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Abstract

Background High levels of LLT1 expression have been found in several cancers, where it interacts with CD161 on NK
cells to facilitate tumor immune escape. Targeting LLT1 could potentially relieve this inhibitory signal and enhance
anti-tumor responses mediated through NK cells. Using the ‘The Cancer Genome Atlas' (TCGA) database, we inves-
tigated the role of LLT1 in the tumor microenvironment (TME) across various cancers. Identifying such biomarkers
could create new therapeutic options for patients in addition to complementing existing immunotherapies.

Methods LLTT expression was evaluated in 33 cancers using TCGA transcriptome data. Univariate Cox regres-

sion analysis was employed to assess the correlation of LLT1 expression with patient survival. The relationship
between LLT1 expression with immune infiltrates, immune gene signatures, and cancer genomic biomarkers

(TMB, MSI, and MMR) was also investigated. Immunofluorescence studies were conducted to validate LLT1 expres-
sion in tumors. Furthermore, using the CRI iAtlas data, we evaluated LLT1 distribution and its correlation with other
immune checkpoint genes in patients non-responsive to existing immune checkpoint therapies across multiple solid
cancers.

Results High expression of LLT1 was observed in 12 cancers, including BRCA, CHOL, ESCA, GBM, HNSC, KIRC, KIRP,
LIHC, LUAD, STAD, SARC, and PCPG. In certain cancers like COAD, KICH, and KIRC, high LLT1 expression was associated
with poor prognosis. Further analysis revealed that upregulated LLT1 was associated with an abundance of NKand T
cell infiltrates in the TME, as well as exhaustive immune biomarkers, and inversely associated with pro-inflammatory
and tumor suppressor signatures. High LLT1 expression is also positively correlated with genomic biomarkers in cer-
tain cancers. Immunofluorescence studies confirmed moderate to high LLT1 expression in immune-resistant prostate
cancer, glioma, ovarian cancer, and immune-sensitive liver cancer cell lines. An independent assessment of clinical
cohorts from CRI iAtlas showed a correlation of upregulated LLT1 with multiple immunosuppressive genes in patients
non-responsive to current ICls.
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Conclusions The biomarker analysis revealed a clear association between elevated LLT1 expression and an immuno-
suppressive TME in patient cohorts from TCGA and clinical databases. Therefore, this study provides a foundation for uti-
lizing LLT1 as a potential target to improve clinical responses in ICI non-responsive patients with upregulated LLT1.
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Background

In recent years, cancer immunotherapy has experienced
remarkable advancements, revolutionizing the treatment
landscape for various malignancies. Immune checkpoint
inhibitors (ICIs) have emerged as a powerful therapeutic
approach by unleashing the potential of the immune sys-
tem to recognize and eradicate cancer cells. While several
well-known immune checkpoints have been extensively
studied, a growing body of evidence suggests that the
LLT1-CD161 axis represents a promising yet relatively
unexplored immune checkpoint pathway with immense
therapeutic potential [1].

LLT1, also known as CLEC2D (C-type lectin domain
family 2 member D), OCIL (Osteoclast inhibitory lec-
tin), and CLAX (Lectin-like NK cell receptor), belongs to
the C-type lectin-like receptor superfamily. The human
CLEC2D gene has five alternatively spliced variants that
result from exon skipping, among which variant 1, or
LLT1, was identified as the only protein expressed on the
cell surface [2, 3]. As a C-type lectin-like receptor, LLT1
is composed of three domains: a transmembrane domain,
a stalk region, and the extracellular carbohydrate recog-
nition domain, which is responsible for receptor recogni-
tion. LLT1 is highly glycosylated, and the crystal structure
suggests that it homodimerizes at the cell surface, where
it serves as a ligand for the NKRP1A (CD161) receptor
on NK cells [4]. Among all the previously described iso-
forms, LLT1 is the only one able to interact with CD161
[2].

Although initially identified in the context of viral
infections and auto-immunity, recent studies implicate
a role of the LLT1-CD161 axis in modulating immune
responses within the tumor microenvironment (TME)
of several cancers [5, 6]. LLT1 was reported to be over-
expressed in various prostate cancer cell lines (DU145,
LNCaP, 22Rvl, and PC3) and primary prostate can-
cer tissues [7], as well as in glioma cell lines and pri-
mary glioblastoma tissues [8]. LLT1 expression was also
reported to be upregulated in head and neck squamous
cell carcinoma [9], and triple-negative breast cancer [10].
Besides solid tumors, LLT1 overexpression was reported
on germinal center-derived B cells in hematological
cancers such as non-Hodgkin’s lymphoma (NHL) [11].

Interaction of LLT1 with CD161 on NK cells leads to an
inhibitory signal that impairs NK cell function, forming
an immune evasion mechanism for these cancers. Over-
all, LLT1 upregulation disrupts cancer immunity through
inactivation of NK cells, the first line of immune defense,
thereby modulating the TME to become immunosup-
pressive and favor tumor progression and proliferation.

The TME also hosts several other immunosuppressive
cell populations, including regulatory T cells (Tregs) and
myeloid-derived suppressor cells (MDSCs). These cell
populations are recruited by tumor cells to dampen anti-
tumor immunity in the TME. The secretion of immu-
nomodulatory cytokines by Tregs and MDSCs makes
effector immune cells transition into a ‘dysfunctional’
state, ultimately leading to an immune-resistant TME
[12, 13]. Existing ICIs can reprogram the TME through
the induction of immune cell activation that changes the
cytokine milieu. Despite showing promise in a variety of
cancers, ICIs offer benefits to only about 12% of patients
across all cancer indications [14]. Therefore, there is a
need to identify additional immune checkpoint targets
that can potentially benefit patients non-responsive to
current immunotherapies.

