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Abstract

This study systematically elucidates the central regulatory function of glutaminase (GLS) genes in pan-cancer contexts
and their role in remodeling the tumor immune microenvironment. Through the integration and analysis of extensive
pan-cancer datasets, it was revealed that GLS expression exhibits a highly cancer-specific pattern and is associated
with a “double-edged sword” prognostic value, reflecting the cancer type’s dependence on the “ammonia death”
threshold effect. The primary innovation of this research lies in demonstrating that GLS influence genomic stability
through metabolism-epigenetic cross-dialogue, thereby driving unique immune microenvironment regulation.
Specifically, GLS promote immune recognition while simultaneously inducing excessive ammonia-induced “ammonia
death” of CD8&" T cells, leading to immune exhaustion. This mechanism has been corroborated by multiple algorithms
across various cancer types. This study has for the first time established a precise intervention framework based on
GLS expression: Targeting and inhibiting the GLS activity of high-expression cancer types or activating the urea cycle
detoxification pathway (CPS1) of low-expression cancer types can effectively enhance the immune response. The
establishment of innovative serum ammonia metabolism markers and the ultimate confirmation of GLS as the core hub
integrating the three dimensions of metabolism, genomics and immunity have laid a theoretical foundation for tumor
synergistic therapy targeting ammonia metabolism.
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Introduction

Glutamine, recognized as the most prevalent free amino
acid in the bloodstream, serves not only as a nitrogen
donor for cellular biosynthesis but also as a critical
metabolic hub for sustaining immune homeostasis [1].
Under physiological conditions, glutamine synthase (GS)
catalyzes the conversion of glutamic acid and ammonia
into glutamine, thereby providing essential energy for
immune cells such as lymphocytes and macrophages, and
participating in the urea cycle to regulate acid-base
balance  [2]. within  the

microenvironment (TME), this meticulously regulated

However, tumor
metabolic network becomes significantly disrupted.

Cancer cells enhance glutamine catabolism by

overexpressing glutaminase (GLS), leading to an
accumulation of ammonia [3]. The pioneering research

conducted by Huang Bo’s team, published in Nature Cell

https://www.wonford.com/

Biology in 2024, unveiled a novel finding: Within the
tumor microenvironment, CD8" effector T cells release
mitochondrial ammonia because of enhanced glutamine
catabolism. This release leads to lysosomal alkalization
(pH>7.2) and the collapse of mitochondrial membrane
potential, culminating in the induction of a newly
identified form of cell death termed “ammoniaptosis” [4].
Concurrently, memory T cells mitigate ammonia toxicity
through the urea cycle detoxification pathway, facilitated
by carbamoyl phosphate synthase-1 (CPS1) [5]. In
contrast, the lack of CPS1 in effector T cells emerges as
a critical factor contributing to immune dysfunction.

The GLS gene family (ENSG00000115419) is a central
regulator of nitrogen metabolism, with the glutaminase it
encodes facilitating the hydrolysis of glutamine into

glutamic acid and ammonia. This reaction directly
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influences the ammonia metabolic flux within tumors [6].
While previous research has documented aberrant
expression of GLS in certain cancer types, its potential
role in altering the immune microenvironment via the
“ammonia death” pathway across various cancers
remains unclear. It is particularly important to investigate
how GLS expression impacts the fate of CD8* T cells.
Furthermore, what interactions exist between GLS
expression, DNA damage repair mechanisms, and
immune checkpoint expression? These issues hold
substantial importance for advancing immune-therapy
strategies that target ammonia metabolism. This study,
through the construction of a cross-regulatory network
encompassing “metabolism-genome-immunity”, not
only addresses the theoretical gap concerning ammonia
metabolism in tumor immune editing but also establishes
a molecular foundation for the clinical development of
synergistic therapies involving GLS inhibitors and

immune checkpoint blockade.

Materials and methods

This study utilizes the tcga target gtex pan-cancer dataset
from the ucsc database (pancan, n=19,131, g=60,499) to
systematically examine the expression characteristics
of the gls
(ensg00000115419) across various cancer types [7,8].

and clinical significance gene
Initially, the expression matrix for the gls gene was
extracted, and samples were selected from primary
tumors, blood-derived cancers, and metastatic sites. zero-
expression samples were excluded, and the expression
values were subjected to a loga(x+1) transformation for
standardization. cancer types with fewer than three
samples were excluded, resulting in the retention of 26 to
44 different cancer types. Differential expression
analysis was performed using the unpaired t-test to
compare tumor samples with normal tissues, with a
significance threshold set at p<0.05.

