2%) 

had a combined intrahepatic cholangiocarcinoma and 
HCC. The remaining 2 patients were identified as having 
hepatic and bile duct adenomas, respectively. Patients 
were mostly male (78.95%) with single tumours (57.89%) 
and were mostly stage pT1b to pT2 (63.15% combined). 
In terms of surrounding liver condition, most patients 
presented with cirrhosis (42.11%), fibrosis (57.89%), and 
steatosis (52%). The most common HCC risk factors 
were alcohol consumption (89.46%), overweight or 
obese (68.42% combined), smoking (52.63%), and 

Table 1. Categorical patient characteristics

Feature Value Count Percentage

Cancer type HCC 16 84.21
Intrahepatic cholangiocarcinoma and HCC 1 5.26
Hepatic adenoma 1 5.26
Bile duct adenoma 1 5.26

Gender M 15 78.95
F 4 21.05

Multifocal tumour True 5 26.32
False 11 57.89
Unavailable 3 15.79

Tumour stage pT1a 1 5.26
pT1b 5 26.32
pT2 7 36.84
pT3 2 10.53
Unavailable 4 21.05

Cirrhosis present True 8 42.11
False 7 36.84
Unavailable 4 21.05

Steatosis present True 10 52.63
False 4 21.05
Unavailable 5 26.32

Fibrosis present True 11 57.89
False 2 10.53
Unavailable 6 31.58

History of hepatitis C True 8 42.11
False 11 57.89

History of hepatitis B True 1 5.26
False 18 94.74

History of alcohol consumption True 17 89.47
False 2 10.53

History of smoking True 10 52.63
False 7 36.84
Unavailable 2 10.53

BMI classification Healthy weight 6 31.58
Overweight 8 42.11
Obese 5 26.32

BMI, body mass index.
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hepatitis C virus (42%) (Tables 1, 2). The full charac
teristics of the patients are supplied in online supple
mentary Table 1.

Analysis of Differential Gene Expression in NQ Liver 
Cancer
In total, 923 significantly differentially expressed 

genes (DEGs) were identified, 653 of which were down- 
regulated and 270 upregulated relative to adjacent non- 
tumour tissue (shown in Fig. 2a). There was particularly 
strong down-regulation of two innate-immune gene 
families, the C-type lectins CLEC4G, CLEC4M, and 
CLEC1B, and ficolin genes FCN1 and FCN3. We also 
noted strong up-regulation of genes in classic oncogenic 
pathways including the epidermal growth factor receptor 
kinase substrate EPS8L3 and DNA replication and 
mitosis-related genes including CENPF involved in 
chromosomal segregation, the topoisomerase TOP2A, 
the microtubule-associated protein DLGAP5, cytokinesis 
protein ANLN, and the mitosis regulator CDC20. 
However, gene ontology analysis of all DEGs revealed 
that the most significant enrichment was in various liver 
metabolic pathways (shown in Fig. 2b). These results 
suggest a suppression of innate immune signalling and 
enhancement of cell proliferation and migration, along 
with metabolic reprogramming.

As a comparison, we performed an unpaired differ
ential expression analysis on liver cancer samples from 
the TCGA LIHC cohort, including 373 tumour and 
50 non-tumour samples. We found 2,259 significantly 
DEGs in the cohort, including 676 down-regulated and 
1,583 up-regulated genes. We then compared the overlap 
of significantly up-regulated and down-regulated genes 
between the NQ and TCGA cohorts. In total, 591/923 
(64%) of NQ DEGs overlapped with the TCGA DEGs. In 
addition, only a single DEG from either cohort showed 
the opposite trend in the other cohort (shown in Fig. 2c). 
Finally, we considered the global transcriptomic corre
lation between the two cohorts and found very strong 
and significant correlation (Spearman rho 0.96, p = 
2.2e−16) with few outliers (shown in Fig. 2d). Outliers 
almost entirely comprised pseudogenes or poorly 
characterized genes, except for three translation- 
initiation factors (EIF3C, EIF3CL, and EIF5AL1), cal
pastain (CAST), and a component of the large 60S ri
bosomal subunit (RPL21).

