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Abstract 

LnCeVar 2.0 (a v ailable at http:// bio-bigdata.hrbmu.edu.cn/ LnCeVar or http:// www.bio-bigdata.net/ LnCeVar ) is an updated database in v estigat- 
ing genomic variations that disrupt competing endogenous RNA (ceRNA) networks via single-cell and spatial transcriptomics. Enhancements 
include expanded data and impro v ed features: (i) 16 937 experimentally supported cancer biomarkers as well as 5785 validated ceRNA inter- 
actions and single nucleotide variant (SNV)–ceRNA events, manually curated and linked to key cancer pathogenic processes; (ii) 812 single-cell 
RNA sequencing / spatial transcriptomics RNA sequencing datasets co v ering 102 diseases, clinical treatments (e.g. chemotherapy, immunother- 
apy), and normal tissues; (iii) 5 218 062 single-cell- and spatial-specific SNV–ceRNA e v ents across 2 673 603 cells / spots, with cellular functional 
perturbation networks; (iv) 5 comprehensive and 12 mini tools for multilevel cross talk analysis and 3D visualization; and (v) novel inference of 
SNV effects on cell t ypes, st ates, and functions at single-cell and spatial le v els. LnCeVar 2.0 features a user-friendly interf ace f or searching, 
browsing, and analyzing data. For instance, the CeVarState interface illustrates how SNV–ceRNA events influence cell states during develop- 
mental processes, re v ealing interactions that determine cell f ate. T he CeV arSC3D and CeV arS T3D tools perf orm multile v el cross talk analy ses 
of SNVs, ceRNA networks, and cell states in disease pathology, pro viding interactiv e 3D visualizations. Ov erall, w e anticipate that the updated 
dat abase will facilit ate the high-resolution in v estigation of SNV–ceRNA netw orks and adv ance our understanding of the regulatory mechanisms 
in complex disease ecosystems. 
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ntroduction 

ingle nucleotide variants (SNVs) exert diverse functional ef-
ects across genome regions, contributing to genetic diversity
nd individual phenotypic variation [ 1 ]. Those occurring in
oding regions can alter protein structure, while variants in
egulatory regions may disrupt gene regulation by impair-
ng transcription factor–DNA binding or protein–RNA in-
eractions [ 2 , 3 ]. Notably, SNVs are far more prevalent in
on-coding regions, particularly within microRNA (miRNA)
inding sites on long non-coding RNAs (lncRNAs) [ 4 ]. Such
ariants can perturb lncRNA–miRNA interactions, thereby
isrupting competing endogenous RNA (ceRNA) regulatory
etworks and influencing disease initiation and progression
 5 , 6 ]. For instance, a functional genetic variant, rs67311347
G > A), increases the expression of ENTPD3-AS1 by form-
ng a ZNF8 binding motif, and this upregulation inhibits re-
al cell carcinoma via the miR-155 / HIF-1 α signaling pathway
 7 ]. The lncRNA LOC146880, harboring the single nucleotide
olymorphism (SNP) rs140618127, provides a binding site
or miR-539-5p, which inhibits ENO1 phosphorylation and
ownregulates the phosphatidylinositol-3-kinase (PI3K) / Akt
athway, thereby reducing the risk of non-small cell lung can-
er [ 8 ]. A genome-wide study of 2130 ovarian cancer patients
dentified a locus at 3p26.1 associated with overall survival
nd a likely causal variant that alters enhancer activity by in-
eracting with lncRNA BHLHE40-AS1, influencing oncogenic
xpression and tumor growth [ 9 ]. The identification of such
ersonalized variation events will enhance our understanding
f individual disease pathology and further contribute to the
dvancement of precision medicine. 