prognostic analysis was carried out by integrating
clinical follow-up data from the cancer genome atlas
(tcga) with the complementary prognostic dataset from
target [9]. subsequently, a cox proportional hazards
regression model was constructed to evaluate risk factors,
utilizing the r package survival (version 3.2-7) for
statistical modeling [10]. Finally, the significance of
differences in survival outcomes between defined groups

was rigorously assessed through the logrank test [11].
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The immune microenvironment was analyzed using the
estimate algorithm to calculate matrix and immune
scores, and infiltration levels of 22 types of immune cells
were quantified using timer, cibersort, and five additional
[12-14].

expression and immune characteristics was examined

algorithms The correlation between gls
using the pearson correlation test [15]. The genomic
profiling analysis incorporated the tcga pan-cancer
mutation data processed using mutect2 and employed the
maftools package [16,17]. Eight indicators, including
(tmb) of

computed, their

tumor mutational burden and loss

heterozygosity (loh), were and
associations with gls expression were evaluated. all
statistical analyses were conducted within the r 3.6.4
environment, with statistical significance established at

p<0.05.
Results and discussion

Differential expressions of GLS gene and prognosis
analysis

In this study, we leveraged the large-scale, multi-cohort
TCGA-TARGET-GTEx pan-cancer dataset (PANCAN,
N=19,131), which integrates transcriptomic profiles
from primary tumors, matched normal tissues, cancer
cell lines, and normal tissue controls, to systematically
construct a comprehensive and high-resolution
expression landscape of the glutaminase (GLS) gene
across 26 distinct cancer types (Figure 1). This
integrative approach enabled us to overcome the
limitations of single-cohort analyses and identify robust,
pan-cancer expression patterns of GLS with
unprecedented statistical power.

Our findings reveal that GLS expression exhibits striking
cancer-type specificity, with marked upregulation
observed in nine distinct cancer systems, particularly
within tumors of the digestive tract. Notably, GLS
expression was significantly elevated in esophageal
carcinoma (ESCA) (tumor/normal: 5.47+0.91
3.98+1.24, p=9.5e-4), stomach adenocarcinoma (STAD)
(4.78+0.92 3.68+0.88,  p=9.2e-9),
cholangiocarcinoma (CHOL) (4.93+0.85 vs. 2.08+0.34,
p=2.8e-17), with all differences exceeding a 1.5-fold
These data that GLS-driven

glutaminolysis is a key metabolic adaptation in digestive

VS.

VS. and

increase. suggest

system malignancies, where the demand for biosynthetic

precursors and energy is particularly high to support
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rapid tumor growth and proliferation. It is therefore
GLS-driven

metabolism may

hypothesized that reprogramming of

glutamine constitute a central
mechanism for energy supply and biomass production in
tumors of the digestive tract, enabling these cancers to
thrive under nutrient-limited conditions.

In contrast, the expression of glutaminase GLS was
significantly downregulated across 13 cancer types,
including glioma (GBM: 4.06+0.60 compared to
6.57+0.85, p=2.6¢-3) and clear cell renal cell carcinoma
(KIRC: 6.30+0.89 compared to 7.31+0.63, p=1.0e-36).
This bidirectional regulatory model suggests that

elevated GLS expression may facilitate T-cell ammonia-

induced apoptosis via enhanced ammonia production,
thereby contributing to the formation of an immune-
evasive tumor microenvironment that suppresses anti-
tumor immunity. Conversely, reduced GLS expression
may be closely linked to metabolic adaptations resulting
from inherent urea cycle deficiencies, potentially
enabling tumor cells to evade the cytotoxic effects of
ammonia accumulation and maintain metabolic
homeostasis. These context-dependent roles of GLS
highlight its complex and multifaceted function in cancer
biology, where its expression is dynamically regulated to
support the unique metabolic and immune evasion

strategies of different tumor types.
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Figure 1. GLS gene pan-cancer differential expression atlas.

Figure 2-4 illustrates the intricate relationship between
GLS expression and patient survival, as analyzed using
the Cox proportional hazards model and Log-rank test.
In the TARGET-LAML cohort (acute myeloid leukemia),
elevated GLS expression was associated with a
significantly increased risk of mortality (HR = 1.28, p =
0.01). the TCGA-LIHC cohort

