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Abstract

Hepatocellular carcinoma (HCC) is one of the most lethal cancer types. Infections with hepatitis B or hepatitis C viruses remain
the primary risk factors for HCC development worldwide, but metabolic dysfunction-associated steatohepatitis has become the
fastest-growing etiology of HCC, particularly in Western countries. Because translational control is important for tumor
metabolism, we combined ribosome profiling and mass spectrometry to map the translation landscape of steatohepatitis-
associated HCC, which has so far remained uncharacterized.

Methods: We performed ribosome profiling and mass spectrometry on tumor and non-tumor tissues from HCC patients across
viral and non-viral (steatohepatitis-associated) etiologies, and quantified the relationship between ribosome occupancy of
upstream open reading frames (UORFs) and coding sequences (CDSs).

Results: While transcriptional alterations are largely shared across etiologies, translational alterations differ substantially between
HCC with viral and non-viral backgrounds, with the latter characterized by translational “buffering” of RNA changes, systematically
lowering the magnitude of protein level variability between tumor and non-tumor tissues. Etiology-specific translational alterations
are converging on pathways such as mRNA translation, protein localization, and immune activity, with possible implications in
explaining etiology-specific response to HCC immunotherapy treatment. By quantifying the relationship between the ribosome
occupancy of upstream open reading frames (UORFs) and coding regions (CDSs), we identify and characterize more than a
hundred uORFs whose occupancy is coupled with the translation output of the CDS, including well-characterized repressive
regulatory uORFs in ATF4 and UCP2. We also identify numerous RNAs currently annotated as non-coding that show evidence
of translation, some yielding peptides that can be reproducibly identified in mass spectrometry datasets. They include the ORFs
in the HCC-related, highly expressed ZFASI lincRNA.

Conclusions: These results reveal extensive translational alterations in steatohepatitis-associated HCC supporting a model
whereby an immune-inflamed, non-tumor steatotic state with high activity of the stress response pathway in non-viral HCC
switches to an “immune-cold” malignant state with decreased stress response and decreased presence of molecules targeted by
immune checkpoint inhibition (ICl) therapies.
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Introduction

Liver cancer, of which the main type is common cancer worldwide and the third leading
hepatocellular carcinoma (HCC), is the sixth most cause of cancer-related deaths [1]. It arises in the
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background of chronic liver disease caused by
infection with hepatitis B or C viruses (HBV or HCV),
and increasingly by metabolic dysfunction (often
progressing to steatohepatitis (SH)) associated with
diabetes or obesity, as well as alcohol use [2,3].
Genomic [4,5], proteomic [6], and integrative multi-
omic [7-9] analyses have been carried out to decipher
the molecular alterations occurring in this
heterogeneous disease and enable more specific
treatments. However, the effect of the specific chronic
disease background on the progression to HCC
remains poorly understood.

The liver has one of the highest rates of protein
synthesis among adult mammalian organs [10-12],
regulated in concert with all its essential biological
activities, including insulin-dependent fatty acid
synthesis, lipogenesis, glycolysis, and ATP production
[13,14]. Interest in how mRNA translation is
remodeled to support the survival and proliferation of
cancer cells is growing [15-18], as translational control
could enable cancer cells to rapidly adapt to stress
without relying on new mRNA transcription. Several
mechanisms of translational control, such as high
expression of elF4E [19] or high PI3K-AKT-mTOR
signaling [20,21], could play a role in HCC [22]. These
mechanisms are of particular interest in a metabolic
background, where nutrient excess, lipid overload and
the associated endoplasmic reticulum stress converge
on the very pathways that set the rate of protein
synthesis [23]. However, their investigation in human
tissue samples has remained limited and their
potential relevance in HCC of different etiologies is
unknown.

Ribosome profiling/footprinting, also known as
ribo-seq, is broadly used to quantitatively study
translation dynamics with subcodon resolution [24]. It
has generated a wealth of data primarily from cell lines
[25], with data from human tissues starting to emerge
[26]. In addition to canonical protein-coding sequences
(CDSs), recent studies have uncovered a variety of
non-canonical open reading frames (ncORFs), some
generating peptides essential for cancer cell survival
and proliferation [27-29], others giving rise to
neoantigens [30,31]. These ncORFs can be located
upstream or downstream of the main CDS (uORFs and
dORFs, respectively), or in transcripts currently
annotated as non-coding (long non-coding RNA,
IncRNA), and efforts to generate reference annotations
of them are ongoing [32]. Miscoding and stop codon
readthrough arising from perturbed expression of
small nucleolar RNAs [33] or from nonstop extension
mutations [34,35] can further diversify the proteome of
cancer cells. Although ribosome profiling has been
applied to HBV-associated HCC to reveal only limited
translational control [36], no such analysis has so far
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been done for metabolic dysfunction-associated HCC.
In this study, we carried out ribosome profiling
and mass spectrometry-based measurements of
protein expression in 43 samples from 24 patients to
characterize the translation landscape of HCC of both
viral infection and SH-associated metabolic
dysfunction (non-viral) backgrounds. We further
integrated transcriptome data from The Cancer
Genome Atlas (TCGA [5]) and applied computational
analyses to assess the relative contribution of various
regulatory layers in HCC occurring on the background
of viral infection or non-viral liver disease. Beyond
differential expression, we quantified the coupling
between uORF and CDS ribosome occupancy and
searched for translated ORFs in transcripts currently
annotated as non-coding. Our data reveal marked,
background-dependent changes in the translatome
and proteome of HCC, providing an extensive
resource for studies of translational control in HCC.

Results

Ribosome profiling of human liver samples

We obtained data from an etiologically
heterogeneous cohort of 24 patients clinically
classified before the recent change in nomenclature
[37]: 11 had steatohepatitis of unknown - alcoholic or
non-alcoholic (ASH/NASH) - origin, 3 had ASH, 3
were hepatitis B virus (HBV)-positive, 2 were hepatitis
C virus (HCV)-positive, 1 had ASH/NASH and was
also HCV-positive, and the remaining 4 had unclear
disease background. NASH corresponds to metabolic
dysfunction-associated steatohepatitis (MASH) in the
current nomenclature; we retain the original clinical
designations throughout. In total we analyzed 43
samples: in 16 of the 24 cases we analyzed tumor (T)
and matched non-tumoral tissue (NT) from the same
patients, in one additional case we had three distinct
tumor sites sampled along with one NT control, and
the remaining 7 cases contributed 4 unpaired tumor
and 3 unpaired non-tumor samples (Figure 1A, Table
S1). Following the experimental design shown in
Figure 1A, we obtained ribosome profiling libraries of
18-28 million reads per sample (Table S2), with read
lengths peaking at 30-31 nucleotides (Figure 1B). Upon
mapping the reads to the transcriptome (see Methods),
we found that 30-65% of reads in a library were
derived from mRNAs (Table S2), with 85-95% of these
mapping to annotated CDSs (Figure 1C). We inferred
the location of the P site in each read using our
previously established approach [38,39] (see Methods)
and found that 40-60% of reads in a library matched
the annotated codon frame (Figure 1D). A metagene
plot showed the expected periodicity at both start and
stop codons (Figure 1E), and the per-sample frame
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analysis showed that the frame bias was clear
regardless of sample classification (Figure 1F).
Altogether, these metrics fulfill the expected quality
criteria for ribosome profiling data [40], notably given
that resected tissue samples often yield RNA of lower
concentration and integrity compared to cell lines [26].

We detected ribosome-protected fragments
(RPFs, i.e. uniquely-mapped reads obtained with the
procedure described above) from ~19200 genes, with
~10"300 genes being represented with at least one RPF
in each sample. We estimated the translational output
(TO) of individual mRNA species as the normalized
density of RPFs per CDS nucleotide; technically, this is
the well-known metric of transcripts per million
(TPM), computed from RPFs rather than RNA-seq
reads. We transformed the values to logx scale,
standardized them, and carried out principal
component (PC) analysis (PCA). The first two PCs
explained almost half (46 %) of the variance in TO, with
tumor samples separating well from matched non-
tumoral tissue (Figure 1G, p <0.0001 in PERMANOVA
analysis, 10000 permutations are used for all tests).
Clustering of tumor samples by Edmondson grade (p
= 0.15, PERMANOVA analysis, Figure 1G) or by
presence/absence  of cirrhosis (p = 055,
PERMANOVA analysis, Figure S1A) was not
detectable at this sample size. In contrast, tumor
samples clustered significantly when grouped based
on the viral/non-viral etiology as indicated in Figure
1H (p = 0.0008, PERMANOVA analysis), whereas non-
tumor samples showed no significant separation (p =
0.27, PERMANOVA analysis).

We further measured the proteomes of all
samples by mass spectrometry in a data-independent
acquisition (DIA) manner, detecting 4'340-5628
proteins per sample. 6468 of all 6602 proteins whose
expression could be quantified in at least 1 sample by
mass spectrometry were also quantified by ribosome
profiling and the Spearman correlation coefficient of
the sample-average TO with the level of the
corresponding protein was 0.64 and 0.65 for NT and T
samples, respectively (Figure 11 for NT samples,
Figure S1B for T samples, per sample correlations in
Figure S1C). Following quantification, normalization
and standardization (see Methods), PCA showed that
the first two PCs of the proteome data explained 34.6%
of the variance (Figure 1J), and the PERMANOVA
results reflected those from the ribosome footprints:
tumor and non-tumor samples separated from each
other (p < 0.0001), with no significant separation by
Edmondson grade (p = 0.15, Figure 1J), or
presence/absence of cirrhosis (p = 0.47, Figure S1D),
but significant clustering based on the viral/non-viral
etiology (p =0.0056, Figure 1K). In contrast, non-tumor
samples show no significant separation based on
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etiology (p = 0.58, PERMANOVA analysis).

The transcriptome wide TO profiles were more
similar when comparing non-tumor samples with
each other and less similar when comparing tumor
with non-tumor samples or tumor samples with each
other (Figure S1E). The true tumor/non-tumor pairing
of samples from individual patients did not yield
significantly different distances compared to random
pairing (p = 0.42, Wilcoxon rank-sum test Figure S1E).
The proteomics measurements yielded similar results
(Figure S1F). Of note, samples with lower Edmondson
grades were, on average, more similar to non-tumor
ones than those with higher grades, both at the level of
TOs and proteins (Figure S1G-H), consistent with
prior reports [9]. Thus, the TO and the protein level
measurements partially reflect the Edmondson grade,
even though the grade does not resolve distinct
clusters in the PC space analyzed above.

We further checked the consistency of the data
from our etiologically heterogeneous cohort with
those previously obtained from 10 HCC patients, 9 of
whom were HBV-positive [36]. We reanalyzed the
latter with our pipeline and observed that for genes
quantified in both datasets (17'773 of the 17°796 in the
Zou study [36]) the sample-averaged TO values
correlated very well when conditions were matched
(NT-NT or T-T, Pearson correlation coefficients of 0.95
and 0.93, respectively, Figure S1I-]), and slightly less
when tumor samples from one study were compared
with non-tumor samples from the other (NT-T or T-
NT, Pearson correlation coefficients of 0.89 and 0.92,
Figure S1K-L). We then performed differential
analysis at TO level between T and NT conditions
using DESeq2 package [41] (Table S3) followed by
Gene Set Enrichment Analysis (GSEA) [42]. The
functional categories of genes that are up- or down-
regulated at TO level in tumor relative to non-tumor
tissue are also largely similar in the two datasets
(Figure S1IM). Moreover, the T vs. NT protein level
changes that we measured matched well those
reported in the study of Ng et al. [9] (Figure S1N).
Thus, while highly consistent with prior
measurements, our RPF data provides so-far lacking
information on the non-viral etiology and almost triple
the number of available HCC ribosome profiles.