Our previous work, LnCeVar 1.0, curated SNV–ceRNA
vents from thousands of samples and cell lines, serving as a vi-
al resource for investigating the functional impact of genome
ariations on ceRNA network regulation in human diseases
 10 ]. Notably, single-cell RNA sequencing (scRNA-seq) and
patial transcriptomics RNA sequencing (stRNA-seq) tech-
ologies enable the characterization of cellular heterogeneity
nd dynamic states within the tumor microenvironment, facil-
tating the dissection of intercellular interactions and signaling
athways [ 11 ]. The stRNA-seq further captures cellular spa-
ial locations within tissues, enabling precise analysis of cell
istribution and interactions in the tumor microenvironment
 12 ]. SNVs in the cellular genome disrupt gene regulatory net-
orks, driving changes in cellular states and behaviors, such
s metastasis, invasion, and immune escape [ 13 ]. Thus, iden-
ifying SNVs at the single-cell and spatial levels and further
nalyzing their impact on gene regulatory networks is crucial
or understanding the determinants of cell fate and revealing
ynamic changes. 
Existing research has developed methods such as RESA

 14 ], scSNV [ 15 ], and SComatic [ 16 ], which enable the identi-
cation of SNVs at single-cell and spatial resolutions. Mean-
hile, large-scale SNV resources at the single-cell and spatial

esolutions are rapidly emerging, such as CanCellVar [ 17 ] and
tSNV [ 18 ]. To better understand the impact of SNVs within
ells on ceRNA regulatory networks and further explore the
riving factors behind different cell fates, we developed LnCe-
ar 2.0. This updated database will enable us to study com-
licated SNV–ceRNA networks at a single-cell and spatial res-
lution, helping us to gain a deeper understanding of disease
athology. 
LnCeVar 2.0 is an enhanced resource for investigating

NV–ceRNA regulation at cellular / spatial resolutions. It in-
tegrates high-throughput scRNA-seq, stRNA-seq, and bulk-
seq data from over 20 000 human / mouse normal / diseased
samples, identifying 5 218 062 functional SNV–ceRNA events
across 2 673 603 cells / spots. It also includes 5785 experi-
mentally validated ceRNA interactions / SNV–ceRNA events
and 16 937 manually curated cancer biomarker annotations
(linked to pathology, diagnosis, and treatment). With a user-
friendly web interface for searching, browsing, download-
ing, and analyzing, as well as tools for gene expression / SNV
analysis, 3D cross talk studies, and more. This update will fur-
ther enhance our understanding of individual disease pathol-
ogy and drive advancements in precision medicine. 

Materials and methods 

Data collection and processing 

High-throughput scRNA-seq and stRNA-seq datasets were
compiled through manual curation of PubMed publications
and retrieval from public repositories, including NCBI-GEO
[ 19 ], 10x Genomics ( https:// www.10xgenomics.com/ ), and
relevant databases [ 20–25 ]. Based on GENCODE annota-
tions (version GR Ch38 / GR Cm39), LnCeVar 2.0 systemati-
cally identifies human and mouse gene expression profiles
across diverse gene types. Data preprocessing and normal-
ization were performed using the R package Seurat (v4.3)
[ 26 ], with the FindClusters, RunTSNE, and RunUMAP func-
tions utilized for cell clustering and visualization. The R pack-
ages Monocle 2 (v2.18.0) [ 27 ] and Monocle 3 (v1.2.9) [ 28 ]
were employed to calculate pseudotime, construct cell de-
velopmental trajectories, and determine cell states. The sc-
SNV [ 15 ] and SComatic [ 16 ] methods were used to identify
SNVs at the single-cell and spatial levels. A multivariate mul-
tiple regression (MMR) model was applied to examine the
effects of SNVs on ceRNA expression [ 5 , 10 , 29 ]. The im-
pact of functional SNV–ceRNA events was estimated using
the corresponding coefficients ( coef- values) for the SNVs, and
the significance ( P- values) of the MMR model was assessed
via Pillai’s trace statistics. All statistical analyses were con-
ducted using the R programming language (v4.2.3). Further
details on data collection and processing can be found in the
Supplementary Methods . 

Database construction and interface organization 

The LnCeVar 2.0 platform was built using MySQL (ver-
sion 5.5) for data management, with web interfaces devel-
oped through Java Server Pages and deployed on the Tom-
cat web server (v6). Several JavaScript libraries were inte-
grated to enable interactive data visualization and table ren-
dering, including jQuery (v1.11.3), Datatables (v1.10.10),
and ECharts (v4.0). The LnCeVar 2.0 database can be ac-
cessed at http:// bio-bigdata.hrbmu.edu.cn/ LnCeVar or http:
// www.bio-bigdata.net/ LnCeVar . The previous version (LnCe-
Var 1.0, available at http:// www.bio-bigdata.net/ LnCeVar1.
0/) remains accessible for users requiring legacy data or
features. 

