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Abstract
Background  The pathogenesis and progression of renal cell carcinoma (RCC) involve complex programmed cell death 
(PCD) processes. As the powerhouse of the cell, mitochondria can influence cell death mechanisms. However, the prognostic 
significance of the interplay between mitochondrial function (MF) and PCD remains unclear.
Methods  We collected sets of genes related to PCD and MF. Using a powerful machine learning algorithm framework, we 
investigated the relationship between MF and PCD in different cohorts of patients and developed a machine learning-derived 
prognostic signature (mpMLDPS) related to MF and PCD. Finally, the most appropriate prognostic markers for RCC were 
screened by survival analysis and clinical correlation analysis, and the effects on renal cancer cells were analysed in vitro.
Results  mpMLDPS was significantly correlated with the prognosis of RCC patients, and the prognosis was worse in the 
high mpMLDPS group, and this result was also validated in external independent cohorts. There were associations between 
mpMLDPS and immune checkpoints, tumour microenvironment, somatic mutations, and drug sensitivity. Finally, a novel 
RCC prognostic marker PIF1 was identified in model genes. The knockdown of PIF1 in vitro inhibited the progression of 
renal carcinoma cells.
Conclusion  mpMLDPS has great potential to serve as a reliable clinical signature to improve the accuracy and reliability of 
prognostic assessment in RCC patients, thereby choosing the appropriate therapeutic regimen in clinical practice. PIF1 is 
also expected to be a novel target for the clinical treatment of RCC.

Keywords  Mitochondria function · Programmed cell death · Kidney clear cell carcinoma · Machine learning · Prognostic 
signature · PIF1

Introduction

Renal cancer has a lower incidence rate than bladder can-
cer and prostate cancer among urological tumours, but it is 
the malignant tumour with the highest mortality rate in the 
urinary tract [1]. Clear cell renal cell carcinoma (ccRCC) is 
the most common and aggressive type of kidney cancer in 
adults. One-third of new RCC diagnoses have metastasised 
[2]. Patients with unresectable advanced RCC usually rely 
on immune checkpoint inhibitors (ICIs) or anti-angiogenic 
agents to prolong survival [3]. Additionally, the ICIs effect 
is often ineffective due to issues such as drug resistance, 
recurrence, and individual differences, improving the prog-
nosis of renal cancer patients remains a major challenge [4]. 
Therefore, exploring novel therapeutic targets with consist-
ent responsiveness is still necessary.
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PCD is a controlled manner in which the body removes 
unwanted cells [5]. Mitochondria are double-membrane 
organelles in cells that regulate energy production, support 
cellular activities, and harbour metabolic pathways. Interest-
ingly, it was found that mitochondria were not only a source 
of energy [6], but also determined cellular outcomes by reg-
ulating PCD [7]. However, the specific interactions between 
mitochondrial and PCD and their underlying mechanisms 
remain unclear. In clinical practice, TNM staging is a key 
determinant of prognosis in patients with tumours and is 
often used to understand the surgical approach and subse-
quent follow-up of patients [8]. Frustratingly, in numerous 
cases, tumours with nearly identical TNM staging and his-
tologic types exhibit different prognostic differences and 
highly variable treatment responses [9]. Hence, it is essential 
to integrate novel biomarker data in a supplementary manner 
to offer insights that can enhance the prediction of outcomes.

Advances in next-generation sequencing technologies 
have led to a dramatic increase in research to identify bio-
markers in tumours. A variety of genetic signatures for renal 
cancer prognosis have been established [10, 11]. However, 
these prognostic features are still deficient in terms of data 
utilisation, proper selection of modelling algorithms, and 
multi-cohort coverage [12]. Herein, we harnessed transcrip-
tomic data to construct novel mpMLDPS related to PCD 
and MF. We also integrated machine learning algorithms to 
reduce the impact of various biases in sample selection on 
model accuracy and generalisability. Notably, we aimed to 
investigate the potential mechanisms by which PCD and MF 
influence prognosis and immunotherapy response. This may 
provide direction for tailored RCC treatment.

Methods

Transcriptome sequencing data acquisition

Transcriptome sequencing data and associated clinical infor-
mation for the kidney renal clear cell carcinoma (KIRC) 
cohort from TCGA were downloaded from the GDC por-
tal (https://​portal.​gdc.​cancer.​gov/). Gene microarray data 
and clinical information for the E-MTAB-1980 cohort 
and GSE167573 cohort were obtained from the ArrayEx-
press database (https://​www.​ebi.​ac.​uk/​array​expre​ss/) and 
gene expression omnibus (GEO) database (https://​www.​
ncbi.​nlm.​nih.​gov/​geo/). The RNA-seq and microarray data 
were processed to remove genes with lower overall expres-
sion, and the expression values of the same genes were 
averaged. To make the gene expression values of different 
cohorts more comparable, we converted the gene expres-
sion values of different cohorts to a Z-Score and removed 
the patients with missing data of necessary clinical data. 
The set of PCD-related genes was collected [13, 14], and 

mitochondria-related genes were downloaded from the Mito-
Carta3.0 database (https://​www.​broad​insti​tute.​org/) [15]. 
Detailed information is provided in Supplementary Table 1.

