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Abstract

The human genome comprises tens of thousands of long non-coding RNAs (IncRNAs), whose
functionality is highly debated. In the field of hepatocellular carcinoma (HCC) research, IncRNAs
are increasingly reported to act as oncogenes or tumor suppressors. Here, we investigate the
reliability of these claims by performing a meta-analysis of the associations between HCC and
IncRNAs reported in the scientific literature. We analyze the genomic and transcriptomics
characteristics of human IncRNAs, in particular those cited in association with HCC. We assess
INcRNA expression patterns in two HCC patient cohorts. While up to 6% of all HCC-related
publications cite IncRNAs, most associations between HCC and IncRNAs have not been
reproduced. In general, INcCRNAs are less often differentially expressed between HCC tissues and
controls than protein-coding genes. However, HCC-associated IncRNAs are frequently up-
regulated in tumors, consistent with their selection based on transcriptome analyses. We examine
the 25 IncRNAs that are most frequently cited in association with HCC. For 10 out of these 25
IncRNAs, including well known IncRNAs such as MALAT1, NEAT1, H19 and XIST, we identify
important conflicts between the biological roles and expression patterns previously reported for
them in HCC and the expression patterns that we observe here. Finally, we observe that HCC-
associated publications that cite INcRNAs are retracted three times more often than publications
that cite protein-coding genes. We thus reveal the poor reproducibility of IncRNA-related claims
in HCC, which is problematic in a context where new biomarkers and molecular targets for therapy

are greatly needed.

Introduction

The human genome harbors tens of thousands of long non-coding RNA (IncRNA) genes (Amaral
et al. 2023). These transcripts are simply defined as long RNA molecules (at least 200
nucleotides) that do not encode functional proteins. Long non-coding RNAs with major biological
functions have been known for several decades (Brannan et al. 1990; Brown et al. 1991), well
before the magnitude of the INcCRNA gene repertoire was first perceived (Guttman et al. 2009;
Djebali et al. 2012; Derrien et al. 2012). Numerous recent studies have proposed that IncRNAs
play important roles in gene expression regulation, genome stability or nuclear architecture
(Engreitz, Ollikainen, and Guttman 2016). Because of these promising findings, a great deal of
effort has been put into investigating the contributions of IncRNAs to cancer biology (Gutschner

and Diederichs 2012). The interest in IncRNAs is even stronger for cancer types for which



effective drug targets and disease biomarkers are still urgently needed, such as hepatocellular

carcinoma (HCC).

Hepatocellular carcinoma (HCC) is one of the most frequent causes of cancer-related mortality
(J.D.Yang et al. 2019). As HCC is generally detected at late stages of tumor progression, surgical
treatment options are unavailable for the majority of patients (Hartke, Johnson, and Ghabril 2017).
Several systemic therapies now exist, but they increase median patient survival by less than 1
year (Finn et al. 2020). Thus, developing new treatments and biomarkers for the early detection
of HCC is imperative. With this goal, there has been extensive research aiming to identify the
genomic, transcriptomic and proteomic features that are altered in HCC (The Cancer Genome
Atlas Research Network 2017; Jiang et al. 2019; Pinyol et al. 2021; Ng et al. 2022). In particular,
hundreds of differentially expressed IncRNAs were identified by large-scale transcriptomics
studies that compared HCC samples with adjacent non-tumor tissue or with normal liver samples
(Cui et al. 2017; Y. Yang et al. 2017; Li et al. 2019; Juan P. Unfried et al. 2019). Some of the
IncRNAs associated with HCC were subject to further experimental investigations, aiming to
elucidate their mechanisms of action and the consequences of their differential regulation in
tumors. As a result, many IncRNAs were proposed to act as oncogenes or as tumor suppressors
in hepatocellular carcinoma (Lanzafame et al. 2018; Juan Pablo Unfried et al. 2021). For some
IncRNAs, experimental analyses of their roles in cancer have led to conflicting results. For
example, the H19 IncRNA was alternatively proposed to act as a tumor suppressor (Hao et al.
1993; Yoshimizu et al. 2008; Schultheiss et al. 2017) or as an oncogene (Matouk et al. 2007;
Zhou et al. 2019) in various cancer types including HCC (Tietze and Kessler 2020). Likewise,
MALATT1, initially described as an abundant IncRNA associated with the presence of metastases
(Ji et al. 2003), was first proposed to promote tumor growth and invasion in breast cancer (Arun

et al. 2016), but is now believed to be a tumor suppressor (Kim et al. 2018).

While conflict and resolution are part of the normal scientific process, contradictions regarding the
roles of INcRNAs in HCC and other cancer types need to be interpreted in light of the existing
debates in the IncRNA research field. The functionality of IncRNAs has been contested since the
discovery that they are overall poorly conserved during evolution (Haerty and Ponting 2014). As
an example, only about 10% of human IncRNAs are shared with mouse (Necsulea et al. 2014;
Sarropoulos et al. 2019). The low rate of IncRNA evolutionary conservation supports the
hypothesis that the majority of IncRNAs are non-functional. The opposite view is that IncRNAs

can be biologically functional in the absence of evolutionary conservation (Mattick et al. 2023), in



contradiction with evolutionary theory (Haerty and Ponting 2014; Ponting and Haerty 2022).
Beyond the issue of evolutionary conservation, functional validations of INcRNAs in the lab have
also yielded controversial results. Ascertaining INcRNA functions is challenging, in part because
genomic loci that give rise to INcRNAs can also contain additional functional genomic elements
that are independent of the transcription of the IncRNA (Bassett et al. 2014). Genetic perturbations
of IncRNA Joci can thus have phenotypic consequences that are not due to the absence of the
RNA molecule. In agreement with this, in several noteworthy cases, biological functions that were
originally attributed to the INcRNA molecule following genetic alterations of INcCRNA /oci were
subsequently proven to stem from the presence of DNA sequences involved in expression
regulation at the locus (Groff et al. 2016; 2018). In other cases, there were contradictions between
IncRNA functional assays performed in vivo and in vitro, or with knockout and knockdown
approaches (Goudarzi et al. 2019; Amandio et al. 2016; Kim et al. 2018). These inconsistencies
can sometimes stem from the lack of appropriate controls in INCRNA functional experiments (Kim
et al. 2018).

The controversies related to INcRNA functions are likely to become resolved with time, as the
research field becomes more mature. However, cancer research cannot afford to wait to assess
the validity of the reported roles of IncRNAs. Here, we addressed this issue by evaluating the
reproducibility of IncRNA-related claims in hepatocellular carcinoma. We scanned the scientific
literature to extract INcRNAs that have been associated with HCC and we examined their
characteristics, in comparison with protein-coding genes and with other IncRNAs. We assessed
their expression patterns in two large HCC patient cohorts. We examined in detail the 25 IncRNAs
with the highest numbers of HCC-associated citations and we highlight several contradictions
between the roles that were previously attributed to these INcRNAs and the expression patterns

that we observe here.

Results

IncRNAs are often associated with HCC in the scientific literature

We first aimed to evaluate the prevalence of INcRNA studies in the HCC-related scientific
literature. To do this, we performed a PubMed search for scientific articles that have the term
“hepatocellular carcinoma” in the title (Supplementary Table 1). As IncRNAs were only detected
at the genome-wide level thanks to the advent of RNA sequencing, we restricted our analysis to
articles published between 2009 and 2023, obtaining a total of 46,960 publications. We extracted

the gene names that were cited in the abstracts of the articles and matched them with HGNC



gene symbols for protein-coding genes and IncRNAs, as listed in the Ensembl database
(Materials and methods). Although we cannot manually verify the roles attributed to these genes
in all publications, the fact that these genes were cited in the abstracts indicates that they were
deemed to be important for the main messages of the articles. We observed that the frequency
of IncRNA-citing HCC articles increased rapidly between 2009 and 2020, starting from 0.1% in
2009 and reaching a maximum of 5.6% in 2020 (Figure 1a). The frequency decreased in 2021
and over the next two years, reaching 2.16% in 2023. In total, 574 IncRNAs were cited in the
abstracts of HCC-related publications. We found that the majority (54%) of these INncRNAs were
cited in only one publication, suggesting that most IncRNA-related claims in HCC have not yet
been reproduced (Figure 1b, Supplementary Table 2). Only 33 IncRNAs were cited in 10 or more
HCC-related publications. In contrast, the frequency of HCC-related articles that cite protein-
coding genes is more stable with time, varying only between 44% and 57% in the same period
(Supplementary Figure 1a). In total, 7,163 protein-coding genes are cited in HCC-related articles,
the majority of which (60.7%) are cited in 2 or more publications (Supplementary Figure 1b,
Supplementary Table 3). These results highlight the contrasting dynamics of the HCC scientific

literature with respect to protein-coding genes and IncRNAs.

