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Long noncoding RNAs (IncRNAs) participate in gene regulation

underlying development and disease. Overcoming inherent limitations

of bulk sequencing IncRNA analysis, we leveraged single-cell and spatial
transcriptomics (ST) data to analyze 219,442 potential IncRNAs identified
by the TAR-scRNA-seq pipeline across 13 cancer types. The IncRNA
functions were assessed by identifying their cell-type specificity and spatial
distributions across different tissue regions. Comparing with five existing
databases, we confirmed shared IncRNAs and found 94,795 unannotated
IncRNAs. The identified IncRNAs were experimentally validated across
seven cancer types using three single-cell-resolution ST platforms and

two long-read ST sequencing methods, encompassing both targeted and
untargeted approaches. Genome-wide colocalization of IncRNAs with
regulatory features, disease variants and pairwise spatial autocorrelation
with protein-coding genes suggest potential functional roles. We built a
free, fast and user-friendly database ‘SPanC-Lnc’ on AWS cloud. SPanC-Lnc
will enable discovery of potentially functional IncRNAs specific for cell
populations within heterogeneous tissues, providing new biological insights.

Long noncoding RNAs (IncRNAs) constitute the majority of the permis-
sively transcribed genome. Despite this, the majority of our knowledge
about transcriptional eventsis limited to the 1-2% of the genome that
encodes proteins'. With advancements in high-throughput technolo-
gies, it has become increasingly apparent that IncRNAs are of func-
tional relevance, contributing to diseases like cancer where they are
often misregulated’.

TheIncRNAs serve as a valuable class of molecular targets for dis-
ease identification; however, their detection has been constrained
by factors such as their low abundance, cell-type-specific expression
patterns and the reliance of existing computational tools on previous
annotations’. Previous studies onIncRNAs have predominantly relied on
bulk RNA sequencing (RNA-seq) data, which unfortunately resultsinthe
loss of cell-type information and tissue spatial context, both of which are

essential for understanding transcriptional regulation in developmental
and diseased states. The spatial information provides valuable insights
intoatranscript’s location withinatissue, its neighboring cells, colocal-
izing transcripts or proteins and their interacting partners, thereby
enhancing our comprehension of biological processes.

Advanced technologies such as single-cell RNA-seq (scRNA-seq)
and spatial transcriptomics (ST) sequence transcripts at the single-cell
level while preserving spatial information. Up to 40% of IncRNAs are
polyadenylated and an additional 40% of them are bimorphic*. Thus,
using a polyA-capture protocol, such as 10x Visium, these transcripts
can be analyzed. Recent studies using scRNA-seq for breast cancer
samples>® evaluated known (annotated) IncRNAs at a single-cell level.
Other studies claiming to have analyzed the ‘spatial transcriptome’ of
IncRNAs have typically examined IncRNA expression across different
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bulk tissues, rather than capturing the nuanced expression patterns of
IncRNAs within a tissue section”®, These studies did not explore novel
unannotated IncRNAs. Several methods for novel transcriptidentifica-
tion have been established for bulk sequencing data®°. Applying these
methods to ST and scRNA-seq data would not only facilitate the expan-
sion of annotations but also unveil additional layers of information
regardingIncRNAs, including cell-type specificity and spatial context
toreveal physical manifestation of their crosstalk with protein-coding
genes. Although these technologies have not yet addressed the identi-
fication of non-polyadenylated IncRNAs or the entire spectrum of rare
IncRNAs, creating arepository of potential IncRNAs detected through
cutting-edge ST technologies would establish arobust foundation for
biological discovery.

In this study, we combined large datasets from the spatially
resolved RNA sequencing by 10x Visium and single-cell resolution
scRNA-seq by 10x Chromium to discover IncRNAs in tissues from 13
different cancer types, along with cross-validation on samples from the
morerecenttechnologies like STOmics, Takara Bio Seeker and Xenium
in situ. We demonstrated new types of analyses to identify potential
functions of IncRNAs. While previous pan-cancer studies have exam-
ined clinically relevant IncRNAs" ", this study constitutes alarge-scale,
spatially resolved investigation of uncharacterized or new potential
IncRNAs, integrating cell-type-specific information to advance our
understanding of their roles in cancer (Supplementary Table 1). The
annotations and IncRNA expression data of each tissue are accessible
through the interactive website ‘SPanC-Lnc’: Spatial and Single Cell
Pan-Cancer Atlas of IncRNAs at https://spancinc.click/. Researchers
and clinicians can leverage this resource to gain deeper insights into
theroles of IncRNAs in cancer biology.

Results

Identification of potential IncRNAs in spatial and single-cell
datasets

Samples from 28 previously published in-house ST and 24 scRNA-seq
samples across 13 cancer types were analyzed for potential novel
IncRNAs (Fig. 1a) using the TAR-scRNA-seq pipeline'®. The cumulative
expression of allunannotated transcriptionally active regions (UTARs)
detected in each sample was projected on the corresponding tissues
and compared to that of the cumulative coding gene expression. Three
representative examples for different cancer types are displayed in
Fig.1b. uTAR and coding gene expression for the remaining samples
arealsoshowninSupplementary Figs.1and 2, respectively. The expres-
sion of several previously identified cancer-specific IncRNAs was also
visualized (Supplementary Fig. 3). Itis worth noting that while IncRNAs
like MALATI and NORAD were abundantly expressed across the tissue
sectionsinvarious samples (Supplementary Fig. 3a), others displayed
a certain degree of tissue specificity. For instance, both PICSAR and
LINC00520, known to be squamous cell carcinoma (SCC)-specific',
were markedly more expressed in cutaneous SCC and head and neck
(H&N) oropharyngeal SCC (OPSCC) compared to the other cancer
types. In contrast, while PICSAR and LINCOO520 were either absent
or expressed at lower levels in breast and colorectal cancer (CRC),

TINCR (known to play oncogenic roles in breast cancer™>') was highly
expressed in breast cancer samples (Supplementary Fig. 3b). TINCR
is also known to be oncogenic in OPSCC and tumor suppressing in
SCC and highly expressed in our representative samples. Similarly,
KCNQIOTI (commonly implicated in CRC prognosis'”*®) showed higher
expression in the CRC sample compared to other IncRNAs expressed
inthissample.

The samples used and the number of uTARs identified are sum-
marizedinFig.1c, withthe numbers varying, depending onthe cancer
type and coverage. For example, a higher number of uTARs were found
in breast cancer samples (-45,000-60,000) and one kidney cancer
sample (namely KidA) (-45,000), whereas 4,000-25,000 were detected
inother samples. Overall, more uTARs were detected with scRNA-seq
compared to ST, as scRNA-seq generally captures a higher number of
cells.Inmost samples, approximately 40-60% of theidentified uTARs
overlapped with IncRNAs cataloged in IncRNA public databases such
as FANTOM, LncBook, LNCipedia and NONCODE (Fig. 1c). Moreover,
while our initial analyses used GENCODE v.43 to filter out annotated
transcripts, the recent v.47 release has expanded IncRNA annotations”.
Toaccount for this update, we retained uTARs that overlap IncRNA or
noncoding pseudogene annotations in v.47 but were unannotated in
v.43.Many of these had beenidentified by our method, demonstrating
transcripts that weidentified as unannotated IncRNAs in v.43 are now
recognized as IncRNAsin GENCODE v.47. The remaining transcripts are
likely novel discoveries not yet reported by other databases and merit
further investigation (Fig. 1c).

Therelative uTAR:gene counts for each tissue at Visium spot-level
resolution was calculated as the total number of uTARs divided by
the total number of genes detected per spot (Fig. 1d). A higher value
indicates a higher number of total uTARs detected per Visium spot
withrespect to the number of coding genes, as in the melanoma sam-
ples (Fig. 1d); however, this could be due to the lower sample quality
(<200 median genes per spot). As the uTARs analyzed in this study
spanvarious cancer types and tissues, we merged overlapping uTARs
across multiple samples into a single uTAR. These were designated
as cancer-associated uTARs (cuTARs) (Supplementary Fig. 4) and
assigned unique numerical identifiers in our SPanC-Lnc database. The
terms uTAR, cuTAR and IncRNA are used interchangeably throughout
the paper. A total of 47 cuTARs were expressed on a pan-cancer level
(expressed in at least one sample per cancer type in the study) and
1,278inatleast ten cancer types, whereas most of the others exhibited
specificity to particular cancer types (Extended Data Fig. 1a,b). The
consistency of detection across different sequencing platforms (ST,
3’and 5’ scRNA-seq) for melanoma samples was also analyzed. About
1,574 cuTARs were detected in melanoma samples across all the three
different platforms (Extended Data Fig. 1c). Following these findings,
we further investigated some of these potential disease-associated
candidates in specific cancer types.

Characterization of cuTAR transcripts
Tofurther define cuTAR structure, we overlapped cuTAR coordinates
with transcription start site (TSS) annotations from FANTOM, poly-A

Fig. 1| Pan-cancer identification of novel IncRNAs from spatial and single-
celldata. a, Different cancer types used from public scRNA-seq and previously
published in-house ST datasets for IncRNA detection, further confirmed on high
resolution spatial technologies. uTARs as of GENOCDE v.43 were first identified
using the TAR-scRNA-seq pipeline on a per-sample basis; overlapping uTARs
across samples were merged to derive anonredundant set of cuTARs, which
form the final IncRNA annotations in our database. Numbers highlighted in red
indicate the number of cuTARs detected for each cancer type, followed by the
number of samples analyzed within square brackets. b, uTAR counts overlaid on
the tissue for representative samples as compared to the protein-coding gene
counts. ¢, Breakdown of known and novel uTARs identified per cancer sample.
Theblue regionindicates novel uTARs and the other colors indicate an overlap
with public datasets (FANTOM, LncBook, NONCODE, GENCODE v.47 novel

IncRNA additions and LNCipedia), as well as overlaps in combinations of two,
three, four or five of these databases. Bar labels and the gray scale bar on top
show the number of uTARs found from each sample. Sample names start with
cancer/tissue type abbreviations followed by alphanumeric suffixes. HN, head &
neck OPSCC; Kid, kidney; Mel, melanoma; Mel_DN, melanoma dysplastic nevus;
MB, medulloblastoma; CP, CRC primary; CM, CRC metastasized. d, uTAR:gene
detection ratio (number of genes versus number of uTARs), per spot across

the ST samples. A higher value indicates a higher number of uTARs detected

per spot with respect to the number of genes. e, Characterization of cuTARs
based on external evidence of (left) and proportions of cuTARs with several
layers of evidence (right). f, Venn diagram showing the coding-potential-based
classification of cuTARs using RNAsamba and CPAT. g, Prediction of splice sites
using AlphaGenome demonstrated for cuTAR213507.
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sites (PAS) and splice sites (Fig. 1e). They were classified as cuTARs
with (1) complete evidence (overlapping with a TSS at the 5’ end and
aPAS at the 3’ end within a1.5-kb window upstream and downstream,
respectively); (2) partial evidence comprising of first exons (TSS at the
5" end and adonor sitejunction at the 3’ end), internal exons (acceptor
siteatthe 5’ end and adonor site at the 3’ end) and last exons (acceptor
site at the 5 end and PAS at the 3’ end); and (3) incomplete evidence
ifit overlapped with either TSS or PAS (Fig. 1e). Overall, 9.07% cuTARs
had complete evidence (Fig. 1e) and 24.9% cuTARs had PAS, last and
internal exon evidence, potentially indicating that these transcripts
have at least two exons. Overall, 27% cuTARs had only PAS evidence,
whichis expected as most cuTARs were biased to the 3’ end. To collect
further evidence, the cuTARs were overlapped with the new IncRNA
annotations from GENCODE v.47 since the release v.43 (Fig. 1e). Over-
lapping cuTARs with human permissive enhancers from FANTOM, we
found that 3.32% were enhancer-derived IncRNAs (e-IncRNAs) with an
enhancer overlap at the 5’ end and 7.29% with an enhancer spanning
anywhere along the cuTAR sequence. Additionally, to ensure cuTARs
areindependent and not potential read-throughs of nearby genes, we
labeled those located within 10 kb downstream of coding genes as ‘less
confident’ (12.5% of cuTARs).

