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Disrupted alternative polyadenylation (APA) is frequently
involved in tumorigenesis and cancer progression by regulating
the gene expression of oncogenes and tumor suppressors. How-
ever, limited knowledge of tumor-type- and cell-type-specific
APA events may lead to novel APA events and their functions
being overlooked. Here, we compared APA events across
different cell types in non-small cell lung cancer (NSCLC) and
normal tissues and identified functionally related APA events
in NSCLC. We found several cell-specific 30-UTR alterations
that regulate gene expression changes showed prognostic value
in NSCLC. We further investigated the function of APA-medi-
ated 30-UTR shortening through loss of microRNA (miRNA)-
binding sites, and we identified and experimentally validated
several oncogene-miRNA-tumor suppressor axes. According
to our analyses, we found SPARC as an APA-regulated onco-
gene in cancer-associated fibroblasts in NSCLC. Knockdown
of SPARC attenuates lung cancer cell invasion and metastasis.
Moreover, we found high SPARC expression associated with
resistance to several drugs except cisplatin. NSCLC patients
with high SPARC expression could benefit more compared to
low-SPARC-expression patients with cisplatin treatment. Over-
all, our comprehensive analysis of cell-specific APA events shed
light on the regulatory mechanism of cell-specific oncogenes
and provided opportunities for combination of APA-regulated
therapeutic target and cell-specific therapy development.
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INTRODUCTION
Non-small cell lung cancer (NSCLC) is one of the most frequently
diagnosed cancers, with a 5-year survival rate of around 25%.1 Since
the occurrence and development of NSCLC involve complex genetic
alterations, many dysregulated genes have been identified through
gene expression profiling and have been applied for clinical outcome
and target response prediction.2 Numerous studies revealed that gene
expression profiles can be dysregulated through a variety of mecha-
nisms, such as exon deletion, copy number variation, and epigenetic
modification.3–5 However, the underlying mechanisms driving dysre-
gulated gene expression in NSCLC remain incomplete. Alternative
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polyadenylation (APA) is an important post-transcript regulation
process that can regulate gene expression by generating mRNA iso-
forms with different 30-UTR lengths.6 It is also a very common pro-
cess, and more than 70% of genes in the mammalian genome undergo
APA.6 Altered 30 UTR causes the inclusion or deletion of cis-regula-
tory elements, such as microRNA (miRNA)-binding sites, which have
broad impact on mRNA expression, stability, and translation as well
as cellular localization and protein diversification.7 Recently, consid-
erable evidence shows that dysregulated APA plays an important role
in tumorigenesis and progression.8 Proto-oncogenes tend to use the
distal poly(A) sites in normal cells, which allows miRNA-guided
regulation. During the tumorigenesis process, proto-oncogenes begin
to use proximal poly(A) sites and generate shortened 30 UTRs.7 This
results in the loss of miRNA-binding sites and the escape of mRNA
from miRNA repression, leading to aberrantly increased expression
of oncogenes. Dysregulated APA has been found in multiple can-
cers.9–11 For example, APA events have been found to play a role in
the regulation of CPSF1 and PABPN1 expression, with shorter
30-UTR isoforms associated with increased expression levels in breast
cancer.12 The depletion of CPSF1 or PABPN1 weakened cancer cell
proliferation. In addition, APA has been shown to regulate the
expression of tumor suppressor genes, such as CFIm25, in glioblas-
toma.13 Extensive evidence also shows that dysregulated APAs
in NSCLC lead to altered expression of certain genes, such as
PABPN1, CPEB1, E2F1, and FGF2. Lower PABPN1 expression was
associated with poor prognosis in NSCLC patients.14
The Authors.
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Figure 1. The workflow of the study

(A) scRNA data collection, preprocessing, and cell type annotation. (B) The identification of APA event genes in several cell types and the enrichment analysis for APA event

genes. (C) The function analysis of APA regulation, including differential APA gene expression analysis, miRNA-binding sites analysis, and gene-interaction network con-

struction analysis. (D) The cell line experiments we used to validated the function of APA gene in NSCLC.
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Although these studies have uncovered several APA events that are
related to prognosis, our knowledge about dynamic APA regulation
in different cell types remains rudimentary.15 The development of
single-cell RNA (scRNA) sequencing (scRNA-seq) provides new op-
portunities to explore transcriptome variability across different cell
types. Previous study identified APA variations using full-length
scRNA-seq data in glioblastoma, breast cancer, and renal cell carci-
noma, and found that the cell-type-specific APA events showed dif-
ferences across multiple cancers. For example, SET nuclear proto-
oncogene was defined as a tumor cell-specific signature with a
30-UTR-shortening APA event in the breast cancer.16 Moreover, a
prior study identified APA events in neurons that may influence
cell differentiation associated with autism susceptibility.17 The dis-
covery of cell-type-specific APA regulation largely extends the under-
lying genetic alteration in diseases. To date, the landscape and the
functions of diverse APA events in different cell types remain
completely ambiguous in NSCLC.

In this study, we performed comprehensive analyses of APA events in
NSCLC using scRNA-seq data to explore the potential role and
relatedmechanism ofAPA in different cell types, as shown in Figure 1.
We systematically analyzed APA events for 47,062 cells and found
broadly dysregulated APA events in seven cell types. Moreover, loss
of miRNA-binding sites caused by shortened 30 UTR is associated
with many human cancers. We also investigated the impact of
APA-induced miRNA regulation. Our results revealed dynamic and
widespread APA events in NSCLC. Most APA events are cell type
specific and regulate oncogene expression such as SPARC through
loss of miRNA inhibition in NSCLC. Combined with our results,
shortened 30 UTR of SPARC can lead to high expression level in can-
cer-associated fibroblasts (CAFs). High expression of SPARC was
proved to induce the epithelial-mesenchymal transition (EMT) and
promote the migration and metastasis in lung cancer cell lines.
Further, cisplatin treatment was identified to have a significant effect
on high-SPARC-expression patients rather than low-expression pa-
tients. This result indicated the potential of APA-regulated genes to
improve stratification-based treatment strategies in NSCLC.