Altogether, these results demonstrate the
consistency of ribosome profiling and proteomics
measurements and highlight that malignancy has a
strong effect on the translational profile of the liver,
with the etiological background contributing a
significant secondary structure to both the translatome
and the proteome. Edmondson grade and presence or
absence of cirrhosis did not define distinct clusters,
and patient-specific features such as germline genetic
variation had no detectable effect on cluster separation
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at this sample size. Because true T-NT pairing did not
yield distances different from random pairing, we first
conducted global analyses of gene expression without
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requiring matching between T-NT pairs, focusing on
the etiology-dependent gene expression alterations in
HCC.
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Figure 1. Summary of the data set. A. Experimental design: 43 samples from 24 HCC patients were analyzed by ribosome profiling, including 16 tumor and matched non-
tumoral (T-NT) pairs, one case of 3 tumors - | non-tumor samples, 3 unpaired tumors and 4 unpaired non-tumor samples. In panels A, C, and D, samples are indicated by the
red (T) and blue (NT) colors, respectively. Image created with BioRender. B. Read length distribution of pooled ribosome profiling libraries. C. Fraction of RPFs in each library
mapping to 5’UTR, CDS, or 3° UTR. D. Fraction of RPFs with inferred P-site mapping to each of the 3 reading frames of annotated transcripts. E. Metagene plots showing the
relative proportion of P sites mapping in the [-50;+50] nucleotide windows centered on the start (left panel) or stop (right panel) codons of mMRNAs. The proportions were
calculated for each gene individually, then averaged across genes. F. Proportion of P sites mapping to frames 0, +1, and +2 of mRNAs. Each dot corresponds to one sample,
colored by the group to which it belongs. Error bars represent standard deviations within the respective groups. G. PCA of gene TO values (10°290 genes that have at least |
RPF in all samples) calculated from ribosome profiling data. Tumor samples are shaded according to the Edmondson grade (Ed); higher Edmondson grade indicates a less
differentiated tumor. H. Similar to G, but coloring the samples by disease background and T/NT status. I. Correlation of sample-average TO with the sample-average protein
iBAQ signal in non-tumor samples, for 2’866 protein-coding genes with average TO > | TPM and detected at proteomic level in all samples. J. Similar to G, based on normalized

protein-level intensity values from proteomics (3’227 proteins with expression in all

samples). K. Similar to H, based on protein-level intensity values from proteomics.

https://www.thno.org



Theranostics 2027, Vol. 17, Issue 1

The effect of disease background is more
apparent in the translatome than in the
transcriptome

The number of ribosome footprints captured for
an individual gene (and the derived TO) is determined
by both the abundance of the mRNA and by the
efficiency with which ribosomes are recruited to
translate the mRNA. The latter quantity is typically
called translation efficiency (TE) and is estimated as
the ratio of the library-size-normalized RPF counts to
the library-size-normalized counts of RNA-seq reads,
both mapped to mRNA coding regions [24]. To
distinguish which of these factors underlie the
observed TO changes, measurements of mRNA
abundance are needed. While the limited amount of
material we obtained in our study did not allow us to
carry out both ribosome profiling and RNA-seq from
the same samples, a large HCC RNA-seq dataset is
available from TCGA [5], with associated metadata,
including etiology. As the mRNA measurements from
this dataset and our RPF measurements originate from
different individuals, we established a series of
controls, described below, to verify that the differences
we report do not arise from this design.

First, we reanalyzed the above-mentioned study
of Zou et al. [36], in which ribosome profiling and
RNA-seq data were obtained from the same 10 tissue
samples. T-NT changes in RNA levels in virus-
infection-associated HCC samples from TCGA were
moderately correlated (Pearson r = 0.63, slope = 0.71,
Figure S2A) with those measured by Zou et al. [36],
possibly due to a reduced RNA integrity in Zou et al.
samples relative to TCGA, as indicated by transcript
integrity scores [43] (Figure S2B). Nevertheless, the T-
NT TO changes estimated from the Zou et al. ribosome
profiling data could be explained equally well by the
mRNA changes estimated either from the same
samples or from the TCGA dataset (Pearson r = 0.71
vs. 0.75, slope = 0.72 vs. 0.86, Figure S2C-D). This
indicates that TCGA provides a suitable - and at the
same time more comprehensive - reference of mRNA
level expression in HCC, which we could use along
with our TO data to identify translation-level effects.

To further validate the molecular profiles of the
cohorts of different backgrounds, we examined gene
expression signatures of key cellular processes
previously found for viral or non-viral-background
HCC (see Methods, Table S4). Notably, gene
expression alterations in the liver prior to the
development of HCC have been described, but they
were more linked to the process of fibrosis [44-46]
rather than to a specific etiology. The suppression of
urea cycle (CPS1, ARG1l, OTC) and arginine-to-
polyamine conversion enzymes along with the
upregulation of downstream polyamine metabolism
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represent a well-known signature of HCC [47],
replicated in our data (Figure S3A). Similarly, we
observed the downregulation of drug metabolism
genes CYP2E1 [48] and ALDH2 [49] in tumor relative
to non-tumor samples of both etiologies (Table S4).
GSEA of the TCGA RNA-seq alongside our in-house
translatome (TO) and proteomics data revealed very
similar, statistically significant enrichments and
depletions of the expected markers in both cohorts,
indicating that they capture HCC biology shared by
the two etiologies rather than etiology-specific
programs (Figure S3B-M). We therefore took this
analysis as evidence that both cohorts display the
canonical alterations of HCC, rather than as a test of
background specificity. We also compared the NT
samples of the two backgrounds with each other,
focusing on reactome pathways expected to be
perturbed in liver disease [46] (immune system and
inflammation, extracellular matrix and collagen, lipid,
fatty acid, bile acid, and xenobiotics metabolism). This
analysis revealed differences between the two
backgrounds that were consistent between our TO
data and TCGA’s RNA level data; the activity of
pathways related to the extracellular matrix was
higher in non-viral compared to viral NT samples,
while the activity of antigen processing, presentation
and interferon signaling pathways, as well as lipid
metabolism, bile acid and xenobiotic metabolism was
decreased (Figure S3N). However, we cannot rule out
that these differences are due to factors such as the
degree of fibrosis of the tissues rather than the
underlying etiology.

To then study the HCC-related remodeling of
gene expression, we first submitted the TCGA RNA-
seq data to the Integrated Motif Activity Response
Analysis (ISMARA) [50], which uncovers transcription
factors driving the observed gene expression changes.
We found an increased activity of cell proliferation-
related transcription factors (TFs) in T samples relative
to NT controls, while the activity of TFs linked to
metabolic and detoxification functions was reduced
(Figure 2A). In particular, YBX1, FOS, NFYC, NFYA,
NFYB, and CEBPZ TFs acting on binding sites with the
core motif ATTGG formed a central hub of factors with
increased activity in tumors; expression of these
factors is stimulated by MYC, and, in turn, they
promote the expression of E2F family members, whose
activity also increases in HCC (Figure 2B). These
results are in line with reports of MYC and E2F
integrating several HCC-relevant upstream oncogenic
pathways [51-53] to implement a switch from
specialized liver functions to cell proliferation.
Importantly, no significant difference in above
mentioned TF activities was detected between tumors
of viral and non-viral origin, and none of these factors
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showed a significant change in TE between tumor and
non-tumor tissue (Table S3).

In contrast, the TO analysis uncovered clear
differences in the translatome response occurring on
the viral vs. non-viral infection backgrounds (Figure
2C-D). For these comparisons we grouped our samples
into a viral cohort (4 NT, 4 T) and a non-viral cohort
(13 NT, 14 T), leaving out the remaining samples, from
patients of unclear etiology. While mRNA-level
changes correlate very well among the two
backgrounds (TCGA data, Pearson’s r = 0.91, slope 0.9,
Figure S2E), TO-level changes do not (Pearson’s r =
0.47, slope 0.71, Figure S2F). Notably, the pairwise
linear regression (ordinary least squares, OLS) of TO
as a function of mRNA changes (Figure 2E-F) yielded
significantly different slopes (0.82 for the viral and 0.56
for non-viral background, p = 6.29e-83, Welch’s t-test).
Given the smaller size of the viral relative to the non-
viral cohort, we verified that this difference is not a
consequence of cohort size: resampling from the non-
viral cohort subsets of the same size as the viral cohort
(4 NT, 4 T) never yielded a slope as high as we
obtained for the viral background (1000 resamplings,
maximum slope 0.72, Figure S2G). Thus, the TO
changes more closely reflect mRNA changes in tumors
occurring on the viral infection background than on
the non-viral; in the latter TO changes are “buffered”,
having roughly two-fold smaller magnitude relative to
RNA changes. The prediction power was similar in the
viral and non-viral cohorts (Pearson’s r = 0.64 for viral
and 0.66 for non-viral, Figure 2E-F), indicating that the
TOs were measured with similar precision in the two
backgrounds. Importantly, we obtained similarly high
slopes for our virus-associated samples (slope = 0.82,
Figure 2E) and the virus-associated samples from the
Zou et al. study and in the latter case, both when the
paired RNA-seq (slope = 0.72, Figure S2C, p = 0.074,
Welch's t-test for slope comparison with the viral
cohort from our study) or the TCGA RNA-seq (slope =
0.86, Figure S2D) were used as reference. While our
virus-associated cohort was extremely small, further
analyzing separately samples with HBV and HCV
backgrounds still yielded higher slopes relative to the
non-viral samples, namely 0.91 for the HBV-associated
samples and 0.61 for the HCV-associated ones (Figure
S2H-I). These results indicate that the difference we
observed between samples of viral and non-viral
background is neither due to our dataset containing
relatively few virus-associated samples, nor to
systematic batch effects of cross-dataset comparisons.

To reveal the functional significance of
translatome changes in the two backgrounds, we
carried out Gene Set Enrichment Analysis (GSEA) [42]
of the RNA and TO data using the Reactome
knowledge base [54]. Of the 243 pathways that contain
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at least 100 genes, 154 showed T vs NT TO changes
reaching significance in at least one of the disease
backgrounds: 80 were concordant (significant and
changing in the same direction in both backgrounds)
and 74 discordant (opposite direction, or significant in
only one background). The 25 most significant
pathways from each of these subsets are shown in
Figure 2G-H, while the full results are in Table S5.
Pathways related to DNA replication and the cell cycle
were significantly upregulated, while the complement
cascade and oxidation processes were downregulated
at both RNA and TO level, and in both disease
backgrounds (Figure 2G, Table S5), in-line with results
in previous studies that did not specifically consider
the disease background [55-57]. In contrast, despite
similar RNA level response, pathways related to
mRNA translation, electron transport chain, and
protein localization were upregulated in non-viral and
decreased in the viral infection background (Figure
2H, Table S5). Conversely, infection and immunity-
related pathways had decreased TO in the non-viral
but not viral background samples. These differences
were also apparent in the GSEA analysis of translation
efficiency (TE) changes between T and NT samples,
which we obtained by subtracting RNA from TO
log2FC values and assessing significance with
DESeq2-based deltaTE model [58] (Figure 2I). Given
the particular clinical relevance of the immune
microenvironment to HCC, with immune checkpoint
inhibition (ICI) being current first-line therapy
(despite somewhat lower efficacy in the non-viral
relative to the viral background [59,60]), we further
inspected immunity-related translational alterations
in greater detail.