The sequences were analyzed using CPAT and RNAsamba for cod-
ing potential. The CPAT algorithmresults are affected by the length of
the transcript. RNAsamba is an alternative coding potential calcula-
tor that works well on partial-length sequences®. RNAsamba identi-
fied 97% of all cuTARs to be noncoding. While CPAT filtered out many
cuTARs, RNAsamba retained most of them and inferred the coding
potential. Overall, 76.6% of cuTARs were predicted to be noncoding
using both the toolsand 98.3% of the total cuTARs lacked coding poten-
tial (Fig. 1f). The IncRNAs with a coding potential might indicate their
rolein encoding functional micropeptides, as opposed to necessarily
being protein-coding transcripts®-*>. As the cuTARs represent esti-
mated transcript boundaries using data captured from either the 3’
or 5’ ends, the calculated coding potentials may be less accurate than
those obtained using the full-length sequence, but they canstill provide
ameaningful reflection of their coding potential. Moreover, 94.75% of
themwere atleast 200 bp, suggesting that the majority of cuTARs were
most likely to be ‘long’ ncRNAs*.

Additionally, we predict splice sites utilizing AlphaGenome?*'.
To evaluate AlphaGenome predictions, we visualized the BIRCS gene
(Extended DataFig.2a) and compared the predicted splice sites with the
RefSeq exon annotations for the cuTARs that have been annotated in
GENCODE v.47 but were unannotated as of v.43 (Extended DataFig. 2b).
In most cases, predicted splice site peaks were consistent with the
annotated exon-intronjunctions. With this serving as a performance
reference, we were able to predict and suggest potential splice sitesin
the unannotated and uncharacterized cuTARs (Fig.1g).

Conservation and minimum free energy (MFE) are useful metrics
for assessing sequence functionality and were calculated for the H&N
sample C (HNC). Most top cuTAR candidates had lower conservation
than GAPDH or the IncRNA HOTAIR. They also had a stable secondary
structure (Supplementary Fig. 5a).

The genetic-level regulation of the cuTARs through enrichment
of eQTL and GWAS SNPs are elaborated in Supplementary Note 1
(Supplementary Figs. 5b and 6-8).

Identification of IncRNAs enriched in cancer tissue regions

Next, we asked whether the cuTAR expression wasrestricted specifically
to the tumor area within the biopsies. Given that IncRNAs can be pre-
sentinboth healthy and tumor tissues, tumor specificity was defined
by enrichment within cancerous regions annotated by a pathologist
and where histological annotation was unavailable (for example, CP),
inferred from tumor-associated gene expression patterns (Fig. 2a).
Top cuTAR candidates for each cancer type were shortlisted based on
their detection across various datasets and higher expression in the

annotated cancerous regions. The percentage of spots in the cancer-
ous versus normal regions expressing the selected cuTARs in the H&N
OPSCC samples were calculated (Fig. 2b).

The expression of these top cuTAR candidates was detected
across many cancer types from The Cancer Genome Atlas (TCGA)*
bulk RNA-seq samples. Some cuTARs showed higher expressionin the
seven TCGA OPSCC samples used, consistent withthe observation that
all these candidates were tumor-specific in the H&N ST data (Fig. 2b).
Among the cuTARs differentially expressed across these two annotated
regions (Supplementary Fig. 9), visual examination of gene expression
overlaid on the tissues reveal some cuTARs with higher expression in
the tumor regions (Fig. 2a,c). Not only cancer region specificity, but
also subclone specificity was observed. The tumor subclones were
identified based on inferred copy-number variation using CopyKAT*
(Extended DataFig. 3).

Confirmation of IncRNA detection using spatial long-read
sequencing

Since the10x Visium protocol captures only the 3’ ends of fragmented
transcripts, the actual transcripts are likely longer than the detected
cuTARboundaries. Toincrease confidence in transcript identification,
we applied long-read sequencing using Oxford Nanopore Technologies
(ONT)and PacBio MAS-Seq (Pacific Biosciences) to unfragmented cDNA
from 10x Visium libraries. Although these libraries remain 3’ biased,
long-read sequencingyields longer fragments, allowing more confident
mapping of cuTAR signals than using Visium short read data. We found
the signals detected to be consistent across different technologies,
suggesting that these cuTARs were likely to be genuine signals rather
than artifacts from the TAR-scRNA-seq pipeline.

10x Visium unfragmented cDNA libraries from the HNC (OPSCC),
SCC and basal cell carcinoma (BCC) samples were used for the ONT
experiment. As a representative example, from HNC, we obtained
~16 million ONT reads, with 3,888 spatial barcodes identified by
the scNanoGPS pipeline?, allowing us to map to 1,028 Visium spots
across the tissue. We successfully recovered -83.6% reads that were
complete (with spatial barcode, unique molecular identifiers (UMIs),
3’adaptorsand poly-A/Ttails), identifying approximately 985 cuTARs
(Supplementary Table 2), 960 of which were present in at least three
spotsoverlapping thetissue. Thisaccounts for 31.7% of those detected
using 10x Visium, thus validating the detection of uTAR expression
from the short-read data. Similar spatial patterns were observed
(Fig. 2d), with up to 38% of spots showing expression inboth the tech-
nologies and up to 86% for coding genes (Supplementary Note 2 and
Supplementary Fig.10). Notably, when we applied the TAR-scRNA-seq
pipeline directly to the Nanopore BAM files, we identified 32 novel
uTARs not detected with the short-read data. In addition, we con-
firmed signals from the transcriptionally active region (TAR) anno-
tations generated using the 10x Visium data, where 857 ONT uTARs
(807 cuTARs) were also detected in the HNC Visium sample. Overall,
92 additional cuTARs detected with ONT were present in our entire
database but not in the corresponding Visium sample. To evaluate
the results, the consistency of expression patterns for coding genes
were also verified (Supplementary Fig. 10). There was a substantial
overlap of expressing spots across both the platforms for some cuTARs
(Extended DataFig. 4a). The same analysis was performed for cutane-
ous SCC and BCC using ONT (Extended Data Fig. 4b,c).

Forthe PacBio MAS-Seqlongread sequencing runwith complemen-
tary DNA of CRC samples from the 10x Visium experiment, we generated
approximately 1 million HiFi reads. By aligning the reads and tagging
them with spatial barcode information, we found up to 1,500 IncRNAs
per sample, whichaccounted for up to -20% of those detected with10x
Visium (Extended Data Fig. 4d), thereby also confirming the findings
ofthe10x Visium Illumina data. We then examined specific cuTARs and
found that up to 30% of the spots showed statistically significant consist-
ency in expression for the same set of spots across both the platforms
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Fig. 2| Identification of tumor region specific cuTARs and validation with
spatial long-read sequencing and single-cell resolved ST. a, Tumor regions
(dark shaded) in the H&N cancer samples HNB and HNC and CRC primary tumor
sample (CP). b, (Fromleft to right) cuTAR lengths, overlap of cuTARs with that
from scRNA-seq data and with IncRNAs from public databases, expression of
cuTARs in bulk RNA-seq samples from TCGA (normalized bigWig coverage)

and quantification of the cuTARs in the cancerous and normal regions of H&N
cancer samples. The cuTARs found across multiple samples are indicated by the
sample suffix (B, _Cand_D). The highlighted cuTARs with red boxes indicate the
ones with higher expression in the tumor region than the normal region, some

of which areshowniin c. These show relatively higher expressionin the analyzed
H&N cancer samples from TCGA highlighted using the vertical red box.

¢, Expression of exemplar cancer region-specific cuTARs projected on the tissues.
d, Validation of cuTARs with ONT and PacBio MAS-seq long-read sequencing for
H&N and CRC samples, respectively. e, uTARs shared across single-cell resolution
spatial data from STOmics and Takara Bio Seeker and our Visium/scRNA-seq
identified cuTARs. Overall, 83.47% of cuTARs identified using 10x Visium ST and
scRNA-seq were also detected with STOmics and Takara Bio Seeker. f, Expression
of cancer-specific cuTARs visualized on STOmics and Takara Bio Seeker samples.
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for two CRC-specific cuTARs (Fig. 2d and Extended Data Fig. 4b,c) (for
example, cuTAR86784, 19%; P= 0.011; cuTAR114310, 29%; P=0.014).
Overall, we found the PacBio sequencing mapping efficiency was better
thanthat of ONT considering the number of uniquely mapping cuTARs
identified for the number of reads captured and processed. More quality
control (QC) statistics for long-read spatial sequencing are described
inSupplementary Tables 2and 3.

TakaraBio Seeker and STOmics spatial data confirmed cuTARs
at single-cell resolution

The cuTAR detection atsingle cell resolution was analyzed with Takara
Bio Seeker for one breast cancer and one melanoma sample. We
observed consistent expression patterns of coding genes generated
using the Takara Bio Seeker pipeline (Extended Data Fig. 5a) and the
TAR-scRNA-seq pipeline (Extended Data Fig. 5a) in the breast cancer
sample. Some previously identified breast-cancer-specific cuUTARs were
alsovisualized (Extended Data Fig. 5b). Similarly, annotated genes and
melanoma-specific cuTARs were visualized on the melanoma sample
(Extended DataFig. 5c,d). Overall, 31.4% of the cuTARs identified from
Visium and scRNA-seq breast cancer data were also detected in the
Seeker breast cancer sample, while 47.56% of those from melanoma
data overlapped with the Seeker melanoma sample.