Results 

New collection of high-throughput scRNA-seq and 

stRNA-seq data 

To enhance the comprehensiveness and functionality of the
LnCeVar 2.0 database, substantial efforts have been devoted

https://www.10xgenomics.com/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
http://bio-bigdata.hrbmu.edu.cn/LnCeVar
http://www.bio-bigdata.net/LnCeVar
http://www.bio-bigdata.net/LnCeVar1.0/
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to expanding its data content, specifically enriching the high-
throughput scRNA-seq and stRNA-seq datasets (Fig. 1 A–
G). The database now encompasses gene expression pro-
files of 812 human and mouse samples, collectively cov-
ering 1 773 362 cells and 900 241 spatial spots. Follow-
ing meticulous data collection and preprocessing procedures
( Supplementary Methods ), 400 distinct cell types were iden-
tified, substantially expanding the range of cell types repre-
sented in the database. To broaden the disease spectrum, 102
diseases and disease-related phenotypes with diverse clinical
trials and outcomes (such as chemotherapy , immunotherapy ,
targeted gene therapy, and CRISPR gene knockout) have been
incorporated. To conduct comparative analyses of the tumor
microenvironment at single-cell and spatial levels, we com-
piled 244 gene expression profiles from normal human / mouse
organs and tissues. The aim was to define the cellular com-
position of major healthy organs and create a landscape of
human / mouse cells. Using GENCODE gene type and tran-
script annotations (version GR Ch38 / GR Cm39), LnCeVar 2.0
systematically identifies human and mouse gene expression
profiles across various gene types, including protein-coding
genes, lncRNAs, pseudogenes, and other genes, resulting in
the identification of over 20 000 coding and noncoding genes
from the scRNA-seq and stRNA-seq data. 

To fully leverage the high-resolution capabilities of single-
cell and spatial omics technologies for advancing gene ex-
pression regulation studies in the tumor microenvironment,
we have systematically curated and annotated the collected
datasets. Each dataset is characterized by the following fea-
tures: (i) gene expression profiles at single-cell and spatial-spot
resolutions (Fig. 1 A and B); (ii) multidimensional coordinates
mapping cellular clusters, developmental trajectories, and spa-
tial positions (Fig. 1 C and D); (iii) functional state profiling,
pathway activity quantification, and cancer hallmark enrich-
ment scoring for individual cells and spatial spots (Fig. 1 E);
and (iv) histological images that enable visualization of gene
expression within the context of spatially resolved tissue ar-
chitecture and disease pathology (Fig. 1 F). A panel of tools,
by integrating high-resolution single-cell and spatial transcrip-
tomics data, enhances the interpretability of histopathology
and facilitates investigating mechanisms that disrupt gene net-
works (Fig. 1 G). This represents a significant expansion com-
pared to LnCeVar 1.0 in terms of dataset quantity, cell num-
bers, cell types, gene counts, and single-cell and spatial features
(Table 1 ). 

Newly identified functional single-cell and spatially 

specific SNV–ceRNA events 

LnCeVar 2.0 provides a comprehensive profile of genomic
SNVs in human and mouse, revealing the co-localization of
SNVs in distinct cell clusters along with their unique char-
acteristics and enabling exploration of the profound impact
of SNVs on gene expression at the single-cell and spatial lev-
els ( Supplementary Fig. S1 ). Following the collection and pro-
cessing of SNV data, a total of 1 839 720 and 707 433 SNVs
were identified in over 70 human and mouse tissues, respec-
tively. LnCeVar 2.0 compiles ceRNA candidates from exist-
ing databases [ 30–34 ], providing information on potential
single-cell and spatially specific ceRNA interactions. A pub-
lished method based on probability theory was applied to con-
struct cell-specific networks and identify ceRNAs at single-cell
and spatial resolutions [ 35 ]. A candidate SNV–ceRNA event
was identified if different genotypes of a variation could alter 
ceRNA regulations (e.g. gain, loss, or alternation of miRNA 

binding sites). To further identify functional SNV–ceRNA 

events at the expression level, the MMR model was employed 

to examine whether a given SNV regulates the expression of 
both ceRNA genes [ 5 , 10 , 29 ]. The effect of functional SNV–
ceRNA events was estimated using the corresponding coef- 
ficients for the SNV (details in Supplementary Methods and 