Construction of mpMLDPS

Differential expression analysis between tumour and nor-
mal tissues was performed on the Counts data of TCGA-
KIRC using the “DESeq2” R package. Differentially 
expressed genes (DEGs) that met the criteria (|log2FC|> 1 
and adj.p < 0.05) were screened out. To obtain the intersec-
tion genes between DEGs and PCD, MF-related genes, the 
“VennDiagram” R package was used to take the intersection 
genes and generate Venn diagrams.

COX regression prognostic analyses were performed 
using intersecting genes, which were then screened for 
genes with p < 0.05 and the consistent hazard ratio (HR) 
trend in the three cohorts. We analysed the survival data by 
combining 10 different machine learning algorithms includ-
ing resilient COX least squares regression (plsRcox), Cox-
Boost, elastic network regression (Enet), generalised boosted 
regression model (GBM), Lasso, Ridge, supervised principal 
component analysis (SuperPC), stepwise COX (Stepwise 
Cox), survival support vector machine (survival-SVM), and 
random survival forest (RSF). This combinatorial process 
resulted in a total of 76 unique algorithm combinations. The 
76 algorithm combinations in the three cohorts were mod-
elled using the identified prognostic genes. The C-index of 
each algorithm was calculated in different cohorts, and the 
algorithm combination with the highest average C-index was 
selected as the optimal model.

Immune microenvironment, immune checkpoint 
analysis, and immunotherapy response

The CIBERSORT algorithm was used to estimate the level 
of immune infiltration in the high and low mpMLDPS 
groups by analysing the enrichment of immune cells [16]. 
The differences in immune checkpoints between groups were 
further assessed. To predict immunotherapy response, we 
predicted the response of KIRC to ICIs using the tumour 
immune dysfunction and rejection (TIDE, http://​tide.​dfci.​
harva​rd.​edu/​login/) algorithm to determine the immunother-
apy response rate in the high and low mpMLDPS groups.

Mutation mapping

To further explore the differences in genomic profiles 
between the high and low mpMLDPS groups, we defined 
the top 20 genes in terms of mutation frequency using the 
“maftool” R package. Subsequently, we calculated the 
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tumour mutation rate (TMB) for each sample and performed 
survival analyses for the different subgroups.

Exploring potential therapeutic agents

To develop personalised therapeutic regimens for different 
risk categories, we comprehensively examined the gene 
expression and drug response information in the CCEL, 
CTRP and PRISM databases. Firstly, we calculated the 
mpMLDPS score of each cell line and categorised the cell 
lines into high and low mpMLDPS groups. Subsequently, 
we used analysis of variance to calculate the difference in 
AUC between compounds to determine the sensitive drug. 
A higher AUC indicates that the cell line is more sensitive 
to the drug. Subsequently, we compared the sensitivity of 
high and low AKT1 levels to sorafenib [17] to validate the 
accuracy of the method.

Clinical sample acquisition 
and immunohistochemistry (IHC)

The study was approved by the Ethics Committee of the 
First Affiliated Hospital of Zhengzhou University (2024-KY-
0999-001), and all participants provided written informed 
consent. The study adhered strictly to the ethical principles 
outlined in the Declaration of Helsinki regarding medical 
research involving human subjects. Clinical samples were 
collected from patients diagnosed with RCC at the First 
Affiliated Hospital of Zhengzhou University. Paracancerous 
tissues were obtained from normal tissues located within 
3 cm of the tumour. Tissue samples were immediately stored 
in liquid nitrogen and transferred to an ultra-low temperature 
freezer to preserve them for subsequent analysis.

Paraffin sections were deparaffinised and rehydrated, 
followed by heat-induced antigen retrieval using citrate 
nano-buffer solution. Endogenous peroxidase activity was 
blocked with 3% hydrogen peroxide solution, and non-spe-
cific binding was blocked with 3% BSA for 30 min at room 
temperature. The sections were incubated with the primary 
antibody overnight at 4 °C and with the secondary antibody 
for 50 min at room temperature. Target localisation was visu-
alised using DAB staining, after which the sections were 
sealed and observed under a microscope.

Cell culture and cell transfection

Human kidney 2 cells (HK-2) and human renal cell adeno-
carcinoma lines (769-P, 786-O, and ACHN) were obtained 
from Servicebio (Wuhan, China). Renal carcinoma cell lines 
Caki-1, OS-RC-2, and A498 were purchased from Procell 
(Wuhan, China). HK-2, A498, and ACHN cells were cul-
tured in MEM medium, while 769-P, OS-RC-2, and 786-O 
cells were maintained in RPMI-1640 medium. Caki-1 cells 

were cultured in McCoy’s 5A medium. All media were sup-
plemented with 10% foetal bovine serum (Cellbox, Chang-
sha, China) and 1% penicillin–streptomycin. Cells were 
grown in a humidified incubator at 37 °C with 5% CO₂.

