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Abstract: Head and neck squamous cell carcinoma (HNSCC) has been characterized by a low therapeutic response
and poor prognosis. Currently, there are no reliable predictive models for HNSCC progression and therapeutic ef-
ficacy. This study explores the role of diverse patterns of cell death in tumor development, positing them as predic-
tive factors of HNSCC prognosis. We utilized bulk transcriptome and single-cell transcriptome, align with clinical
information from TCGA and GEO database, to analyze genes associated with 15 types of cell death and construct a
cell death index (CDI) signature. The associations of CDI with tumor-infiltrating immune cells and immunotherapy-
related biomarkers were also evaluated using various algorithms. The CDI signature emerged as a robust prognosis
biomarker that could identify patients who can benefit potentially from immunotherapy, thus improving diagnostic
accuracy and optimizing clinical decisions in HNSCC management. Notably, we discovered that CAAP1 deficiency
not only induced apoptosis but also enhanced anti-tumor immunity, suggesting its potential as a target for clinical
drug development.
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Introduction

As one of the most common malignancies
worldwide, head and neck squamous cell carci-
noma (HNSCC) is characterized by a dismal
5-year overall survival (0OS) rate of less than
35% [1, 2]. Heterogeneity is a hallmark of
HNSCC, arising from various anatomic sites
and associated with multiple of risk factors,
including chronic human papillomavirus (HPV)
infection, tobacco abuse, excessive alcohol
consumption [3, 4]. HNSCC patients frequently
experience recurrences in local and regional
area, lymph nodes metastases, and exhibit
high resistance to radiotherapy and chemo-
therapy alone or in combination [5, 6]. The poor
therapeutic response is partly due to cells’ abil-
ity to prevent cell death [7-9], although other

factors such as increased proliferation, inva-
sion, and metastasis also contribute to this
phenomenon. Therefore, a deep understanding
of cellular mechanisms and signaling pathways
governing cell death in HNSCC is indispensable
for improving risk stratification and predicting
therapeutics benefits.

Cell death is a physiological process essential
for maintaining tissue homeostasis or proper
development, yet it can become pathogenic,
undermining normal organ function and induc-
ing inflammatory response [10]. Based on func-
tional characteristics, cell death can be catego-
rized into accidental cell death (ACD) and regu-
lated cell death (RCD) [11]. ACD is an uncon-
trolled process triggered by unexpected danger
signals, whereas RCD is precisely regulated by
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signaling cascades and effector molecules.
Since 1972, research on RCD has predomi-
nantly focused on apoptosis [12], which is cru-
cial for maintaining the balance and health of
multicellular organisms [13]. In the context of
HNSCC, the role of apoptosis is complicated
[14]. On the one hand, it prevents HNSCC by
removing mutated or stressed cells, especially
in the early stages of cancer, where triggering
apoptosis can halt the progression and spread
of cancer cells [15]. On the other hand, HNSCC
cells often develop mechanisms to avoid apop-
tosis, aiding their survive and proliferation
despite genetic damage [16]. Most HNSCC
treatments still rely heavily on apoptosis.

Two major subtypes of apoptosis have been
established, extrinsic and intrinsic apoptosis,
respectively. Extrinsic apoptosis is triggered by
stimuli from extracellular microenvironments
detected by membrane receptors especially
death receptors and TNF receptor, driven by
caspases CASP8 or CASP10 [11, 17, 18]. In
contrast, the intrinsic pathway starts inside the
cell, often due to DNA damage or stress. Here,
the mitochondria release a molecule called
cytochrome ¢, which teams up with Apaf-1 and
caspase-9 to form a complex that activates
caspase-3 and caspase-7 leading to cell death
[19]. Extrinsic apoptosis and intrinsic apoptosis
share the same effector caspases: CASP3,
CASP6, and CASP7 [11]. The biological charac-
teristic and therapeutic response of HNSCC
can be further shaped by apoptosis [7, 20-22].
Over the past few years, it has been identified
that there are many novel forms of non-apop-
totic RCD including necroptosis, ferroptosis,
pyroptosis, netotic cell death, entotic cell death,
lysosome-dependent cell death, parthanatos,
autophagy-dependent cell death, oxeiptosis
and alkaliptosis [11, 12]. Some of non-apoptot-
ic RCD such as necroptosis, ferroptosis, pyrop-
tosis and autophagy can be observed in the
setting of cell development and viral infection,
implying specific physiological significance and
exposing effects on HNSCC tumorgenesis [9,
23-25]. Nevertheless, others (like netotic cell
death, entotic cell death, lysosome-dependent
cell death, parthanatos etc.) might also be
involved in HNSCC biology but be rarely stud-
ied, which needs further exploration.

In our study, for training and validation cohorts,
we collected 492 patients from the TCGA,
109 patients from GSE27020, 348 patients
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from IMvigor210. For single-cell RNA transcrip-
tome datasets, we collected 6 patients from
GSE164690. We incorporated apoptotic RCD
and non-apoptotic RCD related genes and
selected the genes which were tightly related
to HNSCC survival and prognosis. Then we
established the CDI signature based on above
genes and further explored the difference of
prognosis, immune infiltration and signaling
pathway in high and low CDI group, offering
insights into prognosis prediction and immune
landscape in HNSCC. The flowchart of this
study was shown in Figure 1.

Methods
Data collection

The key regulatory genes were identified for 15
cell death patterns and a combination of GSEA
gene sets, KEGG, review articles, and manual
collation of gene sets was used to collect genes
[11, 12]. Altogether, 33 pyroptosis genes, 283
ferroptosis genes, 231 autophagy genes, 23
entotic cell death genes, 15 cuproptosis genes,
9 parthanatos genes, 27 anoikis genes, 194
lysosome-dependent cell death genes, 630
necroptosis genes, 5839 intrinsic apoptosis
genes, 2129 extrinsic apoptosis genes, 9218
necrosis genes, 1736 immunologic cell death
genes, 146 apoptosis-like morphology genes
and 73 necrosis-like morphology genes were
collected (Table S1).

Raw bulk transcriptome counts, normalized
and log2 converted RNA-sequencing profiles
FPKM as well as clinical information for 492
HNSCC patients and 44 normal samples were
collected from the University of California
Santa Cruz (UCSC) database. To convert
ensemble ids into gene symbols, the “Geo-
TcgaData” R package was applied. From the
Gene Expression Omnibus (GEO) database
(IDs: GSE27020 and GSE41613), log2 convert-
ed chip-seq data and clinical characteristics of
109 and 97 HNSCC patients were obtained,
respectively. GSE164690 were used to collect
single-cell RNA transcriptome data for HNSCC
patients, and the Serat V4 R package was used
for analysis.

Identification of cell death related genes asso-
ciated with HNSCC prognosis

First, univariate Cox regression was used to
screen prognosis-associated genes in 15 cell
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Figure 1. Flowchart for comprehensive analysis of different cell death modes in patients with head and neck squa-
mous cell carcinoma (HNSCC).

death types. After LASSO analysis incorporated
into multivariate Cox regression model, the cell
death-related genes closely associated with
HNSCC prognosis were further screened. In
addition, the expression differences of the
screened genes in tumor and normal tissues
were further compared.
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The establishment and validation of cell death
related prognosis signature

We calculated the CDI of each patient using
prognostic cell death related genes expression
based on the following model formula: CDI =
2iCoefficient (MRNAIi) x Expression (mRNAI).
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The cut-off value was determined by the “surv_
cutpoint” function of the R package “survmin-
er”, which calculates statistics based on maxi-
mally selected rank statistics. The principle of
this function to determine the optimal cutoff
value is to obtain the two groups with the most
statistically significant difference in survival
rates through multiple simulations. The predic-
tive reliability of the cell death related signa-
ture was assessed through time-related receiv-
er operating characteristic (ROC). The two cell
death-related features with the highest AUC
values were screened and combined signa-
tures were constructed by generalized linear
model (GLM). The Kaplan-Meier survival curve
was performed to compare the overall survival
(0OS) between the high and low CDI groups.
Meanwhile, the results were also validated in
the GSE27020 and GSE41613 cohort.