Supplementary Fig. S2 ). Ultimately, a total of 5 218 062 func- 
tional SNV–ceRNA events were identified across 2 673 603 

single cells and spatial spots. Collectively, these functional 
single-cell and spatially specific SNV–ceRNA events will facil- 
itate investigations into fine-tuned SNV–ceRNA networks at 
single-cell and spatial resolutions, aiding to the understand- 
ing of regulatory mechanisms underlying complex biological 
ecosystems. 

Curation of validated SNV–ceRNA events, 
biomark er s, and functional annotations 

To provide more detailed and reliable information regard- 
ing the mechanisms of SNV and ceRNA regulation, LnCe- 
Var 2.0 has been updated to include an expanded set of ex- 
perimentally verified ceRNA interactions and SNV–ceRNA 

events, which were collated from our previous studies [ 30–34 ,
36 ] and manual curation ( Supplementary Methods ). Specifi- 
cally, a total of 5785 validated ceRNA interactions and SNV–
ceRNA events were confirmed using high-confidence experi- 
mental techniques, including polymerase chain reaction, west- 
ern blotting, luciferase reporter assays, and other methodolo- 
gies. Additionally, LnCeVar 2.0 conducted manual curation 

of ceRNA and SNV annotations related to cancer biomarkers 
associated with disease pathology, diagnosis, and treatment.
Following manual curation, a total of 16 937 experimen- 
tally supported biomarkers were incorporated into LnCeVar 
2.0. Furthermore, LnCeVar 2.0 contains 18 100 and 14 039 

functional gene sets for the human and mouse genomes, re- 
spectively. These gene sets encompass a wide range of func- 
tional annotations, including Gene Ontology [ 37 ], canonical 
pathways [ 38 ], cancer cell states [ 39 ], and classical cancer 
hallmarks [ 40 ], thereby facilitating comprehensive functional 
analysis ( Supplementary Fig. S3 ). To infer the regulatory im- 
pact of SNV–ceRNA events on clinical characteristics, LnCe- 
Var 2.0 integrated bulk-seq data and clinical profiles from 

22 515 tumor samples across various types. These datasets,
sourced from TCGA [ 41 ] and NCBI-GEO [ 19 ], encompass 
ceRNA expression, genome variation across individuals, clini- 
copathological features, clinical treatment details, and follow- 
up data. The incorporation of cancer biomarkers, functional 
annotations, and clinical features into LnCeVar 2.0 provides 
a more robust framework for investigating ceRNA regulatory 
mechanisms through pathological analysis. 

Novel data features and enhanced analysis tools 

Recent advances in single-cell and spatial transcriptomics have 
revolutionized the dissection of molecular heterogeneity in 

disease, enabling unprecedented resolution to explore how 

genomic variations disturb gene expression, regulatory net- 
works, and cellular phenotypes in the tumor microenviron- 
ment. To better leverage such data, LnCeVar 2.0 has been up- 
dated with several new features for exploring the regulatory 
roles of SNV–ceRNA events at the single-cell and spatial lev- 
els, thereby facilitating the study of fine-tuned SNV–ceRNA 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
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Figure 1. Data expansion and new features of LnCeVar 2.0. ( A , B ) Collection and expansion of high-throughput scRNA-seq, stRNA-seq, and bulk-seq 
datasets of human and mouse. ( C , D ) The multidimensional mapping of cellular clusters, developmental trajectories, and spatial positions. ( E ) Functional 
st ate profiling , pathw a y activity quantification, and cancer hallmark enrichment scoring f or individual cells / spots. ( F ) Visualizing gene e xpression in 
single-cell and spatially resolved tissue architecture and pathology. 
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Table 1. Data expansion and functional enhancements in LnCeVar 2.0 