RESULTS
APA-regulated 30-UTR changes in different NSCLC cell types

After data preprocessing, we obtained transcriptomic profiles of 21,340
genes for 47,062 cells in normal and NSCLC samples. Based on
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previously identified biomarkers, we annotated the top 20 principal
components (PCs) into seven cell types, namely T cell, myeloid cell,
B cell, fibroblast cell, endothelial cell, alveolar cell, and epithelial cell
(Figure 2A). Then, we identified APA events in each cell using the
scAPA method. To identify the differential APA events between
NSCLC and the normal tissue, we first compared poly(A) site usage in-
dex (PUI) scores of each gene for each cell type between the control and
NSCLC groups using the Student’s t test with p < 0.05. To getmore reli-
able results, we also used DPUI to identify tumor-associated 30-UTR
shortening or lengthening in several cell types (Figures 2B and S2).
We found 1,236 genes showed APA-regulated 30-UTR changes,
including 586 30-UTR-lengthening events and 650 30-UTR-shortening
events. Figures S3–S9 show the landscape of APA in seven cell types in
NSCLC. As shown in Figure 2C, we observed a higher number of
30-UTR-shortening events compared to lengthening events in most
cell types in NSCLC, which shows consistency with previous studies.18

Furthermore, to identify cell-type-specific APA events, we also calcu-
lated the proportion of APA events only shown in one cell type. As
shown in Figure S10, we foundmost APA events showed cell-type-spe-
cific characteristics. For example, of the 153 APA events in epithelial
cells, 101 were epithelial-specific APA events. This result supports
the prior study that APA events are highly cell-type specific. To inves-
tigate the biological relevance of the APA events, we performed
pathway analysis for APA event genes (including both 30-UTR-short-
ening and -lengthening event genes). Figure 2D and Table S1 show
APA event genes involved in mRNA processing and splicing pathways.
We also found several pathways were reported to have associations
with NSCLC, such as transforming growth factor b (TGF-b) signaling
pathway,mitogen-activated protein kinase (MAPK) signaling pathway,
and epidermal growth factor (EGF)/EGF receptor (EGFR) signaling
pathway.19 These results indicated that the regulation of APA may
have effect on the activity of NSCLC-related pathways and have a po-
tential role in the tumorigenesis and progression.

Prognostic value of APA-regulated 30-UTR-shortening genes

To investigate whether APA event genes have prognostic value in
NSCLC patients, we performed hierarchical clustering analysis of
30-UTR-shortening genes in The Cancer Genome Atlas (TCGA)
NSCLC cohort. As shown in Figure S11, we identified three sub-
groups with distinct prognosis using APA event genes. As shown in
Figures 2E and 2F, group 2 showed lower expression of APA event
genes than group 1 and 3, and the survival analysis shows the prog-
nosis of group 2 is significantly better than other groups (p =
0.0018). This result indicates the expression pattern of APA event
genes may serve as a prognostic signature in NSCLC.
Figure 2. APA-mediated 30-UTR changes are widespread in several cell types

(A) A t-SNE view for cells after QC, color coded by annotated cell type. (B) Identification

against DPUI for APA event genes. Red points represent 30-UTR-shortening genes an

provided in Figure S2. (C) The proportion of 30-UTR-shortening genes and 30-UTR-leng
APA event genes (FDR p < 0.05). (E) K-M survival analysis for different subgroups 1 (red)

three subgroups based on 30-UTR-shortening genes. (G–J) Differential expression an

significant gene expression alteration between the normal and the NSCLC samples (sign

between three subgroups in NSCLC patients.
APA can regulate gene expression alteration

We performed differential gene expression analysis of APA-mediated
30-UTR-shortening genes in different cell types to investigate whether
APA events lead to significantly altered expression in NSCLC. As
shown in Figures 2G–2J and Figure S12, eight genes in four cell
types are significantly upregulated in NSCLC samples, namely
SPARC, RGS5, and CD59 in fibroblast cells, IL1RN in myeloid cells,
TMBIM6 in alveolar cells, and RPL22, DERL1, and HM13 in B cells.
These genes are considered as the significant APA event genes.
Moreover, we found these significant APA genes exhibited distinct
expression patterns in three subgroups. As shown in Figure 2K, the
expression of SPARC is the highest in group 1 and lowest in group
2. Our result indicated that APA-mediated 30-UTR shortening altered
gene expression in NSCLC.

APA regulates gene expression through loss of miRNA-binding

sites

To investigate the patterns of APA-induced miRNA-binding site loss
in the seven cell types, we used TargetScan Human to search for high-
ly conversed miRNA-binding sites for all 30-UTR-shortening genes
across all cell types. Figure 3A shows the diagram of APA-mediated
loss of miRNA-binding sites. As shown in Figure S13, the proportion
of miRNA loss in different cell types ranged from approximately 45%
to 61%. The results revealed that loss of miRNA-binding sites widely
exists in APA event genes. For example, we found 46.7% of genes lost
at least one highly conversed miRNA-binding site. It is worth noting
that we found 61.3% of genes lost at least one highly conversed
miRNA-binding site in CAFs, which is the highest proportion across
multiple cell types.

