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Cancer long noncoding RNAs (IncRNAs) have been identified by experimental and in silico methods. However, current
approaches for identifying cancer IncRNAs are not sufficient and effective. To uncover them, we focus on the core cancer
driver IncRNAs, which directly interact with cancer driver protein-coding genes (PCGs). We investigate various aspects of
cancer IncRNA:s, including their expression patterns, genomic locations, and direct interactions with cancer driver PCGs,
and developed a pipeline to identify candidate cancer driver IncRNAs. Finally, we validate the reliability of potential cancer
driver IncRNAs through functional analysis of bioinformatics data and CRISPR-Cas? knockout experiments. We find that
cancer IncRNAs are more concentrated in cancer driver topologically associated domains (CDTs), and CDT is an important
feature in identifying cancer IncRNAs. Moreover, cancer IncRNAs show a high tendency to be coexpressed with and bind to
cancer driver PCGs. Utilizing these distinctive characteristics, we develop a pipeline CAncer Driver Topologically Associated
Domains (CADTAD) to identify candidate cancer driver IncRNAs in pan-cancer, including 256 oncogenic IncRNAs, 177
tumor-suppressive INcCRNAs, and 75 dual-function IncRNAs, as well as in three individual cancer types, and validate their
cancer-related functions. More importantly, the function of 10 putative cancer driver IncRNAs in prostate cancer is subse-
quently validated to influence cancer phenotype through cell studies. In light of these findings, our study offers a new per-
spective from the 3D genome to study the roles of IncRNAs in cancer. Furthermore, we provide a valuable set of potential

IncRNAs that could deepen our understanding of the oncogenic mechanism of cancer driver IncRNA:s.

[Supplemental material is available for this article.]

Researchers often identify cancer driver protein-coding genes
(PCGs) as cancer biomarkers (Martinez-Jiménez et al. 2020). How-
ever, coding genes represent <2% of the entire genome, whereas
most of the genome is transcribed into noncoding RNAs, among
which long noncoding RNAs (IncRNAs) form a major group.
IncRNAs, typically longer than 200 base pairs with limited pro-
tein-coding potential (Derrien et al. 2012), can orchestrate the
gene expression and chromatin architecture by engaging with
DNA, RNA, or proteins (Melé and Rinn 2016; Gil and Ulitsky
2020; Statello et al. 2021; Herman et al. 2022; Chang and Qi
2023; Mattick et al. 2023). Numerous studies have reported the
pivotal roles of the IncRNAs in cancer development (Huarte
2015; Schmitt and Chang 2016; Bhan et al. 2017).

The subcellular localization of IncRNAs largely dictates their
function (Bridges et al. 2021). Most nuclear IncRNAs are strong-
ly enriched within 3D proximity of their transcriptional loci
(Quinodoz et al. 2021) and can exert a cis-regulatory influence
on neighboring genes, exemplified by IncRNA CDKN2B-AS1 medi-
ation of the epigenetic silencing of proximal genes CDKN2A and
CDKNZB to increase cell proliferation (Yu et al. 2008; Kotake
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et al. 2011). Certain IncRNAs in the nucleus can also affect distant
gene expression, such as HOTAIR, repressing the expression of a
distant gene HOXD cluster through epigenetic silencing, resulting
in enhanced tumor metastasis (Rinn et al. 2007; Gupta et al. 2010).
Conversely, cytoplasmic IncRNAs, like PTENPI, can sequester
microRNAs to stabilize PTEN (Poliseno et al. 2010). Hence, dissect-
ing IncRNA functions offers key insights into cancer biology and
therapeutic opportunities.

Traditional wet experimental methodologies for cancer
IncRNA discovery are inefficient and costly, and most bioinfor-
matic approaches have identified cancer-related IncRNAs with lim-
ited influence on tumorigenesis. Manual curation can collect
cancer-related IncRNA data sets based on the existing literature
(Gao et al. 2021; Vancura et al. 2021). However, this method ex-
hibited some leniency in the inclusion criteria, such as including
differentially expressed IncRNAs. The only evidence of expression
difference is not sufficient to prove the pivotal roles of IncRNAs
in tumorigenesis. Current machine learning models (Zhao et al.
2015; Zhang et al. 2018b, 2019a, 2020; Liu et al. 2020; Yuan
et al. 2021) only identified cancer-related IncRNAs reliant on the
aforementioned collected data sets and failed to distinguish
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between oncogenic and tumor-suppressive IncRNAs in silico.
Therefore, current studies are not capable of effectively discerning
cancer IncRNAs, which could play driver roles in cancer.

In eukaryotes, chromatin is organized into higher-order struc-
tures, one of which is the topologically associated domain (TAD),
which represents a discrete region of gene regulation. Within
TADs, DNA elements interact frequently, whereas inter-TAD
chromatin interactions tend to be relatively less pronounced.
Disruption of TAD boundaries can cause profound consequences,
including long-range transcriptional dysregulation and aberrant
gene expression (Nora et al. 2012; Valton and Dekker 2016).

Given the critical roles of IncRNAs’ strong correlations with
the expression of proximate genes, potentially acting as cis-regula-
tory elements (Werner et al. 2017) and well-studied cancer driver
PCGs, we hypothesized that linking IncRNAs to cancer
driver PCGs would enable the effective identification of cancer
driver IncRNAs, which are defined as those directly modulating
the expression of cancer driver PCGs. They can be divided into on-
cogenic IncRNAs and tumor-suppressive IncRNAs according to
their association with cancer driver PCGs.

In this study, we first explored the relationship between can-
cer IncRNAs and cancer driver PCGs. Notably, cancer IncRNAs ex-
hibited a pronounced propensity to localize within cancer driver
topologically associated domains (CDTs). They also show higher
levels of coexpression and IncRNA-DNA interactions with cancer
driver PCGs. Based on these findings, we developed CAncer
Driver Topologically Associated Domains (CADTAD), a compu-
tational pipeline to identify potential cancer driver IncRNAs
across various cancer types. CADTAD identified 256 oncogenic
IncRNAs, 177 tumor-suppressive IncRNAs, and 75 dual-function
IncRNAs for pan-cancer and putative cancer driver IncRNAs in
three individual cancer types (prostate cancer, gastric cancer,
and lung cancer). We validated the candidate driver IncRNAs uti-
lizing cancer genomic, epigenomic, and phenotype data. Addi-
tionally, we conducted CRISPR-Cas9 knockout experiments to
confirm the function of six oncogenic IncRNAs and four tumor-
suppressive IncRNAs specifically in prostate cancer.

Results

Cancer IncRNAs tend to be coexpressed with and close
to cancer driver PCGs

We collected cancer driver PCGs from the Cancer Gene Census
(CGC) database v.94 (Sondka et al. 2018) and cancer IncRNAs
from Cancer LncRNA Census 2 (CLC2) (Vancura et al. 2021) and
Lnc2Cancer 3.0 (Gao et al. 2021). Next, we explored the relation-
ship between these cancer IncRNAs and cancer driver PCGs within
the context of cancer (see Methods).