Datasets and features LnCeVar 1.0 LnCeVar 2.0 Fold increase ↑ 

High-throughput datasets scRNA-seq samples – 357 New 

stRNA-seq samples – 455 New 

Bulk-seq samples 11 432 22 515 1.97 ↑ 

Single cells – 1 773 362 New 

Cell types – 400 New 

Spatial cells / spots – 900 241 New 

Spatial slices – 478 New 

Diseases / phenotypes 58 102 1.76 ↑ 

Normal tissues / organs 28 80 2.86 ↑ 

Species Human Human, mouse New 

Genetic variations, gene 
annotations, and regulatory events 

Variations 191 158 2 547 153 13.32 ↑ 

Coding genes – 21 639 New 

Noncoding genes 1845 3272 1.77 ↑ 

Predicted SNV–ceRNA events 191 158 5 218 062 27.30 ↑ 

Validated SNV–ceRNA events and 
ceRNA interactions 

54 5785 107.13 ↑ 

Experimentally validated 
diagnostics and therapy biomarkers 

2444 16 937 6.93 ↑ 

Category of diagnostics and therapy 
biomarkers 

3 10 3.33 ↑ 

Function features and analysis 
tools 

Functional gene sets 7246 32 139 4.44 ↑ 

Mini analysis tools 6 12 2.00 ↑ 

Comprehensive analysis tools – 5 New 

Cell cluster analysis –
√ 

New 

Cell trajectory analysis –
√ 

New 

Cell type annotation –
√ 

New 

Cell state annotation –
√ 

New 

scRNA-seq data analysis –
√ 

New 

stRNA-seq data analysis –
√ 

New 

Multilevel correlation analysis –
√ 

New 

3D-data visualization –
√ 

New 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

effects to unravel the regulatory mechanisms underlying com-
plex ecosystems. A range of flexible tools, including 5 compre-
hensive and 12 mini analysis tools, have been developed to fa-
cilitate data retrieval and analysis ( Supplementary Figs S4 and
S5 ). For example, the CeVarCluster tool examines the patterns
of gene expression and SNV mutations in SNV–ceRNA events
while analyzing the distribution of cell clusters, types, states,
and trajectories. The CeVarTraject tool illustrates the dynamic
changes in SNV genotype and gene expression variation along
cell differentiation trajectories. The CeVarState tool evaluates
the driver effect of SNV–ceRNA events on cell states along de-
velopmental trajectories, revealing the dynamic interactions
that determine cell fate. The CeVarSC3D and CeVarST3D
tools enable multilevel cross talk analyses of SNVs, ceRNA
networks, and cell states contributing to disease pathology at
single-cell and spatial levels, with results presented via an in-
teractive 3D view. Each of the 12 mini tools provides fast, user-
friendly analysis including functional, hallmark and cell state
annotations, cell clustering, survival and correlation analyses,
and SNV–ceRNA network construction. 

A usage example of LnCeVar 2.0 database 

LnCeVar 2.0 provides a convenient, user-friendly web inter-
face for data searching, browsing, analysis, and downloading
(Fig. 2 A–E). Its “HOME” page includes search and browse in-
terfaces ( Supplementary Figs S6 and S7 ) with keywords such
as different gene types (lncRNAs, mRNAs, pseudogenes), dis-
eases, organs, and SNV genomic regions (Fig. 2 A and B). To
illustrate the database’s functionality, a case study on NEAT1 -
related data is presented through interactive panels and ta- 
bles, enabling users to filter and reorder results via table 
headers (Fig. 2 A). All NEAT1 -related basic gene informa- 
tion (including gene name, annotated gene IDs from exter- 
nal databases, etc.), as well as the number of associated ceR- 
NAs, SNV–ceRNA events, related disease information, and 

species information, are displayed in the search results (Fig.
2 C and Supplementary Figs S8 and S9 ). The “Detail” column 

directs users to a dedicated page containing comprehensive in- 
formation on disease–SNV–ceRNA associations, showcasing 
how different SNV genotypes affect ceRNA regulatory sta- 
tus and further impact downstream gene expression across 
single-cell and spatial omics data from various diseases (Fig.
2 D and E). Additionally, information is provided on whether 
NEAT1 and its downstream targets have been validated in 

experiments as cancer biomarkers associated with cancer cell 
growth, metastasis, disease recurrence, survival, drug resis- 
tance, and immune escape ( Supplementary Fig. S10 ). 