We next focused on the eight significant APA genes to determine
whether loss of specific miRNA-binding sites could lead to altered
expression. As shown in Table S2, 14 miRNA-binding sites were
lost due to 30-UTR shortening. In order to identify the function
of the cell-type-specific APA events on gene expression, we first
performed correlation analysis between PUI values and gene
expression profiles for each cell-type-specific APA event. Due to
higher PUI value indicating shorter 30 UTR and higher gene
expression, we only left the genes that showed significant positive
correlation for the downstream miRNA-binding analyses and ex-
periments. In Table S2, the r means the correlation coefficient be-
tween the gene expression and PUI value of genes. Asterisk means
the significance level of the correlation analysis (*p < 0.05 and
**p < 0.01). The expression of CD59 shows correlation with the
PUI values of CD59 in CAFs. However, no escaped miRNAs
and show prognostic value in NSCLC patients

of APA event genes in cancer-associated fibroblasts (CAFs). Log p value is plotted

d blue points represent 30-UTR-lengthening genes. Figures for other cell types are

thening genes in different cell types. (D) Significant biological pathways enriched in

, subgroup 2 (yellow), and subgroup 3 (blue). (F) NSCLC patients were clustered into

alysis for APA event genes in different cell types. Red dots represent genes with

ificance level, p < 0.05). (K) The expression of significant APA genes show distinction
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Figure 3. APA could mediate loss of miRNA-binding sites and oncogene-miRNA-tumor suppressor gene axes

(A) The diagram of APA-mediated loss of miRNA-binding sites. (B) The designation of luciferase reporter. (C–E) miRNAs that significantly inhibit luciferase activity of SPARC

and TMBIM6. Results for other genes are shown in Figure S12. (F) The oncogene-miRNA-tumor suppressor gene axes in several cell types. Blue circles represent lung-

cancer-related genes referred to in previous studies. Green arrows represent known NSCLC suppressor genes.
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were identified on CD59 using TargetScan. To further validate the
inhibition effect of these miRNAs, we then performed luciferase
reporter assays for these miRNAs. Figure 3B shows the procedures
of the luciferase reporter experiments. As shown in Figures 3C–3E
and S14, eight miRNAs exhibited suppressive effects on the corre-
sponding genes. For example, miR-203a-3p.1 significantly in-
hibited the expression of SPARC. miR-144-3p, miR-96-5p, and
820 Molecular Therapy: Nucleic Acids Vol. 33 September 2023
miR-1271-5p significantly suppress the expression of TMBIM6.
miR-122-5p has a weak inhibitory effect on IL1RN (p > 0.05).
Moreover, we also validated the miRNA inhibition with quantita-
tive reverse transcription polymerase chain reaction experiment
(qRT-PCR). As shown in Figures S15A and S15B, we verified
through qRT-PCR that the mRNA expression of the relevant genes
showed a decreasing trend under the action of corresponding
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miRNAs. The consistency of this result with the luciferase exper-
iments further reinforces the reliability of APA-regulated thera-
peutic targets at the mRNA level.

Next, we analyzed the target genes of these eight miRNAs to deter-
mine whether these miRNAs can target tumor suppressor genes.
We selected target genes that were significantly negatively correlated
with significant APA event genes (Table S3). Figure 3F shows the
oncogene-miRNA-suppressor axes. Blue circles represent lung-
cancer-related genes, and green arrows represent lung cancer sup-
pressor genes. We found miR-203a-3p.1 inhibited tumor suppressor
genes SOCS3 and ETS2. SOCS3 shows high rank (top 5%) among
target genes according to cumulative weighted context++ scores
(CWCSs), which indicates a high probability of miR-203a-3p.1-
SOCS3 interaction. Tumor suppressor gene TP53 is one of the target
genes of miR-122-5p (Figure 3E). We also analyzed the expression of
target genes and found that the expression of SOCS3 was significant
low in NSCLC samples (Table S4). Our results revealed that escaped
miRNAs due to shortened 30 UTRs may bind to tumor suppressor
genes, thereby promoting tumor development.

Association of SPARC with extracellular matrix remodeling in

CAFs

SPARC, one of the significant APA event genes, exhibited specific
APA-induced 30-UTR shortening and significant higher expression
levels in CAFs (p < 0.05) (Figure 4A). We conducted gene-interaction
network analysis to explore the potential role of SPARC in CAFs
(Table S5). Figure 4B shows the genes significantly interacted with
SPARC (significance level, p < 0.05), including COL1A1, TGFBR2,
and VCAM1. Enrichment analysis shows functional pathways related
to these interacted genes, including extracellular matrix (ECM) orga-
nization, EMT, vasculature development, and positive regulation of
cell migration, motility, and proliferation (Table S6; Figure 4C).
The expression of SPARC also shows strong significant correlation
with these pathways (Figure 4E). Furthermore, most pathways had
the highest activation score in CAFs across all cell types (Figure 4D),
indicating that SPARC-involved signaling pathways play a more
important role in CAFs. We also determined the activation level of
each gene in these pathways, showing that SPARC ranks in the top
10 for most pathways (Table S7).

Requirement of SPARC in lung cancer cells

SPARC is known to involve in ECM synthesis and promotion of cell
morphological changes.20 However, its role as a tumor oncogene or
suppressor is cell type and cancer type dependent.21 Our analysis
shows SPARC is highly expressed in CAFs in NSCLC. To validate
the role of SPARC in lung cancer proliferation and migration, we
knocked down SPARC in lung cancer cell lines with three small inter-
Figure 4. The function of SPARC in CAFs

(A) SPARC shows cell-type-specific high expression in CAFs. The significance of expres

interactions with SPARC in CAFs. (C) SPARC is the common gene in several pathway

several cell types. Red represents activation and blue represents deactivation. The num

analysis between SPARC and other genes in pathways.
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fering RNAs (siRNAs). The role of SPARC in lung cancer cell migra-
tion was assessed by wound healing/scratch assay. As shown in
Figures 5A–5D, compared with the control group, knocking down
SPARC (siRNA1, siRNA2, siRNA3) significantly inhibited tumor
cell migration 24 h post transfection. We also analyzed the impact
of SPARC on cell proliferation using 3-(4,5-dimethylthiazol-2-yl)-
2,5-diphenyl-2H-tetrazolium bromide (MTT) assay. As shown in
Figure 5E, the viability of tumor cells transfected with SPARC
siRNAs was reduced significantly compared with non-transfected
control.

