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MMPs-related risk model
identification and SAA1 promotes

clear cell renal cell carcinoma
migration via ERK-AP1-MMPs axis

Haotian Wei'“, Yajun Li%*, Jian Zhang?*, Chenglong Xu?, Dadong Wei%**,
Changyi Quan'**‘ & Shimiao Zhu5**

Matrix Metalloproteinases (MMPs) have been demonstrated to be essential in facilitating the
migration and metastasis of clear cell renal cell carcinoma (ccRCC). However, the ability of the

MMP family to predict clinical outcomes and guide optimal therapeutic strategies for ccRCC
patients remains incompletely understood. In this investigation, we initially conducted a thorough
examination of the MMP family in pan-cancer. Notably, MMPs exhibited distinctive significance in
ccRCC. Following this, we undertook an extensive analysis to evaluate the clinical value of MMPs and
potential mechanisms by which MMPs contribute to the progression of ccRCC. A novel stratification
method and prognostic model were developed based on MMPs in order to enhance the accuracy of
prognosis prediction for ccRCC patients and facilitate personalized treatment. By conducting multi-
omics analysis and transcriptional regulation analysis, it was hypothesized that SAA1 plays a crucial
role in promoting ccRCC migration through MMPs. Subsequently, in vitro experiments confirmed
that SAA1 regulates ccRCC cell migration via the ERK-AP1-MMPs axis. In conclusion, our study has
explored the potential value of the MMP family as prognostic markers for ccRCC and as guides for
medication regimens. Additionally, we have identified SAA1 as a crucial factor in the migration of
ccRCC.

Renal cell carcinoma (RCC), one of the most common genitourinary tumors, has long been recognized as a major
threat. According to the official statistical data, the incidence of RCC represents about 3-5% of all malignancies'.
With the continuous advances in medical imaging technology, incidental RCC has accounted for 60-70% of
all RCC, although 25-30% of patients still have metastases at initial diagnosis. About one-fifth of patients who
undergo radical nephrectomy will show recurrence or distant metastasis®. Given the absence of efficient thera-
pies, patients diagnosed with advanced clear cell RCC (ccRCC) face a bleak outlook, with a mere 10% chance of
surviving for five years®. Therefore, to address these factors and guide personalized treatment, it is imperative to
identify a stable molecular model to accurately predict prognosis and select sensitive drugs.

Considering the highly metastatic characteristic of RCC and the refractory characteristic of advanced RCC,
we focused on the enzymes which assist the extracellular matrix (ECM) formation and degradation, such as
matrix metalloproteinases (MMPs)%. MMPs are members of zinc-dependent endopeptidases family that remodel
the ECM and have been demonstrated to have implications on tumor migration, invasion, metastasis, and the
establishment of the tumor microenvironment®'°. MMPs dysregulation is common in tumors, and more and
more studies are focusing on the prognostic value of MMPs!!-7. In the domain of ccRCC-related research, inves-
tigations pertaining to the MMP family have predominantly focused on MMP2, MMP7, and MMP9'$-2!, For
instance, prior research have demonstrated the utility of MMP-7 as a marker, with its levels being independently
associated with reduced disease-specific survival in ccRCC*2. MMP9 has also been recognized as a negative
prognostic factor for RCC and an influential factor for tumor metastasis in ccRCC?. However, the examination
of other members of the MMP family in ccRCC remains limited. Furthermore, conflicting data exists regarding
the involvement of various MMP family members in tumorigenesis'”?*. Consequently, a comprehensive analysis
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encompassing the entire MMP family in ccRCC is imperative from a holistic perspective. Moreover, the poten-
tial of these members to prognosticate clinical outcomes and dictate optimal therapeutic strategies for patients
with ccRCC remains enigmatic. As a result, the formulation of a risk stratification framework and prognostic
model for ccRCC based on MMP family members assumes paramount significance. The aim of our study was
to fill this research gap.

Results

Pan-cancer characteristics of MMPs

In order to enhance understanding of the expression patterns and prognostic significance of MMPs, a compre-
hensive analysis was undertaken in pan-cancer. Initially, we conducted a comparison of the expression of 23
MMPs between tumor and normal samples. The findings demonstrated significant differential expression of the
majority of MMPs between tumor and normal tissues (Fig. 1A and Supplementary Fig. 1A). Interestingly, MMP1-
MMP17 were mostly highly expressed in tumor tissues, while MMP19-MMP28 were mostly highly expressed in
normal tissues. Furthermore, our findings indicate that the expression levels of MMPs exhibit distinct patterns
in relation to clinical stage in different types of cancer (Fig. 1B). Specifically, in KIRC, READ, and THCA, there
is a tendency for the expression levels of most MMPs to increase with clinical staging, whereas in HNSC and
LUAD, the expression levels of most MMPs tend to decrease with clinical staging.

Subsequently, we conducted univariate Cox regression analysis in order to identify genes that potentially pos-
sess prognostic implications. It is noteworthy to emphasize that the prognostic significance of MMPs varies across
different cancer types (Fig. 1C,D). Significantly, a considerable proportion of MMPs (12/23 for overall survival.
(0S), 11/23 for progression-free survival (PFS)) demonstrated prognostic significance for ccRCC. Specifically,
MMP3, MMP7, MMP8, MMP9, MMP12, MMP13, MMP17, MMP19, MMP20, and MMP23B were identified
as independent risk factors for ccRCC, while MMP15 and MMP24 were identified as independent protective
factors for ccRCC (Supplementary Fig. 1B,C).

Finally, the presence of copy number variation (CNV) mutations in MMPs was documented (Supplementary
Fig. 2A,B). Notably, a substantial prevalence of amplification CNV mutations was observed for MMP9, MMP16,
and MMP24. Additionally, the frequencies of deletion CNV mutations were found to be significantly higher
in TGCT, UCS, and OV. Moreover, a predominant inclination towards low-frequency single nucleotide variant
(SNV) mutations was observed in pan-cancer (Supplementary Fig. 2C). However, it is worth mentioning that
an elevated occurrence of SNV mutations was only observed in SKCM and UCEC.

Consensus clustering analysis based on MMPs

In view of the potential role of MMPs in the development of ccRCC and its underlying mechanism, we pioneered
molecular typing to ccRCC patients based on 23 MMPs and initially explored its clinical value. We classified
ccRCC patients from the TCGA-KIRC cohort into cluster 1 (C1) and cluster 2 (C2) based on this gene set using
a consensus clustering algorithm (Fig. 2A). And the two clusters were further identified by principal component
analysis (Supplementary Fig. 3A), and gene expression heatmap (Fig. 2B). According to the heatmap, it was
observed that cluster 1 exhibited a high expression of most MMPs, thereby characterizing it as a cluster with
elevated MMPs activity. Noteworthy, cluster 2 demonstrated a greater prevalence of patients with low T stage,
N stage, and grade (Fig. 2C and Supplementary Fig. 3B). Furthermore, this particular cluster displayed a sig-
nificantly prolonged OS (Fig. 2D). The differentially expressed genes (DEGs) were then analyzed to explore the
potential mechanisms that may contribute to poor prognosis. We found that DEGs were mainly highly expressed
genes in cluster 1, including MMP7, MMP9, and TGFB1 (Fig. 2E). Enrichment analysis of DEGs highly expressed
in cluster 1 revealed that cell adhesion-related pathways including Focal adhesion, ECM-receptor interaction,
and extracellular matrix organization were significantly enriched (Fig. 2EG and Supplementary Fig. 3C).

