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Chronic lymphocytic leukemia (CLL) is the most common leukemia in the
Western world with great heterogeneity. Pyroptosis has recently been
recognized as an inflammatory form of programmed cell death (PCD) and
shares a close relationship with apoptosis. Although the role of apoptosis in CLL
was comprehensively studied and successfully applied in clinical treatment, the
relationship between pyroptosis genes and CLL remained largely unknown. In
this study, eight differentially expressed pyroptosis-related genes (PRGs) were
identified between CLL and normal B cells. In order to screen out the
prognostic value of differentially expressed PRGs, univariate and multivariate
Cox regression analyses were conducted and a risk model with three PRG
signatures (GSDME, NLRP3, and PLCG1) was constructed. All CLL samples were
stratified into high- and low-risk subgroups according to risk scores. The risk
model showed high efficacy in predicting both overall survival (OS) and time to
first treatment (TTFT). Gene Ontology (GO), Kyoto Encyclopedia of Genes and
Genomes (KEGG), and Gene Set Enrichment Analysis (GSEA) showed the
dysregulation of immune and inflammatory response in the high-risk group.
Single-sample GSEA (ssGSEA) of immune cell infiltration and the activity of
immune-related pathways also displayed decreased antitumor immunity in the
high-risk group. In conclusion, PRGs are of prognostic value in CLL and may
play important roles in tumor immunity, and the underlying relationship
between PRGs and CLL needs to be explored further.
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Introduction

Chronic lymphocytic leukemia (CLL) is the most common
leukemia in the Western world (1) with great heterogeneity. Owing
to the increasing knowledge of the biological and genetic
characteristics of CLL, a number of biomarkers were exploited
and prognostic models with high efficacy were constructed. The
international prognostic index for CLL (CLL-IPI) is one of the most
well-recognized one, which incorporates TP53 status,
immunoglobulin heavy chain variable region (IGHV) mutational
status, serum ,-microglobulin concentration, clinical stage, and age
(2). The model discriminated CLL patients into four prognostic
subgroups with 5-year overall survival (OS) ranging from about
more than 90% in the low-risk subgroup to about 20% in the very-
high-risk subgroup in both Western and Chinese cohorts (2-4).
CLL-IPI was validated to be able to identify high-risk CLL patients
who cannot benefit from conventional chemoimmunotherapies.
However, whether novel, non-cytotoxic agents could overcome
these inferior factors remains to be explored. Therefore, screening
dysregulated pathways and aberrant gene expression in high-risk
CLL is of great significance to understand the underlying
mechanism of CLL progression.

Novel targeted agents including inhibitors of Bruton’s tyrosine
kinase (BTK), apoptosis regulator B-cell leukemia/lymphoma 2
(BCL-2), and phosphatidylinositol-4,5-bis-phosphate 3-kinase
catalytic subunit delta (PI3K3) have greatly changed the
landscape in the treatment of CLL (5-7). Among them,
venetoclax, which targets BCL-2 and the apoptotic pathway, is an
effective and promising treatment option for CLL (8-10). Inhibition
of anti-apoptotic BCL-2 proteins stimulates mitochondrial outer
membrane permeabilization (MOMP) and leads to cytochrome ¢
release and activation of a caspase cascade (11, 12). Notably,
cysteinyl aspartate specific proteinase-3 (caspase-3) is a common
key molecule in both apoptosis and pyroptosis pathways, which
collaborates with gasdermin E (GSDME) as a switch between
apoptosis and pyroptosis (13, 14). Although the mechanism of
apoptosis underlying CLL is well-recognized and the BCL-2
inhibitors are broadly applied in clinical practice, dysregulation of
pyroptosis underlying CLL has never been explored yet.

Pyroptosis is a novel form of programmed cell death (PCD)
with characteristics of cellular swelling, lysis, and the release of
many inflammatory factors (15) while apoptosis a non-
inflammatory PCD. The gasdermin family is the main
candidate of pyroptosis and activates pyroptosis through two
main approaches (1): gasdermin D (GSDMD)-dependent
activation regulated by caspase-1/4/5/11, and (2) gasdermin E
(GSDME)-dependent activation regulated by caspase-3 (16-19).
Chemotherapeutic agents such as paclitaxel, cisplatin, and
doxorubicin could induce pyroptosis in order to inhibit tumor
progression and certain drugs might evoke the switch from
caspase 3-dependent apoptosis to pyroptosis (20-23). Therefore,
the role of pyroptosis underlying CLL, especially in the
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treatment of venetoclax or other chemotherapy, remains to be
explored. Moreover, release of inflammatory cytokines (IL-1f,
IL-18, and IL-16) and alarmins (ATP, HMGB1) might be
immunogenic, recruiting and activating immune cells in the
tumor (24, 25). Whether the effect of inflammation is tumor-
promoting or inhibitory depends on the biological features of the
particular tumor and remains to be explored.