We collected key immunity-related marker genes
from a previous foundational study of HCC molecular
subtypes [5] and from studies that aimed to identify
molecular correlates of the response to ICI treatment
[61,62]. For most marker genes, TO and TE levels
differentiate the non-viral and viral backgrounds,
while RNA levels were more similar (Figure 2], Table
S3). For example, the CD4 marker of T-helper cells in
tumors is similarly depleted at RNA level in both
etiologies, but only in the viral background the TO
appears to be largely restored by a 2-4 fold increased
TE (Figure 2], top-right). Thus, translational rather
than transcriptional level might implement the
previously  reported NASH-specific loss of
intrahepatic CD4+ cells in fatty liver driven by
selective lipid-induced mitochondrial dysfunction
[63,64] and further depletion in NASH-HCC tumor
[65]. Furthermore, genes encoding immune
checkpoint proteins targetable by ICI therapies tend to
have substantially increased TE only in the viral
background, while the RNA-level changes are
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substantially less pronounced, as reported before [5]
(Figure 2], top-left). The RNA-level depletion of
activated effector T cell markers, similarly,
pronounced in both etiologies, is only counteracted at
the TE level in the viral background. Increased
presence of PD-1 together with T-regulatory cells is an
indication of T-cell “exhaustion” [61]; “exhausted” T-
cells are targets of ICI treatments; their absence being
associated with diminished response to ICI treatments
[66]. In our data, the corresponding genes are
consistently upregulated at TE level in the viral but not
in the non-viral background. Of note, in NASH,
dysfunctional, auto-aggressive “exhausted” T cells
localize at the tumor periphery and in nearby non-
tumor liver tissue, and carry markers such as TNF,
CXCR6, and TOX, which then can paradoxically
promote carcinogenesis upon ICI treatment via
increased necro-inflammation [62]. These markers, as
most others, are consistently upregulated at TE level
in the viral, but not in the non-viral T-NT comparison
(Figure 2], bottom right). The functional implication of
these TE trends is unclear, although it may be linked
to the specific localization pattern of immune cells
relative to the tumors. Beyond T cells, we also found
the pro-inflammatory activity of M1 macrophages
significantly =~ upregulated in the viral and
downregulated in the non-viral background T-NT
comparison, with the mild RNA effect being amplified
at TO and TE levels (Figure 2J, bottom left). This may
reflect the transition from an inflamed lipotoxic state
in the non-tumor tissue to a tumor-suppressive state in
the non-viral condition. Lastly, the angiogenesis-
promoting factors PDGFRA and PDGFRB tend to be
translationally =~ upregulated in  viral and
downregulated in non-viral tumors, while KDR shows
the opposite trend (Figure 2], bottom right). These
growth factor receptors are targets of sorafenib,
currently a second-line HCC therapy; the observed
trends in translational control might thus contribute to
varying clinical response to sorafenib in viral and non-
viral HCCs [60].

Overlaying the TE on the scatter of protein-vs-
mRNA level changes revealed that in the viral
background, the TE and mRNA levels vary along
orthogonal axes, which indicates that they make
independent contributions to protein-level changes
(Figure 2K). In contrast, in the non-viral background,
the TE buffers the mRNA level changes, which could
explain the narrower range of protein level variation
compared to the viral background HCC (Figure 2L).
To further quantify these effects, we applied a
generalized linear model (GLM), finding that in the
viral background, 37.4% of the variance in T-NT
protein level changes could be explained by changes
in mRNA and TE, with comparable contribution of
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these two components (mRNA -16.1%, TE - 21.3%). In
contrast, the proportion of explained variance was
smaller in the non-viral background, 26.3%, where the
TE contribution was substantially smaller - 8.0%
(compared to mRNA - 18.3%, Figure S2J). This could
be due to the buffering effect we already observed: in
the non-viral cohort, most TE T-NT changes across
genes can be explained by RNA T-NT changes that are
coupled to TE changes (Figure 2F), so that an
orthogonal contribution of TE to protein changes is
very limited.

GLM results indicate that in both backgrounds,
most of the variation in protein abundance is not
explained by factors that contribute to the protein
synthesis rate. This is to some extent expected, given
that the mRNA and RPF measurements originate from
different cohorts and that the depth and precision of
quantification at mRNA, RPF, and protein level vary.
Another potential contributor is protein degradation.
We then examined the changes in expression of
leading-edge genes of quality control pathways from
GSEA analysis (Figure 2M). At the RNA level, these
genes showed a small degree of upregulation in both
backgrounds (<2-fold), while at the level of TO that we
measured from our samples the upregulation was
observable only in samples from the non-viral
background (Figure 2M). However, these changes
were not reflected at the protein level (Figure 2M),
indicating that a coordinated upregulation of the
degradation machinery does not by itself account for
the unexplained variance, and that any contribution of
protein turnover would have to arise from regulation
not captured by the abundance of these components.
These results may also indicate substantially more
heterogeneous, gene-specific translational and post-
translational control of gene expression in the non-
viral cohort, where each gene’s correspondence
between transcription-translation-protein intensities
can’t be easily approximated by a single genome-wide
linear coefficient.

Quantitative uUORF-CDS coupling analysis
recovers the repressive effect of ATF4 uORF

A well-studied mechanism for modulating the
translational output of CDSs involves uORFs
(reviewed in [67-69]). While believed to generally
hinder the translation of the downstream canonical
ORFs, specific combinations of uORFs are also
instrumental for the translation of mRNAs encoding
proteins that help alleviate stress, the activating
transcription factor 4 (ATF4, homolog of yeast’s
GCN4) being the key example [70-72]. As ATF4 has
been linked to HCC before [73-75], we evaluated the
expression pattern of the ATF4 uORFs and CDS in our
samples.
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Figure 2. Transcriptional vs. translational control of gene expression in HCC. A. ISMARA results for top 10 transcription factor binding site motifs with strongest
explanatory power in TCGA RNA-seq data, as assessed by their z-scores (left-most part of the panel) for both disease backgrounds. The center part of the panel depicts
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average motif activities in the tumor (red) and non-tumor (blue) samples. Reactome [54] enrichment analysis of each motif’s target genes was obtained from ISMARA detailed
report, obtained categories were further ranked by significance (total log-likelihood). Selected categories and their ranks are shown in the right part of the panel. All translated
genes are used as background. B. First level transcriptional regulatory network centered on the YBX1-FOS-NFYC-NFYA-NFYB-CEBPZ TFs. Outgoing regulatory interactions
of the central factors are shown with red arrows, incoming ones with blue, and in violet are interactions not involving the central factors. C. Changes in the translational output
of mRNAs in tumor (T) relative to non-tumor (NT) samples for viral background (cutoff at adjusted p-value < 0.05 from DESeq2 differential analysis; NS means not significant).
D. Same as in panel C, for non-viral background samples. E. Relationship of mRNA level changes in T vs. NT samples from the TCGA RNA-seq dataset (x-axis), and RPF level
changes in our ribosome profiling dataset for viral samples. The diagonal line (light blue, dashed) corresponds to changes in translational output that are entirely explained by
changes in mRNA levels. Paired ordinary least squares (OLS) regression line is shown in red, and its slope is depicted at the top-left of the panel. F. Same as in panel E, for non-
viral samples. G. Reactome pathways undergoing concordant TO changes in the two backgrounds in gene set enrichment analysis (GSEA). Shown is the normalized enrichment
score (NES) from GSEA, red indicates upregulation of a pathway in the T-NT comparison, whereas blue indicates downregulation. H. Reactome pathways undergoing discordant
TO changes in the two backgrounds. I. Reactome pathways undergoing a significant change at TE level in at least one of the backgrounds, displayed as two blocks for convenient
reading. In both blocks, the left column corresponds to the non-viral and right column to the viral cohort. J. Expression changes of immunity-related markers in HCC of viral
infection and non-viral backgrounds. K-L. Scatterplot of protein vs. RNA level T-NT changes of individual genes in samples of viral (K) and non-viral (L) background. Each gene
is represented by the circle, further colored by the direction and magnitude of TE change. M. TO and protein level changes for PSMA6, PSMD7, PSMD8, PSMB4, UBA52,
UBE2D2, RBXI genes for samples with viral and non-viral background.
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Figure 3. Repressive effect of ATF4 uORF on CDS translation. A. Summary annotation of the ATF4 gene. Left panel: ATF4 gene locus on chromosome 22, with the
following tracks - poly(A) site given in the PolyASite database [80], somatic mutations observed in the TCGA cohort of HCC patients obtained from UCSC [81], nucleotide-
level PhyloP score computed from 100 vertebrates as well as 30 primates [82], codon-level PhyloCSF score indicating selection for protein coding capacity [83], coverage of
the locus by RNA-seq reads from the TCGA data, CAGE data showing transcription start sites [84], coverage of the locus by RNA-seq reads, including spliced reads, from
liver cell lines [85]. Right panel: ribosome A-sites inferred in the ATF4 mRNA (indicated in violet in the left panel) from ribo-seq reads of selected patient samples. The disease
background of the individual patients is also indicated, as well as calculated log, uORF2/CDS TO ratio in every sample. B. Left panel: distribution of log, uORF/CDS TO ratio
in various categories of samples (indicated in the legend). Right panel: Scatter of uORF (x-axis) vs. CDS (y-axis) TO across all samples. EVR = explained variance ratio of the
first principal component, in the PCA analysis performed over the indicated categories of samples. C. Similarity of uUORF-dependent ATF4 CDS TO to expression level of
stress response-related factors (see Methods). Expression of the factors was given by the TO (top panel) or protein level (bottom panel). The actin-related protein 1B (ACTRIB)
was used as control. D. T-NT log2 fold changes of ATF4 and stress-response-related factors at RNA, TO, TE and protein levels.
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ATF4 is a highly conserved gene, consisting of
three exons. The mRNA is expressed in liver cell lines
as well as in liver tumor tissue, without marked
differences between normal and tumor tissue,
independent of the etiology (Figure 3A TCGA RNA-
seq coverage track). ATF4’s uORF1 and uORF2 (Figure
3A) have been implicated in the regulation of CDS
expression, with 180 nt long (59 AAs + stop codon)
uORF2 - overlapping with the CDS in a different
reading frame - hindering CDS translation [71]. Both
uOREFs are supported by RPF evidence in our data. A
previous study in the yeast S. cerevisine reported a
markedly decreased RPF density at repressive uORFs
and higher density at the main CDS under stress,
corresponding to a decreased uORF/CDS ratio [76].
Applying this quantification to our ribo-seq samples
we found that the uORF2/CDS TO ratio varies ~8 fold
across samples within each condition, though without
significant T-NT differences (p-value = 0.24 for the
non-viral cohort, Mann-Whitney U-test, Figure 3B,
left, Table S6). To assess a potential coupling of CDS
TO to that of uORF2 TO (general, irrespective of
condition), we checked for systematic associations
between their per-sample measurements (Figure 3B,
right). To avoid spurious correlations that could be
introduced by the CDS TO contributing to both
uORF/CDS TO ratio and TE [77], we use the following
approach. If the uORF2 and CDS TOs were merely
driven by fluctuations in the abundance of the mRNA
molecules that contain both the uORF and CDS, we
would expect a proportional relationship between
them, corresponding to the data points stretched along
the diagonal. This is not what we observed. We
quantified the relationship using principal component
analysis (PCA), in which neither variable is privileged
and the fitted direction can approach the vertical, and
reported the angle of the first principal component
relative to the x-axis. Rather than the angle being 45°
(corresponding to the data stretched along the
diagonal) we obtained steeper angles of ~60°,
regardless of the etiological background of samples
(Figure 3B). Thus, as the TO of the CDS increases, the
uORF2/CDS TO ratio decreases, as expected when the
uOREF has a repressive effect on CDS expression.