Immune related analysis and drug sensitivity analysis

In order to enhance the assessment of the clinical value of this stratification method, additional analyses were
performed, including immune-related analysis and drug sensitivity analysis. Initially, a thorough examination was
undertaken utilizing various computational tools including TIMER, CIBERSORT, EPIC, and XCELL algorithm
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Figure 1. Pan-cancer analysis of MMPs. (A) Expression pattern among MMPs in human tumors. Blue
represents high expressed in normal tissues, and red represents high expressed in tumor tissues. (B) Expression
tendency of MMPs from early stage to advanced stage. (C,D) Survival landscape among MMPs in human
tumors. Blue represents protective factor, and red represents risk factor.
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Figure 2. Identification of MMPs-related subtype. (A) Consensus clustering matrix of MMPs-related subtype.
(B) Gene expression heat map of MMPs-related subtype. (C) The distribution of clinical characteristics (T stage,
N stage, M stage, and Grade) of MMPs-related subtype. (D) KM curves between two clusters. (E) Volcano plot
presenting the DEGs between two clusters. (F,G) Enrichment analysis of up-regulated DEGs.

to identify variations in levels of immune cell infiltration (Fig. 3A). It is evident that substantial disparities exist
in the tumor immune microenvironment between cluster 1 and cluster 2 patients. Of particular interest among
these disparities is the discrepancy in levels of infiltration by M2 macrophages, which are found to be relatively
higher in cluster 1. Subsequently, an examination was conducted on the expression of immune checkpoint genes
within distinct subclusters, revealing that solely PDCD1LG2 and SIGLEC15 exhibited significantly elevated
expression levels in cluster 1(Fig. 3B). Ultimately, the Tumor Immune Dysfunction and Exclusion (TIDE) algo-
rithm was employed to forecast the responsiveness to immune checkpoint inhibitors (Fig. 3C). It was observed
that cluster 1, characterized by high TIDE scores, may exhibit diminished effectiveness in response to immune
checkpoint blockade therapy (ICB).

Given the significance of targeted therapy in the management of ccRCC and its promising potential, we
conducted a comprehensive assessment of the responsiveness of distinct subclusters to common targeted and
chemotherapeutic agents (Fig. 3D-H). Our findings revealed that cluster 1 exhibits greater sensitivity to most
of the targeted drugs and chemotherapeutic agents including sorafenib, axitinib, cisplation and 5-Fluorouracil.
Cluster 2 was only sensitive to lapatinib. Consequently, the stratification method developed utilizing MMPs
not only enables prognostication of patients but also offers valuable guidance in selecting suitable medications.

MMP-related prognostic risk model development and validation

Based on the finding that MMPs were associated with ccRCC patient prognosis, we developed an MMP-related
prognostic risk model to better predict patient prognosis. Combined with the results of the previous analysis, six
differentially expressed MMPs with prognostic values were finally screened, including MMP7, MMP9, MMP13,
MMP15, MMP17, and MMP19. We perform dimensionality reduction and construct prognostic models based
on the LASSO regression algorithm in the TCGA-KIRC cohort. tenfold cross-validation results show that the
model is optimal when the optimal adjustment parameter is 0.028 (Fig. 4A,B). The final generated prognostic
model equation is as follows: Risk score = (0.0334) *MMP7 + (0.0323) *MMP9 + (0.1152) *MMP13 + (- 0.3149)
*MMP15 +(0.3048) *MMP17 +(0.0969) *MMP19. Following the determination of the optimal risk score thresh-
old, all patients were subsequently categorized into either the high-risk or low-risk group (Fig. 4C). The duration
of OS was considerably shorter in the high-risk group compared to the low-risk group (Fig. 4D). The area under
curves (AUCs) for the 1-, 3-, and 5-year periods were recorded as 0.64, 0.66, and 0.68, respectively (Fig. 4E).
Furthermore, the risk model was validated using the independent E-MTAB-1980 cohort as a test set to confirm
its predictive significance. The survival analysis exhibited a comparable pattern to previous findings, indicating
a significantly reduced OS in the high-risk group (Fig. 4EG). The AUCs for the 1-, 3-, and 5-year periods were
recorded as 0.72, 0.73, and 0.68 in the validation cohort (Fig. 4H).

Then, we showed the association between risk score and clinicopathological characteristics using the Sankey
diagram (Supplementary Fig. 4A). To assess the prognostic predictive value, a stratified subgroup analysis was
performed according to more precisely to the clinicopathological features, and the results suggested that the
MMP-related prognostic risk model has a reliable predictive ability (Supplementary Fig. 4B-E).
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Figure 3. Immune-related analysis and drug sensitivity analysis of MMPs-related subtype. (A) Heatmap
showed the difference in immune infiltration between two clusters. (B) The box plots encompassed the
expression distribution of immune checkpoints genes between two clusters. (C) The distribution of immune
response scores (TIDE scores) between two clusters. (D-H) The box plot illustrates the IC50 values of 5
commonly used drugs (sorafenib, axitinib, cisplation, 5-Fluorouracil, and lapatinib) between two clusters.
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Figure 4. Establishment and validation of the MMP-related prognostic risk model. (A) LASSO coefficient
profiles of the 6 MMPs. (B) The optimal tuning parameter in the LASSO model. (C) Scatterplot and heatmap
presenting the risks core, survival time, survival status and 6 MMPs expression of the training set (TCGA-KIRC
cohort). (D) KM curves between the high-risk group and low-risk group in the training set. (E) The 1-year,
3-year and 5-year ROC curves in the training set. (F) Scatterplot and heatmap presenting the risks core, survival
time, survival status and 6 MMPs expression of the test set (E-MATB-1980 cohort). (G) KM curves between the
high-risk group and low-risk group in the test set. (H) The 1-year, 3-year and 5-year ROC curves in the test set.
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The potential MMPs-driven mechanism to promote the progression of ccRCC

Next, we examined the DEGs between the high-risk and low-risk groups in order to investigate the potential
mechanisms that could be responsible for unfavorable prognosis. With a cut-off fold change of 2 and a P-value
0f 0.05, 619 genes are up-regulated and 214 genes are down-regulated (Fig. 5A). SAA1 was found to be one of
the most significantly upregulated genes in the high-risk group. The presence of high expression of SAAI also
predicts a poor prognosis (Fig. 5B). To further explore the regulatory mechanisms of MMPs and SSA1, we further
divided the high-risk score group and low-risk score group into four groups based on the expression of SAAI:
the high-SAA1 expression and high-risk score (SAA1-H MMPS-H) group, the high-SAA1 expression and low-
risk score (SAA1-H MMPS-L) group, the low-SAA1 expression and high-risk score (SAA1-L MMPS-H) group,
and the low-SAA1 expression and low-risk score (SAA1-L MMPS-L) group. We repeated the survival analysis
and found that the shortest OS was observed in the SAA1-H MMPS-H group (Fig. 5C). From this perspective,
SAA1 may have a potential regulatory relationship with MMPs.