Characteristics of HCC-associated IncRNAs

We next evaluated the genomic and transcriptomic characteristics of the IncRNAs that were
associated with HCC in scientific publications. We divided protein-coding genes and IncRNAs into
three classes: those that are cited in more than 1 HCC-associated articles (below, we refer to
these genes as “frequently cited”), those that are cited in exactly 1 HCC-associated article (below
termed “infrequently cited”), and those that are not cited in association with HCC (below termed
“not cited” or “other”, Materials and methods). We first analyzed the expression levels for the 6
categories of genes in HCC tumors and adjacent tissues, using transcriptome sequencing data
from two large HCC patient cohorts (Ng et al. 2022; The Cancer Genome Atlas Research Network
2017). The first transcriptome collection comprises RNA-seq data derived from paired tumor and
adjacent tissue biopsies, for 105 HCC patients for which extensive clinical information was
compiled (Ng et al. 2022). Sample characteristics are provided in Supplementary Tables 4 and 5
for tumor and adjacent tissue, respectively. The second dataset corresponds to the widely used
TCGA resource (The Cancer Genome Atlas Research Network 2017). We focused on cases for
which paired tumor and adjacent tissue samples were available and could thus analyze data from
37 patients in TCGA. We computed the average expression levels across tumor samples and

across adjacent tissue samples, for each gene and for each patient cohort. Irrespective of the



number of HCC-associated citations, average expression levels were significantly lower for
IncRNAs than for protein-coding genes, for both tissue types and for both patient cohorts (Figure
2a,b, Supplementary Figure 2, Wilcoxon rank sum test, p-value < 1e-10 for all comparisons).
Likewise, we observed that frequently cited INcRNAs had significantly higher expression levels
than infrequently cited IncRNAs, which in turn had significantly higher expression levels than
those that were not cited (Wilcoxon rank sum test, p-value < 1e-10 for all comparisons except for
IncRNAs cited once vs. INcCRNAs cited at least 2 times in adjacent tissue samples, p-value 4e-9).
The same conclusions were reached for the two transcriptome datasets (Figure 2, Supplementary

Figure 2).

We also observed that IncRNAs that are cited in association with HCC have particular genomic
characteristics. They overlap more frequently with other genes on the antisense strand than other
IncRNAs (71.1% for frequently cited INcRNAs, 68% for infrequently cited IncRNAs and 56% for
IncRNAs that are not cited, Figure 2c). They are also more often transcribed from bidirectional
promoters than other INcRNAs (52% for IncRNAs cited more than once, 48% for IncRNAs cited
exactly once and 28% for IncRNAs not cited, Figure 2d). The differences are statistically
significant for the comparison between IncRNAs that are cited at least once and IncRNAs that are
not cited in HCC (Chi-squared test, p-value 4e-5 for the antisense overlaps, p-value < 1e-10 for
the presence of bidirectional promoters, Figure 2c,d). Importantly, the proportions of loci with
antisense overlaps and with bidirectional promoters are also significantly higher for IncRNAs than
for protein-coding genes for the two first citation classes (Figure 2c,d). This pattern is less striking
or not observed for genes that are not cited in association with HCC. In particular, in this last
subcategory, there is a tendency in the other direction: IncRNAs have significantly fewer
bidirectional promoters than protein-coding genes (Chi-squared test, p-value < 1e-10, Figure 2d).
Thus, IncRNAs that are associated with HCC in scientific publications have different genomic
characteristics than other IncRNAs and than protein-coding genes (Supplementary Tables 6 and
7).

Finally, we evaluated the extent of exonic sequence conservation for the different categories of
genes. We used as a basis the PhastCons score (Siepel et al. 2005), computed on a whole
genome alignment between human and 29 other mammals (Materials and methods). Given the
frequent overlaps between IncRNAs and other genes, we used for this analysis only those exonic
regions that do not overlap with exons from other genes. We observed that, irrespective of their

citation status in association with HCC, exonic sequence conservation levels are overwhelmingly



higher for protein-coding genes than for IncRNAs (Wilcoxon rank sum test, p-value < 1e-10 for all
three comparisons, Figure 2e). For protein-coding genes, sequence conservation scores were
significantly higher for genes that were cited in association with HCC than for genes that were not
cited (median score 0.38 for frequently cited genes, 0.37 for infrequently cited genes and 0.32 for
other genes, Wilcoxon rank sum test, p-value < 1e-10 for the comparison between the last two
categories). For INcRNAs, the difference between citation classes was only marginally significant
(median score 0.11 for frequently cited IncRNAs, 0.10 for infrequently cited IncRNAs and 0.08 for
other IncRNAs, Wilcoxon rank sum test, p-value 0.024 for the comparison between the last two

categories, Figure 2e).

HCC-associated IncRNA expression patterns

We then analyzed gene expression patterns in HCC tissues, for IncRNAs and protein-coding
genes. We first performed principal component analyses (PCA) based on the expression levels
of protein-coding genes and IncRNAs, divided into citation classes as above, for the two patient
cohorts. Samples were grouped according to tissue types and to tumor differentiation grades on
the first axis of all PCAs (Supplementary Figures 3 and 4). This shows that expression patterns
of both gene categories were sufficient to distinguish between tumor and adjacent tissues and
between tumor differentiation grades, irrespective of their association with HCC in the literature.
However, the amount of variance explained by the first PCA axis was generally higher for protein-
coding genes than for IncRNAs, and for frequently cited IncRNAs than for other IncRNAs
(Supplementary Figures 3 and 4), indicating a higher discriminative power for these gene

categories.

We next performed two differential expression (DE) analyses. First, we compared expression
levels between paired tumor and adjacent tissue samples, for the two patient cohorts (Ng et al.
2022; The Cancer Genome Atlas Research Network 2017). Second, we compared expression
levels between tumor samples depending on their degree of differentiation, as evaluated by the
Edmondson-Steiner grade (Martins-Filho et al. 2017), in the first patient cohort (Ng et al. 2022).
We identified significantly differentially expressed genes by setting a maximum false discovery
rate (FDR) threshold of 5% (Supplementary Tables 8 to 10). We compared the frequency of
significantly differentially expressed genes between protein-coding genes and IncRNAs, within
each citation class. We observed different tendencies for upregulated and downregulated genes.
First, we found that frequently cited IncRNAs are upregulated in tumors compared to adjacent

tissues at least as often as protein-coding genes, within the same citation class (Figure 3a). For



the TCGA cohort, frequently cited IncRNAs are significantly more often upregulated in tumors
compared to adjacent tissues than protein-coding genes (Chi-squared test, p-value 0.002,
Supplementary Figure 5). Likewise, frequently cited INcRNAs are upregulated in tumors with high
grades compared to tumors with low grades as often as protein-coding genes (Figure 3c). These
patterns are less strong for infrequently cited IncRNAs, and not observed for INcRNAs that are
not cited, which are significantly less often upregulated than protein-coding genes, for both DE
analyses (Chi-squared test, p-value < 1e-10, Figure 3a,c). Second, in contrast with the
observations for upregulated genes, we observed that IncRNAs are less often downregulated
than protein-coding genes, for all citation classes and for both DE analyses (Chi-squared test, p-
value < 0.02 for all comparisons, Figure 3b,d). Finally, we observed that for both DE analyses and
for both DE patterns (upregulation and downregulation), INcRNAs that are cited in association
with HCC are more often significantly differentially expressed than IncRNAs that are not cited
(Chi-squared test, p-value 0.004 for downregulation in tumors with high grades, p-value < 1e-10
in all other cases, Figure 3, Supplementary Figure 5). Overall, these observations are expected,
given that IncRNAs are often associated with HCC in publications because they are identified as
differentially expressed between HCC tissues and controls in transcriptomic data analyses. We
also analyzed the consistency of DE patterns between the two cohorts, for the same categories
of genes (Supplementary Figure 6). We observed that DE patterns are more often consistent
between cohorts for protein-coding genes than for INcCRNAs, irrespective of their citation class

(Supplementary Figure 6).

Having shown that HCC-associated IncRNAs are more often transcribed from bidirectional
promoters than protein-coding genes, we wanted to test whether in these cases the neighboring
genes also had altered expression in HCC. Indeed, we found that up to 30% of HCC-associated
IncRNAs (frequently or infrequently cited) had a close neighbor that was transcribed from the
same bidirectional promoter and that was significantly differentially expressed between tumors
and adjacent issues, for both patient cohorts (Supplementary Figure 7). These proportions were
significantly higher than for HCC-associated protein-coding genes (Chi-squared test, p-value <
1e-10), and for IncRNAs that are not associated with HCC (Chi-squared test, p-value 5e-7 for the
TCGA analysis, p-value < 1e-10 in all other cases, Supplementary Figure 7). The same
conclusion was reached for the DE analysis comparing tumor differentiation grades
(Supplementary Figure 7). These results suggest that IncRNAs found in close vicinity to DE

protein-coding genes are more often investigated in HCC publications.



Inconsistent expression patterns for IncRNAs that are frequently associated with HCC

We next wanted to investigate in detail the expression patterns of IncRNAs that are the most
frequently cited in association with HCC. We selected the 25 IncRNAs that had the highest
number of HCC-associated citations. These include MALAT1, HOTAIR, NEAT1, H19, XIST and
other IncRNAs that are often discussed in cancer research (Figure 4, Supplementary Figure 8,
Table 1). For these 25 IncRNAs, we browsed the literature to extract their previously reported
biological roles and expression patterns in HCC (Materials and methods, Table 1, Supplementary
Table 11). We compared these previously reported observations with our own findings regarding
the differential expression of these IncRNAs in the two patient cohorts (Table 1). We found

inconsistencies for several of the most prominent IncRNAs.