In the present study, we obtained pyroptosis-related genes
(PRGs) differentially expressed between CLL and normal B cells.
PRGs related to prognosis were systematically screened out through
univariate and multivariable Cox regression analysis, and the
prognostic model was established. The model was further
validated and patients were divided into high- and low-risk
subgroups according to PRG model scores. Dysregulated
pathways and immune cell infiltration between two subgroups
were compared. Moreover, the expression of PRGs with
prognostic significance was explored between IGHV mutated and
unmutated CLL patients from Gene Expression Omnibus (GEO)
datasets and our real-world treatment-naive (TN) CLL cohort, and
the efficacy of our PRG model was also validated in CLL patients of
our center.

Materials and methods
Data acquisition and processing

The public expression matrix and corresponding clinical
data were obtained from the GEO database (https://www.ncbi.
nlm.nih.gov/geo/). The details of GEO datasets used in our study
are summarized in Table 1 (26-30). Samples of GSE67640
datasets obtained from 15 CLL patients and nine healthy
donors were applied to screen the differentially expressed
PRGs (26). GSE50006 datasets including 188 CLL samples and
CD19+ B cells from 32 healthy donors were used to validate the
screened differentially expressed PRGs. GSE22762 included
microarray datasets of 151 CLL peripheral blood mononuclear
cell (PBMC) samples (44 Affymetrix HG-U133 A&B and 107
Affymetrix HG-U133 Plus 2.0 chips) to identify PRGs associated
with OS; among them, 101 samples were used to validate PRGs
related with time to first treatment (TTFT) (27). Normalization
by normalizeBetweenArrays in the limma package is conducted
for a better combination of data from two platforms, and combat
algorithm in the sva package was used to correct intra- and inter-
batch effects (31). At data cutoff, 41 CLL patients from the 151-
CLL-sample cohort were dead and 56 of 101 patients received
treatment. Treatment options of CLL patients included purine
analogs, alkylating agents, bendamustine, rituximab, and
alemtuzumab, while no patients received novel agents as
treatment options. GSE39671 including microarray datasets of
PBMC obtained from 130 TN CLL patients was used to validate
PRGs associated with TTFT (28). GSE38611 and GSE51528 used
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TABLE 1 The summary of GEO datasets used in the present study.

GEO Platform  Samples Patient subgroup

accession

GSE67640 GPL10558 24 15 CD19+ cells from CLL patients and nine normal B

(26) cells from healthy donors

GSE50006 GPL570 220 188 CLL samples and 32 normal B cells from healthy
donors

GSE22762 GPL96/GPL97/ 151 151 CLL samples

(27) GPL570

GSE39671 GPL570 130 130 CLL samples

(28)

GSE51528 GPL6244 216 131 M-CLL and 85 U-CLL

(29)

GSE38611 GPL6244 136 76 M-CLL and 60 U-CLL

(30)

10.3389/fimmu.2022.939978

Application

Selection of differentially expressed PRGs between CLL and
normal B cells

Validation of differentially expressed PRGs between CLL and
normal B cells

Construction of a PRG prognostic model and survival analysis of
PRG expression (OS and TTFT).

Validation of a PRG prognostic model and survival analysis of
PRG expression (TTFT).

Validation of differential expression of selected PRGs between M-
CLL and U-CLL.

Validation of differential expression of selected PRGs between M-
CLL and U-CLL.

GEO, Gene Expression Omnibus; PRGs, pyroptosis-related genes; OS, overall survival; TTFT, time to first treatment; M-CLL, immunoglobulin heavy chain variable region (IGHV) mutated

CLL; U-CLL, IGHV unmutated CLL.

purified CLL cells so that bias caused by PBMCs could be
checked. Moreover, RNA samples of purified CLL cells from
39 TN patients in our center were obtained in order to validate
the clinical and prognostic significance of PRGs. The detailed
flowchart of this study is displayed in Figure 1.

Identification of differentially
expressed PRGs

Thirty-three PRGs were extracted from prior reviews and
present in Table S1 (15, 32, 33). The “limma” package was used
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FIGURE 1
Flowchart of this study.
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to identify differentially expressed genes (DEGs) between CLL
cells and normal B cells with adjusted p value < 0.05 and absolute
value of fold change (FC) = 1.5. The cohorts from GSE67640 and
GSE50006 were used and the intersection of upregulated and
downregulated PRGs was obtained to conduct the following
analysis. The differentially expressed PRGs were loaded into
Metascape (https://metascape.org/gp/index.html#/main/step1)
to conduct functional analysis and into Search Tool for the
Retrieval of Interacting Genes (STRING, https://string-db.org/)
to construct a PPI network.