Moreover, to further characterize SNV–ceRNA events in- 
volving cellular heterogeneity and dynamic states within the 
high-grade serous ovarian carcinoma (HGSOC) microenvi- 
ronment, thereby facilitating the dissection of intercellular in- 
teractions and signaling pathways, a panel of online tools 
has been developed to study ceRNA-regulated mechanisms 
at the single-cell and spatial levels (Fig. 3 A–D). The CeVar- 
Cluster tool was used to investigate the comprehensive map- 
ping of NEAT1 -related SNV–ceRNA events across diverse 
cell populations (Fig. 3 A). Within this tool, cells and spa- 
tial spots can be stratified into distinct clusters, enabling vi- 
sualization of ceRNA expression profiles and SNV genotype 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1009#supplementary-data
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Figure 2. The data query and analysis workflow of LnCeVar 2.0 database. ( A , B ) Searching and browsing interfaces of LnCeVar 2.0 database with 
advanced options. ( C ) Search results show NEAT1 -related basic gene info, associated counts of ceRNAs, SNV–ceRNA events, and related 
disease / species. ( D , E ) Detail page with disease–SNV–ceRNA associations, showing how SNV genotypes affect ceRNA regulation and downstream 

gene expression across single-cell / spatial omics in diverse diseases. 
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Figure 3. A case study for utilization of analysis tools in LnCeVar 2.0. ( A ) CeVarCluster maps NEAT1 -related SNV–ceRNA e v ents across cell populations, 
stratifying cells / spatial spots visualization by cell type, state, gene content. ( B ) CeVarTraject constructs and visualizes developmental cell trajectories to 
elucidate dynamics of NEAT1 -related SNV–ceRNA e v ents and their lineage associations. ( C ) CeVarState examines SNV–ceRNA impact on cellular 
function heterogeneity by assessing cell states (e.g. apoptosis, cell cycle, EMT) and their links to SNV genotypes / ceRNA expression across contexts. 
( D ) CeVarSC3D and CeVarST3D enable multilevel cross talk analyses of SNVs, ceRNA networks, and cell states in disease pathology at 
single-cell / spatial le v els via interactiv e 3D vie ws. ( E –L ) A panel of mini tools sheds light on the regulatory role of SNVs in NEAT1 -related ceRNAs, 
re v ealing potential therapeutic implications for clinical practice in HGSOC. 
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ccurrences based on cell type, cell state, gene content, and
ther relevant features ( Supplementary Fig. S11 ). To eluci-
ate the dynamics of NEAT1 -related SNV–ceRNA events and
heir associations across different lineages, the CeVarTraject
ool was used to construct and visualize the developmental
ell trajectories (Fig. 3 B and Supplementary Fig. S12 ). To ex-
lore the regulatory impact of SNV–ceRNA events on het-
rogeneity in cellular functions, the CeVarState tool was used
o evaluate cell states (such as apoptosis, cell cycle, and ep-
thelial mesenchymal transition) and their associations with
NV genotypes and ceRNA expression across diverse func-
ional contexts (Fig. 3 C and Supplementary Fig. S13 ). The
eV arSC3D and CeV arST3D tools perform multilevel cross

alk analyses of SNVs, ceRNA networks, and cell states under-
ying individual disease pathology at the single-cell and spa-
ial levels, presented in an interactive 3D view (Fig. 3 D and
upplementary Fig. S14 ). These tools enable the examination
f the complex interplay between NEAT1 -associated ceRNA
xpression and genome variations, which influences individ-
al cell functions and disease pathology. 
Several mini tools offer quick and easy-to-use analyses, in-