Analysis of Somatic Variants in NQ Liver Cancer
Next, we identified 675 unique somatic variants across 

all sample transcriptomes. Using mutSignatures [17], we 
evaluated transcriptome-wide mutation patterns, 
showing a strong bias for T>C substitutions (shown in 
Fig. 3a). These variants were predominantly missense 
single-nucleotide variants (53.3%), followed by equal 
fractions of small insertion/deletions and synonymous 
single-nucleotide variants (21.2%) (shown in Fig. 3b). 
Individual patient mutation profiles were mapped to 
known COSMIC mutational signatures, with variants 
most frequently assigned to SBS26 (defective DNA 
mismatch repair), SBS40c (unknown aetiology), SBS54 
(possible sequencing artefact) (shown in Fig. 3c).

Non-synonymous somatic variants were identified in 
496 genes across the cohort. The number of mutated 
genes per patient varied from 5 to 42, with the lowest 
number of mutated genes identified in the patient with a 
bile duct adenoma. Notably, the patient with a hepatic 
adenoma harboured a high mutational burden (shown in 
Fig. 4a). Mutated genes were highly heterogeneous, with 
the most frequently mutated genes being CTNNB1 
(47.37%), TP53 (21.05%), and EIF3I (21.05%). Inter
estingly, the patient with a combined intrahepatic 

Table 2. Numerical patient characteristics

Feature Mean (±SD) n

Age, years 68.89 (±7.89) 19

BMI, kg/m2 27.47 (±4.42) 19

Tumour size 42.37 (±20.06) 19

AFP, ng/mL 1,918.27 (±3,197.34) 11

ALP, U/L 103.74 (±54.52) 19

ALT, U/L 54.11 (±53.99) 19

AST, U/L 54.11 (±50.08) 19

GGT, U/L 94.79 (±75.92) 19

Albumin, g/L 37.95 (±3.78) 19

Bilirubin, μmol/L 13.84 (±7.53) 19

BMI, body mass index.

Fig. 2. Analysis of gene expression in North Queensland (NQ) liver 
cancer. a Volcano plot of DEGs in the NQ liver cancer cohort 
(DESeq2, alpha = 0.01, log2 fold change threshold = 0.58). Filled 
points indicate NQ differentially expressed genes (DEGs) that were 
not significant in The Cancer Genome Atlas (TCGA) cohort. b Gene 

Ontology (GO) biological process enrichment of significant DEGs in 
the NQ cohort. c Venn diagram indicating overlap of up- and down- 
regulated DEGs between the NQ and TCGA cohorts. d Correlation 
(Spearman) plot of variance-stabilized tumour gene expression 
between the NQ and TCGA cohorts.
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2
(For legend see previous page.)
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cholangiocarcinoma and HCC shared no mutated genes 
within the top 20 most frequently mutated genes in the 
cohort, while still harbouring many mutated genes. 
Otherwise, we did not observe any obvious association 
between clinical features and gene mutations (shown in 
Fig. 4b, c).

We compared mutation frequency within 363 TCGA 
patients and found that CTNNB1 mutations were more 
frequent in the NQ cohort, though TP53 and CTNNB1 
were similarly the most frequently mutated genes. In
terestingly, EIF3I mutations were not present in a single 

TCGA tumour. Furthermore, some highly mutated 
genes in the TCGA cohort were not detected in the NQ 
cohort, including TTN, MUC16, and PCLO (shown in 
Fig. 4d). Statistical comparison of the mutation fre
quencies was not applicable due to the low sample sizes.

Analysis of Copy Number Variants in NQ Liver 
Cancer
Subsequently, we used RNAseqCNV to infer arm- 

level copy number variants (shown in Fig. 5). High- 
evidence deletions were most common in chromosome 

Fig. 3. Analysis of somatic mutational signature in North Queensland (NQ) liver cancer. a Tri-nucleotide 
context substitution frequencies in NQ somatic mutations. b Frequency of variant classifications in NQ somatic 
mutations. c Proportion of variant assignment to the Catalogue of Somatic Mutations in Cancer (COSMIC) 
SBS96 signatures.
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arms 8p, 6q, and 17p. While no high-evidence ampli
fications were assigned, low-evidence amplifications 
were frequent in chromosome arms 8p and 1p. Several 
patients showed evidence of entire chromosomal dele
tions, including chromosomes 14, 16, and 21 occurring 
in 2 patients each, as well as deletions of chromosomes 18 
and 22 in only a single patient each.