Establishment and validation of the PRG
prognostic model

In order to assess the prognostic value of differentially
expressed PRGs, we further conducted univariate and
multivariate Cox regression analysis using the “survival” R
package and hub PRGs were selected to construct the PRG
prognostic model. The risk scores were calculated by the
following formula: Risk Score = X%; XixY; (X: coefficients, Y:
gene expression level) and expression level was centralized and
standardized. A total of 151 CLL samples were divided into high-
and low-risk subgroups according to the median risk score of the
PRG prognostic model and OS was compared via Kaplan-Meier
analysis. The “FactoMineR” and “factoextra” package were used

» <« .

to perform PCA and “survival”, “survminer”, and “survivalROC”
R packages were employed to perform a 3-year, 5-year, and 10-
year OS ROC curve analysis. For the validation of the established
model, 101 CLL samples with TTFT among 151 samples and 130
CLL patients in another cohort were employed. The expression of
PRGs was also normalized and the risk scores were then calculated
by the formula established by the 151-CLL-sample cohort. The
efficacy of the PRG prognostic model was validated by these two

cohorts according to the procedures mentioned above.

Functional analysis of the DEGs between
the low- and high-risk subgroups

A total of 151 CLL samples in GSE22762 were stratified into
two subgroups according to the median risk score of the PRG
prognostic model. The DEGs between the low- and high-risk
subgroups were screened using the “limma” package. Adjusted p-
value < 0.05 was regarded as statistically significant. DEGs were
used to perform Gene Ontology (GO) analysis using Metascape
(https://metascape.org/gp/index.html#/main/stepl); the
upregulated and downregulated DEGs were used to perform
Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis
using the “clusterProfiler” package. Pathways with adjusted p <
0.05 were considered to be of statistical significance. Gene Set
Enrichment Analysis (GSEA) between high- and low-risk
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subgroups based on the identified gene signature was conducted
via the “GSEAbase” and “clusterProfiler” R package and
h.all.v7.4.symbols.gmt was used as a reference gene list.
Pathways with adjusted p < 0.05 normalized enrichment score |
NES| > 1 were considered significant.

Evaluation of immune pathways and
tumor immune environment status

Single-sample GSEA (ssGSEA) was conducted via the
“GSVA” package, and the scores of immune cell infiltration
and the activity of immune-related pathways were calculated.
The reference gene list is listed in Table S2.

RNA extraction and real-time PCR

Total RNA was extracted from CD19+ B cells from CLL
patients by Trizol Reagent (Invitrogen, Carlsbad, CA, United
States) and the extracted RNA was subsequently reverse-
transcribed into ¢cDNA using SuperScript III reverse
transcriptase (Invitrogen). The ¢cDNA was subjected to SYBR
Green-based real-time PCR analysis. Gene expression changes
were calculated using the comparative C, method and values
were normalized to B-actin expression levels. The primers used
in real-time PCR assays are listed in Table S3.

Statistical analysis

All data analyses were performed in the R platform (v.4.0.2,
https://cran.r-project.org/). The comparison of PRG expression
between CLL cells and normal B cells, hub PRG expression,
scores of immune cell infiltration, activity of immune-related
pathways of different risk subgroups, and hub PRG expression
between IGHV mutated and unmutated CLL were performed
using the Wilcoxon rank-sum test. To screen out the hub PRGs,
univariate and multivariate Cox regression were conducted and
the Kaplan-Meier method with a two-sided log-rank test was
performed by utilizing the “survival” and “survminer” R package.
Correlation coefficients were computed by Pearson’s correlation
analyses. p < 0.05 was indicated as statistical significance.

Results

Identification of differentially expressed
PRGs between CLL cells and

normal B cells

The DEGs of 15 CLL samples and normal B cells from nine
healthy donors were analyzed and 18 PRGs among a total of 33
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PRGs were selected (adjusted p < 0.05). Among them, 12 genes
(AIM2, CASP3, CASP6, GSDMA, GSDMD, GSDME, NLRP2,
NODI, NOD2, PLCGI1, PYCARD, and SCAFI11) were
upregulated while six other genes (CASP8, CASPY, GSDMB,
IL-1B, IL6, and NLRP3) were downregulated (Figures 2A, B). To
validate the differentially expressed pyroptosis-related genes,
another cohort including 188 CLL samples and 32 CD19+
normal B cells from healthy donors were analyzed. Six genes
(AIM2, GSDME, NOD2, PLCGI1, PYCARD, and GSDMD) were
upregulated and two genes (IL6 and NLRP3) were
downregulated among CLL samples in both cohorts
(Figure 2C). To further explore the underlying mechanisms of
pyroptosis signatures in CLL, we conducted a functional analysis
using Metascape. GO analysis results showed that these
dysregulated PRGs were mainly enriched in response to
stimulus, metabolic process, immune system process, and
other biological signaling (Figure 2D). Therefore, these results
prompt us to explore the relationship between change of TME
and dysregulation of PRGs. Moreover, the protein-protein
interaction (PPI) network was constructed to display the
commutative relationship among dysregulated PRGs

10.3389/fimmu.2022.939978

(Figure 2E). The minimum required interaction score for PPI
analysis was set at 0.7 (high confidence), and PYCARD, AIM2,
NLRP3, and GSDMD were regarded as hub genes. Among them,
all the hub genes were DEGs between CLL and normal B cells.