Cells were seeded in 6-well plates at a density of 10 × 104 
cells per well to ensure a cell confluence of 20%–30% on 
the following day for transfection. The transfection system 
(medium + viral solution + transfection enhancer, total vol-
ume 1 mL; Genechem, Shanghai, China) was prepared and 
added on the next day. After 72 h of incubation, target gene 
expression was assessed by Western blot (WB). The medium 
was then replaced with complete medium containing puro-
mycin to select for stably transfected strains. After 2–3 days 
of selection, the puromycin concentration was reduced to 
half of its initial working concentration to maintain culture. 
Meanwhile, cells were collected for verification by WB. 
Cells with confirmed identification results were cryopre-
served for subsequent experiments.

WB analysis

Proteins from cells and tissues were extracted on ice using 
RIPA lysis buffer (containing 1% phosphatase inhibitor 
cocktail and PMSF). Protein concentration was determined 
using the BCA assay. The protein samples were then mixed 
with loading buffer, heated to achieve full denaturation, ali-
quoted, and stored at − 80 °C. Gels were prepared using the 
rapid gel preparation kit (Swiss Affinibody LifeScience AG, 
Wuhan, China) with the appropriate concentration, placed 
in the electrophoresis tank, the comb was removed, and 
samples were loaded. Electrophoresis was performed under 
constant voltage until completion. The PVDF membrane was 
activated with ethanol, placed in contact with the gel, and 
subjected to a constant flow of 400 mV for 30 min. After-
wards, the membrane was removed, washed, and blocked 
with 5% skimmed milk for 2 h. Subsequently, the membrane 
was incubated with primary antibody overnight at 4 °C, 
washed again the next day and then subjected to secondary 
antibody incubation at room temperature for 1 h. After wash-
ing, the membrane was imaged using an ECL luminescent 
solution. Primary antibodies used in this study: PIF1 (Pro-
teintech, Wuhan, China), CDK2, CDK4, SOD2, P21 and 
Cleaved Caspase-9 (Zenbio, Chengdu, China).

Cell proliferation assay and clone formation 
experiment

For the cell proliferation assay, cells in the logarithmic 
growth phase were counted and seeded into 96-well plates at 
a density of 1000 cells per well. Separate 96-well plates were 
prepared for each time point, with five replicate wells set for 
each group. At the designated time points, 10 μL of CCK-8 
solution (New Cell & Molecular Biotech, Guangzhou, 
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China) was added to each well, followed by incubation in 
an incubator for 1 h. Absorbance values were then measured 
using a microplate reader.

For the colony formation assay, cells were digested with 
trypsin, counted, and seeded into 6-well plates at a density 
of 1000 cells per well. Cells were cultured in an incubator 
for 10 days, with the medium replaced every 3 days. Once 
visible colonies formed, the culture was terminated. Wells 
were washed three times with PBS, and cells were fixed with 
4% paraformaldehyde for 30 min. After an additional PBS 
wash, 1 mL of crystal violet staining solution was added to 
each well to stain the cells for 20 min. The staining solution 
was then removed, and the wells were washed multiple times 
with PBS. The cells were air-dried and photographed.

Wound healing assay

Using a marker, three horizontal lines were drawn on 
the underside of a 6-well plate, spaced 0.5 cm apart. The 
cells to be tested were digested with trypsin, resuspended 
in medium, counted, and seeded into the 6-well plate at a 
density of 5 × 105 cells per well. Once the cells formed a 
confluent monolayer, a sterile 200 μL pipette tip was used 
to create vertical scratches across the horizontal lines on the 
bottom of the plate. After 24 h, the medium was aspirated, 
and the detached cells were removed by washing the wells 
three times with PBS. Cell migration was then observed 
under a microscope.

Transwell cell migration assay

The cells to be tested were digested with trypsin, resus-
pended in serum-free medium, and counted. A total of 
20,000 cells in 200 μL of serum-free medium were seeded 
into the upper chamber of the Transwell insert, while the 
lower chamber was filled with 700 μL of complete medium 
containing 20% foetal bovine serum as a chemoattractant. 
After 24 h of incubation, the inserts were removed, and the 
non-migrated cells on the upper surface of the membrane 
were gently wiped off with a cotton swab. The migrated cells 
on the lower surface of the membrane were fixed with 4% 
paraformaldehyde for 20 min, washed with PBS, and stained 
with crystal violet solution. After staining, the membranes 
were washed with PBS, air-dried, and visualised under a 
microscope for image acquisition.

Reactive oxygen species (ROS) measurement

The cell culture medium was aspirated, and the cells were 
washed twice with PBS. DCFH-DA (TargetMol, Shanghai, 
China) was diluted to a final concentration of 10 μmol/L using 
serum-free medium. One millilitre of the diluted DCFH-DA 

solution was added to each well of a six-well plate, and the 
cells were incubated at 37 °C for 20 min in a cell culture incu-
bator. After incubation, the cells were washed three times with 
serum-free medium to thoroughly remove any excess DCFH-
DA that had not entered the cells. Fluorescent signals were 
observed and imaged using a fluorescence microscope.