First, there were contradictory claims in the literature regarding the expression patterns of
MALAT1, H19, XIST and GASS5 (Table 1, Figure 4, Supplementary Figure 8). MALAT1 was
reported as upregulated in HCC tumors compared to controls in 14 studies and not significantly
differentially expressed in 3 studies. Our analyses show that it is upregulated in HCC tumors
compared to controls in the TCGA cohort, but not in the other patient cohort that we analyzed.
For H19, previous publications report it either as upregulated (3 studies), downregulated (3
studies) or not significantly DE (1 study) between HCC tumors and controls, while we find that it
is significantly downregulated in tumors compared to adjacent tissue samples. XIST was reported
to be upregulated in HCC tissues compared to controls in 4 studies and downregulated in 3
studies, while we find that it is not significantly differentially expressed between tissue types, for
both patient cohorts. Importantly, we note that our DE analyses include the sex of the patient as
a factor (Materials and methods), which is particularly relevant for XIST given its predominant
expression in females. Finally, GAS5 was reported as upregulated in HCC tumors compared to
controls (2 studies) and downregulated (4 studies), while we found it to be upregulated in tumors

compared to adjacent tissues, for both cohorts.

Second, we observed contradictions between previous reports and our own results for HOTAIR,
NEAT1, UCA1 and KCNQ1OT1 (Table 1, Figure 4, Supplementary Figure 8). In the case of
HOTAIR, all 12 previous studies report it as up-regulated in HCC tissues compared to controls,
while we find that it is not significantly DE between tumors and adjacent tissues, nor between
tumor differentiation grades. NEAT1 and KCNQ10OT1 were reported to be upregulated in HCC
tumors compared to controls in all available studies (18 for NEAT1 and 5 for KCNQ10T1), while

we found them to be significantly downregulated in one patient cohort and not significantly DE in



the other one. UCA1 was reported as upregulated in the literature (3 studies), while we found it
to be significantly downregulated in both patient cohorts. To a lesser extent, we observe
inconsistencies for SNHG 16 and CASC2, for which we only found a significant DE pattern in one

patient cohort (Table 1, Figure 4, Supplementary Figure 8).

In addition to the reported expression patterns, we also analyzed the biological roles attributed to
IncRNAs in the literature. We observed that the top 25 IncRNAs were often claimed to act as
oncogenes or tumor suppressors, depending on their expression pattern. Almost systematically,
IncRNAs that were upregulated in tumors compared to controls were reported to act as
oncogenes, while downregulated IncRNAs were reported to act as tumor suppressors. One
exception is MEGS3, for which an oncogene role was claimed in one publication, despite its
downregulation in tumors (Table 1). We were not able to verify whether the oncogene or tumor
suppressor roles were supported by additional experimental evidence. We also observed that
almost all of the top 25 IncRNAs were reported to act as competing endogenous RNAs (Ebert
and Sharp 2010), also known as sponges or decoy targets for microRNAs (Table 1). The only
exception was HOTTIP (Table 1).

Discussion

In this manuscript, our main goal was to investigate the reproducibility of IncRNA findings in HCC.
We performed a literature search which allowed us to evaluate the frequency of articles that
prominently cite IncRNAs in association with HCC (Materials and methods). This frequency has
rapidly increased since 2009, reaching almost 6% of all HCC-related articles in 2020. This
phenomenon is at least in part due to the fact that IncRNAs became easy to detect around 2009,
thanks to the development of sensitive transcriptome sequencing technologies (Wang, Gerstein,
and Snyder 2009). Interestingly, the frequency of IncRNA-citing articles among all HCC-
associated publications strongly decreased between 2021 and 2023. The fact that the peak
frequency was reached the year before the Covid-19 pandemic might perhaps be attributed to a
shift in interest, moving away from IncRNAs and perhaps towards topics related to Covid-19.
While this shift is understandable, this could suggest that the growing interest in IncRNAs in HCC
research may have been to some extent due to a fashion effect, which could easily decline if other
“hot topics” appear. The decline in the frequency of IncRNA-citing articles could also be due to
the growing interest for immunotherapy in HCC (Sangro et al., 2021), as these new treatments

do not target INcCRNAs.
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We found that the majority of HCC-associated INcRNAs were cited by exactly one article, as might
be expected given that IncRNAs are still a fairly new research topic. Nevertheless, this
observation is important, as it indicates that most IncRNA-related findings in HCC have not yet
been reproduced and that they should be considered with great caution. With this in mind, we
analyzed the frequency of retractions for IncRNA-citing articles (Figure 5, Materials and methods).
We found that 3.25% of all IncRNA-citing articles were retracted, which is almost three times more
than the frequency observed for articles that cite protein-coding genes (1.16%, Chi-squared test,
p-value 5.5e-10). This pattern holds even when articles are analyzed by year of publication
(Figure 5b). Given the time lag between an initial publication and a potential retraction, we predict
that the number of retractions of IncRNA-citing articles in HCC will increase even more in the next

few years.

We also showed that the genomic and expression characteristics of HCC-associated IncRNAs
are different from those of other IncRNAs. In particular, we found that HCC-associated IncRNAs
are more highly expressed, more often found on the antisense strand of other genes, and more
often transcribed from bidirectional promoters than other IncRNAs. These characteristics may not
be independent from each other. The higher expression levels of HCC-associated IncRNAs can
be easily explained, given that many of the studies that put them forward rely on comparative
transcriptomics analyses, in particular differential expression analyses, the sensitivity of which is
strongly correlated with gene expression levels (Love, Huber, and Anders 2014). Moreover,
IncRNAs that are found on the antisense of protein-coding genes or transcribed from bidirectional
promoters shared with protein-coding genes are generally more highly expressed than purely
intergenic IncRNAs. Thus, the skewed genomic characteristics of HCC-associated IncRNAs are
expected to some extent, given the discovery bias in favor of highly expressed genes. However,
we also observed that HCC-associated INncRNAs have neighbors that are themselves frequently
differentially expressed between tumors and controls, significantly more so than protein-coding
genes. This could be in part due to the presence of large-scale copy number alterations in HCC,
which could encompass several neighboring genes. This observation might also indicate that
neighbors of genes that are already known to be associated with HCC may be more frequently
investigated or more frequently put forward in publications, which would introduce a bias in the
genomic landscape of IncRNAs associated with HCC. Evidently, and especially given that
antisense INcRNAs are often proposed to regulate the expression of the gene they overlap with
(Werner et al. 2024), pairs of sense/antisense genes can be genuinely involved in similar

biological processes, including tumorigenesis. Nevertheless, we stress that the genomic context
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of the IncRNAs associated with HCC is not sufficiently discussed in the corresponding
publications. For example, HOTAIR and HOTTIP, two of the 25 most frequently cited IncRNAs,
are transcribed from the antisense strand of the HOXC and HOXA clusters of genes. However,
we found that the publications that investigate the putative roles of HOTAIR and HOTTIP in HCC
do not often investigate their protein-coding neighbors, despite their well described roles in
organismal development (Supplementary Table 11). Some exceptions exist (Quagliata et al.
2014), but we believe that the genomic context of candidate disease-associated IncRNAs should

systematically be assessed, in order to better evaluate their putative biological roles.

Finally, in this manuscript we analyzed in depth the previously reported expression patterns and
biological roles for the 25 IncRNAs that were most frequently associated with HCC in scientific
publications. These top INcRNAs include transcripts that have been discovered and extensively
studied outside the HCC context, such as H19, XIST, MALAT1, HOTAIR (Figure 4). This may
again be indicative of a biased representation of HCC-associated IncRNAs, as genes that are
already well known tend to be more often investigated or put forward as interesting candidates.
Strikingly, for 10 out of these 25 IncRNAs we found contradictions either within the existing
literature, or between previous reports and our own findings regarding their expression patterns
in HCC tumors and controls (Table 1). This is the case for some of the best-described IncRNAs,
such as MALAT1, NEAT1, HOTAIR, H19 and XIST. Some of the contradictions between the
expression patterns observed for IncRNAs in different publications might be due to differences in
the genetic background of the patient cohort, or in the techniques that were used to collect
biological samples or to prepare RNA sequencing libraries. As IncRNAs are often proposed as
candidate oncogenes or tumor suppressors starting from transcriptome comparative analyses,
we believe it is crucial to analyze multiple patient cohorts, to better assess the impact of cohort
composition (not only in terms of genetic background but also in terms of underlying diseases,
tumor differentiation grades, etc.) on the observed expression patterns. Here, we endeavored to
do this by analyzing two large patient cohorts, including the TCGA dataset that is often used as a
reference in transcriptome-based studies. Importantly, the analyses that we performed on the two
datasets are in agreement with each other and in contradiction with the literature for some of the
most highly-cited IncRNAs, including HOTAIR, H19 and XIST (Figure 4, Supplementary Figure
4). This comparison allows us to be confident that the inconsistencies that we observe between

our observations and previous reports are not all simply due to differences among cohorts.
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These inconsistencies that we observed for the expression patterns of IncRNAs do not
necessarily invalidate the proposed biological roles of the INcCRNAs, if - and only if - these roles
are supported by additional, solid evidence. However, contradictions regarding the functions of
IncRNAs were also previously reported following experimental validations of IncRNAs, as
illustrated by the debates surrounding MALAT1 (Kim et al. 2018) and H19 (Tietze and Kessler
2020). More worryingly, our scan of the literature for the top 25 HCC-associated IncRNAs leads
us to believe that differential expression between HCC tumors and controls is often the only basis
for proposing oncogene or tumor suppressor roles for INcRNAs (Table 1, Supplementary Table
11). We also find it puzzling and concerning that the overwhelming majority (24 of 25) of these
highly-cited IncRNAs are proposed to act as competing endogenous RNAs (Table 1), including
IncRNAs such as XIST for which other biological mechanisms are well established (Augui, Nora,
and Heard 2011).