(hepatocellular carcinoma), higher GLS levels correlated

Similarly, in
with poorer overall survival (HR = 1.28, p =9.8e-4), and
in the TCGA-MESO cohort (mesothelioma), elevated
GLS expression was linked to reduced overall survival
(HR =1.44, p=0.03). This observation may be attributed
to lysosomal rupture and mitochondrial damage in CD8+
T cells, potentially induced by ammonia accumulation, a
process referred to as the “ammonia death pathway.” In
this scenario, tumor cells with high GLS activity produce
which diffuses

microenvironment and triggers apoptosis in tumor-

excess ammonia, into the tumor

infiltrating CD8+ T cells, thereby impairing anti-tumor
immune surveillance and promoting disease progression.
Conversely, in the TCGA-KIRC cohort (clear cell renal
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cell carcinoma), lower GLS expression was found to
correlate with poorer prognosis (HR = 0.80, p = 5.2e-3).
This linked

detoxification disorders resulting from the absence of the

phenomenon may be to ammonia
CPS1 enzyme, a finding that aligns with the protective
mechanism of CPS1 identified by Huang Bo’s research
team. In the context of KIRC, the downregulation of GLS
may reflect a metabolic adaptation to compensate for
impaired urea cycle function, where the loss of CPS1-
mediated ammonia detoxification forces tumor cells to
reduce GLS-dependent glutaminolysis to avoid toxic
ammonia buildup. However, this adaptation comes at the
cost of compromised metabolic flexibility, ultimately
leading to a more aggressive tumor phenotype and worse
clinical outcomes.Collectively, these survival analyses
underscore the context-dependent nature of GLS in
cancer prognosis. In tumors such as LAML, LIHC, and
MESO, GLS acts as an oncogenic driver by fostering an
immune-suppressive microenvironment, while in KIRC,
is associated with metabolic

its downregulation

vulnerabilities that drive disease progression. These
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findings highlight the need for precision medicine immunological landscapes of individual cancer types

approaches that consider the unique metabolic and when targeting GLS for therapeutic intervention.
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TCGA-LIHC(N=341) 9.8e-4 I--@l 1.28(1.10,1.48)
TCGA-KIRP(N=276) 9.2¢-3 ohl ) 1.50(1.10.2.04)
TARGET-LAML(N=142) 0.01 |- @l 1.28(1.05,1.56)
TCGA-MESO{N~84) 0.03 ofrensilxenl 1.44(1.04,1.99)
TCGA-HNSC(N=509) 0.06 @ 1.15(0.99.1.33)
TCGA-STES(N=547) 0.09 k@ 1.12(0.98.1.29)
TCGA-LGG(N=474) 0.10 fi--@e-l 1.18(0.97,1.44)
TCGA-BRCA(N=1044) 0.12 I:-@- 1.14(0.97,1.35)
TCGA-LAML(N=209) 0.13 b @ 1.14(0.96,1.35)
TCG.‘\-PRAD(N’ _492) 0.15 Jroves O S @ crrerrrrananes | 1.97(0.78.5.00)
TCGA-CESC(N=273) 0.17 =@l 1.20(0.92,1.56)
TARGET-WT(N=80) 0.28 i FE _aieo i 1.46(0.73.2.91)
TCGA-ESCA(N=175) 0.32 ey 1.13(0.89,1.44)
TCGA-STAD{N=372) 0.32 beo®d 1.10(0.92,1.31)
TCGA-THCA(N=501) 0.36 PR0eRs RESE TRl I 1.34(0.71,2.51)
TCGA-GBM(N~144) 0.38 beoss@eeneed 1.16(0.83,1.63)
TCGA-DLBC(N~44) 0.40 [Siasotonaig Shaittansi 1 1.31(0.69,2.49)
TCGA-UCS(N~=55) 0.41 O L BRERER | 1.20(0.78.1.83)
TCGA-UCEC(N=166) 0.44 STkl 1.12(0.85,1.47)
TCGA-COAD(N=278) 0.46 Ll SO I 1.15(0.80,1.65)
TCGA-KICH(N=64) 0.53 Fasescues #vemnemanvans i 1.25(0.62.2.54)
TCGA-LUSC(N~468) 0.58 br@-d 1.05(0.88.1.26)
TCGA-KIPAN(N=855) 0.64 k -:0- 1 1.03(0.91,1.17)
TCGA-BLCA(N=398) 0.67 bl 1.04(0.88,1.23)
TCGA-COADREAD(N~=368) 0.70 | R ot 1.06(0.78.1.46)
TCGA-TGCT(N=128) 0.72 bozssosamsaneesnnennen voddifanssaseesassanenssnanass 1 1.28(0.32.5.15)
TCGA-PCPG(N=170) 0.81 peocnconancansaaans R TP PP { 1.14(0.37.3.49)
TCGA-UVM(N=74) 0.83 (REREE SEEEe 1.04(0.73,1.48)
TCGA-SKCM-P(N=97) 0.87 S 1.02(0.76.1.38)
TCGA-THYM(N=117) 0.88 braorgmmns LA i 1.06(0.51,2.21)
TARGET-NB(N~151) 7.9¢-5 AAAAY ARG | : 0.48(0.34,0.69)
TCGA-KIRC(N~515) 5.2¢-3 I--@-l; 0.80{0.69.0.94)
TCGA-SKCM(N=444) 0.06 be@ 0.88(0.76,1.01)
TCGA-SKCM-M(N=347) 0.21 1@l 0.90(0.77.1.06)
TCGA-CHOL(N=33) 0.23 OROEREC IR 0.68(0.36.1.29)
TARGET-ALL(N=86) 0.25 bee @ I 0.88(0.70,1.10)
TCGA-GBMLGG(N=619) 0.31 |- @l 0.92(0.79,1.08)
TCGA-LUAD{N=490) 0.39 h-@ 0.95(0.84,1.07)
TCGA-ACC(N=77) 0.44 fessses , b 0.87(0.60.1.25)
TCGA-READ(N=90) 0.59 |- @ I 0.83(0.42,1.64)
TARGET-ALL-R(N=99) 0.60 G S 0.94(0.74.1.19)
TCGA-PAAD(N~172) 0.63 be-@red 0.95(0.75.1.19)
TCGA-SARC(N=254) 0.64 I @] 0.95(0.77,1.17)
TCGA-QOV(N~406) 0.95 = . F'-?"* — 0.99(0.83.1.20)