Our initial investigation focused on the associations between
the expression of cancer IncRNAs and cancer driver PCGs. Cancer
IncRNAs show both positive and negative correlations with cancer
driver PCGs. To evaluate the levels of coexpression rather than the
direction of the relationship, we used absolute values of expression
correlation (Zhang and Horvath 2005; Langfelder and Horvath
2008). Here, coexpression refers to the phenomenon where two
or more genes exhibit changes in expression levels under the
same or similar conditions, and these changes can be positively
or negatively correlated. We found that cancer IncRNAs obtained
from both CLC2 and Lnc2Cancer exhibited significantly higher
levels of coexpression with cancer driver PCGs compared with ran-
domly selected IncRNAs or PCGs under identical expression levels

(Fig. 1A; Supplemental Fig. S1A-C; see Methods). When consider-
ing the transcription start sites (TSSs) of cancer driver PCGs or ran-
domly selected PCGs as the center, we observed a notable
predominance of cancer IncRNAs in proximity to cancer driver
PCGs compared with their distribution around randomly selected
PCGs across a series of extended genomic regions (Fig. 1B;
Supplemental Fig. S1D; see Methods). We calculated the distance
to TSSs when the cancer IncRNAs reached a certain quantile
(Supplemental Table S1). We found that, at the same quantile, can-
cer IncRNAs were located closer to the cancer driver PCGs than to
randomly selected PCGs, whether in CLC2 or Lnc2Cancer. We
also calculated the distance between cancer IncRNAs and the clos-
est cancer driver/random PCGs and found that cancer IncRNAs
were located nearer cancer driver PCGs than randomly selected
PCGs (KS-test: CLC2 3.27x107'®, Lnc2Cancer 6.53x1073%)
(Supplemental Table S2). However, compared with randomly se-
lected IncRNAs, the predominance of cancer IncRNAs in proximity
to cancer driver PCGs is not obvious (KS-test: CLC2 6.94 x 1073,
Lnc2Cancer 4.11 x 107%) (Fig. 1B; Supplemental Tables S1, S2). At
a 1-Mb distance, the number of cancer IncRNAs was higher than
the number of randomly selected IncRNAs. To explore in detail
the distribution difference between cancer IncRNAs and randomly
selected IncRNAs around cancer driver PCGs, we calculated the
quantity variation between them across a series of extended geno-
mic regions. We found that cancer IncRNAs have a significantly
higher number in close range (Supplemental Fig. S1E,F,H,I), at
around 6 Mb to cancer driver PCG TSS. We also obtained the
closest IncRNAs around cancer driver PCGs and found that the
selected IncRNAs were significantly enriched in the cancer
IncRNA data sets (Supplemental Fig. S1G,J). However, if we re-
placed cancer driver PCGs with randomly selected PCGs or re-
placed cancer IncRNAs with randomly selected IncRNAs, the
enrichments were not very significant (Supplemental Fig. S1G,J).
Our findings indicate that cancer IncRNAs tend to be located
near cancer driver PCGs. Their coexpression patterns suggest a
potential interaction between their transcription, including
that cancer IncRNAs possibly influence the expression of cancer
driver PCGs.

CDT is an important feature in identifying cancer IncRNAs

As TADs are characterized by high-density chromatin contacts,
and their alterations may cause aberrant gene expression (Valton
and Dekker 2016), we considered TADs in cancer as functional
units where IncRNAs may affect the expression of cancer driver
PCGs. TADs can be categorized into two groups: CDTs, which
are defined as TADs that contain at least one cancer driver PCG;
and the remaining TADs, which are referred to as typical TADs.
In the prostate cancer cell line LNCaP, the densities of cancer
IncRNAs were higher in CDTs than in those of neighboring typical
TADs or randomly selected typical TADs of similar length, whereas
the densities of randomly selected IncRNAs did not show this ten-
dency (Fig. 1C,D; Supplemental Fig. S2A,B; Supplemental Table S3;
see Methods). We observed consistent results in the breast cancer
cell line T47D (Fig. 1E,F; Supplemental Table S3). The known on-
cogenic IncRNA PVTI is adjacent to the oncogene MYC in the
same TAD in the T47D cell line. A previous study demonstrated
that IncRNA PVTI enhanced the stability of MYC, resulting in
high protein levels and the promotion of cancer progression
(Tseng et al. 2014). Moreover, IncRNA CCATI could regulate
MYC transcriptional expression by promoting loop interaction
and could also be found in the same TAD in the LNCaP cell line.
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Figure 1. Cancer IncRNAs are more coexpressed with and located near cancer driver PCGs, especially in the same TAD. (A) Box plot to show the differ-
ence in absolute Spearman’s correlation between the experimental pair and two control pairs. P-values are determined by one-tailed Wilcoxon test. (B) Line
plot of the statistics of the INcRNA number in CLC2/Lnc2Cancer in regions whose step size is 40 kb extending from 40 kb to 28 Mb near the TSS of cancer
driver/random PCGs. The red line indicates cancer driver PCGs, and the gray line indicates random PCGs. The solid line represents cancer IncRNA and the
dashed line represents random IncRNA. (C) Box plot to indicate the TAD lengths of CDTs and typical TADs are almost the same in LNCaP. P-value is de-
termined by two-tailed Wilcoxon test. (D) Bar plot to show the density of cancer/random IncRNAs in each TAD of LNCaP. The dashed line indicates random
IncRNAs. The red bar represents the ratio of cancer IncRNAs in CDTs, and the blue bar represents the ratio of cancer IncRNAs in typical TADs. The gray bars
represent flanking typical TADs. CDT: cancer driver TAD. (E) Box plot to indicate the TAD lengths of CDTs and typical TADs are almost the same in T47D.
P-value is determined by two-tailed Wilcoxon test. (F) Bar plot to show the density of cancer/random IncRNAs in each TAD of T47D. The dashed line in-
dicates random IncRNAs. The red bar represents the ratio of cancer IncRNAs in CDTs, and the blue bar represents the ratio of cancer IncRNAs in typical TADs.
The gray bars represent flanking typical TADs. (G) The two-dimensional heat map shows the normalized Hi-C interaction frequencies in LNCaP. Black line
box out the calculated TAD. Blue rectangles represent genes. (H) The two-dimensional heatmap shows the normalized Hi-C interaction frequencies in
T47D. Black line boxes out the calculated TAD. Blue rectangles represent genes. (/) Heat map to show the CDT characteristic of the driver IncRNAs identified
by ExInAtor2. The red box represents that INcRNA has this characteristic. The gray box represents that IncRNA does not have this characteristic. Underlined
IncRNAs represent known driver IncRNAs. P-value is determined by one-tailed Fisher’s exact test. (J) Box plot to show the difference in absolute Spearman’s
correlation between I-CRL pairs and O-CRL pairs. I-CRL: cancer IncRNAs in CDT. O-CRL: cancer IncRNAs outside CDT. P-values are determined by one-tailed
Wilcoxon test. (K) GSEA analysis shows enrichment of the I-CRLs and O-CRLs in hub IncRNAs in a cancer-related IncRNA-mRNA network. (L) Box plot to
indicate the difference in centrality score between I-CRLs and O-CRLs. P-value is determined by one-tailed Wilcoxon test.
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However, IncRNA PCAT1, which overlapped with the TAD boun-
dary in the LNCaP and T47D cell lines, was coamplified with
MYC and induced MYC expression through a posttranscriptional
mechanism (Fig. 1G,H; Huarte 2015; Schmitt and Chang 2016).
These examples indicate a potent cis-regulatory mechanism of can-
cer IncRNAs regulating cancer driver PCGs in the CDT. In addition,
we observed that almost half of the cancer driver IncRNAs identi-
fied in a recent publication (Esposito et al. 2023) were located in
CDTs (Fig. 1I).

To explore the effect of CDTs, we then divided cancer
IncRNAs into I-CRLs (inside CDT) and O-CRLs (outside CDT) for
each CDT. We also defined that I-CRL pairs represent the pairs of
I-CRL and cancer driver PCG, whereas O-CRL pairs represent the
pairs of O-CRL and cancer driver PCG. We performed exact match-
ing to compare the coexpression levels between I-CRL and O-CRL
pairs (Supplemental Fig. S3A; see Methods) and observed that I-
CRLs exhibited a higher degree of coexpression with cancer driver
PCGs within the same TAD compared with O-CRLs (Fig. 1J).