Immune infiltration analysis

The relationship between CDI signature and
immune infiltration was identified using the
TIMER2.0 database (http://timer.comp-genom-
ics.org). Immunedeconyv, an R package inte-
grating six state-of-the-art algorithms includ-
ing: TIMER, xCell, MCP-counter, CIBERSORT,
EPIC, and quanTlseq was utilized [26]. These
algorithms were systematically benchmarked,
and each was found to have unique properties
and strengths. The “microenvironment cell
population count (MCP-counter)” method was
applied to assess the immune infiltration. The
MCP-counter generates absolute abundance
scores for ten immune cell and stromal cell
populations based on the normalized FPKM
expression matrix converted by log2 [27].
Besides, the enrichment of 22 immune cells
was inferred by the CIBERSORT algorithm [28].
CIBERSORT can compute the abundance of
specific cell types in a mixed sample based on
the bulk expression. The ESTIMATE algorithm
was used to analysis the difference of stromal
score, immune score and ESTIMATE score by
the R package “estimate” [29]. To better pre-
dict the immunotherapy response, we used
ggplot2 package and violin plot visualization
to study the relationship between the model
and the ICls-related biomarkers. The algo-
rithm called Tumor Immune Dysfunction and
Exclusion (TIDE) was used to model two prima-
ry mechanisms of tumor immune evasion.
Based on TIDE algorithm, the immunotherapy
response between two groups was predicted.
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Gene set enrichment analyses

To better access the biological functions and
pathways of the CDI signature, we perform-
ed Gene Set Enrichment Analyses (GSEA)
through R packages “clustersProfiler”, “en-
richplot” and “ggplot2”. The gene sets “c2.cp.
kegg.v7.4.symbols.gmt”and “h.all.v7.4.symbols.
gmt” were chosen as the reference gene set.
The normalized enrichment score (|NES|>1),
nominal P value <0.05 (NOM P value), and FDR
adjusted g-value <0.25 were considered as sig-
nificant pathway enrichment.

Visualization

ScRNA-seq data were quality controlled prior to
analysis, and cells with >25% of mitochondria-
associated genes were filtered out. The top
2000 highly variable genes of each sample
were normalized using the ScaleData function
based on variance stabilization transforma-
tion (vst). The dimensionality of the PCA was
reduced using the RunPCA function. We
chose dim = 20 and clustered the cells into dif-
ferent cell groups using “FindNeighbors” and
“FindClusters” functions. The resolution was
0.5. T-SNE (t-distributed stochastic neighbor
embedding), a nonlinear dimension reduction
method in seurat was applied, to map high
dimensional cellular data into a two-dimension-
al space, grouping cells with similar expression
patterns and separating those with different
expression patterns. As a result, the differ-
ences between cells became more apparent. In
the following step, we made annotations for
each cell type using SingleR. The reference
cells was used by SingleR to identify cell types
in order to identify the similar expression pat-
tern between the cells.

Pseudotime analysis

An analysis of pseudotime, also known as cell
trajectory analysis, helps predict the evolution-
ary trajectory of apoptosis pathways and cell
subtypes and infer the differentiation trajectory
of stem cells during disease progression. By
analyzing key gene expression patterns using
Monocle 2, we performed pseudotime analysis
in the current study. The pseudotime value was
used by monocle to model the gene expression
level as a nonlinear smooth pseudotime func-
tion to show change in gene expression with
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time. FDR<1e-5 was regarded as significant
difference.

Cell-cell interaction analysis

Based on the ligand-receptor information, we
used the single-cell gene expression matrix to
unravel the communication between immune
cell subtypes which was contained in CellChat
software with default parameters, modelling
the communication probability and identifying
significant communications.

Cell culture

Fadu and HNS8 cells were obtained from the
American Type Culture Collection (ATCC), both
cells were grown in Dulbecco’s modified
Eagle’s medium (DMEM) supplemented with
10% (v/v) fetal bovine serum (FBS, Inner
Mongolia Opcel Biotechnology Co., Ltd). Meer
was obtained from Dr. Zhuo Chen (the Cancer
Research Center at Emory University, USA) and
grown in Meer-MEM supplemented with 10%
(wv) FBS at 37°C in a 5% CO, incubator.
Polyethylenimine (sigma, 408727) was used
for transient transfection of plasmid DNA into
293T cells.

CRISPR-Cas9 knockout cells

Two guide RNAs (gRNAs), with sequences
5-CAGCAGTGCTTCTGTATTAT-3' and 5-ATAATA-
CAGAAGCACTGCTG-3’ were strategically em-
ployed to target CAAP1 (human), whereas
5-CCTTTACTTACCCTTTGGGA-3’ and 5-TCCCA-
AAGGGTAAGTAAAGG-3’ were utilized to target
BCL2L2-PABPN1 (human), Sgi1, 5-CAACGCG-
GGTACGATGTCCG-3', Sg2, 5-TGACGGGGAAA-
AAGTCCTCC-3’ were strategically employed to
target CAAP1 (mouse). Subsequently, these
meticulously chosen gRNAs were incorporated
into the gRNA-expression plasmid, lentiGuide-
Puro. The gRNA-expressing cellular entities
underwent a rigorous selection process em-
ploying 2 ug/ml puromycin before being sub-
jected to flow cytometry sorting. The resultant
singular clones were cultured with precision in
96-well plates for an additional 10-14 days or
an extended duration, contingent upon the cel-
lular growth rate.

Western blot and reagents

Proteins were meticulously separated utilizing
10% SDS-PAGE, and subsequently, they were
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transferred onto nitrocellulose membranes
(Bio-Rad). For the purpose of immunoblotting,
the following antibodies were employed at a
dilution of 1:1000: rabbit anti-CAAP1 anti-
body (PA5-54977, Thermofisher), rabbit anti-
BCL2L2-PABPN1 antibody (NBP2-61706, NO-
VUS), rabbit anti-caspase 8 antibody (9746S,
CST), rabbit anti-caspase 9 antibody (10380-
AP, proteintech) and rabbit anti-Vinculin anti-
body (@b129002, Abcam); and mouse anti-
GAPDH (60004-1-Ig, Proteintech).

The experiments involved the utilization of
recombinant human TNF-a (rcyc-htnfa) so-
urced from Invivogen. Cycloheximide (CHX,
S7418) were procured from Selleck and ABT-
737 (HY-50907) were procured from MCE.

Migration assays

The cells were artfully situated on Transwell
migration chambers, furnished with 8 um pore
polycarbonate membrane inserts (Corning,
Sigma-Aldrich, Deisenhofen, Germany). Within
these chambers, a medium with 5% FCS grac-
ed the upper compartment, while the lower
chamber boasted 20% FCS, facilitating an
elegant transmigration period spanning 48
hours. Following this period, any non-transmi-
grated cells were tenderly eliminated with the
assistance of a cotton-tipped applicator, and
the filters were subsequently adorned with a
cell staining solution. The enumeration of trans-
migrated cells unfolded with meticulous preci-
sion under the captivating lens of a 100-fold
magnification.

For the beguiling scratch wounding experi-
ments, the confluent monolayers of cells were
“wounded” by gentle scratching with 200 ul
universal pipet tips. The width of the wound
cleft was assessed after a mesmerizing 24
hours, within three optical fields. The measure-
ments from each field were averaged, and
any discernible differences were tested for
their significance.

Determination of levels of Bax via ELISA

Serum was collected from each group of
cells, centrifuged at 2,500x g at 4°C for 10
min, and the supernatant was aspirated. Each
well was added with the standard to plot the
standard curves, and then with 30 pl of buffer,
20 ul each of standard and sample, separately,
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and 50 pl of antibody solution. The fluid was
removed, and the resulting sample and stan-
dard were cleaned by washing 3 times, adding
100 pl of enzyme solution, and then reacted
for 30 min, washed again, and reacted with
100 ul of substrate solution for 15 min. The
reaction was terminated by adding 100 ul of
stop solution. Finally, the absorbance was mea-
sured using a microplate reader to calculate
the content of Bax.