A recent review has aimed to raise awareness of questionable evidence and unsubstantiated
claims related to IncRNAs in the scientific literature (Ponting and Haerty 2022). We believe that
this critical point of view is extremely important in the context of cancer research, which cannot

afford to be plagued by unreliable reports of IncRNA functions.

Materials and methods

Gene annotations

We extracted human gene annotations from Ensembl release 109 (Martin et al. 2023). We
selected long non-coding RNAs and protein-coding genes based on Ensembl gene biotypes
(“IncRNA” and “protein_coding”, respectively). We excluded from our analyses genes that were

located on alternate sequences (e.g., haplotypes corresponding to the MHC region).

Literature analysis

We used the esearch tool from the NCBI E-utilities to search in PubMed for articles containing
the phrase “hepatocellular carcinoma” in the title (hereafter named HCC-associated articles). We
obtained 76,491 PubMed entries. The search was performed on March 11th, 2024. We processed
the results with a custom Perl script to extract for each entry its PubMed identifier, the journal, the
year of publication, the publication type, as well as the genes that were cited in the abstract. To
identify the cited genes, we first extracted from Ensembl release 109 (Martin et al. 2023) HGNC
symbols and synonyms for each gene. We then matched abstract words (after removing

punctuation, parentheses, and brackets) with gene symbols and synonyms. We excluded 92 gene
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names that coincided with commonly used abbreviations not related to genes (e.g. HR for hazard
ratio, CP for Child-Pugh cirrhosis score, etc.). For the 25 most-cited IncRNAs, we extracted all
articles that cite them and manually extracted from the abstracts the following information, if
available: the expression pattern in HCC tissues versus controls; the expression pattern in HCC
model cell lines versus control cell lines; whether the article was focused on the IncRNAs (as
opposed e.g. to articles focused on a different type of gene or on a treatment); whether the article
was a review; whether the INcRNA was presented as an oncogene, a tumor suppressor or a
biomarker; whether the IncRNA was presented as a competing endogenous RNA for microRNAs;
whether the INcRNA was said to regulate microRNA expression. We then summarized this
information for each IncRNA, excluding review articles and articles that were not focused on
IncRNAs.

Transcriptome sequencing data

We analyzed transcriptome sequencing data from two HCC patient cohorts. The first one, which
is presented in the main analyses in the manuscript, was described in a recent publication (Ng et
al. 2022). This dataset included transcriptome sequencing data for tumor biopsies from 114 HCC
patients, obtained prior to treatment. The sequencing data is available at the European Genome-
Phenome Archive with the accession number EGAS00001005074. We complemented this
dataset with transcriptome sequencing data for adjacent tissue biopsies for the same cohort of
patients. The sequencing data was generated with the same methods as the corresponding tumor
samples (Ng et al. 2022). Briefly, RNA was extracted with the RNA MiniPrep Plus kit (Zymo
Research), RNA-seq libraries were prepared with the lllumina TruSeq Stranded Total RNA Library
Prep Kit with Ribo-Zero Gold and sequenced as single-end 126 base pairs (bp) reads on an
lllumina HiSeq 2500 machine. We were able to analyze transcriptome sequencing data for 105
patients for which paired tumor and adjacent tissue biopsies were available. We submitted the
transcriptome sequencing data for the adjacent tissue biopsies to the European Genome-
Phenome Archive (accession number pending). The second HCC patient cohort was generated
by The Cancer Genome Atlas (TCGA) consortium (The Cancer Genome Atlas Research Network
2017). Specifically, we analyzed TCGA transcriptome sequencing data for paired tumor and
adjacent tissue biopsies, for 37 HCC patients. This transcriptome sequencing dataset was
generated with the lllumina TruSeq mRNA protocol, which selects polyA-containing transcripts

and does not preserve RNA strand information.
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Gene expression estimation

We used kallisto version 0.46.1 (Bray et al. 2016) to compute expression levels for Ensembl-
annotated genes. For the Ng et al 2022 single-end RNA-seq data, we set the average RNA
fragment length at 200 bp and the standard deviation at 25 bp and we set the strand-specific
library orientation parameter to “rf-stranded”. For the TCGA data, which consists of paired-end
unstranded reads, these settings were not used. For both Ng et al 2022 and TCGA data we
enabled the bias correction method implemented in kallisto to account for the effects of nucleotide
composition on the frequency and distribution of RNA-seq reads, using a patch to correct an error
in the bootstrap procedure when bias correction is enabled

(https://github.com/pveber/kallisto/tree/use-bias-in-bootstrap).

Differential expression analyses

We used the tximport R package (Soneson, Love, and Robinson 2015) to import in R the gene
expression estimates obtained with kallisto. We then used functions in the DESeg2 R package
(Love, Huber, and Anders 2014) to test for differential expression (DE) between conditions. For
both Ng et al 2022 and TCGA datasets, we tested for DE between tumor and adjacent tissue
samples. To do this, we constructed an additive model in DESeq2 with the tissue type (tumor or
adjacent tissue) and the patient identity as explanatory variables and we used the Wald test to
evaluate expression differences between tissue types. For the Ng et al 2022 dataset, we also
tested for DE between tumor differentiation stages, by contrasting tumor samples with
Edmondson-Steiner grades | and Il and tumor samples with Edmondson-Steiner grades Ill and
IV. For this analysis, we again constructed an additive model with two explanatory variables,
namely the sex of the patient and the Edmondson-Steiner grade class, and we applied the Wald
test to evaluate DE between Edmondson-Steiner grade classes. For all DE analyses, we used
the Benjamini-Hochberg procedure to correct for multiple testing and we selected significantly DE

genes by setting a maximum false discovery rate (FDR) threshold.

Principal component analyses

We used the dudi.pca function in the ade4 R package to perform principal component analyses
(PCA). We used as an input TPM values, transformed with the function x -> log2(x+1). The data
was centered before performing the PCA. We computed the percentage of variation explained by

each PCA axis starting from the eigenvalues corresponding to each axis.
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Gene localisation analysis

We extracted gene coordinates from Ensembl release 109 (Martin et al. 2023) and we analyzed
them to extract gene body overlaps on the sense and antisense strand. We then looked for
bidirectional promoters by extracting the positions of the transcription initiation site (TSS) for each
gene and identifying the TSS found on the opposite strand, within a maximum distance of 1
kilobase (kb).

Sequence conservation analyses

We downloaded PhastCons (Siepel et al. 2005) sequence conservation scores from the UCSC
Genome Browser (Raney et al. 2024). These scores were computed on a whole genome
alignment between human (hg38 assembly) and 29 other mammals, including 26 primates. We
computed the average PhastCons score for the exonic regions of each gene, excluding exonic

parts that overlap with exons from other genes.
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Table 1. Characteristics of the 25 IncRNAs that are most frequently cited in association with HCC.