luding functional, hallmark and cell state annotations, cell
lustering, survival and correlation analyses, and SNV–ceRNA
etwork construction (Fig. 3 E–L). Using these tools, we found
hat distinct SNV genotypes modulate the ceRNA interac-
ion between NEAT1 and SRSF3 in HGSOC cells (Fig. 3 E).
urthermore, the cumulative burden of genome mutations is
losely associated with HGSOC angiogenesis (Fig. 3 F). Pre-
ious studies have demonstrated that NEAT1 knockdown
nhibits homologous recombination capacity and increases
laparib-induced DNA damage in HGSOC, thereby enhanc-

ng their sensitivity to Olaparib and conferring a critical ther-
peutic advantage [ 42 ]. Additionally, SRSF3 overexpression
s essential for ovarian cancer cell growth and survival, while
ts knockdown impairs DNA repair activity, with underlying
echanisms explored in prior research [ 43 ]. Using the analy-

is tools in LnCeVar 2.0, we revealed that the NEAT1–SRSF3
nteraction is involved in key biological processes driving can-
er initiation and progression, such as genome instability and
utation (Fig. 3 G–I). We also observed a positive correlation
etween NEAT1–SRSF3 expression levels and DNA damage
Fig. 3 J) and found that high SRSF3 expression is associ-
ted with poor prognosis in HGSOC (Fig. 3 K). These find-
ngs, integrating existing knowledge with novel insights de-
ived from LnCeVar 2.0, unraveling the roles of SNV–ceRNA
etworks in disease pathology, thereby facilitating a deeper
nderstanding of ovarian cancer mechanisms. The spatial map
f ceRNA expression and SNV mutations enables visualiza-
ion and investigation of their impact on disease characteris-
ics through integration with spatial pathological section data
Fig. 3 L). In summary, the web-based tools of LnCeVar 2.0
rovide efficient means of analyzing SNV–ceRNA regulatory
echanisms, facilitating detailed integration, comparison, and

isualization. 

iscussion 

he development of LnCeVar 2.0 represents a significant ad-
ancement in the field of ceRNA and SNV research, address-
ng the growing demands posed by the expansion of single-cell
nd spatial transcriptomics datasets. By integrating a vast ar-
ay of high-throughput scRNA-seq, stRNA-seq, and bulk-seq
ata across over 20 000 normal and disease samples from hu-
man and mouse, this updated database provides an enhanced
resource for investigating SNV and gene expression regula-
tion at cellular and spatial resolutions. The inclusion of over
1.7 million cells, 900 thousand spatial spots, and 400 dis-
tinct cell types enables comprehensive analyses of the tumor
microenvironment and healthy tissue landscapes, facilitating
comparative studies that were previously constrained by data
limitations. 

Compared to LnCeVar 1.0, LnCeVar 2.0 clarifies the mech-
anistic links between SNVs, ceRNA dynamics, and cell fate de-
cisions, particularly in the context of disease progression and
treatment responses. For instance, it identifies NEAT1 -related
SNV–ceRNA events as potential targets by linking them to
cancer hallmarks (e.g. genomic instability) and drug sensitiv-
ity (e.g. NEAT1 enhancing HGSOC’s response to Olaparib). It
addresses traditional single-gene target limitations via multidi-
mensional data integration, aiding targeted therapy develop-
ment and overcoming drug resistance. Although LnCeVar 2.0
has identified a large number of SNV–ceRNA events, it is lim-
ited in that only a small proportion of these events have been
experimentally validated and found to contribute to the de-
velopment of specific diseases. Many of the remaining events
require further analysis and validation. LnCeVar 2.0 will con-
tinuously improve research methods and tools for analysing
candidate SNV–ceRNA events to address this limitation. 

Looking to the future, LnCeVar 2.0 will continue to expand
its data coverage, focusing on integrating multimodal datasets
to capture the full complexity of genome variation and gene
regulation. By bridging genome variations, single-cell and spa-
tial dynamics, and clinical outcomes, LnCeVar 2.0 ultimately
aims to accelerate discoveries in disease mechanisms and facil-
itate the development of personalized therapeutic strategies. 
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