Assessment of the prognostic value of SPARC

Complementarily, we also investigate whether SPARC expression is
associated with patient prognosis. We collected tumor data from
864 and 272 NSCLC patients from TCGA and the GEO database.
The patients were divided into high-SPARC- and low-SPARC-
expression groups according to the median SPARC expression level.
We performed Kaplan-Meier (K-M) survival analysis for TCGA and
GEO cohorts, respectively. As shown in Figures 5F and 5G, high-
SPARC groups are associated with significantly poorer outcomes in
NSCLC patients in two independent cohorts. This result suggests
that high expression of SPARCmay lead to poor prognosis in NSCLC.

Identification of candidate drugs that interact with SPARC

As shown in Figure 5H, we obtained nine candidate drugs that might
interact with SPARC according to two databases, namely bexarotene,
cisplatin, cytarabine, irinotecan, paclitaxel, temozolomide, topotecan,
tretinoin, and palbociclib. Considering the activated oncogene could
lead to drug resistance, we further investigated the drug sensitivity in
lung cancer cell lines by using Genomics of Drug Sensitivity in Cancer
(GDSC). As shown in Figures 6A–6C and S16, the positive correlation
between gene expression and half-maximal inhibitory concentration
(IC50) indicated the activation of SPARC would lead to multiple drug
resistance. Among them, the correlation between SPARC and IC50 of
cisplatin was significantly negative, whichmeans high SPARC expres-
sion would show sensitivity to cisplatin treatment. Therefore, the
analysis based on cell lines indicated high-SPARC patients might
benefit more from cisplatin treatment.

Distinct drug responses of patients with different expression of

SPARC

Considering that patients in TCGA are usually treated with multiple
drugs at the same time, we performed Cox regression analysis for the
high-SPARC group and the low-SPARC group, respectively. To
ensure statistical reliability, we only kept drugs with more than 10
treatment records. Figure 6D shows drug responses of patients in
high- and low-SPARC groups. Most drugs did not show significant
treatment efficiency in the two groups. Surprisingly, cisplatin had a
sion difference between CAFs and other cell types is p < 0.05. (B) Genes that show

s enriched by interacted genes. (D) Activation level for SPARC-related pathways in

bers represent the highest activation scores of the pathway in CAFs. (E) Correlation
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significant effect on the high-SPARC group, compared to the low-
SPARC group. The hazard ratios indicated that cisplatin treatment
improved prognosis outcomes by 2.961-fold in the high-SPARC
group compared to the non-treatment group (Figure 6D). Figure 6E
shows the survival between treatment patients and non-treatment pa-
tients of high-SPARC group. We observed a significant improvement
in the prognosis of patients treated with cisplatin in the high-SPARC
group (p = 0.029). However, there was no significant improvement in
the low-SPARC group (p = 0.814) (Figure 6F). Generally, cisplatin,
which had in vitro and in silico evidence, could be considered as po-
tential therapy in NSCLC patients with high SPARC expression level.

DISCUSSION
Aberrant gene expression is one of the common characteristics of
cancer. However, what causes altered gene expression and whether
these genes can be therapeutically targeted remains incompletely un-
derstood. APA has been identified as one of the drivers of aberrant
gene expression.8 Extensive APA events were found in multiple can-
cer types, which could regulate the expression of oncogenes and
tumor suppressors.18 Accumulated evidence indicates many APA
events are cancer type and cell state specific.15,22,23 To date, few at-
tempts have beenmade to study APA regulation in different cell types
to identify cell-specific alterations and vulnerabilities in NSCLC. In
this study, we performed systematic identification and functional
analysis of APA events in NSCLC using scRNA-seq data. APA events
were widespread in NSCLC. We identified 1,236 APA event genes
that were significant different from normal tissue in seven cell types.
Most APA events were cell-type specific. Among these APA events
that differed from normal tissue, there were more APA-mediated
30-UTR-shortening events than -lengthening events in NSCLC,
consistent with previous cancer studies.10 Several NSCLC-related on-
cogenes were found to have significantly shortened 30 UTRs, such as
Ras-related protein Rab-14 (RAB14), FOS Like 2, AP-1 Transcription
Factor Subunit (FOSL2), transmembrane BAX Inhibitor Motif Con-
taining 6 (TMBIM6), and EH Domain Containing 1 (EHD1).24–27

The biological pathways of these APA event genes were enriched in
mRNA processing and mRNA 30 end processing. The enriched bio-
logical processes also included TGF-b and MAPK signaling path-
ways.19 Similar pathways have been reported in several cancer studies,
consistent with the emergence of recurrent APA events across multi-
ple cancer types.18,22 APA events appear to be a potential mechanism
for aberrant gene expression in NSCLC.

To explore whether APA events can drive gene expression alteration
in different cell types, we analyzed APA-mediated 30-UTR-shortening
genes that are highly expressed in corresponding cell types of NSCLC.
We identified several lung-cancer-related genes whose regulatory
Figure 5. SPARC is required in proliferation, migration, and metastasis in lung

(A) Wound healing experiment for SPARC knockdown cell lines. (B) The relative cell m

performed tomeasure the cell migration abilities. (D) Relativemobility of Transwell assay n

viabilities were evaluated by CCK-8 assay. (F and G) K-M survival analysis between grou

low-SPARC groups in TCGA cohort; n = 136 in both high- and low-SPARC group in GEO

databases.
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mechanisms in NSCLC were unknown previously, such as SPARC
in fibroblasts, TMBIM6 in alveolar cells, and IL1RN in myeloid cells.
Many studies have shown that APA-mediated 30-UTR shortening
may lead to loss of miRNA-binding sites and further increase gene
expression.6 miRNAs play critical roles in tumorigenesis and tumor
progression through regulating oncogenes and tumor suppressors.28

Thus, we investigated APA-mediated loss of miRNA-binding sites
and functionally validated these miRNAs by luciferase reporter as-
says. Our results indicated that miR-203a-3p.1 significantly inhibited
the expression of SPARC in CAFs. miR-203a-3p was identified as a
tumor suppressor in gastric cancer, but its role in NSCLC remains un-
known.29 Both correlation analysis and CWCS indicated that escaped
miR-203a-3p.1 can bind to tumor suppressor gene SOCS3. Previous
studies show loss of SOCS3 function promotes tumor progression
in NSCLC, and functional recovery of SOCS3 could be one of
the platforms in NSCLC treatment.30 Our results suggested the
SPARC-miR-203a-3p.1-SOCS3 axis in CAFs supported the possibil-
ity that APA-mediated miRNA dysregulation in cancer is one of
underlying mechanisms for activating oncogenes and inactivating
suppressor genes.

