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Abstract

Clear cell renal cell carcinoma (ccRCC) is an aggressive malignancy with a
complex and immunosuppressive tumor microenvironment (TME). While aggrephagy,
a selective autophagy process, has been linked to cancer, its role in ccRCC remains

unclear. Through integrated multi-omics analysis of single-cell and bulk sequencing
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data, we constructed the first aggrephagy activity atlas in ccRCC TME, revealing
subtype-specific programs linked to immune suppression and metabolic
reprogramming. High aggrephagy activity correlated with poor prognosis and
immunotherapy resistance, particularly in macrophages and T cells. Among key
prognostic genes, we identified TUBA4A as a novel player in ccRCC. Functional
validation showed that TUBA4A enhances autophagy and promotes tumor proliferation,
migration, and invasion. This study establishes aggrephagy and TUBA4A as key
regulators of ccRCC progression and potential therapeutic targets.

Keywords: ccRCC, aggrephagy, tumor microenvironment, prognosis

1. Introduction

Renal cell carcinoma (RCC) ranks within the top 10 most prevalent cancers
globally, contributing to 2—5 percent of all malignancies, particularly notable in
developed countries [1, 2]. As the most lethal urologic cancer, it is responsible for over
10,000 deaths annually and has a 5-year survival rate of around 75% [3, 4]. Despite
advances in targeted therapies like VEGF inhibitors, TKIs, and mTOR inhibitors [5-7],
the overall outcomes for high-risk patients, especially those with aggressive clear cell
renal cell carcinoma (ccRCC), the most common subtype of RCC, remain
unsatisfactory [8, 9]. The main reasons for the poor outcomes are the high incidence of
ccRCC, late diagnosis, tendency to metastasize, and significant chemotherapy
resistance [10]. Moreover, tumor heterogeneity, reflected in diverse tumor
microenvironment (TME) compositions and cancer cell populations, plays a central role
in treatment failure and drug resistance [11].

The TME constitutes a highly organized and interactive network comprising
malignant cells, immune populations, inflammatory mediators, and stromal
components such as cancer-associated fibroblasts. Tumors actively engineer the TME
by inducing angiogenic programs, establishing metabolic co-dependencies with stromal
elements, and evading immune surveillance through localized immunosuppression [12-
14]. In turn, the cellular and non-cellular constituents of the TME exert profound

influences on tumor growth, differentiation, and clonal evolution. A major obstacle in
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TME research stems from extensive intra- and intertumoral heterogeneity, which
conventional bulk sequencing fails to resolve, as it averages gene expression across
diverse cell types and states [15]. Single-cell RNA sequencing (scRNA-Seq) offers a
transformative solution by enabling quantitative transcriptome-wide profiling at
individual cell resolution, thus uncovering the functional diversity, developmental
trajectories, and cell-cell signaling events that collectively shape the TME [16, 17].

Autophagy is an evolutionarily conserved process that degrades cytoplasmic
components such as organelles and proteins to maintain cellular homeostasis [18]. It
provides a critical source of biomolecules and energy under stress conditions, including
those within the TME [19]. The accumulation of misfolded protein aggregates, which
is often exacerbated by TME-associated stresses such as hypoxia, nutrient deprivation,
and proteotoxic stress, disrupts normal cellular functions [20, 21]. Aggrephagy, a
selective form of autophagy, specifically targets these harmful aggregates for
degradation and serves as a key quality control mechanism. Its dysfunction has been
linked to neurodegenerative diseases, cancer, and metabolic disorders [22]. Within the
TME, impaired aggrephagy can promote tumor progression by allowing the persistence
of aggregated proteins that disrupt key tumor suppressors such as p53. Notably, protein
misfolding and aggregation can impair p53 function, leading to loss of tumor suppressor
activity and promoting cancer progression [23-25]. Therefore, aggrephagy represents
an adaptive response to proteotoxic stress in the TME, and understanding its role may
open new avenues for targeted cancer therapies.

The TME of ccRCC plays a critical role in disease progression, yet the function of
aggrephagy, a selective autophagic process, within this context remains unexplored. To
address this gap, we constructed a comprehensive single-cell atlas of ccRCC TME cell
types (stromal, myeloid, lymphoid, and fibroblasts), revealing widespread aggrephagy -
related mRNA expression patterns linked to intercellular communication and tumor
suppression. NMF analysis of 44 aggrephagy-associated genes [26] uncovered subtype-
specific expression modules correlated with endothelial interaction, immune activity,
metabolic reprogramming, and transcriptional regulation. Integration with bulk RNA -

seq data further established aggrephagy-defined cellular clusters as predictors of patient
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survival and immunotherapy response. Critically, multi-cohort analysis identified four
consistently prognostic genes, among which TUBA4A, a previously uncharacterized o-
tubulin isotype in ccRCC, exhibited strong clinical relevance [27]. TUBA4A is known
to exhibit tissue-specific expression and mutation-associated pathogenicity,
underscoring its functional specificity. This study provides the first evidence
implicating TUBA4A and aggrephagy in ccRCC TME regulation, highlighting their
potential as prognostic biomarkers and therapeutic targets.
2. Materials and Methods
2.1 Data collection

We conducted an extensive analysis by gathering data from multiple sources. Our
investigation involved single-cell transcriptome sequencing data from specific samples,
including two ccRCC samples (GSM4630028 and GSM4630029) and one normal
kidney sample (GSM4630031) from the GSE152938 dataset [28]. Additionally, we
examined seven ccRCC tissues and two adjacent tissues from the GSE210038 dataset
[29]. We focused on primary tumors and non-tumor ccRCC tissue for in-depth analysis.
For a broader perspective, we obtained transcriptomic data and clinical prognosis-
related information from The Cancer Genome Atlas (TCGA), comprising 537 ccRCC
samples and 72 adjacent normal tissue samples. To validate our findings, we
incorporated transcriptomic data from 91 samples in the International Cancer Genome
Consortium (ICGC) renal cell cancer cohort (RECA-EU) and data from 101 samples in
the E-MTAB-1980 cohort from the EMBL-EBI database. Furthermore, we utilized data
from the IMvigor210 dataset [30], which includes information on individuals treated
with PD-(L)1 along with their clinical characteristics. In addition to these datasets, we
gathered a list of 44 genes related to aggrephagy from the MSigDB database [31] for
further analysis.
2.2 scRNA-seq data process