One such target could emerge from the LLT1-CD161
axis. Therefore, understanding the intricate dynamics
of this pathway in the context of cancer could pave the
way for the development of novel therapeutic strategies,
including augmentation of existing immunotherapeutic
approaches. In this work, we focused on elucidating the
role of LLT1 in tumor immunity and probed its poten-
tial as a biomarker in patients who could benefit from
ICIs. By leveraging the TCGA database, we performed
an extensive pan-cancer analysis to assess LLT1 differen-
tial gene expression profiles, patient survival outcomes,
GSEA (CNV, methylation, pathway) analyses, correla-
tions with immune gene signatures, tumor-infiltrating
immune cells, and tumor genomic markers (tumor muta-
tional burden: TMB and microsatellite instability: MSI).
Expression of LLT1 on various tumors was experimen-
tally assessed using an anti-LLT1 monoclonal antibody.
In addition, we utilized a clinical dataset from the CRI
iAtlas portal to assess LLT1’s potential as a biomarker in
patients non-responsive to current ICls.
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Fig. 1 LLT1 expression across tumors and normal adjacent tissues. A LLT1 expression in the indicated cancer types. The Mann-Whitney test
was used to compare the difference in LLT1 expression between the tumor and its adjacent normal. Cancers that have significantly higher LLT1

expression in the tumor tissue compared to the normal are shown on the left. B Cancer types that did not contain data for adjacent normal tissue
in the GDC database accessed through the UCSC Xena browser. C The expression levels of LLT1 transcripts across different AJCC pathologic stages
compared to the adjacent normal expression levels through the Mann-Whitney Test. LLT1 expression tends to be higher in higher stages compared

to normals. *P<0.05, ** P<0.01, *** P<0.001. D Plot showing the correlation between the expression of LLT1 and methylation across different
cancer types. The size of the dots represents the adjusted p-values, and the color represents the correlation coefficient. Unfaded dots represent
statistically significant data points, while the faded dots represent statistically insignificant data points. E CNV profile showing percentage

of heterozygous or homozygous CNV, including amplification or deletion for the LLT1 gene in each cancer. F Plot showing the correlation
between the expression of LLT1 and CNV across different cancer types. The size of the dots represents the adjusted p-values, and the color
represents the correlation coefficient. Unfaded dots represent statistically significant data points, while the faded dots represent statistically

insignificant data points

Results

LLT1 expression profiles in human cancers

The comparison of pan-cancer LLT1 expression pro-
files between tumor and adjacent normal samples was
evaluated from the TCGA dataset (Fig. 1A). Along
with this, a tumor-only dataset lacking adjacent normal
samples was also analyzed (Fig. 1B). The adjacent nor-
mal samples refer to histologically normal tissue adja-
cent to the tumor. The LLT1 expression profiles were
segregated into cancers with significantly high (left) to
significantly low LLT1 expression (right), with non-sig-
nificant cancers shown in between (Fig. 1A). High LLT1
expression (p<0.05) was observed in 12 tumor types:
BRCA, CHOL, ESCA, GBM, HNSC, KIRC, KIRP,
LIHC, LUAD, STAD, SARC, and PCPG, compared
to their adjacent normals (Fig. 1A). Notably, in LIHC,

BRCA, HNSC, and LUAD, an elevated expression was
observed compared to normal across nearly all can-
cer stages (Fig. 1C; Table 1). Among these, HNSC had
stage-wise subpopulations that were the most signifi-
cantly different (p <0.001). Among all 33 cancers, this
subset of cancers showed significantly increased stage-
wise expression of LLT1. In addition, from the tumor-
only dataset, it’s evident that DLBC and LAML had the
highest absolute median expression value among all
tumor types (Fig. 1B).

To validate these findings, an independent database,
CCLE [15], was used to obtain LLT1 expression pro-
files from cell lines corresponding to 24 different tissues.
Interestingly, we observed similar expression patterns
— out of 12 tumors in TCGA that showed LLT1 upreg-
ulation, 10 of them showed the same pattern in CCLE
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Table 1 TPM values for normal and cancer tissues
Adjacent Normal Stage 1 Stage 2 Stage 3 Stage 4
BRCA 2516 2.851 2.705 2.669 2.196
(2.005-2.967) (2.307-3.285) (2.19-3.216) (2211-3.135) (1.804-2.709)
HNSC 1.034 1.837 1.768 1.608 1.608
(0.626-1.409) (1.445-2.324) (1.023-2.341) (1.181-2.221) (1.18-2.181)
LIHC 0523 1.027 1.052 0.995 0.649
(0.342-0.753) (0.651-1.475) (0.709-1.422) (0.62-1.529) (0.529-0.687)
LUAD 2.201 2811 2711 2535 2.531
(1.679-2.736) (2.239-3.526) (2.012-3.208) (2.036-3.021) (1.915-3.115)

(Fig. S1, Table S1). Statistically, the expression trends Pan-cancer methylation analysis of LLT1
seen in the TCGA dataset were similar to those observed =~ We explored the epigenetic regulation of LLT1 expres-
in the CCLE dataset. sion through DNA methylation analysis. Using the GSCA
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platform, we evaluated the methylation status of LLT1
across 33 cancers from TCGA. The results indicated that
LLT1 expression was negatively correlated (Spearman’s
rho < -0.2) with methylation levels across a large subset
of cancers like BRCA, CHOL, GBM, HNSC, KIRC, KIRP,
LUAD, STAD, and SARC (Fig. 1D). The correlations were
also statistically significant. Interestingly, in these can-
cers, an upregulated LLT1 expression was also observed,
suggesting a link between methylation status and LLT1
gene expression in human cancers.

Furthermore, DNA methylation can be a valuable tool
for classifying meningiomas [16]. Tumors can be cat-
egorized based on their unique methylation patterns
and defined by specific biological characteristics such as
DNA mutations, RNA levels, and protein levels. There
are four tumor groups: the immunogenic group marked
by an influx of immune cells, the benign NF2-wildtype
group characterized by at least one normal copy of the
NF2 gene, the hypermetabolic group with increased
activity of genes regulating cell metabolism, and the pro-
liferative group characterized by genetic and epigenetic
changes leading to continuous cell division. Our analysis
revealed variations in LLT1 expression among these sub-
types. Notably, the immunogenic subtype exhibited the
highest levels of LLT1 expression, which differed signifi-
cantly from the other subtypes (Fig. S2). The expression
of LLT1 appears to be linked to the differences in meth-
ylation patterns observed in meningioma.