The distance between IncRNA-mRNA neighboring pairs
could affect coexpression levels (Derrien et al. 2012). To control
the effect of distance, we obtained I-CRL pairs and the closest
O-CRL pairs for the same cancer driver PCGs (see Methods).
However, the distances of I-CRL pairs were still closer than those
of the O-CRL pairs (Supplemental Fig. S3B,D), and the coexpres-
sion levels of I-CRL pairs were also significantly higher than those
of O-CRL pairs (Supplemental Fig. S3C,E). The location distribu-
tion of the cancer driver PCGs within the CDTs occurred in two
cases (Supplemental Fig. S4A): (1) The PCG is distributed near
the boundary of the CDT; and (2) the cancer driver PCG is in the
middle of the CDT. We found that cancer driver PCGs were mainly
distributed in the middle of the CDTs (Supplemental Fig. S4B; see
Methods). This phenomenon can explain why, even though we
tried our best to choose the closest O-CRL pairs, the distances of
O-CRL pairs were still much greater than those of I-CRL pairs
(Supplemental Fig. S3B,D).

We then selected O-CRL pairs that have a minimum discrep-
ancy of distance with I-CRL pairs to make their distance similar
(Supplemental Table S4; see Methods). In this way, a lot of I-CRL
pairs were excluded because some [-CRL pairs could not have O-
CRL pairs with similar distances, but we kept the distance similar
and found the expression correlation levels of I-CRL pairs were
significantly higher than those of O-CRL pairs (Supplemental
Table S4).

Additionally, we matched IncRNAs inside and outside CDTs
with similar distances to cancer driver PCGs (Supplemental Fig.
S5A; see Methods) and found that IncRNAs in the CDTs had a
slightly significant enrichment in cancer IncRNAs compared
with the IncRNAs outside CDTs (Supplemental Fig. S5B,C).
Considering all the IncRNAs located in the CDT, we found the en-
richment degree to be higher (Supplemental Fig. S5D). These re-
sults indicated that after removing some IncRNAs that are very
close to the cancer driver PCGs in CDTs, IncRNAs in the CDTs still
remain slightly enriched in cancer IncRNAs.

Using a generalized linear regression model (GLM) to con-
trol the distance, we found that the feature CDT significantly af-
fected coexpression levels between cancer IncRNAs and cancer
driver PCGs (Supplemental Tables S5, S6; see Methods). The
plus signs of CDT coefficients and minus signs of distance coeffi-
cients suit our expectations: cancer IncRNAs located in the CDTs
positively contribute to coexpression levels with cancer driver
PCGs, and the degree of expression correlation values decreases
with distance. This means that, when we control the distance be-

tween cancer driver PCGs and cancer IncRNAs, cancer IncRNAs
located in CDTs have higher coexpression levels with cancer
driver PCGs than those not located in CDTs. Furthermore,
when the coexpression levels were shuffled, CDT and distance
features did not significantly contribute to the degree of expres-
sion correlations. When the CDT and distance features were sep-
arately shuffled, only the corresponding feature did not
significantly contribute to the coexpression levels. Moreover,
the shuffling process decreased the R* value (Supplemental
Tables S5, S6). Therefore, the coexpression levels are not only de-
termined by distance, but CDT can also positively contribute to
the response values.

To further validate CDT specificity, we calculated coexpres-
sion levels between cancer IncRNAs and noncancer PCGs in typi-
cal TADs or CDTs. The typical TAD (TT) was defined in the
previous analysis as the control group. We also named the non-
cancer PCGs in CDT as typical genes (TGs) in CDT. Cancer
IncRNAs and cancer driver PCGs in CDTs consistently showed
higher coexpression levels than those of cancer IncRNAs and non-
cancer PCGs in either typical TADs or CDTs (Supplemental Fig.
S6A,B), reinforcing the specificity of the CDT effect.

IncRNAs can play an important role in biological networks
(Zhang et al. 2018a). Here, we constructed a cancer-related
IncRNA-mRNA network (Supplemental Fig. S7A,B; see Methods).
Although both I-CRLs and O-CRLs exhibited a propensity to serve
as hub-IncRNAs (Fig. 1K), the centrality score comparison and
GSEA analysis revealed that the I-CRLs showed a significantly
higher likelihood than the O-CRLs to function as hub-IncRNAs
(Fig. 1K,L), highlighting the more important role of I-CRLs in can-
cer-related processes.

We also examined the effectiveness of cancer IncRNAs identi-
fied using CDT and expression correlation and found that a
coexpression level threshold of 0.5 has a similar power to discover
cancer IncRNAs with CDT (Supplemental Fig. S8A,B).

These results suggest that CDT is an important feature in dis-
covering cancer IncRNAs. Moreover, cancer IncRNAs in the CDTs
show higher location density near and higher coexpression levels
with cancer driver PCGs, which may have the potential to regulate
the expression of cancer driver PCGs.

Cancer driver IncRNAs directly interact with cancer driver PCGs

IncRNAs can play pivotal roles in the regulation of gene expression
by interacting with proteins and nucleic acids (Gil and Ulitsky
2020; Herman et al. 2022). Some studies have indicated that
IncRNAs have the ability to interact with DNA, RNA, or protein
to modulate many important cancer-related processes (Schmitt
and Chang 2016). A pan-cancer analysis of IncRNA regulatory in-
teractions suggested the dysregulation of hundreds of IncRNA tar-
gets and altered the expression of cancer genes and pathways in
the tumor context (Chiu et al. 2018). Considering that gene inter-
actions are more frequent within a TAD and that IncRNAs have the
potential to modify gene expression, we are motivated to identify
the core driver IncRNAs in CDTs, which are defined as IncRNAs
that directly influence the expression of cancer driver PCGs.
Chiu et al. (2018) constructed IncRNA regulatory networks in
pan-cancer, and the networks included four types of IncRNA regu-
latory interactions (decoy, cofactor, guide, and switch) involving
more than two types of molecules. To simplify the regulation
mechanism, we considered only the most direct interaction be-
tween IncRNAs and DNA involving only two types of molecules
to influence gene expression.
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Thus far, IncRNAs have been found to directly bind DNAs in
two ways—triplex and R-loops—which may have different effects
on gene expression (Li et al. 2016a; Niehrs and Luke 2020; Statello
et al. 2021). Triplex is a triple-helical structure in which double-
stranded DNA accommodates a single-stranded RNA in the major
groove (Buske et al. 2012). Many studies have shown that IncRNAs
can regulate target gene expression by forming a triplex (Mondal
et al. 2015; Choudhury et al. 2021; Leisegang et al. 2024). We
used Triplexator to predict the triplex-forming sites between
IncRNA MEG3 and cancer driver PCGs and found that the predict-
ed sites could match the MEG3 binding sites (Fig. 2A; see Methods;
Buske et al. 2012; Mondal et al. 2015). The R-loop is a three-strand-
ed nucleic acid structure that forms an RNA-DNA hybrid between a
nascent guanine-rich RNA transcript segment and a DNA template
while leaving the nontemplate DNA strand in a single-stranded
conformation (Jenjaroenpun et al. 2015). IncRNAs can also regu-
late target genes through the R-loop (Arab et al. 2019; Ariel et al.
2020). Here, the R-loops between IncRNA HOTTIP and cancer
driver PCGs were predicted using QmRLEFS-finder (Jenjaroenpun
et al. 2015), and we found that the predicted sites could match
the R-loop formation sites (Fig. 2B). We then wused the
Triplexator and QmRLES-finder to predict triplex and R-loops sep-
arately between the IncRNAs and the corresponding PCGs.
Compared with randomly selected PCGs or IncRNAs, cancer
IncRNAs have more potential triplex binding sites and R-loops
with cancer driver PCGs (Fig. 2C,D; see Methods). The results sug-
gested that cancer IncRNAs have a higher affinity with cancer
driver PCGs through RNA-DNA interaction.

As mentioned previously, the expression levels of the I-CRLs
were highly correlated with cancer driver PCGs. Here, we investi-
gated whether the I-CRLs also exhibited a higher affinity for bind-
ing to the DNA sequences of cancer driver PCGs. Our results
showed that the I-CRLs contained more binding sites in the con-
text of triplex and R-loops structures compared with other groups
(Fig. 2E,F). However, there was some difference in O-CRLs between
the two structures: the triplex binding sites of the O-CRLs were sig-
nificantly less than those of the I-CRLs, whereas the R-loop num-
ber of the O-CRLs was almost the same as that of the I-CRLs. We
infer that the triplex primarily functions as a cis-regulatory ele-
ment, whereas the R-loops have the capacity to regulate gene ex-
pression in both cis and trans contexts.