Mitochondrial membrane potential

Cells were seeded in six-well plates and allowed to adhere. The 
culture medium was aspirated, and the cells were washed twice 
with PBS. One millilitre of TMRE staining working solution 
(0.5 μmol/L; TargetMol, Shanghai, China) was added to each 
well, along with 1 μL of Hoechst 33,342 solution (1 mg/mL), 
and the plate was incubated at 37 °C for 20 min in a cell culture 
incubator. After incubation, the supernatant was aspirated, and 
the cells were washed twice with pre-warmed culture medium. 
Two millilitres of pre-warmed culture medium were then 
added to each well. Fluorescent signals were observed and 
imaged using a fluorescence microscope.

Cell cycle analysis

A total of 1 × 106 cells were collected and centrifuged to 
remove the supernatant. The cells were washed twice with 
PBS and then fixed in 70% ethanol at 4 °C for 12 h. After fixa-
tion, the cells were centrifuged at 4 °C for 5 min, washed twice 
with PBS, and resuspended in 500 μL of PI staining solution. 
The mixture was thoroughly mixed and incubated at 37 °C for 
30 min in the dark. Flow cytometry was then used to detect 
the cell cycle distribution, and the data were analysed using 
ModFit LT 5 software.

Statistics analysis

Data processing, analysis, and visualisation were performed 
using R software (version 4.3.2). Pearson correlation analysis 
was used to assess relationships between continuous variables. 
Comparisons of continuous variables were conducted using 
either the t-test or the Wilcoxon rank-sum test, depending on 
data distribution. Categorical variables were compared using 
Chi-square tests. Unless otherwise specified, statistical sig-
nificance was defined as p < 0.05. Error bars represent 95% 
confidence intervals, and all statistical tests were two-tailed.
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Results

Screening of PCD and MF‑related prognostic genes 
and construction of mpMLDPS

The flow diagram is shown in Supplementary Fig. S1. Ini-
tially, we processed the TCGA-KIRC dataset and identified 
DEGs between tumour and normal tissues. A total of 6,150 
DEGs were screened (Fig. 1b). We curated 1,575 regula-
tory genes associated with 19 PCD patterns and obtained 
1,136 MF-related genes from the MitoCarta3.0 database. 
By intersecting these three datasets, we identified 192 MF-
related DEGs and 429 PCD-related DEGs (Fig. 1c). To 
screen for genes involved in MF and PCD crosstalk, Pear-
son co-expression analysis was performed on the 192 dif-
ferentially expressed MF-associated genes and 429 PCD-
associated genes. 292 co-expressed genes were identified 
(r > 0.6 and p < 0.001). These 292 genes were subsequently 
analysed for prognosis in the TCGA-KIRC, E-MTAB-1980 
and GSE167573 cohorts using COX regression. Finally, 
a total of 17 prognostically relevant genes with the same 
risk trend in all three cohorts (p < 0.05) were obtained 
(Fig. 1d). These 17 genes were subsequently utilised to 
develop the mpMLDPS using 76 combinations of machine 
learning algorithms. In the TCGA-KIRC training cohort, 
the performance of these combinations was evaluated 
through tenfold cross-validation, with the C-index serving 
as the metric for model robustness. To ensure generalis-
ability, we calculated the average C-index across multiple 
validation cohorts (Fig. 1a). Among the tested models, 
Lasso + RSF achieved the highest average C-index (0.863). 
Coefficient path plots and cross-validation curves for the 
Lasso regression indicated that the optimal model con-
tained eight genes, corresponding to the smallest λ value 
(Supplementary Fig. S2a, b). Additionally, we generated 
a bar chart ranking the importance of these eight genes in 
the RSF model (Supplementary Fig. S2c).

Performance evaluation of mpMLDPS

To evaluate the performance of mpMLDPS, we calculated 
the AUC and C-index in the three cohorts. The results dem-
onstrated that the mpMLDPS model exhibited high accu-
racy, with 1/3/5-year AUC values of 0.900/0.952/0.803 
in the GSE167573 cohort, 0.841/0.780/0.980 in the 
E-MTAB-1980 cohort, and 0.968/0.980/0.983 in the 
TCGA-KIRC cohort (Fig. 2a). As illustrated in Fig. 2b, 
the mpMLDPS achieved a C-index value (95% confidence 
interval) of 0.863 (0.827–0.899) in the GSE167573 cohort, 
0.784 (0.732–0.836) in the E-MTAB-1980 cohort, and 
0.943 (0.938–0.948) in the TCGA-KIRC cohort. Patients 

were stratified into high and low mpMLDPS groups based 
on the median cutoff value. Kaplan–Meier survival analy-
sis revealed that patients in the high mpMLDPS group had 
a significantly worse prognosis, with shorter overall sur-
vival (OS) compared to the low mpMLDPS group across 
all cohorts (Fig. 2c–e).