Pan-cancer analysis of copy number variation (CNV)
distribution in LLT1

We performed the copy number variation (CNV)
analysis using the GSCA platform. We found differ-
ent types of CNV of the target LLT1 gene, with major
types being heterozygous amplification or deletion and
minor types being homozygous amplification or dele-
tion. The results showed that in ACC, BLCA, BRCA,
COAD, CHOL, ESCA, HNSC, KICH, KIRC, KIRP,
LUSC, SKCM, STAD, OV, TGCT, and UCS, the frac-
tion of heterozygous amplifications was higher com-
pared to other CNVs (Fig. 1E). The amount of copy
number amplification occupied 15-20% of the total
variant copy number count on average for the tumors.
In the correlation analysis, a subset of cancers including
BLCA, BRCA, KIRP, LGG, LIHC, LUAD, SARC, STAD,
and OV exhibit significant positive correlation (Spear-
man’s rho>0.15) with LLT1 expression (Fig. 1F). This
pan-cancer analysis revealed that heterozygous ampli-
fication or deletion was the most commonly observed
CNVs and showed an association between CNV and
LLT1 expression.
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Association of LLT1 expression and patient survival

We next investigated the relationship between LLT1
expression and patient survival in 33 cancers. The Cox
regression analysis showed that high LLT1 expres-
sion was associated with poor prognosis in KICH (HR:
2.114, 95% CI: 1.265-3.534), COAD (HR: 1.114, 95%
CI: 1.004-1.237), and KIRC (HR: 1.067, 95% CI: 1.038—
1.096) (Fig. 2A; Table 2). Despite low LLT1 expression
levels being observed in COAD and KICH (Fig. 1A),
they still affected survival in these cancers (Fig. 2B).
In KIRC though, a consistent pattern was observed
where high LLT1 expression correlated with poor sur-
vival, evident from the Kaplan-Meier curves (Fig. 2B).
Also, the survival analysis of these specific cancers
from an independent database, PRECOG, showed simi-
lar outcomes. In 2 out of 4 COAD datasets (GSE12945
and GSE16125), even though a difference in survival
probabilities was observed, elevated LLT1 expres-
sion was associated with poor prognosis (Fig. S3). In
KICH [17], the same survival pattern was observed as
well (Fig. S3). Interestingly, in a subset of cancers like
BRCA, LUAD, HNSC, BLCA, and CESC, the hazard
ratio is significant (p <0.05) and less than 1, suggesting
LLT1 is associated with a favorable prognosis in these
cancer types (Fig. 2A; Table 2). The expression of LLT1
in both immune cells and tumor cells in the TME, as
observed in multiple studies with LUAD and HNSC
[6, 18], suggests that LLT1 can have variable effects on
prognosis depending on the tumor type. Hence, further
analysis of LLT1 expression on tumor cells and its cor-
relation with disease outcome needs to be carried out
to understand the role of LLT1 in TME of certain spe-
cific cancers.

Gene set enrichment analysis (GSEA) of LLT1 using
HALLMARK terms

To examine LLT1’s role in innate and adaptive immu-
nity and cancer, we used the HALLMARK pathways
database to identify the functional pathways associated
with LLT1 across the TME of 33 cancers. Across nearly
all the cancer types, several immune-related path-
ways like IL2-STATS5 signaling, IL6-JAK-STAT3 sign-
aling, inflammatory response, allograft rejection, and
oncogenic pathways like KRAS signaling, PI3K-AKT-
MTOR signaling, and epithelial-mesenchymal transi-
tion were positively enriched in the high LLT1 group
(Fig. 3). This provides empirical evidence supporting
the conception that LLT1 is intricately involved in the
immune response pathways and drives oncogenic sign-
aling in the TME.
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Fig. 2 Association of LLT1 expression with patient prognosis. A Univariate Cox-Proportional Hazards regression was performed with LLT1 expression
as the independent variable, and overall survival information was obtained through the clinical files associated with each of the cancers. LLT1

was found to be a prognostic risk factor in KIRC, KICH, and COAD with Hazard ratios significantly more than 1. (KIRC-HR=1.067, KICH-HR=2.114,

and COAD-HR=1.114) B The empirically estimated Kaplan Meier Curves for these three cancers. The ‘High'group shown in red is the sub-population
of patients whose LLT1 expression is higher than its median as measured in TPM, while the ‘Low’group shown in blue is the population of patients

who have LLT1 expression lower than its median as measured in TPM

Immune cell infiltration in TME is correlated with LLT1
expression

We next examined whether LLT1 affects the abun-
dance of immune infiltrates that have prognostic value
in the TME. To do this, we explored the relationship
between LLT1 expression and immune cell infiltration
in 33 tumor types using an immune infiltration analy-
sis tool called CIBERSORT. To establish a regulatory
role of LLT1 in the TME, we examined the associa-
tion between immune cell infiltration scores estimated
from the bulk transcriptomic data in TCGA and corre-
lated it with LLT1 expression. In LIHC, LUAD, PAAD,
KIRC, PRAD, LUSC, SKCM, THCA, BRCA, KIRP,

STAD, ESCA, and THYM, the expression of LLT1 was
positively (Spearman’s rho>0.3) associated with the
infiltration of CD8+T cells, CD4+T cells (memory
activated), and activated NK cells (Fig. 4). On the other
hand, in LIHC, PAAD, CHOL, and THYM, the expres-
sion of LLT1 was positively associated (Spearman’s
rho>0.3) with the infiltration of immunosuppressive
Tregs while showing a negative association with the
infiltration of CD4+ Naive T cells in THCA and KICH
(Fig. 4). There was an association of LLT1 expression
with activated effector immune cell infiltrates, with
additional implications of tolerant Treg cells being pre-
sent in the TME of certain cancers. The association of
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Table 2 Cox regression analysis of LLT1 in 33 cancers
Cancers HR (+95% Cl) P-value
PCPG 2.316 (0.825-6.504) 0.1106
KICH 2.114 (1.265-3.534) 0.0042
ACC 1.190 (0.967-1.465) 0.0994
COAD 1.114 (1.004-1.237) 0.0405
KIRC 1.067 (1.038-1 096) 241E-06
KIRP 1.046 (0.976-1.121) 02012
READ 1.037 (0.695-1.547) 0.8553
THCA 1.035 (0.853-1.255) 0.7240
LGG 1.033 (0.978-1.092) 0.2356
LAML 1.004 (0.985-1.023) 0.6216
STAD 1.000 (0.963-1.040) 0.9605
oV 0.995 (0.936-1.059) 0.8903
MESO 0.992 (0.942-1.045) 0.7721
UCEC 0.990 (0.893-1.098) 0.8581
SKCM 0.990 (0.903-1.085) 0.8381
LIHC 0.989 (0.918-1.066) 0.7843
PAAD 0.988 (0.954-1.024) 0.5315
SARC 0.986 (0.933-1.043) 0.6409
Uvm 0.985 (0.855-1.1498) 0.8410
DLBC 0.985 (0.945-1.028) 0.4960
LUSC 0.984(0.947-1.022) 04129
TGCT 0.981(0.857-1.123) 0.7896
ESCA 0.977(0.904-1.057) 0.5730
ucs 0.971(0.864-1.091) 0.6278
CHOL 0.966(0.872-1 069) 0.5067
LUAD 0.957(0.920-0.996) 0.0331
BRCA 0.956(0.918-0.996) 0.0316
THYM 0.947(0.868-1.033) 0.2198
GBM 0.946(0.868-1.031) 0.2041
BLCA 0.916(0.869-0.967) 0.0013
HNSC 0.907(0.857-0.961) 0.0008
CESC 0.880(0.804-0.963) 0.0055
PRAD 0.879(0.564-1.370) 05710
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LLT1 expression with poor prognosis in KIRC may be
explained by the presence of both effector and tolerant
immune cell infiltrates in the TME (Fig. 2B). Similarly,
the presence of immunosuppressive Tregs in multi-
ple other cancers can dampen the pro-tumor immune
response despite the presence of effector T and NK
immune cell infiltrates in the TME.