To demonstrate the potential of these two RNA-DNA interac-
tion mechanisms to affect gene expression, we next categorized
the I-CRLs into two groups: the “bind” group, which comprises
I-CRLs that were predicted to bind to cancer driver PCGs in the
same CDT; and the “no bind” group, which comprises the remain-
ing I-CRLs that were not predicted to bind to cancer driver PCGs in
the same CDT. Whether for triplex or R-loop, the potential bind-
ing pairs had higher coexpression tendencies than the no binding
pairs (Fig. 2G,H). These outcomes indicate that the two RNA-DNA
interaction mechanisms have the potential to function in cancer
driver PCG expression regulation by I-CRLs.

Discovery of pan-cancer driver INcRNAs by constructing
a CADTAD pipeline

Given that [-CRLs play important roles in cancers, we next identi-
fied cancer driver IncRNAs in pan-cancer through the abovemen-
tioned characteristics. We collected 139 TAD data from the NCBI
Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih
.gov/geo/) and performed principal component analysis (PCA).
We noticed a difference in TAD among normal solid tissue sam-

ples, solid tumors, normal blood samples, and hematological ma-
lignancies. PC1 distinguished solid tissues and blood samples,
whereas PC2 showed a difference between normal and cancer sam-
ples (Fig. 3A; see Methods). Taking into consideration the hetero-
geneity between solid tumors and hematological malignancies,
and given the high prevalence of solid tumors (Chizuka et al.
2006), we exclusively utilized TAD data of solid tumors to identify
pan-cancer driver IncRNAs. To accomplish this, we developed
an integrated pipeline, CADTAD, to predict the cancer driver
IncRNAs potentially involved in regulating the expression of can-
cer driver PCGs within CDTs. As a result, we identified 256 onco-
genic IncRNAs, 177 tumor-suppressive IncRNAs, and 75 dual-
function IncRNAs (Fig. 3B; Supplemental Data S5).

To ascertain the tumor-related attributes of the identified can-
cer driver IncRNAs, we first examined the overlap between poten-
tial cancer driver IncRNAs and the cancer IncRNA data sets CLC2
and Lnc2Cancer. The analysis revealed a significant enrichment
of candidates in both data sets, indicating that the identified can-
cer driver IncRNAs retained certain characteristics shared with can-
cer IncRNAs, thus potentially shedding light on their deeper
cancer-related functions (Fig. 3C). We then investigated differen-
tially expressed IncRNAs in pan-cancer (Supplemental Fig.
S9A; see Methods) and found potential oncogenic IncRNAs exhib-
ited enrichment in the upregulated IncRNAs, whereas candidate
tumor-suppressive IncRNAs were enriched among the downregu-
lated IncRNAs in cancer (Fig. 3D). As expected, we observed no
enrichment of potential oncogenic IncRNAs among downregulated
IncRNAs, nor did we find an enrichment of candidate tumor-sup-
pressive IncRNAs within upregulated IncRNAs (Supplemental Fig.
S9B,C). However, potential dual-function IncRNAs were not en-
riched in either of the differentially expressed IncRNA groups
(Supplemental Fig. S9D). Subcellular localization can provide
valuable clues about the function of IncRNAs (Bridges et al. 2021),
and subcellular localization data analysis revealed that these
candidates displayed a higher ratio of nucleus to cytosol expression
(Fig. 3E). These findings underscore the predominant role of identi-
fied cancer driver IncRNAs within the nucleus.

Traditionally, researchers often rely on mutation data for the
discovery of cancer driver PCGs. In our study, we sought to deter-
mine whether candidate driver IncRNAs shared similar characteris-
tics. These candidates exhibited a higher number of SNPs classified
as pathogenic variation effects annotated from COSMIC compared
with the remaining IncRNAs (Fig. 3F), suggesting the pathogenic
role of these candidate driver IncRNAs in cancer. We also found
that these driver IncRNAs have higher single nucleotide variant
(SNV) numbers than the remaining IncRNAs (Supplemental Fig.
S9E). The putative oncogenic IncRNAs have a significantly higher
copy number variation (CNV) occupation than the nondriver
IncRNAs, the tumor-suppressive IncRNAs have the contrasting
phenomenon, and the dual-function IncRNAs have little differ-
ence from the nondriver IncRNAs with regard to CNV occupation
(Supplemental Fig. S9F). Beyond mutation analysis, various other
approaches are used to identify cancer genes through epigenetic
markers. For example, broad H3K4me3 marks are associated with
tumor-suppressor genes (Chen et al. 2015), whereas broad
H3K27me3 marks are indicative of oncogenes (Zhao et al. 2020).
Furthermore, our findings demonstrated that the identified onco-
genic IncRNAs possessed wider H3K27me3 marks, whereas candi-
date tumor-suppressive IncRNAs exhibited broader H3K4me3
marks (Fig. 3G,H). Collectively, these results provide compelling
evidence of the potential roles in cancer of these identified cancer
driver IncRNAs.
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Figure 2. Cancer IncRNAs have a higher binding degree with cancer driver PCGs in the same TAD. (4) IncRNA MEG3 ChOP-seq signal and predicted
triplex binding sites. (B) R-loop DRIP-seq signal and predicted R-loop formation sites of INcRNA HOTTIP. (C) Box plot to show the difference of triplex num-
ber between the experimental pair and two control pairs. P-values are determined by one-tailed Wilcoxon test. (D) Box plot to show the difference of R-loop
number between the experimental pair and two control pairs. P-values are determined by one-tailed Wilcoxon test. (E) Cartoon pattern to show the def-
inition of the four IncRNA types. (F) Box plot to show the difference of triplex and R-loop number among I-CRL, I-TL, O-CRL, and O-TL. I-CRL: cancer
IncRNAs in CDT. I-TL: typical IncRNAs in CDT. O-CRL: cancer IncRNAs outside CDT. O-TL: typical IncRNAs outside CDT. P values determined by one-tailed
Wilcoxon test. (G) Box plot to show the absolute Spearman’s expression correlation between predicted binding pairs and no binding pairs in the same CDT
about triplex. P-values are determined by one-tailed Wilcoxon test. (H) Box plot to show the absolute Spearman’s expression correlation between predicted
binding pairs and no binding pairs in the same CDT about R-loop. P-values are determined by one-tailed Wilcoxon test.
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Figure 3. Discovery of potential pan-cancer driver IncRNAs using CADTAD and validation of their cancer-related characteristics using genomics and epi-
genomics data. (A) PCA plot to show the difference of TADs among normal blood samples, blood cancers, normal solid samples, and solid tumors. The
blue dots represent normal blood samples. The yellow triangles represent blood cancers. The gray rectangles represent normal solid samples. The red crosses
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CADTAD analysis for the discovery of putative cancer driver
IncRNAs in individual cancers

Given the heterogeneity inherent in tumors, CADTAD was applied
to individual cancer types (Supplemental Fig. S10A). To decide
which specific cancer to focus on, we considered the distribution
of the collected TAD sample numbers across various tumors. Pros-
tate cancer, which ranked at the top, was chosen to identify cancer
driver IncRNAs in an individual cancer context (Fig. 4A). We gath-
ered cancer driver PCGs specific to prostate cancer from TUSON
(Davoli et al. 2013) and analyzed their distribution (Fig. 4B). We
then applied the pipeline to prostate cancer and identified 149
candidate oncogenic IncRNAs, 85 tumor-suppressive IncRNAs,
and seven dual-function IncRNAs in prostate cancer (Fig. 4C; Sup-
plemental Data S6).