Caspase-8 activity

Caspase-8 activity was assessed using a cas-
pase-8 enzymatic assay kit sourced from
Abcam (Cambridge, MA). In brief, post-treat-
ments, cells were resuspended in chilled cell
lysis buffer and incubated on ice for 10 min-
utes. Subsequently, cell lysates were subject-
ed to centrifugation for 1 minute at 10,000x
g. Supernatants were harvested, assayed for
protein concentration, and kept on ice until
analysis. For each sample, 100 ug of protein
was utilized and diluted in 50 pl of cell lysis
buffer. To each sample, 50 ul of the provided
2x reaction buffer and 5 pl of the 4 mM
acetyl-lle-Glu-Thr-Asp p-nitroaniline (IETD-pNA)
substrate were added. The samples underwent
incubation at 37°C for 1 hour, were subse-
quently transferred to a microtiter plate, and
their absorbance was read at 405 nm in a
microplate reader.

Flow cytometry

Fadu and HN8 underwent treatment with
diverse chemotherapeutic agents, as specified.
Subsequently, cells were harvested, cleansed
with PBS on two occasions, and subjected
to staining utilizing the Annexin V-FITC/PI
Apoptosis Assay Kit (Beyotime Biotechnology),
adhering meticulously to the directives fur-
nished by the manufacturer. The stained cellu-
lar specimens underwent scrutiny employing
a BD FACSAria 1l flow cytometer, and the
acquired data were meticulously processed uti-
lizing the FlowJo software. Annexin-V, with acu-
men, discerns phosphatidylserine exposed on
the extrinsic leaflet of the plasma membrane in
apoptotic cells.

Employing flow cytometry, we conducted an
analysis of the composition of CD8+ T cells
derived from peripheral blood and tumor tis-
sue. Tumors were dissected, minced and
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digested with 1 mg/ml Collagenase/Dispase
(Sigma-Aldrich, 10269638001) and 1x DNase
I (Qiagen, 79254) at 37°C for 30 minutes.
Bloods incubated with red blood cells lysis buf-
fer. Dissociated tumor and peripheral blood
mononuclear cells (PBMCs) were filtered
through a 70 um filter to achieve a single-cell
suspension before staining for flow cytometry
analysis. Cells were stained using Anti-CD8a
PE (eBioscience, Cat#12-0081-82, 1:100),
anti-CD3e PE-Cyanine7 (eBioscience, Cat#25-
0037-42, 1:100), anti-CD3 PerCP-Cyanine5.5
(eBioscience, Cat#45-0037-42, 1:100), anti-
Granzyme B FITC (eBioscience, Cat#11-8898-
82, 1:100), and cells were fixed and per-
meabilized with True-Nuclear™ Transcription
Factor Buffer Set (Biolegend, Cat#424401),
and dead cells were stained with Ghost Dye™
Violet 510 (Cytek Biosciences, Cat#SKU
13-0870-T100) before fixation and permeabili-
zation and excluded during analysis. Cells
were imaged on a BD Biosciences LSRFortessa
and analysed with Flowjo.

Mouse tumor model and treatment

The research protocol involving animal studies
was approved by the Institutional Review
Committee of Xiangya Hospital, Central South
University. Male Nude mice and C57BL/6 mice
aged 4-6 weeks were obtained from Hunan
Slake Jingda Experimental Animal Co., Ltd. and
housed at the Department of Animal Science,
Central South University. CAAP1 knockout or
control Fadu (2x108) or Meer (1x10°) cells
were subcutaneously injected into the dorsal
flank of each nude or C57BL/6 mouse. At the
end of four weeks, the mice were euthanized,
and the tumors were harvested and weighed.
Tumor sizes were measured every other day.
Tumor volume was assessed employing the for-
mula: the product of length and the square of
width divided by two, with length denoting the
utmost diameter of the tumor and width indi-
cating the minimal diameter.

Statistical analysis

R version 4.1.3 was used for all statistical
studies. The survival curve was plotted by
Kaplan-Meier survival curve. Wilcoxon test was
used to compare the differences between two
groups, and Spearman analysis was used to
calculate the correlation coefficients. Double-
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tailed P<0.050 was considered statistically
significant.

Results

The relationship of cell death related genes
with HNSCC prognosis

We analyzed the differential expression of cell
death related genes between normal and
tumoral tissues in Figure S1. Intrinsic apopto-
sis related genes such as STK11, SLC25A4,
PPARG, NPM1, MAPK11 etc. as well as extrin-
sic apoptosis related genes such as STK11,
SFRP1, PPARG, OLR1, NPM1 etc. were signifi-
cantly expressed in HNSCC tissues. Multiva-
riate analysis showed that intrinsic apoptosis
related genes including STK11 (HR = 0.726,
95% Cl = 0.549-0.959), NPM1 (HR = 1.340,
95% Cl = 1.015-1.770), MAPK11 (HR = 0.781,
95% Cl = 0.646-0.943), IKBKB (HR = 0.735,
95% Cl = 0.579-0.932), EPO (HR = 0.815, 95%
Cl = 0.678-0.979), DES (HR = 1.045, 95%
Cl = 1.003-1.088), CTLA4 (HR = 0.780, 95% Cl
= 0.677-0.898), CDKN2A (HR = 0.923, 95% CI
= 0.871-0.978), CAAP1 (HR = 1.369, 95% CI =
1.081-1.734), BAK1 (HR = 1.276, 95% Cl =
1.002-1.626) and APP (HR = 1.230, 95% CI =
1.007-1.503) as well as extrinsic apoptosis
related genes including STK11 (HR = 0.642,
95% Cl = 0.482-0.855), SFRP1 (HR = 0.912,
95% CI = 0.482-0.855), PPARG (HR = 1.266,
95% Cl = 1.079-1.485), NPM1 (HR = 1.409,
95% Cl = 1.083-1.833), MIR590 (HR = 0.840,
95% Cl = 0.721-0.979), MAP3K5 (HR = 0.813,
95% Cl = 0.667-0.992), CTLA4 (HR = 0.784,
95% Cl = 0.676-0.910), BCL2L2-PABPN1 (HR =
1.465, 95% Cl = 1.095-1.960), BAK1 (HR =
1.308, 95% Cl = 1.040-1.644), APP (HR =
1.250, 95% Cl = 1.022-1.530) were indepen-
dent predictors of OS.

The establishment and validation of cell death
index (CDI) signature

We established 15 types of cell death relat-
ed signature according to the prognostic cell
death related genes derived by univariate and
multivariate analysis. The 1-, 2-, 3-, 4- and
5-year AUC value was calculated and compar-
ed among 15 types of cell death signature as
shown in Figure 2A, 2B. Intrinsic and extrinsic
signature, which was named cell death index
(CDI) signature by us had the superior predic-
tive performance that the 1-, 2-, 3-, 4- and
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5-year AUC value was 0.732, 0.773, 0.773,
0.777 and 0.770, respectively (Figure 2B and
2D). The ROC curve also supported above con-
clusion that the 5-year AUC value of CDI signa-
ture was higher than that of intrinsic or extrin-
sic apoptotic signature in Figure 2C. Then, we
divided HNSCC patients into high and low risk
group based on CDI, intrinsic and extrinsic
apoptosis levels, respectively. Log-rank test
was conducted to further demonstrate the
HNSCC survival difference between high and
low risk group. The Kaplan-Meier survival curve
has presented that the overall survival of
HNSCC patients in low risk group was signifi-
cantly longer than that of high risk group
(P<0.05) (Figure 2E-G). Principle clustering
analysis (PCA) also showed gene classification
in high and low risk group in Figure 2H-J.
Diagram of gene interaction network displayed
that CDI signature was tightly associated with
intrinsic and extrinsic apoptotic related genes,
especially KRT18, PPARG, CTLA4, IKBKB,
STK11, NPM1, APP, MAP3K5, BAK1, EPO
(Figure 2K). As shown in Figure 2L, we could
found that HNSCC patients in high CDI group
tend to be in dead status while those in low CDI
group tent to be in alive status. With the
increase in CDI, survival rate in HNSCC patients
decreased gradually.