To visualize the TME cell types present in ccRCC, we utilized the R package
“Seurat” to generate Seurat objects and systematically carried out the processes of
normalization, integration, dimension reduction, and clustering using the Seurat

pipeline [32]. A comprehensive set of 39,423 genes and 86,847 cells underwent
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thorough quality control (QC) procedures (Figure S1A). Cells deemed as low-quality
were filtered out by excluding those with fewer than 200 unique molecular identifiers
(UMIs) and those exhibiting gene expression levels either surpassing 4,500 or falling
below 200 cells. Moreover, cells classified as dead or dying were identified and
removed based on having more than 15% UMIs originating from the mitochondrial
genome (Figure S1B). Consequently, a total of 75,144 high-quality cells were
successfully obtained across all sample sets. These cells were uniformly distributed
within the ccRCC samples, with gene expression levels demonstrating a strong positive
correlation with the extent of gene expression (0.93) (Figure 1A). To establish
dimensionality reduction, a scale matrix containing 3,000 highly variable genes was
meticulously chosen (Figure 1B). The highly variable genes underwent normalization
via PCA and were visually depicted using DimPlot and ElbowPlot (Figure 1C). To
integrate tissue and patient samples, the R package “harmony” was proficiently utilized
for data scaling and integration purposes (Figure 1D). UMAP was employed for data
visualization, while cell annotation was expertly conducted by published literature [33,
34], referencing common tumor microenvironment cell markers and the CellMarker
website [35]. Figures 1E and S1D illustrate the overall design of the study.
2.3 Non-negative matrix factorization of aggrephagy genes in TME cells

To explore the role of 44 aggrephagy genes in various TME cell types, an
expression matrix comprising these genes was developed. Cells lacking expression of
any aggrephagy genes were excluded from the analysis. Utilizing the “NMF (non-
negative matrix factorization)” package, matrix decomposition was conducted,
subsequently followed by clustering for dimensionality reduction. The methodology
used in this study has been documented in relevant literature [36, 37].
2.4 Identification of cellular subtype marker genes associated with aggrephagy
genes in TME cells

We further classified NMF cell subsets by reannotating them according to specific
criteria, which involved identifying characteristic genes for each cluster. Annotation
was conducted based on the following criteria: 1) logFC > 1, where the top-ranked

signature gene was an aggrephagy gene; 2) logFC > 1 without expression of aggrephagy
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genes, indicating genes unrelated to aggrephagy; 3) logFC < 1 with an unclear

association with aggrephagy genes.
2.5 Pseudo-temporal trajectory analysis of aggrephagy genes in TME cells

Our study focused on exploring the single-cell trajectory analysis involving
aggrephagy in the ccRCC TME through the application of the “Monocle” R package
[38]. For this analysis, we conducted developmental sorting of all subtypes of cells in
ccRCC, with specific criteria set at mean expression >= 0.1 and
dispersion_empirical >= 1 * dispersion_fit. Data downscaling was achieved using the
'DDRTree' method. The visualization of aggrephagy distribution was integrated into the

developmental trajectory of different TME cell clusters identified by NMF.
2.6 Cell communication analysis for NMF aggrephagy-related subtypes of cells

To explore cellular interactions between NMF aggrephagy cell types, we performed
intercellular ligand-receptor analysis using CellChat, an R package that identifies and
quantifies intercellular communication within single-cell datasets [39]. Initially, we
isolated NMF aggrephagy cell subtypes and immune cells, followed by the
identification of overexpressed genes and ligand-receptor pairs. Subsequently, we
projected the ligands and receptors to the Protein-Protein Interaction (PPI) network for
weight analysis. Additionally, secreted signaling in ccRCC was included in the cell-cell

interaction analysis [40].
2.7 SCENIC analysis for aggrephagy-related subtypes

We utilized the “pySCENIC” package [41], a Python-based implementation of the
SCENIC pipeline, to investigate the transcription factor (TF) gene regulatory network
in ccRCC. Our study started by removing genes that were expressed in less than 1% of
cells and only kept those that were present in the RcisTarget database. Subsequently,
we utilized the “runCorrelation” function to create a correlation matrix of the genes and
pinpointed potential targets for each transcription factor through GENIE3. Following
that, we conducted a regression analysis on the correlation between TFs and targets. To
handle the numerous cell types, we utilized the Regulon Specificity Score (RSS) to

pinpoint regulons specific to each cell type and created a heatmap of regulon scores.
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We further improved visualization using the “ComplexHeatmap”, “ggplot2”, and
“pheatmap” packages.
2.8 Functional enrichment analysis of NMF aggrephagy-related subtypes

To investigate the metabolic properties of aggrephagy-related subtypes identified
using NMF typing, an enrichment score analysis was performed. For demonstration
purposes, the “scmetabolism” package [42] was utilized to randomly generate scores
for 30 metabolic signaling pathways.
2.9 Prognostic analysis and Immunotherapeutic response of NMF aggrephagy-
related subtype cells

We examined the prognostic and immune response implications of NMF
aggrephagy subtypes in various ccRCC cohorts, including TCGA-KIRC, RECA-EU,
and E-MTAB-1980, at the bulk level. The gene signature scores for the aggrephagy cell
subtypes were calculated using the “GSVA” package [43]. The association between
NMF signatures related to aggrephagy and patient prognosis was investigated through
optimal Cutoff, log-rank test, and Cox proportional hazard regression analysis. Kaplan-
Meier curves were generated, and cutoff values for different NMF cell signatures in
diverse ccRCC cohorts were determined using the “survminer” package. The
immunotherapeutic responses of NMF aggrephagy-related subtypes were predicted
using the TIDE database [44], which evaluates patient response based on expression
profiles before tumor treatment, utilizing various established transcriptional biomarkers.
2.10 Cell culture, treatment and transfection

ACHN (CRL-1611; ATCC), 786-O (CRL-1932; ATCC), Caki-1 (HTB-46; ATCC)
were sourced from the Kunming Institute of Zoology, Chinese Academy of Sciences.
The 293T cell line (CRL-3216TM; ATCC) was obtained from Land. Hua Gene
Biosciences. All cell lines were maintained under standard culture conditions as
previously described [45]. For functional assays, ACHN and Caki-1 cells were
transfected with a TUBA4A overexpression plasmid or a corresponding control plasmid.
Plasmids and vectors were supplied by GeneCreate Biological Engineering Co., Ltd.
(Wuhan, China). Transfection was performed using 2.5 pl Lipofectamine 2000 reagent

(11668500, Thermo Fisher Scientific, Waltham, MA, USA) following the
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manufacturer’s instructions. After 6—8 h, the medium was replaced with fresh medium
containing 10% FBS, and cells were further incubated for 24 h. Transfected cells were
then harvested for protein extraction, and TUBA4A expression was confirmed by
Western blotting. Successfully transfected cells were subsequently used for downstream
experiments.