Additionally, we performed STOmics OMNIsequencing for mela-
noma and CRC samples. cuTAR counts were generated using the SAW
pipeline with Visium and scRNA-seq identified cuTAR coordinates
as a custom GTF input. 116,862 (52.7%) cuTARs were detected in at
least three cells of the STOmics data (Fig. 2e). Total cuTAR counts
across the tissues is shown in Supplementary Fig. 11a. Higher expres-
sion of some melanoma-specific cuTARs identified using scCRNA-seq
data was observed in the melanoma sample compared to the CRC
samples (Supplementary Fig. 11b). To enable a more unbiased discov-
ery of cuTARs that may be non-polyadenylated, we next applied the
TAR-scRNA-seq pipeline directly to the aligned STOmics BAM files
at the bulk level. This strategy allowed for de novo identification of
uTARs with transcript boundaries independent of Visium, comple-
menting our earlier analysis where transcript counts were restricted to
Visium-defined transcripts. The spatial expression patterns of exem-
plarbreast-and melanoma-specific cuTARs are visualized on the Takara
Bio Seeker and STOmics datasets (Fig. 2f).

Experimental detection of IncRNA using quantitative reverse
transcription PCR

We further experimentally validated and quantified seven cuTARs by
gRT-PCR. Withspecific primers targeting each of the selected cuTARs
(Supplementary Table 4), we found cuTARs in the H&N samples (HNC
and HNB), SCC, BCC and CRC samples. Allthe IncRNAs were detected,
except cuTAR121087, which showed a low PCR signal, although high
expression was detected with Visium for the HNC sample and other
samples (Supplementary Figs.12 and 13). Further results are discussed
inSupplementary Note 3.

Inferring potential functions by spatial coexpression analysis
of IncRNAs with cancer-associated genes

Transcripts that are expressed together tend to function together. For
data-driven prediction of functional cuTARs, we used bivariate Moran’s
index (/) to identify coexpression patterns between spatially variable
cuTARs (Supplementary Fig. 14a) and cancer-hallmark genes, suggest-
ing possible co-regulation gene networks between uncharacterized
cuTARs and known cancer-associated genes. Figure 3a shows four top
cuTARs with more than 50 high-high (HH) spots showing coexpression
with a greater number of cancer-relevant genes compared to the other
cuTARs in the H&N sample C (HNC). Some cuTARs were coexpressed
with many genes involved in cancer associated pathways, especially the
P53 pathway and G2M checkpoint (Fig. 3a), whereas in a kidney cancer
sample (KidD), high coexpression was observed with genes involved

in epithelial-mesenchymal transition (EMT) and the P53 pathway
(Supplementary Fig. 14b). These cuTARs, although detected in healthy
kidney tissue, have a significantly lower expression compared to other
kidney cancer samples (Supplementary Fig. 14c). Examples of spatially
coexpressed cuTARs and coding genes in the H&N sample are shownin
Fig.3b.Forexample, cuTAR213507 (chr4:182814299-182820899 (+)) was
coexpressed with the messenger RNA of FGFR3, a gene upregulated in
H&N cancers, also onchromosome4 (chr4:1793293-1808867 (+)). A total
of 24 other cancer-relevant genes are located on the same chromosome
withthistop spatially autocorrelated cuTAR, suggesting strongevidence
foracancer-associated cuTAR. Moreover, this cuTAR is downstreamto a
recently annotated IncRNA ENSGO0000309834 and the gene TENM3.
TENM3is upregulated in several cancers compared to healthy tissues,
particularly in H&N SCCs, pancreatic adenocarcinoma, thymoma and
neuroblastoma®, It also serves as anintegrationsite for the human papil-
lomavirus (HPV), causing cervical and a large proportion of oropharyn-
geal cancers® and also harbors agenome-wide association study (GWAS)
single-nucleotide polymorphism (SNP) rs1516535, anintron variant associ-
atedwithHPVinfectionin oropharyngeal cancers. Itisworth mentioning
thatthe OPSCCsamplesutilized in this study were HPV-16" (ref. 30). Fusions
of TENM3 gene have been reported toinduce cell proliferation®.

Using coexpression network analyses with hdWGCNA, we
identified that one of the top candidates cuTAR170206 (LncBook
HSALNGO0133452) formed part of a coexpression module with genes
enriched for various cancer hallmarks. Additionally, it was found tobe
highly coexpressed with NDRGI (Fig. 3¢), which is known to be down-
regulated in metastatic OPSCC tumors®. In this particular case, NDRGI
was seen to be expressed only in the periphery and not in the core
of the tumor (Fig. 3c). This gene has been shown to have pleiotropic
functions, acting as tumor promoters in some cancers, while playing
atumor suppressor role in others®. This modulation in function could
potentially be attributed to its association with interacting IncRNAs.

Inferring functions by machine-learning prediction of
interaction with RBPs and colocalization

The IncRNAs interact with RNA binding proteins (RBPs) to regu-
late mRNA and protein localization and functions®*. Several
machine-learning models that have been trained on known IncRNA-
RBP interactions can help predict new interactions. We applied
HLPI-Ensemble™® to predict the interaction of the shortlisted cuTARs
with RBPs. A noteworthy association for cuTAR215705 was observedin
the ST breast cancer sample (BreastA) (Fig.3d). cuTAR215705 was pre-
dicted tointeract with the RBPs, HuR (ELAVL1) and TARDBP (TDP-43).
Moreover, these were part of the same coexpression module identified
throughhdWGCNA, whichis enriched for TGF-f negative regulationand
positive regulation of protein localization (Supplementary Fig. 14d).
Additionally, it shares this module with the gene BIRCS, which has
recently beenreported tointeract with ELAVLI. Previous reportsindi-
cate that recombinant ELAVL1 s linked to the upregulation of BIRCS
expression, whereas its silencing correlates with the downregulation
of both BIRCS mRNA and protein, accompanied by increased apoptosis.
Survival analyses from a previous study demonstrated thatincreased
TTP (ZFP36) and low BIRCS expression predicted an overall better
prognosis compared to dysregulated TTP and high BIRCS (ref. 36).
cuTAR215705 colocalized with BIRC5 and ELAVL1 in the tumor cells
(Fig. 3e). The colocalization was significant in the tumor region of the
tissue and the absence or reduced expression of both the cuTAR and
the two aforementioned genes (B/RCS and ELAVLI) was observed in
other cell types (Supplementary Fig. 14e).

Examples of cell-type-specific IncRNAs (cuTARs) associated
withresponse to cancer therapy

Case study 1: cell-type-specific IncRNAs in acral and cutaneous
melanoma and their associations with response to anti-PD-1immu-
notherapy. To demonstrate a deeper analysis to explore possible
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(KEGG) and WikiPathways). d, Cell-type annotations of a breast cancer tissue
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Fig. 5|Response of IncRNAs to drug treatments. a, Expression trends of
melanoma-specific cuTARs cuTAR288960 and cuTAR94762 in response to
anti-PD-1therapy in the scRNA-seq dataset. Pseudobulk expression profiles were
generated by randomly sampling 50 cells per cell type, repeated ten times and the
aggregated expression values across cell types were visualized. Boxplots show
these pseudobulk expression values. The center line denotes the median, the
boxbounds represent the first and third quartiles (25th-75th percentiles) and

the whiskers extend to 1.5x the interquartile range (IQR). Statistical significance
between conditions was determined using a two-sided Wilcoxon rank-sum test
and Pvalues are displayed above each comparison. b, UMAP projections of

cuTAR expressions pre- and post-therapy. ¢, Expression of cuTAR288960 and
cuTAR94762 in Xenium data where most of the transcripts (yellow and black

dots, respectively) were seen in melanocytes (brown polygons representing a
single-cell). d, Differentially expressed cuTARs in medulloblastoma PDOX mouse
modelsinresponse to the drug palbociclib. Some cuTARs downregulated upon
drugtreatmentare highlighted in red text. e, Spatial expression of tumor-specific
cuTARs cuTAR78711 (LncBook HSALNG0100055), cuTAR276859 and cuTAR290541
(LncBook HSALNG0071008 and LnciPedia Inc-PAX5-6) downregulated post-
treatmentare highlighted inred ind. Red outlines in the image define the tissue
borders and yellow outlines highlight the human tumor region.

functions of the cuTARsin this atlas, a publicscRNA-seqacral and cuta-
neous melanoma dataset was analyzed to identify cell-type-specific
IncRNAs (cuTARs) and to analyze their response to anti-PD-1immuno-
therapy (Supplementary Fig.15). The IncRNAs differentially expressed
in each cell-type (Supplementary Fig. 16a,b) were identified with
edgeR” (Fig.4a) and expression of a subset were visualized on Uniform
Manifold Approximation and Projection (UMAP) (Fig.4b). The cuTARs
upregulated in the tumor cells show coexpression with respective
proximal protein-coding genes associated with melanoma (Fig. 4c). For
example, we observed the co-upregulation of cuTARs with pigmenta-
tiongenes PMEL (cuTAR67350 LncBook HSALNG0094046) and MLANA
(cuTAR293520)*. Additionally, cuTAR280980 exhibited coexpression
with ESRP1, encoding a master splicing regulator in EMT*, anannotated
IncRNA, LINCO0589 (also known as TSLNCS), implicated in diverse
roles across different cancer types*®, and with ANXAI, known to be
upregulated ininvasive melanomas*. This suggests that these cuTARs
could be part of regulatory modules influencing tumor progression.

Notably, cuTARs from our in-house ST melanoma samples over-
lapped with the scRNA-seq melanoma data from five samples (Fig. 4d).
A subset of these overlapping cuTARs, showing cell-type-specific
expression in the scRNA-seq data, were mapped onto the in-house
ST melanomatissues to visualize their spatial distribution (Fig. 4d).

ThecuTARsdifferentially expressed preand postanti-PD-limmuno-
therapy (Fig. 5a-c) were also identified and discussed in Supplementary
Note 4 (Supplementary Fig.16).

Case study 2: response to palbociclib in medulloblastoma PDOX
models. Patient-derived orthotopic xenograft (PDOX) mouse models
of human tumors are useful preclinical models to study tumors or drug
effects. Visium data for treated and untreated samples from human
medulloblastoma PDOX mouse models were generated as described
previously** (Supplementary Fig. 17a). The IncRNAs differentially
expressed betweenthe treated and untreated groups were identified.
Some cuTARs that were expressed in the untreated human tumor
region were downregulated or unexpressed in the palbociclib-treated
human tumor regions (Fig. 5d,e). A similar trend was observed with
protein-coding oncogenes like FOXM1, PLK1, E2F1 and GLI2 (ref. 43),
which are oncogenes and/or involved in pathways modulated by the
drug (Supplementary Fig.17b).