Leveraging functional data relevant to prostate cancer, like
pan-cancer driver IncRNAs, we found that the identified oncogen-
ic IncRNAs in prostate cancer exhibited pronounced enrichment
in upregulated IncRNAs, whereas candidate tumor-suppressive
IncRNAs were enriched in downregulated IncRNAs (Fig. 4D;
Supplemental Fig. S11A). The potential cancer driver IncRNAs in
prostate cancer displayed a higher likelihood of being localized
in the nucleus (Fig. 4F) and featured a greater number of SNPs clas-
sified as pathogenic variations (Fig. 4F). In addition, broader
H3K27me3 and H3K4me3 marks were detected in putative onco-
genic IncRNAs and tumor-suppressive IncRNAs, respectively, in
prostate cancer (Fig. 4G).

To further validate the tumor-specific characteristics of po-
tential driver IncRNAs, we randomly selected several candidates
in prostate cancer for experimental evaluation. Six prospective on-
cogenic IncRNAs and four tumor-suppressive IncRNAs (Supple-
mental Figs. S12, S13) were disrupted using two pairs of CRISPR-
Cas9 guide RNAs. The cutting efficiencies of each pair of guide
RNAs were validated through T7 Endonuclease I assay (Supple-
mental Fig. $14). We also detected the expression level of each can-
didate IncRNA in edited cells via RT-qPCR. Knocking down five out
of six oncogenic candidates significantly inhibited the prolifera-
tion of LNCaP cells, as expected (Fig. 5A). LNCaP with decreased
HSALNGO0082024 showed a tendency toward growth inhibition,
although the difference was not significant. Conversely, downre-
glation of two out of four candidate tumor-suppressive IncCRNAs
significantly promoted cell growth, and the knockdown of
HSALNGO0124011 had a similar tendency (Fig. 5B). Notably, we ob-
served that the expressions of potential regulated driver PCGs were
influenced after the candidate IncRNA knockdown: downregula-
tion of five oncogenic IncRNAs led to a significant decrease in
the expression levels of the associated cancer driver PCGs (Supple-
mental Fig. S15A), whereas the knockdown of HSALNG0116774
resulted in an increased mRNA level of its related cancer driver
PCG KIF18B, as expected (Supplemental Fig. S15B). We also as-
sessed whether these candidates influence cell motility. The down-
regulation of oncogenic candidates slowed the wound closure in
PC-3 prostate cancer cells (Fig. 6A; Supplemental Fig. S16A). How-
ever, the cells with the decreased levels of two out of four tumor-
suppressive IncRNAs closed the wound faster than the control
groups (Fig. 6B; Supplemental Fig. S16B).

To exclude the effect caused by CRISPR-induced mutations in
regulatory elements, we used siRNA pools to target three candi-
dates. The results showed that the downregulation of each IncRNA
significantly inhibited the proliferation and motility of prostate
cancer cells, consistent with the results using CRISPR (Supplemen-
tal Fig. S17A-C). We also found that CRISPR guide RNAs used to

target the promoters of HSALNGO0082024, HSALNGO0094538,
HSALNGO0116774, and HSALNG0058614 overlapped with the ge-
nomic regions of GATD1, MLEC, ADAM11, and RABGEF1, respec-
tively. We employed the siRNA pools to target these overlapped
genes and figured out whether the alterations of these gene expres-
sions would affect cell proliferation. The downregulation of MLEC
and AMADI11 did not significantly affect the proliferation of pros-
tate cancer cells (Supplemental Fig. S18), confirming that the inhi-
bition and promotion of cell growth and motility are specifically
due to the knockdown of HSALNG0094538 and HSALNGO0116774
by CRISPR, rather than the editing of other genomic regions. The
downregulation of RABGEF1 by siRNA pools significantly in-
hibited cell proliferation, which was opposite to the effect of
HSALNGO0058614 knockdown using CRISPR (Supplemental Fig.
$18). It further indicated that HSALNG0058614 functions as a tu-
mor-suppressive IncRNA in prostate cancer cells. For GATD1, its
downregulation by siRNA pools obviously inhibited cell prolifera-
tion, whereas the knocking down of HSALNG0082024 had little
effect on cell proliferation using CRISPR (Fig. 5A; Supplemental
Fig. S18).

Survival analysis in prostate adenocarcinoma (PRAD) re-
vealed that higher expression levels of five candidate oncogenic
IncRNAs correlated with poorer survival (Supplemental Fig.
S19A), whereas two candidate tumor-suppressive IncRNAs exhibit-
ed the opposite effect (Supplemental Fig. S19B). Thus, these sur-
vival outcomes also highlight the potential of these candidate
driver IncRNAs as prognostic markers in prostate cancer.

In summary, these results suggest that CADTAD can effective-
ly identify cancer driver IncRNAs, although its ability to recognize
tumor-suppressive IncRNAs is not as robust as its detection of on-
cogenic IncRNAs.

Furthermore, we selected gastric cancer and lung cancer,
which ranked at the top based on the distribution of TAD sample
numbers, to identify their respective candidate driver IncRNAs
(Fig. 4A). Through the CADTAD approach (Supplemental Fig.
S10A), we successfully identified 165 candidate oncogenic
IncRNAs, 180 tumor-suppressive IncRNAs, and 13 dual-function
IncRNAs for gastric cancer (Supplemental Fig. S20A,B; Supplemen-
tal Data S7). We also identified 101 oncogenic IncRNAs, 278 tu-
mor-suppressive IncRNAs, and 19 dual-function IncRNAs for
lung cancer (Supplemental Fig. S21A,B; Supplemental Data S8).
The cancer driver IncRNAs identified in these two cancer types ex-
hibited consistent cancer-related features, including enrichment
of differentially expressed IncRNAs in cancer, nuclear localization,
a higher proportion of SNPs classified as pathogenic, and the pres-
ence of histone markers associated with cancer genes (Supplemen-
tal Figs. S11B,C, S20C-F, S21C-F).

These findings underscore the significance of the CDTs com-
bined with expression and interaction as an effective signature for
the discovery of cancer driver IncRNAs.

Discussion

IncRNAs can create an additional regulatory dimension superim-
posed over the genomic and epigenomic programs by interacting
with DNAs, RNAs, or proteins to orchestra gene expression
(Herman et al. 2022), defying the conventional central dogma of
molecular biology (Chang and Qi 2023). In our investigation
into the relationship between cancer IncRNAs and cancer driver
PCGs, we are the pioneer to show that cancer IncRNAs are more
concentrated in CDTs, representing a novel feature for identifying
cancer IncRNAs. Furthermore, cancer IncRNAs in CDTs
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Figure 4. Discovery of potential cancer driver IncRNAs in prostate cancer and validation of their cancer characteristics using genomics and epigenomics
data. (A) Bar plot to show the statistics of sample numbers about TAD data in individual cancers. (B) Upset plot to show the statistics of tumor suppressor
genes and oncogenes in prostate cancer. (C) The flowchart of identifying potential cancer driver INcRNAs in prostate cancer. (D) Bar plot to show the en-
richment of the putative oncogenic IncRNAs in upregulated IncRNAs in prostate cancer and putative tumor-suppressive INcRNAs in downregulated IncRNAs
in prostate cancer. P-values are determined by one-tailed Fisher’s exact test. (E) Box plot showing subcellular location tendency of the driver IncRNA can-
didates about prostate cancer. The P-value is determined by one-tailed t-test. (F) Empirical cumulative distribution plot to show the difference of pathogenic
variations between putative cancer driver INcRNAs and the rest of other IncRNAs. P-value is determined by one-tailed Wilcoxon test. (G) Empirical cumu-
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Figure 5. Depletion of identified putative cancer driver IncRNAs impairs or promotes the proliferation of prostate cancer cells. INcRNA expression level
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demonstrated notably higher coexpression levels with cancer
driver PCGs in the same TAD, indicating a potential regulatory
connection. The coexpression levels are not only determined by
distance; after applying three ways to control distance, the CDT
feature still significantly affects the levels of expression correlation.
In addition, a comprehensive comparison of InCRNA-DNA inter-
actions further accentuated the likelihood that I-CRLs play a role
in regulating the expression of cancer driver PCGs. By establishing
a direct link between IncRNAs and cancer driver PCGs, we con-
structed a pipeline CADTAD and identified potential core driver
IncRNAs in pan-cancer and across three specific cancer types.
These candidates were validated through various bioinformatics
function analysis and CRISPR-Cas9 experiments to unveil their po-
tential function in cancer. Notably, CADTAD enables the func-
tional categorization of potential driver IncRNAs into oncogenic,
tumor-suppressive, and dual-function IncRNAs, representing the
first in silico approach to achieving such classification.