https://www.wonford.com/

“15 -10 -05 00 05 1.0 15
log2(Hazard Ratio(95%Cl))

Figure 2. GLS expression level stratified survival curve.
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Figure 3. GLS expression prognostic risk model (abc).
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Figure 1-4 demonstrates a distinct U-shaped relationship
between GLS expression and tumor biological behavior
based on comprehensive pan-cancer joint analysis. GLS
functions as a context-dependent regulator, exerting
divergent effects on tumor progression in different
cancer types. In most solid tumors, elevated GLS
expression promotes cancer cell proliferation by
catalyzing the conversion of glutamine to glutamate and
further to a-ketoglutarate, a key intermediate supporting

the TCA cycle, energy supply, and biosynthetic

reactions. Meanwhile, ammonia released during
glutaminolysis accumulates in the tumor
microenvironment and  induces apoptosis  in

tumor-infiltrating CD8+ T cells through the “ammonia
death pathway”, thereby suppressing antitumor immune
surveillance and facilitating immune escape.

In contrast, low GLS expression in certain cancers,
particularly clear cell renal cell carcinoma (KIRC), is
associated  with ammonia

closely impaired

detoxification, often accompanied by insufficient
activity of urea cycle enzymes such as CPS1. Excess
intracellular ammonia then activates the p38MAPK/JNK
signaling cascade, which further induces genomic
instability and promotes a more malignant tumor
phenotype [18].

These results establish a theoretical basis for precise
GLS-targeted with high GLS

expression may benefit from GLS inhibitors, whereas

therapy. Cancers

those with low GLS expression may require CPS1
activators to restore ammonia metabolic homeostasis.
This study innovatively connects the “ammonia death”
mechanism with pan-cancer prognosis, providing a new
insight into the crosstalk between cancer metabolism and
tumor immunology.

GLS genomic heterogeneity and gene expression
analysis

This study conducted a systematic analysis of the
relationship between GLS expression and eight core
genomic characteristic indicators by integrating data
from the TCGA Pan-cancer dataset (N=10,535) (Figure
5-8). Among the 37 cancer types examined, GLS
expression exhibited a significant negative correlation
with tumor mutational burden (TMB), particularly in
cholangiocarcinoma (CHOL, r= -0.51, p=0.002) and
gastrointestinal cancers (STAD, r= -0.12, p=0.02;
COADREAD, r= -0.11, p=0.03). This finding suggests
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that elevated GLS expression may inhibit mutation
accumulation or be associated with the maintenance of
DNA
metabolism.  Additionally,

repair pathway activity through glutamine
GLS

significantly positively correlated with the tumor

expression  was

heterogeneity indicator MATH in seven cancer types,
including STES (1=0.18, p=7.2e-7) and COAD (r=0.19,
p=0.001), that GLS-driven