We demonstrate the prognostic potential of cuTARs and show
that, despite weak detection in bulk RNA-seq, their presence is sup-
portedin TCGA, consistent with restriction to small, cell-type-specific

populations observed in single-cell data (Supplementary Note 5 and
Extended Data Figs. 6 and 7). We further identify cell-type-specific
cuTARsinglioblastoma, breast and kidney cancer scRNA-seq datasets
(Supplementary Fig.18).

Validation of IncRNA detection, cancer specificity and
coexpression patterns with Xenium customized panel

We performed Xenium in situ hybridization to independently assess
findings from Visium and scRNA-seq, enabling us to visualize targets
atacellular level. We designed a custom Xenium panel comprising 76
cuTARs (Supplementary Table 5). Overall, all the cuTARs were found
tobeexpressed, substantially higher than the signals from gDNA nega-
tive control probes (Extended Data Fig. 8a). Differential expression
analysis confirmed the cancer-type specificity of cuTARs, previously
observed with scRNA-seq and Visium (Fig. 6a). The cuTARs were visu-
alized at a single-cell resolution and were seen to be specific to the
predicted tumor cells (red polygons) across different cancer types
(Fig. 6b). The coexpression patterns with coding genes shownin Fig. 3e
were also confirmed. Two particular cuTARs specific to breast cancer
samples were analyzed for their coexpression and prognostic value,
cuTAR215705and cuTAR32998 (GENCODE v.47 LOC107984223). These
were found to be coexpressed with BIRC5and associated RBPs (Fig. 3e).
The coexpression and localization of one of the cuTARs, cuTAR215705
with ELAVL1 and BIRCS atasubcellular levelin one of the breast cancer
samplesis shown Extended Data Fig. 8b-d; however, these two cuTARs
often were not coexpressed.

Thedifferencesinexpression patterns were replicated in samples
across 10x Visium, Xenium, Takara Bio Seeker and 10x Chromium
scRNA-seq (Fig. 6¢). Moreover, in the TCGA breast cancer cohort 246
patients), cuTAR215705 was associated with poor survival, whereas
cuTAR32998 correlated with better survival. Notably, these cuTARs
stratified patients more efficiently than the coding gene BIRCS (Fig. 6d).

A spatial and single cell pan-cancer atlas of IncCRNAs

The findings of this study have been made publicly available through
our database ‘SPanC-Lnc’on AWS cloud (Extended DataFig. 9). A total
0f 219,442 cuTARs across 13 broad cancer types were identified using
scRNA-seqand 10x Visium ST, further validated using five ST platforms.
This resource allows users to interactively query IncRNA/cuTAR annota-
tionsinauser-friendly UCSC-style genome browser, providing visuali-
zations for cross-cancer expression comparisons, cell-type specificity
viaUMAP overlays and spatial localization within tumor sections. Users

Fig. 6 | Validation of top potential functional cuTAR candidates using Xenium
and analysis of prognostic value. a, Cancer specificity of cuTARs identified
using scRNA and 10x Visium spatial technology were verified in the Xenium
experiment where they follow consistent expression patterns. The differential
expression of cuTARs were computed using edgeR. The columns in the heatmap
under each cancer type represents pseudo bulked expression of cuTARs in the
cancer cells of each sample. b, Expression of some cancer-specific cuTARs (black
dots) observed in the predicted tumor cells (bright red polygons) across different
cancer types. Some of their coexpression patterns with coding genes (yellow
dots) were also verified. ¢, Co-expression patterns of two cuTARs with BIRCSin
breast cancer samples. cuTAR215705 and cuTAR32998 show mutually exclusive

expression, with cuTAR32998 absent or low when cuTAR215705 is highly
expressed. This patternis consistently observed across samples from multiple
platforms (from left to right): 10x Visium (BreastA, triple-negative breast
cancer), Xenium (ER'PR"'HER2"), Takara Bio Seeker and 10x Chromium scRNA-seq
(Invasive Ductal Carcinoma). d, cuTAR215705 is associated with poor prognosis
inthe TCGA breast cancer cohort, similar to the gene BIRC5 while cuTAR32998 is
associated with better survival. The differences in survival probabilities is more
pronounced with the cuTARs than with BIRCS. The exact P value displayed in the
plot was computed using a two-sided log-rank (Mantel-Cox) test implemented
via the survdiff() function from the survival R package for the cuTARs, and
obtained from cBioPortal for BIRCS.
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canalsoretrieve splice junction predictions and associated metadata
using the table browser. The metadata includes information about
cancer/cell-type specificity, overlap with public IncRNA databases,
structural characterization and cross-platformvalidations. SPanC-Lnc
is alarge pan-cancer resource of known and new IncRNAs with single
cell and spatial contexts. Resources like FANTOM-CAT, LncBook and
NONCODE provide IncRNA annotations mostly from bulk RNA-seq data
of celllines andtissues (Supplementary Table1). SPanC-Lnc has IncRNAs
with cell type and spatial resolution, lacking from bulk RNA-seq. Recent
studies utilizing scRNA-seq and ST data have explored the expression
of annotated IncRNAs>****5; however, information on a pan-cancer
scale for potential novel IncRNAs is not available. SPanC-Lnc not only
provides annotations and transcript characterization, but also expres-
sion comparisons across different cancer types and cell-types and
analyzes their potential putative functions. The resourceis structured
to accommodate incorporation of additional datasets and analytical
refinements, and transcript annotations may be further refined as
new databecomeavailable or as structural and functional validations
provide additional evidence. The modular design and documented
workflows facilitate transparency, reproducibility and potential future
extensions of the atlas.

Discussion

This study utilized advanced transcriptomics technologies for uncover-
ingadiverserepertoire of previously unannotated and/or uncharacter-
ized IncRNAs in cancer. Through integrative analysis across multiple
cancer types, weidentified IncRNAs exhibiting dynamic expression pat-
terns and tumor-specific spatial distributions, suggesting their poten-
tial roles as major regulatorsin tumorigenesis and cancer progression.

At a structural level, IncRNAs could be derived from enhanc-
ers, promoters, pseudogenes or transposons. The IncRNAs derived
from the transcription of active enhancers (e-IncRNAs) are known
to participate in many cancer-associated biological processes like
angiogenesis, proliferation, invasion and metastasis*®™*. At the genetic
level, disease-associated GWAS SNPs or eQTLs could regulate nearby
protein-coding genes through altering the levels of colocalizing IncR-
NAs*°. Spatial autocorrelation with coding genes involved in several
cancer-related pathways revealed coexpression of these novel IncRNAs
in pathways associated with cell cycle, cellular proliferation, immune
response, angiogenesis, hypoxia and metastasis, highlighting their
putative involvement in critical biological processes underlying
cancer development.

In our study, reads within a 500-bp window were merged and
annotated as a single uTAR. While this heuristic simplifies annota-
tion, it introduces potential limitations. For example, a long cuTAR
(defined from overlapping uTARs across samples) may represent
merged signals from independent transcripts, or adjacent cuTARs
may be conflated into asingle transcript. This was particularly evident
in the higher-resolution STOmics/Takara Bio dataset, where longer
transcript boundaries led to the merging of multiple Visium-derived
cuTARs into a single STOmics cuTAR. Notably, cuTAR discovery and
characterization were based primarily on Visium and scRNA-seq data,
where transcript boundaries are shorter and more conservative, reduc-
ing therisk of over-merging during novel IncRNA identification. STOm-
ics/Takara Bio data were used for validation rather than discovery,
and in many cases the extended boundaries reinforced the presence
ofasingle transcript by extendingits annotated range. We prioritized
expression specificity, reproducibility and biological association (for
example, cancer state, treatment response and cell type) rather than
precise transcript boundaries. Consequently, the biological signal
and specificity of these cuTARs remain robust despite minor annota-
tion discrepancies. This atlas provides a biologically relevant set of
cancer-specific, cell-type-specificand treatment-responsive IncRNAs
thatalready serves as afoundation for biological discovery and can be
further refined as transcript annotations improve.

While poly-adenylated IncRNAs were the main focus of this study,
other classes of ncRNAs like circular RNAs (circRNAs)**?, pre-miRNAs/
miRNAs>, piRNAs***° and non-polyadenylated IncRNAs* are also aber-
rantly expressed in cancers and gene regulation. The identification of
these IncRNAs in addition to the new IncRNA panel put forth in this
study would serve as a valuable resource for future investigations.
Notably, we also added STOmics (random hexamer capture) data to
complement polyA-capture methods. We detected 93,255 new uTARs
and105,701uTARs overlapping with 41,573 entriesin databases like Lnc-
Book, LNCipediaand NONCODE. Of these, 63,584 uTARs overlap with
32,202 IncRNAs on the same strand. This suggests that some of these
uTARs may be non-polyadenylated IncRNAs, making them worthwhile
candidates for further investigation in future studies.

Alarge number of IncRNAs identified from scRNA-seqand ST data
canbeassigned as highly expressed markers specific to subpopulations
of cells, including rare cells. SPanC-Lnc constitutes ascalable resource
forinvestigating fundamental aspects of IncRNA biology, offering new
approachestoidentifying new IncRNAs and inferring their functions at
single-cell and spatial resolution. By systematically comparing IncRNA
expressionacross diverse cellular subpopulations, the discovery frame-
work enables interrogation of cell-type specificity, transcriptional
heterogeneity and context-dependent expression patterns that are not
accessible through bulk RNA-seq. The integration of spatial informa-
tion further allows examination of how IncRNA expression varies across
tissue architecture, such as tumor cores, immune-rich regions and
invasive margins. This spatially resolved view provides an opportunity
to study microenvironment-associated transcriptional programs and
to generate testable hypotheses about IncRNA regulation in situ, for
example through the colocalization and co-regulation of IncRNA with
coding genes and pathways. Notably, SPanC-Lnc establishes a stand-
ardized computational strategy for integrating single-cell and spatial
datasets toannotate, prioritize and visualize IncRNAs across different
technology platforms and cancer types. Assuch, it provides areference
database that can be extended toinclude additional datasets for more
tissues, disease states and emerging single-cell and ST technologies.
By enabling systematic exploration of the noncoding transcriptome
ata cellular resolution, this resource facilitates mechanistic studies
aimed at defining theregulatory principles governing IncRNA expres-
sion and functions.
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maries, source data, extended data, supplementary information,
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Methods

Primary datasets

Spatial transcriptomics datasets across different cancers. Previously
publishedin-house datasets from fresh frozen tissues of different cancer
types (kidney*, SCC, BCC*, H&N OPSCC*°, medulloblastoma*?, CRC*
and breast cancers®) and clinical formalin-fixed paraffin-embedded
(FFPE) biopsies of melanoma® were used in this study (10x Visium poly-A
capture). One healthy tissue from kidney was also used (KidB_N). Previ-
ously published in-house melanoma datasets® and other publicly avail-
able datasets of ovarian and prostate cancers from the 10x Visium FFPE
probe hybridization based capture were used as the control in our initial
phase (published elsewhere)®*. As this approach relies on predefined
gene-targeting probes, novel ncRNAs are generally not captured, although
off-target IncRNA detection has been reported®. The coverage of the
samples used in this study was an average of 100 million reads captured
fromabout2,000spots, whereas for thein-house kidney and breast cancer
datasetsitwas100-300 millionreads. Shownindetail aretheresultsfora
few cancer types (including H&N cancer, breast cancer and medulloblas-
toma) of the in-house spatial and public melanoma scRNA-seq datasets.