Name Ng et al 2022 TCGA N ¢ [Reported expression | Reported role © Reported
expression ? | expression ? ceRNA
interactions f
MALAT1 N.S. upregulated 32 upregulated (n=14) oncogene (n=12) 10
N.S. (n=3)
HOTAIR N.S. N.S. 26 upregulated (n=12) oncogene (n=7) 2
NEAT1 |downregulated N.S. 32 upregulated (n=18) oncogene (n=12) 4
H19 downregulated | downregulated | 20 upregulated (n=3) oncogene (n=6) 3
downregulated (n=3) |tumor suppressor
N.S. (n=1) (n=2)
HULC upregulated upregulated 18 upregulated (n=6) oncogene (n=3) 6
SNHG1 upregulated upregulated 20 upregulated (n=9) oncogene (n=4) 10
MEG3 downregulated | downregulated | 17 downregulated (n=7) oncogene (n=1) 4
tumor suppressor
(n=2)

MKLN1-AS| upregulated upregulated 19 upregulated (n=6) oncogene (n=1) 2
CYTOR upregulated upregulated 18 upregulated (n=7) oncogene (n=6) 6
SNHG3 upregulated upregulated 15 upregulated (n=4) oncogene (n=3) 1

PVT1 upregulated upregulated 15 upregulated (n=9) oncogene (n=1) 3
SNHG16 upregulated N.S. 14 upregulated (n=11) oncogene (n=2) 7
CRNDE upregulated upregulated 16 upregulated (n=11) oncogene (n=5) 3

XIST N.S. N.S. 13 upregulated (n=5) oncogene (n=4) 4

downregulated (n=4) |tumor suppressor
(n=2)
SNHG6 upregulated upregulated 11 upregulated (n=4) oncogene (n=5) 4

MIR4435- upregulated upregulated 12 upregulated (n=7) oncogene (n=5) 3

2HG

UCA1 downregulated | downregulated | 8 upregulated (n=3) oncogene (n=3)

GAS5 upregulated upregulated 10 upregulated (n=2) oncogene (n=1)

downregulated (n=4) |tumor suppressor
(n=3)
ZFPM2- upregulated upregulated 14 upregulated (n=5) oncogene (n=4) 2

AS1
CDKN2B- upregulated upregulated 12 upregulated (n=8) oncogene (n=5) 4

AS1

NRAV upregulated upregulated 13 upregulated (n=2) oncogene (n=1) 1
DUXAPS8 upregulated upregulated 11 upregulated (n=5) oncogene (n=4) 4
HOTTIP upregulated upregulated 8 upregulated (n=3) oncogene (n=4) 0
CASC2 |downregulated N.S. 10 downregulated (n=8) |tumor suppressor 3

(n=5)
KCNQ10T1| downregulated N.S. 8 upregulated (n=5) oncogene (n=5) 5
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Table legends

Table 1. Characteristics of the 25 IncRNAs that are most frequently cited in association with HCC.
The IncRNAs for which inconsistencies were detected are highlighted in bold. a) Expression
pattern in the Ng et al 2022 cohort, in the DE analysis contrasting tumor biopsies with adjacent
tissue biopsies. b) Expression pattern in the TCGA HCC cohort, in the DE analysis contrasting
tumor biopsies with adjacent tissue biopsies. ¢) Number of articles focusing on HCC and IncRNAs
that cite the focus INcCRNA in the abstract, excluding reviews. d) Expression patterns reported in
the literature, for the comparison between HCC tumor tissues and adjacent tissue or normal liver.
Studies performed exclusively on cell lines are excluded. e) Reported role for the focal INcRNA
(oncogene or tumor suppressor) in the literature. f) Number of reported regulatory interactions
between the focal IncRNA and microRNAs, as a competing endogenous RNA (ceRNA or miRNA
sponge). a,b) A maximum FDR threshold of 5% was set to identify significantly differentially

expressed genes.

Figure legends

Figure 1. Long non-coding RNAs are frequently cited in association with HCC. a) Barplot
representing the percentage of all HCC publications that cite long non-coding RNAs in the
abstract, between 2009 and 2022. b) Histogram of the number of HCC-associated publications in
which each IncRNA is cited in the abstract. Labels indicate the names of the INcRNAs with 20 or

more citations.

Figure 2. Characteristics of HCC-associated IncRNAs and comparison with other IncRNAs and
with protein-coding genes. Protein-coding genes are depicted in red and divided into 3 categories:
cited in more than one HCC publication, in exactly one publication, or not cited. Long non-coding
RNAs are depicted in blue and divided in the same categories. Red: protein-coding genes. Blue:
IncRNAs. a) Violin plots representing the distribution of the average expression level (log2-
transformed TPM) for Ng et al 2022 tumor samples. b) Same as a), for Ng et al 2022 adjacent
tissue samples. c) Percentage of genes that have antisense overlap with other genes. d)
Percentage of genes that have a bidirectional promoter. e) Average exonic sequence
conservation score (PhastCons score). a) to €) Numeric values represent p-values of the

Wilcoxon rank sum test (panels a, b and e) or of the Chi-squared test (panels c, d), for the
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comparisons between protein-coding genes and IncRNAs, or between citation classes for

IncRNAs. For the barplots, vertical bars represent 95% confidence intervals.

Figure 3. Differential expression patterns for HCC-associated IncRNAs and comparison with
other IncRNAs and with protein-coding genes, in the Ng et al 2022 transcriptome dataset. Protein-
coding genes are depicted in red and divided into 3 categories: cited in more than one HCC
publication, in exactly one publication, or not cited. Long non-coding RNAs are depicted in blue
and divided in the same categories. A maximum FDR threshold of 5% was set to extract
significantly DE genes. a) Percentage of genes that are significantly up-regulated in tumors
compared to adjacent tissues. b) Percentage of genes that are significantly down-regulated in
tumors compared to adjacent tissues. c) Percentage of genes that are significantly up-regulated
in tumor samples with Edmonson-Steiner grades Il and IV compared with tumor samples with
Edmondson-Steiner grades | and Il. d) Percentage of genes that are significantly down-regulated
in tumor samples with Edmonson-Steiner grades Il and IV compared with tumor samples with
Edmondson-Steiner grades | and Il. a) to d) Numeric values represent p-values of the Chi-squared
test for the comparisons between protein-coding genes and IncRNAs, or between citation classes

for IncRNAs. Vertical bars represent 95% confidence intervals.

Figure 4. Expression patterns for the 25 IncRNAs with the highest numbers of HCC-associated
citations, in the Ng et al 2022 transcriptome dataset. a) Clinical characteristics for the tumor
samples included in this analysis. b) Violin plot depicting the distribution of the normalized
expression differences between paired tumor and adjacent tissue biopsies, across the 105
analyzed patients. c) Arrows indicating whether the difference between tumor and paired adjacent
tissue biopsies was statistically significant (FDR < 5%), and if so, the direction of the expression
change (up-regulated or down-regulated). Dark gray arrows indicate absolute fold expression
changes above 1.5. d) Barplot depicting the expression levels (log2-transformed TPM) across the
tumor samples. Bars are colored depending on the Edmondson-Steiner grade of the tumors. e)
Arrows indicating whether the difference between tumor and paired adjacent tissue biopsies was
statistically significant (FDR < 5%), and if so, the direction of the expression change (up-regulated

or down-regulated).

Figure 5. Retraction statistics for HCC-associated articles. a) Percentage of retracted articles,

among all HCC-associated articles that cite protein-coding genes (red) or IncRNAs (blue) in the
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abstract, and among all other HCC-associated articles (gray). b) Percentage of retracted articles

per year, between 2009 and 2022, for the same 3 article categories.

Supplementary Figure legends

Supplementary Figure 1. HCC-associated publications that cite protein-coding genes in the
abstract. a) Barplot representing the percentage of all HCC publications that cite protein-coding
genes in the abstract, between 2009 and 2022. b) Histogram of the number of HCC-associated

publications in which each protein-coding gene is cited in the abstract.

Supplementary Figure 2. Expression patterns for HCC-associated IncRNAs, in comparison with
protein-coding genes and other IncRNAs, in the TCGA HCC dataset. Protein-coding genes are
depicted in red and divided into 3 categories: cited in more than one HCC publication, in exactly
one publication, or not cited. Long non-coding RNAs are depicted in blue and divided in the same
categories. Red: protein-coding genes. Blue: IncRNAs. a) Violin plots representing the distribution
of the average expression level (log2-transformed TPM) for TCGA tumor samples. b) Same as
a), for TCGA adjacent tissue samples. Numeric values represent p-values of the Wilcoxon rank

sum test, between protein-coding genes and IncRNAs or between citation classes for IncRNAs.

Supplementary Figure 3. Principal component analyses (PCA) for IncRNA and protein-coding
genes expression patterns, for the Ng et al 2022 transcriptome dataset. PCA was performed
separately for each class of genes, on log2-transformed TPM values. Dots represent individual
samples. Gray: adjacent tissue samples; yellow: tumor samples with Edmondson-Steiner grade
I; orange: tumor samples with Edmondson-Steiner grade II; maroon: tumor samples with
Edmondson-Steiner grade lll; bright red: tumor samples with Edmondson-Steiner grade V. a)
PCA first factorial map, for protein-coding genes cited in more than one HCC publication. b) Same
as a), for IncRNAs cited in more than one HCC publication. ¢c) Same as a), for protein-coding
genes cited in exactly one HCC publication. d) Same as a), for IncRNAs cited in exactly one HCC
publication. €) Same as a), for protein-coding genes not cited in association with HCC. f) Same

as a), for IncRNAs not cited in association with HCC.
Supplementary Figure 4. Principal component analyses (PCA) for IncRNA and protein-coding

genes expression patterns, for the TCGA transcriptome dataset. PCA was performed separately

for each class of genes, on log2-transformed TPM values. Dots represent individual samples.

20



Gray: adjacent tissue samples; orange: tumor samples. a) PCA first factorial map, for protein-
coding genes cited in more than one HCC publication. b) Same as a), for IncRNAs cited in more
than one HCC publication. c) Same as a), for protein-coding genes cited in exactly one HCC
publication. d) Same as a), for IncRNAs cited in exactly one HCC publication. €) Same as a), for
protein-coding genes not cited in association with HCC. f) Same as a), for IncRNAs not cited in

association with HCC.