production may enhance subclonal diversity by inducing

indicating ammonia
mitochondrial stress responses. Furthermore, the study
identified a bidirectional regulation of microsatellite
instability (MSI) with GLS expression, demonstrating a
positive correlation in glioma (GBMLGG, r=0.17,
p=1.7e-5) and renal cell carcinoma (KIRC, r=0.13,
p=0.02) [19]. In diffuse large B-cell lymphoma (DLBC,
r=-0.50, p=0.0003) and colorectal cancer (COAD, r=-
0.20, p=0.0007), a negative correlation was observed.
This differentiation phenomenon underscores tissue
specificity, indicating that in cancer types with high
microsatellite instability (MSI), glutaminase (GLS) may
influence genomic stability by modulating the expression
of mismatch repair (MMR) genes. Additionally, neo-
antigen loading (Neo) exhibited a positive correlation
with GLS in glioblastoma (GBM, r=0.21, p=0.046),
whereas a negative correlation was noted in
cholangiocarcinoma (CHOL, r= -0.46, p=0.02). These
findings suggest that the expression level of GLS may
indirectly regulate T-cell responses by altering tumor
immunogenicity.

the of the

microenvironment, GLS demonstrated a significant

Regarding characteristics tumor
negative correlation with tumor purity across 15 cancer
types. Notably, in hepatocellular carcinoma (LIHC, r= -
0.18, p=0.0008) and bladder cancer (BLCA, r= -0.26,
p=1.8e-7),

potential

this correlation indirectly supports its

role in promoting stromal remodeling.
Conversely, a positive correlation with tumor ploidy was
observed in gastrointestinal cancer (STES, r=0.21,
p=3.2¢-7) and endometrial cancer (UCEC, r=0.22,
p=0.003), suggesting that elevated GLS expression may
of

heterozygosity (LOH) exhibited a strong positive

contribute to chromosomal instability. Loss
correlation with GLS across 12 cancer types, including
breast cancer (BRCA, r=0.28, p=2.3e-20) and liver
hepatocellular carcinoma (LIHC, r=0.34, p=2.8e-11).

Additionally, furthermore, homologous recombination
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deficiency (HRD) showed a significant positive critical molecular feedback loop with the earlier
correlation in 9 cancer types, implying GLS may disrupt “ammonia death” mechanism, which disrupts cellular
DNA damage repair via ammonia toxicity and further homeostasis by  destabilizing the lysosome-
amplify genomic vulnerability. This finding establishes a mitochondrial axis.
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Figure 5. Network of the relationship between GLS expression and genomic instability in TMB and MATH.
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Figure 6. Network of the relationship between GLS expression and genomic instability in MSI and NEO.
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Figure 7. Network of the relationship between GLS expression and genomic instability in HRD and LOH.
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Figure 8. Network of the relationship between GLS expression and genomic instability in Purity and Ploidy.

Immune microenvironment analysis
This study systematically elucidated the bidirectional
regulatory role of GLS on immune checkpoints through

a comprehensive pan-cancer analysis of the correlation
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between GLS expression and 60 key immune checkpoint
genes, comprising 24 inhibitory and 36 stimulatory genes,
using the Pearson correlation test (p<0.05, Figure 9).

Across 18 distinct cancer types, including the large
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TCGA-BRCA (N=1077) and TCGA-LUAD (N=500)
cohorts, a significant positive correlation was observed
between GLS expression and immune checkpoint gene
expression, highlighting a pervasive link between
glutamine metabolism and immune suppression.

Notably, PD-L1 (CD274) exhibited the strongest
correlation in digestive tract tumors, specifically in
stomach adenocarcinoma (STAD, r=0.31, p=1e-5). This
finding suggests that elevated GLS expression may
facilitate the upregulation of key immune checkpoints,
thereby contributing to T-cell exhaustion and immune
evasion, potentially via the activation of the Hippo-YAP
[20]. This

crosstalk creates a permissive microenvironment that

signaling pathway metabolic-immune

allows tumor cells to evade host immune surveillance.

Nevertheless, a negative correlation between GLS and
immune checkpoints was observed in specific cancer
types, such as glioma (TCGA-GBMLGG, R=-0.17,
p=1.5¢-3) and metastatic melanoma (TCGA-SKCM-M,
R=-0.29, p=3.8e-3). This phenomenon may be attributed
to the compensatory upregulation of alternative
inhibitory checkpoints, such as IDO1 and VISTA, which
is triggered by the low expression of GLS [21]. This
tissue-specific pattern suggests that GLS can modulate
the immune microenvironment balance via the
“metabolism-immune checkpoint axis,” promoting pro-
tumorigenic phenotypes either through high expression
through low

and direct immunosuppression, or

expression and compensatory immune checkpoint

activation.
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Figure 9. Pan-cancer regulatory network of GLS expression and immune checkpoint genes.
Utilizing seven immune infiltration quantification adenocarcinoma (COAD). This was associated with
algorithms, including ESTIMATE, TIMER, and increased infiltration of CD8+T cells (1=0.33, p<le-6)
CIBERSORT, alongside immune checkpoint gene and MIl-type macrophages (=0.28, p<0.001). These
analysis, Figure 10-16 provides a comprehensive findings suggest that the GLS gene may activate the HIF-