To validate the predictivity of CDI signature,
GSE27020 and GSE41613 cohort was appli-
ed. We firstly compared 1-, 2-, 3-, 4- and 5-year
AUC value of CDI signature with intrinsic apop-
totic and extrinsic apoptotic signature using
GSE27020 and GSE41613 cohort (Figure 3A
and 3H). Subsequently, the correlation be-
tween OS and CDI, intrinsic apoptotic and
extrinsic apoptotic signature was shown in
Kaplan-Meier survival curve, respectively
(Figure 3B-D, 3I-K). PCA in GSE27020 and
GSE41613 cohort showed gene classification
in high and low CDI group (Figure 3E-G, 3L-N).
Based on above findings, we drew conclusion
that the predictive capacity of CDI signature in
HNSCC prognosis was verified successfully.

The association between immune cell infiltra-
tion and CDI signature

To illustrate the mechanism that CDI was
strongly associated with HNSCC prognosis, we
explored the immune cell infiltration in high
and low CDI group. MCP counter was applied to
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Figure 2. The prognosis value of CDI signature in HNSCC. A, B. A comparison of 1-, 2-, 3-, 4- and 5-year AUC value
among 15 types of cell death signature showed the superiority of CDI signature. C. A comparison of ROC curve in CDI
signature with intrinsic apoptotic signature and extrinsic apoptotic signature. D. The 1-, 3-, and 5-year ROC curve of
CDI signature suggested that all AUC values were over 0.70. E-G. The Kaplan-Meier survival curve with log-rank test
demonstrated the relationship between OS and CDI signature, intrinsic apoptotic signature and extrinsic apoptotic
signature, respectively. H-J. Clustering analysis showed gene classification in high and low risk group based on CDI
signature, intrinsic apoptotic signature and extrinsic apoptotic signature, respectively. K. Diagram of gene interac-
tion network showed that CDI signature was tightly associated with intrinsic and extrinsic apoptotic related genes.
L. The distribution of risk score based on intrinsic apoptotic signature and extrinsic apoptotic signature and survival

status in high and low risk group based on CDI signature.

compare the infiltration level of 8 immune
cells and 2 stromal cells populations in high
and low CDI group (Figure S2A). The absolute
abundance scores of T cells, CD8+ T cells, cyto-
toxic lymphocytes, B lineage, NK cells, myeloid
dendritic cells was statistically higher in low
CDI group while that of fibroblasts was higher in
high CDI group. The relationship of CDI signa-
ture with 8 immune cells and 2 stromal cells
populations using MCP counter was also pre-
sented in Figure S2B. In addition, we investi-
gated the difference of 22 immune cells in-
filtration level between high and low CDI group
using CIBERSORT algorithm (Figure S2C). The
results showed that CD8+ T cells, B cells
naive, CD4+ memory activated T cells, follicular
helper T cells and Tregs were mainly enriched
in low CDI group. In contrast, M2 macrophages
and CD4 memory resting T cells were signifi-
cantly enriched in high CDI group (Figure S2C).
The role of CDI signature in 22 immune cells
infiltration using CIBERSORT algorithm was fur-
ther unveiled (Figure S2D). The infiltration level
of CD8+ T cells, B cells naive, CD4+ memory
activated T cells, follicular helper T cells and
Tregs was negatively associated with CDI while
that of M2 macrophages and CD4 memory
resting T cells was positively associated with

CDI (Eigure S2D).

To avoid inaccuracy and bias of single algo-
rithm, we also offered insights into the immune
landscape in high and low CDI group using sev-
eral algorithm including CIBERSORT, EPIC,
QUANTISEQ, TIMER and XCELL. Figure S3A
described the correlation of CDI with infiltra-
tion level of immune cells using CIBERSORT,
EPIC, QUANTISEQ, TIMER and XCELL. The
difference of immune cells infiltration level
between high and low CDI group using above
algorithm was presented in Figure S3B. We can
conclude that infiltration level of B cells was
negatively related with CDI when applying any
of above algorithm. Similarly, B cells were more
likely to enrich in high CDI group compared with
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low CDI group using any of above algorithm.
Next, ESTIMATE algorithm was applied to
compare ESITIMATE Score, IMMUNE Score,
Stromal Score and Tumor Purity in high
and low CDI group in Figure S3C-F. ESITIMATE
Score, IMMUNE Score was higher in low CDI
group while Tumor Purity was higher in high
CDI group. The relationship of CDI with
ESITIMATE Score, IMMUNE Score, Stromal
Score and Tumor Purity was further elaborated
in Figure S3G-J. Adverse correlation between
ESITIMATE Score, IMMUNE Score and CDI was
identified (P<0.05). Oppositely, positive correla-
tion between Tumor Purity and CDI was identi-
fied (P<0.05).

Assessment of response to immunotherapy
between high and low CDI group

Nowadays, cancer immunotherapy represent-
ed by ICIs offers a promising treatment option
for recurrent and metastatic HNSCC [30]. To
further elaborate the predictive role of CDI sig-
nature in immunotherapy, we examined the cor-
relation between CDI and biomarkers that are
associated with ICls. The results indicated that
the expression levels of CD274, CTLA4, IDO1,
PDCD1, TIGIT, TNF, LAG3, HAVCR2 were upreg-
ulated in the low CDI group (P<0.05), implying
that the low CDI group tended to benefit more
from immunotherapy (Figure 4A-H). TIDE score
is closely related with immune therapy resis-
tance and immune escape in tumors micro-
environment. A higher TIDE score indicates
a higher likelihood of immune escape and a
lower response rate of immunotherapy. As
shown in Figure 4l and 4J, compared with high
CDI group, TIDE score in low CDI group was
significantly lower and the CDI was positively
related with TIDE score (R = 0.24, P<0.05),
demonstrating low CDI group had higher
response rates of immunotherapy. What's
more, we computed the percentage of immuno-
therapy responders and non-responders in

Am J Cancer Res 2024;14(5):2584-2607
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Figure 3. The validation of CDI signature in prognosis of HNSCC. A. A comparison of 1-, 2-, 3-, 4- and 5-year AUC value of CDI signature with intrinsic apoptotic
signature and extrinsic apoptotic signature using GSE27020 cohort. B-D. The Kaplan-Meier survival curve with log-rank test using TCGA cohort demonstrated the
relationship between OS and CDI signature, intrinsic apoptotic signature and extrinsic apoptotic signature, respectively. E-G. Clustering analysis using TCGA cohort
showed gene classification in high and low risk group based on CDI signature, intrinsic apoptotic signature and extrinsic apoptotic signature, respectively. H. A
comparison of 1-, 2-, 3-, 4- and 5-year AUC value of CDI signature with intrinsic apoptotic signature and extrinsic apoptotic signature using GSE65858 cohort. I-K.
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The Kaplan-Meier survival curve with log-rank test using GSE cohort demonstrated the relationship between OS and CDI signature, intrinsic apoptotic signature and
extrinsic apoptotic signature, respectively. L-N. Clustering analysis using GSE cohort showed gene classification in high and low risk group based on CDI signature,