2.11 Protein analysis of prognostic genes

The UALCAN platform, which integrates TCGA RNA-seq, clinical, and prognos-
tic data for 31 cancer types [46], was used to assess the expression of four prognostic
proteins in ccRCC (n = 219) versus normal tissues (n = 169) based on CPTAC datasets
[46,47]. Proteomic analysis of 20 paired ccRCC and adjacent normal tissues, collected
post-surgery and snap-frozen at —80 °C, was performed using a Thermo Fisher Q Ex-
active mass spectrometer at Shanghai Applied Protein Technology Co., Ltd. Proteins
with fold changes >2.0 or <0.5 and p < 0.05 were considered significant. To further
validate TUBA4A expression, immunohistochemistry (IHC) data were retrieved from
the Human Protein Atlas (HPA) [48].

For Western blot assays, cells were lysed in RIPA buffer (R0020, Solarbio, Beijing)
supplemented with protease/phosphatase inhibitors (P0100, Solarbio). Protein
concentrations were determined with a BCA kit (P1511, Applygen, Beijing). Equal
protein amounts (40 pg/sample) were separated by 10% SDS-PAGE, transferred to
PVDF membranes (IPVH00010, Millipore), and incubated overnight at 4 °C with
primary antibodies, followed by secondary antibody incubation (1 h, RT). Protein bands
were visualized using an ECL kit (K-12045-D50, Bioship) on a Bio-Rad ChemiDoc
XRS system. Antibodies used included anti-TUBA4A (#D110022, Sangon), anti-LC3
(#14600-1-AP, Proteintech), and anti-P62 (#18420-1-AP, Proteintech); fluorescent
secondary antibody: anti-rabbit IgG (#ab6721, Abcam). All experiments were
performed in triplicate.

2.12 MTS assay, Wound healing assay, Transwell migration assay and Transwell
invasion assay

ccRCC cells (2.5x10%well) and controls were seeded in 96-well plates. Cell
viability was assessed at 0, 24, 48, 72, and 96 h by adding 20 pul MTS reagent (CTB169,
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Promega, WI, USA) per well, incubating for 1 h at 37 °C, and measuring absorbance at
490 nm with a microplate reader (51119200, Thermo Fisher Scientific, Waltham, MA,
USA). Relative proliferation rates were calculated according to the manufacturer’s
instructions. For wound-healing assays, cells were seeded in six-well plates, allowed to
adhere overnight, and scratched with a 20 pl pipette tip. Images were captured at 0 and
24 h by fluorescence microscopy, and wound closure was quantified using Imagel
software. For invasion assays, Transwell chambers (3524, Corning, USA) pre-coated
with Matrigel (1:8 dilution, 356234, BD Biosciences, NJ, USA) were seeded with cells
suspended in serum-free medium in the upper chamber, while the lower chamber
contained DMEM supplemented with 10% FBS. After 24 h, invaded cells were fixed
with 4% paraformaldehyde, stained with crystal violet, and imaged by fluorescence
microscopy.
2.13 Statistical analysis

To analyze discrepancies among subgroups of various subtypes, we utilized the Stu-
dent’s t-test, Wilcoxon rank-sum, and Kruskal-Wallis tests. We identified genes associ-
ated with TME and various types of CAFs, tumor-associated macrophages (TAMs),
CD8+ T cells, and B cells for correlational assessment concerning subtype cells. R 4.1.2
software was used for all statistical evaluations, with p-values less than 0.05 deemed as
statistically significant. In addition, to evaluate the prognostic value of TUBA4A, we
performed Kaplan—Meier analysis with log-rank testing (survminer v0.4.9). ccRCC pa-
tients were stratified into low- and high-TUBA4A expression groups. Univariate Cox
regression was used to estimate hazard ratios (HR) and 95% confidence intervals (CI).
Significant variables (p < 0.1) from univariate analysis were included in a multivariate

Cox model for further mortality risk assessment.

3. Results
3.1 An overview of aggrephagy-related genes in single-cell data from ccRCC is
provided.

We investigated genes associated with aggrephagy within the ccRCC landscape by

analyzing single-cell data from nine ccRCC tissues and three normal kidney tissues, in
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addition to three ccRCC prognosis datasets and an immunotherapy dataset. The
annotation of cells was carried out using marker genes sourced from existing literature,
with a focus on NK cells, T cells, epithelial cells, endothelial cells, fibroblasts,
macrophages, monocytes, mast cells, and B cells (Figures 2A and 2B). Notable
differences in the composition of cell types were observed between tumor and normal
tissues, with particular emphasis on epithelial cells, endothelial cells, fibroblasts, and T
cells (Figure 2C). Analysis through CellChat revealed the interactions among different
subtypes of cells (Figures 2D and 2E), as well as the intensity of these interactions
through ligand-receptor pairs (Figure 2F). A heat map was used to illustrate the
expression of 44 aggrephagy-related genes across various TME cell types, providing
insights into their differential expression patterns (Figure 2G). Violin plots emphasized
the high expression levels of DYNLL1, HSP90AA1, RPS27A, TUBB4B, UBAS2,
UBB, UBC, and VIM genes across multiple cell types (Figure 2H). These results
suggest that the expression of aggrephagy genes could influence intercellular
communications within the tumor microenvironment.
3.2 Novel fibroblast clusters are evaluated under aggrephagy gene modifications
Recent studies have identified CAFs as a crucial element in the TME and are
becoming a focal point of research [49]. We conducted a dimension reduction analysis
to explore the impact of aggrephagy expression on CAFs. Through pseudo-temporal
analysis, we 1dentified six clusters of genes related to aggrephagy that play important
roles in various stages of CAF development (Figure 3A). During the early stages of
CAF development, genes such as UBE2N, DYNC1LI2, and PARK7 showed significant
expression, while PCNT, TUBA1C, and TUBA4A were prominent in later stages. By
using NMF, we categorized CAF subtype cells based on the expression of aggrephagy-
related genes into Unclear-CAF-C0O, DYNCI1I12+CAF-C1, TUBB4B+CAF-C2, and
Non-aggrephagy-CAF-C3 subtypes (Figures 3B and 3C). The developmental trajectory
of NMF-based CAF clusters varied significantly based on pseudotime analysis (Figure
3D). Fibroblasts play a crucial role in the tumor stroma. CAFs and the acidic
microenvironment promote tumor cells to favor glucose metabolism and enhance tumor