Correlation of immune checkpoint genes with LLT1
expression

To further correlate the elevated LLT1 expression with
an immunosuppressive phenotype, we computed the
correlation values to several important immune check-
point genes. We observed that LLT1 is positively corre-
lated (Pearson’s R >0.3, p<0.05) to immunosuppressive
genes such as TIGIT, LAG3, CD274 (PD-L1), HAVCR2
(TIM-3), IL4, IL10, IDOI1, ARG1, ICOS, CD39, CCL17,
FOXP3, and CD33 in nearly all 33 cancer types
(Fig. 5A). In line with these observations, LLT1 was
negatively correlated (Pearson’s R < -0.2, p<0.05) to a
few pro-inflammatory and several tumor suppressor
genes such as LAMPI (CD107a), IL-1B, A2M, PTEN,
HLA-E, ULBP1, LKB-1, BAD, and SLAMF9 (Fig. 5A).
For specific cancers, the individual correlation plots
for some key immunosuppressive and immune-inflam-
matory/ tumor repressor genes are shown (Fig. 5B).
Also, the GSEA analysis of LLT1 based on the immu-
nosuppressive genes shows enrichment of pathways
related to T cell tolerance, inflammation, and myeloid
cell regulation (Fig. 5C). These results collectively sug-
gest that despite there being evidence of association
of LLT1 expression with prior immune activation, this
succumbs to the immune suppressive mechanisms pre-
sent in the TME. Such mechanisms likely affect tumor
progression, which could ultimately influence patient
survival.
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Fig. 4 Relationship between LLT1 expression and immune infiltrates in the TME. Spearman’s purity-adjusted correlation coefficient
between the infiltration score (estimated by CIBERSORT-ABS from TCGA transcriptomics data) and LLT1 expression is shown in this figure
across cancers. The size of the dots represents the adjusted p-values, and the color represents the correlation coefficient

Correlation of LLT1 with tumor genomic features such

as TMB, MSI, and MMR

We next examined the relationship between LLT1
expression and tumor genomic markers across cancer
types. Tumor mutational burden (TMB) is a measure
of the immunogenicity of a tumor. TMB was found to
be significantly (p<0.05) and positively correlated with

LLT1 expression in KICH, COAD, and UCEC (Fig. 6A,
left panel). In TGCT and OV, the TMB score was neg-
atively correlated with LLT1 expression (Fig. 6A, left
panel). Microsatellite instability (MSI) occurs as a result
of a deficiency in DNA mismatch repair genes (MMR)
(EPCAM, MLH1, MSH2, MSH6, PMS2) in cancer. MSI
scores in PRAD and COAD were significant (p<0.05)
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Fig. 5 Correlation of LLT1 expression with expression of immunoregulatory genes. A Pearson correlation between relevant immune checkpoint
genes and LLT1 expression measured in TPM is shown in this heat map. The thatched tiles represent cases where the correlation coefficient could
not be reliably estimated owing to poor data. P-values are coded as follows: * < 0.05, ** < 0.01, *** < 0.001. B Individual correlation maps of select
immune checkpoint genes are shown. The correlation coefficient (r) values for each gene plot are shown as an inset in each plot. C The gene
ontology of the positively correlated gene set is shown. The size of the dots represents the level of abundance and the color represents the adjusted

p-values

and positively correlated with LLT1 expression, while in
TGCT, LAML, BRCA, OV, LUAD, and LUSC, the MSI
score was negatively correlated with LLT1 expression
(Fig. 6A, right panel). The negative correlations indicate
that LLT1 expression is not linked to genomic biomark-
ers like TMB and MSI in these cancers. An assessment
of MMR genes shows a negative association with LLT1
expression in most cancers (Fig. 6B). Interestingly, in
COAD and KICH, the deficiency in mismatch repair
function in LLT1-high tumors is congruent with the
observation of the high MSI and TMB status of these
tumors.

LLT1 could be a potential biomarker in patients
non-responsive to current ICls

We have used the CRI iAtlas portal to understand the
expression of LLT1 transcripts in patients who did not
respond to immune checkpoint therapies across multi-
ple solid cancers. The dataset had information about the

clinical outcome of patients in response to different ICI
treatments in 5 different cancers, including STAD, BLCA,
GBM, KIRC, and SKCM. LT1 We found that a signifi-
cant proportion of patients among the non-responders
in each cancer-treatment group had a high level of LLT1
expression (Fig. 7A). We next examined whether other
immune checkpoints and immunoregulatory genes were
correlated to LLT1 expression in these groups of non-
responding patients. We observed a significant correla-
tion (p<0.05) of LLT1 expression with multiple immune
checkpoint genes in certain groups of non-responding
patients across cancer indications (Fig. 7B). The SKCM-
nivolumab non-responders had the greatest number
of genes significantly correlated (P<0.01) with LLT1,
including TIGIT, LAG3, CD274 (PD-L1), IDO1, ICOS,
ENTPDI, IL10, and FOXP3. This was followed by the
KIRC-nivolumab and BLCA-atezolizumab groups, where
there were 6 significant correlated genes (p<0.05) from
this subset. Interestingly, in GBM, there was a signifi-
cant correlation (p<0.01) of LLT1 expression with LAG3
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Fig. 6 Correlation between LLT1 expression and tumor genomic markers. A Pearson correlation between LLT1 expression in TPM and TMB score

is shown in this radar plot. Cancers where the correlation is significant (p <0.05) are underlined in the plot (KICH, COAD, OV, TGCT, UCEC). B Pearson
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is shown in this figure. P-values are coded as follows: * < 0.05, ** < 0.01, *** < 0.001
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Fig. 6 continued

and CD276 (B7-H3) genes, suggesting potentially new
therapeutic options in addition to existing ICIs like pem-
brolizumab. Taken together, these results suggest that
in certain non-responder populations, LLT1 may work
in concert with other immune checkpoints and immu-
noregulatory genes to create an immunosuppressive
TME.