intrinsic apoptotic signature and extrinsic apoptotic signature, respectively.
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Figure 4. Correlation of CDI with immunotherapy related biomarkers. A-H. The difference of immune checkpoints between high and low CDI group. I. The difference
of TIDE score between high and low CDI group. J. The relationship of CDI with TIDE score. K. The percentage of immunotherapy responders and non-responders in
high and low CDI group using TIDE score. L. The difference of TMB between high and low CDI group. M. The Kaplan-Meier survival curve showed the relationship
between OS and CDI in HNSCC patients receiving immunotherapy. N. The percentage of immunotherapy responders and non-responders in high and low CDI group
in HNSCC patients receiving immunotherapy. O. The difference of CDI between immunotherapy responders and non-responders. P. The relationship of CDI, MHC,
EC, SC and IPS in the TCGA cohort. Q-T. The difference of IPS between high and low CDI group.
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high and low CDI group using TIDE score (Figure
4K). As higher tumor mutation burden (TMB)
take the vital involvement in stronger antitu-
mor immune response [31], TMB in each
patient was calculated and the difference of
TMB between high and low CDI groups was
analyzed in Figure 4L. The results suggested
that the TMB in low CDI group was lower than
that of high CDI group. Next, we further in-
vestigated the relationship of prognosis in
HNSCC patients receiving immunotherapy in
IMvigor 210 cohort with CDI signature. The
Kaplan-Meier survival curve showed that over-
all survival of low CDI group was higher com-
pared to high CDI group (P<0.039) (Figure 4M).
The percentage of immunotherapy responders
and non-responders in high and low CDI group
in HNSCC patients receiving immunotherapy
as well as the difference of CDI between im-
munotherapy responders and non-responders
was compared in Figure 4N and 40, respec-
tively. Taken together, we inferred that low CDI
group benefit more from immunotherapy, sup-
porting the above conclusion. Furthermore, we
explored the correlation of CDI with immuno-
therapy related biomarkers including MHC
molecular (MHC), effector cells (EC), im-
mune checkpoints (CP) and immunosuppres-
sive cells (SC). Among them, MHC and EC pro-
moted anti-tumor immune response while
CP and SC suppresses anti-tumor immune
response. The analogous result was also
observed in Figure 4P that the CDI was nega-
tively linked with the expression of EC and
MHC while positively linked with the expression
of CP and SC. Although immune cell proportion
score (IPS) between high and low CDI group
had no significance (P = 0.29), the relative
probability to immune checkpoint inhibitor
including anti PD1/PDL1/PDL2, anti-CTLA4
and both treatment in low CDI group was
higher (P<0.05) (Figure 4Q-T).

Gene set enrichment analysis and evaluation
of drug efficacy of the CDI signature

Due to the intense relationship between the
CDI signature and prognosis, immune microen-
vironment, and immunotherapy response of
HNSCC, our aim was to apply gene set enrich-
ment analysis to explore their biological pro-
cess and internal connection. Using KEGG
functional enrichment analysis, we found that
the DEGs between high and low CDI popula-
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tions were distinctively enriched in 15 KEGG
pathways (P<0.05). Among them, KEGG
RETINAL METABOLISM, GLUTATHIONE METAB-
OLISM, BIOSYNTHESIS LACTO AND NOTCHED
SERIES, GLYCOLYSIS GLUCONEOGENESIS,
RIBOFLAVIN METABOLISM, GLYCOSAMINOGL-
YCAN BIOSYNTHESIS CHONDROITIN SLUFATE,
ADHERENS JUNCTION, CELL CYCLE, ECM
RECEPTOR INTERACTION, NOTCH SIGNALLING
PATHWAY, and GAP JUCTION were abundant in
high CDI group and the low-CDI group had the
most significant way in KEGG LINOLEIC ACID
METABLOSIM, ARACHIDONIC ACID METABOL-
ISM, PHENYLALANINE METABOLISM, TAURINE
AND HYPOTAUINE METABOLISM (Figure S4A).
To explore the relationship of tumor related
biological processes with CDI signature, Gene
Set Enrichment Analysis (GSEA) was perform-
ed. As shown in Figure S4B, a total of 15 hall-
mark gene sets were enriched (P<0.05).
Hallmarks (including P53 PATHWAY, REACTIVE
OXYGEN SPECIES PATHWAY, NECROPTOSIS,
NOTCH SIGNALLING, WNT BETA CATEMIN
SIGNALLING, EPITHELIAL MESENCHYMAL TR-
ANSITION, TGF BETA SIGNALLING, HEDGEHOG
SIGNALLING, G2M CHECKPOINT, ANGIOGEN-
ESIS, E2F TARGETS, DNA REPAIR, CUPR-
OPTOSIS) were closely related with high CDI,
indicating that the activation of these biological
processes may play the vital role in tumorigen-
esis and progression. In contrast, the other
hallmarks (KRAS SIGNALLING DN, PYROPTOSIS)
were related with low CDI, implying that their
activation participated in the tumor suppres-
sion and prolonged prognosis in HNSCC
patients.

High-resolution ScCRNA-seq revealed the im-
mune landscape of HNSCC

To characterize the immune landscape in
HNSCC, tumor tissue samples from 6 patients
with HNSCC were reclustered and annotated.
All immune cells were classified into 13 cell
types based on the expression level of canoni-
cal marker genes as reported previously using
the dimensional reduction method which was
called t-distributed stochastic neighbor embed-
ding (t-SNE), including memory B cells, naive B
cells, memory CD4+ T cells, naive CD4 T cells,
memory CD8+ T cells, naive CD8+ T cells, regu-
latory T cells (Tregs), macrophages (M), dendrit-
ic cells (DC), natural killer cells (NK), granulo-
cytes (Gran), mast cells and unidentified cells
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by well-recognized gene markers (Figure 5A).
Next, we investigated the fraction of immune
cell types in different clusters (Figure 5B). The
results suggested that different immune cell
types varied significantly among different clus-
ters. To be specific, naive CD4+ T cells were
prevalent in C1-C5, memory CD8+ T cells were
predominant in C2-C4, while naive B cells were
abundant in C6. Using t-SNE analysis, CD4+/
CD8+ T cells were categorized as memory and
naive CD4+/CD8 T cells. It was revealed in
the development trajectory analyses of CD4+/
CD8+ T cells that a similar trajectory between
different pseudotime, Seurat clusters, state,
and cell subtypes. Furthermore, multiple
branched structures was divided into 3 bran-
ches: the naive or effector cells as root extend-
ed to Tregs, memory and exhausted cells as
diverse end states of a branch, which was in
agreement with previous studies (Figure 5C-L).

Cell communication network analysis in
HNSCC

To further illustrate the mechanism that
immune cell exposed the regulatory effects in
tumorigenesis, we investigated the interaction
among multiple of immune cells through spe-
cific signaling pathway. The number of interac-
tions or interaction weights/strength among
immune cell types was described in Figure
SHA, S5B. As shown in Figure S5C-F, the in-
teraction number and weights/strength of
memory or naive CD8+ T cells with other
immune cell types was deeper explored. The
memory and naive CD8+ T cells was strongly
linked with M1 and naive B cells, respectively
in the interaction number. The memory and
naive CD8+ T cells was highly related with mac-
rophages and M2 cells, respectively in the
interaction weights/strength. Furthermore, the
role of related signaling pathways in cell-cell
interaction was in depth studied. We found that
the interaction between immune cells was
closely associated with three important path-
way in executive function processes. Notably,
activation of the MIF pathway was accompa-
nied by high intensity interaction of multiple
immune cells, especially memory CD8+ T cells,
which played an important role in signaling net-
work including CXCL and IL16. In addition, we
also noted that the interaction of M2 macro-
phages in three key pathway networks was
not significant, which might be related to its
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pro-tumor immune function (Eigure S5G-L).
Signaling input, output and transmission of
signaling pathway constitute the signaling
interaction network. The contribution weight of
outgoing and incoming signaling patterns to
immune cell types in cell communication net-
work system was also shown in Figure S5M,
S5N. For example, memory CD8+ T cells are
most likely to interact with other cells by input-
ting GELACTIN signaling and outputting CCL
and INFII signaling, thus exerting effector func-
tions in antitumor immune response.