SAAl-related genes were selected by the GeneMANIA database (Fig. 5D). Enrichment analysis of DEGs
revealed that cell adhesion/migration-related pathways and immune-related pathways were significantly
enriched, such as NABA matrisome associated, NABA core matrisome, humoral immune response, and inflam-
matory response (Fig. 5E). Enrichment analysis of SAA1-related genes showed similar results that inflammatory
response, innate immune response, and positive regulation of cell migration were significantly enriched (Fig. 5F).
Furthermore, the enrichment analysis revealed significant associations between SAA1-related genes and the
ERK and AP-1 signaling pathways, indicating that SAA1 may modulate the expression of MMPs through the
regulation of the ERK/AP-1 axis.

Additionally, we excavated the correlations between the risk score and immune cell infiltrations based on
the QUANTOISEQ algorithms. The risk score positively correlated with the level of infiltration of B cell, M1
macrophage, M2 macrophage, CD8 + T cell, and T regulatory cell, and negatively correlated with the level of
infiltration of neutrophil, NK cell, CD4 + T cell, and myeloid dendritic cell (Fig. 6A). Then we excavated the cor-
relations between the expression of SAA1 and immune cell infiltrations in the same way. Surprisingly, we found
almost full agreement results (Fig. 6B).

SAA1 promotes ccRCC cell migration via ERK-AP1-MMPs axis

In order to verify our previous results, was performed single-cell sequencing analysis and spatial transcriptome
analysis. Expression profiles were further confirmed by analyzing the scRNA-seq data from GSE125938, which
included one healthy kidney sample and two ccRCC samples, as well as GSE171306, which included two ccRCC
samples. To elaborate, a grand total of 12 distinct cellular clusters were detected (Fig. 7A). Expression of SAA1
and cell adhesion molecules pathway score were visualized via UMAP (Fig. 7B). The results showed that, regions
of high SAA1 expression highly overlapped with regions of cell adhesion molecules pathway hyperactivity in
the tumor cell cluster. Similar results were found in spatial transcriptome analysis (Fig. 7C,D). Furthermore,
immunohistochemistry confirmed the increased presence of SAA1 in patient samples (Fig. 7E). Western blotting
results of paired samples from 10 pairs of ccRCC patients similarly demonstrated that SAA1 is highly expressed
in tumor tissue (Fig. 7F).

Afterwards, we validated our conjecture by conducting in vitro experiments. In the Caki-1, OSRC-2 and A498
cells, we employed siRNAs that targeted SAA1 to suppress its expression. Confirmation of SAA1 knockdown was
validated through western blotting (Fig. 8A and Supplementary Fig. 5A). The migration ability of Caki-1, OSRC-2
and A498 cells was hindered by the suppression of SAA1, as evidenced by the outcomes of wound-healing and
transwell assays (Fig. 8B-E). The expression of ERK1/2, phosphorylated ERK1/2, and c-Jun was determined
through western blotting (Fig. 8A). The expression level of c-Jun and the phosphorylation level of ERK1/2 were
observed to be diminished to varying extents subsequent to the knockdown of SAAI.

Considering prior literature, c-Jun has been identified as a crucial transcription factor that facilitates the
migration of tumor cells. Consequently, we hypothesized the potential regulatory role of c-Jun in the gene expres-
sion of core MMPs, which constitute prognostic models, utilizing the JASPAR database. We found that the protein
expression level of c-Jun and the phosphorylation level of ERK1/2 in cells were also reduced to different degrees
after knocking down SAA1. Based on previous reports in the literature, c-Jun is one of the important transcrip-
tion factors that promote tumor cell migration. Therefore, we predicted whether c-Jun could regulate the gene
expression of core MMPs, which is consist of prognostic models, through the JASPAR database (Supplementary
Fig. 5B,C). It was surprising to discover that c-Jun possesses potential binding sites within the promoter regions
of MMP7, MMP9, MMP13, MMP17, and MMP19, implying that c-Jun may exert transcriptional regulation over
these core MMPs. Subsequently, we conducted RT-qPCR to assess the mRNA expression levels of core MMPs
in Caki-1 cells with SAA1 knockdown (Fig. 8F). The findings demonstrated that the reduction in SAA1 and
c-Jun expression levels corresponded to varying degrees of decrease in the mRNA expression levels of MMP7,
MMP9, MMP13, MMP17, and MMP19.

Discussion

The MMP family has been widely studied as the matrixin subfamily of the zinc metalloprotease family due to its
ability to degrade the ECM®. Because of this, their actions are vital in the migration and metastasis of tumors.
This function of the MMP family has been explored in several studies?®-*!. The link between the MMP family
and ccRCC patients is also constantly mentioned. However, most studies have focused on MMP2 and MMP?9,
and several studies have shown MMP9 and MMP2 were associated with the invasion and metastasis of ccRCC
1832 MMP2 and MMP?9 also have been identified as significant contributors to the process of epithelial-to-mes-
enchymal transition (EMT) in ccRCC cells®. Previous research has demonstrated that the activation of MMP2 in
ccRCC can lead to the progression of EMT*. Additionally, MMP-7 is regarded as a standalone predictive element

Scientific Reports |

(2024) 14:9411 | https://doi.org/10.1038/s41598-024-59112-5 nature portfolio



www.nature.com/scientificreports/

A
— Tt
5 -4 -3 -2 -1 0 1 3
log2(FoldChange)
B C
10] 1 1 W SAAT H-MMPS H
ul m SAAT H-MMPS L
wH m SAAT L-MMPS L
mSAAT L-MMPS H
0.8 o
z
z 3
3 £
g .
2 T |
g L Eae
s, I s
@ .3
p=9.5e-11
001 HR=0.60,95C1%(0.52,0.71)
p=13e-10 mber at sk
001 HR=2.69,95C1%(1.96,3.68) uli ; ; i
mber atisk u
Lpo % E3 7 i u o 1 #
w e 1o E H i w P 3 3
] 1134 2268 3402 453 ] 1134 2,968 3,402 45%
Time (day) Time (day)
D B
& o@u @
2 ®
@ P wGm
@ @ (RBP4] @@
@ @ @s
@0
@ % o Lo
EPw g o @
@ e o @
age
s L.
@ o) D g WP
s @ g
@
Qr
® =
¢ g
L2
Physical Internactions Predicted Genetic Interactions
Co-expression Co-localization Pathway

Shared protein domains

% g J T S
Ratio Ratio

-logl0 (P Value)  Count
5 2
23 ®
2 o«

is 8
10 4

log10 (P Value)
16

2

oee.