Previous methods for driver IncRNAs discovery primarily re-
lied on a mutation perspective. For example, OncodriveFML
(Mularoni et al. 2016) could identify driver mutations in IncRNAs,
which is achieved by estimating the cumulative functional impact
bias of somatic mutations within tumors. ExInAtorl/2 (Lanzoés
et al. 2017; Esposito et al. 2023) considered the mutational burden
and functional impact to identify cancer driver IncRNAs. However,
the identification of driver IncRNAs based on mutation character-
istics has yielded relatively low numbers (Mularoni et al. 2016;
Lanzos et al. 2017; Esposito et al. 2023). To address this, we advo-
cate approaching cancer driver IncRNAs from a distinct perspec-
tive, one that is different from the paradigm of cancer driver
PCGs. In this context, we define cancer driver IncRNAs as those
that directly regulate the expression of cancer driver PCGs, with
the objective of uncovering the IncRNAs with the most significant
potential effect on cancer. Although our CADTAD approach does
not consider alterations within the cancer driver IncRNAs them-
selves, such as mutations or epigenetic modifications, it focuses
on the crucial task of discerning the driver IncRNAs that govern
the core drivers of cancer.

Other studies have also explored IncRNA function in tumors
by focusing on IncRNA-mediated regulation. For example, they
may identify dysregulated IncRNA-TF-gene triplets in glioblastoma
(Li et al. 2016b) or develop methods, such as IncMAP (Li et al.
2018), to reveal distinct types of IncRNA regulatory molecules.
DriverLncNet (Zhang et al. 2019b) offers a comprehensive strategy
that combines both genomic and regulatory features. This method
identifies cancer driver IncRNAs through the analysis of copy
number alterations and the construction of regulatory networks.
These networks aim to capture key functional effectors, thereby
dissecting the functional role of driver IncRNAs. However, cancer
IncRNAs are typically classified into two categories based on their
functions: oncogenic IncRNAs; and tumor-suppressive IncRNAs.
The current methods for discovering cancer IncCRNAs have primar-
ily remained at the association level, lacking the specificity to dif-
ferentiate their precise roles in either promoting or inhibiting
cancer progression. Our pipeline CADTAD can facilitate the dis-
tinction of IncRNA-specific functions into either promoting or in-
hibiting cancer progress.

Nonetheless, our exploration of cancer driver IncRNAs was
limited to only three cancer types because of insufficient Hi-C
data. In the future, the expansion of Hi-C data across various can-
cer types will enable the comprehensive discovery of driver
IncRNAs in individual cancers, thereby enlarging the cancer driver
IncRNA data sets. Whereas the stoichiometric concern regarding

IncRNAs and their function is a key debate in the field, the true
functional capacity of IncRNAs may depend more on localization
in the cell, tissue context, structure, and interaction specificity
rather than just their quantity. Here, we used coexpression with
cancer driver PCGs to filter cancer driver IncRNAs. This method
could exclude IncRNAs that could not be detected in any sample.
Therefore, we can confirm that the remaining IncRNAs have the
potential to express and bind to DNA. Furthermore, it is essential
to emphasize that the current driver IncRNA data set exclusively
focuses on IncRNAs that directly regulate the expression of cancer
driver PCGs through IncRNA-DNA interaction prediction. On the
one hand, many novel experimental techniques, such as GRID-seq
and RADICL-seq (Mattick et al. 2023), have been developed to
detect RNA-chromatin interactions. These high throughput se-
quencing methods can be integrated to enhance the accuracy of
IncRNA-DNA interactions. On the other hand, IncRNAs have
the capacity to influence coding gene expression through various
mechanisms, including liquid-liquid phase separation (Adnane
et al. 2022) and miRNA sponging (Du et al. 2016). This driver
IncRNA data set represents the core driver data set within the
broader spectrum of all cancer driver IncRNAs capable of directly
modulating cancer driver PCG expression. While acknowledging
the intricacies of IncRNA regulatory mechanisms, there is an in-
herent need for a more comprehensive approach to mining driver
IncRNAs that encompasses all conceivable IncRNA regulatory
pathways. This comprehensive approach will enable us to explore
the multifaceted landscape of cancer driver IncRNAs more
comprehensively.

In summary, we find that CDT is an important feature in
identifying cancer IncRNAs and construct a pipeline CADTAD to
identify potential cancer driver IncRNAs based on 3D genome
interactions and coexpression features. Notably, it offers a new per-
spective to discover potential cancer driver IncRNAs. The pipeline
CADTAD also holds the potential for broader applications in the
study of other diseases.

Methods

Source of data sets analyzed in this project

The IncRNA gene and protein-coding gene reference data were
from LncExpDB (Li et al. 2021) and converted into hg19 using
liftOver, which was downloaded from the UCSC Genome
Browser website (https://hgdownload.soe.ucsc.edu/downloads
html#utilities_downloads). Thus, we obtained 94,810 IncRNAs
and 19,840 PCGs. The expression of IncRNAs and PCGs also
came from LncExpDB, with combined CCLE and HPA TPM data.
The FASTA file hg19.fa was from the UCSC (https://hgdownload
.soe.ucsc.edu/goldenPath/hg19/bigZips/hg19.fa.gz) and used for
later Hi-C mapping and IncRNA-DNA interaction prediction. Can-
cer IncRNA data sets were collected from CLC2 (Vancura et al.
2021) and Lnc2Cancer 3.0 (Gao et al. 2021) and converted into
LncBook IncRNA ID according to the LncExpDB reference. We ob-
tained 426 and 822 cancer IncRNAs, respectively, to perform fur-
ther analysis. Cancer driver PCGs were from the CGC database
v.94 (Sondka et al. 2018) and were classified into tumor suppressor
genes or oncogenes according to the “Role in Cancer” column con-
taining “TSG” or “oncogene.” If one gene’s “Role in Cancer” col-
umn contained both “TSG” and “oncogene,” it would be
classified as a dual-function gene. We obtained 556 cancer driver
PCGs according to the LncExpDB reference. One thousand onco-
genes and 1000 tumor suppressor genes were obtained from a pub-
lication (Davoli et al. 2013). A total of 531 genes from the
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PATHWAY IN CANCER (hsa05200) were downloaded from the
Kyoto Encyclopedia of Genes and Genomes (KEGG) database
(Supplemental Data S1; Kanehisa et al. 2023).

Cancer driver PCGs in the individual cancer type were collect-
ed from a publication (Davoli et al. 2013). We combined the cancer
driver PCG ranking of both individual cancer types and pan-can-
cer in this publication and took the average ranking. We then se-
lected the cancer driver PCGs for individual cancer types with
the top average ranking (<150) to obtain the tumor suppressor
genes, oncogenes, and dual-function genes (Fig. 4B; Supplemental
Figs. S20A, S21A; Supplemental Data S2). The statistics of individ-
ual cancer genes were calculated using the Python package UpSet-
Plot (v.0.8.0). RefLnc (Jiang et al. 2019) was used to supplement
the TCGA (PRAD, STAD, LUSC, and LUAD) and GTEx projects
with the combined FPKM data to obtain the expression of
26,494 IncRNAs and 19,490 PCGs in a single cancer type. The 17
driver IncRNAs identified by ExInAtor2 were obtained from anoth-
er study (Esposito et al. 2023).

Hi-C raw data were collected from ENCODE and GEO, in
which we obtained a total of 139 samples (Supplemental Data
S3). For detailed Hi-C data processing, see Supplemental Methods.