Biological functions of CAAP1 and BCL2L2-
PABPN

To ascertain the efficacy of the apoptosis sig-
nature, we examined CAAP1 and BCL2L2-
PABPN, primary contributors to intrinsic and
extrinsic apoptosis-related risk models, res-
pectively. Our initial investigation focused on
measuring the expression levels of CAAP1
and BCL2L2-PABPN in HNSCC cell lines, reveal-
ing higher expression of both CAAP1 and
BCL2L2-PABPN in tumor tissues (T) as com-
pared to matched adjacent non-tumor tissues
(N) (Figure 6A, left). We also endeavored to
ascertain the expression levels of CAAP1 and
BCL2L2-PABPN across various HNSCC cell
lines (Figure 6B, right). In a further phase of
our study, we knocked out CAAP1 and BCL2L2-
PABPN in Fadu and HN8 cell lines, respectively
(Figure 6C). Subsequent wound healing and
transwell assays reveal a significant suppres-
sion of cellular migration following the loss of
CAAP1 and BCL2L2-PABPN (Figure 6D, 6E).

Chemotherapy primarily exerts anti-tumor
effects by inducing cell death. ABT-737, a rec-
ognized inducer of intrinsic apoptosis, was ad-
ministered at a concentration of 30 uM for 24
hours, aligning with dosages employed in prior
investigations on Hela cells [32]. The applica-
tion of ABT-737 led to the heightened cleavage
of intrinsic apoptosis-associated proteins, spe-
cifically caspase 9 in Fadu cells. Intriguingly,
CAAP1 knockout further enhanced ABT-737-
induced intrinsic apoptosis (Figure 7A-D). To
elucidate the pathways through which ABT-737
induces apoptosis in Fadu cells, we analyzed
the activation of caspase cleavage cascades,
assessing downstream mediators of cellular
apoptosis through immunoblotting. The cas-
pase 9 cleavage events was shown in Fadu cell
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Figure 6. CAAP1 and BCL2L2-PABPN can promote cellular proliferation. (A) Western blot analysis of total cell lysates
of HNSCC cell lines demonstrates the expression of CAAP1 and BCL2L2-PABPN. (B) CAAP1 and BCL2L2-PABPN
expressions in five paired tumor tissues (T) and their adjacent normal tissues (N). (C) The expression of CAAP1
and BCL2L2-PABPN in FADU and HN8 cells respectively after transferring with sgRNA. Knockdown of CAAP1 and
BCL2L2-PABPN inhibited the Invasion and migration of HNSCC cells were test by wound-healing assay (D), transwell
assay (E).

with or without CAAP1-knockout. Bax, a marker activity in Fadu cells during ABT-737 exposure,
for intrinsic apoptosis, was scrutinized for its showing decreased levels (Figure 7E).
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Figure 7. CAAP1 inhibit HNSCC intrinsic apoptosis, BCL2L2-PABPN inhibit HNSCC extrinsic apoptosis. (A) Phase-
contrast photomicrographs showing Fadu cells treated with ABT-737 for 12 h, analysis with Cell Counting Kit CCK-8
assay (B). (C) Fadu and CAAP1-/- cells were treated with ABT-737 for 10 h, and then stained with Annexin V-FITC and
analysed by flow cytometry; Percentage of apoptotic cells was measured right. (D) Western blot of full-length and
cleaved caspase 9 for Fadu cell lines treated with ABT-737 (30 uM) for 12 h, (E) Bax level as measured using EIA as-
say. (F) Cells were photographed 24 h after drug treatment and analysis by CCK8 (G). (H) HN8 and BCL2L2-PABPN-/-
cells were treated with TNF-a/CHX for 12 h, and then stained with Annexin V-FITC and analysed by flow cytometry;
Percentage of apoptotic cells was measured right. CTRL, control. (I) Western blot of HN8 and BCL2L2-PABPN-/- cell
lines treated with TNF-a and cycloheximide (CHX) for 12 h. TNF-a (5 ng/ml), CHX (20 ug/ml). (J) Caspase 8 activity
as measured using enzymatic assay and represented by optical density at 450 nm (OD450).

Previous investigations have demonstrated can induce extrinsic apoptosis. Drawing upon
that TNFa, combined with cycloheximide (CHX), concentrations delineated in the published lit-
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erature [33], we selected CHX at 20 ug/ml
and TNF-a at 5 ng/ml to validate this form of
apoptosis (Figure 7F-H). We observed an aug-
mentation of caspase 8 cleavage and activity
following the treatment with TNFoax and CHX
(Figure 71, 7)). The elimination of BCL2L2-
PABPN significantly intensified TNFo/CHX-
induced apoptosis (Figure 7H-J).

CAAP1 has been identified as an inhibitor of
Caspase3/8/9/10 activity [34] and its knock-
out has been shown to enhance apoptosis
and impede the progression of gastric and
liver cancers [35]. Additionally, research by
Anderson et al revealed that CAAP1-mediated
apoptosis operates through the mitochondrial
pathway [34]. Similarly, the knockdown of
BCL2L2-PABPN1 in U87 and U251 cells facili-
tated cell death [36], corroborating our conclu-
sion. Furthermore, our results align with study
showing overexpression of BCL2L2-PABPN1 in
bladder cancer [37].

Absence of CAAP1 enhances antitumor immu-
nity and reduces the growth of HNSCC

Our research has demonstrated that both
intrinsic and extrinsic apoptosis pathways
play roles in inhibiting tumor progression in
HNSCC. Specifically, CAAP1 is implicated in the
intrinsic apoptosis pathway of HNSCC cells,
while BCL2L2-PABPN1 plays a role in extrinsic
apoptosis. Phenotypic analyses revealed that
knocking out CAAP1 has a more pronounced
pro-apoptotic and anti-tumor effects compar-
ed to the deletion of BCL2L2-PABPN1. Conse-
quently, we focused on our animal studies on
the intrinsic apoptosis pathway involving
CAAP1.

To explore whether the silencing CAAP1 con-
tributes to an anticancer phenotype in vivo, we
conducted several experiments. Fadu cells
with and without CAAP1 gene knockout were
subcutaneously implanted (Figure 8A). Our
observations revealed that CAAP1 depletion
significantly inhibited tumors growth in nude
mice (Figure 8B-D). Furthermore, we implant-
ed CAAP1-deficient Meer cells subcutaneously
in C57BL/6 mice, and compared to immuno-
deficient nude mice, the difference in tumor
growth was more pronounced in immunocom-
petent mice (Figure 8E-G). This suggests that
the absence of CAAP1 triggers a more robust
antitumor immune response in the context of a
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complete immune system. Compared to the
control group, tumors in the CAAP1-deficient
group were smaller (Figure 8F, 8G) and the
expression of pro-apoptotic proteins Bax and
Bak were increased (Figure 8H), indicating
enhanced tumor cell apoptosis. Additionally,
we assessed the immune response by analyz-
ing the infiltration of immune cells in tumor tis-
sues. Flow cytometry was employed to sepa-
rately evaluate the quantity and activity
(GZMB+) of CD8+ T cells in tumor tissues and
blood. In the CAAP1-deficient group, the num-
ber of CD8+ T cells in both blood (Figure 8I)
and tumor tissue (Figure 8J) was significantly
higher than that in the control group, which fur-
ther support the difference in tumorigenesis.
Meanwhile, we found that the number of
GZMB+CD8+ T cells in blood was notably
increased in CAAP1 deficient group compared
to control group (Figure 8K). These results sug-
gest that the loss of CAAP1 contributes to
tumor suppression not only by inducing tumor
cell apoptosis but also by enhancing CD8+ T
cell activation.

Discussion

Our study represents the first comprehensive
analysis of 15 types of cell death patterns,
establishing the CDI signature using the TCGA
cohort, and validating its superior predictive
performance using GSE27020 and GSE41613
datasets. We identified the correlation of the
CDI signature with enriched pathways, immune
modulators, immune cell infiltration as well as
interaction.