The translation of the ATF4 protein is triggered
by protein phosphorylation-dependent signaling
cascades involving EIF2a kinases [78] and requires
factors such as DENR, MCTS1, and EIF2D to reinitiate
translation at the ATF4 CDS, downstream of the uORF
[79]. The TOs and protein levels of these factors tend
to track ATF4’s uORF-CDS TO trajectory across all
samples (see Methods), while the unrelated control
gene ACTR1B does not (Figure 3C, Figure S4A-B). This
indicates coherent changes of the integrated stress
response pathway when considering the entire set of
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samples. For an additional validation we examined
SLC7A11, a key transcriptional target of ATF4
conferring protection to ferroptosis [73], finding it to
be upregulated in tumors relative to matched non-
tumor tissue at both RNA and TO levels, yet at
markedly different levels: ~10/~14 fold, respectively,
in non-viral case and ~40/~108 in the viral
background (DESeq2 p-values < 0.001, Figure S4C).
This is consistent with the trend for upregulation of the
uORF2/CDS ratio in the non-viral background and
downregulation in the viral background (Figure 3A,
right and 3B, left) and the corresponding trend for
downregulation of TO and TE of the ATF4 CDS in the
non-viral background, and upregulation in the viral
background (Figure 3D). Thus, the ATF4 analysis
validates our approach for inferring regulatory uORFs
from ribosome profiling data.

Further comparing the tumors with control
tissue, we found consistently increased expression of
the reinitiation factors at all levels of gene expression,
primarily driven by transcription (Figure 3D), with
few significant T-NT changes in EIF2a kinases; for the
latter the trend was towards downregulation at the
RNA level and upregulation in TE, yielding relatively
stable TO and protein levels (Figure 3D).

Identification of uORFs potentially impacting
the translation of downstream CDSs

We first identified translated uORFs by testing
the frame bias (3-nucleotide periodicity) of RPF
coverage in each sample individually (p-value < 0.01
in Wilcoxon's rank sum test), using a previously
developed computational workflow [38]. Requiring
significant periodicity in at least one sample yielded
6'722 uORFs, of which 5648 had RPF support in more
than 5 samples (count matrices and the uORF selection
results in Table S6); we used this more stringent set for
all subsequent analyses. Of these, 2639 (47%) are
present in a recently published reference catalog of
translated non-canonical ORFs in humans [86]. The
uORFs were ~20-80 codons long (~60-240 nucleotides;
Figure 4A), and their frame preference was evident
both in individual samples (Figure 4B) and in
metagene plots centered on their start and stop codons
(Figure 4C). For a small subset, we also found peptide-
level evidence in the PRIDE database [87] (Figure
S8A).

Applying the analysis described above for ATF4
(Figure 3B, right), we retained 1’981 uORFs for which
PC1 explained at least 85% of the variance in uORF
and CDS TO levels across all samples (Figure 4D),
indicating a well-defined linear relationship between
the two. From this set, we used the angle of the fitted
CDS-vs-uORF TO line to define two categories, taking
as reference the angle of 45° expected if uUORF and CDS
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translation were driven solely by fluctuations in the
abundance of the shared mRNA. 117 uORFs behaved
similarly to ATF4, with an angle > 50° that is, a
uORF/CDS TO ratio that decreases as the CDS TO
increases; we refer to these as ratio-decreasing (RD)

A B [
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uORFs. Conversely, with a symmetric threshold at an
angle < 40° 1'228 uORFs showed the opposite
coupling, increasing uORF/CDS ratio as the CDS TO
increased; we refer to these as ratio-increasing (RI)
uORFs.
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Figure 4. uORF-associated translational control in HCC. A. Length distribution of uORFs with significant frame bias (n = 5’648). B. Frame bias of reads mapping to
uORFs in individual samples of different groups. Each sample is indicated by a dot superimposed on the respective bar plot. Error bars represent standard deviations. C.
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Metagene plots showing the relative proportion of P sites mapping in the [-50;+50] nucleotide windows centered on the start (left panel) or stop (right panel) codons of the
uORFs. Proportions were calculated for each gene individually, then averaged across genes. D. Selection of uORFs showing coupling to CDS TO based on the angle and
explained variance ratio of PC1. Angle is determined in the 2D space with uORF TO on x-axis and CDS TO on y-axis. E. Empirical cumulative distributions of selected feature
values for uORFs of different categories (not mutually exclusive). P-values from pairwise statistical tests between all possible pairs of UORF categories are displayed. Two
statistical tests were conducted for each pair: Kolmogorov-Smirnov (KS) test and bootstrap test for selected distribution quantiles (10’000 iterations, random selection with
replacement). Top: median uORF/CDS TO ratio across non-viral NT Ribo-seq samples, log, scale. Bottom: characteristic TE of the main CDS in the non-viral NT samples,
calculated as median TO (across ribo-seq samples) divided by median RNA TPM levels (corresponding TCGA RNA-seq samples), logz scale. F. Cellular compartment GO
categories with significant enrichment in genes containing Rl uORFs, obtained with ShinyGO 0.86 web application [95]. As background, genes with at least one out of all 5648
uORFs were used. G. Biological process GO categories with significant enrichment in genes containing RD uORFs, same methodology as in panel F. H. Distribution of EDEM3
(left) and UCP2 (right) uORF/CDS log, TO ratio in T and NT samples of non-viral, HBV and HCV background, along with the principal component fit of CDS (y-axis) TO vs.
uORF (x-axis) TO across the entire sample set (general PCA), non-viral samples (non-viral PCA), viral samples (Viral PCA). I. T-NT changes of EDEM3 and UCP2 at RNA, TO,
TE and protein levels in samples of viral and non-viral backgrounds. The UCP2 protein was not detected in mass spectrometry. P-values are from DESeq2 tests for RNA, TO,
TE analyses, and from limma tests for protein analyses. J. T-NT changes in uUORF/CDS TO ratio vs. angle of the CDS-uORF TO PCI fit. The uORF categories are mutually

exclusive.

We next asked whether RD and RI uORFs differ
in properties beyond their coupling to CDS. The
strength of RPF 3-nucleotide periodicity did not differ
significantly between RI/RD and all 5648 uORFs with
RPF support (Figure S5A). However, in non-tumor
samples of non-viral background, the RD uORFs have
substantially higher median uORF/CDS TO ratio (p-
value of Kolmogorov-Smirnov (KS) test = 5.52e-05)
and lower CDS TE (p-value of KS-test = 0.015, Figure
4E), while RI uORFs showed opposite effects that were
statistically significant but milder. To verify whether
this was due to the substantially larger size of the RI
compared to the RD dataset, we performed a rolling
window analysis, sorting all 1’981 uORF by the PC1
angle, and evaluating specific properties in
consecutive subsets of uORFs (Figure S5B). The angle
was indeed monotonically associated with the median
uORF/CDS TO ratios, with the extremes of the angle
ranges showing highest significance and similar effect
magnitude (Figure S5B, top). However, the association
with CDS TE among the RI uORFs was consistently
weak in all rolling windows, whereby RD uORFs
stood out as giving substantially lower CDS TE (Figure
S5B, bottom). Similar patterns of association with TE
and uORF/CDS TO ratios with the PC angle hold for
non-tumor samples of viral background (Figure S5C).
RD uORFs are significantly longer (p-value of KS test
= 0.001), and RI uORFs are shorter (p-value of KS-test
= 2.04e-07) than other uORFs (Figure S5D, left).
Furthermore, RD uORFs are situated significantly
closer to the start codon of the CDS (p-value of KS-test
= 9.3e-04), ~40% of them overlapping with the CDS,
compared to ~25% of the other uORFs (p-value of
bootstrap 75% quantile test = 9.34e-04, Figure S5D,
right). Thus, the RD category that contains ATF4’s
uORF2, exhibits genomic features and strong
association with lower CDS TE that was previously
attributed to repressive uORFs [88,89] while the
features of RI uORFs display opposite trends though
with substantially weaker magnitude.

Gene ontology enrichment analysis revealed that
RI uORFs are located in genes associated with
membrane-bounded subcellular compartments such
as the endoplasmic reticulum, lytic vacuole and

lysosome (Figure 4F, Figure S5E). In contrast, RD
uORFs are found in genes involved in amino acid
metabolism (Figure 4G), a process for which ATF4 is a
key regulator [90]. One RI uORF in the EDEM3 gene
(ER  degradation-enhancing  a-mannosidase-like
protein 3) and one RD uOREF in the UCP2 (uncoupling
protein 2) gene are shown in Figure 4H. EDEM3
(Figure S5F) is an a-1,2-mannosidase in the ER lumen
controlling  the  degradation of  misfolded
glycoproteins [91], which in our data is slightly
downregulated at RNA level but upregulated at TE
and TO levels in tumors of both backgrounds. UCP2
(Figure S5G) is a mitochondria-localized protein for
which translational repression by a uORF has been
demonstrated experimentally [92], as for ATF4; its
assignment to the RD category by our analysis
therefore provides independent support for this class.
In our data, the TE and TO of UCP2 are upregulated in
the viral but not in the non-viral background (Figure
4I) consistent with weak upregulation of the
uORF/CDS TO ratio in the non-viral background and
downregulation trend in the viral background (Figure
4H, Figure S5G, right). The enrichment of RI uORFs in
genes encoding proteins of the secretory pathway
could reflect different pools of ribosomes being
involved in the translation of their uORFs (in the
cytoplasm) and CDSs (at the ER) [93], with the
bottleneck being the signal recognition-particle-
dependent translocation of the translated mRNAs to
the ER, when a transient elongation arrest may yield
an increased abundance of RPFs at the 5" end of the
CDS. More generally, besides increased translation
initiation, CDSs may acquire an increased abundance
of RPFs via decreased translation elongation speed
[94], which could confound the above analysis of
uOREF-CDS coupling.

Our results thus reveal hundreds of uORFs
whose translational output is coupled to that of the
corresponding CDS. At the same time, only 35 of the
1981 uORFs showed a significantly changing
uORF/CDS ratio in tumors compared to control
tissue, all of them in the direction of increased
uORF/CDS ratio and predominantly characterized by
the PC1 angle similar to or below 45 degrees, i.e. not
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belonging to the RD category (FDR < 0.1 in Mann-
Whitney U-tests, Figure 4], Table S6). The small size of
our cohorts diminished the statistical power to detect
small condition-dependent effects in uORF/CDS
ratios with conservative Mann-Whitney (MW)
statistical tests. However, the overall trends in the
magnitude of uORF/CDS TO ratio changes were
remarkably consistent with orthogonal multi-omic
measurements of the respective genes (Figure S5E).
Most notably, 7 out of 8 genes related to alpha-amino
acid metabolism, with RD uORFs in their transcripts,
had increased uORF/CDS ratio in tumors alongside
decreased RNA, TE, and/ or protein levels (Figure S5E,
right), similar to the RD uORF-containing ATF4
(Figure 3D). In contrast, genes with RI uORFs tend to
have increased RNA, TE, and/ or protein levels (Figure
S5E, left). In summary, these results suggest that uORF
architecture modulates how the downstream CDS
responds to the altered translational environment of
the tumor, though the evidence for the specific effect
direction in the patient tissue data is scarce and only
around a hundred uORFs display multiple, consistent
features supporting their repressive effect on the
translation of the main CDS.