Figure 5. The potential mechanisms behind MMPs-driven ccRCC progression. (A) Volcano plot presenting
the DEGs between the high-risk score group and low-risk score group. (B) KM curves between the high-SAA1
expression group and the low-SAA1 expression group. (C) KM curves among the SAA1-H MMPS-H group,
SAA1-H MMPS-L group, SAA1-L MMPS-H group, and SAA1-L MMPS-L group. (D) The protein-protein
interaction network of SAA1 based on the GeneMANIA database. (E) Enrichment analysis of upregulated
DEGs in high-risk score group. (F) Enrichment analysis of SAA1-related genes.
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Figure 6. Analysis of immune infiltration. (A) The associations between risk scores and the levels of infiltration
of different immune cells using the QUANTISEQ algorithms. (B) The associations between SAA1 expression
and the levels of infiltration of different immune cells using the QUANTISEQ algorithms.

for patients with ccRCC™®. In light of these findings, a comprehensive analysis was conducted in the context of
pan-cancer, which yielded significant findings regarding the variations observed in the characteristics of MMPs
across various carcinomas. Particularly, MMPs exhibited distinct prognostic value in ccRCC. This observation
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Figure 7. Expression status of SAA1 in ccRCC. (A) The distribution and annotations of single cells labelled
by cluster identity (left panel) and tissue of origin (right panel) with UMAP. (B) Expression profiles of SAA1
(left panel) and cell adhesion molecules pathway score (right panel) for each cell. (C) HE staining of ccRCC
tissues corresponding to the spatial transcriptomics results. (D) Expression profiles of SAA1 and cell adhesion
molecules pathway score for each cell based the spatial transcriptome sequencing data. (E) Representative

images of SAA1 immunohistochemistry and corresponding quantification. (F) The expression of SAA1 between
ccRCC tissues and normal tissues (10 pairs).
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Figure 8. SAA1 promotes ccRCC cell migration via ERK-AP1-MMPs axis. (A) Expression of SAA1, ERK1/2,
phosphorylated ERK1/2/, c-Jun, and B-actin detected after transfection with siRNA in Caki-1, OSRC-2 and
A498 cell lines using western blotting. (B-D) The wound-healing assay and quantification of wound-healing
assay data. (E) The transwell assay and quantification of transwell migration assay data. (F) RT-qPCR analysis of
key MMPS marker (MMP7, MMP9, MMP13, MMP15, MMP17, MMP19).

aligns with the conclusions of a previous pan-cancer study''. Consequently, we selected ccRCC as the focus of
our further investigation.

Subsequently, we introduced molecular typing utilizing 23 MMPs to discern ccRCC patients, thereby under-
taking an initial investigation into its clinical significance. Through this process, two distinct clusters were
discerned, with cluster 1 exhibiting a high expression of most MMPs. Further examination of subcluster char-
acteristics revealed a correlation between cluster 1 patients and higher clinical stage, pathological grade, and
unfavorable prognosis. These findings align with the prevailing body of literature, which posits a pro-cancer role
for MMPs in ccRCC**¥. The findings from the enrichment analysis also indicate a significant correlation between
cell adhesion and the unfavorable prognosis of cluster 1 patients. Given the significance of immunotherapy in
renal cancer treatment, we proceeded to examine variations in immunotherapy-related indicators across differ-
ent subclusters. Remarkably, our investigation revealed a notable elevation in M2 macrophage infiltration levels
among patients in cluster 1. M2 macrophages are recognized for their significant contribution to the establish-
ment of an immunosuppressive microenvironment through their facilitation of tumor cell migration and evasion
of immune surveillance®®*?. Meanwhile, there was a notable increase in the expression levels of PDCD1LG2
and SIGLEC15 in cluster 1 patients. The prediction results based on the TIDE algorithm indicated that cluster
1 patients possessed a comparatively robust ability to evade immune responses. PDCD1LG2 and SIGLEC15, as
emerging targets for immunotherapy, hold considerable promise for patients resistant to anti-PDLI treatment***!.
Our findings imply that conventional immunotherapy protocols may have limited efficacy in patients with
heightened MMP activity, whereas targeting PDCD1LG2 and SIGLEC15 may yield more favorable outcomes.
Finally, we conducted an assessment of variations in drug sensitivity among distinct subclusters. Notably, Clus-
ter 1 demonstrated heightened sensitivity towards a majority of targeted drugs and chemotherapeutic agents.
Conversely, Cluster 2 exclusively exhibited sensitivity towards lapatinib. It is worth mentioning that previous
investigations on lapatinib’s efficacy in treating ccRCC patients have yielded unfavorable outcomes, with only a
subset of individuals potentially benefiting from its administration*’. The findings from our study hold potential
implications for the implementation of personalized treatment strategies for ccRCC patients.

We performed Lasso regression to construct an MMP-related prognostic risk model in the TCGA-KIRC
cohort. The robustness and accuracy of the risk model were validated in the E-MATB-1980 cohort and different
subgroups of the TCGA-KIRC cohort. We conducted additional investigations into the potential mechanism
driven by MMPs to facilitate the advancement of ccRCC. Among the high-risk group, SAA1 exhibited the most
notable upregulation. The SAA1-H MMPS-H subgroup demonstrated the poorest OS prognosis, indicating a
strong association between SAA1 and MMPs. This perspective was further supported by the outcomes of the
enrichment analysis. Enrichment analysis results of DEGs between the high-risk group and the low-risk group
and enrichment analysis results of SAA1-related genes showed a high level of similarity. Cell adhesion/migration-
related pathways and immune-related pathways were significantly enriched in both gene sets. Previous studies
have also identified the close association between SAA1 and tumor metastasis****. Nevertheless, no study has
yet elucidated the plausible regulatory connection between MMP and SAA1 in ccRCC. Additionally, the enrich-
ment analysis has demonstrated noteworthy associations between genes related to SAA1 and the ERK and AP-1
signaling pathways, suggesting that SAA1 may regulate the expression of MMPs via modulation of the ERK-AP1
axis. Considering that a high proportion of the enrichment analysis results were associated with immune-related
pathways, we further evaluated the relationship between immune cell infiltration and risk scores. Risk scores
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were indeed significantly correlated with most immune cell infiltrations. Surprisingly, the relationship between
immune cell infiltration and SAA1 expression showed similar patterns.