Single-cell sequencing data
Datasets from 10x Genomics, including glioblastoma, breast cancer
(3’ scRNA-seq), ovarian, pancreatic, kidney cancer, melanoma and
non-small cell lung cancer (NSCLC) (5’ scRNA-seq) were used®> *’.
Other previously published datasets were also used to analyze
IncRNA expressions at a cell-type-specific level. These included
3’-sequencing datasets of acral and cutaneous melanoma from
the study PRJNA862451 (ref. 70), peripheral blood mononuclear
cells from Merkel cell carcinoma (SRR7722937)”, patients with
H&N cancer (SRR13418965, SRR13419137 and SRR13419168)"? and
5’-sequencing datasets of tissue biopsies from patients with BCC. This
included databefore and after anti-PD-1therapy from three patients
(SRX5128480, SRX5128482, SRX5128486, SRX5128489, SRX5128506
and SRX5128507) out of 12 patientsin the original study (GSE123814)".

Detection of potential novel IncRNAs using an HMM-based
approach

The method described by Wang et al.’® as the TAR-scRNA-seq pipe-
line was adopted to identify TARs. The pipeline uses an R package
GroHMM™ that utilizes a two-state hidden Markov model (HMM) to
classify regions in an aligned genome as transcriptionally active or
not, based on the read coverage in each bin. The position sorted BAM
files generated by the 10x SpaceRanger pipeline (SpaceRanger 1.3.0
and 2.0.1 using default parameters) were used as inputs to the pipe-
line (outputs from 10x Cell Ranger were used for scRNA-seq data). By
default, it splits the genome into nonoverlapping bins of 50 bp and is
called transcriptionally active if at least three reads were detected in
thatbinand werelabeled as TARs. TARs found within 500 bp apart were
merged into one unit. One of the limitations of this approachis that we
might wrongly identify two different but adjacent transcripts as asingle
transcript. Theregionsidentified were then overlapped with reference
gene annotations in a strand-specific manner (reference annotations
from GENCODE v.43 were used). The TARs overlapping with exist-
ing gene annotations (even a few base pairs of overlap is considered
‘annotated’ to account for extended gene boundaries) were labeled
aTARs (annotated TARs) and the ones falling outside gene boundaries
were called uTARs (unannotated TARs). We rule out the unannotated
transcripts found on the opposite strand to that of an annotated tran-
script for this initial phase of the study. A count matrix of the TARs is
generated with Drop-Seq tools DigitalExpression function”.

Analysis of sequences for coding potential, conservationand
stability

Tomake sure that the identified transcripts were noncoding, the cod-
ing potential was analyzed using CPAT” and RNAsamba®. The FASTA

sequences of the cuTARs were extracted using BEDtools”” getfasta.
CPAT was then run using the inbuilt model for the human genome.
Ahuman coding probability (HCP) cutoff of 0.364 was used as described
inthetool’sdocumentation. HCP > 0.364 indicates acoding sequence,
whereas HCP < 0.364 indicates a noncoding sequence’. On the other
hand, RNAsamba uses a neural network architecture to classify tran-
scriptsas coding or noncoding solely based onsequence information,
andisrobust tolimitations suchas truncated open reading frames, and
hence morereliable.

Various metrics can help infer the functional significance of a
sequence. One such metricis the conservation score, where highly evo-
lutionarily conserved sequences tend to be associated with common
essential functions across organisms, while less conserved sequences
may exhibit specific functionsinan organism. The conservation of the
sequences were calculated using the phastCons BigWig files compris-
ing the phastCons scores for multiple alignments of 29 primate/mam-
maliangenome sequences to the human genome GRCh38/hg38 build
(http://hgdownload.cse.ucsc.edu/goldenPath/hg38/phastCons30way/
hg38.phastCons30way.bw)’®. The BEDtools bigWigAverageOverBed
function was used extract the conservation score for each specified
coordinateinabedfile.

MFEis another measure for potential functionality. Ingeneral, the
lower the MFE, the more stable the secondary structure of the transcript
isand hence more likely to be functional. MFE was calculated for each
cuTARin the HNC sample with RNAfold (v.2.6.4)” using default param-
eters. The most stable secondary structureis predicted.

Characterization of structure and potential functional
implications

The identified uTARs were overlapped with TSS and enhancer data
from FANTOM for window sizes ranging within 1.5 kb at the 5" end.
PAS data from the PolyASite database (https://polyasite.unibas.ch/)
curated from 3’-end scRNA-seq data was used to support the 3’ end of
our cuTARs. Splice junction data from Intropolis® (http://intropolis.
rail.bio), whichis adatabase of splice junctions from analyzing 21,504
humansamples sequenced onllluminawas also used to identify splice
sitesand hence characterize the structure of theidentified cuTARs. To
further validate our IncRNAidentification, the cuTARs were overlapped
with the new IncRNA annotations from GENCODE v.47 since release
v.43, confirming that these are IncRNAs that were identified by the
TAR-scRNA-seq pipeline before GENCODE annotated them as IncRNAs.
Additionally, we also predict splice sites utilizing AlphaGenome*, a
deep-learning-based tool used to predict several functional genomic
features and events. It has been shown that AlphaGenome predicts
splicing events withahighaccuracy (Pearson correlation of up to 0.82).

The identified cuTAR reads were also overlapped with
trait-associated SNPs from the GWAS catalog (all associations v.1.0.2)"
and with GTEx CAVIAR eQTLs from the UCSC** table browser (down-
loaded on 23 August 2025)® with awindow size of 100 kb using BEDtools
to propose potential genetic-level regulation based on colocalizing
features. Three sets of an equal number of random coding regions were
considered and the overlap of eQTLs were calculated. There was a mark-
edly higher overlap of cuTARs than with three sets of randomly chosen
codingregions. TheeQTLs overlapped withboth the pan-cancer cuTARs
and the cancer-specific cuTARs were identified using direct overlap
(BEDtools intersect) and window sizes of 10 kb and 100 kb. The genes
associated with these colocalized eQTLs were then queried in enrichR
forenriched pathways, GO terms, cell-types and tissues, the significance
of which were computed using Fisher’s exact test®*.

The identified cuTARs were overlapped with active enhancers
from FANTOM® to identify e-IncRNAs using BEDtools (500-bp window
sizeatthe 5 end and also for the entire length of the cuTAR). These can
also provide important clues about the regulatory mechanisms and
potential functions of these transcripts, helping to shed light on the
complex regulatory networks that govern gene expression.
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Identification of cancer-specific IncRNAs

Tumor regions were identified using pathologist-provided annota-
tions where available (for example, HNB, HNC), or inferred based on
gene expression profiles when such annotations were not available
(for example, CP). For analyses requiring cell-type classification (for
example, BreastA), scType® was employed. Pathologist annotations
were exported via Loupe Browser (10x Genomics) and incorporated
into downstream analyses. The cuTARs differentially expressed across
the annotated cancer and normal regions were identified using Seurat
v.4.3 and processed using SCTransform. For FindAlIMarkers func-
tion, the parameters min.pct was set to 0.1and logfc.threshold varied
between 0.1-0.25 depending onthe sample analyzed. The percentage
of spotsinthe cancerous versus healthy regions expressing the selected
cuTARs were also calculated.

Few cuTARs from H&N cancer samples were shortlisted as the
cuTARs of interest that could be the top potential functional candidates.
Theywere chosenasthey were (1) detected in allH&N OPSCC samples;
(2) longer than1,000 bp; (3) absent from standard annotations (GEN-
CODE v.43) but supported by entries in other IncRNA-specific data-
bases; and (4) differentially expressed in the cancerous region of the
tissue. To be more confident about the chosenregions, we also checked
their coverages inbulk RNA-seq datasets from TCGA and the scRNA-seq
dataset of HNC and checked if they were detected. The bigwig RNA-seq
coverage files for 96 random TCGA samples were downloaded using
recount. The cuTAR coverages were extracted from these files using
bigWigAverageOverBed function from UCSC Tools for the specified
boundariesina.bed file. TMM normalization was performed on the raw
coverage (counts) using edgeR. By analyzing coverage, gene expression
levels can be inferred. Regions with higher coverage indicate higher
expression levels of the corresponding cuTARs.

Confirmation of detected signals using long-read sequencing
and spatial technologies with single-cell resolution

Oxford Nanopore. Long-read sequencing with ONT was performed
using the 10x Visiumbiotinylated 3’ cDNA libraries to validate the detec-
tionand expression patterns of the identified potential IncRNAs using
PromethlION flow cells. SQK-LSK110 and EXP-NBD kits from ONT were
used to generate the libraries for the H&N sample C (HNC). Sequence
runs were generated using super-accurate basecalling setting with
MinKNOW v.22.12.5 and Guppy v.6.4.6 (flow cell type FLO-PRO002).
Thenanoporerungenerated ~16 millionreads. To demultiplex the reads
based on the spatial barcode, scNanoGPS” was used. Some changes
were made to the default parameters of the pipeline with respect to
the scan region, which was set to 1,000 bp as the 3’ adaptors were
found that many bases away owing to longer chimeras. The IncRNAs
were then identified using a modified version of the TAR-scRNA-seq
pipeline, as scNanoGPS generates individual alignment files for each
spatial barcode identified, rather than anindividual BAM file with reads
tagged with spatial/cell and UMI barcodes. Featurecounts® was used
togenerate the uTAR expression matrix. GTF annotations of the TARs
fromthe corresponding 10x Visium dataset was also used to generate
the count matrix. The identified spatial barcodes were matched with
those from the 10x Visium barcode list from the tissue_positions_list.
csvinthe SpaceRanger output of the corresponding Visium data and
only those with tissues placed on them were retained. The coordinates
ofthe matched barcodes were also extracted from the aforementioned
csv file. The expression of some potential candidates were visualized
using stlearn®® and was compared to that of the previously generated
short-read data.