progression [50]. Therefore, identifying different aggrephagy cells can help in
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understanding the relationships and coordination among aggrephagy fibroblasts.
Endothelial cells were mainly associated with DYNCII2+CAF-C1 cell clusters
(Figures 3E and 3F). Moreover, DYNCI1I12+CAF-C1 cell clusters exhibited the highest
levels of Outgoing and Incoming signaling patterns (Figure 3G), with PDGF, PTN, and
GAS being the key signaling pathways involved in tumor proliferation and migration.
We also examined important CAF phenotype markers, such as pro-inflammatory genes,
neo-angiogenic genes, and MMPs. The pathway heatmap (Figure 3H) displayed distinct
expression patterns of common pathway genes among aggrephagy-CAF subtypes.
DYNCI1I12+CAF-CI1 exhibited significantly elevated expression levels of ECM, TGFb,
Neo-Angio, and proinflammatory pathway genes, while TUBB4B+CAF-C2 displayed
significantly higher expression of ECM, Neo-Angio, Contractile, and Ras pathway
genes. We performed a comparative analysis of TF regulation characteristics and
subtype-specific  transcription  factors between DYNCII2+CAF-C1  and
TUBB4B+CAF-C2. Our findings indicated that, except for a few transcription factors,
the expression patterns of other transcription factors demonstrated an inverse trend
(Figure 3I). Additionally, DYNCI1I2+CAF-C1 and Unclear-CAF-CO cell clusters were
identified as being more enriched in metabolic signaling pathways (Figure S2A). NMF
cluster 2 (TUBB4B+CAF-C2) showed enrichment in the signaling pathway associated
with protein processing in the endoplasmic reticulum (Figure 3J). GSVA was utilized
to calculate scores for established classical CAF phenotype markers, intending to reveal
the potential phenotypes and functionalities of the aggrephagy CAF subtypes [51].
DYNCII2+CAF-C1 demonstrated the highest scores for pan-myCAF, pan-dCAF, and
pan-pCAF, whereas TUBB4B+CAF-C2 exhibited prominent scores for pan-iCAF and
pan-iCAF-2 (Figure 3K). Consequently, our identified fibroblast clusters associated
with aggrephagy can be related, to some degree, to classical fiber phenotypes [52].
3.3 Novel macrophage cell clusters are studied under aggrephagy gene
modifications

In ccRCC tissue, TAMs are present and play a critical role in the advancement and
prognosis of the disease. A thorough analysis of gene expression patterns in macrophage

development revealed diverse expressions of aggrephagy genes at different stages,
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indicating their intricate functions in regulating macrophage differentiation and activity
(Figure 4A). Through NMF clustering and gene annotation, novel macrophage
subpopulations were identified, including TUBB4B+Mac-C0, Non-aggrephagy-Mac-
Cl, TUBA1A+Mac-C2, HSP90AA1+Mac-C3, and DYNCIH1+Mac-C4 (Figure 4B).
Notably, TUBB4B+Mac-CO0 comprised the largest portion of macrophages (Figure 4C),
with varying degrees of development observed across TAM clusters in the pseudotime
analysis (Figure 4D). The visualization of interactions between different macrophage
subpopulations using CellChat revealed that TUBB4B+Mac-CO had the highest
interaction with endothelial cells at 7 (Figures 4E and 4F). Furthermore,
TUBB4B+Mac-C0, TUBA1A+Mac-C2, HSP90AA1+Mac-C3, and DYNCI1H1+Mac-
C4 were associated with numerous outgoing and incoming signaling pathways, with
key factors such as MIF, COMPLEMENT, GALECTIN, SPP1, ANNEXIN, TNF, and
TGFDb contributing significantly to these interactions (Figure 4G). The transcriptional
activity was notably high in the HSP90AA1+Mac-C3 cluster (Figure 4H). NMF cluster
1 (Non-aggrephagy-Mac-C1) showed enrichment in rheumatoid arthritis, lipid and
atherosclerosis, and Chagas disease, while NMF cluster 3 (HSP90OAAI1+Mac-C3)
exhibited enrichment in protein processing in the endoplasmic reticulum (Figure 4I).
Additionally, TUBA1A+Mac-C2 was enriched in various metabolism-related signaling
pathways (Figure S2B). Subsequently, we conducted a comparison of newly identified
aggrephagy-associated macrophage subpopulations with respect to M1 and M2
macrophage classifications. Additionally, the polarization scores indicative of M1 -like
and M2-like characteristics were calculated for various aggrephagy TAM subtypes, as
referenced in [53]. As shown in Figures 4J and S1D, the novel aggrephagy macrophage
cell clusters are mainly concentrated with the M1-type cell subpopulation. TAMs in
ccRCC play a critical role in tumor progression by promoting proliferation,
angiogenesis, immune escape, and dissemination, and their dual M1/M2 properties
make them a promising therapeutic target requiring further investigation for specific

markers [54].