Nomogram construction

To facilitate the clinical application of mpMLDPS, we 
constructed a nomogram. Initially, univariate and multi-
variate survival analyses were conducted for age, gender, 
tissue grade, clinical stage, and mpMLDPS (Fig. 3a, b). 
Among these factors, age (p < 0.001, HR = 1.025, 95% 
CI = 1.012–1.038) and mpMLDPS (p < 0.001, HR = 1.048, 
95% CI = 1.042–1.053) were identified as significant in 
both analyses. Subsequently, these two independent prog-
nostic factors were incorporated into a clinically applica-
ble nomogram (Fig. 3c). Both calibration curves and ROC 
curves indicated that the nomogram demonstrated excellent 
accuracy and stability. Furthermore, we calculated the AUC 
values for mpMLDPS and commonly used clinical metrics. 
The results showed that the AUC of mpMLDPS was 0.984, 
compared to 0.722 for Clinical Stage and 0.680 for Pathol-
ogy Grade, underscoring the superior generalizability and 
performance of mpMLDPS relative to traditional clinical 
features (Fig. 3d, e).

Immune microenvironment analysis 
and immunotherapeutic response

To further explore the differences in the expression of 
immune checkpoints in the mpMLDPS subgroups, we 
selected representative immune checkpoints for analysis 
and screened out the p < 0.05 immune checkpoints to draw a 
box plot (Fig. 4a). Specifically, CD28, CTLA4, PDCD1, and 
TIGIT in the high mpMLDPS group expressed at higher lev-
els (p < 0.05). In contrast, NRP1, CD274, and CD200 were 
expressed higher in the low mpMLDPS group. Meanwhile, 
we calculated the percentage of immune cell infiltration in 
all TCGA-KIRC samples by the CIBERSORT algorithm 
(Fig. 4b). The results showed that the infiltration proportions 
of activated-state CD4 T cells memory, regulatory T cells 
(Tregs) and follicular helper T cells were significantly higher 
in the high mpMLDPS group than in the low mpMLDPS 
group (p < 0.05). Subsequently, StromalScore, ImmuneS-
core, TumorPurity, and ESTIMATEScore using the ESTI-
MATE algorithm were calculated (Fig. 4c, d, f, g), and the 
StromalScore, ImmuneScore, and ESTIMATEScore of the 
high mpMLDPS group were all significantly higher than the 
low MLDPS group (p < 0.01). Additionally, tumour purity 
analysis showed that the high mpMLDPS group had lower 
tumour purity (p < 0.0001), which was consistent with its 
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Fig. 1   Screening of PCD and MF-related differential genes and con-
struction of mpMLDPS. a C-index values of 76 combinations of 
machine learning algorithms valuated across different cohorts. b Vol-
cano plot of differentially expressed genes between tumour and para-

cancerous tissues in the TCGA-KIRC dataset. c Venn diagram show-
ing the intersection of differentially expressed genes, PCD-related 
genes, and MF-related genes. d Genes with the same risk trend in the 
profiles of the three cohorts
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rich stroma and immune cell infiltration. Finally, to assess 
the difference in response to immunotherapy between the 
two groups, TIDE analysis showed that the TIDE score was 
significantly higher in the high mpMLDPS group than in 
the low mpMLDPS group (p < 0.01, Fig. 4h). The immuno-
therapy response rate analysis also showed that the response 
rate of the low mpMLDPS group (43%) was significantly 
higher than the high mpMLDPS group (34%), which further 
validated the predictive performance of the TIDE score for 
immunotherapy response (p = 0.03219, Fig. 4e).

Exploring somatic mutation differences 
between two subgroups and identifying potential 
drugs effective for high mpMLDPS group

Waterfall plot analysis was conducted using CNV data 
from the TCGA-KIRC cohort (Fig. 5a, b), showcasing the 
top 20 high-frequency mutated genes in both high and low 
mpMLDPS groups via the “maftools” R package. Stratify-
ing patients by median TMB revealed that those in the high 

TMB group had a worse prognosis compared to the low 
TMB group (Fig. 5c). Joint survival analysis of TMB and 
mpMLDPS subgroups demonstrated the worst prognosis in 
patients with both high TMB and high mpMLDPS (Fig. 5d). 
Additionally, TMB was significantly elevated in the high 
mpMLDPS group compared to the low mpMLDPS group 
(Fig. 5e).