Beyond uOREFs: increased translation of
IncRNA-encoded ORFs in HCC of non-viral
background

Having characterized uORFs, we asked whether
the other classes of non-canonical translation
proposed in the literature are detectable in our data.
As ribosomes lacking specific rRNA modifications
have been implicated in miscoding and stop codon
readthrough in liver cancer cell lines [33], we first
assessed the evidence of translation downstream of
annotated stop codons in our data. With the same
methodology of ORF annotation that we employed for
uORFs and the same criterion of significant periodicity
in at least one sample and comprehensive coverage
across the samples of a given condition, we found
substantially fewer ORFs with evidence of translation
(400, Table S6) located in 3'UTRs (downstream ORFs,
dORFs) compared to 5’UTRs (6'722). The lengths of
translated dORFs and uORFs were similar, in the
range of ~20-80 codons (Figure S7A), and metagene
(Figure S7B) as well as per-sample frame bias (Figure
S7C) analyses supported the dORF-derived reads
being ribosome footprints. Given the relatively small
size of this set and the limited evidence for their
coupling to CDS TO compared to the uORFs (Figure
S7D), we did not analyze them further.

Prior studies also reported the generation of
proteins with specific subcellular localization via stop
codon readthrough (SCRT) [96,97]. Searching for
evidence of SCRT in our data, we identified 290 genes
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with significant frame preference of RPFs mapping
downstream of the stop codon (Wilcoxon rank sum
test p-value < 0.01 in at least one sample, all sample
data in Figure S7E-F, Table S6) and robust coverage (>
1 RPF) in all samples of a given condition. Genes with
readthrough evidence encode proteins mainly
involved in intra- and extracellular traffic (Figure
S7G). Similar to dORFs, there was limited evidence for
coupling to CDS TO compared to the uORFs (Figure
S7H). The RPF density in the SCRT region relative to
the CDS was approximately -6 on the log, scale,
suggesting that ~1.5% of proteins synthesized from
these mRNAs carry C-terminal extensions. SCRT
efficiency did not differ significantly between T and
NT samples, in either the viral or non-viral
background (Figure S7I).

Long noncoding RNAs (IncRNAs) have been
strongly linked to HCC, Ilargely through
transcriptional effects (reviewed in [98]). However, an
increasing number of studies have identified IncRNAs
that undergo translation and generate functional
peptides [99,100]. To check the presence of such
IncRNAs in our system, we mapped the reads that did
not match rRNAs or mRNAs to the IncRNA set from
version 6 of the NONCODE database [101] and then
evaluated the evidence of 3-nucleotide periodicity of
ribosome footprints on IncRNA-encoded ORFs. With
the same criteria as for other types of translation units
(Wilcoxon rank-sum test of 3-nt periodicity p-value <
0.01 in at least one sample and at least 1 RPF in all
samples of a condition, viral/non-viral NT or T), we
obtained 1’694 IncRNA-derived ORFs (Figure 5A, B),
254 of which are present in the recently-published
catalog of non-canonical ORFs [86]. Their length
distribution was shifted slightly towards larger values
relative to IncRNA-encoded ORFs that did not pass
our criteria of translation evidence (Figure 5C, D),
which could be due to longer ORFs accumulating
more RPFs and being more likely to reach significance
in the periodicity test.

156 of the 1’694 candidates are supported by at
least one spectrum and 15 of them at least two
proteomics data sets, either from our study or from the
16 liver-related datasets from the PRIDE database [87]
(Figure S8D, Table S7). Clustering samples by the z-
score of TO of peptide-supported IncRNA-derived
OREFs (all candidates shown in Figure S8E) reveals a
pattern of segregation by the T/NT status, suggesting
that IncRNA expression is regulated in tumors (Figure
5E, Table S7). Moreover, the TE of IncRNA-derived
ORFs increased slightly (mean/median in viral
etiology: 0.22/0.24, in non-viral etiology: 0.36/0.40),
but significantly (p-value = 4.1e-09 in Wilcoxon rank-
sum test) in tumors of non-viral relative to viral
background (Figure 5F).
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Figure 5. Analysis of IncRNA translation. A. Metagene plots showing the relative proportion of P sites mapping in the [-100;+100] nucleotide windows centered on the
start (left panel) or stop (right panel) codons of the select IncRNA-derived ORFs. The proportions were calculated for each gene individually, then averaged across genes. B.
Frame bias of reads mapping to the inferred IncRNA-derived ORFs in individual samples of different groups. Error bars represent standard deviations. C. Length distribution
of IncRNA-derived ORFs with significant RPF frame bias. D. Length distribution of predicted ORFs in IncRNA with (blue) and without (red) evidence of 3 nt-periodicity in our
ribosome profiling data. E. Clustering TO z-scores of IncRNA derived-ORFs across all samples with viral or non-viral background. F. Distribution of T-NT change in IncRNA
derived-ORF TE in samples of viral and non-viral backgrounds. G. Summary annotation of the ZFAS1 gene. Left panel: ZFASI gene locus showing the following tracks - poly(A)
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locus by RNA-seq reads, including spliced reads, from liver cell lines [85]. The introns of ZFASI contain the SNORD2 cluster of snoRNAs. Right panel: coverage of the ZFASI
longest, unspliced transcript (also indicated in violet in the left panel) by RPFs in individual patient samples. The disease background of the individual patients is shown on the
left of the tracks. The ORFs covered by RPFs in our data are shown in the bottom right panel, which also highlights the peptide found in public mass spectrometry data.
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The example of the IncRNA ZFAS1 (ZNFX1
Antisense RNA 1), which is amplified and promotes
metastasis in HCC [102], is shown in Figure 5G. The
longest annotated IncRNA from this locus measures
~10kb, though most of this sequence is removed by
splicing, which also releases the snoRNAs hosted in
the introns (Figure 5G, left). Three ORFs, measuring
from 13 to 52 codons, were identified spanning the first
two exons, and our ribo-seq data provide ample
evidence for their translation, with ribosome
footprints observed in at least half of ribosome
profiling samples (Table S6). The 13-codon (including
the stop codon, Figure 5G, right) ORF3 is further
supported by peptide evidence in public proteomic
datasets from hepatocellular carcinoma cell lines
[103,104] (Table S7). Thus, our data provides further
support for IncRNA-derived peptides, particularly in
the context of SH-associated HCC.

Discussion

Molecular studies of HCC have so far
concentrated on the genome, transcriptome and
proteome, revealing a heterogeneous disease in which
recurrent mutations converge on a small number of
targets such as TP53, CTNNB1 and the TERT promoter
[9]. While it has been recognized that translational
control is perturbed in HCC [9,36], the extent, targets
and especially the dependence of this perturbation on
the underlying liver disease has remained unresolved,
largely because ribosome profiling of human liver has
been restricted to virus-associated tumors [36]. By
profiling the ribosome footprints of 43 samples from
24 patients, most with SH, and integrating them with
matched proteomes and TCGA transcriptomes [5,105],
we were able to separate transcriptional from post-
transcriptional contributions across the two principal
etiologies of HCC.

Our central finding is an asymmetry between the
two regulatory layers. Transcriptional alterations were
largely shared: both etiologies showed a reduction in
liver-specific metabolic functions and an upregulation
of proliferation-related programs driven by the same
set of transcription factors, with no detectable activity
differences between viral and non-viral tumours
(Figure 2A-B). Translational alterations, by contrast,
diverged. The slope relating TO to mRNA change was
0.82 in the viral background and 0.56 in the non-viral
(Figure 2E-F), a difference that remained upon
resampling to the size of the viral cohort and was
reproduced when the virus-associated samples of Zou
et al. were analyzed instead of our own. The slope
substantially below one is indicative of widespread
“translational buffering” of transcriptomic changes, a
phenomenon with increased appreciation in recent
literature but unclear mechanistic explanation [106-
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109]. The functional -categories with divergent
translational alterations were translation itself, protein
traffic, the stress response, mitochondrial function,
and immunity-related pathways (Figure 2H-I). The
detailed analysis of the latter further suggested the
systematic contribution of translational changes to the
emergence of an “immune-cold” microenvironment in
HCC tumors of non-viral etiology (Figure 2]). Many of
our findings from differential TE analysis support
recent spatial proteomics data comparing patient
samples from NASH, HBV, and HCV-associated
HCCs [110]. In the latter study, NASH-HCCs had
consistently reduced overall tumor immune cell
infiltrations (~34% vs ~56% in HCV and HBV
background), decreased CD8+ and GZMB+ T-cells
and increased polymorphonuclear myeloid-derived
suppressor cells (PMN-MDSCs), indicative of a more
immunosuppressive microenvironment. The study
also found higher content of PD-1+ and PD-L1+ cells
in NASH-HCCs compared to viral HCCs, but only in
the peritumoral tissue rather than the tumor itself and
its margin. Our findings of smaller TO and TE of PD-1
and PD-L1 in the non-viral relative to viral T-NT
comparison (Figure 2], top-left), are thus also
consistent with the mentioned study.

The translational buffering was apparent also at
the protein level: whereas in the viral background
mRNA and TE changes contributed comparably and
independently to protein-level change (Figure 2K,
16.1% and 21.3% of variance, Figure S2J), in the non-
viral background, “buffering” resulted in TE being
largely predictable from the RNA changes (Figure 2F),
with only a small orthogonal contribution remaining,
namely 8.0% (Figure 2L, Figure S2J). Moreover, most
of the variance in protein abundance remained
unexplained in both backgrounds, and a coordinated
upregulation of the degradation machinery did not
account for it (Figure 2M). This leaves differences in
measurement technique, post-translational
modifications, and error as likely contributors. In
support of this notion comes the limited correlation of
ribo-seq-based RPF estimates with the mass
spectrometry-based estimates of protein abundance
obtained from the same samples (Figure 1I).

Because translation initiation is rate-limiting
[111] and is governed by regulatory elements in
5UTRs, uORFs in particular [112], we asked how
uORF and CDS translation are coupled in this tissue.
We anchored the analysis on ATF4, whose uORF?2 is
an established repressor [71]. T-NT changes in ATF4’s
uORF2/CDS ratio showed a trend toward
upregulation in the non-viral and downregulation in
the viral background (Figure 3B), which were
accompanied by consistent changes in the ATF4’s CDS
TO and TE, decreasing in the non-viral and increasing
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in the viral backgrounds. However, these trends did
not reach statistical significance (Figure 3D). The
ATF4-dependent integrated stress response represses
cellular translation [113], and in our data, TE and TO
of genes related to translation process are generally
downregulated transcriptome-wide in the viral cohort
T-NT comparison and upregulated in the non-viral
cohort (Figure 2H). Further examining SLC7A11, a key
transcriptional target of ATF4 conferring protection to
ferroptosis [73], we found milder T-NT upregulation
in the non-viral than in the viral background, at both
the RNA (~10- vs. ~40-fold) and TO (~14- vs. ~108-
fold) levels (Figure S4C). The reduction of ATF4
expression in this context may buffer SLC7A11’s
upregulation, increasing the susceptibility to
ferroptosis to further support oncogenesis [73]. These
results suggest a model whereby in the non-viral
background, oncogenesis hinders ATF4 translation via
increased uORF2 usage, relieves the steatohepatitis-
induced integrated stress response and globally
upregulates translation. This corroborates previous
immunohistochemistry measurements of translation
initiation factors in HCCs of different etiologies [17]
where the rate-limiting translation initiation factor
elF4E was strongly upregulated on the protein level in
non-viral, but not viral-related HCCs. Another crucial
factor, elF6, increased its protein levels throughout
progression from fatty liver disease to HCC and its
depletion reduced oncogenesis in a mouse HCC model
[14]; however, the elF6 protein expression in patient
tumor samples appeared to be highest in HBV tumors,
followed by non-viral and then HCV tumors [17]. The
same clear patterns for eIF4E and variable changes for
elF6 were observed in our TO and TE measurements;
for elF4E, the upregulation in non-viral background
follows the general pattern of being implemented on
TE and TO levels rather than the RNA level (Figure
S8F).