Decades of research have linked various cell
death processes to malignant tumor develop-
ment and metastasis. Among these, apoptosis-
regulating mechanisms have been extensively
studied in multiple organisms over the last 30
years. Both intrinsic and extrinsic apoptosis
pathways are crucial to various physiological
and pathological processes, including cell
homeostasis, tissue remodeling, and tumori-
genesis. However, their mechanisms of action
differ in a variety of tumors, including HNSCC.
Specifically, intrinsic apoptosis, triggered by
internal stresses such as DNA damage, oxida-
tive stress, and oncogene activation, involves
the release of cytochrome ¢ from mitochon-
dria. This leads to caspase-9 activation fol-
lowed by the executioner caspases. Intrinsic
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Figure 8. In immune-competent mouse models, inhibition of CAAP1 induces antitumor immunity. (A) A schematic
view of the treatment plan. (B) Tumor bodies dissected 15 days after tumor formation in BLAB/C nude mice. (C, D)
Summary of tumor weight (C) and volume data (D) of Fadu tumors harvested after euthanizing the mice. (E) A sche-
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matic view of the treatment plan and C57 mice received GFP-Luc sg nc, or sg caapl meer cells were injected with lu-
ciferin. (F, G) Summary of luciferase activity (F) and volume data (G) of meer tumors harvested after euthanizing the
mice. (H) Differences in the expression of CAAP1, Bax, and Bak in tumor tissues among different groups. (I-K) FACS
of CD8+ in CD3+ cells and GZMB+CD8+ in CD3+ TILs from sg nc, or sg caapl meer xenografts and quantification.

apoptosis is often suppressed in HNSCC due
to mutations in tumor suppressor genes or the
overexpression of anti-apoptotic proteins like
Bcl-2, rendering the tumor resistant to certain
chemotherapeutic drugs [37]. Externally, sig-
nals such as FasL or TNF-a bind to death re-
ceptors on the cell surface, initiating extrinsic
apoptosis. This process leads to the formation
of the death-inducing signaling complex and
the activation of caspase-8. However, it can
be compromised due to alterations in death
receptor expression or disruptions in down-
stream signaling, impacting immune-mediated
cell death [15]. We constructed a signature of
25 CDl-related genes, which was proved as a
promising predictor of HNSCC prognosis. It's
worth noting that 10 of these genes including
KRT18, PPARG, CTLA4, IKBKB, STK11, NPM1,
APP, MAP3K5, BAK1, EPO were tightly associ-
ated with signature as shown in gene interac-
tion network.

A recent study identified PPARG as a potential
pretreatment predictive biomarker in HNSCC
patients treated with neoadjuvant nivolumab
[38]. This was because that PPARy served to
adaptively temper COX-2-mediated inflamma-
tion, contributing to the progression and devel-
opment of HNSCC [39]. CTLA4, tightly associ-
ated with a worse prognosis in HNSCC, acted
as a negative regulator of T-cell activation, lead-
ing to more aggressive biologic subtypes and
therefore promoting tumor progression. IKBKB
encodes a Ser/Thr kinase, which phosphory-
lates a wide range of substrates and regulates
various cellular process including cell cycle,
metabolism, and differentiation [40]. Its sig-
nificance was underscored in a seven-gene sig-
nature predicting the prognosis of HNSCC [41].
STK11 plays a crucial role in a number of can-
cer types, including HNSCC, where its reduced
expression levels could be partly explained by
the negative regulation of miR-100-3p [42],
corroborated by our study. A previous study
reported that the EPO gene promoted tumor
growth and prevented apoptosis by encoding a
secreted glycoprotein hormone. It was postu-
lated that heightened expression of EPO
attenuated tumor growth by exerting the dele-
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terious effects of hypoxia on tumor growth,
metastasis, and treatment resistance [43, 44].
Alterations in the expressions of BAK1 in
HNSCC, which play a pivotal role in cell cycle
regulation, apoptotic modes and angiogenesis,
was also noted [45, 46]. Additionally, a reduc-
tion in NPM1 mRNA, which codes for the pro-
teins that regulate the p53 activity, was
observed after application of radiotherapy
[47]. We addressed the hypothesis that NAE1/
APP-BP1 expression levels influencd p53 activ-
ity and cell survival upon ionizing irradiation.
Cancer cells expressing NAE1/APP-BP1 exhib-
ited decreased sensitivity to ionizing radiation,
altering transcriptional activity driven by p53
[48], which was consistent with our findings.
Moreover, the expression of MAP3K5, known
as apoptosis signal-regulating kinase 1 (ASK1),
was significantly reduced in HNSCC tissues
compared to adjacent non-tumor tissue [49].

During tumor progression, cancer cells can
survive because of the immunosuppressive
tumor microenvironment, which allows them to
escape immune surveillance and resist drug
interference [50]. In theory, high CDI groups
exhibit reduced levels of immune cell infiltra-
tion, immune checkpoints and other immuno-
therapy related biomarkers, suggesting com-
promised immune functions [51, 52]. In our
study, the analysis of immune cells infiltration
revealed that CD8+ T cells, naive B cells, CD4+
memory activated T cells, follicular helper T
cells, and Tregs had higher infiltration rates in
the low CDI group. Conversely, M2 macro-
phages and CD4 memory resting T cells had
higher infiltration in the high CDI group of
HNSCC patients, supporting above assump-
tions. Numerous studies have associated
dense T cell infiltration, especially T cells CDS8,
with favorable prognoses in cancer [53, 54].
MO cells, also named resting macrophages,
are polarized into either pro-inflammatory M1
or anti-inflammatory M2 phenotypes, further
influence outcomes. Previous studies indicat-
ed that an abundance of M1 macrophages typi-
cally indicates better outcome, while an enrich-
ment of M2 macrophages suggests a worse
outcome in HNSCC microenvironment [55].
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In addition to immune cells infiltration, we also
investigated immunotherapy-related biomark-
ers in high and low CDI groups. Immunotherapy
has emerged as an effective treatment for
many cancers, including HNSCC. Nevertheless,
searching for the optimal population who ben-
efits from immunotherapy remains challenging
[56, 57]. Tumor mutation burden (TMB) refers
to the number of somatic mutations without
germline mutations in tumor genome. We
found the high CDI group in HNSCC had elevat-
ed levels of TMB. Although higher TMB may
contribute to the better immunotherapy
response [58], the increased TMB predicted
increasingly poor prognosis, aligning with our
results. Additionally, higher levels of immune
checkpoints, including LAG3, and PDCD1,
CTLA4, were observed in low CDI group, dem-
onstrating these patients might be benefit
more from immunotherapy. Our study also
explored the relationship between TIDE score,
MHC molecular (MHC), effector cells (EC),
immune checkpoints (CP) and immunosup-
pressive cells (SC) with CDI signature. This
analysis confirmed that a low CDI was a predic-
tor of stronger immune response. Furthermore,
through single-cell analysis, we provided a
comprehensive picture of the HNSCC immune
landscape, highlighting the characteristics of
immune cell subtype, cell-cell interaction, and
key signaling transduction pathways.

To obtain more information from the model that
can benefit patients, we selected two genes
with higher weight coefficients in the two death
modes used to construct the model. These
genes were then the focus of our in vitro and in
vivo experiments. Surprisingly, we found that
the loss of CAAP1 not only induced increased
apoptosis but also enhanced antitumor immu-
nity. This finding provides an important refer-
ence for developing targeted drugs for head
and neck cancer. However, this conclusion is
currently limited to animal models, and further
research is needed to elucidate the specific
mechanism by which CAAP1 deficiency influ-
ences tumor suppression. In summary, the
establishment of this model provides a com-
prehensive framework for identifying high-risk
patients or immunotherapy-sensitive patients
clinically, and the discovery of CAAP1 provides
a new direction for future research.

Although the prognostic model exhibited excel-
lent predictive performance, our study had cer-
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tain limitations. The incomplete clinicopatho-
logical information from TCGA and GEO data-
bases means that the CDI might not be inde-
pendent predictor of HNSCC prognosis.
Additionally, the predictivity of CDI signature
was primarily validated using GEO database,
necessitating further confirmation in multi-
center randomized controlled trials with larger
and more diverse populations.

In conclusion, the CDI signature established in
this study serves as a novel prognostic predic-
tor for HNSCC patients, significantly enhancing
clinical outcome assessments.
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Figure S1. The 15 types of cell death related genes expression in normal and tumor tissue and associations of cell
death related genes with HNSCC prognosis using multivariate cox regression.