Supplementary Figure 5. Differential expression patterns for HCC-associated IncRNAs and
comparison with other IncRNAs and with protein-coding genes, in the TCGA transcriptome
dataset. Protein-coding genes are depicted in red and divided into 3 categories: cited in more
than one HCC publication, in exactly one publication, or not cited. Long non-coding RNAs are
depicted in blue and divided in the same categories. A maximum FDR threshold was set to extract
significantly DE genes. a) Percentage of genes that are significantly up-regulated in tumors
compared to adjacent tissues. b) Percentage of genes that are significantly down-regulated in

tumors compared to adjacent tissues. Vertical bars represent 95% confidence intervals.

Supplementary Figure 6. Comparison of DE patterns between the Ng et al 2022 and the TCGA
datasets. Protein-coding genes and IncRNAs are divided into 3 categories: cited in more than one
HCC publication, in exactly one publication, or not cited. Green dots represent genes with
consistent DE patterns (FDR < 5% in both datasets, in the same direction). Red dots represent
genes with contradictory DE patterns (FDR < 5% in both datasets, opposite directions). Gray dots
represent all other cases. a) Scatter plot representing the relationship between the log2 fold
expression change between tumors and adjacent tissues in the Ng et al dataset (X-axis) and in
the TCGA dataset (Y-axis), for protein-coding genes cited in more than one HCC-associated
publication. b) Same as a), for IncRNAs cited in more than one HCC-associated publication. c)
Same as a), for protein-coding genes cited in exactly one HCC-associated publication. d) Same
as a), for IncRNAs cited in exactly one HCC-associated publication. e) Same as a), for protein-
coding genes not cited in association with HCC. f) Same as a), for protein-coding genes not cited

in association with HCC.

Supplementary Figure 7. Neighbors of HCC-associated IncRNAs are often differentially
expressed. Protein-coding genes are depicted in red and divided into 3 categories: cited in more
than one HCC publication, in exactly one publication, or not cited. Long non-coding RNAs are

depicted in blue and divided in the same categories. a) Percentage of genes that have a
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bidirectional promoter neighbor that is significantly DE between tumors and adjacent tissues in
the Ng et al 2022 dataset. b) Percentage of genes that have a bidirectional promoter neighbor
that is significantly DE between tumors with Edmondson-Steiner grades Ill and IV and tumors
with Edmondson-Steiner grades | and Il in the Ng et al 2022 dataset. c) Percentage of genes that
have a bidirectional promoter neighbor that is significantly DE between tumors and adjacent
tissues in the TCGA dataset. Numeric values represent p-values of the Chi-squared test for the
comparisons between protein-coding genes and IncRNAs, or between citation classes for
IncRNAs.

Supplementary Figure 8. Expression patterns for the 25 IncRNAs with the highest numbers of
HCC-associated citations in the TCGA transcriptome dataset. a) Violin plot depicting the
distribution of the normalized expression differences between paired tumor and adjacent tissue
biopsies, across the 105 analyzed patients. b) Arrows indicating whether the difference between
tumor and paired adjacent tissue biopsies was statistically significant (FDR < 5%), and if so, the
direction of the expression change (up-regulated or down-regulated). Dark gray arrows indicate

absolute fold expression changes above 1.5.

Supplementary Table legends

Supplementary Table 1. List of all PubMed articles that were analyzed here.

Supplementary Table 2. List of all HCC-associated IncRNAs.

Supplementary Table 3. List of all HCC-associated protein-coding genes.

Supplementary Table 4. Information for tumor biopsies derived from (Ng et al. 2022).
Supplementary Table 5. Information for adjacent tissue biopsies, paired with tumor biopsies
derived from (Ng et al. 2022).

Supplementary Table 6. Genomic and expression characteristics of INcRNAs.

Supplementary Table 7. Genomic and expression characteristics of protein-coding genes.
Supplementary Table 8. Differential expression results, tumor vs. adjacent tissue biopsies, data
from (Ng et al. 2022).

Supplementary Table 9. Differential expression results, Edmondson-Steiner grades, data from
(Ng et al. 2022).

Supplementary Table 10. Differential expression results, tumor vs. adjacent tissue biopsies, data
from TCGA.

Supplementary Table 11. Literature scan for the top 25 HCC-associated IncRNAs.

22



23



References

Amandio, A. R., A. Necsulea, E. Joye, B. Mascrez, and D. Duboule. 2016. ‘Hotair Is Dispensible
for Mouse Development’. PLoS Genetics 12 (12): €1006232.
https://doi.org/10.1371/journal.pgen.1006232.

Amaral, Paulo, Silvia Carbonell-Sala, Francisco M. De La Vega, Tiago Faial, Adam Frankish,
Thomas Gingeras, Roderic Guigo, et al. 2023. ‘The Status of the Human Gene
Catalogue’. Nature 622 (7981): 41-47. https://doi.org/10.1038/s41586-023-06490-x.

Arun, Gayatri, Sarah Diermeier, Martin Akerman, Kung-Chi Chang, J. Erby Wilkinson, Stephen
Hearn, Youngsoo Kim, et al. 2016. ‘Differentiation of Mammary Tumors and Reduction in
Metastasis upon Malat1 IncRNA Loss’. Genes & Development 30 (1): 34-51.
https://doi.org/10.1101/gad.270959.115.

Augui, Sandrine, Elphége P. Nora, and Edith Heard. 2011. ‘Regulation of X-Chromosome
Inactivation by the X-Inactivation Centre’. Nature Reviews. Genetics 12 (6): 429-42.
https://doi.org/10.1038/nrg2987.

Bassett, Andrew R., Asifa Akhtar, Denise P. Barlow, Adrian P. Bird, Neil Brockdorff, Denis
Duboule, Anne Ephrussi, et al. 2014. ‘Considerations When Investigating INcRNA
Function in Vivo'. eLife 3 (August):e03058.

Brannan, C. |, E. C. Dees, R. S. Ingram, and S. M. Tilghman. 1990. ‘The Product of the H19
Gene May Function as an RNA’. Molecular and Cellular Biology 10 (1): 28—36.

Bray, N. L., H. Pimentel, P. Melsted, and L. Pachter. 2016. ‘Near-Optimal Probabilistic RNA-Seq
Quantification’. Nature Biotechnology 34 (5): 525-27. https://doi.org/10.1038/nbt.3519.

Brown, C. J., A. Ballabio, J. L. Rupert, R. G. Lafreniere, M. Grompe, R. Tonlorenzi, and H. F.
Willard. 1991. ‘A Gene from the Region of the Human X Inactivation Centre Is
Expressed Exclusively from the Inactive X Chromosome’. Nature 349 (6304 ): 38—44.
https://doi.org/10.1038/349038a0.

Cui, Hongxia, Yunxing Zhang, Qiujie Zhang, Wenming Chen, Haibo Zhao, and Jun Liang. 2017.
‘A Comprehensive Genome-Wide Analysis of Long Noncoding RNA Expression Profile
in Hepatocellular Carcinoma’. Cancer Medicine 6 (12): 2932—41.
https://doi.org/10.1002/cam4.1180.

Derrien, Thomas, Rory Johnson, Giovanni Bussotti, Andrea Tanzer, Sarah Djebali, Hagen
Tilgner, Gregory Guernec, et al. 2012. ‘The GENCODE v7 Catalog of Human Long
Noncoding RNAs: Analysis of Their Gene Structure, Evolution, and Expression’.
Genome Research 22 (9): 1775-89. https://doi.org/10.1101/gr.132159.111.

Djebali, Sarah, Carrie A. Davis, Angelika Merkel, Alex Dobin, Timo Lassmann, Ali Mortazavi,
Andrea Tanzer, et al. 2012. ‘Landscape of Transcription in Human Cells’. Nature 489
(7414): 101-8. https://doi.org/10.1038/nature11233.

Ebert, Margaret S., and Phillip A. Sharp. 2010. ‘Emerging Roles for Natural microRNA
Sponges’. Current Biology: CB 20 (19): R858-861.
https://doi.org/10.1016/j.cub.2010.08.052.

Engreitz, Jesse M., Noah Ollikainen, and Mitchell Guttman. 2016. ‘Long Non-Coding RNAs:
Spatial Amplifiers That Control Nuclear Structure and Gene Expression’. Nature
Reviews. Molecular Cell Biology 17 (12): 756—70. https://doi.org/10.1038/nrm.2016.126.

Finn, Richard S., Shukui Qin, Masafumi Ikeda, Peter R. Galle, Michel Ducreux, Tae-You Kim,
Masatoshi Kudo, et al. 2020. ‘Atezolizumab plus Bevacizumab in Unresectable
Hepatocellular Carcinoma’. The New England Journal of Medicine 382 (20): 1894—1905.
https://doi.org/10.1056/NEJMo0a1915745.

Goudarzi, Mehdi, Kathryn Berg, Lindsey M. Pieper, and Alexander F. Schier. 2019. ‘Individual
Long Non-Coding RNAs Have No Overt Functions in Zebrafish Embryogenesis, Viability
and Fertility’. eLife 8 (January). https://doi.org/10.7554/eLife.40815.

Groff, Abigail F., A. Rasim Barutcu, Jordan P. Lewandowski, and John L. Rinn. 2018.