To investigate differences in drug sensitivity between 
subgroups, gene expression and drug sensitivity data from 
cell lines were systematically collected from the CTRP and 
PRISM databases. The accuracy of this approach was vali-
dated before identifying subgroup-specific sensitive drugs. 
Consistent with previous studies, reduced AKT1 levels 
have been shown to enhance RCC sensitivity to sorafenib, 
a targeted therapeutic drug [17]. Using CCLE, PRISM, 
and CTRP databases, drug sensitivity predictions yielded 
highly accurate results (Fig. 5g). A total of 12 candidate 
drugs potentially effective for high mpMLDPS patients 
were identified, including 5 drugs from CTRP (3-CI-AHPC, 
CD-437, pevonedistat, STF-31, and leptomycin B) and 7 

Fig. 2   Predictive performance of mpMLDPS in kidney cancer 
cohorts. a AUC values of mpMLDPS for 1-, 3- and 5-year OS predic-
tion in three cohorts (GSE167573, EMTAB1980, and TCGA-KIRC). 
b C-index for the three cohorts, error bars represent 95% confidence 

intervals. c-e Kaplan–Meier survival curves for OS in the high and 
low mpMLDPS groups in the TCGA-KIRC, E-MTAB-1980, and 
GSE167573 cohorts
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Fig. 3   Construction and calibration of nomogram for clinical practice. a–b Univariate and multivariate survival analysis of prognostic factors. c 
Normogram for clinical use. d–e Calibration curves and ROC curves for nomogram
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drugs from PRISM (MK-2461, harringtonine, paliperidone, 
gemcitabine, VE-822, daunorubicin, and BF2.649) (Fig. 5f).

Differential expression of model genes, survival 
and enrichment analysis

In this study, the final modelling genes for the LASSO + RSF 
model were identified as PIF1, TIMP1, PLK1, E2F2, 
BCL2A1, CHDH, AGXT2, and AUH. To explore their roles 

Fig. 4   Differences in the 
immune microenvironment and 
differences in immunothera-
peutic response in mpMLDPS 
subgroups. a–b Box line plots 
of differences in immune cell 
infiltration and differences in 
immune checkpoint expression 
in mpMLDPS subgroups. c–d 
Box line plot of StromalScore 
and ImmuneScore differences 
in mpMLDPS subgroups. e 
Differences in the proportion 
of immunotherapy responses 
in mpMLDPS subgroups. f–g 
Box line plot of TumorPurity 
and ESTNIATEScore differ-
ences in mpMLDPS subgroups. 
h Box line plot of TIDEScore 
differences in mpMLDPS sub-
groups. *p < 0.05; **p < 0.01; 
***p < 0.001; ****p < 0.0001
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Fig. 5   Mutation landscape and drug discovery. a Landscape of the 
first 20 high-frequency mutated genes in the high mpMLDPS group. 
b Landscape of the first 20 high-frequency mutated genes in the 
low mpMLDPS group. c Kaplan–Meier survival curves of the OS 
between the high and low TMB groups. d K-M survival curves of the 

TMB subgroups and the mpMLDPS subgroups in a combined anal-
ysis. e TMB mutation burden between the two groups. f Drugs that 
responded to cell lines in the high mpMLDPS group from CTRP and 
PRISM. g Verification of the sensitivity of reduced AKT1 levels to 
sorafenib using CCLE, PRISM and CTRP. ***p < 0.001
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within the mpMLDPS model, we analysed the expression 
differences of these eight genes between tumour and nor-
mal tissues. The results showed that PIF1, TIMP1, PLK1, 
E2F2, and BCL2A1 were highly expressed in tumour tis-
sues, whereas CHDH, AGXT2, and AUH were expressed at 
lower levels in tumours (Supplementary Fig. S3a–h). Using 
the median expression levels of these genes, Kaplan–Meier 
survival analysis was performed for each gene’s high- and 
low-expression subgroups (Supplementary Fig. S3i–p). 
The analysis revealed that high expression of PIF1, TIMP1, 
PLK1, E2F2, and BCL2A1 was associated with worse sur-
vival, while low expression of CHDH, AGXT2, and AUH 
predicted poorer survival outcomes. Among these, PIF1 
drew particular attention, as it was not only highly expressed 
in tumours but also associated with significantly poorer 
prognosis in the high-expression group. PIF1 exhibited the 
highest HR among the eight model genes (Supplementary 
Fig. S3i). To further explore the functional implications of 
PIF1, over-representation analysis (ORA) was conducted. 
Gene Ontology (GO) enrichment analysis revealed that 
PIF1 was positively correlated with biological processes 
such as cell cycle regulation, chromosome function, DNA 
repair, and energy metabolism (Supplementary Fig. S4a). 
Similarly, KEGG pathway enrichment indicated that PIF1 
played a significant role in processes like cellular growth and 
death, translocation and catabolism, replication and repair, 
and metabolism (Supplementary Fig. S4b). These findings 
establish PIF1 as a pivotal crosstalk gene linking PCD and 
MF, further highlighting its critical role in the mpMLDPS 
model.