Prognostic and immune profiles of HNSCC

B8 High - 10

2 Neutrophils 0.5

. Myeloid dendritic cells 0.0
: -05
i 0 B lineage 40
ik .
é %4 %+ T cells

CD8 T cells Endothelial cells

o
N
)

Scale of fraction
o o
X 3

Cytotoxic lymphocytes Fibroblasts
¢ s® @ ¢ & 2 ®
& &P f (f? & & & F
S S & ¢ & &
S \§§ K & b"(‘b & & & Monocytic lineage
\&‘" & \Sfb q}s’o NK cells
S
o
’ | —— | ——
06! pows o 0 IR=-0.38 /< 220-16 o4 [RZ0.11.P-0017 )
Lo B0 o2 wKcolis resting X ; B cots oot memory resing
04 2 03 | 1 04 e 20| i L
§ 4 0.00 0.0 Mast cells resting g 21 Je 3 o o - Maacphages MO
2 02¢ 1 g 3 LA, .o g0z L BT =]
= 02 1 0.00 000 NK cells activated =02 Y :‘: -.!' 38 8 ,‘*f A 017  Tcells CD4 naive
Mo .00 ) . AL 01 ~3
3 = e e e s Dagee’ @ =
00 00+ ! ! 001 000 Eosinophils ool 2% 00| SR8 e oo Mastcells activated g,
= 2 2 04 06 08 1 02 04 06 08 10 . . Low
Low; i Low; ton 001 001 Tcells gamma deita rsaekn Dredveint 014 NK cells resting o High
001 001 Tecells 0.11  Macrophages M2
i 1192 Jrr o .
Gl . = o regulatory Tregs s 03[R=021/2 To-08 03
002 002 B cells memory ~029  Plasma cells
202! @ 06 : > d 2 Tcells regulaf
§ 02 g 001 001  Neutrophils 02 §°? 6 8 - [l 2
% § 04 i S it B O e
o 01 o 002 0.4 Mast cells activated 801 2. , .g =038 TcellsCD8 04
024 02 @ NERBR TR
04 0] 0.03  0.04 B cells naive 00l ."& ool A [ 7 colls folicular heiper
oo e ) ) 015 02 04 06 08 10 G2 04 06 08 10 ritic cells o
) Low High L 006 Dend
0.04 003 Tcells CD4 naive predvaluel predvaluet ks
006 003 Teells follicular 01 il . 008 Eosinophis i
: * e *xx helper _[r=0.16,P=000054 * 2
g 03¢ g 005 006 Ma ages M1 i 03 N : 0.02 B cells memory -02
04 P B
02: 005 006 ToelsCD4 02| 3 qv o . & -002 Tcells gamma delta
memory resting B .o t g -03
B Y .
o éu; 003 006 Macrophages M2 é"’ s c:' F...,. . .% éﬂ -0.03  NK cells activated
o 2 2 s i
¢ g = s
2 o0: & on! 004 006 TcellsCD8 8 00| A . =, -0.09  Dendritic cells resting
ks » = 5% = 02 04 06 08 1
i i e & 013 019  Dendritic cells activated prodvaluct T0.05  Neutrophils
009 0.7 Dendritic cells resting dilhme ~0.06  Monocytes
wan 55 wrx [R=-035. P=266-15 0.20[R=-0.28.P=2.90-10
4 043 0.07 Macrophages MO g E ~0.06 Macrophages M1
XDr .EOh 'gﬂ? 0.15{
§ 2 0.08 0.07 Monocytes 3 wids : § i ~0.16  Tcells CD4 memory activated
So.10 3 340 %01 ta b
3 3 W . . :
% 4 € 0.09 0.0 Plasma cells [ I DeEY SIS Y g R ~021 B cells naive
% £005 g ""{d". e ,gmy "‘.'.ji " =
3 o - :
b 2 040 009 TcellsCD4 I B P sl * m 019 Mast cells resting
00 = x 0.00 - v memory activated o
2 04 06 08 1 02 04 06 08 1
Low  High Low High ngh LOW wo! 1

Figure S2. Correlation of CDI with immune cell infiltration. A. The Wilcoxon rank-sum test compared the absolute
abundance scores of 8 immune cells and 2 stromal cells populations in high and low CDI group using MCP counter.
B. The relationship of CDI with 8 immune cells and 2 stromal cells populations using MCP counter. C. The difference
of 22 immune cells infiltration level between high and low CDI group using CIBERSORT algorithm. D. The relationship
of CDI with 22 immune cells using CIBERSORT algorithm.
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Figure S3. The investigation of immune landscape in high and low CDI group using several algorithm. A. The correlation of CDI with infiltration level of immune cells
using CIBERSORT, EPIC, QUANTISEQ, TIMER and XCELL. B. The difference of immune cells infiltration level between high and low CDI group using CIBERSORT, EPIC,
QUANTISEQ, TIMER and XCELL. C-F. The difference of ESITIMATE Score, IMMUNE Score, Stromal Score and Tumor Purity between high and low CDI group, respec-
tively. G-J. The relationship of CDI with ESITIMATE Score, IMMUNE Score, Stromal Score and Tumor Purity, respectively.
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Figure S4. Gene set enrichment analysis and drug sensitivity of the CDI signature. A. The significantly enriched subset of KEGG canonical pathways based on GSEA.
B. The significantly enriched HALLMARK gene sets based on GSEA.

A Number of interactions B Interaction weights/strength M Outgoing signaling patterns
alll-._ll mmunl
wir [
GALECTIN -
mmaxm =
nua (]
0
=m )
= Bl
spm 2
RESISTIN i i 0
il W I
™ 1
D40 I . 1
DC colls GAS 1
csr -
C Memory CD8 T cells D Naive CD8 T cells TR0 - & €
- ¥ ®
. N s &fkfé;i’j FIIIIIII T
S
Naive CD4 + & O & s o f &
Memory CD8 T cells (3
T ceolis £ $
& f\ F & f
M1 cells Naive CD4 T cells
Trog colis N Incoming signaling patterns
Naive CD8 T cells
2 :
Memory B cels Basophil 31-_-l—_l-_.-»
F —3
M2 cells . Unidentified cells 9 GALECTIN| ]
Memory CD4 + DC cells Memory CD4 + DC cells ANNEXIN ]
oot T cells IL16 ]
[
E Memory CD8 T cells F Naive CD8 T cells cxa- - 1 % .
NK cells Naive B cells : EI
M ael'-'r —l. i\,
IEN-1I 1
@ Naive CD4 T cells TNF ]
1
Treg cells 1
e = s
Basophil & e £ T
FEFFFFFFFysdsyys
A N o $ A > AN o & 4 é) f
Fregs¥r s S
Unidentified cells & © § § ;_, f g
Memory CD4 + DC cells s & g
e A




Prognostic and immune profiles of HNSCC

G MIF signaling pathway network | CXCL signaling pathway network K IL16 signaling pathway network

Source Target Source Source Targel Source

@ NK cells

@ Naive CD4 +T cells
® M1 cells

® NK cells Treg colis
@ Naive CD4 +T cells

Memory CD8 T cells. ‘ @ Memory CD4 +T cells

Naivo B cells @ o & Basophil

Treg cells:

Naive CD4 T cells @

@ Memory CD4 +T cells
' DC cells

@ Unidentified cells
Naive B cells @ 0 @ Basophil

Memory CD8 T cells

Figure S5. Cell communication network analysis in HNSCC. A. Chord plot showing the number of interactions among immune cell types. B. Chord plot showing the
interaction weights/strength among immune cell types. C, D. The interaction number of memory or naive CD8+ T cells with other immune cell types. E, F. The interac-
tion weights/strength of memory or naive CD8+ T cells with other immune cell types. G-L. Hierarchical chart showing inferred intercellular communication network
of MIF, CXCL, IL16 signaling pathway with immune cell types using autocrine and paracrine signaling. Bar sizes are proportional to the number of cells in each cell
group and line width represents the communication probability. M, N. The contribution weight of outgoing and incoming signaling patterns to immune cell types
in cell communication network system.