24



‘Enhancers in the Peril lincRNA Locus Regulate Distant but Not Local Genes’. Genome
Biology 19 (1): 219. https://doi.org/10.1186/s13059-018-1589-8.

Groff, Abigail F., Diana B. Sanchez-Gomez, Marcela M. L. Soruco, Chiara Gerhardinger, A.
Rasim Barutcu, Eric Li, Lara Elcavage, et al. 2016. ‘In Vivo Characterization of Linc-P21
Reveals Functional Cis-Regulatory DNA Elements’. Cell Reports 16 (8): 2178-86.
https://doi.org/10.1016/j.celrep.2016.07.050.

Gutschner, Tony, and Sven Diederichs. 2012. ‘The Hallmarks of Cancer: A Long Non-Coding
RNA Point of View’. RNA Biology 9 (6): 703—19. https://doi.org/10.4161/rna.20481.

Guttman, Mitchell, Ido Amit, Manuel Garber, Courtney French, Michael F. Lin, David Feldser,
Maite Huarte, et al. 2009. ‘Chromatin Signature Reveals over a Thousand Highly
Conserved Large Non-Coding RNAs in Mammals’. Nature 458 (7235): 223-27.
https://doi.org/10.1038/nature07672.

Haerty, Wilfried, and Chris P. Ponting. 2014. ‘No Gene in the Genome Makes Sense except in
the Light of Evolution’. Annual Review of Genomics and Human Genetics 15:71-92.
https://doi.org/10.1146/annurev-genom-090413-025621.

Hao, Y., T. Crenshaw, T. Moulton, E. Newcomb, and B. Tycko. 1993. ‘Tumour-Suppressor
Activity of H19 RNA’. Nature 365 (6448): 764—67. https://doi.org/10.1038/365764a0.

Hartke, Justin, Matthew Johnson, and Marwan Ghabril. 2017. ‘The Diagnosis and Treatment of
Hepatocellular Carcinoma’. Seminars in Diagnostic Pathology 34 (2): 153-59.
https://doi.org/10.1053/j.semdp.2016.12.011.

Ji, Ping, Sven Diederichs, Wenbing Wang, Sebastian Bding, Ralf Metzger, Paul M. Schneider,
Nicola Tidow, et al. 2003. ‘MALAT-1, a Novel Noncoding RNA, and Thymosin Beta4
Predict Metastasis and Survival in Early-Stage Non-Small Cell Lung Cancer’. Oncogene
22 (39): 8031-41. https://doi.org/10.1038/sj.onc.1206928.

Jiang, Ying, Aihua Sun, Yang Zhao, Wantao Ying, Huichuan Sun, Xinrong Yang, Baocai Xing,
et al. 2019. ‘Proteomics Identifies New Therapeutic Targets of Early-Stage
Hepatocellular Carcinoma’. Nature 567 (7747): 257-61. https://doi.org/10.1038/s41586-
019-0987-8.

Kim, Jongchan, Hai-Long Piao, Beom-Jun Kim, Fan Yao, Zhenbo Han, Yumeng Wang, Zhenna
Xiao, et al. 2018. ‘Long Noncoding RNA MALAT1 Suppresses Breast Cancer
Metastasis’. Nature Genetics 50 (12): 1705-15. https://doi.org/10.1038/s41588-018-
0252-3.

Lanzafame, Manuela, Gaia Bianco, Luigi M. Terracciano, Charlotte K. Y. Ng, and Salvatore
Piscuoglio. 2018. ‘The Role of Long Non-Coding RNAs in Hepatocarcinogenesis’.
International Journal of Molecular Sciences 19 (3).
https://doi.org/10.3390/ijms19030682.

Li, Gang, Hao Shi, Xinyi Wang, Bei Wang, Qiangian Qu, Haiyang Geng, and Hongjun Sun.
2019. ‘Identification of Diagnostic Long Non-coding RNA Biomarkers in Patients with
Hepatocellular Carcinoma’. Molecular Medicine Reports 20 (2): 1121-30.
https://doi.org/10.3892/mmr.2019.10307.

Love, Michael I., Wolfgang Huber, and Simon Anders. 2014. ‘Moderated Estimation of Fold
Change and Dispersion for RNA-Seq Data with DESeq2’. Genome Biology 15 (12): 550.
https://doi.org/10.1186/s13059-014-0550-8.

Martin, Fergal J., M. Ridwan Amode, Alisha Aneja, Olanrewaju Austine-Orimoloye, Andrey G.
Azov, If Barnes, Arne Becker, et al. 2023. ‘Ensembl 2023’. Nucleic Acids Research 51
(D1): D933—41. https://doi.org/10.1093/nar/gkac958.

Martins-Filho, Sebastiao N., Caterina Paiva, Raymundo Soares Azevedo, and Venancio
Avancini Ferreira Alves. 2017. ‘Histological Grading of Hepatocellular Carcinoma—a
Systematic Review of Literature’. Frontiers in Medicine 4 (November).
https://doi.org/10.3389/fmed.2017.00193.

Matouk, Imad J., Nathan DeGroot, Shaul Mezan, Suhail Ayesh, Rasha Abu-lail, Abraham

25



Hochberg, and Eithan Galun. 2007. ‘The H19 Non-Coding RNA |s Essential for Human
Tumor Growth’. PloS One 2 (9): e845. https://doi.org/10.1371/journal.pone.0000845.

Mattick, John S., Paulo P. Amaral, Piero Carninci, Susan Carpenter, Howard Y. Chang, Ling-
Ling Chen, Runsheng Chen, et al. 2023. ‘Long Non-Coding RNAs: Definitions,
Functions, Challenges and Recommendations’. Nature Reviews. Molecular Cell Biology
24 (6): 430-47. https://doi.org/10.1038/s41580-022-00566-8.

Necsulea, A, M Soumillon, Maria Warnefors, A Liechti, T Daish, F Grutzner, and H Kaessmann.
2014. ‘The Evolution of IncRNA Repertoires and Expression Patterns in Tetrapods’'.
Nature 505 (7485): 635-40.

Ng, Charlotte K. Y., Eva Dazert, Tuyana Boldanova, Mairene Coto-Llerena, Sandro Nuciforo,
Caner Ercan, Aleksei Suslov, et al. 2022. ‘Integrative Proteogenomic Characterization of
Hepatocellular Carcinoma across Etiologies and Stages’. Nature Communications 13
(1): 2436. https://doi.org/10.1038/s41467-022-29960-8.

Pinyol, Roser, Sara Torrecilla, Huan Wang, Carla Montironi, Marta Piqué-Gili, Miguel Torres-
Martin, Leow Wei-Qiang, et al. 2021. ‘Molecular Characterisation of Hepatocellular
Carcinoma in Patients with Non-Alcoholic Steatohepatitis’. Journal of Hepatology 75 (4):
865—78. https://doi.org/10.1016/j.jhep.2021.04.049.

Ponting, Chris P., and Wilfried Haerty. 2022. ‘Genome-Wide Analysis of Human Long
Noncoding RNAs: A Provocative Review'. Annual Review of Genomics and Human
Genetics 23 (August):153—-72. https://doi.org/10.1146/annurev-genom-112921-123710.

Quagliata, Luca, Matthias S. Matter, Salvatore Piscuoglio, Leila Arabi, Christian Ruiz, Alfredo
Procino, Michal Kovac, et al. 2014. ‘Long Noncoding RNA HOTTIP/HOXA13 Expression
Is Associated with Disease Progression and Predicts Outcome in Hepatocellular
Carcinoma Patients’. Hepatology (Baltimore, Md.) 59 (3): 911-23.
https://doi.org/10.1002/hep.26740.

Raney, Brian J., Galt P. Barber, Anna Benet-Pagés, Jonathan Casper, Hiram Clawson, Melissa
S. Cline, Mark Diekhans, et al. 2024. ‘The UCSC Genome Browser Database: 2024
Update’. Nucleic Acids Research 52 (D1): D1082-88.
https://doi.org/10.1093/nar/gkad987.

Sangro, Bruno, Pablo Sarobe, Sandra Hervas-Stubbs, and Ignacio Melero. 2021. ‘Advances in
Immunotherapy for Hepatocellular Carcinoma’. Nature Reviews. Gastroenterology &
Hepatology 18 (8): 525—43. https://doi.org/10.1038/s41575-021-00438-0.

Sarropoulos, loannis, Ray Marin, Margarida Cardoso-Moreira, and Henrik Kaessmann. 2019.
‘Developmental Dynamics of IncRNAs across Mammalian Organs and Species’. Nature
571 (7766): 510-14. https://doi.org/10.1038/s41586-019-1341-x.

Schultheiss, Christina S., Stephan Laggai, Beate Czepukojc, Usama K. Hussein, Markus List,
Ahmad Barghash, Sascha Tierling, et al. 2017. “‘The Long Non-Coding RNA H19
Suppresses Carcinogenesis and Chemoresistance in Hepatocellular Carcinoma’. Cell
Stress 1 (1): 37-54. https://doi.org/10.15698/cst2017.10.105.