Development and verification of a PRG
prognostic model

Normalized mRNA expression data with corresponding
patients’ survival information were obtained from GEO.
Univariate Cox regression analysis was applied to screen out
the differentially expressed PRGs that were significantly
associated with OS in 151 CLL patient samples. As shown in
the forest plot (Figure 3A), four PRGs were found to be
associated with prognosis. The identified prognostic PRGs
(GSDMD, GSDME, NLRP3, and PLCGI1) were retained for
further multivariable Cox regression analysis. Among them,
GSDME, NLRP3, and PLCGI1 were subsequently identified as
independent prognostic signatures (Figure 3B, Table 2).
Therefore, a prognostic model based on the above three PRGs
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was established and risk scores for each patient were calculated
as follows:

Risk Score = (0.1950 x GSDME exp.) + (-1.0171 x NLRP3
exp.) + (—1.2174 x PLCG1 exp.)

Based on the median risk scores of 151 CLL samples, a high-
risk subgroup (n = 75) and a low-risk subgroup (n = 76) were
stratified. The median OS of the high-risk subgroup is
significantly shorter than the OS of the low-risk subgroup
(HR = 3.0657, p < 0.001, Figure 3C). Time-dependent ROCs
were performed to evaluate the efficacy of the prognostic model,
and the area under the curve (AUC) was 0.722 for 3-year
survival, 0.748 for 5-year survival, and 0.717 for 10-year
survival (Figure 3D), suggesting that the predictive model was
efficient and reliable. The risk scores, survival status, and
heatmap of expression profiles of these three PRGs in high-
and low-risk subgroups are displayed in Figures 3E-G. To
validate the efficacy of the established prognostic model, 101
CLL samples with TTFT among 151 CLL samples were
50) and a low-risk
subgroup (n = 51) and the PRG prognostic model also showed

categorized as a high-risk subgroup (n

ideal efficacy in respect of predicting TTFT (Figures 3H-K).

10.3389/fimmu.2022.939978

Furthermore, another independent 130 TN CLL cohort in
GES39671 was used to evaluate the reliability and accuracy of the
PRG prognostic model. Kaplan-Meier plots displayed that the PRG
prognostic model successfully stratified patients into low-risk (n =
65) and high-risk (1 = 65) subgroups, with the median TTFT in the
high-risk subgroup significantly shorter than that in the low-risk
subgroup (HR = 3.1030, p < 0.001, Figure 4A). The AUCs of ROC
curves were 0.682 for 1-year, 0.725 for 3-year, and 0.709 for 5-year
survival (Figure 4B) and the PRG prognostic model also showed
reliable efficacy in the validation cohort (Figure 4C, D). The high
expression of GSDME showed poor prognosis of CLL in respect of
both OS (HR = 3.4918, p < 0.001) and TTFT (HR = 3.201, p <
0.001), and the high expression of NLRP3 and PLCGI displayed
superior prognosis of CLL (Figures 5A-C).

Functional analysis according to the PRG
risk model

To further explore the underlying functional change of PRG
dysregulation, DEGs between high- and low-risk subgroups
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FIGURE 3

Construction of prognostic model according to multivariable Cox regression analysis. (A) Univariate Cox regression analysis of OS for each
pyroptosis-related gene and six genes with p < 0.05. (B) Multivariate Cox regression analysis of OS for screened pyroptosis-related genes.
(C) Kaplan—Meier plot showed OS of CLL samples in the high- and low-risk subgroups. (D) ROC curves showed the predictive efficiency of
risk model in terms of 3-year, 5-year, and 10-year OS. (E) Distribution of patients based on the risk score. (F) Survival status of CLL samples
(low risk on the left side of the dotted line and high risk on the right side of the dotted line). (G) Heatmap for expression of screened
pyroptosis-related genes between high-risk and low-risk subgroups. (H) Kaplan—Meier plot showed TTFT of 101 CLL samples between high-
and low-risk subgroups. (I) ROC curves showed the predictive efficiency of the risk model in 101 CLL samples in terms of 1-year, 3-year, and
5-year TTFT. (J) Treatment status of 101 CLL samples. (K) Heatmap for expression of screened pyroptosis-related genes between high-risk

and low-risk subgroups in 101 CLL samples.
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TABLE 2 Multivariate Cox regression analysis of signature in the 151-CLL-sample cohort.