Our analyses mostly rely on conserved genomic features, gene
annotations, or variant sites that remain largely unchanged be-
tween assemblies. Furthermore, any assembly-specific discrepan-
cies would have a minor impact on the biological interpretations
derived from our study. Therefore, our findings are not much im-
pacted by the genome assembly used, whether it is GRCh38 or a
more recent genome assembly.

Definition of driver genes

Cancer driver PCGs are those PCGs containing driver mutations,
and we collected these cancer driver PCGs from CGC (Sondka
et al. 2018) and TUSON (Davoli et al. 2013). Because there are
some other methods defining cancer driver genes, such as epige-
netics (Chen et al. 2015; Zhao et al. 2020), we used a custom meth-
od to define the IncRNA that directly regulates cancer driver PCG
expression as cancer driver IncRNA.

Expression correlation calculation

We calculated the absolute pairwise correlation (Spearman’s corre-
lation) between cancer IncRNAs and cancer driver PCGs using the
expression values (TPM) from CCLE collected from LncExpDB. To
control the identical expression levels between cancer IncRNAs
(CLC2/Lnc2Cancer) and random IncRNAs or between cancer
driver PCGs and random PCGs, we stratified the mean expression
levels across samples and randomly sampled the same number of
no cancer IncRNAs and no cancer PCGs (Supplemental Fig. STA-
C). No cancer IncRNAs were collected from all IncRNAs, excluding
CLC2 and Lnc2Cancer, and no cancer PCGs were collected from
the PCGs located in typical TADs. All cancer/random IncRNAs
and all cancer driver/random PCGs were paired one by one to cal-
culate the expression correlation, so that n IncRNAs and m PCGs
had n xm pairs.

Distance analysis

We took the TSS of PCG as the center, with 40 kb as the bin size,
and calculated the number of IncRNAs completely falling within
this range every time after expanding them using the pybedtools
(v. 0.9.0) intersect function with parameter f=1 (Supplemental
Fig. S1D). Considering that the IncRNA farthest from the driver
PCG in both data sets (CLC2 and Lnc2Cancer) is
HSALNGO0051162, with a distance of 27,663,752 bp, we only
counted the number within 28 Mb (i.e., we expanded the regions

700 times). We used randomly selected IncRNAs and PCGs in the
expression correlation analysis. To analyze in detail the distribu-
tion difference between cancer IncRNAs and randomly selected
IncRNAs around cancer driver PCGs, we calculated the difference
number between the two types of IncRNAs located in this extend-
ed area after each enlargement of the region and compared the
numbers in these bins using a one-tailed paired t-test. To obtain
the closest IncRNAs for each of the driver PCGs or randomly select-
ed PCGs, we used all IncRNAs and the closest function in pybed-
tools (v. 0.9.0). We then overlapped this data set with cancer
IncRNAs or randomly selected IncRNAs to obtain enrichment re-
sults using the one-tail Fisher’s exact test.

Method for defining CDTs and calculating the IncRNA ratio

Using the intersect function in BEDTools (Quinlan and Hall 2010)
(v.2.30.0) with the parameter F=1, we identified TADs as cancer
driver TADs if they entirely included at least one cancer driver
PCG. The remaining TADs that completely contained noncancer
PCGs, excluding COSMIC genes, top1000 TUSON OGs/TSGs,
and the PATHWAY IN CANCER genes, were defined as typical
TADs. We randomly selected the same number of typical TADs
as CDTs with almost the same length and determined the ratio
by dividing the total number of cancer IncRNAs by the summed
length of the TAD in each TAD type (Supplemental Fig. S2A). To
compare with the neighboring TADs around the CDTs, we also cal-
culated the ratio of up-/downstream five non-CDTs. Once there
was one CDT in the up-/downstream five TADs, we skipped it until
we found five non-CDTs. If the up-/downstream of CDTs did not
have five non-CDTs, we assigned a ratio of O in the non-TAD re-
gion (Supplemental Fig. S2B). We compared the ratios of cancer
IncRNAs in CDTs with that in up-/downstream TADs, typical
TADs, and the ratios of random IncRNAs in CDTs using a propor-
tion test (Supplemental Table S3).

Comparison between I-CRL pairs and O-CRL pairs

To compare the levels of coexpression between I-CRL pairs and O-
CRL pairs (Fig. 1J), we performed exact matching, which means
that each cancer driver PCG in a CDT would have both I-CRL
and O-CRL pairs for comparison: we first obtained a pair of I-
CRL and cancer driver PCG in the same CDT and then randomly
selected an O-CRL after excluding I-CRLs in this CDT to replace
the raw I-CRL of the pair (Supplemental Fig. S3A).

For the first try of controlling the distance by choosing the
closest O-CRL pairs, we replaced the I-CRL with the O-CRL closest
to this cancer driver PCG to obtain the control pairs of O-CRLs and
cancer driver PCGs. To obtain the location distribution of the can-
cer driver PCGs within the CDTs, we scaled each CDT to 0-1 and
obtained the relative distance of the cancer driver PCGs in the
CDT to calculate the accumulated occurrence frequency in
0.0001 bin size.

For the second try to control the distance by excluding I-CRL
pairs that have no O-CRL pairs with similar distances, we selected
the O-CRL pairs that have minimum discrepancy of distance with
I-CRL pairs and only retained the pairs under a specific distance
difference (<50 kb) to make the distance similar. In this way, a
lot of I-CRL pairs were excluded because some I-CRL pairs could
not have O-CRL pairs with similar distances.

For each cancer driver PCG, we also attempted to select
IncRNAs that are far away from the cancer driver PCG within the
CDT and close to the cancer driver PCG outside the CDT as
much as possible to maintain a similar distance to the cancer driver
PCGs. After adopting this strategy, we discarded many IncRNAs
that were close to the cancer driver PCGs in the CDT but could
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obtain IncRNAs within or outside CDTs with a similar distance to
the cancer driver PCGs.

To assess how CDT and distance contribute to the levels of ex-
pression correlation, we fitted a generalized linear regression mod-
el. A GLM can isolate the influence of the independent variable of
interest (CDT) on the dependent variable (the levels of coexpres-
sion) by incorporating other variables into the model as covariates
(distance), fixing the effects of other variables. We applied the
Fisher transformation to normalize the expression correlation val-
ues and then squared them, ensuring they followed a noncentral
x? distribution and fitted a GLM to take the following form:

SEY X1, X3)) = Bo + Bi1 X1 + B2 X2 + &,

where g(-) is the link function, Y is the square of the Fisher transfor-
mation of the expression correlations between cancer driver PCGs
and cancer IncRNAs, X, measures whether the cancer IncRNA is in
the CDT (1 indicates that the IncRNA is located in the CDT, i.e., I-
CRL pair, and 0 indicates that the IncRNA is located outside the
CDT, i.e., O-CRL pair), and X, quantifies the distance between can-
cer driver PCGs and cancer IncRNAs. By is the slope, and ¢ is a ran-
dom error term. B, is the marginal effect of X; on Y when X; is
fixed, meaning that distance is controlled to observe how CDT af-
fects the levels of coexpression. We fitted the model using statsmo-
dels (v. 0.13.2).

Construction of a cancer-related IncRNA-mRNA network
and the definition of IncRNA centrality

We used the concept of weighted gene coexpression network anal-
ysis (WGCNA) to construct a cancer-related IncRNA-mRNA net-
work (Zhang and Horvath 2005; Langfelder and Horvath 2008).
We calculated the Pearson’s correlation between the expression
of all IncRNAs and all mRNAs to obtain a similarity matrix and
then transferred it to an adjacency matrix by raising the similarity
to power. Next, we used the scale-free topology criterion for soft
thresholding, and the minimum scale-free topology fitting index
R? was set to 0.9; thus, we obtained a soft threshold of 6
(Supplemental Fig. S7A,B). To identify cancer-related functions,
we defined important genes as those containing cancer genes
from the CGC database v. 94, the top 500 oncogenes and tumor
suppressor genes from TUSON, and the PATHWAY IN CANCER
genes from KEGG. We used power 6 to calculate the network be-
tween all IncRNAs and important genes and summed the values
of one IncRNA with all important genes to define IncRNA central-
ity. As we only focused on the rank of I-CRLs and O-CRLs in all
IncRNAs, we performed GSEA to compare them using the
Python package GSEApy (Fang et al. 2023) (v. 1.0.5).