Lastly, we conducted additional experiments to partially confirm the findings in ccRCC. Initially, we con-
firmed the expression of pivotal genes at the single-cell level, spatial transcriptome level and tissue level. We
found that cells with higher SAA1 expression also had higher activation of cell adhesion molecules pathway.
Subsequently, we assessed the alterations in cellular migration capabilities, along with the potential downstream
effects on ERK-AP1-MMPs by knocking down SAAL1 in the cell lines. Our findings indicate that SAA1 modulates
the migration ability of tumor cells via the ERK-AP1-MMPs axis.

Nonetheless, there are several drawbacks to our investigation. Although we verified the results via multiple
methods, more data is required. In vivo experiments were lacking to validate these results. Despite these con-
straints, we managed to acquire somewhat dependable findings, and we intend to further substantiate the existing
outcomes and investigate potential mechanisms in future research.

Methods

Data access

RNA-seq expression data and corresponding clinical follow-up information of The Cancer Genome Atlas
(TCGA)—kidney renal clear cell carcinoma (KIRC) cohort and the E-MTAB-1980 cohort were acquired from the
Genomic Data Commons (GDC) data portal of the TCGA database and the ArrayExpress database respectively.
Pan-cancer genomic and transcriptomic data were also downloaded from the TCGA database, and corresponding
follow-up information was collected, following a methodology similar to previous reports*#. The TCGA-KIRC
cohort contained 532 ccRCC samples and 161 normal samples, while the E-MTAB-1980 cohort contained 101
ccRCC samples. The number of patients involved in other cohorts are summarized in Supplementary Table 1.
The GSE152938*” and GSE171306* dataset was obtained from the Gene Expression Omnibus (GEO) dataset.
Single-cell sequencing data of 2 ccRCC samples and 1 normal kidney sample from GSE152938 and 2 ccRCC
samples from GSE171306 were used in this study. The spatial transcriptomic data used in this study is available
at the European Genome-Phenome Archive: EGAD00001008781%. The spatial transcriptomic data analysis
was performed by the online web portal provided by Wellcome Sanger Institute (https://www.sanger.ac.uk/).

Pan-cancer analysis

Initially, the fold change (FC) value was computed to evaluate the changes in gene expression between tumor
tissues and normal tissues. Then, the univariate Cox regression analysis was performed to identify the prognos-
tic value of each gene. Subsequently, the CNV, both amplified and deleted, was tallied. In the case of SNV, the
mutation frequency (number of samples with SNV divided by the total number of samples) was computed. The
outcomes were visualized using a heatmap presentation with the ggplot2 package. Survival Prognosis analysis

» <«

was performed through “forestplot”, “survival” and “survminer” packages.

Molecular subtyping identification

In order to characterize the expression patterns of the MMP family in ccRCC, a method similar to previous
research was used to identity the distinct molecular subtypes. We utilized the “ConsensusClusterPlus” pack-
age for consensus clustering analysis, “survival” package for survival analysis, “Limma” package for differential
expression analysis, and “ClusterProfiler” package for enrichment analysis.

Immune related analysis and therapeutic sensitivity analysis

The immune microenvironment of different molecular subtypes was explored through analysis of immune cell
infiltration and immune checkpoint expression levels. Multiple algorithms including XCELL, CIBERSORT, EPIC,
and TIMER were utilized to predict immune cell infiltration abundance in the TCGA-KIRC cohort. The TIDE
algorithm was utilized to predict immune checkpoint inhibitor responsiveness. The drug sensitivity in different
KIRC subtypes was investigated by “oncoPredict”. Correlation heatmaps, bubble plots and scatter plots were
plotted using the ggplot2 package. Spearman’s correlation was used to analyze the correlation. The Wilcoxon
test was used to evaluate statistical differences.

Prognostic risk model development and validation

In the TCGA-KIRC cohort, the development of the MMPs-related prognostic risk model was carried out using
the LASSO regression algorithm and Cox regression analysis. This model was then validated in the E-MTAB-1980
cohort. Based on the median riskscore value in the training set, patients were categorized into high-risk and
low-risk groups. Similar approaches were applied to the test set. The R package “glmnet” was used to perform
LASSO regression algorithm, while “survival” was used for Kaplan-Meier (KM) analysis. The time-dependent
receiver-operating characteristic (ROC) curves were used to compare the predictive accuracy of the risk score.

GeneMANIA database

GeneMANIA is a user-friendly network mapping tool. Through the utilization of this database, we conducted an
analysis to map the potential network of interactions associated with SAA1, subsequently visualizing the results
using the Cytoscape software™.
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Single cell RNA-seq data analysis

Following a previously described method, scRNA-Seq data were processed®’. The cellMarker database was used
to manually annotate cell clusters®. UMAP was used to perform dimensional reduction and visualize cluster
classifications. The analysis was performed through “Seurat”, “Harmony” and “AUCell” R packages.

Transcription factor binding site analysis

The 2000 bp upstream regions of genes were chosen as potential promoter sequences. These potential sequences,
where promoters are situated, were acquired from the National Center of Biotechnology Information (NCBI).
The JASPAR software was employed to predict transcription factor binding sites. The binding likelihood (relative
score) was established at 0.9.

Specimen collection

From June to September 2023, we gathered 10 pairs of ccRCC and corresponding adjacent tissues from patients

who underwent partial or radical nephrectomy at the First Hospital of Dalian Medical University (Dalian, China).
The Ethics Committee of the Second Hospital of Tianjin Medical University granted its approval to the patient

sample research (KY2023K118). All experiments were performed in accordance with relevant guidelines and

regulations. Every participant granted their written consent after receiving appropriate information.

Real-time quantitative PCR (RT-qPCR)

RT-qPCR was employed to detect the relative mRNA expression, utilizing the fast start universal SYBR green
master kits (52008, BR Healthcare, China) and real-time PCR System (CFX96TM, Bio-Rad, USA). Supplementary
Table 2 contains a comprehensive list of all the primers.

Cell culture and antibody
Tianjin Institute of Urology (Tianjin, China) provided the Caki-1, A498 and OSRC-2 cell lines. ENCODE cell
culture standards were followed when growing the cells.

The primary anti-SAA1 (A1655, ABclonal, China), anti-ERK1/2 (A4782, ABclonal, China), anti- Phospho-
ERK1-T202/Y204 + ERK2-T185/Y187 (AP0974, ABclonal, China), anti-c-Jun (A0246, ABclonal, China), and
anti-f3-Actin (AC026, ABclonal, China) antibodies were used according to the instructions.

Western blotting

To extract total proteins, RIPA buffer was used. The proteins were separated on 10% or 15% resolving gels before
transfer onto NC membranes with SDS-PAGE. After overnight incubation with diluted primary antibodies,
membranes were incubated with secondary antibodies for 30 min.

Immunohistochemical analysis

Immunohistochemistry was performed using unstained slides prepared from tumor tissue paraffin blocks. In
summary, paraffin sections underwent immunostaining using a streptavidin peroxidase technique following
antigen heat repair. The detection of the signal was accomplished by utilizing a solution of 3,3'-diaminobenzidine
and hematoxylin.

siRNA and transfection
JiKai Gene (Shanghai, China) provided the SiRNA targeting SAA1 and its respective control, which were intro-
duced into cells using Lipofectamine 6000 reagent (C0526, Beyotime).