Validation of LLT1 expression in certain cancers

We selected specific cancer cell lines to validate our
in silico analysis, based on TCGA and clinical data-
sets. These included immune-resistant prostate cancer
cell lines (hormone-refractory PC3, hormone-sensitive
DU145, and 22Rvl), glioma cell line (LN229), ovarian

cancer cell line (SK-O-V3), and an immune-sensitive liver
cancer cell line (Hep G2) [19]. To confirm the specific
binding of our anti-LLT1 antibody (4C7), we used CHO-
K1 cells transfected with human LLT1 antigen (Fig. 8A;
Fig. S4). The results showed cell surface staining indi-
cating LLT1 expression on transfected CHO-K1 cells,
while the control (untransfected) CHO-K1 cells showed
no staining. In the tumor cell lines, we observed varying
levels of LLT1 expression on the cell surface (Fig. 8B; Fig
S5). Among the immune-resistant cancers, predominant
cell surface expression of LLT1 was observed in prostate
cancer cell lines (PC3, DU145, and 22Rv1) and glioma
cell lines (LN229) (Fig. 8B, right panel; Fig. S5), validat-
ing our findings from the TCGA and clinical datasets.
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The immune-sensitive liver cancer cell line (HepG2) also
showed robust cell surface LLT1 expression (Fig. 8B,
right panel; Fig S5), confirming our TCGA database
analysis. However, the immune-resistant ovarian cancer
cell line (SK-O-V3) showed low cell surface expression of
LLT1 (Fig. 8B, right panel; Fig S5). These results further
suggest utilizing LLT1 as a potential therapeutic target in
immune-resistant tumors.

Discussion

Biomarker-informed cancer immunotherapy is urgently
needed for treating patients with advanced cancer. Cur-
rently approved immunotherapies mainly target immune
checkpoint pathways like PD-1, PD-L1, and CTLA-4.
Recent therapeutic approaches have emerged that target
new immune checkpoints such as NKG2A, which is an
inhibitory NK cell receptor [20], and other co-inhibitory
receptors such as TIGIT, LAG3, and TIM3 [21]. The



Mandal et al. BMC Cancer ~ (2024) 24:1365

Page 14 of 22

DAPI IgG1 (1°Ab)

CHO-K1
(Control)

CHO-K1
(transfected)

Merged

DAPI 4C7 (1°Ab)  Merged

Fig. 8 The expression of LLT1 in different cell lines by confocal microscopy. A The surface expression of LLT1 was examined using confocal
microscopy. An anti-LLT1 antibody (4C7) was used to probe the cells. DAPI was used for counterstaining the nucleus. The left panel shows cells
treated with a secondary antibody attached to a fluorescent probe (Alexa Fluor 488 goat anti-mouse IgG), while the right panel shows cells treated
with the anti-LLT1 antibody (4C7) followed by the secondary antibody attached to a fluorescent probe. The green color indicates the binding

of the anti-LLT1 antibody to the target antigen on respective cell lines. The binding signal of the anti-LLT1 antibody (green color) was observed
only in LLT1 transfected CHO-K1 cells (right panel), while no binding was detected in untransfected CHO-K1 (control) cells (left panel). The scale

bar for both panels is 10 um. B The surface expression of LLT1 on different tumor cell lines, including prostate cancer (hormone-refractory PC3,
hormone-sensitive DU145, and 22Rv1), liver cancer (Hep G2), glioma (LN229), and ovarian cancer (SK-O-V3), was also investigated. DAPI was used
for counterstaining the nucleus, while the same anti-LLT1 antibody (4C7) followed by secondary antibody with the fluorescent probe (Alexa Fluor
488 goat anti-mouse IgG) were used to probe the cells. The green color indicates the binding of the anti-LLT1 antibody to the target antigen

on respective tumor cell lines. The scale bar for both panelsis 10 um

identification of NKG2A as a novel immune checkpoint
has drawn considerable interest in NK cell targets for
cancer immunotherapy. LLT1-CD161 is one such inhibi-
tory NK cell receptor-ligand pair that is known to block
NK cell function in various cancers [7]. Existing literature
highlights the significance of the CD161-LLT1 interac-
tion in regulating cancers [1, 6], but the precise role of
LLT1 is still far from being clearly understood. Here,
we conducted a pan-cancer analysis utilizing the TCGA
database to understand the role of LLT1 in the tumor
microenvironment and how it may facilitate cancer
growth and metastasis.

We assessed the differential expression of LLT1 in 33
cancers and found upregulation of expression in 12 can-
cers, including BRCA, CHOL, ESCA, GBM, HNSC,
KIRC, KIRP, LIHC, LUAD, STAD, SARC, and PCPG.
Interestingly, in a subset of these cancers, including
LIHC, BRCA, HNSC, and LUAD, we observed LLT1
expression to be higher in all pathological stages of the
cancer compared to their respective normals. This is con-
sistent with previous studies where high LLT1 expression
was observed in these same tissue types [6, 7, 10, 18]. The
highest absolute expression of LLT1 was observed in two
hematological cancers: DLBC and LAML, suggesting
LLT1 to be more prominent in leukemias. In comparison,
low levels of LLT1 expression were observed in cancers
such as ACC, KICH, and READ.

We found that LLT1 expression levels were related
to genetic and epigenetic changes in 33 different types
of cancers. Genetic changes such as heterozygous

amplification or deletion were the most common type
of CNV found in these cancers, and this was linked to
LLT1 expression in a significant number of cases. Simi-
larly, epigenetic changes such as methylation levels were
found to be linked to LLT1 gene expression, with a large
subset of cancers exhibiting low methylation levels and
higher LLT1 expression. These findings support previous
studies that have suggested a close relationship between
abnormal DNA methylation and human cancers [22]. It
is noteworthy that LLT1 expression is linked to poorer
survival rates in KIRC, KICH, and COAD, where these
cancers exhibit lower methylation levels. Low levels of
methylation in certain cancers can lead to their progres-
sion and severity. Additionally, in meningioma, the sub-
group of immunogenic tumors showed increased LLT1
expression. This group is also associated with an influx
of immune cells, mainly T cells that are in an exhausted
state. Targeting LLT1 with antibodies, as it regulates NK
cells, could offer treatment opportunities for remission in
this subtype of meningioma patients.