Personalized Driver Gene and Essential Gene 
Prediction
Given the varied mutational profile of all patients, we 

used TARGET-SL [19] to predict patient-specific driver 
genes, rare essential genes, and drugs for each patient. 
TARGET-SL was first used to find a consensus of per
sonalized driver genes from the DawnRank, 

Fig. 4. Analysis of non-synonymous somatic mutated genes in North Queensland (NQ) liver cancer. a Numbers 
of mutated genes per patient. b Clinical features of NQ cancer patients. c Top 20 most-frequently mutated genes 
in the NQ cohort and heatmap of mutated genes per patient. d Comparison of the mutation frequency 
(proportion of patients harbouring a mutation in the gene) between the NQ and TCGA cohorts, showing all 
genes with >10% mutation frequency in either cohort.
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PersonaDrive, and OncoImpact algorithms. We con
sidered the frequency at which drivers were ranked 
within the top 10 for each patient and their mean rank 
(shown in Fig. 6a). Many well-known driver genes listed 
in the Cancer Gene Census received high driver pre
diction rankings, including CTNNB1, TP53, RB1, 
CREBBP, and TCF7L2. CTNNB1 was by far the most 
frequently predicted driver gene, occurring in 47.37% of 
patients, and was the rank one driver in every case. TP53 
was also predicted to be a driver in all patients (21.05%) 
harbouring a TP53 mutation, with a mean rank of 1.25. 
However, several less well-characterized mutated genes 
also received high driver rankings in small numbers of 
patients, including RBL2, APOB, DRD4, and MED1, and 
SLC11A2. Driver predictions were also relatively com
mon for TIRAP and MAPT, at the same frequency as 
TP53, but with much lower average rankings.

TARGET-SL can also use personalized driver predic
tions to infer rare essential genes based on variant effect 
prediction and known or predicted synthetically lethal 
relationships. Again, we only considered the top 10 rare 
essential genes per patient (shown in Fig. 6b). Four genes 

occurred with relatively high frequency of 15.8%, namely, 
EGFR, MTOR, ATR, MUS81, CDK9, CDC7, and CHEK1, 
with all except MUS81 having known small-molecule in
hibitors (shown in Fig. 6b). Specifically, in all patients with 
an EGFR variant, it was the top ranked essential gene, and 
the HCC-approved tyrosine kinase inhibitors can suppress 
this receptor [20]. Additionally, several essential genes with 
approved therapies were identified in only a single (5.26%) 
patient and included PIK3CA, BLM, FGFR3, and NRAS 
and an additional four essential genes, EZH2, TYK2, 
CSNK2A1, and KDM6A, that have known inhibitors and 
are not currently cancer approved. These genes could be 
subject to further research, not to mention several high- 
ranking essential genes with no known inhibitors.

Importantly, of the essential genes predicted for the 19 
patients, 12 patients (63.2%) recorded at least one 
available targeting drug (shown in Fig. 6c). Furthermore, 
drug predictions included approved cancer drugs in 10 
patients (52.6%) and approved HCC drugs in just a 
single patient (5.26%). No essential genes were predicted 
for patient 018 with bile duct adenoma due to the small 
number of mutations.

Fig. 5. Analysis of inferred chromosome arm-level copy 
numbers in North Queensland (NQ) liver cancer. Copy 
number was inferred from RNA-seq data using RNAseqCNV. 
Arm-level alterations with “high evidence” are indicated by 
capitalized annotations, while those with “low evidence” are 