Wound-healing assay

A total of 200,000 cells were seeded in 6-well dishes and allowed to grow until reaching 90% confluence. Next,
a sterile pipette tip with a volume of 1000 uL was employed to gently scrape the fully-grown cell layer, resulting
in the formation of a straight wound. Regular observations and imaging were conducted on the wound after a
duration of 24 h.

Transwell assay

In the upper chamber of 24-well plates (Corning, 3422, USA), we added 20,000 cells along with 200 pl of serum-
free medium, while in the lower chamber, we added 600 pl complete medium. Following a 16-h incubation
period, the cells were treated with a 1% solution of crystal violet for a duration of 5 min subsequent to fixation
with a 4% tissue fixative for 20 min. Finally, the relocated cells were examined under a microscope.

Statistical analysis

Both SPSS 23 and R software v4.03 were utilized in the analyses of statistical data. The gene expression levels, risk
scores, and the abundance of immune cell infiltration between groups were analyzed via the Wilcoxon test. The
correlation was analyzed by Spearman’s correlation test. P-values of less than 0.05 indicated a significance level.

Data availability
The datasets analysed during the current study are available in the Cancer Genome Atlas database (https://portal.
gdc.cancer.gov/) and the ArrayExpress database (https://www.ebi.ac.uk/biostudies/arrayexpress). The GSE152938
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and GSE171306 dataset was obtained from the Gene Expression Omnibus dataset. The authors claim that all data
describing the results of the study can be found in the text of the article or in Supporting information documents.

Received: 13 September 2023; Accepted: 8 April 2024
Published online: 24 April 2024

References

1.

2.

3.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

Siegel, R. L., Miller, K. D., Wagle, N. S. & Jemal, A. Cancer statistics, 2023. CA Cancer J. Clin. 73, 17-48. https://doi.org/10.3322/
caac.21763 (2023).

Attalla, K., Weng, S., Voss, M. H. & Hakimi, A. A. Epidemiology, risk assessment, and biomarkers for patients with advanced renal
cell carcinoma. Urol. Clin. N. Am. 47, 293-303. https://doi.org/10.1016/j.ucl.2020.04.002 (2020).

Barata, P. C. & Rini, B. I. Treatment of renal cell carcinoma: Current status and future directions. CA Cancer J. Clin. 67, 507-524.
https://doi.org/10.3322/caac.21411 (2017).

. Najafi, M., Farhood, B. & Mortezaee, K. Extracellular matrix (ECM) stiffness and degradation as cancer drivers. J. Cell. Biochem.

120, 2782-2790. https://doi.org/10.1002/jcb.27681 (2019).

. Bharadwaj, S., Sahoo, A. K. & Yadava, U. Editorial: Advances in the therapeutic targeting of human matrix metalloproteinases in

health and disease. Front. Mol. Biosci. 10, 1150474. https://doi.org/10.3389/fmolb.2023.1150474 (2023).

. Yuan, C. et al. Genomic analysis of matrix metalloproteinases affecting the prognosis and immunogenic profile of gastric cancer.

Front. Genet. 14, 1128088. https://doi.org/10.3389/fgene.2023.1128088 (2023).

. Cui, N,, Hu, M. & Khalil, R. A. Biochemical and biological attributes of matrix metalloproteinases. Prog. Mol. Biol. Transl. Sci. 147,

1-73. https://doi.org/10.1016/bs.pmbts.2017.02.005 (2017).

. Kessenbrock, K., Plaks, V. & Werb, Z. Matrix metalloproteinases: Regulators of the tumor microenvironment. Cell 141, 52-67.

https://doi.org/10.1016/j.cell.2010.03.015 (2010).

. Gialeli, C., Theocharis, A. D. & Karamanos, N. K. Roles of matrix metalloproteinases in cancer progression and their pharmaco-

logical targeting. FEBS J. 278, 16-27. https://doi.org/10.1111/j.1742-4658.2010.07919.x (2011).

Itoh, Y. Membrane-type matrix metalloproteinases: Their functions and regulations. Matrix Biol. J. Int. Soc. Matrix Biol. 44-46,
207-223. https://doi.org/10.1016/j.matbio.2015.03.004 (2015).

Gobin, E. et al. A pan-cancer perspective of matrix metalloproteases (MMP) gene expression profile and their diagnostic/prognostic
potential. BMC Cancer 19, 581. https://doi.org/10.1186/s12885-019-5768-0 (2019).

Kubik, A. et al. Comprehensive analysis of the prognostic value of circulating MMP-7 levels in urothelial carcinoma: A combined
cohort analysis, systematic review, and meta-analysis. Int. ]. Mol. Sci. 24, 7859. https://doi.org/10.3390/ijms24097859 (2023).
Zeng, Y., Gao, M,, Lin, D., Du, G. & Cai, Y. Prognostic and immunological roles of MMP-9 in pan-cancer. BioMed Res. Int. 2022,
2592962. https://doi.org/10.1155/2022/2592962 (2022).

Barabas, L., Hritz, L, Istvan, G., Tulassay, Z. & Herszényi, L. The behavior of MMP-2, MMP-7, MMP-9, and their inhibitors TIMP-1
and TIMP-2 in adenoma-colorectal cancer sequence. Dig. Dis. (Basel, Switzerland) 39, 217-224. https://doi.org/10.1159/00051
1765 (2021).

Xu, G. et al. Upregulated expression of MMP family genes is associated with poor survival in patients with esophageal squamous
cell carcinoma via regulation of proliferation and epithelial-mesenchymal transition. Oncol. Rep. 44, 29-42. https://doi.org/10.
3892/0r.2020.7606 (2020).

Piskor, B. M. et al. Plasma level of MMP-10 may be a prognostic marker in early stages of breast cancer. J. Clin. Med. 9, 4122. https://
doi.org/10.3390/jcm9124122 (2020).

Decock, J., Thirkettle, S., Wagstaff, L. & Edwards, D. R. Matrix metalloproteinases: Protective roles in cancer. J. Cell. Mol. Med. 15,
1254-1265. https://doi.org/10.1111/j.1582-4934.2011.01302.x (2011).

Ma, J. et al. Expression of RSK4, CD44 and MMP-9 is upregulated and positively correlated in metastatic ccRCC. Diagn. Pathol.
15, 28. https://doi.org/10.1186/s13000-020-00948-6 (2020).

Xue, Y. J. et al. Overexpression of FoxMI is associated with tumor progression in patients with clear cell renal cell carcinoma. J.
Transl. Med. 10, 200. https://doi.org/10.1186/1479-5876-10-200 (2012).