Variable Coef
GSDME 0.1950

NLRP3 ~1.0171
PLCG1 ~12174

HR (95% CI) p-value
1.2153 (0.9641-1.5321) 0.0988
0.3617 (0.1946-0.6722) 0.0013
0.2960 (0.1094-0.8011) 0.0166

Coef, coefficient; HR, hazard ratio; CI, confidence interval.

were extracted using the “limma” R package with the criteria
adjusted p value < 0.05 and the absolute value of fold change
(FC) = 1.5. In all, 191 upregulated genes and 215 downregulated
genes were identified (Table S4), and GO enrichment analysis
and KEGG pathway analysis were performed. GO analysis
showed that the DEGs were mainly enriched in response to
stimulus, immune system process, metabolic process, rhythmic
process, and other biological signaling (Figure 6A). KEGG
analysis indicates that genes concerning NF-kappa B,
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apoptosis, MAPK, inflammatory pathways such as
TNF, cytokine-cytokine receptor interaction, and chemokine,
and immune pathways such as PD-1 and PD-L1 checkpoint,
and Thl and Th2 cell differentiation were downregulated
(Figure 6B), while genes concerning primary immunodeficiency,
B-cell receptor (BCR), and multi-substance metabolism were
upregulated (Figure 6C). Moreover, GSEA also confirmed that
metabolic pathways such as fatty acid metabolism and oxidative
phosphorylation were upregulated while apoptosis and
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Validation of the prognostic model in respect of TTFT. (A) Kaplan—Meier plot showed TTFT of 130 CLL samples between high- and low-risk
subgroups. (B) ROC curves showed the predictive efficiency of the risk model in 130 CLL samples in terms of 1-year, 3-year, and 5-year TTFT.
(C) Treatment status of 130 CLL samples. (D) Heatmap for expression of screened pyroptosis-related genes between high-risk and low-risk
subgroups in 130 CLL samples.

frontiersin.org


https://doi.org/10.3389/fimmu.2022.939978
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Sha et al. 10.3389/fimmu.2022.939978

A GSDME B NLRP3 c PLCG1

-+ High expression (n=90) -+ Low expression (n=61) =+ High expression (n=117) =~ Low expression (n=34) =+~ High expression (n=102) =~ Low expression (n=49)

Overall Survival
s
a
g
Overall Survival
s
a
g
Overall Survival
P
a
g

HR (95% Cl): 3.4918 (1.8891-6.4541) HR (95%): 0.2254 (0.0984-0.5163) HR (95%): 0.4628 (0.2350-0.9114)
p<0.001 p<0.001 p=0.0114

5 5 5
Time (years) Time (years) Time (years)
GSDME NLRP3 PLCG1

~ High expression (n=60) -~ Low expression (n=70) ~ High expression (n=46) -~ Low expression (n=84) ~ High expression (n=44)  ~ Low expression (n=86)

1.00

°
o
e
o
e
o

Time to First Treatment
g
g

Time to First Treatment
g

Time to First Treatment
°
g

°
9
?
°
B
b
°
b

HR (95% Cl): 3.201 (1.9514-5.2499) HR (95%): 0.4446 (0.2742-0.7207) HR (95% C): 0.4647 (0.2840-0.7606)
p<0.001 p=0.0028 p=0.0072

0.00 0.00 0.00

Time (years) Time (years) Time (years)

FIGURE 5

Kaplan—Meier plots of the prognostic pyroptosis-related genes. (A—C) Kaplan—Meier plots showed the screened pyroptosis-related genes in
prognostic models with OS and TTFT: (A) GSDME; (B) NLRP3; (C) PLCG1.

G0:0050896: response to stimulus

G0:0050789: regulation of biological process
G0:0002376: immune system process

lular process

ositive regulation of biological process
G0:0022610: biological adhesion

G0:0023052: signaling

G0:0044419: i ies i ion between
G0:0040011: locomotion

G0:0048519: negative regulation of biological process
G0:0051179: localization

G0:0032501: multicellular organismal process Y W T 100 0
G0:0008152: metabolic process i | i “ | If
GO:0048511: rhythmic process im w‘ 'IMI ‘ ”I \’ \‘ ‘I ‘U \H MI "\ I
G0:0032502: developmental process L LI ] LAR AR A

'GO:0065007: biological regulation
G0:0022414: reproductive process
'G0:0040007: growth o ———— — —
G0:0016032: viral process
G0:0007610: behavior

5 10 15 20 25 30
-1og10(P)

B C E

KEGG pathway enrichment in down-regulated genes. KEGG pathway enrichment in up-regulated genes

Running Enrichment Score.

Rank in Orderad Dataset

NE-kappa & signaling pathway | . - - .

TNF signaling pathway | ° | B cell receptor signaling °

PD-L1 and PD-1 chickpoint . Gene number joucine and B
in cancer . isoleucine degradation

Gene number

| . I aal SR T e e

Sioctine g oy e ‘ oot . u wn
amino acios

Apoptosis | - | Fatty acid metabolism

Rankad lst metrc
|
|
[
|

MAPK signaling pathway | e | Carbon metabolism | @

T T ; = =
: Rih actor ’ ‘Rienfactor Rankin rdered Datesn

FIGURE 6
Functional analysis of DEGs between high- and low-risk subgroups. (A) Barplot for GO analysis of DEGs based on the Metascape online. (B, C)
Bubbles plot for KEGG pathways of downregulated and upregulated DEGs. (D, E) GSEA between high- and low-risk subgroups.