3.4 Novel CD8" T cell clusters are analyzed under aggrephagy gene modifications
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The researchers further classified the T cells into subpopulations identified as CD4*
T, CD8" T, and NK cells. Given the critical role of CD8" T cells in affecting tumor
metastasis and treatment outcomes, an in-depth analysis of these cells was undertaken
[55]. Using Monocle2, it was observed that the expression patterns of aggrephagy genes
varied across different stages of macrophage development, suggesting their intricate
and dynamic roles in the differentiation and functional regulation of macrophages
(Figure 5A). CD8" T cells were subdivided into six clusters via NMF, annotated with
aggrephagy genes: Unclear-CD8'T cells-CO0, TUBA1A"CD8+T cells-Cl,
TUBA1B+CDS8'T cells-C2, TUBA4A+ CD8'T cells-C3, TUBB4B+CD8'T _cells-C4,
and Non-aggrephagy-CD8'T cells-C5 (Figure 5B). The expression of aggrephagy
genes within CD8" T cell clusters varied across nine ccRCC patients (Figure 5C). The
novel CD8" T cell cluster was further categorized into four branches according to a
proposed temporal sequence (Figure 5D). Concurrently, CellChat analysis
demonstrated the strength of the correlation among the novel aggrephagy CD8" T cell
clusters. By examining the interactions between various novel aggrephagy CD8 T cells
and endothelial cells, it was found that TUBA1B+CDS8'T cells-C2 had the highest
number of interactions (Figure 5E). CellChat signaling analysis indicated that the main
incoming signaling routes for aggrephagy CD8" T cell clusters were through the PARs,
CD137, and VISFATIN signaling pathways. The MIF and CD137 signaling pathways
emerged as the primary outgoing signaling routes for the novel aggrephagy CD8" T
subtype (Figure 5F). Additionally, the interaction between immune checkpoints and
their corresponding ligands (such as PD-1/PD-L1 and CTLA4/CD86) plays a role in
altering the metabolism of both tumor and immune cells [56]. A study was conducted
to compare the average expression levels of genes associated with immune checkpoint
activators and suppressors in various subsets of CD8" T cells. As a result, six distinct
clusters of aggrephagy CD8" T cells displayed varying immune function-related terms
(Figures 5G and 5H). Transcription factors are capable of modulating the expression of
genes downstream and act as key regulators in maintaining cellular characteristics. It
was observed that the TUBA1B+CD8T cells-C2 and Non-aggrephagy-CD8T cells-

CS5 clusters exhibited heightened transcription factor activity (Figure 5I). The
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TUBA1B+CDS8'T cells-C2 cell clusters were notably enriched in a variety of
metabolic signaling pathways (Figure S2C). Most cell clusters demonstrated
enrichment in Parkinson’s disease, whereas NMF cluster 2 (TUBA1B+CD8'T _cells-
C2) was specifically enriched in the cell cycle pathway (Figure 5J). Interestingly, the
analysis revealed that TUBA1A+CDS8'T cells-C1 and TUBA1B+CD8'T cells-C2
displayed elevated T cytotoxic and T exhaustion scores, whereas
TUBA4A+CDS8'T cells-C3 and TUBB4B+CDS8'T _cells-C4 exhibited lower scores for
both metrics (Figure 5K).
3.5 Novel B cell clusters are investigated under aggrephagy gene modifications

As integral components of the immune system, B cells are crucial for antibody
production, immune regulation, and memory response. By utilizing genes associated
with aggrephagy, B cells were further categorized into four groups: TUBA1A+B_cells-
C0, UBC+B cells-C1, Non-aggrephagy-B cells-C2, and DYNCIHI1+B_cells-C3
(Figure 6A). Among these, TUBA1A+B cells-CO cell clusters constituted 28%,
UBC+B cells-C1 cell clusters comprised 23%, and DYNCI1HI1+B cells-C3 cell
clusters made up 18% of the total B cell population (Figures 6B, 6C and 6D). Results
from CellChat analysis demonstrated that these novel B cell subtypes interacted with
endothelial cells across the four distinct aggrephagy B cell clusters (Figures 6E and 6F).
The MIF signal was found to be the predominant contributor to both the output and
input signals within these cell clusters (Figure 6G). Additionally, higher transcription
factor activity was found in UBC+B_cells-C1 clusters (Figure 6H). Numerous
metabolic pathways were found to be enriched in UBC+B_ cells-Cl1 cell clusters (Figure
S2D). Furthermore, the NMF cell cluster 1 (UBC+B_cells-C1) showed significant
enrichment in protein processing activities within the endoplasmic reticulum (Figure
6H).
3.6 The prognosis and immune response of patients with ccRCC are influenced by
novel aggrephagy cell clusters

Further, we analyzed the prognosis of the subtype cells using transcriptional and
prognostic information from the TCGA, RECA-EU, and E-MATB-1980 cohorts.

According to CellChat, all aggrephagy cell subtypes in ccRCC interact with one another
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(Figure 7A). Specifically, TUBB4B+Mac-C0 and DYNCI1HI1+Mac-C4 cell clusters
showed more frequent interactions with endothelial cells (Figure 7B). A box plot
illustrates that aggrephagy-related genes exhibit lower expression in tumor tissues
compared to normal tissues within the TCGA-KIRC cohort (Figure 7C). Moreover, our
findings indicate that cell types like DYNCI1I2+CAF-C1, TUBB4B+CAF-C2, and
TUBA1A+CDS8T cells-C1 are significantly less expressed in tumor tissues compared
to normal tissues (p < 0.05) (Figure 7D). On the other hand, cell types such as
TUBA1B+CDS8'T cells-C2, TUBA4A+CD8'T cells-C3, TUBB4B+CD8'T cells-C4,
TUBA1A+Mac-C2, HSP90AA1+Mac-C3, DYNCIH1+Mac-C4, TUBA1A+B_cells-
C0, UBC+B_cells-C1, and DYNC1H1+B _cells_C3 are significantly overexpressed in
tumor tissues relative to normal tissues (p < 0.05) (Figure 7D). Subsequent univariate
Cox analysis provided consistent prognostic information for novel aggrephagy subtypes
across different datasets (Figure 7E). Cell clusters such as TUBA1A+CD8'T cells-C1
and TUBA1B+CD8'T cells-C2 could serve as potential risk factors for patients with
ccRCC. After confirming the influence of aggrephagy on the TME, we assessed
whether these aggrephagy-based TME patterns influenced responses to ICB therapy.
Moreover, the prognosis of these novel aggrephagy cell clusters was examined in
different datasets available in the immunotherapy TIDE database. The TCGA, RECA -
EU, and E-MATB-1980 cohorts revealed varying immunotherapeutic responses for
multiple aggrephagy cell subtypes (p < 0.05) (Figures 7G, 7H, and 7I). Furthermore,
our analysis revealed that within at least two cohorts, TUBB4B+CAF-C2,
TUBA1B+CDS8'T cells-C2, TUBA4A+CDS8'T cells-C3, TUBB4B+CDS8'T _cells-C4,
TUBB4B+Mac-C0, UBC+B_cells-C1, and DYNC1H1+B_ cells C3 were found to be
downregulated in responders, indicating a potential association with resistance to
immune checkpoint blockade (ICB) (Figures 7G-71). By employing logistic regression,
we calculated the odds ratio for predicting response, highlighting the negative impact
of these specific cell types (Figure 7F). The IMvigor210 cohort comprised patients with
advanced uroepithelial carcinoma who received anti-PDL1 therapy. In this cohort,
DYNCII2+CAF-C1, TUBAIB+CDS8'T cells-C2,  TUBA4A+CD8'T_cells-C3,
TUBB4B+CD8'T cells-C4, TUBA1A+Mac-C2, and DYNCI1HI1+Mac-C4 were all
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downregulated in responders, indicating their potential role in ICB resistance among
Bladder Urothelial Carcinoma (BLCA) patients (Figure S4H). Subsequently, we
conducted Kaplan-Meier analysis in the TCGA, RECA-EU, E-MATB-1980, and
IMvigor210 cohorts, pinpointing several novel aggrephagy cell clusters that
significantly impacted Overall Survival (OS) in both ccRCC and population cohorts
(Figures S3, S4, S5 and S6). Interestingly, analysis of all three ccRCC datasets revealed
that four prognostic genes—TUBAI1A, TUBA1B, TUBA4A, and HSP90OAA1—were
statistically significant across all datasets.