Following the validated ATF4 signature —
uORF/CDS occupancy ratio decreasing as CDS output
increases — independently recovered at UCP2, a
second locus with experimentally demonstrated
uORF-mediated repression [92], we applied the
analysis transcriptome-wide. This yielded 117 ratio-
decreasing (RD) uORFs consistent with repression,
and, unexpectedly, an order of magnitude more ratio-
increasing (RI) uORFs. The prevailing view, supported
by massively parallel reporter assays [114,115] and by
the negative selection acting on uORF-creating
variants [116,117], is that uORFs are predominantly
repressive, so this imbalance is surprising. To gain
additional insight, we compared the properties of RD
and RI uORFs. We recapitulated the findings from
population genetics studies, showing that relative to
CDSs, uORFs have negligible evolutionary
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conservation both on nucleotide and amino-acid level,
and uORFs with Ribo-seq support have only slightly
increased conservation scores relative to decoy uORFs
(Figure S6A). Interestingly, as sub-group, RD uORFs
displayed even lower conservation than other uORFs,
akin to random drift (Figure S6B). However, they
displayed the features previously reported for uORF
with a translation repressive effect [89], such as larger
length (relative to other uORFs), overlapping in a
different frame with the start codon of the main CDS,
lower CDS TE (Figure 4E, Figure S5C-D).

Perhaps the most surprising finding is that only a
small subset of uORFs with evidence of translation
had these properties, while the much more numerous
RI uORFs showed opposite trends for the same metrics
(Figure 4E, Figure S5B). The apparent “translation-
activating” function of RI uORFs, reflected in
increased TE of the CDS in parallel to increasing
uORF/CDS TO ratio, may be related to compartment-
specific translation localization or systematic
differences in translation elongation speed which can
be further investigated, e.g. using data from ribosome
run-off experiments [85]. Consistent with this
hypothesis, RI uORFs are enriched among genes
encoding proteins of the endoplasmic reticulum,
lysosome and secretory pathway (Figure 4F, Figure
S5E, left), whose CDSs are translated in part on ER-
associated ribosomes while their uORFs are
necessarily translated in the cytosol before targeting
[93]. Recently emerged techniques such as proximity-
labeling ribosome profiling [118] could be used to
follow up on the compartmentalized translation
hypothesis. Alternatively, these uORFs may be
“inactive” or predominantly play a “bystander” role in
the translation of the CDS. Supporting this hypothesis
are the weak trends in uORF length and distance to
CDS (Figure S5D) as well as CDS TE, even when
controlled for uORF subset size (Figure S5B).
Furthermore, filtering by ratio of variance explained
by the first PC results in the distribution of PC angles
converging to 45° primarily through depletion of
smaller angles (Figure 4D, marginal distribution at the
top). Lastly, the coupling analysis highly relies on the
assumption that the uORF and the CDS are located on
the same RNA transcript. While this appears to be true
in the presented examples (Figure 3A, Figure S5F-G),
it is, in principle, impossible to reliably assign RPFs to
uORF and CDS of a given transcript isoform, if
multiple compatible transcript isoforms are expressed
simultaneously in the sample. Thus, if a uORF were
present only on a specific isoform, e.g. with a longer
5UTR, then the uORF/CDS TO ratio would be
confounded by the relative transcription rate of the
isoforms. Similarly, alternative polyadenylation and
splicing at 3’ exons could create artifacts in the

https://www.thno.org



Theranostics 2027, Vol. 17, Issue 1

coupling analysis of dORFs and RT events. However,
given the proportionality of uORF and CDS TO for
many of the uORFs, the issue of transcript annotation
appears less relevant for this category of ncORFs.

Whether uORFs modulate CDS translation
outside of strong stress responses remains debated
[76,119]. Our data argue for a modest contribution:
only 35 of 1'981 uORF-CDS pairs showed a
significantly altered ratio between tumour and non-
tumour tissue (Figure 4]). This is probably an
underestimate because our statistical analysis based
on the MW U-test must be overly conservative given
the small sample size. In support of this notion, RD
uOREFs displayed remarkable consistency between the
uORF/CDS TO ratio changes (despite individual
genes not reaching statistical significance) and changes
in TE, TO, and protein levels of the main CDS (Figure
S5E, right). Methods for increasing the sensitivity of
differential uORF/CDS usage analysis could perhaps
be adopted from the field of alternative splicing [120],
if the uORF/CDS ratio behaves similarly to the ratio of
alternative isoforms. Further, repression of CDS
translation can lead to RNA decay [121], reducing the
chance of capturing RPFs from the most repressed
transcripts. Indeed, uORF-containing mRNAs are
frequently stabilized upon depletion of RNA decay
factors [122,123].

Reinitiation downstream of the ATF4 uORFs
triggered by stress kinases requires the DENR-MCTS1
complex or the homologous EIF2D protein [79]. While
in the non-viral background HCC these factors were
significantly upregulated at the TO level, we did not
find consistent changes in the TO and TE of ATF4 CDS,
which was rather downregulated (Figure 3D).
However, when analyzing the consistency of
reinitiation factor expression levels with the change in
ATF4 uORF/CDS TO ratio across all samples,
irrespective of their disease status, we found
remarkable consistency, especially at the protein level
(Figure 3C, Figure S4A-B). In agreement with these
results, in tumor-vs-non-tumor comparison, protein
intensities of these factors showed only slight
upregulation trends, a bit stronger in the viral than the
non-viral background. Moreover, EIF2AK2, encoding
the PKR stress kinase, was downregulated in the non-
viral and upregulated in the viral condition (Figure
3D). This, as well as the changes in elF4E and elF6
described above (Figure S8F), together suggest that the
stress response pathway may be upregulated in the
viral and downregulated in the non-viral HCC relative
to corresponding non-tumor tissue.

Beyond uORFs, we found translation
downstream of stop codons for 290 genes. Our
criterion - a dominant reading frame downstream of
stop codons - allows for the possibility that alternative
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isoforms (other than those containing the extension
region in the terminal exon, which we checked) or
reinitiation immediately downstream of the stop
codon explain the RPF coverage. The abundance of
SCRT isoforms, estimated from the ribosome densities
on CDS and 3'UTRs, is in the range of a few
percentages relative to the canonical ORF, consistent
with prior estimates [124,125]. The detection of RPF-
supported readthrough peptides in proteomics
datasets (Figure S8B) is further indication that such
isoforms are expressed and sufficiently stable to be
detected.

Finally, 1’694 ORFs in transcripts annotated as
non-coding in the NONCODE database [101] showed
robust translation evidence, and 15 were supported by
peptide spectra from at least two proteomics datasets
(Figure S8D). Their TE was increased in the non-viral
background, partly counteracting the transcriptional
change, whereas in the viral background the TO and
mRNA changes were more concordant. Thus, if
IncRNAs contribute neoantigens [126], the neoantigen
load may be different in HCC of viral and non-viral
background, with possible consequences for the
immunotherapy response [62]. ZFAS1, a snoRNA host
gene upregulated in HCC on the RNA level [102], is an
example of this class: three short ORFs at its 5" end
yield RPFs, and one (ORF3) has peptide support in
publicly available mass spectrometry datasets (Figure
5G). Besides increased RNA abundance (log2FC=1.2,
p-value < 0.05 in DESeq?2 analysis for both etiologies),
ORE3 further has the trend of TE upregulation, both in
non-viral (TE logFC = 0.83, p-value = 0.26 in the
deltaTE test) and viral (TE log,FC = 0.69, pval = 0.22)
T-NT comparisons; in contrast, the TEs of ORF1 and
ORF2 tend toward downregulation (Table S6).

Some limitations in sample availability could
affect our conclusions. Our translational efficiency
estimates combine ribosome footprints from our
cohort with mRNA levels from TCGA, since the
available material did not permit both measurements
from the same tissue; the cross-dataset controls we
provided argue that the etiology-dependent
differences are not an artefact of this design, but our
TE estimates remain a cross-cohort quantity. In
particular, differences in tumor purity and in the
cellular composition of the tissue between our samples
and those of TCGA could affect gene-level TE
estimates, and, as all our measurements come from
bulk tissue, the T-NT changes in TO and TE of genes
expressed predominantly in non-parenchymal cells,
such as the immune markers in Figure 2], may partly
reflect differences in immune and stromal cell
infiltration rather than translational regulation
intrinsic to hepatocytes or tumor cells. The global
relationship between TO and mRNA changes (Figure
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2E-F) is less susceptible to these factors, as it is
dominated by the thousands of genes expressed in
parenchymal cells, and the high slope of the viral
background was reproduced when RNA-seq from the
same samples was used as reference (Zou et al. dataset,
Figure S2C-D). The viral group consists of 4 tumors
and 4 non-tumor samples, thus negative findings, e.g.
regarding clustering by cirrhosis, limited regulatory
role of uORFs could reflect the limit of detection rather
than absence of effect. Conversely, gene-level
differences observed in the viral background, such as
the increased TE of immune checkpoint and T-cell
markers (Figure 2J), should be regarded as
exploratory. The SH group was classified before the
recent change in nomenclature, and it is therefore
broader than the MASH category. Finally, the cohort
is demographically skewed: of the 21 patients for
whom this information was available (Table S1), 18
were male and 19 were 60 years of age or older. This
cohort composition is consistent with the
epidemiology of HCC [1] but does not allow us to
further stratify samples by sex. Given the known sex
differences in hepatic lipid metabolism [127] and in
HCC incidence [1,128], we cannot exclude that some of
the etiology-associated differences we report are in
part confounded by sex; resolving this will require
larger cohorts.

Altogether, our study provides the first
translational landscape of SH-associated HCC and
shows that translational alterations in this background
are very distinct from those in virus infection-
associated HCC. The two backgrounds exhibit
different global patterns of TE changes, i.e.
transcriptome-wide RNA-dependent “buffering” in
the non-viral vs. RNA-independent in the viral
etiology. The study further provides rigorous
characterization of uORF regulatory function using a
newly developed computational analysis framework
based on a PCA approach that tackles the issue of
spurious associations potentially arising from
coupling of variables [77]. The study further identifies
numerous translated regions - for which the term
translon has been recently coined [129] - including in
RNAs currently annotated as non-coding, some
yielding reproducibly detected peptides. The
candidate genes and ORFs reported here provide a
starting point for further validation experiments.

Methods

Samples collection and histopathological
assessment

Samples were collected from patients
undergoing surgery at the University Center for
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Gastrointestinal and Liver Disease (Clarunis), Basel,
Switzerland. Written informed consent was obtained
from all patients. The study was performed in
accordance with the Helsinki Declaration and
approved by the ethics committee (Ethics Committee
of Basel, EKBB, no. 2019-02118). Histopathologic
characterization was performed as per standard of
care at the Institute of Pathology Basel from certified
pathologists. The “tumor” samples represent a bulk
tissue homogenate, while “non-tumor” samples were
taken from distant liver parenchyma.