Clinical relevance and expression of PIF1 in human 
ccRCC tissues

To investigate the clinical significance of PIF1 and its asso-
ciation with tumour progression, we analysed its expression 
across different clinicopathological parameters. As shown 
in Fig. 6a–e, PIF1 expression increased with advancing 
clinical stage, TNM grade, and tissue grade. These find-
ings suggest that PIF1 may contribute to metastasis or be 
associated with greater tumour aggressiveness in RCC. To 
validate these observations, we performed IHC and WB 
on kidney cancer tissues and adjacent normal tissues. Both 
IHC and WB results confirmed that PIF1 expression was 
significantly higher in tumour tissues compared to adjacent 
normal tissues (Fig. 6f–h). Further validation using WB in 
normal renal epithelial cell lines and renal cancer cell lines 
demonstrated elevated PIF1 expression in renal cancer cell 
lines. Quantitative analysis indicated that the highest PIF1 
expression levels were observed in the Caki-1 and 786-O 
cell lines (Fig. 6i). Based on these findings, these two cell 
lines were selected for subsequent experiments.

Effects of PIF1 silencing on the biological functions 
of renal cancer cell lines

To explore the role of PIF1 in the biological functions of 
renal cancer cells, we constructed a PIF1-silenced cell model 
using PIF1-shRNA lentivirus. WB analysis confirmed that 
the lentivirus effectively knocked down PIF1 expression 
in Caki-1 and 786-O cell lines (Fig. 7a). Functional assays 
were then conducted to evaluate the effects of PIF1 silenc-
ing. CCK-8 proliferation assays revealed that the knockdown 
of PIF1 significantly reduced the proliferation of Caki-1 and 
786-O cells (Fig. 7b). Similarly, colony formation assays 
demonstrated marked inhibition of cell proliferation follow-
ing PIF1 silencing (Fig. 7c). Furthermore, scratch assays 
and Transwell assays indicated that the migratory ability of 
renal cancer cells was significantly diminished after PIF1 
knockdown (Fig. 7d, e). These results collectively highlight 
the critical role of PIF1 in promoting the proliferation and 
migration of renal cancer cells.

Impact of PIF1 on the cell cycle and mitochondrial 
function in renal cancer cells

To investigate the effect of PIF1 knockdown on mitochon-
drial function, we performed ROS and mitochondrial mem-
brane potential assays. The results showed that silencing 
PIF1 significantly reduced the mitochondrial membrane 
potential (Fig. 8a) and increased intracellular ROS levels 
(Fig. 8b). Since the cell cycle is crucial for cell prolifera-
tion and growth, we also analysed its progression using 
flow cytometry. PIF1 knockdown led to cell cycle arrest in 
the G0/G1 phase, accompanied by a decreased proportion 
of cells in the S phase (Fig. 8c). To further elucidate the 
underlying mechanisms, we conducted Western blot (WB) 
analysis to assess mitochondrial function and cell cycle-
related proteins after PIF1 knockdown (Fig. 8d). The results 
revealed significant changes in these indicators compared 
to the control group. Specifically: SOD2, a marker of mito-
chondrial antioxidant capacity, was significantly downregu-
lated. CDK2 and CDK4, key regulators of cell cycle pro-
gression, exhibited reduced expression. In contrast, p21, a 
negative regulator of the cell cycle, and Cleaved Caspase-9, 
a marker of mitochondrial apoptosis, were significantly 
upregulated. These findings suggest that PIF1 knockdown 
disrupts mitochondrial function and induces cell cycle alter-
ations, potentially contributing to impaired cell proliferation 
and increased apoptotic activity in renal cancer cells.
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Discussion

PCD is a critical mechanism for maintaining immune system 
homeostasis [18], while its evasion is a hallmark of cancer 
progression [19]. Tumour cells employ diverse strategies 
to circumvent cell death mechanisms, thereby promoting 

proliferation, metastasis, and resistance to therapies [20, 
21]. MF is tightly linked with PCD, with mounting evidence 
highlighting their joint roles in tumour growth, metastasis, 
and therapy resistance [22–24].

This study underscores the interplay between mitochon-
drial dysfunction and PCD in ccRCC. Among the 17 genes 

Fig. 6   Clinical relevance and expression of PIF1 in human ccRCC 
tissues. a Box plots of PIF1 gene expression differences in TCGA-
KIRC cohort at different clinical stages. b–d Box plots of PIF1 gene 
expression differences in TCGA-KIRC cohort at different TNM 
stages. e Box plots of PIF1 gene expression differences in TCGA-

KIRC cohort at different tissue grades. f–h Differential expression 
of PIF1 protein in ccRCC tissues and paracancerous tissues by IHC 
and WB. i WB detection of PIF1 protein levels in normal renal epi-
thelial cell lines and renal cancer cell lines. *p < 0.05; **p < 0.01; 
***p < 0.001; ****p < 0.0001
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identified, BIRC5 and BCL2A1 are key players in anti-apop-
totic processes [25, 26], potentially supporting tumour cell 
survival by enhancing mitochondrial stability. EZH2, E2F2, 
and CDKN3 are involved in cell cycle regulation [27, 28], 
suggesting that their impact on the cell cycle may influence 
mitochondrial function and tumour proliferation. Further 
investigation of these genes could shed light on the roles of 
MF and PCD in ccRCC progression.