Our in-depth analysis indicated a vital role of SPARC in CAFs in
NSCLC progression and metastasis. Although SPARC was widely
studied in several cancer cell lines, the role of SPARC in tumorigenesis
is controversial because it exhibits highly cell-type-specific func-
tions.21 A prior study showed that the low expression of SPARC in
lung cancer cells is due to its aberrant methylation.31 Other studies
indicate that the high SPARC expression in stromal cells is associated
with lung cancer progression.20 We demonstrated that APA-regu-
lated 30-UTR shortening could upregulate SPARC expression in
CAFs, lead to tumorigenesis and metastasis promotion, and associate
with more aggressive NSCLC phonotype and poorer prognosis.
According to our analysis, SPARC is an important modulator in
CAFs. SPARC was shown to interact with collagen genes, such as
COL1A1, COL1A2, and COL5A1. These genes are important compo-
nents in ECM organization. We speculated that high SPARC expres-
sion could promote cancer progression though inducing ECM re-
modeling in CAFs. Previous studies support SPARC as a collagen
chaperone to modulate collagen binding.32,33 High expression of
SPARC forms a positive feedback loop with metalloproteinase
cleavage sites, which in turn generates a tumor microenvironment
favorable for tumor cell invasion and metastasis. Besides, our results
show interactions between SPARC and TGFB1 and TGFBR2.
SPARC-TGF-b has been reported to be a critical modulator of epithe-
lial-mesenchymal transition in lung cancer.34 SPARC has been re-
ported to enhance the activity of TGF-b by directly interacting with
the TGFBR2 complex in mesangial cells.34 Activated TGF-b receptor
cancer cells and could be a prognostic biomarker in NSCLC patients

obility of wound healing normalized with control group. (C) Transwell assay was

ormalized with control group. (E) Cells were treated with different siRNA for 48 h. Cell

ps with different SPARC level in two independent cohorts (n = 432 in both high- and

cohort). (H) Nine candidate drugs that might interact with SPARC according to two
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could signal to several downstream pathways, such as MAPK and
Smad pathways, and lead to epithelial program downregulation and
mesenchymal program upregulation.35 Furthermore, the interaction
of SPARC-VCAM1 could also promote tumor cell metastasis through
enhancing vascular leakiness.36 Both our results and previous studies
demonstrated that SPARC was included in several biological pro-
cesses related to tumor cell extravasation and metastasis. Moreover,
we found SPARC showed over-activation in these pathways, which
indicated the central role of SPARC in the NSCLC metastasis
processes.

Additionally, the other noteworthy insight from our analysis is that we
found high-SPARC-expression patients showed higher sensitivity to
cisplatin treatment. Our analysis on cancer cell lines revealed high
SPARC expressionmight lead to resistance to several anti-cancer drugs,
such as irinotecan and paclitaxel. However, NSCLC cell lines with high
SPARC expression showed sensitivity to cisplatin treatment. To further
validate the findings, we investigated the contribution of cisplatin treat-
ment in TCGA-NSCLC cohort. The results indicated that cisplatin
treatment could significantly reduce the risk of death by 2,961 times
for the high-SPARC group, but this effect was not detected in the
low-SPARC group. Cisplatin is one of most common treatment agents
for advanced NSCLC patients.37 Extensive studies reported significant
survival advantage of patients receiving cisplatin treatment.38,39Howev-
er, the toxicity of cisplatin could lead to several side effects, such as
emesis, renal insufficiency, and neuropathy.40 Furthermore, some of
the patients were intrinsically resistant to cisplatin treatment.41 Thus,
treatment stratification is urgently needed to identify patients who
may benefit from cisplatin to reduce ineffective treatment. Our study
suggested better therapeutic effect of cisplatin in high-SPARC-expres-
sion patients compared with low-SPARC-expression patients, which
provided new insights into stratification medicine for NSCLC.

The 30-UTR lengthening due to APA events may lead to decreased
gene expression by providing additional binding sites for regulatory
factors, such as RNA-binding proteins and miRNAs. Thus, we also
investigated the APA-mediated expression changes in 30-UTR-
lengthening events. We found that four genes in two cell types with
30-UTR-lengthening events are significantly downregulated (RPL37,
MLEC in endothelial cell, and THY1 and ETS2 in fibroblast cells).
This result indicates that more genes show 30-UTR-shortening-medi-
ated upregulation in cancer samples. However, for 30-UTR-length-
ening genes with downregulation, only one gene belongs in the onco-
gene category according to the CancerMine database. This result
shows consistency with previous studies that proto-oncogenes tend
to generate shortened 30 UTRs to avoid the inhibition of regulatory
factors in tumorigenesis.8 Therefore, we only left the 30-UTR-short-
ening events for downstream analysis.
Figure 6. Identification of drug resistance and sensitivity related to SPARC