Further, the experiment was also performed for skin cancer sam-
ples.SQK-NBD-114.24 kit, native barcoding kit 24 V14, was used to pre-
parelibraries for the SCC and BCC samples, which were sequenced on
PromethlON P24 device using R10 flow cell (FLO-PRO114M). Sequence
bases were called during the sequencing runin fast-base-calling mode
using PromethlON software release 23.11.4 (minknow-core-promethion

5.8.3, Dorado v.7.2.13). Then, re-basecalling was performed in super-
accuracy mode using Dorado (v.0.5.1). Median read length, read length
N50 and median PHRED scores were computed from re-basecalled
FASTQfiles (Q >10) using NanoStat (v.1.6.0)*. The re-basecalled reads
were subsequently processed using the same downstream workflow
described for HNC, including scNanoGPS analysis and cuTAR identi-
fication and visualization.

PacBio

Full-length Visium cDNA libraries were used for HiFi sequencing. Mul-
tiplexed array sequencing (MAS-Seq), a library preparation method
that concatenates cDNA molecules for long-read sequencing, was used
following the 10x Single Cell 3’ kit protocol (PN:102-678-600-REV03).
After cDNA amplification, cleanup and QC of 10x Visium, 225 pM cDNA
perlibrary with concentration of 23 ng pl ™ were pooled for sequencing.
First, the template switching ligoonucleotide priming artifacts during
cDNA synthesis were removed using biotinylated primers. Next, DNA
fragments containing orientation-specific MAS segmentation adaptor
sequences were generated by performing 16 parallel cDONA amplifica-
tionreactions. MAS enzyme was used to create single-stranded exten-
sions to enable directional assembly of cDNA segments into a linear
array. After DNA damage repair and nuclease treatment, cDNA cleanup
was performed with 1.2x SMRTbell beads.

Further, the pbcromwell workflow of SMRTIink Tools (v.12.0.0)%°
was used for to process the HiFi BAM files. With the aligned genome
file from Minimap2, the TAR-scRNA-seq pipeline was runand the cuTAR
expressionwas overlaid onthe tissues and compared to that of Visium.

STOmics

Sample preparationand library construction were performed follow-
ing the manufacturer’s protocol (STOmics Stereo-seq FFPE kit). In
brief, stereo-seq chip slides were equilibrated to room temperature
andrinsed with nuclease-free water. FFPE tissue blocks were sectioned
at 5-um thickness and mounted onto stereo-seq chip N slides (STOm-
ics Stereo-seq OMNI). Mounted slides were baked at 42 °C for 3 h,
followed by overnight incubation at 37 °C. Mounted slides were sub-
jected to deparaffinization, H&E staining and imaging, followed by
de-crosslinking to reverse formalin-induced crosslinks. Tissue sections
were permeabilized to release RNA molecules, which were hybridized
in situ to spatially barcoded free probes embedded on the stereo-seq
chip surface, enabling unbiased capture of total RNA. On-chip reverse
transcription, ligationand cDNA release were performed, after which
cDNA was amplified, purified and converted into sequencing-ready
libraries. Libraries were sequenced on the DNBSEQ-T7 platform (MGI
Tech) and raw reads were processed using the Stereo-seq Analysis
Workflow (SAW; v.8.1.3) for QC, alignment and generation of spatially
resolved gene expression matricesintegrated with H&E-stained images,
enabling downstream analyses such as spatial clustering, cell-type
annotation and visualization of coding and noncoding RNA expression
atsingle-cell and subcellular resolution.

Takara Bio Seeker

The TakaraBio Seeker raw and processed data for human breast cancer
and melanoma samples were acquired from Curio Bioscience, now
part of Takara Bio USA.

RT-qPCR

Six cDNA samples from the 10x Visium libraries, including H&N sam-
ples (HNB and HNC), SCC, BCC and CRC (CP and CM) were tested for
seven potential IncRNAs (cuTAR100897, cuTAR121087, cuTAR170206,
cuTAR17878, cuTAR213507, cuTAR234975 and cuTAR70920). GAPDH,
a housekeeping gene and KRTI8, an epithelial marker were used
as positive controls. Two negative controls NEG1 and NEG2 were
designed to target genomic regions around the centromere that do
not code for RNA, hence controls for any genomic DNA contamination.
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H,O was used as a nontemplate negative control. Overall, 12 prim-
ers were designed to target seven cuTARs (Supplementary Table 4).
The primers were designed in such a way that they did not have any
off-targets using the sequence information of the HNC sample. qPCR
Master Mix was prepared for each sample following the KAPA SYBR
FAST qPCRkit guide to allow each wellto contain1plof10 ng ul™ cDNA,
5 I KAPA SYBR FAST qPCR Master Mix (2x) (Roche), 0.2 pl ROX Low
Reference Dye (50%) (Roche) and 3.4 pl of RNase-free water. As GAPDH
was an endogenous control, the template for this primer was further
diluted 1:8to ensure that it was withina comparable quantifiable range.
Then, 9.6 pl of the qPCR Master Mix was loaded into each well on the
96-well quantitative PCR with reverse transcription (RT-qPCR) plate
before 0.4 pl of 10 nM respective IncRNA primer pairs were added.
The qPCR reaction was performed with the following protocol using
the ViiA7 96-well Real-Time PCR System with High Resolution Melt
(Applied Biosystems); initial denaturation (98 °C for 3 min), two-step
amplification (98 °C for 5 s and 63 °C for 30 s) for a total of 35 cycles
with the melting curve method. The expression was calculated using
the formula Cygris X CTyrris = Ceutar X CTeutar, Where CTygris and CTeymar
represent the cycle threshold (CT) values for the positive control
gene KRT18 and the cuTAR target, respectively, and Cygris and Cyrar
denote their corresponding normalized expression levels, calculated
asdescribed below.

The CT was normalized with that of one of the positive controls
KRTI8 such that Cpis = 1. The cuTAR expression was calculated as
Ceutar = 1 X CTyrris/CTeurar- The average was used for two primers tar-
geting a same cuTAR. The expression was visualized on a heatmap
(Supplementary Fig.12).

Spatial autocorrelation of IncRNAs with genes relevant to
cancer

SpatialDE” was used to identify spatially variable features. The signifi-
cant spatially variable cuTARs and the top chosen candidates chosen
for the H&N cancer samples were further used to measure pairwise
spatial autocorrelation with coding genes using bivariate Moran’s /
using Python scripts. Several hallmark genes relevant to cancer were
retrieved from gene set enrichment analysis (GSEA)-MsigDB?? and
were used for the analysis. The spots showing (1) high expression of
both the gene and the cuTAR were categorized as HH; (2) spots with
gene expression and no cuTAR expression as LH; (3) ones with cuTAR
expression and lack of gene expression as HL; (4) no expression of
both features as LL; and (5) NS for spots with insignificant Moran’s /.
The cuTARs showing high spatial correlation (more than 50 HH spots)
with genes of different hallmarks were calculated to identify the more
functionally relevant cuTARs and the pathwaysinvolved. Moran’s /was
calculated in asimple format using the formula below:

Z,»(ij,»jzj,t_l X Z,',[)
=
iZie

Here, I;is the calculated bivariate Moran’s /. It measures bivariate
spatial correlation for expression values of an IncRNA (cuTAR) (¢) and
agene (t - 1) across all spots with the standardized expression of the
cuTAR in the central spots/cells i, and the standardized expression of
thegeneintheneighboring spots/cells,. Spatial weights (w;) represent
the proximity between spatial spots/cells i and. These weights are
defined based on spatial contiguity where w;; > 0 if j is a neighbor of i
defined by sharingaborder or nearestin proximity, and O if otherwise;
the total sum of the neighbor weights for each central spot is 1. With
this, I;is1ifallneighboring spots/cells z;,_, have the same standardized
expressionvalue of the gene with the standardized expression value of
the cuTAR at the central spot z; .. Therefore, I = 1indicates that the value
of agenehasahighspatial autocorrelation with the cuTAR based on the
expression of values of neighboring spots, suggesting that the gene and
cuTARare spatially dependent and tend to colocalize across the tissue.

The coexpression network analysis was performed using hdW-
GCNA”*for merged gene-cuTAR count matrices processed using Seurat
v.4.1. The spatial regions of interest were the tumor regions marked by
apathologist for the sample HNC and based on Moran’s / for BreastA.

Interaction with RBPs and colocalization

Machine-learning models that have been trained using known IncRNA-
proteininteractions can be used to predictinteraction of novel IncRNAs
with proteins, adding another layer of information for potential func-
tionality. HLPI-Ensemble, which adopts the ensemble strategy based
on three mainstream machine-learning algorithms of support vector
machines, random forests and extreme gradient boosting was used to
predict the interaction of top cuTARs with RBPs. Further, the spatial
colocalization of cuTARs with theirinteracting RBP-encoding genes and
with genes reported to be associated with those RBPs was visualized.

Identification of cell-type-specificIncRNAs and their response
to therapy

The melanomascRNA-seq dataset from the study PRINA862451 (ref. 70)
was used to identify cell-type-specific IncRNAs and their response to
therapy. The dataset included acral and cutaneous melanoma samples.
The coding gene count matrices of four acral and one cutaneous mela-
noma samples (10x Chromium V2 chemistry) were integrated using
the Seurat workflow and clustering was performed. Cell-type clusters
were annotated using canonical markers described in the original
study: melanocytes (MITF, PMEL, TYR, DCT, MLANA, PMEL, APOCI and
S100A1), cycling melanoma cells (UBE2C, NUSAPI, MK167 and CENPF),
endothelial cells (VWF and PECAMI), fibroblasts (COL3A1, COL1A2,
COLIAIand LUM),CDS8" T cells (CD8A, HAVCR2,LAG3, PD1, TIGIT, CTLA4
and HOPX), CD4" T cells (CD4, FOXP3 and IL2), monocytes (CD14,LYZ,
CD74,CD68and CD79A), B cells (MS4A1), natural killer (NK) cells (GNLY,
FGFBP2,FCGR3A,KLRD1 and KLRFI),NK-like T cells (CD3E, CD3D, GZMB,
XCL2,IFNG, CCL4, NKG7, GZMA and GZMK) and macrophages (CD68,
CD163, CD14, CD11b, CD206, CD8O, CD86, CD16, CD64, CCL18, CD115,
CDIIc,CD32, HLA-DR, MRC1, MSR1, GCA and Pf4).