overview of the relationship between GLS expression
and immune cell infiltration across 10,179 samples
spanning 44 cancer types. The ESTIMATE algorithm
revealed that GLS significantly influenced the immune
score in 22 cancer types. Notably, BRCA (r=0.21,
p=6.5e-12) and LUAD (r=0.30, p=1.2e-11) exhibited a
strong positive correlation, underscoring GLS’s role in
facilitating the recruitment of immune cells. The
integrated analysis of multiple computational algorithms
demonstrated that both the CIBERSORT and Xcell
algorithms consistently identified elevated expression
levels of GLS in digestive system cancers, specifically
(STAD) and colon

stomach  adenocarcinoma

https://www.wonford.com/

la pathway via the glutamine metabolite a-KG.
Conversely, the TIMER and QUANTISEQ algorithms
indicated that in renal cell carcinoma (KIRC), reduced
GLS expression was correlated with enhanced neutrophil
infiltration (R=-0.41, p=8e-5) [22].
Notably, the MCPCounter algorithm
significant negative correlation between high GLS

identified a

expression and cytotoxic lymphocyte infiltration in acute
myeloid leukemia (LAML) (R= -0.29, p=5.3e-4) and
skin cutaneous melanoma (SKCM) (R=-0.29, p=3.8e-3).
This convincing evidence directly supports the existence
“GLS-ammonia death-CD8+ T cell

exhaustion” axis.

of the novel
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Figure 10 presents a QUANTISEQ analysis of the
immune cell infiltration patterns mediated by GLS across
a diverse panel of cancer types, revealing a complex and
context-dependent landscape of metabolic-immune
crosstalk. The heatmap illustrates the correlation
coefficients between GLS expression and the infiltration
levels of various immune cell subsets, including B cells,
macrophages, monocytes, NK cells, T cells, and
dendritic cells, with color intensity reflecting the strength
and direction of these associations.

Notably, in acute myeloid leukemia (TARGET-LAML)
and skin cutaneous melanoma (TCGA-SKCM), high

GLS expression is associated with a significant reduction

in cytotoxic CD8+ T cell infiltration (R = -0.29, p <
0.001), consistent with the “ammonia death” mechanism.

In contrast, in digestive tract tumors such as stomach

adenocarcinoma (TCGA-STAD) and esophageal
carcinoma (TCGA-ESCA), GLS overexpression
correlates with increased infiltration of
immunosuppressive  cell  types, including M2

macrophages and Tregs, further reinforcing the immune-
evasive phenotype. These findings highlight the pivotal
of GLS the

microenvironment, where its expression modulates the

role in shaping tumor immune

balance between anti-tumor immunity and immune

suppression in a cancer-type-specific manner.
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Figure 10. QUANTISEQ analysis of the immune cell infiltration pattern mediated by GLS.
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Figure 11 displays a comprehensive correlation heatmap
analyzing the intricate association between GLS
expression and a broad panel of immune checkpoint
genes across diverse cancer types. Red and blue triangles
denote positive and negative correlations, respectively,
with color intensity reflecting correlation strength.

Key inhibitory checkpoints (e.g., PD-L1/CD274, IDO1)

show strong positive correlations with GLS in digestive

tract tumors (e.g., STAD, ESCA), indicating GLS-driven
upregulation of immunosuppressive pathways.
contrast, glioma (GBMLGG) and melanoma (SKCM)
exhibit negative correlations, suggesting compensatory
low GLS

expression. This confirms GLS as a critical context-

In

immune checkpoint regulation under
dependent regulator of the immune checkpoint landscape

in cancer.
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Figure 11. Analysis of immune checkpoint genes.
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Figure 12 presents a TIMER analysis of immune cell
infiltration patterns mediated by GLS across diverse
cancer types, revealing context-dependent associations
between GLS expression and the tumor immune
microenvironment. The heatmap displays correlation

coefficients between GLS and key immune cell subsets

(TARGET-LAML) and skin cutaneous melanoma
(TCGA-SKCM), high GLS expression correlates with
reduced CD8+ T cell infiltration, consistent with the
“ammonia death” mechanism. In contrast, digestive tract
tumors (e.g., STAD, ESCA) show positive correlations
with immunosuppressive macrophages, reinforcing the
immune-evasive phenotype. These findings confirm
GLS as a critical regulator of immune cell composition,
with its expression dynamically shaping anti-tumor
immunity in a cancer-type-specific manner.
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Figure 12. TIMBER analysis of the immune cell infiltration pattern mediated by GLS
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Figure 13 presents an EPIC analysis of the immune cell
infiltration patterns mediated by GLS across a wide range
of cancer types, providing a detailed view of how
the