Frontiers in Immunology 08 frontiersin.org


https://doi.org/10.3389/fimmu.2022.939978
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Sha et al. 10.3389/fimmu.2022.939978
A C
Risk B8 high (n=75) B8 low (n=76) Risk B high (n=75) B8 low (n=76)
i 0005 01025 G038 00BTT G074 02627 GOATS G991 G882 T90-07 00018 40608 16608 08STA | °0T 00000 276-08 65615 30610 OAGARD OO1S07 00002 ODOZGT T2e-09 O218EZ T30-TT 000403 15605 |
” “ - B ’ : :
025 . 0 °
| . ++ i g | .ot
g HE s .
= i BEL TR P
-025- ; 1 . .
s N
& § s s N
» s :ee # s & & s ; N gf ef &
g § ¢ & N F 5§ £ & s & F 4 £ 5 & &
& s F & F o & s 5 s ' ¢ s 8 ¥ § $ § & &
§ £ ¢ 8§ F 5 sE s s s e & & §§ A N N
§ & & 0§ & & & 4 & K o & B & A &
B D
Risk B3 high (n=65) B8 low (n=65) Risk B8 high (n=65) B8 low (n=65)
0] 075714 000353 0.8862 081200 4.30-08 059303 000367 0000TS 000126 T.16-00 0TGBS7 0,00062 0100285 088515 Ge-05 001460 Tdo-11 35605 01T Boc = 05 003048 000061
075 .
025 —— ++ . e .
5ol T : : J L R J '4.* .
i . “ ot - H .
0zs .
e . . .
§ $ & & s $ $ & s
o L §F AR AR A A A |
§ § ¢ 5 5 P S A S A
§ £ ¢ ¢ & 58S s FF e R A A R S A A
) AR N & ¢ @ & R A )
FIGURE 7

Comparison of the ssGSEA scores for immune cells and immune pathways. (A, B) Comparison of the enrichment scores of 14 types of immune
cells between high- and low-risk subgroups in the 151-CLL-sample cohort and the 130-CLL-sample cohort. (C, D) Comparison of tumor
immune status between high- and low-risk subgroups in the 151-CLL-sample cohort and the 130-CLL-sample cohort. p-values were shown as
*p < 0.05; **p < 0.01; ***p < 0.001.

A GSE51528 B « Highrisk (u=19) - Lowrisk (=20) <+ Highrisk (n=19) -~ Low isk (n=20)
159
E [ IGHV unmutated (n=85) 100 100
< IGHV mutated (n=131 L
F o peg o1 [ 1GHY mutated (n=131) HE gors
8 104 H
2"l e peooor  nsp=0s51 £ 5
8 Goso Boso
s i H
3 5 2 H
s 202 0zs
g B pooms peo.078
T T T 0.00- 0.00-
poe. s NLRPS Py 0 COR G E SR UL S
GSE38611 c D Correlation
159 2!
3 [ IGHV unmutated (n=60) ns p=0.264 1 IGHV unmutated  ™° R2=05196
< wpmog [ 1GHV mutated (n=76) £ 2 1 1GHV mutated 8 . p<0.001
8 104 £
]  p<0.001 ns p=0.168 g1 =8 £ &
e s n=11 5
g 51 3
s 54 2 o
s :
& H n=8 n=12 2
GSDME NLRP3 PLCG1 High Risk (n=19) Low Risk (n=20) o z 4 6 & 10
PRGs Score
Our Cohort
101 ~
5 nspe0 gy 1 IGHV unmutated (n=1)
< o 1 IGHV mutated (n=20)
LI
g *p=0035
R ns p=0.677
K]
g 7
€
T T T
GSDME NLRP3 PLCG1

FIGURE 8

Correlation of pyroptosis-related gene expression with clinical prognostic biomarkers. (A) Comparison of the prognostic pyroptosis-related
gene expression between 76 mutated CLL and 60 unmutated CLL samples in GSE38611. Comparison of the prognostic pyroptosis-related gene
expression between 131 mutated CLL and 85 unmutated CLL samples in GSE6244. Comparison of the prognostic pyroptosis-related gene
expression between 20 mutated CLL and 19 unmutated CLL samples in treatment-naive CLL patients from our center. (B) Kaplan—Meier plot
showed OS and TTFT of 39 treatment-naive CLL patients in our center between high-risk (n = 19) and low-risk (n = 20) subgroups divided by
PRG scores. (C) Distribution of IGHV status between high-risk (n = 19) and low-risk (n = 20) subgroups divided by PRG scores. (D) Correlation of
risk scores in the pyroptosis-related gene model and CLL-IPI. p-values were shown as *p < 0.05; **p < 0.01; ***p < 0.001.