IncRNA-DNA interaction analysis

We knew of two mechanisms through which IncRNA could inter-
act with DNA: triplex and R-loop. We reviewed all relevant predic-
tion techniques and chose the classic methods Triplextor (Buske
et al. 2012) and QmRLEFS-finder (Jenjaroenpun et al. 2015) to pre-
dict the IncRNA-DNA interaction. Before prediction, we obtained
the sequences of IncRNAs and PCGs from hg19.fa using the get-
fasta function in BEDTools (v. 2.30.0) (Quinlan and Hall 2010).
For the triplex prediction, we predicted the number between
IncRNAs and PCGs using the default parameter. For the R-loop pre-
diction, we first predicted the R-loop structure in each IncRNA and
then counted all the matched numbers of paired PCGs whose
sense or antisense strand had a RIZ sequence (Luo et al. 2022), as
the RIZ sequence is very important for forming an R-loop.
IncRNA MEG3 ChOP-seq data was collected from a recent publica-
tion (Mondal et al. 2015). The DRIP-seq data on the IncRNA

HOTTIP R-loop formation analysis was obtained from a study
(Luo et al. 2022).

Construction of a pipeline CADTAD to discover cancer driver
IncRNAs

We constructed a pipeline CADTAD to discover cancer driver
IncRNAs in pan-cancer and individual cancer types (Figs. 3B, 4C;
Supplemental Figs. S10, S20B, S21B). First, we obtained all TADs
completely covering cancer driver PCGs, and then we merged all
intersected TADs to define the CDT using the intersect and merge
function in pybedtools (v. 0.9.0) (Quinlan and Hall 2010; Dale
et al. 2011). We then discovered the IncRNAs located in these
CDTs with a reference of all IncRNAs and matched these
IncRNAs with the cancer driver PCGs in the same CDT.
Subsequently, we predicted the potential IncRNA-DNA interac-
tion pairs of matched IncRNA-cancer driver PCG pairs using the
Triplexator and QmRLF-finder as soon as one of the methods pre-
dicted. Finally, we used tumor samples’ RNA-seq expression data to
calculate the expression correlation of the remaining IncRNA-can-
cer driver PCG pairs and obtained IncRNAs with absolute correla-
tion values >0.5 as cancer driver IncRNAs. We considered driver
IncRNAs whose expression correlation values were only positive
with oncogenes and/or negative with tumor suppressor genes as
oncogenic IncRNAs, only positive with tumor suppressor genes
and/or negative with oncogenes as tumor-suppressive IncRNAs,
and that had the above two cases as dual-function IncRNAs. We
then applied CADTAD to pan-cancer and individual cancers to
identify cancer driver IncRNAs (Supplemental Data S5-S8).

Bioinformatics methods related to cancer characteristics
verification

To obtain upregulated and downregulated IncRNAs in cancer, we
compared cancer samples with normal samples using the
Wilcoxon test and calculated the fold change. IncRNAs whose P-
values were <0.05 and |logFC| were >1 were considered as differen-
tial expressions. We calculated the enrichment P-values using the
one-tailed Fisher’s exact test and the expected values by multiply-
ing the total number of two data sets, which was then divided by
the total number of background gene sets. The nucleus- and cyto-
sol-featured IncRNAs were taken from LncExpDB (Li et al. 2021).
The data were used to calculate the ratio of the nucleus to cytosol
expression for each IncRNA to explore the subcellular location of
the IncRNAs. Variation data were extracted from LncBook2.0 (Li
et al. 2023). For comparison, we used only the COSMIC Variant
Effect, which was pathogenic. The SNV and CNV data were collect-
ed from PCAWG (The ICGC/TCGA Pan-Cancer Analysis of Whole
Genomes Consortium 2020). The H3K4me3 and H3K27me3 peak
files were downloaded from ENCODE (Supplemental Data S4). We
calculated each IncRNA’s peak width by adding the lengths of the
intersected peaks. Survival data were taken from UCSC Xena
(Goldman et al. 2020), and survival analyses were conducted using
the Python package lifelines (v.0.27.7).

CRISPR gRNA and lentiviral vector design

For each candidate IncRNA, two pairs of guide RNAs were designed
to delete about 4 kb of the promoter region, defined as from 5 kb
upstream of to 1 kb downstream from the transcription site. A
pair of two nontargeting sgRNAs was used as the control. The se-
quences of each guide RNAs were listed in Supplemental Table S7.

The oligos for each target site were annealed by heating to
95°C for 5 min and cooling to 85°C at 2°C per second and then fur-
ther down to 25°C at 0.1°C per second. The annealed oligos were
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cloned into the lentiCRISPR v2 plasmid and sequenced to confirm
successful ligation.

Cell culture and lentiviral transduction

LNCaP, PC-3, and HEK293T were purchased from ATCC. All cells
were maintained in DMEM medium supplemented with 10%
FBS and cultured in 5% CO,. These cell lines were mycoplasma-
negative during routine tests.

Lentiviral was packaged through the cotransfection of the
second packaging vectors pMD2.G and psPAX2 into HEK293T
cells. After 48 h of transfection, the medium was harvested and
centrifuged at 800g for 10 min to remove cell debris. The superna-
tant was used for infection when LNCaP or PC-3 cells were grown
to 70% confluence. The medium was changed 24 h after viral
transduction, and the infected cells were incubated for another
24 h before puromycin selection. The positive cells were collected
for the cell proliferation assay, wound healing assay, and total RNA
and genomic DNA extraction.

PCR and RT-gPCR verification of CRISPR-Cas?-induced deletion
at the candidate IncRNAs promoter

Mutagenesis of candidate IncRNAs was verified through PCR using
primers flanking the deletion regions. In control cells, the PCR
fragments were the full length between the pair of primers.
However, in the edited cells, this region was edited by the pair of
CRISPR guide RNAs, resulting in the shorter PCR fragments. RT-
qPCR was used to detect the RNA levels of the IncRNA candidates
after CRISPR-Cas9 editing. The total RNA of edited cells was ex-
tracted and converted into cDNA. Then, qPCR was performed
with ChamQ Universal SYBR qPCR Master Mix (Vazyme). The
primers used for PCR and RT-qPCR of candidate IncCRNAs are listed
in Supplemental Table S8. The primers used for RT-qPCR of associ-
ated driver PCGs are listed in Supplemental Table S9. The primers
used for RT-qPCR of overlapped PCGs are listed in Supplemental
Table S10.

Cell proliferation and wound healing assay

The LNCaP cells were transduced by virus containing the pair of
guide RNAs and then selected by 1 pg/mL puromycin. After selec-
tion, the LNCaP cells were seeded in 96-well plates at a density of
6000 cells per well and allowed to attach for 24 h. For every time
point, CCK8 reagent was added to the cells at a ratio of 1:10.
After 1.5 h of incubation at 37°C, the absorbance of 450-nm wave-
length was measured to evaluate the cell proliferation rate. The
CRISPR-Cas9 guide RNA edited PC-3 cells were inoculated into a
6-well plate, and the wound was created until the cell confluence
arrived at 90%. The photos were taken at the indicated time by us-
ing a microscope. The wound closure rate was quantified as per-
centages by using Image J. LNCaP and PC-3 cells transfected
with siRNAs targeting each indicated IncRNA were evaluated in
terms of their proliferation and migration abilities.

Statistical analysis

The one-tail Wilcoxon test was used to compare the feature values
of different IncRNA categories. Functional data set enrichment
analyses were performed by using the one-tailed Fisher’s exact test.

Software availability

The CADTAD pipeline is available at GitHub (https://github.com/
starrzy/CADTAD) and as Supplemental Code.
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