indicated by lower-case annotations. Grey boxes had insuffi
cient read depth to calculate log2 fold change. Top row in
dicates mean log2 fold change across all samples. Right-hand 
column indicates the predicted number of chromosomes per 
sample.
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Fig. 6. Analysis of personalized driver genes and essential genes 
using TARGET-SL. We used TARGET-SL to generate a con
sensus list of personalized driver gene predictions for each 
patient based on DawnRank, OncoImpact, and PersonaDrive 
predictions and to generate rare essential gene and drug 
predictions for each patient. a We calculated the frequency at 
which genes were ranked in the top 10 drivers per patient and 
their mean rank. We also indicate whether predicted driver 

genes are canonical drivers present in the Cancer Gene Census 
(CGC). b We calculated the frequency at which genes were 
ranked in the top 10 rare essential genes per patient and their 
mean rank. Essential genes with available drug inhibitors are 
indicated and differentiated into whether they are approved 
cancer drugs according to CancerDrugsDB. c Number of 
predicted rare essential genes per patient and availability of 
drug inhibitors.
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Discussion

The availability of large public cancer sequencing 
datasets has been invaluable for drug and biomarker 
discovery, shaping clinical decision-making around 
the world. Nonetheless, the relevance of these datasets 
to smaller communities remains unknown. To address 
this, we characterized the transcriptome of 19 liver 
cancer patients from NQ, Australia, and contrasted 
our results with the TCGA LIHC cohort. The disease 
aetiology of our NQ cohort differed most notably from 
the TCGA by HBV frequency, which was the most 
frequent risk factor (22%) in the TCGA cohort and 
represented by only a single patient (5.26%) in the NQ 
cohort. Furthermore, higher rates of steatosis and 
obesity in the NQ cohort suggest more MASLD- 
associated HCC in the NQ cohort, consistent with 
previous reports [5].

Gene expression was highly correlated between the 
cohorts, and most DEGs overlapped. DEGs were en
riched in metabolic pathways, consistent with the 
known metabolic reprogramming, which occurs in 
HCC [21]. Interestingly, we observed very strong 
suppression of several pattern recognition receptors in 
the C-type lectin receptor (CLR) and ficolin gene 
families in the NQ cohort, consistent with findings in 
the TCGA cohort [22]. These genes play important 
roles in fungal defence and complement activation [23, 
24]. A recent review hypothesized that low CLR ex
pression can disrupt the gut-liver axis and contribute 
to HCC progression, suggesting that anti-fungal 
treatments could improve immunotherapy efficacy 
in such patients [24]. Also, recovering the suppressed 
expression of ficolins in HCC cell lines can reduce cell 
proliferation and migration [25]. Additionally, we 
observed the over-expression of many TCGA- 
overexpressed genes that have led to research into 
HCC treatments, such as a recent study demonstrating 
that TOP2A inhibition can reverse regorafenib resis
tance in vitro and in vivo [26], and the same has been 
found after suppressing EPS8L3 [27]. Reassuringly, 
this suggests that research outputs derived from the 
TCGA are relevant to patients in NQ.

Somatic variant calling showed a strong bias for 
T>C transitions, followed by a much smaller pro
portion of C>T transitions. This is consistent with 
other cohorts, though more frequent C>T transitions 
and C>A transversions are often observed [28]. While 
the dominant assignment of the SBS26 mutational 
signature often suggests mismatch repair deficiency, 
we only observed a mismatch repair mutation 

(MSH6) in a single patient and no significant dif
ferential expression of mismatch repair enzymes. 
Indeed, mismatch repair deficiencies are relatively 
rare in HCC [29]. Nonetheless, T>C substitutions are 
a known hallmark of HCC with somewhat unknown 
aetiology [30].

We also inferred arm-level copy number variants. 
Chromosome amplifications were mostly limited to 1q 
and 8p, along with frequent deletions in 4q, 6q, 8p, 17p, 
reflecting an almost identical pattern to the TCGA [31]. 
The observed amplified regions most notably contain the 
MCL1 (1p) and MYC (8p) oncogenes, while the deleted 
regions included the LATS1 (6q) and TP53 (17q) tumour 
suppressors, which are all commonly observed in various 
cancers [32].