(A–C) The correlation between SPARC expression and IC50 of drugs in lung cancer cell li

drug resistance. (D) Contribution of several drugs by using Cox analysis in high-SPARC g

treatment and non-treatment group in high-SPARC group. (F) Cox survival analysis betw

level was set as p < 0.05.
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To date, numerous studies have demonstrated that APA events
occurring in tumors can drive tumor cell proliferation, metastasis,
and invasion. For example, APA events on CPSF1 and PABPN1
can significantly promote breast cancer progression and lead to worse
prognosis of breast cancer patients. The APA-mediated 30-UTR
shortening on CDK16 lead to the impaired miR-485-5p regulation,
which further causes the senescence-associated phenotypes in
lung cancer cells.42 As a key profibrotic transcript, previous study
has investigated the APA mechanism of SPARC in skin fibrosis.43

So far, there are no studies reporting the mechanism of SPARC
in NSCLC. Thus, our study completes the APA-mediated oncogenic
mechanisms in CAFs in NSCLC and provides new insights into
the mechanisms underlying drug resistance in NSCLC patients.
However, our identification of APA events on SPARC is based on
computational predictions and cell line experiments, and further
experimental validation at the tissue level is still required to confirm
this conclusion.

MATERIALS AND METHODS
Data collection and preprocessing

NSCLC scRNA-seq data were collected from the previous study.44

Raw scRNA-seq data were downloaded from ArrayExpress database
(ArrayExpress: E-MTAB-6149 and E-MTAB-6653) and GEO
database (GEO: GSM3926546). We collected 32 samples consisting
of 24 NSCLC tumor samples and eight matched normal samples.
The raw FASTQ sequencing files were mapped to the human refer-
ence genome hg19 by using “cellranger count” function with the
default setting (CellRanger v.3.1.0). After correcting batch effect, we
performed a quality control (QC) process. According to the median
number of genes and the percentage of mitochondrial genes in the
lung samples, we removed the cells with <1,000 and >20,000 genes
and the cells with mitochondrial gene percentage higher than 50%.
A total of 47,062 cells and 21,340 genes were left for the downstream
analysis. Principal-component analysis (PCA) was used for dimen-
sion reduction. Then, we performed t-distributed stochastic neighbor
embedding (t-SNE) on the top 20 PCs to visualize the data. The
marker genes used for cell type annotation were collected from the
previous work.36 Batch effects removal, QC, and cell type annotation
were performed with R package Seurat (v.3.1.4) (R version 4.0,
https://www.r-project.org/; https://satijalab.org/seurat/). The pro-
cessed scRNA-seq data are used to identify the cell-type-specific
APA events and the biological functions related to these APA events
(including differential expression of APA genes, miRNA-binding
sites, and gene-interaction network). The expression profiles of bulk
sequencing datasets of NSCLC were obtained from TCGA (https://
portal.gdc.cancer.gov/) and the GEO database. For the TCGA cohort,
we combined the lung adenocarcinoma (LUAD) and lung squamous
cell carcinoma (LUSC) cohorts with a total of 864 NSCLC patients.
nes. Positive correlation indicates that the increase of gene expression would lead to

roup and low-SPARC group, respectively. (E) Cox survival analysis between cisplatin

een cisplatin treatment and non-treatment group in low-SPARC group. Significance
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The cohort collected from the GEO database (GEO: GSE30219)
included 272 NSCLC patients.45 The bulk sequencing datasets are
used to investigate the clinical relationship of the cell-type-specific
APA events in NSCLC, including identification and validation of
the subgroups with different prognosis and survival analysis. More-
over, in order to identify the potential drug response for cell-type-spe-
cific APA genes, we collected NSCLC cell line data with different
treatments from the GDSC database (https://www.cancerrxgene.
org/database). GDSC provides the IC50 value of drugs for multiple
cancer cell lines from over 75,000 experiments.

Bioinformatics analysis

Identification of genes with APA events in different cell types

APA events of genes in different cell types were identified by using the
scAPA package (APA analysis based on 30 tag scRNA-seq data) based
on raw scRNA-seq data.46 This method can quantify the relative usage
of the most proximal poly(A) site within the 30 UTR by defining the
proximal PUI. For a given gene, PUI represents the proportion of prox-
imal poly(A) site usage on this gene in one cell.46 The range of PUI is
from 0 to 1. A higher PUI score represents more usage of the proximal
poly(A) site, thus indicating a shorter 30 UTR. In order to compare the
30-UTR alteration betweenNSCLC and normal samples in different cell
types, we performed two-tailed student’s t test for PUIs between tumor
and normal group in each cell type. Furthermore, we also calculated the
average PUI of all cells in each cell type in the normal and cancer groups,
respectively. Then, the difference between the mean PUI values in the
two groups (DPUI = meanPUItumor � meanPUInormal) was used as
a measure of the difference in APA events. For a given APA event, if
the DPUI is higher than the threshold, it indicates that the mean PUI
in the tumor group is higher than the normal group, and this gene
may prefer to use the proximal poly(A) site in tumor cells. Then, we
identified this APA event as 30-UTR-shortening event. Similarly, if it
is lower than the threshold, we identified this APA event as the
30-UTR-lengthening event. The threshold and the significance of differ-
ences was calculated by using permutation tests (n = 1,000) in each cell
type (Figure S1) referred to in a previous study.22 The significance level
was set as p < 0.05. The genes with significant changes in PUIs were
defined as APA event genes for downstream analyses.

Differential gene expression analysis

To investigate gene expression alterations of APA event genes in
different cell types, differential gene expression analysis of APA event
genes was performed based on processed scRNA expression data by
using the DEseq2 (v.1.40.2) algorithm in R. For scRNA-seq data,
the expression levels of various genes may vary significantly across
different cell types. In this study, p < 0.05 and the dynamic threshold
|logFC| > (mean(abs(logFC))+2 � sd(abs(logFC))) were used as the
cutoffs to filter differentially expressed genes between tumor and
normal control groups.47 APA event genes showing significant differ-
ential expression were defined as significant APA event genes.