3.7 Protein analysis of prognostic genes was performed.

We systematically evaluated the protein expression levels of four key prognostic
genes, TUBA1A, TUBA1B, TUBA4A, and HSP90OAA1, using integrated bioinformatic
and experimental approaches. Analysis of the CPTAC dataset via UALCAN revealed
significantly reduced protein expression of TUBAIA, TUBA4A, and HSP90AAL in
ccRCC compared to normal tissues (Figure 8A). To validate these findings, we per-
formed proteomic profiling of clinical ccRCC and paired normal tissues. Interestingly,
this analysis showed significant upregulation of TUBA1B and TUBA4A in tumor sam-
ples (Figure 8B). Based on this consistent dysregulation across datasets, we selected
TUBAA4A for further experimental validation. We observed decreased protein expres-
sion levels of TUBA4A in ccRCC tissues compared to normal tissues (Figure 8C-8D).
To further characterize TUBA4A, we examined its subcellular distribution using Gene-
Cards, which indicated cytoplasmic and cytoskeletal localization, consistent with its
potential role in cellular structural regulation. IHC results of the protein expression of
TUBA4A from the HPA database were displayed in Figure 8E. We found that TUBA4A
was expressed at a high level in normal tissues and exhibited various expression levels
in ccRCC patients, ranging from low to high expression. Consistently, elevated
TUBAA4A protein levels were also observed in ccRCC cell lines (ACHN and Caki-1)
compared to the 293 T reference line (Figure 8F). In functional support of these findings,
Kaplan—Meier analysis of TCGA-KIRC data further revealed that high FAP mRNA ex-
pression was significantly correlated with poorer overall survival in ccRCC patients

(Figure 8G). Collectively, by integrating public database mining, proteomic profiling,
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and experimental protein detection, we consistently identify aberrant TUBA4A expres-
sion in ccRCC, highlighting its potential role in tumor pathogenesis. The recurrent
dysregulation of TUBA4A observed across these complementary analytical platforms
implies the presence of context-specific regulatory mechanisms and solidifies its can-
didacy for in-depth functional and mechanistic exploration.

3.8 Oncogenic Behaviors Are Potentiated by TUBA4A via Autophagy Induction

To investigate the functional impact of TUBA4A, which is downregulated in
ccRCC, we transfected ACHN and Caki-1 cells with a TUBA4A overexpression plas-
mid and confirmed elevated protein expression by Western Blot (Figure 9A). Functional
assays revealed that TUBA4A overexpression significantly enhanced pro-liferation
(MTS assay, Figure 9B), migration (Wound Healing and Transwell Migration assays),
and invasion (Transwell Invasion assay) in both cell lines (Figure 9C-9D).

Given the association between TUBA4A and aggrephagy identified in our bioin-
formatic analyses, and considering that aggrephagy represents a critical subtype of se-
lective autophagy [57], we examined classic autophagy markers. Overexpression of
TUBAA4A induced an elevation in the LC3-II/LC3-I ratio and accelerated degradation
of P62, consistent with established hallmarks of autophagy induction [58]. As an a-
tubulin isotype and a major component of cytoskeletal microtubules [27], TUBA4A
may contribute to enhanced microtubule stability and function. Microtubules are known
to support essential cellular processes including intracellular transport, organelle posi-
tioning, and cell motility [59], all of which are integral to autophagic flux. We propose
that TUBA4A overexpression reinforces microtubule-mediated transport, thereby facil-
itating autophagosome formation and cargo degradation, as reflected by the accumula-
tion of LC3 and reduction of P62 (Figure 9E). In summary, these results suggest that
TUBAA4A overexpression drives pro-tumorigenic phenotypes in ccRCC cells, poten-
tially through the activation of autophagy. This proposed mechanism requires further
functional validation.

Discussion
Aggrephagy has recently emerged as a critical process in tumor biology, with its

dysregulation strongly implicated in tumorigenesis and cancer progression [60, 61].
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Although aggrephagy is considered a therapeutic target for proteinopathies, its cell-
type-specific functions in the TME of ¢ccRCC remain unexplored. In this study, we
present the first single-cell atlas of aggrephagy activity in ccRCC, revealing
heterogeneity across stromal and immune compartments and demonstrating that
aggrephagy subtypes are closely associated with patient prognosis, thereby
underscoring their clinical relevance.