At the gene level, somatic mutations were most 
frequent in CTNNB1 and TP53, consistent with the 
TCGA and almost all other HCC cohorts globally. 
However, the NQ cohort lacked mutations in other 
notable frequently mutated genes. For example, we 
detected no ARID2 mutations and only a single 
ARID1A mutation, considered some of the most fre
quently mutated HCC genes [33]. Also, the common 
TERT promoter mutation was unfortunately unde
tectable in our analysis due to our use of tran
scriptomic data. Surprisingly, we detected eukaryotic 
translation initiation factor 3 subunit I (EIF3I) variants 
at the same frequency as TP53 variants. EIF3I variants 
have not been previously studied in HCC, though it is 
highly expressed in colorectal cancer and its knock
down impedes growth in vivo [34]. Unfortunately, our 
cohort lacks the statistical power to determine whether 
these mutation frequencies are significantly different 
from the TCGA, and further investigation is recom
mended to determine whether the drivers of HCC are 
significantly different in this community, which could 
impact decision-making regarding new research and 
therapies to target these genes.

As is known in HCC, we observed highly heter
ogenous mutations, making the case for using per
sonalized driver prioritization algorithms [35]. We 
used TARGET-SL [19] to find a consensus ranking of 
personalized driver genes. Many high-ranking driver 
gene predictions were well-known cancer drivers that 
have been previously discussed in much detail in
cluding CTNNB1, TP53, RB1, CREBBP, and TCF7L2 
[36]. However, several lesser-known drivers were 
predicted with low frequency but very high ranking 
and have some previous research context to HCC. For 
example, rare apolipoprotein B (APOB) variants have 
been previously reported to be associated with 
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MASLD patients and increased risk of HCC [37]. 
Additionally, the elevated expression of dopamine 
receptor D4 (DRD4) is linked to liver cancer stem cell 
phenotype and poorer prognosis in patients [38], 
though genetic variants have not been investigated. 
MED1 is an essential component of mediator com
plex, which orchestrates PPARα, PPARγ, CAR, and 
GR-mediated transcriptional regulation, and has 
been found to influence hepatocyte proliferation in 
the HL-7702 cell line [39]. Meanwhile, a single SNP in 
RBL2 has been found to have a modest association 
with disease-free survival in HCC patients, though 
the same SNP was not detected in our cohort [40]. 
Variants in SLC11A2, also known as divalent metal 
transporter 1 (DMT), have not been investigated 
in HCC.

Finally, we used TARGET-SL to predict druggable es
sential genes and small-molecule inhibitors. A druggable 
essential gene was predicted in 63.2% of patients, and in 
52.6% of patients an already licensed drug was predicted 
that could be utilized in drug repurposing. It should be 
noted that we only considered the “rare essential genes” 
output from TARGET-SL, which filters out essential genes 
that are common across many samples to identify more 
targeted predictions, and the rate of identifying druggable 
options increased to 89.5% when considering “all essential 
genes.” While we were unable to verify the validity of these 
predictions in this study, we have previously shown 
TARGET-SL to have a modest success rate [19]. Re
gardless, the ability to predict a druggable target in nearly 
two-thirds of patients is potentially important for a disease 
with such poor prognosis and limited treatment options.

Limitations of the study include limited sample 
material and small sample size and the use of tran
scriptomic information only. It is likely that our re
search design has failed to capture many potentially 
causative mutations, either due to low-depth or them 
being non-exonic. Genomic sequencing would have 
greatly improved our ability to detect genetic variants 
but would have dramatically increased the required 
cost. Therefore, here we have demonstrated person
alized driver gene and drug predictions at a very low 
cost of under USD 130 per sample for short-read RNA- 
seq, representing a clinically relevant approach to 
personalized oncology.

In summary, we sought to determine the applica
bility of treatment decisions derived from the TCGA 
HCC cohort to patients in NQ. We observed highly 
correlated gene expression and copy number patterns, 
consistent with accepted knowledge about the disease. 
We also observed heterogeneous mutations, most 

frequently in CTNNB1 and TP53, though an unex
pectedly high frequency of EIF3I mutations. This in
formation is vital to NQ-based clinical decision- 
makers as new targeted therapies become available. 
Finally, as a secondary aim, we successfully applied 
TARGET-SL using RNA-seq data only, providing low- 
cost drug prediction for patients and identifying rare 
and novel driver genes.
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