Tissue lysis and sample preparation

Tissues (20-40 mg) were lysed under cryogenic
conditions with 100 pl per 10 mg of tissue of lysis
buffer (20 mM Tris-HCI pH 7.5, 100 mM NaCl, 10 mM
MgClI2, 1% Triton X-100, 0.5% sodium deoxycholate,
1 mM dithiothreitol (DTT), 100 pg/ml cycloheximide,
0.8 U/pl RNasin plus RNase inhibitor (Promega),
0.04 U/pl Turbo DNase (Invitrogen), and EDTA-free
protease inhibitor cocktail (Roche)) on an automatic
freeze mill (SPEX Sample prep) using the following
program: Precool: 2 min, Run: 2 min, Cool: 2 min,
Cycles: 2, CPS: 5. Pulverized samples were transferred
to a pre-chilled 50 ml falcon tube and incubated with
continuous rotation on an overhead shaker (15 rpm)
for 60 min at 4 °C. Lysates were then passed through a
23G needle for 10 times on ice and kept with
continuous rotation on an overhead shaker (15 rpm) at
4 °C for 5 min. Lysates were centrifuged at 3’000 xg for
3 min at 4 °C, supernatants were collected and
centrifuged again at 10’000 xg for 5 min at 4 °C. RNA
concentration was measured using a Nanodrop 2000.
From these clarified lysates, the translatome (ribosome
profiling) and the proteome (proteomics) were
analyzed.

Ribosome profiling

RNA concentration from clarified lysates was
measured using a Nanodrop 2000 spectrophotometer
(ThermoFisher Scientific). Ribosome profiling was
performed as described in [115] from equivalents to 4-
6 ODasp of lysates treated with 8.25 U RNase I
(Invitrogen) per unit of ODag for 45 min at 22 °C in a
thermomixer (1’000 rpm). Libraries were prepared in a
ligation-free manner with the SMARTer smRNA-Seq
Kit for Illumina (Takara) and sequenced on the
[llumina NextSeq 500 sequencer in the Genomics
Facility Basel (Department of Biosystems Science and
Engineering (D-BSSE), ETH Ziirich).

Analysis of ribosome profiling data

Processing of Ribo-seq reads was done with a
previously developed Snakemake pipeline. Single-end
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reads from .fastq files were trimmed with fastx_clipper
from FASTX-Toolkit version 0.0.14 with parameters ‘-
a (3’adapter) AAAAAAAAAA, -1 (minimum-length)
20, -c (discards non-clipped sequences) and -n
(discards sequences with unknown (N) nucleotides)’.
The trimmed reads were further trimmed with
fastq_quality_trimmer from the same toolkit with -t
(minimum quality) 20, -Q (quality type) 33. Then the
trimmed reads were filtered with fastq_quality_filter
from the same toolkit for read quality with the
following parameters: “-q (minimum quality) 20, -p
(minimum percent of bases that must have [-q]
quality) 90", -1 (minimum-length) 20. These reads were
first aligned to ribosomal RNA (rRNA) sequences
obtained from Homo sapiens ribosomal DNA (rDNA),
complete repeating unit (https://www.ncbinlm.nih.
gov/nuccore/U13369) using Segemehl version 0.2.0
[130]. The reads that did not map to rDNA (25% to 65%
of the total reads mapped to rDNA) were then aligned
to the longest coding transcripts for each gene
identified from Homo sapiens GRCh38-hg38 genome
assembly, Ensembl 110 annotation using Segemehl.
The uniquely mapped reads from this alignment were
used for downstream analysis. Reads were further
separated into groups by read lengths. In each such
group, all plausible nucleotide distances from 5 end of
read to a position of the 1st nucleotide of a presumable
ribosomal P-site were compared in terms of
compatibility with 1st nucleotide positions of
annotated start codons across genes. Then, the
distance giving highest compatibility was selected as
characteristic for a particular read length. P-site
positions in reads were further inferred by shifting the
position of 5’ends using that characteristic distance.
Lastly, reads with determined P-sites from different
read length groups were pooled together for every
sample. In addition, A-sites in reads were similarly
inferred, by additional 3 nt shifting and were used for
visualization of the translation signal in selected genes.

For P-site metagene plots, the P-site coordinates
for all mapped reads are identified by using read
length specific 5' offsets and quantified across 101-
nucleotide length windows centered on target start
and stop codons. Then to ensure equal weighting
across all transcripts regardless of expression level, P-
site counts were normalized on a per-ORF basis.
Positional counts within 101-nucleotide length
windows were converted to relative frequencies,
averaged across the ORFs, and aggregated by
experimental groups to visualize tri-nucleotide
periodicity.

To identify IncRNA-derived ORFs, NONCODE
database version 6 [101] is used as reference. First, the
IncRNA genes that are expressed in liver tissue are
obtained. Then the longest coding transcript isoform
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of each IncRNA gene is identified and used as the
representative transcript for mapping step. The reads
that did not map either to rDNA or protein coding
transcripts are then mapped to this representative
IncRNA transcriptome. The ORF identification step is
identical as described above for protein coding
isoforms’ untranslated regions. Counts of reads per
translation unit per sample are available from Zenodo
with DOI: 10.5281/zenodo.18339128.

Molecular signatures of disease background

Numerous prior studies contributed to defining
recurrent transcriptional changes (signatures) of viral
as well as non-viral (mostly NASH) background HCC.
Literature was manually curated with the help from
Gemini 3.1 Pro to construct consensus transcriptomic
signatures. For non-viral HCC, the signature reflects
metabolic reprogramming to increase the lipid
biosynthetic capacity needed for tumor proliferation:
transcriptional upregulation of de novo lipogenesis and
cholesterol synthesis genes (FASN, SCD1, ACACA,
ACLY, HMGCR [131]) and strong upregulation of ER
stress chaperones and detoxification enzymes
(HSPA5, AKR1B10) [132] to manage the lipotoxic
microenvironment. Other regulators of lipogenesis
and fatty acid processing (PPARA, SIRT1) are
downregulated [133], reflecting the loss of normal
hepatic homeostasis specific to the NASH
environment. In contrast, for the virus-associated
HCC, the composed signature reflects the distinct
immunological profile, replicative stress, and viral-
driven cell cycle dysregulation due to chronic
infection. Intracellular interferon-stimulated genes
and antiviral response markers (STAT1, ISG15, MX1,
OAS1) [134], characteristic of the cellular response to
the virus, are upregulated. Also upregulated are
PARP1, PCNA, and MCM2 [135,136], genes associated
with the response to replicative stress, hyperactive
DNA replication, and associated repair mechanisms.
Other markers reflecting common pathways of tissue
injury and generic malignant transformation are
shared across backgrounds. Specifically, reflecting the
tumor's metabolic shift towards aerobic glycolysis (the
Warburg effect), core carbon metabolism enzymes
(HK2, PKM, LDHA) are wupregulated [137].
Upregulated are also markers of fibrosis (ACTA2,
COL1A1) [138,139], Wnt signaling (CTNNB1, AXIN2)
[140], and hyper-proliferation (MKI67, CDK1, TOP2A,
EZH2, BIRC5) [141-144]. Finally, markers of
aggressive oncofetal dedifferentiation particularly
AFP contribute to the viral signature [145,146], while
KRT19 [147], EPCAM [148], and GPC3 [149] to both
backgrounds (Table S4).
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Identification of non-canonical open reading
frames (ncORFs) and stop-codon readthrough
isoforms (SCRTs)

To identify non-canonical translation products
(u/dORF and IncRNA-derived peptides and SCRT
isoforms, altogether referred to as ncORFs), we
employed a Snakemake pipeline based on a previously
developed and published method [38] (see Code
availability section). The first step was to identify all
alternative start and stop codons on all possible frames
of untranslated regions (UTRs) of all protein coding
transcripts and IncRNAs, based on the input .gtf
annotation file and genome sequence. Next, we
removed any ncORFs that fully overlapped with
annotated ORFs within alternative transcript isoforms
in Ensembl 110 annotation, as well as candidate ORFs
shorter than 7 amino acids. The script further
quantifies the coverage from inferred P-site locations
for all three reading frames within each region, and if
the number of inferred P-site positions along a
putative ncORF was smaller than 5, the putative
ncORF was filtered out. Next, we checked the
periodicity of RPF coverage using the non-parametric
Wilcoxon rank-sum test and kept for further analysis
ncORFs and SCRTs if in at least one sample, the in-
frame coverage was significantly higher than the
coverage of the 2 alternative frames (Fisher's combined
p-value < 0.01). The geometric means of these
combined Fisher p-values were used in the analysis at
Figure S5A. For ncORFs and SCRT that passed all the
filters above, we checked for read support (at least 1
RPF) across all samples of NT or T conditions. For
IncRNA-derived ncORFs, we applied it separately for
viral and non-viral disease backgrounds and then kept
ncORFs that satisfy the comprehensive coverage filter
in either of the disease backgrounds. For the ncORFs
remaining after these filtering steps, we generated the
corresponding amino acid sequences. For SCRTs, we
appended the amino acid sequence of the readthrough
region to the last 50 amino acids from the canonical
protein isoform to capture the peptides that span the
canonical and SCRT region of the readthrough isoform
for queries of the mass spectrometry data. Finally, we
appended the obtained non-canonical peptides to the
Homo sapiens Uniprot [150] protein database for
further use in the analysis of LC-MS data.

Generalized linear model of protein and TO
levels

To evaluate the combined and distinct
contributions of transcription and translational
efficiency (TE) to differential protein expression, joint
multivariable linear regression was performed using
the Im function in base R. Protein abundance fold
changes were modeled first as a function of RNA fold
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changes and then as a function of both RNA and TE
fold changes and the explained variances for each
model were calculated. This approach enabled the
statistical assessment of TE's additive effect on final
protein levels, thereby isolating the specific regulatory
impact of translation from the effects of transcription.

Clustering of IncRNA TO expression

Combined count matrix including all identified
translational units (protein-coding transcripts and
IncRNA-derived ORFs) was utilized for library size
estimation. Variance stabilizing transformation (VST)
was applied utilizing the vst function in DESeq?2.
Following the normalization step, the VSIT-
transformed expression values were z-score scaled
across rows. Finally, unsupervised bidirectional
hierarchical clustering (clustering both rows and
columns) was performed on these z-scores using the
pheatmap package.

Analysis of differential expression, differential
translational output, translational efficiency,
differential ncORF/CDS ratio and differential
protein output

Differential expression (based on RNA-seq reads)
and differential translational output (based on
ribosome profiling reads) analyses were performed
using the DESeq2 R package [41] version 1.46.0 with
default parameters, without log,FC significance
shrinkage, to enable direct juxtaposition of the values
obtained from RNA-seq and ribosome profiling. The
deltaTE [58] procedure was applied for differential
translation efficiency analysis using only ribosome
profiling reads mapped to coding sequence (CDS)
regions obtained from the GRCh38-hg38 genome
assembly, Ensembl 110 annotation. For differential
translational output (TO) and differential translation
efficiency analysis for IncRNAs, the above procedure
was followed after identifying translated ORFs on
IncRNAs and treating them as CDS regions. For
differential protein output analysis, limma R package
version 3.62.2 was used [151]. Differential uORF/CDS
TO ratio analysis was conducted by direct calculation
of median values of the ratios in sample groups, with
significance estimated by Mann-Whitney U-test
implemented in scipy.stats Python package v.1.18.0.