Assessment of the prognostic value of APA event genes

To investigate whether APA event genes provide prognostic informa-
tion for NSCLC patients, we performed unsupervised clustering anal-
ysis of 30-UTR-shortening APA event genes based on the TCGA-
NSCLC cohort and GEO cohort using hierarchical agglomerative
clustering.48 The optimal number of subclusters was determined by
using the graphical method the Hubert index.49 Then, the prognosis
of these subclusters was described by using K-M survival analysis.
Unsupervised clustering was performed using R package Nbclust
(v.3.0.1). Survival analysis was performed using the “survival” pack-
age (v.3.5–5). The log rank test was used to determine the significance
of the survival difference.

miRNA-binding site loss in APA event genes

We used TargetscanHuman (v.8.0) (http://www.targetscan.org/
vert_80/) to predict highly conversed miRNA-binding site loss due
to APA in NSCLC. Combining with the genomic coordinates of
APA events in the shortened 30 UTRs, the loss of miRNA-binding
sites with shortened 30 UTR for each gene was obtained in each cell
type, respectively. In order to investigate the global pattern of
miRNA-binding site loss among APA event genes in each cell type,
the percentage of genes with at least one highly conversed miRNA-
binding site loss was plotted. Then, only miRNA-binding site losses
on significant APA event genes were considered for downstream
analysis and experimental validation. Further, the miRNAs that lost
binding sites on 30 UTRs may regulate other genes, such as tumor
suppressor genes. Thus, we also investigated the target genes of these
miRNAs by using TargetscanHuman. Moreover, CWCSs could esti-
mate miRNA repression at the site. For a given miRNA, the lower
CWCS indicated the site of this target gene is more favorable than
other genes.22 We selected target genes that were significant nega-
tively correlated with significant APA event gene expression in the
same cell type. These genes were further sorted by CWCS to investi-
gate the preference of miRNA binding to target genes. The tumor sup-
pressor gene list of NSCLC is obtained from the CancerMine database
(http://bionlp.bcgsc.ca/cancermine).50 Only the suppressors of the
lung cancer will be left.

Gene-interaction analysis

In order to determine the gene function in NSCLC, we applied
gene-interaction analysis for SPARC by using the CCInx package
in R (https://github.com/BaderLab/CCInx). CCInx is a method to
predict intercellular gene interaction based on single-cell data.51

First, a gene-interaction network was created based on known inter-
actions between receptor, ligand, and ECM proteins. The protein-
protein interactions were obtained from iRefindex (v.14), Pathway
Commons (v.8), and BioGRID (v.3.4.147).52–54 The list of all pro-
teins and all interactions is available on the website (https://
baderlab.org/CellCellInteractions). Then, we performed enrichment
analysis for genes that showed interaction with SPARC to assess the
function of SPARC. All settings were held at the default values. The
significance level was set as p < 0.05.

Gene and pathway activation analysis

To characterize the cell-type-specific functions of SPARC and its
regulated genes, we applied a method called quantitative set analysis
of gene expression (QuSAGE) to calculate activation scores of
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enriched pathways in different cell types.55 QuSAGE is a method that
can quantify gene-set activity with a complete probability density
function rather than evaluating deviation from a null hypothesis
with a p value. Furthermore, we also calculated the activation scores
for genes in the enriched pathways to determine the gene activation
level. The activation score of a given gene can be calculated according
to a t test formalism between two groups (tumor and normal group in
our study). For gene i in a certain cell type, we first performed the
pseudo-bulk analysis that calculated the mean expression value of
the gene i across cells. For gene i, the expression profile are defined
as Eg

i , where g ˛G are the indexes of the samples that belong to a sin-
gle groupNG andG is one of tumor group or normal group. Unbiased
estimates for the mean and standard deviation sGi within each group
are then calculated, respectively, by Equations 1 and 2:

EG
i =

P
g ˛G

Eg
i

NG
(Equation 1)

sGi =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
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�2i
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(Equation 2)

Then, the activation score for gene i between two groups can be calcu-
lated by:

activation scorei =
E
tumor
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iffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�

stumor
i

�2
Ntumor

+

�
snormal
i

�2
Nnormal

s (Equation 3)

For a given pathway P, the activation score is quantified by the mean
activation score of the genes that compose the pathway (Equation 4).
NP indicates the number of genes in pathway P.

activation scoreP =

P
i˛ P

activation scorei

NP
(Equation 4)

For a given gene/pathway, a higher positive value means higher acti-
vation level, while a lower negative value means higher deactivation
level.

Identification of potential therapeutic agents for SPARC

In order to investigate the potential therapeutic agents for SPARC,
two databases were first used to collect and select potential drugs
and chemical compounds, including the Comparative Toxicogenom-
ics Database (CTD; http://ctdbase.org/) and RNAactDrug database
(http://bio-bigdata.hrbmu.edu.cn/RNAactDrug/).56,57 The overlap-
ped drugs and chemicals of the two databases were considered candi-
date therapeutic agents for SPARC.

Additionally, we performed the drug sensitivity analysis for candidate
therapeutic agents first on NSCLC cell lines by using data from the
GDSC.58 In this study, we evaluated the sensitivity of several candi-
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date therapeutic drugs by using the correlation between IC50 values
and SPARC expression. The positive correlation indicates that the in-
crease in gene expression would lead to drug resistance. Furthermore,
in order to investigate the effectiveness of the drugs in clinical treat-
ment, we performed Cox regression analysis and survival analysis on
the high-expression SPARC group and the low-expression SPARC
group in the TCGA cohort. The standardization of drug names in
TCGA was performed by Gene-Drug Interaction for Survival in Can-
cer (GDISC, https://gdisc.bme.gatech.edu/cgi-bin/gdisc/index.cgi).59

Enrichment analysis and statistical analysis

Enrichment analyses for APA event genes and SPARC-interaction
genes were performed by using Metascape (https://metascape.org/
gp/index.html).60 The significance level was set as p < 0.05 with false
discovery rate (FDR) correction. Correlation analysis was performed
by Spearman’s correlation, and comparison analysis used Student’s
t tests and ANOVA analysis depending on the situation. For all
statistical analyses in this study, a two-tailed p < 0.05 was considered
significant. All statistical analyses were performed using R script
(version 4.0, R Core Team, R Foundation for Statistical Computing,
Vienna, Austria).