To understand the prognostic significance of elevated
LLT1 expression, we performed a univariate Cox pro-
portional regression analysis of LLT1 in pan-cancer.
The results indicated that among the cancers that have
differential LLT1 expression, LLT1 is a risk factor for
survival in patients with COAD, KICH, and KIRC, sug-
gesting LLT1 to be a potential immune checkpoint target
in these cancers. On the other hand, LLT1 acts as a pro-
tective factor in certain cancers, such as HNSC, LUAD,
and BRCA. However, as seen with HNSC, this outcome
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can vary depending on the histological subtype of the
tumor [9, 18]. The observation in LUAD, an NSCLC sub-
type, is consistent with previous studies where higher
LLT1 expression was associated with favorable survival
outcomes in this cancer [6]. Notably, in the same study
of NSCLC patients, LLT1 expression was limited to the
immune cells within the tumor tissue. Therefore, the cor-
relation between LLT1 expression on tumor cells and
patient response will require in-depth studies involving
single-cell RNA transcriptome analysis of tumor tissue.

Thus, it is crucial to perform other analyses that look into
the complex interaction of LLT1 within the TME.
Through GSEA of LLT1 using HALLMARK terms,
we found that the LLT1 high expression group was
linked with pathways related to immune regulatory pro-
cesses, tumor growth, and metastatic spread of cancer.
This further supports previous studies showing LLT1
to be a critical immune regulator and a driver of tumor
growth in cancers [23, 24]. Tumors can be categorized
as immune-sensitive and immune-resistant, depend-
ing on their response to ICIs. An immune-sensitive
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tumor is associated with a higher abundance of tumor-
infiltrating T lymphocytes (TILs) in the TME, while an
immune-resistant tumor is devoid of such TILs [25]. In
the context of LLT1’s regulatory role in the TME, we
investigated how LLT1 expression was associated with
immune infiltration. We found effector and cytotoxic
immune infiltrates such as CD8+, CD4+T cells, and NK
cells to be enriched in certain cancers like BRCA, ESCA,
KIRC, KIRP, LIHC, LUAD, and STAD with upregulated
LLT1 expression. A strong correlation of these immune
infiltrates was also observed in PRAD and SKCM, two
cancers without significant upregulation of LLT1 expres-
sion. Interestingly, LLT1 expression was positively corre-
lated with infiltration of immunosuppressive Treg cells in
LIHC, BRCA, KIRC, and KIRP. This suggests that despite
the presence of effector immune cells in these cancers,
their activity is countered by cell types driving immune
repression.

To further understand the functioning of these immune
cells in the TME across cancer types, we looked at the
expression levels of various immune checkpoint and
oncogenic driver genes and their association with LLT1
expression. We found several immunosuppressive mark-
ers like CD274 (PD-L1), TIGIT, LAG3, IDO1, ENTPD1
(CD39), IL10, and FOXP3 to be significantly correlated
with high LLT1 expression across almost all 33 cancers.
This suggests that despite the presence of TILs, these
immune cells are exposed to other mechanisms of inhi-
bition in the TME. This comes in the form of cells being
in a state of exhaustion, anergy, or tolerance, also evident
from the co-expression of other immunosuppressive
cytokines and markers in this milieu. In line with these
observations, we also found pro-inflammatory genes or
tumor suppressor genes to be downregulated in such
cancers. Additionally, the GSEA of LLT1 based on this
immune checkpoint gene set indicated an association
with immune-related pathways including T cell regula-
tion, myeloid cell activation, and inflammatory signals.
These results together hint towards LLT1 playing a role in
promoting an immune-resistant TME, often associated
with ‘cold’ tumors. Notably, in cancers like GBM, PAAD,
and PRAD, which are often referred to as immune-
resistant ‘cold’ tumors [26—-30], targeting LLT1 could be a
potential strategy to relieve immune suppression.

Examination of the association of genomic features
showed a significant positive correlation of LLT1 expres-
sion with TMB in COAD, KICH, and UCEC and a posi-
tive correlation with MSI in COAD and PRAD. Also,
LLT1 expression was associated with MMR-deficient
(MMRd) status in almost all cancers, specifically colon
(COAD) and kidney (KICH) tumors. This relationship
between LLT1 and genomic biomarkers suggests an
approach where these biomarkers can be combined with
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anti-LLT1 antibodies in clinical trials to further improve
response rates in tumors.

We wanted to investigate gene correlations between
LLT1 and response to current ICI treatments. We
observed that across all cancer-treatment groups, a sig-
nificant proportion of non-responding patients had LLT1
expression that was above the expression median of that
respective group. The proportions of non-responders
with above median LLT1 expression levels were high in
GBM (40%) and KIRC (~90%), indicating that high LLT1
expression could potentially be a mechanism of resist-
ance in these non-responders. With this observation,
we next determined whether other established immune
checkpoints were upregulated in the same non-respond-
ing patient populations. Among the cancer-treatment
groups with high LLT1 expression, there was a subset
where multiple immune checkpoint genes correlated with
LLT1 expression. The SKCM-nivolumab group had the
highest number of correlated immune checkpoints, fol-
lowed by the KIRC-nivolumab and BLCA-atezolizumab
groups. Interestingly, in the GBM-pembrolizumab group,
immune checkpoints such as LAG3 and CD276 (B7-H3)
were correlated with LLT1 expression. As alluded to
earlier, GBM is an immune-resistant ‘cold’ tumor where
current immunotherapies offer minimal benefit to the
larger patient population. Existing immune checkpoints
that are being targeted in GBM include CD274 (PD-L1),
LAG3, and CD276 (B7-H3) [31, 32]. Therefore, anti-
bodies targeting LLT1 could be a potential therapeutic
option in GBM patients non-responsive to existing ICIs.
Alternatively, anti-LLT1 antibodies may be combined
with one or more immune checkpoint targets shown to
be strongly associated with LLT1 in terms of gene expres-
sion. This strategy can potentially boost patient responses
in indications like SKCM, KIRC, BLCA, and GBM, pro-
viding additional therapeutic options to a cohort of non-
responder patients.