The cell barcode and its corresponding cell-type identity were
used as metadata for the differential expression analysis of the poten-
tial IncRNAs. Differential expression analysis was performed by the
pseudobulk approach using edgeR. The model was built as design
<-model.matrix(-celltype + sample) toidentify cell-type-specific IncR-
NAs accounting for sample batch effects. For the Manhattan plot, the
FoldChange function of Seurat was used to find the upregulated genes
and cuTARsin melanomaand cycling melanoma cells compared to the
otherimmune cells.

Further there was only one acral melanoma sample for which data
were collected before and after anti-PD-1treatment. The differentially
expressed genes and IncRNAs in the tumor cells with respect to the
other cells were identified. Ten pseudoreplicates of 50 cells per cell
type were created and their aggregated expression across cell types
was visualized. As a positive control, marker genes for melanoma
were also visualized. Multiple hypothesis testing was controlled using
Benjamini-Hochberg false discovery rate (FDR) correction for any
DE analysis.

Response to drugin medulloblastoma PDOX models

In-house Visium medulloblastoma data as described by Vo et al.*?
were also analyzed. In brief, medulloblastoma (SHH MB) tissue from
a4.9-year-old patient was used to generate a PDOX line by implanting
tumor cells in the cerebellum of immunocompromised NSG mice
within hours of surgical removal from the patient and propagating
them from mouse to mouse exclusively without in vitro passaging,
as previously described. Two tumor-bearing mice were treated with
palbociclib hydrochloride (Pfizer) and the rest were untreated. The raw
Visium data were processed using a human-mouse hybrid reference
asthetissue comprised the human tumor and the mouse brain tissues.
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These treated and untreated samples were analyzed for IncRNAs in
this study and those significantly differentially expressed between the
tumor regions of the treated and untreated groups were identified.
DE analysis was performed with each sample as pseudobulks using
edgeRand two treated samples were compared to two untreated tumor
samples. In addition to the top statistically significant (Padj < 0.05)
differentially expressed cuTARs, several medulloblastoma-specific
cuTARs (cuTAR290541, cuTAR78711 and cuTAR276859) are also shown,
asthey exhibited reproducible upregulationinuntreated tumors and
cancer-specific expression patterns, and had significant FDR-corrected
P values when analyzed with increased sampling resolution in the
pseudobulk analysis.

Xenium in situ experimental validation of cuTARs

A total of 76 cuTARs were chosen for validation on the Xenium in situ
platform to verify their cancer-type specificity as observed using 10x
Visium. Five genomic DNA regions around centromeres that do not
transcribe into RNA were chosen as anegative control set to prove that
the detected cuTAR signals were not noise from genomic DNAbut true
RNA transcripts. The sequences for probe designing were selected
based on performing multiple sequence alignment using Clustalw**
across thein-house Visium, spatial long read and scRNA samples, and
extracting the most represented sequences. The sequences in FASTA
format were sent to the 10x Bioinformatics team, who applied their
advanced pipeline to design probes for target domains, screening for
off-targets (Supplementary Table 5).

FFPE tissue blocks of two H&N OPSCC, three melanoma, two breast
cancer, four CRC and two glioblastoma samples were sectioned at a
thickness of 5 pum and mounted onto Xeniumslides, inaccordance with
the FFPE tissue preparation guide (10x Genomics, CGO00578, Rev B).
Insitu hybridization was carried out overnight using 380 probes from
the pre-designed Xenium Immuno Oncology Panel (10x Genomics) and
from the add-on custom panel of 76 cuTARs and 19 coding genes not
represented in the base panel. 4,6-diamidino-2-phenylindole (DAPI)
staining was used to label nuclei, which were used for the estimation
of cellboundaries (10x Genomics, CGO00582, Rev D). Following com-
pletion of the run, H&E staining was conducted on the same tissue
region. The Xenium samples from each cancer type were preprocessed
individually using Seurat version 5.0. During the QC step, cells with
zero expression across all genes were filtered out. Normalization was
performed using the SCTransform function. Sample batch correction
was performed using RunHarmony(), followed by principal-component
analysis using the top 30 principal components. Further, the can-
cer cells and other cells in the microenvironment were annotated by
using the label transfer approach using published and well-annotated
single-cell datasets of the respective cancer types for H&N”, CRC’,
breast cancer”, GBM”® and an in-house annotated scRNA-seq dataset
for melanoma*®. To focus on cancer-specific signal and account for
variation across diverse tissue architectures, downstream analyses
wererestricted to predicted tumor-like cells, enriching for the malig-
nant compartment within the spatial tissues. Cancer-type specific-
ity of candidate cuTARs was assessed using edgeR, with tumor-like
cells pseudo-bulked per patient to generate sample-level profiles.
Tissue-specific expression patterns were visualized via heatmaps to
confirm that cuTARs recapitulate cancer-type specificity in Xenium
data, consistent with patterns identified from Visium and single-cell
RNA-seqanalyses.

Survival analysis with TCGA data

Survival analysis was performed by dividing the samples from TCGA
into low- and high-cuTAR-expressing groupsto see whether any cuTAR
could predict survival and thus be used as a prognostic marker. From
the TCGA metadata, ‘days_to_last_follow_up’ (for alive patients) and
‘days_to_death’ (for the deceased) were used to define overall survival.
Survival analysis was performed using overall survival time and event

status, with cuTAR expression strata as the sole covariate. The statis-
tics were implemented using the survdiff() function from the survival
R package (v.3.7-0)%°. For BIRCS in Fig. 6d, the plot and the data were
obtained from cBioPortal'®’ (on 13 December 2025).

Interactive website for annotations and visualization

The findings of this study have been made available for users to browse
through the annotations and to visualize coding gene and cuTAR
expressionontissueimages. The Angular13.3 website is hosted using
AWS Amplify. Ituses a GitHub repository for version control, AWS Code
Build to generate the production artifacts (HTML, CSS and JavaScript)
and uses AWS Cloudfront CDN (https://aws.amazon.com/cloudfront/
features/) to distribute these globally. Libraries used include Type-
Scriptv.4.6 and Node v.10.8.1. The backend web service is running the
Django v.5.0 web framework on Python v.3.10, using the slim version of
Debian Bookworm (https://hub.docker.com/ /debian). Thisis deployed
on AWS Lambda instances provisioned with 4.5 GB of RAM connected
toan AWS elastic file system for accessing HDF5and SQLite 3 files used
during querying. The Python libraries used include AnnData 0.10, h5py
3.11.0, numba 0.59.1, numpy 1.26.4, pandas 2.2.2, scanpy 1.10.1, scipy
1.13.1 and seaborn 0.13.2. For visualization of expressions, Python
scripts were used in the backend with preloaded AnnData objects for
each sample (.h5ad files). The website will be updated whenever new
samples or annotations are generated.

Ethics approval

All samples were approved for research under ethical approval num-
bers 2018000165 and 2017000318 by the University of Queensland’s
Human Research Ethics Committees.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The count matrices, processed objects of high dimensional data
(Xenium, TakaraBio Seeker, STOmics), raw Xenium dataand STOmics
rawimage dataare available at UQ eSPACE at https://doi.org/10.48610/
4570all. The raw data of the unpublished in-house data includ-
ing (Visium kidney, head and neck OPSCC and CRC) and STOmics
sequencing data (melanoma and CRC) can be requested at https://
doi.org/10.48610/86039c7 and will be accessible upon agreement
with the applicable ethics approvals and patient consent policies. The
SPanC-Lncdatabase canbe accessed at https://spancinc.click/.Source
data are provided with this paper.

Code availability

The annotations generated in this study is available on the website
https://spancinc.click/. Allthe scripts used for the analysis and visuali-
zations can be accessed on GitHub at https://github.com/Genomics-
MachineLearning/SPanc_Lnc_PanCancer_LncRNA_Atlas.git.
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Extended Data Fig. 2 | Splice site prediction using Alphagenome.

a, Comparison of predicted donor and acceptor splice sites by alphagenome
with the annotated transcript structure of the protein coding gene B/IRC5 and
b, cuTARs identified using the TAR-scRNA-seq pipeline with their annotated

counterpartsinthe GENCODE v.47 that was released after they were identified
as cuTARs. The corresponding cuTAR boundaries were extended to match the
length of the annotated counterparts for splice site prediction and visualization
with AlphaGenome to compare with annotated exonic regions.
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Extended DataFig. 4 | Cross verification of cuTAR detection with long

read sequencing. a, Proportion of spots expressing PCR validated cuTARs
across 10x Visium and ONT. Fisher’s exact test was used to assess whether
ONT and Visium co-detect each cuTAR across spatial spots. For each cuTAR,
a2x2 presence/absence table was generated, and the percentage of spots
with non-zero expression in both platforms is shown. Lower p-values indicate
stronger co-detection. b, Spatial plots for these cuTARs in SCC (top) and BCC

(bottom) across the two platforms. ¢, Spatial plots for cuTARs in colorectal
cancer metastasis sample (CM) across 10x Visium and PacBio. d, Venn diagrams
demonstrating concordance of cuTAR detection between long-read sequencing
and 10x Visium. HNC (Head & Neck OPSCC sample C), SCC, BCC samples were
used for the ONT experiment and the colorectal cancer primary (CP) and
metastasized sample were used for PacBio sequencing.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7| Assessing IncRNA detection and expression specificity.
a, Number of cuTARs replicated in TCGA bulk RNA-Seq datain atleast one,

three and 10 samples. b, Expression of some Melanoma specific cuTARs in
TCGA Melanomasamples. ¢, Seurat clusters (left) and cell type annotations for
the scRNA-Seq Acral and Cutaneous melanoma dataset. d, (left) Proportion of
cellsineach cell type expressing three melanoma tumor-specific cuTARs in the
scRNA-seq dataset analyzed. For example, cuTAR94762 is expressed in 7.6% of
the Cycling Melanocyte cells. The right panel indicates the proportion of cuTAR
expressing cellsin the entire dataset. For example, 5.23% of all the cellsin the
entire dataset are cycling melanocytes expressing cuTAR42228 and 13.82% are

from other non-cycling melanocytes, with an overall representation of 20.6%
cells expressing the cuTAR. Similarly, ~6.2% of all cells from the dataset express
cuTAR94762 and cuTAR280980 respectively. e, Proportion of cellsin each Seurat
cluster expressing a coding gene and cuTARs. The cuTARs are expressed in very
low levelsin few cells. f, Distribution of expression values (>2) of the coding gene
and the cuTARs. cuTARs are expressed in higher levels (>2) with higher median
valuesinsmaller clusters, while the coding gene has the highest medianin the
largest cluster. This suggests that cuTARs are expressed in very low levelsina

low proportioninrarer cell clusters and hence more likely be diluted out in bulk
RNA-seq data.
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Data collection 10X Visium Spatial transcriptomics data
bcl2fastq_version 2.20.0.422; spaceranger-1.3.0 was used for mapping spatial transcriptomics data of the human kidney cancer (Samples with
Prefix Kid) and skin samples (SCC, BCC)
bcl2fastqg_version 2.20.0.422; spaceranger-1.2.2 was used for mapping spatial transcriptomics data of the human Melanoma samples
bcl2fastq_version 2.20.0.422; spaceranger-2.0.1 was used for mapping spatial transcriptomics data of the human OPSCC samples
bcl2fastqg_version 2.20.0.422; spaceranger-2.1.0 was used for mapping spatial transcriptomics data of the human Medulloblastoma PDOX
mouse model samples and human colorectal cancer samples
bcl2fastq_version 2.20.0.422; spaceranger-1.1.0 for mapping spatial transcriptomics data of the human kidney cancer (Samples with Prefix
Kid12)
bcl2fastq_version 2.20.0.422; spaceranger-1.2.2 for mapping spatial transcriptomics data of the human kidney cancer (Samples with Prefix
Kid14)

The Oxford Nanopore long read sequencing of the Visium cDNA libraries was generated using the following

- SQK-LSK110 and EXP-NBD kits from ONT to generate the libraries. Sequence runs using super-accurate basecalling setting with MinKNOW
version 22.12.5 and Guppy version 6.4.6. Flow cell type: FLO-PRO002 for the OPSCC sample.