Frontiers in Immunology

09

frontiersin.org


https://doi.org/10.3389/fimmu.2022.939978
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Sha et al.

inflammatory pathways were downregulated in the high-risk
subgroup of the PRG prognostic model (Figures 6D, E).

Evaluation of immune status
between subgroups

Enrichment scores of 14 types of immune cells and the
activity of 13 types of immune-related pathways between high-
and low-risk subgroups in both the 151-CLL-sample cohort and
the 130-CLL-sample cohort were evaluated by ssGSEA. The
high-risk subgroup showed generally lower levels of immune cell
infiltration than in the low-risk subgroup in both cohorts,
especially of CD8+ T cells, macrophages, neutrophils, natural
killer (NK) cells, T helper cells, Type 1 T helper (Th1) cells, and
Type 2 T helper (Th2) cells (Figures 7A, B). Moreover, the high-
risk subgroup also displayed generally downregulated immune
activity, including downregulation of antigen-presenting cell
(APC) co-inhibition, APC co-stimulation, chemokine and
cytokine receptor (CCR), checkpoint, inflammation
promoting, parainflammation, T-cell co-stimulating, Type I
interferon (IFN) response, and Type II IFN response
(Figures 7C, D).

Validation of the clinical prognostic value
of PRG expression

IGHV is one of the most well-recognized prognostic
biomarkers in CLL and remained unchanged during the
course of disease. Unmutated IGHV status was a key risk
factor for CLL concerning both OS (34) and TTFT (35). Here,
we validated the expression of our three PRGs with prognostic
significance in CLL patients with unmutated IGHV and mutated
IGHV status. CLL with unmutated IGHV status showed
significantly higher expression of GSDME and lower
expression of PLCGI than CLL with mutated IGHV status
(Figure 8A) in two cohorts. Furthermore, CD19+ CLL samples
from 39 treatment-naive CLL patients in our Pukou CLL center
were used to validate the clinical consistency of the PRG risk
model. At data cutoff on 1 March 2022, 18 of 39 patients received
treatment while three patients were dead. Real-time quantitative
PCR was conducted to evaluate the expression of GSDME,
NLRP3, and PLCGI, and risk scores were calculated according
to the formula of PRG prognostic models. GSDME showed a
higher expression in IGHV unmutated CLL than in IGHV
mutated CLL (p = 0.035), while no difference was found in
NLRP3 and PLCG1 (Figure 8A). Risk scores according to PRG
prognostic models were calculated, and our 39 patients were
divided into a high-risk group (n = 19) and a low-risk group (n =
20) according to their individual PRG scores. CLL patients in the
high-risk group showed significantly shorter TTFT than patients
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in the low-risk group (p = 0.006, Figure 8B) and showed the
tendency of shorter OS than low-risk patients as well (p = 0.078,
Figure 8B). The high-risk group showed more CLL patients with
IGHV unmutated status than the low-risk group (Figure 8C).
PRG risk scores also showed high consistency with CLL-IPI
0.5196, p < 0.001, Figure 8D), indicating the
accordance of our established PRG risk model with well-

scores (R* =

recognized prognostic factors in clinical practice.

Discussion

Pyroptosis, a novel form of PCD, is mediated by the
gasdermin family and accompanied by inflammatory and
immune responses (32). Pyroptosis was found to be closely
associated with malignant tumors and might play a dual role
in the pathogenesis and therapeutic mechanisms of tumors. On
the one hand, the release of multiple inflammatory mediators
during pyroptosis was closely associated with carcinogenesis as
well as resistance to chemotherapeutic agents (32, 36). On the
other hand, stimulation of pyroptosis could be a novel
therapeutic target for tumor death (32). How pyroptosis
functions in the development and progression of CLL remains
unknown. In this study, mRNA levels of 33 currently known
PRGs were compared between CLL and normal B cells, of which
eight were found to be differently expressed. To further evaluate
the prognostic significance of these pyroptosis-related
signatures, univariate and multivariate Cox regression analysis
was performed and a risk model containing three PRGs was
constructed and validated. Risk scores of CLL samples were
calculated according to the PRG prognostic model, and
functional analysis and immune status analysis were
conducted between high- and low-risk subgroups. The high-
risk subgroup showed generally decreased immune cells
infiltrating and a decreased level of immune-related pathways
compared with the low-risk subgroup.