Experimental methods

Cell culture and reagents

Human embryonic kidney cells (HEK293) and human alveolar
adenocarcinoma cell lines A549 were obtained from American
Type Culture Collection (ATCC). All the cell lines were cultured in
Dulbecco’s modified Eagle’s medium (DMEM, HyClone) supple-
mented with 10% fetal bovine serum (FBS, Gibco) and 1% peni-
cillin-streptomycin (HyClone) in a cell incubator under 5% CO2 at
37�C. All transfections were performed with Lipofectamine 2000 (In-
vitrogen) according to the manufacturer’s instructions. Cell Counting
Kit-8 (CCK-8) was purchased from Dojindo (Japan). Double-lucif-
erase Reporter Assay kit was purchased from Transgen (China).
Both miRNA mimics and siRNA were synthesized by Shanghai
GenePharma.

Dual luciferase assay

About 105/well of HEK293 cells were plated in 24-well cell culture
plates and incubated overnight. The cells were then transfected
with the corresponding miRNAs using 200 ng of firefly luciferase re-
porter (containing the 30 UTR of interest) and 100 ng of Renilla lucif-
erase reporter as control. Detection was performed 24 h after transfec-
tion with the double-luciferase reporter assay kit using Glomax-20/20
Luminometer. The firefly luciferase signal was normalized to Renilla
luciferase to control transfection efficiency.

Real-time qPCR

Total RNAwas extracted from cells using Triquick Reagent (Solarbio,
Beijing, China) according to the manufacturer’s protocol. One micro-
gram of total RNA was reverse transcribed with the Hifair II first-
strand cDNA synthesis kit (YEASEN, Shanghai, China). An equal
amount of cDNAwas then amplified by real-time PCR using the Hieff
qPCR SYBR Green Master Mix (YEASEN, Shanghai, China) and
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Applied Biosystems 7300 System (Applied Biosystems, CA, USA).
The PCR conditions were as follows: 95�C for 5 min, 95�C for 10 s,
and 60�C for 34 s for a total of 40 cycles. Each analysis was performed
in quadruplicate. Gene expression was normalized to a housekeeping
gene (b-actin) and the relative expression values between the samples
were calculated based on the threshold cycle (Ct) value using the
2-DDCT method. Forward and reverse primer sequences for b-actin
were 50-TGCGTGACATCAAAGAGAAG-30 and 50-TCCATACCC
AAGAAGGAAGG-30, respectively. Forward and reverse primer se-
quences for SPARC were 50-AGGTGTGTGAGCTGCACGAGA-30

and 50-GAAGTGGCAGGAAGAGTCGAA-30, respectively. Forward
and reverse primer sequences for TMBIM6 were 50-AGC AGC ACC
TGA AGG TC-30 and 50-TCA ATA TCA GGG AGC CCA AG-30,
respectively.

Cell viability assay

A549 cells (5 � 103/well) were seeded in 96-cell culture plates and
incubated overnight. At 48 h after transfection with siRNAs, 10 mL
of CCK-8 was added to each well and incubated for 4 h to measure
the absorbance at 450 nm by amicroplate reader. The cell viability un-
der different siRNAs was calculated by the following formula: cell
viability = (OD siRNA � OD blank)/(OD control � OD blank) %,
where OD is optical density.

Wound scratch assay

A549 cells were seeded in 24-well plates (1� 105 cells/well) overnight.
After transfection with siRNAs, cell layers were scratched using a
10-mL sterile pipette to form a wound. Cells were continuously
cultured in a serum-free medium and the wounds were recorded
initially and after 24 h.

Transwell migration assay

An 8-mmTranswell chamber (Millipore) was used to study cell migra-
tion. Six-hundred microliters of complete medium was added to the
lower chamber, and 200 mL of transfected A549 cells were suspended
in the upper chamber with serum-free medium. After 24 h, cells in the
upper layer that did not migrate were wiped off with a cotton swab,
and cells in the lower layer were fixed with 4% methanol and stained
with 0.1% crystal violet. The cells were observed and counted in five
random areas using a microscope at 100�magnification. The average
number of migrated cells was used to evaluate the capability of
migration.

Experimental statistical analysis

All experiments were performed at least three repeat independent ex-
periments, and all data were processed with GraphPad Prism 9.0 and
expressed as means ± SD. Differences between data were analyzed by
t test, and p < 0.05 was considered statistically significant.

Conclusions

In conclusion, our computational analysis and experimental valida-
tion enhanced the understanding of cell-type-specific APA-mediated
30-UTR regulation in NSCLC. The comprehensive analysis found
several oncogenic factors relating to tumorigenesis and progression
that were previously uncharacterized with APA regulation. Moreover,
we revealed APA-induced miRNA loss plays vital roles in the onco-
gene-miRNA-suppressor axis. The results of our in-depth analysis
of cell-specific APA events provide interpretations that explain how
APA-mediated 30-UTR alteration can shape cell-specific gene expres-
sion changes in NSCLC.

DATA AND CODE AVAILABILITY
Raw scRNA-seq data were downloaded from ArrayExpress database
with accession code E-MTAB-6149 and E-MTAB-6653 and GEO
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The expression profiles of bulk sequencing datasets of NSCLC were
obtained from TCGA (https://portal.gdc.cancer.gov/) and GEO data-
base with accession code GSE30219. Batch effects removal, QC, and
cell type annotation were performed with R package Seurat (R version
4.0, https://www.r-project.org/; Seurat version 3.1, https://satijalab.
org/seurat/).
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