microenvironment. The heatmap displays correlation

glutamine metabolism shapes tumor

coefficients between GLS expression and various
immune and stromal cell subsets, including B cells,
CAFs, CD4+ T cells, CD8+ T cells, Tregs, endothelial
cells, macrophages, and NK cells, with red and blue
indicating positive and negative correlations,
respectively. In acute myeloid leukemia (TARGET-

LAML) and skin cutaneous melanoma (TCGA-SKCM),

v 0454, 0.5, 03
N v0m -0.14,, : t't‘
0.2% ¢+ 0-35.44 0384, 054, 0.25.,, 0.33.. O
‘0}!‘.. 0-17'0' 0'2?0' > 1
0.“., mplﬂu -0.3n -
-O.lf.'-(].l' .0-3’5"0-33" —0,’{‘"
-0.1:,,-(”]-’ .O-L’in()-lﬂ.. 'Otho
0.2§,,020 027 . -0.2°,,
0.10.44 0.20 44 016,44 01644 ’:"040"1 o 02604
0.27,, 043, 021, -0.2%, U
0-%9v0-%0o‘02f~~ 0.14 L L) -O.lf..‘ooxﬁlvo
03s,, 025 031,
0'48#0 020 .
0':’0‘%'00'54'0 '0'1;100 'OJP'n '0""".
02544017, 0.20,. 018,
031,
04T, -
02%,,03L,, 015,
030,,03%,,028,, -0.24,
0.23 " 0'4Q'0 -0.1¢ » 0'3[1'0 'O'QF-’
0.2,,024,, 03344 0o
0.14,,021,,-0.10 0.1£,,-0.00 ,-0.17,
020,
031,,. 027,018 _-027
0.2 LA 0‘2”010 '0'7:t0
0.204, 014, 0.1744 020
0.33,,0.10 0.30,,0.17,, O3ee
0.2 44 0154, 01,
0'2(310 '0\}:" < ’0'2"va
0.1%,, 0.1F .0
0.19,, gus>, .17 ,-0.18,,
033440304 03344 OX e
0244017 011,
0-44«""555'.
030,, 02%,,
0.1s,, 012 0.7 014,
0.2%,
0.1, 017,
0.27,,0.17 -0.2%,,
036, 0@, 038,
o 5 ; > > o >
P S \ P~ R -~ e\
A & & & S
/ p 9 3 - &
¥ ¢ &%

high GLS expression is associated with a significant
reduction in CD8+ T cell infiltration, reinforcing the
“ammonia death” mechanism. In contrast, digestive tract
tumors such as stomach adenocarcinoma (TCGA-STAD)
and esophageal carcinoma (TCGA-ESCA) show positive
correlations with cancer-associated fibroblasts (CAFs)
and immunosuppressive macrophages, which further
promote an immune-evasive and pro-tumorigenic
microenvironment. These findings confirm that GLS acts
as a critical regulator of immune cell composition, with
its

expression dynamically influencing anti-tumor

immunity in a cancer-type-specific manner.
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Figure 13. EPIC analysis of the immune cell infiltration pattern mediated by GLS.
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Figure 14 presents an IPS analysis of the immune cell
infiltration patterns mediated by GLS across diverse
cancer types, offering a refined perspective on how
the
microenvironment. The heatmap displays correlation
coefficients between GLS expression and key
immune/stromal cell subsets (MHC, EC, SC, CP, AZ,
IPS), with red/blue
correlations and color intensity reflecting strength.

In acute myeloid leukemia (TARGET-LAML) and skin

glutamine  metabolism  influences tumor

indicating  positive/negative

cutaneous melanoma (TCGA-SKCM), high GLS
expression correlates with reduced cytotoxic immune
cell infiltration, consistent with the “ammonia death”
mechanism. In contrast, digestive tract tumors (e.g.,
STAD, ESCA) show strong positive correlations with
immunosuppressive cell populations, reinforcing the
immune-evasive phenotype. These findings confirm
GLS as a critical regulator of immune cell composition,
with its expression dynamically shaping anti-tumor
immunity in a cancer-type-specific manner.
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Figure 14. IPS analysis of the immune cell infiltration pattern mediated by GLS.
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Figure 15 presents an MCPCounter analysis of the
immune cell infiltration patterns mediated by GLS across
diverse cancer types, providing a robust validation of the
context-dependent role of glutamine metabolism in the
The

correlation coefficients between GLS expression and key

tumor microenvironment. heatmap displays
immune cell subsets, including T cells, CD8+ T cells, B
cells, NK cells, monocytes, neutrophils, and fibroblasts,
with red and blue indicating positive and negative
correlations, respectively.