Our study proposed a model featuring three pyroptosis-related
signatures (GSDME, NLRP3, and PLCG1) and found that they
could predict OS and TTFT in CLL patients. The expression of
DFNA5 (nonsyndromic hearing impairment protein 5)/GSDME
was lower in most tumor cells than in normal cells due to
hypermethylation (32) and DNA methylase inhibitor 5-aza-20-
deoxycytosine (decitabine) could derepress GSDME in vitro.
GSDME upregulation by decitabine may suppress tumor cell
proliferation in gastric cancer, melanoma, and colorectal cancer,
and inhibit the lymph node metastasis of breast cancer (37-39).
Contrary to conclusions in solid tumor, the expression of GSDME
was significantly upregulated in CLL and the high expression of
GSDME might indicate poor prognosis in terms of OS and TTFT.
This might partly be explained by the caspase-3/GSDME signal
pathway, which could shift the balance between apoptosis and
pyroptosis in cancer (13). Activated caspase-3 cleaves GSDME
instead of PARP when GSDME is highly expressed, triggering
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pyroptosis rather than apoptosis. CLL showed great sensitivity and a
favorable response to apoptotic pathways activation. GSDME
upregulation might shift CLL programmed death from apoptosis
to pyroptosis, causing drug resistance to CLL pro-apoptotic agents.
Moreover, a recent study showed that during Chimeric antigen
receptor (CAR) T-cell attack, cytokine-release syndrome (CRS) was
a consequence of extensive pyroptosis caused by activation of both
GSDME and caspase-3 and CRS was blocked by knocking out
GSDME in mice (40). NLRP3 (NOD-, LRR-, and pyrin domain-
containing protein 3) is a key modulator of the formation and
activation of NLRP3 inflammasome. NLRP3 inflammasome
activation results in the caspase 1-dependent release of pro-
inflammatory cytokines IL-1f, IL-18, and gasdermin D-mediated
pyroptosis (41). Studies showed that the expression of NLRP3 in
hepatocellular carcinoma was significantly downregulated and
NLRP3 deficiency was associated with advanced clinical stage and
poor pathological differentiation (42). When it comes to CLL,
consistent with what we found, downregulation of NLRP3 was
shown in CLL and the low expression of NLRP3 indicated poor
prognosis. Phospholipase Cgamma 1 (PLCG1), in cooperation with
PLCG2, was implicated as a critical mediator of B-cell receptor
pathway activation and CLL pathogenesis (43). PLCGIL
downregulation or pharmacological inhibition of PLCGI1
phosphorylation was reported to hinder CD47-mediated killing of
CLL (44). Other than CLL, reduced PLCG1 expression was also
found to be associated with inferior survival for myelodysplastic
syndromes (MDS). Through the regulation of the JAK2-STATS5
pathway, PLCG1 is involved in cell survival, cell proliferation, and
cell cycle progression. PLCGI also mediates GSDMD activity and
enables caspase-independent pyroptosis (45). In summary, GSDME
in the prognostic model was proven to be a pyroptosis promoter
while NLRP3 and PLCG1 were identified as pyroptosis executors.
However, how these genes function during pyroptosis in CLL
remains to be further explored.

The role of pyroptosis in cancer has not been fully understood,
let alone CLL. Certain similarities and crossovers in mechanisms
between pyroptosis and apoptosis have been found, but how
multiple modes of cell death coexist and interact with each other
remains largely unknown. Herein, GSDME and PLCG1 in our PRG
prognostic model are also key regulators in apoptotic pathways (13,
44). To understand the underlying mechanism of pyroptosis in
CLL, DEGs between high- and low-risk groups were analyzed and
functional analysis was conducted. Based on the results of GO,
KEGG, and GSEA, pathways concerning immune and
inflammatory response were significantly downregulated while
pathways concerning metabolism and BCR signaling were
significantly upregulated, suggesting that dysregulation of
pyroptosis in the high-risk group might hinder inflammatory
response. Analysis of immune cell infiltration and activity of
immune-related pathways also validate the conclusion that the
poor outcome of high-risk CLL patients might be partly
attributed to decreased antitumor immunity.
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Due to the small number of current studies exploring the
role of pyroptosis in CLL, our study systematically screened the
prognostic PRGs and identified three genes that are associated
with OS and TTFT in CLL patients. However, the limitations of
our study should be pointed out. First of all, how these
prognostic PRGs interact with each other remains to be
further investigated and is not clarified in our risk model.
Second, the underlying mechanism of these PRGs in the
process of CLL occurrence and progression needs to be
explored via molecular experiments. Last but not least, the
depiction of the CLL immune microenvironment needs to be
validated. Advanced technologies like single-cell RNA
sequencing should be applied to mine pyroptosis-related
immune environment features.

In summary, our study screened out PRGs differentially
expressing between CLL and normal B cells. The risk score
generated from the established prognostic model based on three
PRGs was of high efficacy for predicting OS and TTFT in two
independent CLL cohorts. Functional and immune status
analysis between high- and low-risk CLL concluded that
dysregulation of pyroptosis in high-risk CLL patients might
lead to decreased antitumor immunity. Our study explored the
prognostic value of PRGs in predicting OS and TTFT in CLL
patients and shed light on further studies on the underlying
mechanism including the CLL immune microenvironment.
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