- SQK-NBD-114.24 kit (Native barcoding kit 14) to prepare libraries for the SCC and BCC samples sequenced on PromethlON P24 device using
R10 flow cell (FLO-PRO114M), Sequence bases (raw data) were called using PromethlON software release 23.11.4 (minknow-core-promethion
5.8.3, dorado version 7.2.13). Re-basecalling was done using dorado version 0.5.1

Lcoz Yooy

The PacBio long read sequencing of the Visium cDNA libraries for the colorectal cancer samples was generated using the following
MAS-Seq libraries were prepared using MAS-Seq for 10x Single Cell 3’ kit (PN:102-678-600-REVO03)




ccs: Version 7.0.0

lima: Version 2.7.1
primrose: Version 1.4.0
samtools: Version 1.12

Data analysis Several versions of same softwares or packages were used for different analysis based on compatibilities. The full list of softwares and version
information for each conda environment used is provided as .yml files at https://github.com/GenomicsMachinelearning/

SPanc_Lnc_PanCancer_LncRNA_Atlas/tree/main/Manuscript_files/Softwares. Information of other stand-alone softwares used are as follows:

- PacBio Analysis - smrtlink_12.0.0.17705
- Coding potential analysis: CPAT 3.0.4
- hlpiensemnl: https://github.com/dmitrymyl/hlpiensemble.git

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The cuTAR count matrices generated as part of this study, the associated Visium gene expression and H&E images and processed objects of high dimensional data
are available at UQ eSPACE https://doi.org/10.48610/29¢1345. The raw data (BAM/FASTQ files) will be made available upon request and in agreement with the
ethics policy.

- This study also uses raw data from previously published in-house datasets available to access as follows (also described in the manuscript)

- Visium Melanoma: https://zenodo.org/records/8053920

- Visium Medulloblastoma PDOX Mouse models: PRJEB53588 (ENA)

- Visium SCC, BCC: PRIEB54964 (ENA)

- Visium Breast Cancer (https://www.swarbricklab.com/data-and-code-access)

- Public scRNA-Seq datasets: Acral and Cutaneous Melanoma from the study ( PRINA862451), PBMCs from Merkel cell carcinoma (MCC) (SRR7722937), head and
neck cancer patients (SRR13418965, SRR13419137, SRR13419168) and 5'- sequencing datasets of tissue biopsies from patients with basal cell carcinoma (BCC). This
included data before and after anti-PD-1 therapy from three patients (SRX5128480, SRX5128482, SRX5128486, SRX5128489, SRX5128506, SRX5128507).

- Curio-Seeker data - Two samples (breast cancer and melanoma) were obtained from Curio/Takara Bio.
- scCRNA-seq dataets from 10X Genomics site

- Breast IDC https://www.10xgenomics.com/resources/datasets/7-5-k-sorted-cells-from-human-invasive-ductal-carcinoma-3-v-3-1-3-1-standard-6-0-0

- Glioblastoma https://www.10xgenomics.com/resources/datasets/human-glioblastoma-multiforme-3-v-3-whole-transcriptome-analysis-3-standard-4-0-0

- Kidney Cancer (5') https://www.10xgenomics.com/resources/datasets/5k-human-kidney-tumor-isolated-with-chromium-nuclei-isolation-kit-3-1-standard

- Lung (NSCLC) https://www.10xgenomics.com/resources/datasets/nsclc-tumor-5-gene-expression-1-standard-2-2-0

- Pancreatic cancer https://www.10xgenomics.com/resources/datasets/5k-human-pancreatic-tumor-isolated-with-chromium-nuclei-isolation-kit-3-1-standard

- Ovarian cancer https://www.10xgenomics.com/resources/datasets/5k-human-ovarian-tumor-isolated-with-chromium-nuclei-isolation-kit-3-1-standard

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender Sex or gender were not considered or reported in any of the methods used in this study.
Population characteristics The tissues were collected from patients diagnosed with different types of cancers.

Recruitment - Skin biopsy samples from patients diagnosed with basal cell and squamous carcinoma (BCC and SCC) were collected at the
Dermatology Department of the Princess Alexandra Hospital in 2019.
- The fresh frozen Kidney cancer tissue sections collected in the operating theatre from six patients with ccRCC presenting at
a tertiary referral hospital from June 2021 to January 2022 (Raghubar et al. 2023).
- The primary colorectal cancer tumours and associated liver metastasis samples were collected from three patients during
surgery for CRC carcinoma (Kawamata et al. 2018).
- The breast cancer samples were collected with approval from all relevant human research ethics committees (Sydney Local
Health District Ethics Committee, Royal Prince Alfred Hospital zone and the St Vincent’s Hospital Ethics Committee) (Wu et al.
2021).
- The Head & Neck OPSCC samples were collected from the Ear, Nose, Throat (ENT) and oncology department at Princess
Alexandra Hospital in 2021.
- The FFPE Melanoma biopsies were from archived tissues collected between 2008 and 2018 (Vo et al. 2025.)
- The Medulloblastoma paediatric patient tumour tissues were obtained from Seattle Children’s Hospital through the
Children’s Oncology Group brain tumour biology study ACNS02B3 (NCT00919750). The ACNS02B3 study was approved from
the Institutional Review Board (Vo et al. Genome Medicine, 2023).
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Ethics oversight

FFPE samples used for the Xenium in-situ/STOmics experiments

- The breast cancer samples were diagnosed within Pathology Queensland and patients were consented through the
Brisbane Breast Bank between 2020-2023.

- The HPV+ Head & Neck OPSCC FFPE samples were collected from the Ear, Nose, Throat (ENT) and oncology department at
Princess Alexandra Hospital in 2021 (approved by Metro South Research Ethics 2019/HE001021).

- The colorectal cancer samples were collected as part of a previous study by Fennel et al. 2019 between 2008-2012. Written
informed consent was obtained from each patient. The study protocol was approved by the Royal Brisbane and Women’s
Hospital and QIMR Berghofer Medical Research Institute Research Ethics Committees.

- Patient glioblastoma tumor tissue was collected from patients undergoing surgery at the Royal Brisbane and Women's
Hospital (RBWH), with informed consent and human ethics approval from the QIMR Berghofer Medical Research Institute
and RBWH human research ethics committees.

No bias was aware that may impact results.

All samples were approved for research under ethical approval numbers 2018000165 and 2017000318 by the University of
Queensland’s Human Research Ethics Committees.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size

Data exclusions

Replication

Randomization

Blinding

In this study, we used several independent tissues/ single-cell samples either collected and sequenced in-house or from previously published
studies. Our analyses focused on finding spatial patterns within a tissue, which gained statistical power from the large number of spots/cells.
From one transcriptomics tissue section, hundreds to thousands of spatial spots are measured. The number of spots in each cell type can be
considered as the number of technical replicates of the same cell type within a tissue. Using these replicates, we can account for technical
variation, such as sequencing depth and PCR-amplification bias when comparing clusters within the same tissue section. Using simulation data
of single cell and spatial data, we had previously calculated that to find a rare population with a frequency of 1% of a sample of spots with
95% detection power we needed 628 spots. All datasets we used had more than >1000 spots, as described above.

For spatial transcriptomics downstream analysis, we applied a quality control step for excluding lowly expressed uTARs for all samples
(features detected in fewer than 3 spots). We did not apply the minimum features per spot filter for the uTAR data, since not all spots were
assumed or expected to have more numbers of IncRNAs. For uTAR discovery, we retain those with atleast 3 reads mapping to the genome
irrespective of spot/cellular level expression.

For selecting top uTAR candidates we chose the ones that were consistently detected across different samples of the same cancer type or
across different cancer types or across sequencing technologies. For PCR validation of selected uTAR regions we also used three technical
replicates. 76 uTARs were chosen for validation on Xenium where atleast two replicates per cancer type were used for the experiment.

We thoroughly assessed false discovery as well as the robustness of null distribution (for example in the case of eQTL co-localization analysis,
we performed three sets of random sampling of equal number of genomic regions as the number of uTARs to randomize genomic regions and
their co-localization with eQTLs). Our randomization strategy involves random shuffling and pseudobuling of cells for scRNA-Seq DE analysis
and random shuffling and choosing genomic regions.

All analyses done in this study were data-driven and unsupervised. For example, we applied unsupervised
clustering to identify cell types, with no prior information about the expected number of cell types present in the dataset. Only the uTAR-RBP
interaction analysis used a pre-trained ML model to predict interactions.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms

Clinical data

X X CTX XX
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Dual use research of concern

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research
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Laboratory animals Seven to 9-week-old male NOD.Cg-Prkdcscid 112rgtm1Wijl/SzJ (NSG) mice (Jackson Laboratory, Bar Harbor, ME) were maintained in a
barrier facility on a 12-h light/dark cycle with food and water provided ad libitum, in accordance with the NIH Guide for the Care and
Use of Experimental Animals (Vo et al. Genome Medicine, 2023).

Wild animals The study did not involve wild animals.
Reporting on sex Male mice were used
Field-collected samples  The study did not involve samples collected from the field.

Ethics oversight All PDOX mouse experiments were performed with approval from The University of Queensland Molecular Biosciences animal ethics
committee (IMB/386/18) and The University of Queensland Institutional Human Research Ethics committee (2015001410) and
conducted accordance with the Australian Code for the Care and Use of Animals for Scientific Purposes (Vo et al. Genome Medicine,
2023).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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