Among stromal components, CAFs are key mediators of extracellular matrix
remodeling and immunosuppression [62]. Distinct CAF subtypes have been described
[63], with some shown to impair T-cell infiltration and limit PD-1 blockade efficacy
[64]. Here, we identified two major CAF clusters: DYNCI1I2+CAF-C1, enriched in
metabolic signaling, pro-inflammatory pathways, and endothelial interactions, which
correlated with favorable prognosis; and TUBB4B+CAF-C2, enriched in
Ras/contractile signaling and pan-iCAF features, associated with poorer outcomes.
Both subtypes showed differential transcription factor (TF) activity and enrichment in
autophagy/aggrephagy-related pathways such as ER protein processing and phagosome
formation [65, 66], suggesting that aggrephagy may shape CAF heterogeneity and
influence immune suppression.

Macrophages are abundant in ccRCC and strongly linked to poor prognosis [67,
68]. Our analysis revealed that most aggrephagy-related TAM clusters exhibited M1 -
like signatures. Notably, TUBB4B+Mac-C0 displayed strong endothelial interactions
and correlated with adverse prognosis, whereas HSP90AAI1+Mac-C3 was
transcriptionally active in ER protein processing and enriched for STAT1/STAT2/IRF1
activity. In contrast, TUBA1A+Mac-C2 was enriched in metabolic pathways,
highlighting functional divergence among TAM aggrephagy subtypes [69, 70]. These
findings suggest that aggrephagy modulates TAM metabolic and functional states,
potentially contributing to immune evasion.

In adaptive immunity, CD8* T cells are central to antitumor defense [71, 72]. In
ccRCC patients, these immune cells are involved not only in the anti-tumor response
but also in cancer progression, with CD8" T cells playing a particularly significant role

[73]. We found that TUBA 1B+CD&*T-C2 clusters exhibited enhanced communication
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with endothelial cells, enrichment in metabolic and exhaustion pathways, and were
associated with poor prognosis. TF analysis revealed distinct regulatory patterns across
aggrephagy subtypes: CAF clusters showed activation of FOXCI1, ATF4, and FOSB,
whereas TUBA1B+CD8T-C2 clusters displayed broad TF inhibition, including STAT1

and ETS1, both implicated in cancer progression [74, 75].

Importantly, our study also highlights TUBA4A, a previously underexplored a-
tubulin isoform, as a novel regulator within the ccRCC TME. TUBA4A is a major
component of the cytoskeleton and plays essential roles in microtubule stability,
intracellular transport, and cell motility [27]. We observed that TUBA4A expression
correlates with aggrephagy-related signatures across multiple TME cell types,
suggesting that its dysregulation may alter cytoskeletal dynamics, thereby affecting
autophagic flux and immune—stromal interactions. Previous studies have shown that
microtubule-associated proteins can regulate autophagosome trafficking and immune
cell function [76, 77], supporting our finding that TUBA4A may serve as a structural
and functional mediator linking cytoskeletal remodeling, aggrephagy activation, and

TME reprogramming in ccRCC.

Collectively, our integrative single-cell analyses reveal that aggrephagy-related
gene programs, including TUBA4A, shape the functional heterogeneity of CAFs,
TAMs, and CD8" T cells, thereby influencing the immunosuppressive TME and patient

prognosis in ccRCC. While limited by sample size, our study provides the first evidence
that aggrephagy contributes to tumor—immune-stromal crosstalk in ccRCC, offering a
novel perspective for therapeutic intervention. Future studies with larger cohorts are

warranted to validate these findings and to explore aggrephagy and TUBA4A as

potential targets for overcoming immune evasion.
Conclusion

This study provides the first single-cell atlas of aggrephagy in the ccRCC TME,
revealing its role in immune suppression, metabolic reprogramming, and therapeutic

resistance. We identify TUBAA4A as a novel autophagy-related oncogene that enhances
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autophagic flux and promotes malignant phenotypes. These findings highlight ag-

grephagy and TUBAA4A as potential biomarkers and therapeutic targets in ccRCC.
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Figure 1. The single-cell quality control process and overall design were presented. (A) The

cells were uniformly distributed in the ccRCC samples, and a positive association (r = 0.93) was

observed between gene expression levels and the amount of gene expression. (B) Ten hypervaria-

ble genes were identified. (C) The highly variable genes were normalized and visualized using

DimPlot and ElbowPlot. (D) The distribution of tumors and normal tissues before (umap_naive)

and after (umap) harmony was shown by UMAP. (E) The overall design of this study was illus-
trated.
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Figure 2. An overview of aggrephagy-related genes in single-cell data from ccRCC is
provided. (A) Subpopulations of ccRCC cells are annotated with marker genes in a heat map. (B)
Nine distinct cell subpopulations within ccRCC cells are identified using UMAP visualization. (C)

The proportion of cell subpopulations in both normal and ccRCC tissues is demonstrated in a cell
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percentage diagram. (D-E) Cellular interactions among subpopulations of ccRCC cells are
revealed using CellChat analysis. (F) Interaction levels through ligand-receptor pairs among
ccRCC cell subtypes are depicted in a ligand-receptor dot plot. (G) The distribution of
aggrephagy-related genes in NK cells, T cells, epithelial cells, endothelial cells, fibroblasts,
macrophages, monocytes, mast cells, and B cells is exhibited by a heat map. (H) The expression

of aggrephagy-related genes in TME subpopulation cells is illustrated in violin diagrams.
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Figure 3. Novel fibroblast clusters are evaluated under aggrephagy gene modifications. (A)
The differentiation of fibroblast clusters after NMF classification is exhibited by pseudo-time
analysis. (B) Fibroblast clusters after aggrephagy gene annotation are displayed using UMAP. (C)
The proportion of novel fibroblast clusters in nine ccRCC patients is shown by a cell percentage
diagram. (D) The role of aggrephagy genes in fibroblast clustering after NMF classification is
revealed through trajectory analysis. (E-F) The interaction of novel fibroblast clusters with

endothelial cells is revealed through CellChat analysis. (G) The signaling pathways of the novel
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fibroblast cluster inputs and outputs are illustrated in a heat map. (H) The expression of CAF
phenotype markers in novel fibroblast clusters is shown in a heat map. (I) The active expression of
transcription factors in a novel cell cluster of aggrephagy fibroblasts is depicted by a heat map. (J)
KEGG enrichment analysis of the aggrephagy fibroblast cluster enrichment is conducted. (K) The
enrichment of aggrephagy fibroblast clusters in a characteristic subpopulation of previous