Finally, we analyzed specific cancer cell lines to experi-
mentally validate our findings from the publicly avail-
able genomic and clinical databases. LLT1 was expressed
in immune-resistant tumor cell lines, predominantly in
prostate cancer and glioma, and although low, was clearly
detected in ovarian cancer, indicating a trend of upregu-
lated LLT1 expression in immunologically “cold” tumors.
These findings are consistent with previous studies in
the literature [7, 8, 33] and suggest that LLT1 could be a
potential therapeutic target in immune-resistant tumors.

There has been significant progress made in develop-
ing predictive biomarkers for ICIs, leading to better
patient screening and improvements in treatment effi-
cacies. The predictive biomarkers approved in the clinic
include PD-L1 expression determination, MSI/ MMRd
testing, and TMB measurement [34]. PD-L1 expression
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levels have been used to assess responses to anti-PD1-1
and anti-PD-L1 therapies in NSCLC, HNSCC, ESCA,
cervical, and bladder cancers [35]. MSI/ MMRd testing
has been shown to predict responses to anti-PD-1 and
anti-CTLA-4 combination therapies in patients with
metastatic colorectal cancer [36]. High TMB scores were
shown to favorably affect responses to anti-PD-1 and
anti-CTLA-4 combination therapies in NSCLC, mela-
noma, and bladder cancers [37]. In addition, new predic-
tion metrics like tumor-infiltrating lymphocytes (TILs)
and gene expression profiles (GEPs) are being devel-
oped to evaluate tumoral responses to ICIs. Infiltration
of TILs such as CD8+and CD4+T cells in the TME is
associated with improved responses to ICIs in various
cancer types [38]. In the POPLAR trial, GEPs including
a 10 gene ‘IFN-y signature’ pattern were analyzed in pro-
gressive NSCLC patients receiving atezolizumab. It was
observed that a high level of this TEN-y signature’ pat-
tern was correlated with improved overall survival (OS)
in these patients [39]. Such biomarkers play a key role in
determining patient response to ICI therapies in different
malignancies. Therefore, basic research can identify new
biomarkers for clinical translation. In this study, we have
shown that LLT1 is co-expressed with various immune
checkpoint genes and genomic features to drive an
immunosuppressive TME. Also, LLT1 expression shows
favorable association with patient prognosis in various
cancer types. Based on these observations, LLT1 holds
promise to be a potential predictive biomarker in differ-
ent cancer types.

This study represents one of the initial analyses where
LLT1 was examined in silico across all types of cancers.
It is important to acknowledge certain limitations. The
pan-cancer expression analysis used tumor samples
mainly from the TCGA database, which includes both
primary and metastatic tumors. It is essential to consider
that primary and secondary tumors have different biolog-
ical characteristics, potentially impacting the results of
the analysis if they had been examined separately. Having
access to public databases containing complete staging
information for all cancers in the future would allow us to
address this issue.

Although we established a relationship between LLT1
expression and immune infiltration in multiple tumors, it
should be noted that this was achieved using the compu-
tational algorithm CIBERSORT, which has its own limi-
tations. These limitations include: (i) using predefined
gene expression signatures that, if incomplete or inaccu-
rate, could bias the deconvolution results, (ii) the inabil-
ity to detect rare cell types due to their low abundance in
tumor samples, (iii) potential batch effects and technical
biases in the gene expression data that could confound
the deconvolution results, and (iv) the inability to capture
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the functional states of immune cells, instead providing
estimates of immune cell populations.

In the future, it will be necessary to employ addi-
tional scientific techniques to experimentally validate
these findings. This could involve using single-cell RNA
sequencing (scRNA) of tumor biopsies to gain further
insight into the role of LLT1 in both immune and tumor
compartments. It could also involve the use of multiplex
immunohistochemistry (mIHC) to enable simultaneous
detection and quantification of LLT1 and other related
biomarkers in the tumor microenvironment (TME).
Additionally, liquid biopsies from patients could prove
useful in determining the effect of LLT1 on peripheral
blood markers.

Furthermore, we demonstrated the correlation
between LLT1 gene expression and survival, as well as its
association with several immune gene signals. However,
the prognostic value of LLT1 in immune evasion requires
further exploration. Subsequent analyses in independ-
ent clinical datasets could verify these findings. Finally,
comprehensive and individualized adaptive clinical trials
would be necessary to guide the selection and validation
of such novel biomarkers.

The overall findings of this study suggest that gene
signatures exhibiting immune-resistant TME are asso-
ciated with upregulated LLT1, as seen from both TCGA
analysis and a subset of ICI-resistant tumors (Fig. 9,
upper panel). This data provides a better understand-
ing of the TME in patient tumors and could lead to new
therapeutic options for cancer patients. It is hypoth-
esized that a significant fraction of non-responsive
patients would benefit from targeted therapies such as
an anti-LLT1 monoclonal antibody that can disrupt the
LLT1-CD161 interaction. Previous studies have shown
the effectiveness of such strategies of LLT1 blockade in
selective ‘cold’ tumors. LLT1 blockade, through the use
of an anti-LLT1 antibody, has been shown to restore
NK cell-mediated cytotoxicity in prostate cancer cells
[7]. On the other hand, small interfering RNA (siRNA)-
mediated downregulation of LLT1 led to increased NK
cell-mediated lysis of glioma cells [8]. A new weapon
in the arsenal could be our lab’s newly developed anti-
LLT1 monoclonal antibody ZMO008, which has been
recently approved for a first-in-human phase I study
and is scheduled to go into clinical trials soon [40—42]
(Fig. 9, boxed panel). Altogether, this study will help
clinicians (a) identify potential patients for the upcom-
ing first-in-human clinical trials with ZM008 and (b)
develop a predictive scoring system for patient prog-
nosis. We believe that new immunotherapy approaches
using LLT1 blockade or a combination of LLT1 block-
ade and other existing ICIs could be highly effective
against immune-resistant ‘cold’ tumors.
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Fig.9 Summary of LLT1’s role in TME of cancers and possible implications for therapy. Interaction of LLT1 with CD161 on immune cells like T cells
and NK cells impairs their anti-tumor activity, leading to immune escape and tumor progression. As our study suggests, high LLT1 expression