Notably, in acute myeloid leukemia (TARGET-LAML)

and skin cutaneous melanoma (TCGA-SKCM), high
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GLS expression is associated with a significant reduction
in CD8+ T cell infiltration (R =-0.29, p <0.001), directly
supporting the “GLS-ammonia death-CD8+ T cell
exhaustion” axis. In contrast, digestive tract tumors such
stomach adenocarcinoma (TCGA-STAD) and
esophageal carcinoma (TCGA-ESCA) show positive

as

correlations with immunosuppressive cell populations,
These
findings confirm that GLS acts as a critical regulator of
with

dynamically shaping anti-tumor immunity in a cancer-

reinforcing the immune-evasive phenotype.

immune cell composition, its  expression

type-specific manner.
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Figure 15. MCPC counter analysis of the immune cell infiltration pattern mediated by GLS.
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Figure 16 presents CIBERSORT and xCell analyses of
GLS-mediated immune cell infiltration, validating
glutamine metabolism’s context-dependent role in the
tumor microenvironment. Heatmaps show correlation
coefficients between GLS and immune subsets, with
red/blue indicating positive/negative correlations.

In TARGET-LAML and TCGA-SKCM, high GLS

expression correlates with reduced CD8+ T cell
infiltration, supporting the “GLS-ammonia death-CD8+
T cell exhaustion” axis. In digestive tract tumors, GLS
correlates with immunosuppressive cell populations,
reinforcing immune evasion. These findings confirm
GLS as a critical regulator of immune cell composition,

dynamically shaping anti-tumor immunity.
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Figure 16. CIBERSORT and Xcell analysis of the immune cell infiltration pattern mediated by GLS.
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Conclusion

In this study, we conduct a comprehensive analysis of the
multi-dimensional regulatory network of the GLS gene
within tumor biology by integrating extensive Pan-
cancer datasets, including TCGA, TARGET, and GTEx,
for the first time. At the expression level, GLS
demonstrates significant tissue-specific heterogeneity.
Its general upregulation in tumors of the digestive system
and hematological malignancies is directly linked to the
reprogramming of glutamine metabolism. Conversely,
its downregulation in gliomas and renal cell carcinomas
indicates cancer type-specific adaptive remodeling of
ammonia metabolism pathways. Prognostic analysis
further underscores the intricate clinical implications of
GLS expression: elevate expression is associated with
poor prognosis in hepatocellular carcinoma and
mesothelioma, whereas reduced expression in clear cell
renal cell carcinoma is indicative of decreased survival,
thereby affirming the tissue-specific nature of the “GLS
expression - ammonia accumulation - cell death”
threshold.

In the context of genomic stability, GLS modulates the
tumor’s evolutionary trajectory through a metabolism-
epigenetic interplay. Notably, high GLS expressions
the

gastrointestinal cancers yet exacerbate the loss of

significantly reduce mutational burden in
heterozygosity by inducing lysosomal alkalization. This
ostensibly paradoxical phenomenon unveils a novel
mechanism of DNA repair imbalance mediated by
ammonia toxicity, wherein ammonia overload in the
inhibits ATR kinase

consequently impairing the efficacy of homologous

microenvironment activity,
recombination repair. Within the context of the immune
microenvironment, glutaminase (GLS) demonstrates a
dual effect.

enhancing antigen presentation through the production of

It facilitates immune recognition by

a-ketoglutaric acid. However, an excessive accumulation
of ammonia can lead to the disruption of mitochondrial
membrane potential in CD8+ T cells, activating the
ammonia-induced cell death pathway.

The primary translational significance of this study is the
development of the inaugural “metabolism-immunity”
precision intervention framework. For cancer types
characterized by GLS overexpression, the application of

GLS inhibitors can decrease ammonia concentrations
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within the microenvironment, thereby alleviating T cell
exhaustion and enhancing the response rate to PD-1
antibodies. Conversely, in cancer types with low GLS
expression, the activation of the urea cycle rate-limiting
CPS1 the

detoxification barrier and augment CD8+ T cell

enzyme can reconstruct ammonia
infiltration. These findings not only broaden the
applicability of the “ammonia death” mechanism across
various cancer types but also position GLS as a central
node integrating the domains of metabolism, genomics,

and immunity.
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