fibroblasts is demonstrated by a heat map.
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Figure 4. Novel macrophage cell clusters are studied under aggrephagy gene modifications.
(A) Differentiation of macrophages after NMF classification is demonstrated by pseudo-time anal-
ysis. (B) Novel aggrephagy macrophage clusters after clustering by NMF are shown in UMAP.
(C) The expression of novel aggrephagy macrophage cell clusters in patients with ccRCC is de-

picted in cell percentage plots. (D) The role of aggrephagy genes in macrophage clustering after
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NMF classification is revealed by trajectory analysis. (E-F) The interaction of novel macrophage
cell clusters with endothelial cells is revealed by CellChat. (G) The signaling pathways of the
novel macrophage cell cluster inputs and outputs are displayed in a heat map. (H) Transcription
factor activities of aggrephagy macrophage cell clusters are illustrated in a heat map. (I) KEGG
enrichment analysis is performed for macrophage cell clusters enrichment. (J) The expression of

novel aggrephagy macrophage clusters in M1 and M2 phenotypes is shown in a violin diagram.
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Figure 5. Novel CD8" T cell clusters are analyzed under aggrephagy gene modifications. (A)
Differentiation of CD8" T cell clusters after NMF classification is demonstrated by pseudo-time
analysis. (B) CD8" T cell clustering fractionation after aggrephagy annotation is illustrated using
UMAP. (C) The percentage of expression of novel aggrephagy CD8 T cell clusters is showcased
by cell percentage plots. (D) The role of aggrephagy genes in CD8" T cell clustering after NMF

classification is presented by trajectory analysis. (E) The interaction of novel CD8" T cell clusters
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with endothelial cells is demonstrated by Cell Chat. (F) The signaling pathways of the novel CD8*
T cell clusters’ inputs and outputs are depicted by a heat map. (G) Expression of immunostimula-
tory genes in novel CD8" T cell clusters is shown in a heat map. (H) Expression of immunoinhibi-
tory genes in novel CD8" T cell clusters is displayed in a heat map. (I) Transcription factor activi-
ties of aggrephagy CD8" T cell clusters are revealed in a heat map. (J) Enrichment of metabolic
signaling pathways in aggrephagy CD8" T cell clusters is presented in a dot plot. (K) KEGG en-
richment analysis is performed for the enrichment of aggrephagy CD8" T cell clusters. (L) The
correlation of novel aggrephagy CD8™ T cell subtype cells with CD8" T cells exhaustion and cyto-

toxicity is manifested by a heat map.
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Figure 6. Novel B cell clusters are investigated under aggrephagy gene modifications. (A) B

cell clustering fractionation after aggrephagy annotation is demonstrated by UMAP. (B) The
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percentage of expression of novel aggrephagy B cell clusters in nine ccRCC patients is shown in a
cell percentage diagram. (C) The expression of novel aggrephagy B cell clusters and plasma cells
in patients with ccRCC is shown in cell percentage plots. (D-E) The interaction of novel B cell
clusters with endothelial cells is illustrated by Cell Chat. (F) The signaling pathways of the novel
B cell clusters’ inputs and outputs are manifested in a heat map. (G) Transcription factor activities
of aggrephagy B cell clusters are demonstrated in a heat map. (H) The enrichment of metabolic
signaling pathways in aggrephagy B cell clusters is depicted in a dot plot. (I) KEGG enrichment

analysis is performed for the aggrephagy B cell clusters enrichment.
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Figure 7. The prognosis and immune response of patients with ccRCC are influenced by

novel aggrephagy cell clusters. (A) Interactions between all novel aggrephagy cell clusters are
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demonstrated by Cell Chat. (B) The interaction between all novel aggrephagy cell clusters and en-
dothelial cells is demonstrated by Cell Chat. (C) The difference in aggrephagy gene expression in
ccRCC tissues and normal tissues is shown in a box plot. (D) The difference in expression of ag-
grephagy cell clusters in ccRCC tissues and normal tissues is demonstrated in a box plot. (E) One-
way Cox analysis of novel aggrephagy cell clusters in the prognosis of TCGA, RECA-EU and E-
MTAB-1980 patient cohorts is shown in a bubble plot. (F) One-way Cox analysis of novel ag-
grephagy cell clusters in the immune response prognosis of TCGA, RECA-EU and E-MTAB-1980
patient cohorts is demonstrated in a bubble plot. (G-I) The immune response of aggrephagy cell
clusters in TCGA, RECA-EU and E-MTAB-1980 patient cohorts is shown in box plots. *p <0.05,

#p < 0.05<0.01, ***p < 0.05 <0.001, ****p < 0.05< 0.0001.
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Figure 8. Protein analysis of prognostic genes was performed. (A) The protein expression lev-
els of TUBA1A, TUBA1B, TUBA4A and HSP90OAA1 were assessed based on data from CPTAC.
(B) Proteomic analysis was conducted to confirm the four prognostic genes in ccRCC specimens
and adjacent normal tissues (n=20). (C-E) The protein expression levels of TUBA4A in paired
normal tissues and ccRCC samples (n=10, C-D) were detected by Western blot analysis and the
relevant data were obtained from the HPA online database (E). (F) The protein expression of
TUBA4A was detected in normal renal tubular epithelial cells (293T) and ccRCC cell lines
(ACHN, Caki-1 and 786-0) using Western blot analysis. (G) The overall survival (OS) curves
were constructed based on TCGA data (low = 134, high =407). Note: *p <0.05, **p <0.01, ***p

<0.001, ns, nonsignificant vs. each control.
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Figure 9. ccRCC cells’ proliferation was promoted by TUBA4A overexpression in vitro. (A,
E) TUBA4A (A), LC3 and P62 (E) expression was detected in ccRCC cell lines after transfection
with the TUBA4A overexpression plasmid through Western Blot analysis. (B-D) MTS assay (B),
Scratch assay (C), Transwell migration assay and Transwell invasion assay (D) were used to detect

the effect of TUBA4A overexpression on cell proliferation, migration, and invasion in ccRCC cell
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lines. Bars represent the mean + SD from three independent experiments, each performed in tripli-

cate. *p <0.05, **p <0.01, ***p <0.001, ns, nonsignificant vs. each control. OE, overexpression.