Principal Component Analysis (PCA) and
PERMANOVA analysis

PCA was performed on TO values and
proteomics intensities using prcomp function in R. The
expression values were filtered to retain only
completely quantified genes (expression > 0 across all
samples). Then the values were log> transformed and
standardized using the “scale = TRUE” parameter
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within the prcomp function. The resulting principal
components were visualized to assess sample
clustering based on tissue condition (T vs. NT),
cirrhosis status, Edmondson grade, and etiology (with
“ASH”, “NASH” and “ASH/NASH” combined into a
single “ASH/NASH” category). For PERMANOVA
analysis, Euclidean distance was applied to log-
transformed TO and protein intensity values to
quantify the distance between samples. Statistical
significance for all PERMANOVA tests was assessed
using 10,000 permutations. Groups were defined by
categorizing samples into tumor (T) and non-tumor
(NT) subsets. Permutations were constrained such that
matched samples were exclusively permuted within
their respective patient blocks, treating them as
dependent observations. Additional groupings were
established by incorporating metadata regarding
etiology, cirrhosis status, and Edmondson grade. For
tumor-exclusive statistical comparisons, NT samples
were excluded prior to distance calculation and
testing.

uORF-CDS TO coupling analysis

To evaluate the coupling between translation
outputs of uORFs and corresponding CDSs, a
systematic screening was performed using a custom
Python script (see Code Availability). Paired uORF
and CDS TO values across ribo-seq samples were
extracted for each uORF. Principal Component
Analysis (PCA) as implemented in Python scikit-learn
package v1.9.0 was applied to the log2-transformed,
mean-centered TO values. The first principal
component (PCl) was extracted to calculate the
corresponding direction angle in uORF TO (x-axis) -
CDS TO (y-axis) feature space as arc tangent between
eigenvalues. The angle was then converted to degrees
and wrapped to a [-45°, 135°) range thus covering all
possibilities. The fraction of the total two-dimensional
variance explained by PC1 (explained variance ratio,
EVR) was also extracted. To investigate the influence
of specific regulatory factors on the ATF4 uORF2-CDS
axis, Ordinary Least Squares (OLS) multiple
regression was employed using the scikit-learn
LinearRegression module. Factor expression levels—
derived from either TO or proteomic intensities —
were modeled as a dependent variable against the
uORF and CDS TO values. The fitted linear coefficients
at uORF and CDS TO regressor variables thus
represent 2D gradient vectors of factor changes in
uORF-CDS TO 2D space (Figure S4A-B). R? values
from these fitted OLS models were extracted. Cosine
similarities between factor gradient vectors and PC1
reference trajectory vector were calculated using the
NumPy package v.2.5.0.
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Gene Set Enrichment (GSEA) and Gene
Ontology (GO) analysis

The ClusterProfiler [152] R package version 4.14.6
was used for all the GO term analyses reported in this
study. ComplexHeatmap [153] version 2.22.0 and
circlize [153,154] version 0.4.16 R packages were used
to construct the heatmaps. For GSEA, the fgsea R
package [155] version 1.32.0) was used. Concordance
of pathways were defined as enrichment in the same
direction with at least moderate significance in both
GSEA runs (padj < 0.15), requiring a minimum of one
comparison to have statistical significance (padj <
0.05). To select the top 25 concordant pathways, these
concordant pathways were ranked by their minimum
-logl0(padj) value across both GSEA runs. This
ranking method prioritizes pathways demonstrating
robust, high-confidence activation in both GSEA
results. Discordant pathways were identified as either
complete reversals (opposite enrichments, both padj <
0.15) or condition-specific events (significantly active
in one cohort with padj < 0.05, but inactive in the other
with padj > 0.3). The top 25 discordant pathways were
selected by ranking them according to the maximum
absolute difference between their signed -log10(padj)
scores.

Processing and analysis of the RNA
sequencing data from the TCGA project

Genomic alignments (BAM format) of short
paired-end reads from 371 primary tumor and 50 non-
tumor RNA-seq samples of the TCGA-LIHC project
(The Cancer Genome Atlas, liver hepatocellular
carcinoma) were obtained from the GDC portal
(accession number phs000178.v11.p8). To evaluate the
abundance of transcripts supporting the expression of
CDSs and ncORFs, their respective transcriptomic
coordinates were converted to genomic coordinates
with a custom python script. More precisely, each CDS
and ncORF was represented as a unique “gene”
element with a single transcript and specified exons,
represented in the GENCODE GTF annotation format
[156]. This GTF file was used as input to the
FeatureCounts package [157] to obtain raw fragment
counts per gene across samples, with the following
parameters:

featureCounts -p --countReadPairs -O --fraction -
Q 255 -5 0 -B -C -P -d 0 -D 10000000000000 -t exon -g
gene_id.

The ISMARA web server [158] requires
unmapped reads in .fastq format as input. Thus, we
first converted the uniquely mapped reads from BAM
files to .fastq using Samtools v. 1.18 [159,160]. Briefly,
ISMARA uses a Bayesian procedure to model logs-
transformed TPM expression levels of all mRNAs in a
sample as a linear function of the transcription factor
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binding sites in the corresponding promoter
sequences. The estimated coefficients of the linear
model are the motif activities in a sample, where the
motifs represent the sequence specificity of the
transcription factors. An increased motif activity is
inferred when the target genes of the respective
transcription factor show relative increase in their
TPM values. TPM values associated with every
promoter are centered around zero across all samples
before analysis, therefore across-sample average motif
activity is always zero for all motifs. The explanatory
power of any given regulatory motif relative to all
other motifs across all samples of the data set is
represented by its z-score.

Classification of TCGA data

To split the patient samples into viral and non-
viral categories, we used the hepatocarcinoma risk
factor information from metadata provided by the
TCGA project. Patients with risk factors Hepatitis B,
Hepatitis C, Hepatitis C| Other, Hepatitis B | Hepatitis C,
Hepatitis B | Other are labeled as viral samples (12 NT,
110 T). Patients with risk factors Alcohol
consumption | Nonalcoholic Fatty Liver Disease, Alcohol
consumption, Nonalcoholic Fatty Liver Disease, Alcohol
consumption | Other, Alcohol consumption | Nonalcoholic
Fatty Liver Disease|Other, Nonalcoholic Fatty Liver
Disease | Other are labelled as non-viral samples (11 NT,
90 T).

Evolutionary conservation and tumor somatic
mutations in ncORFs and CDSs

To evaluate evolutionary conservation and
somatic mutation density, transcriptomic coordinates
for all ORF categories and annotated CDSs were first
converted to genomic coordinates utilizing the
zavolab_pyutils toolkit [161,162]. Obtained genomic
coordinates of ORFs were used to quantify median
values (across all nucleotide positions of the ORF) of
various evolutionary conservation metrics in a custom
Python script (see Code Availability). Frame-specific
PhyloCSF tracks from the alignments of 58 mammal
genomes anchored to the human hg38 genome [83]
were downloaded from the Broad Institute repository.
The median PhyloCSF score was calculated for each
ORF based on the chromosome strand encoding the
gene and the length of exons constituting the ORF, to
account for variable frames in different exons of the
same ORF. To isolate the specific signal of ncORFs,
ncORFs segments overlapping with annotated
protein-coding CDS regions were masked from the
target coordinates using bedtools subtract [163]. Other
conservation tracks—including 30-way and 100-way
phyloP and phastCons, and somatic mutations from
whole exome sequencing in HCC study of the The
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Cancer Genome Project Consortium (TCGA-LIHC [5])
—were downloaded from the UCSC Genome Browser
[81] and signal densities were calculated accordingly.

Mass spectrometry-based proteome analysis

Protein samples (see “Tissue lysis and sample
preparation” section) were incubated for 10 min at
95 °C. After cooling, a 1 M iodoacetamide solution was
added to reach a final concentration of 20 mM and the
cysteine residues alkylated for 30 min at 25 °C in the
dark. Subsequently, the protein concentration was
determined by fluorometric analysis of tryptophane
content as described [164]. Sample aliquots containing
50 pg of total proteins were then purified and digested
with the S-Trap cartridges (Protifi, Fairport NY, USA)
following the manufacturer’s instructions. Resulting
peptides were dried under vacuum and stored at -
20 °C until LC-MS analysis.

Peptides were re-suspended in 0.1% aqueous
formic acid and 0.2 pg of peptides subjected to LC-
MS/MS analysis using an Orbitrap Exploris 480
MassSpectrometer fitted with an Vanquish Neo (both
Thermo Fisher Scientific) and a custom-made column
heater set to 60 °C. Peptides were resolved using a RP-
HPLC column (75 pm % 30 cm) packed in-house with
C18 resin (ReproSil-Pur C18-AQ, 1.9 pm resin; Dr.
Maisch GmbH) at a flow rate of 0.2 pul/min. Separation
of peptides was achieved using the following gradient:
Proteome analysis: 4% buffer B to 10% in 5 min, to 35%
buffer B in 45 min, to 50% buffer in 10 min. Buffer A
was 0.1% formic acid in water and buffer B was 80%
acetonitrile, 0.1% formic acid in water. The mass
spectrometer was operated in DIA acquisition mode
with a total cycle time not exceeding approximately
3s. For MS1, the following parameters were set:
Resolution: 120,000 FWHM (at 200 m/z); Scan Range:
350-1400 m/ z; Injection time: 25 ms; Normalized AGC
Target: 300%. MS2 (SWATH) scans were acquired
using the following parameters: Isolation Window:
10 m/z; HCD Collision Energy (normalized): 28%;
Normalized AGC target: 1000%; Resolution:
15,000 FWHM (at 200 m/z); Precursor Mass Range:
400 - 900 m/z;, Max. Fill Time: 22 ms, DataType:
Centroid. In total 49 DIA (MS2) mass windows per MS
cycle followed by the one MS1 scan.

Analysis of LC-MS-based proteomics data

The acquired raw files were first converted to
indexed mzML format using ThermoRawFileParser
[165] and then searched against a protein database
containing sequences of the SwissProt Release 2024
[150,165] entries of Homo sapiens (in total 20’420 protein

sequences) along with commonly observed
contaminants using the workflow for data-
independent  acquisition = (downloaded  from
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https:/ / github.com/Nesvilab/FragPipe/releases) of
FragPipe [166] version 23.0.0. For non-canonical
peptide identification, the peptide-spectrum, ion and
peptide matches were filtered to 1% FDR level. IBAQ
values are calculated as the intensity of a protein
estimated by DIA-NN approach [167] divided by the
number of theoretically observable tryptic peptides for
that protein.

All  mass spectrometry proteomics data
associated with this manuscript have been deposited
to the ProteomicsXchange consortium via MassIVE
(https:/ /massive.ucsd.edu) with the accession
number  MSV000099492. Details on  the
correspondence between sample ID (MassIVE) and
biopsy name are in Table S1.

Reanalysis of data from the PRIDE database

The proteomics datasets with the following
accessions numbers were obtained from PRIDE
database: PXD023000, PXD049964, PXD005647,
PXD016790, PXD010294, PXD002171, PXD035928,
PXD043841, PXD035261, PXD032201, PXD010085,
PXD034886, PXD025705, PXD036643, PXD023143. The
datasets were generated from liver tissue or liver cell
lines. The raw files from these accessions were first
converted to indexed .mzml format using
ThermoRawFileParser [165] and then re-analyzed
using FragPipe [166] version 23.0.0.
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