Ma, J. J. et al. Suppression of MMP-9 activity by NDRG2 expression inhibits clear cell renal cell carcinoma invasion. Med. Oncol.
(Northwood, London, England) 29, 3306-3313. https://doi.org/10.1007/s12032-012-0265-1 (2012).

Tang, S. W. et al. Nicotinamide N-methyltransferase induces cellular invasion through activating matrix metalloproteinase-2
expression in clear cell renal cell carcinoma cells. Carcinogenesis 32, 138-145. https://doi.org/10.1093/carcin/bgq225 (2011).
Mao, S. et al. FKBP51 promotes invasion and migration by increasing the autophagic degradation of TIMP3 in clear cell renal cell
carcinoma. Cell Death Dis. 12, 899. https://doi.org/10.1038/s41419-021-04192-8 (2021).

Chen, Y. S. et al. MTA2 as a potential biomarker and its involvement in metastatic progression of human renal cancer by miR-133b
targeting MMP-9. Cancers 11, 1851. https://doi.org/10.3390/cancers11121851 (2019).

Li, Y. Y, Zhang, L. Y., Xiang, Y. H., Li, D. & Zhang, J. Matrix metalloproteinases and tissue inhibitors in multiple myeloma: Promote
or inhibit?. Front. Oncol. 13, 1127407. https://doi.org/10.3389/fonc.2023.1127407 (2023).

Zhao, Y. G. et al. Activation of pro-gelatinase B by endometase/matrilysin-2 promotes invasion of human prostate cancer cells. J.
Biol. Chem. 278, 15056-15064. https://doi.org/10.1074/jbc.M210975200 (2003).

Wang, E. Q,, So, J., Reierstad, S. & Fishman, D. A. Matrilysin (MMP-7) promotes invasion of ovarian cancer cells by activation of
progelatinase. Int. J. Cancer 114, 19-31. https://doi.org/10.1002/ijc.20697 (2005).

Sohail, A. et al. MT4-(MMP17) and MT6-MMP (MMP25), A unique set of membrane-anchored matrix metalloproteinases:
Properties and expression in cancer. Cancer Metastasis Rev. 27, 289-302. https://doi.org/10.1007/s10555-008-9129-8 (2008).
Lederle, W. et al. MMP13 as a stromal mediator in controlling persistent angiogenesis in skin carcinoma. Carcinogenesis 31,
1175-1184. https://doi.org/10.1093/carcin/bgp248 (2010).

Liu, H. et al. The role of MMP-1 in breast cancer growth and metastasis to the brain in a xenograft model. BMC Cancer 12, 583.
https://doi.org/10.1186/1471-2407-12-583 (2012).

Yu, G. et al. Matrix metalloproteinase-19 promotes metastatic behavior in vitro and is associated with increased mortality in non-
small cell lung cancer. Am. J. Respir. Crit. Care Med. 190, 780-790. https://doi.org/10.1164/rccm.201310-19030C (2014).

Liu, Y. et al. MT2-MMP induces proteolysis and leads to EMT in carcinomas. Oncotarget 7, 48193-48205. https://doi.org/10.18632/
oncotarget.10194 (2016).

Li, H. L. et al. PinX1 serves as a potential prognostic indicator for clear cell renal cell carcinoma and inhibits its invasion and
metastasis by suppressing MMP-2 via NF-«kB-dependent transcription. Oncotarget 6, 21406-21420. https://doi.org/10.18632/oncot
arget.4011 (2015).

Majo, S., Courtois, S., Souleyreau, W, Bikfalvi, A. & Auguste, P. Impact of extracellular matrix components to renal cell carcinoma
behavior. Front. Oncol. 10, 625. https://doi.org/10.3389/fonc.2020.00625 (2020).

Lin, Y. W. et al. Proteoglycan SPOCKI1 as a poor prognostic marker promotes malignant progression of clear cell renal cell carci-
noma via triggering the snail/slug-MMP-2 axis-mediated epithelial-to-mesenchymal transition. Cells 12, 352. https://doi.org/10.
3390/cells12030352 (2023).

Scientific Reports |

(2024) 14:9411 | https://doi.org/10.1038/s41598-024-59112-5 nature portfolio


https://doi.org/10.3322/caac.21763
https://doi.org/10.3322/caac.21763
https://doi.org/10.1016/j.ucl.2020.04.002
https://doi.org/10.3322/caac.21411
https://doi.org/10.1002/jcb.27681
https://doi.org/10.3389/fmolb.2023.1150474
https://doi.org/10.3389/fgene.2023.1128088
https://doi.org/10.1016/bs.pmbts.2017.02.005
https://doi.org/10.1016/j.cell.2010.03.015
https://doi.org/10.1111/j.1742-4658.2010.07919.x
https://doi.org/10.1016/j.matbio.2015.03.004
https://doi.org/10.1186/s12885-019-5768-0
https://doi.org/10.3390/ijms24097859
https://doi.org/10.1155/2022/2592962
https://doi.org/10.1159/000511765
https://doi.org/10.1159/000511765
https://doi.org/10.3892/or.2020.7606
https://doi.org/10.3892/or.2020.7606
https://doi.org/10.3390/jcm9124122
https://doi.org/10.3390/jcm9124122
https://doi.org/10.1111/j.1582-4934.2011.01302.x
https://doi.org/10.1186/s13000-020-00948-6
https://doi.org/10.1186/1479-5876-10-200
https://doi.org/10.1007/s12032-012-0265-1
https://doi.org/10.1093/carcin/bgq225
https://doi.org/10.1038/s41419-021-04192-8
https://doi.org/10.3390/cancers11121851
https://doi.org/10.3389/fonc.2023.1127407
https://doi.org/10.1074/jbc.M210975200
https://doi.org/10.1002/ijc.20697
https://doi.org/10.1007/s10555-008-9129-8
https://doi.org/10.1093/carcin/bgp248
https://doi.org/10.1186/1471-2407-12-583
https://doi.org/10.1164/rccm.201310-1903OC
https://doi.org/10.18632/oncotarget.10194
https://doi.org/10.18632/oncotarget.10194
https://doi.org/10.18632/oncotarget.4011
https://doi.org/10.18632/oncotarget.4011
https://doi.org/10.3389/fonc.2020.00625
https://doi.org/10.3390/cells12030352
https://doi.org/10.3390/cells12030352

www.nature.com/scientificreports/

35. Lu, H. et al. The expression and clinical significance of matrix metalloproteinase 7 and tissue inhibitor of matrix metalloproteinases
2 in clear cell renal cell carcinoma. Exp. Ther. Med. 5, 890-896. https://doi.org/10.3892/etm.2012.859 (2013).

36. Bassiouni, W., Ali, M. A. M. & Schulz, R. Multifunctional intracellular matrix metalloproteinases: Implications in disease. FEBS
J. 288, 7162-7182. https://doi.org/10.1111/febs.15701 (2021).