Patient heterogeneity often leads to varied responses 
to ccRCC immunotherapy. Mitochondrial dysfunction is 
closely associated with immune evasion, a key determi-
nant of ICI efficacy. We observed that patients in the 
high mpMLDPS group exhibited a more immunosuppres-
sive tumour microenvironment and reduced responsive-
ness to immunotherapy, suggesting that targeting MF 
and PCD pathways may improve therapeutic outcomes. 
Mitochondrial dysfunction can impair oxidative phospho-
rylation, leading to T-cell exhaustion through metabolic 
and epigenetic reprogramming [29, 30]. Furthermore, 
mitochondrial complex III disruption compromises Tregs 
by impairing immune regulatory gene expression [31], 
while mitochondrial integrity and metabolic reprogram-
ming influence Treg differentiation and function [32, 33]. 
Additionally, myeloid-derived suppressor cells (MDSCs) 

exacerbate immune suppression through metabolic path-
ways impacted by mitochondrial dysfunction [34]. These 
findings underscore the significant role of mitochondrial 
dysfunction in reshaping the immune microenvironment.

RCC, as a metabolic disease, exhibits substantial energy 
metabolism reprogramming essential for rapid growth 
and survival [35–37]. Our study demonstrated that PIF1 
knockdown leads to mitochondrial dysfunction, charac-
terised by reduced mitochondrial membrane potential and 
elevated ROS levels, exacerbating oxidative stress. These 
findings align with the established role of mitochondrial 
dysfunction in promoting tumour cell death through ROS 
generation [38]. High ROS levels damage cellular lipids, 
proteins, and DNA, and drug resistance [39]. Previous 
studies have shown that PIF1 maintains cell cycle pro-
gression, protects against DNA damage, and prevents 
apoptosis under replication stress [13, 40]. Other reports 
revealed that PIF1 knockdown inhibits autophagy and 
induces apoptosis in pulmonary artery endothelial cells 
[41]. These observations suggest that PIF1 may influence 
mitochondrial function and ROS production indirectly 
via pathways involving antioxidant enzymes (e.g. SOD2, 
GPX), cell cycle regulation, DNA damage response, or 
autophagy. Further research is needed to elucidate the 

Fig. 7   Effect of silencing PIF1 on the biological function of RCC 
lines. a WB verified the effect of lentiviral silencing of PIF1. b 
CCK-8 assay to assess the effect of silencing PIF1 on RCC cell 
proliferation. c Clone formation assay to assess the effect of silenc-
ing PIF1 on the clone formation ability of RCC cells. d Transwell 

assay to assess the effect of silencing PIF1 on the migration ability 
of RCC cells. e Wound healing assay to assess the effect of silenc-
ing PIF1 on the migration ability of RCC cells. *p < 0.05; **p < 0.01; 
***p < 0.001; ****p < 0.0001
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precise molecular mechanisms of PIF1 in ROS produc-
tion and mitochondrial function, particularly in ccRCC.

Our cell cycle analysis revealed that PIF1 knockdown 
induces G0/G1 phase arrest and reduces the S-phase cell 
proportion, indicating its dual role in maintaining mito-
chondrial homeostasis and modulating cell cycle check-
points to promote RCC cell growth and migration. These 
findings corroborate earlier research on PIF1 regulating 
apoptosis and pyroptosis in various cancers, including 
cervical, colon, and lung adenocarcinomas [13, 42, 43]. 
Although this study focuses on ccRCC, PIF1’s potential 
in other cancers warrants exploration. Mitochondrial dys-
function and ROS generation similarly affect tumour pro-
gression in lung and breast cancers [44, 45], suggesting 
a broader role for PIF1 in tumour immune microenviron-
ments and therapy responses across cancer types.

By integrating a set of genes related to PCD and 
MF, we developed a robust model that not only predicts 
patient survival but also provides insight into their likely 
response to immunotherapy. However, our study has some 

limitations. Firstly, this study was mainly based on bioin-
formatics analysis of a web-based database, and although 
some of the functions were experimentally validated, the 
stability and generalisation of the model need to be further 
verified. Secondly, although PIF1 shows promise as a tar-
geted therapy, our study is far from reaching the stage of 
clinical application, and future experimental studies need 
to verify its clinical value.

Conclusions

In conclusion, mpMLDPS was significantly associated 
with PCD and MF and demonstrated superiority in prog-
nostic prediction. The findings provide strong support for 
personalised risk assessment and immunotherapeutic inter-
ventions for ccRCC patients. Additionally, the high-impact 
genes included in the mpMLDPS signature offer novel 
perspectives for future studies on the role of PCD in MF. 

Fig. 8   PIF1 affects renal cancer cell cycle and mitochondrial func-
tion. a TMRE detection of mitochondrial membrane potential in 
Caki-1 and 786-O cells. b DCFH-DA detects cellular ROS levels. 

c Flow cytometry detection of the cell cycle. d WB detection of 
mitochondrial function and cell cycle-related indicators. *p < 0.05; 
**p < 0.01; ***p < 0.001; ****p < 0.0001
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Meanwhile, our study suggested that PIF1 is expected to be 
a novel target for the clinical treatment of ccRCC.
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