Siepel, Adam, Gill Bejerano, Jakob S Pedersen, Angie S Hinrichs, Minmei Hou, Kate
Rosenbloom, Hiram Clawson, et al. 2005. ‘Evolutionarily Conserved Elements in
Vertebrate, Insect, Worm, and Yeast Genomes.” Genome Res 15 (8): 1034-50.
https://doi.org/10.1101/gr.3715005.

Soneson, Charlotte, Michael I. Love, and Mark D. Robinson. 2015. ‘Differential Analyses for
RNA-Seq: Transcript-Level Estimates Improve Gene-Level Inferences’. F1000Research
4:1521. https://doi.org/10.12688/f1000research.7563.2.

The Cancer Genome Atlas Research Network. 2017. ‘Comprehensive and Integrative Genomic
Characterization of Hepatocellular Carcinoma’. Cell 169 (7): 1327-1341.e23.
https://doi.org/10.1016/j.cell.2017.05.046.

Tietze, Lysann, and Sonja M. Kessler. 2020. ‘The Good, the Bad, the Question-H19 in
Hepatocellular Carcinoma’. Cancers 12 (5). https://doi.org/10.3390/cancers12051261.

26



Unfried, Juan P., Guillermo Serrano, Beatriz Suarez, Paloma Sangro, Valeria Ferretti, Celia
Prior, Loreto Boix, et al. 2019. ‘Identification of Coding and Long Non-Coding RNAs
Differentially Expressed in Tumors and Preferentially Expressed in Healthy Tissues’.
Cancer Research, August. https://doi.org/10.1158/0008-5472.CAN-19-0400.

Unfried, Juan Pablo, Paloma Sangro, Laura Prats-Mari, Bruno Sangro, and Puri Fortes. 2021.
‘The Landscape of IncRNAs in Hepatocellular Carcinoma: A Translational Perspective’.
Cancers 13 (11): 2651. https://doi.org/10.3390/cancers13112651.

Wang, Zhong, Mark Gerstein, and Michael Snyder. 2009. ‘RNA-Seq: A Revolutionary Tool for
Transcriptomics’. Nature Reviews. Genetics 10 (1): 57-63.
https://doi.org/10.1038/nrg2484.

Werner, Andreas, Aditi Kanhere, Claes Wahlestedt, and John S. Mattick. 2024. ‘Natural
Antisense Transcripts as Versatile Regulators of Gene Expression’. Nature Reviews.
Genetics, April. https://doi.org/10.1038/s41576-024-00723-z.

Yang, Ju Dong, Pierre Hainaut, Gregory J. Gores, Amina Amadou, Amelie Plymoth, and Lewis
R. Roberts. 2019. ‘A Global View of Hepatocellular Carcinoma: Trends, Risk, Prevention
and Management'. Nature Reviews. Gastroenterology & Hepatology 16 (10): 589-604.
https://doi.org/10.1038/s41575-019-0186-y.

Yang, Yang, Lei Chen, Jin Gu, Hanshuo Zhang, Jiapei Yuan, Qiuyu Lian, Guishuai Lv, et al.
2017. ‘Recurrently Deregulated IncRNAs in Hepatocellular Carcinoma’. Nature
Communications 8 (February):14421. https://doi.org/10.1038/ncomms14421.

Yoshimizu, Tomomi, Audrey Miroglio, Marie-Anne Ripoche, Anne Gabory, Maria Vernucci,
Andrea Riccio, Sabine Colnot, et al. 2008. ‘The H19 Locus Acts in Vivo as a Tumor
Suppressor’. Proceedings of the National Academy of Sciences of the United States of
America 105 (34): 12417-22. https://doi.org/10.1073/pnas.0801540105.

Zhou, Yong, Ren-Gen Fan, Cheng-Lin Qin, Jing Jia, Xu-Dong Wu, and Wen-Zhang Zha. 2019.
‘LncRNA-H19 Activates CDC42/PAK1 Pathway to Promote Cell Proliferation, Migration
and Invasion by Targeting miR-15b in Hepatocellular Carcinoma’. Genomics 111 (6):
1862—-72. https://doi.org/10.1016/j.ygeno.2018.12.009.

27



Q

8 _
7]
< (e
pd
o
O O_
= &
Q
S
4 €N o
© ]
£ S 8
7)) o
C [&]
S =
s B 27 SNHG1
: E
a € o HULC HOTAIR
(&) 2 27
o [MEG3] [ H19 |
T
© I 3 MKLN1-AS, SNHG3)| NEAT1 | [ MALAT1 |
o
S I I O I I I o - ""-'--—-'———-—— : :
DO~ ANMNMTLLONODOO A M
S EEooo55503NNY T ' ' ' ' ' ! ! ! '
NNANANANANANANN 1 5 10 15 20 25 30 35 40 45 50

year of publication number of publications citing each IncRNA

Figure 1: Long non-coding RNAs are frequently cited in association with HCC. a) Barplot
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IncRNA is cited in the abstract. Labels indicate the names of the IncRNAs with 20 or more citations.
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depicted in blue and divided in the same categories. Red: protein-coding genes. Blue: IncRNAs. a)
Violin plots representing the distribution of the average expression level (log2-transformed TPM) for
Ng et al 2022 tumor samples. b) Same as a), for Ng et al 2022 adjacent tissue samples. c)
Percentage of genes that have antisense overlap with other genes. d) Percentage of genes that have
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expression differences between paired tumor and adjacent tissue biopsies, across the 105 analyzed
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Supplementary Figure 3: Principal component analyses (PCA) for IncRNA and protein-coding
genes expression patterns, for the Ng et al 2022 transcriptome dataset. PCA was performed
separately for each class of genes, on log2-transformed TPM values. Dots represent individual
samples. Gray: adjacent tissue samples; yellow: tumor samples with Edmondson-Steiner grade |;
orange: tumor samples with Edmondson-Steiner grade |I; maroon: tumor samples with
Edmondson-Steiner grade Ill; bright red: tumor samples with Edmondson-Steiner grade 1V. a) PCA
first factorial map, for protein-coding genes cited in more than one HCC publication. b) Same as a),
for IncRNAs cited in more than one HCC publication. ¢) Same as a), for protein-coding genes cited
in exactly one HCC publication. d) Same as a), for IncRNAs cited in exactly one HCC publication. e)
Same as a), for protein-coding genes not cited in association with HCC. f) Same as a), for IncRNAs
not cited in association with HCC.
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Supplementary Figure 4: Principal component analyses (PCA) for IncRNA and protein-coding
genes expression patterns, for the TCGA transcriptome dataset. PCA was performed separately for
each class of genes, on log2-transformed TPM values. Dots represent individual samples. Gray:
adjacent tissue samples; orange: tumor samples. a) PCA first factorial map, for protein-coding genes
cited in more than one HCC publication. b) Same as a), for IncRNAs cited in more than one HCC
publication. ¢) Same as a), for protein-coding genes cited in exactly one HCC publication. d) Same
as a), for IncRNAs cited in exactly one HCC publication. e) Same as a), for protein-coding genes not
cited in association with HCC. f) Same as a), for IncRNAs not cited in association with HCC.
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Supplementary Figure 5: Differential expression patterns for HCC-associated IncRNAs and
comparison with other IncRNAs and with protein-coding genes, in the TCGA transcriptome dataset.
Protein-coding genes are depicted in red and divided into 3 categories: cited in more than one HCC
publication, in exactly one publication, or not cited. Long non-coding RNAs are depicted in blue and
divided in the same categories. A maximum FDR threshold was set to extract significantly DE genes.
a) Percentage of genes that are significantly up-regulated in tumors compared to adjacent tissues. b)
Percentage of genes that are significantly down-regulated in tumors compared to adjacent tissues.
Vertical bars represent 95% confidence intervals.
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Supplementary Figure 7: Neighbors of HCC-associated IncRNAs are often differentially expressed.
Protein-coding genes are depicted in red and divided into 3 categories: cited in more than one HCC
publication, in exactly one publication, or not cited. Long non-coding RNAs are depicted in blue and
divided in the same categories. a) Percentage of genes that have a bidirectional promoter neighbor
that is significantly DE between tumors and adjacent tissues in the Ng et al 2022 dataset. b)
Percentage of genes that have a bidirectional promoter neighbor that is significantly DE between
tumors with Edmondson-Steiner grades Il and IV and tumors with Edmondson-Steiner grades | and ||
in the Ng et al 2022 dataset. c) Percentage of genes that have a bidirectional promoter neighbor that
is significantly DE between tumors and adjacent tissues in the TCGA dataset. Numeric values
represent p-values of the Chi-squared test for the comparisons between protein-coding genes and
IncRNAs, or between citation classes for IncRNAs.
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Supplementary Figure 8: Expression patterns for the 25 IncRNAs with the highest numbers of
HCC-associated citations in the TCGA transcriptome dataset. a) Violin plot depicting the
distribution of the normalized expression differences between paired tumor and adjacent tissue
biopsies, across the 105 analyzed patients. b) Arrows indicating whether the difference between
tumor and paired adjacent tissue biopsies was statistically significant (FDR < 5%), and if so, the
direction of the expression change (up-regulated or down-regulated). Dark gray arrows indicate
absolute fold expression changes above 1.5.