37. Egeblad, M. & Werb, Z. New functions for the matrix metalloproteinases in cancer progression. Nat. Rev. Cancer 2, 161-174.
https://doi.org/10.1038/nrc745 (2002).

38. Qian, B. Z. & Pollard, J. W. Macrophage diversity enhances tumor progression and metastasis. Cell 141, 39-51. https://doi.org/10.
1016/j.cell.2010.03.014 (2010).

39. Locati, M., Curtale, G. & Mantovani, A. Diversity, mechanisms, and significance of macrophage plasticity. Annu. Rev. Pathol. 15,
123-147. https://doi.org/10.1146/annurev-pathmechdis-012418-012718 (2020).

40. Park, J. S. et al. Targeting PD-L2-RGMb overcomes microbiome-related immunotherapy resistance. Nature 617, 377-385. https://
doi.org/10.1038/541586-023-06026-3 (2023).

41. Wang, J. et al. Siglec-15 as an immune suppressor and potential target for normalization cancer immunotherapy. Nat. Med. 25,
656-666. https://doi.org/10.1038/s41591-019-0374-x (2019).

42. Wiilfing, C. et al. A single-arm, multicenter, open-label phase 2 study of lapatinib as the second-line treatment of patients with
locally advanced or metastatic transitional cell carcinoma. Cancer 115, 2881-2890. https://doi.org/10.1002/cncr.24337 (2009).

43. Li, S. et al. High SAAL1 expression predicts advanced tumors in renal cancer. Front. Oncol. 11, 649761. https://doi.org/10.3389/
fonc.2021.649761 (2021).

44. Xu, Z. et al. SAA1 has potential as a prognostic biomarker correlated with cell proliferation, migration, and an indicator for immune
infiltration of tumor microenvironment in clear cell renal cell carcinoma. Int. J. Mol. Sci. 24, 7505. https://doi.org/10.3390/ijms2
4087505 (2023).

45. Chen, X. et al. Comprehensive characterization of extracellular matrix-related genes in PAAD identified a novel prognostic panel
related to clinical outcomes and immune microenvironment: A silico analysis with in vivo and vitro validation. Front. Immunol.
13, 985911. https://doi.org/10.3389/fimmu.2022.985911 (2022).

46. Ren, J. et al. Comprehensive characterisation of immunogenic cell death in melanoma revealing the association with prognosis
and tumor immune microenvironment. Front. Immunol. 13, 998653. https://doi.org/10.3389/fimmu.2022.998653 (2022).

47. Su, C. et al. Single-cell RNA sequencing in multiple pathologic types of renal cell carcinoma revealed novel potential tumor-specific
markers. Front. Oncol. 11, 719564. https://doi.org/10.3389/fonc.2021.719564 (2021).

48. Yu, Z. et al. Single-cell RNA-seq identification of the cellular molecular characteristics of sporadic bilateral clear cell renal cell
carcinoma. Front. Oncol. 11, 659251. https://doi.org/10.3389/fonc.2021.659251 (2021).

49. Li, R. et al. Mapping single-cell transcriptomes in the intra-tumoral and associated territories of kidney cancer. Cancer Cell 40,
1583-1599.e1510. https://doi.org/10.1016/j.ccell.2022.11.001 (2022).

50. Franz, M. et al. GeneMANIA update 2018. Nucleic Acids Res. 46, W60-w64. https://doi.org/10.1093/nar/gky311 (2018).

51. Korsunsky, I. et al. Fast, sensitive and accurate integration of single-cell data with harmony. Nat. Methods 16, 1289-1296. https://
doi.org/10.1038/541592-019-0619-0 (2019).

52. Zhang, X. et al. Cell marker: A manually curated resource of cell markers in human and mouse. Nucleic Acids Res. 47, D721-d728.
https://doi.org/10.1093/nar/gky900 (2019).

Acknowledgements
This work was supported by the National Natural Science Foundation of China (82172759).

Author contributions

Changyi Quan and Dadong Wei: conceptualization, supervision, and writing-reviewing and editing; Haotian
Wei, Yajun Li and Jian Zhang: data acquisition, original draft preparation, bioinformatic and statistical analysis,
figures visualization and writing-reviewing and editing; Shimiao Zhu: supervision, and writing-reviewing and
editing; Chenglong Xu: bioinformatic and statistical analysis and writing-reviewing and editing. All authors
substantially contributed to the article and approved the submitted version.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/s41598-024-59112-5.

Correspondence and requests for materials should be addressed to D.W., C.Q. or S.Z.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:9411 | https://doi.org/10.1038/s41598-024-59112-5 nature portfolio


https://doi.org/10.3892/etm.2012.859
https://doi.org/10.1111/febs.15701
https://doi.org/10.1038/nrc745
https://doi.org/10.1016/j.cell.2010.03.014
https://doi.org/10.1016/j.cell.2010.03.014
https://doi.org/10.1146/annurev-pathmechdis-012418-012718
https://doi.org/10.1038/s41586-023-06026-3
https://doi.org/10.1038/s41586-023-06026-3
https://doi.org/10.1038/s41591-019-0374-x
https://doi.org/10.1002/cncr.24337
https://doi.org/10.3389/fonc.2021.649761
https://doi.org/10.3389/fonc.2021.649761
https://doi.org/10.3390/ijms24087505
https://doi.org/10.3390/ijms24087505
https://doi.org/10.3389/fimmu.2022.985911
https://doi.org/10.3389/fimmu.2022.998653
https://doi.org/10.3389/fonc.2021.719564
https://doi.org/10.3389/fonc.2021.659251
https://doi.org/10.1016/j.ccell.2022.11.001
https://doi.org/10.1093/nar/gky311
https://doi.org/10.1038/s41592-019-0619-0
https://doi.org/10.1038/s41592-019-0619-0
https://doi.org/10.1093/nar/gky900
https://doi.org/10.1038/s41598-024-59112-5
https://doi.org/10.1038/s41598-024-59112-5
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	MMPs-related risk model identification and SAA1 promotes clear cell renal cell carcinoma migration via ERK-AP1-MMPs axis
	Results
	Pan-cancer characteristics of MMPs
	Consensus clustering analysis based on MMPs
	Immune related analysis and drug sensitivity analysis
	MMP-related prognostic risk model development and validation
	The potential MMPs-driven mechanism to promote the progression of ccRCC​
	SAA1 promotes ccRCC cell migration via ERK-AP1-MMPs axis

	Discussion
	Methods
	Data access
	Pan-cancer analysis
	Molecular subtyping identification
	Immune related analysis and therapeutic sensitivity analysis
	Prognostic risk model development and validation
	GeneMANIA database
	Single cell RNA-seq data analysis
	Transcription factor binding site analysis
	Specimen collection
	Real-time quantitative PCR (RT-qPCR)
	Cell culture and antibody
	Western blotting
	Immunohistochemical analysis
	siRNA and transfection
	Wound-healing assay
	Transwell assay
	Statistical analysis

	References
	Acknowledgements