is associated with various inhibitory signals in the TME, as shown in the yin-yang-like representation in the top panel. These inhibitory signals
induce immune dysfunction, thereby creating a TME conducive to immune-resistant “COLD" tumors. Blocking the inhibitory LLT1-CD161 axis could
shift the balance towards immune activation, mediating immune cell-mediated killing of tumors and prompting tumor regression. Anti-LLT1
antibody ZM008 could provide a potential treatment option for these immune-resistant tumors. This antibody drug could potentially transform
the TME into an immune-responsive "HOT" tumor. The boxed panel in the figure indicates the proposed hypothesis of this prospective anti-LLT1

antibody-based immunotherapy approach

Conclusions

Our study suggests that LLT1 expression is upregulated
in several human cancers and is associated with differ-
ent patient survival outcomes. Our findings also dem-
onstrate an association between LLT1 expression and
numerous immunosuppressive markers in the tumor
microenvironment (TME) of multiple cancers. Taken
together, these results offer further insights into the
potential role of LLT1 in cancer development and pro-
gression, especially in immune-resistant tumors. LLT1
may be a promising therapeutic target in such can-
cers and could provide additional benefits to patients
beyond the current ICI treatment options.

Methods

Pan-cancer LLT1 expression

Datasets were downloaded from the UCSC Xena pro-
ject [43]. 33 TCGA cohorts in the GDC Hub category
were used (https://xenabrowser.net/datapages/). From
each cohort, the “HTSeq — FPKM” data file was down-
loaded from each of the TCGA cohorts. The expression

value for each gene in a given patient was converted from
log, (FPKM + 1) (Fragments Per Kilobase Million) to log,
(TPM +1) (Transcripts Per Million) using the following
formula:

FPKM; .
TPM; = ———— x 10
- FPKM;
Where the index j indicates a summation of all the
genes measured for a given tumor sample in a single
experiment, the distribution of the logarithms of the
TPM+1 values of LLT1 for each of the 33 cancer types
was visualized using box plots. The Mann-Whitney test
(two-sided) was used to compare the logarithm of the
expression value (TPM + 1) between the tumor and adja-
cent normal in cancers where both of these data were
available. This was done using ggplot2 [44] and ggstats
[45] in R software v4.2.3 [46]. For validation, data were
downloaded and analyzed for each tumor cell line from
the CCLE database (https://sites.broadinstitute.org/
ccle/).
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Stage-wise LLT1 expression in certain cancers

The distribution of the logarithms of the (TPM + 1) val-
ues of LLT1 for each stage (AJCC Pathologic Stage) was
visualized using box plots. The staging information was
obtained from clinical files from the TCGA GDC portal
for each cancer project specifically: https://portal.gdc.
cancer.gov/. The Mann-Whitney test (two-sided) was
used to compare the logarithm of the expression value
plus one between the tumor and adjacent normal. Graph-
Pad Prism 7.01 was used for data analysis.

Survival regression

Univariate Cox-Proportional Hazards regression was per-
formed for overall survival using LLT1 expression (TPM) as
the independent regression variable. The survival data was
obtained from the UCSC Xena project, and the analysis was
performed using the Lifelines package in Python 3.8 [47].
Hazard ratios and their 95% confidence intervals were com-
puted and visualized as interval plots. Kaplan Meier Curves:
The 50 percentile value of the LLT1 expression was taken as
the cut-off to divide patients into LLT1 high expression and
LLT1 low expression groups. Kaplan Meier curves were plot-
ted, and the log-rank test was performed to test the hypoth-
esis that they are distinguishable and separable. This analysis
was performed using the survival package in R 4.2.3 [48, 49].
For validation, datasets were downloaded and analyzed from
the PRECOG database (https://precog.stanford.edu/).

GSEA of KEGG Hallmark of Cancer pathways with LLT1

The “Hallmarks of Cancer” gene sets represent a col-
lection of biological processes and characteristics that
are commonly observed in cancer cells [50]. The data
from each cancer from the TCGA database was filtered,
and only tumor data was carried forward for further
analysis. Following this, the patient records were rank-
ordered based on the level of expression of LLT1. The
top 30% and bottom 30% of the data were separated as
two groups, and differential expression analysis was car-
ried out using the PyDeSeq2 python package [51, 52]. 50
gene sets collectively termed as the “Hallmark Gene sets”
were acquired from the MSigDB site (https://www.gsea-
msigdb.org/gsea/msigdb). The GSEApy package was used
to carry out gene set enrichment analysis for the differ-
ent hallmark gene sets using the differentially expressed
genes between the two groups [53].

Correlation of Inmune Infiltration measures with LLT1

CIBERSORT is a computational algorithm that ena-
bles quantifying the proportions of different immune
cell types within a complex mixture of cells, such as a
tumor biopsy sample, based on gene expression data
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[54]. Using the TIMER2 web server (http://timer.cistr
ome.org/) hosted immune infiltration analysis tool, the
purity-adjusted Spearman’s correlation of immune cell
infiltration score (as estimated by CIBERSORT-ABS) was
computed, and its correlation with LLT1 expression in
33 cancers from the TCGA database was evaluated [55].
The resulting bubble plot was bi-clustered according to
the correlation values using the spectral co-clustering
algorithm from scikit-learn 0.16.1, with the ‘n_clusters’
parameter chosen heuristically to be 3 [56].

Correlation of Imnmune-related genes with LLT1

The Gene Ontology Resource (Gene Ontology Resource)
was used for obtaining the gene list for specific pathways
[57]. The ontology section of the database states the GO
term of interest, including ‘T cell activation; ‘cytokine
involved in immune response; or ‘NK cell activation. The
‘Biological Process’ of the database was used in shortlist-
ing candidates from a long gene list using the ontology
search of the selected GO terms deemed relevant to pre-
dict the immunotherapy response. From these shortlisted
gene candidates, we further pruned the dataset to include
a subset of genes that have been extensively studied and
have an established role in anti-tumor immunity.

The gene correlations for LLT1 and this set of selected
genes from the TCGA-GDC datasets across cancers were
calculated using the Pearson correlation function. The
significance level associated with the estimate of the cor-
relation coefficients is indicated by the star marks on the
tile of the heat map. The resulting correlation matrix was
then bi-clustered using the spectral co-clustering method
as implemented in the scikit-learn 0.16.1 package with
hyperparameter ‘n_cluster’ set to value 5 heuristically. The
genes that are significantly (p<0.05) correlated to LLT1
across all cancers consistently can be identified by visual
inspection of the heat maps. Gene ontology analysis was
run on these selected sets of genes to identify their role
with greater specificity using the enrichGO function in the
ClusterProfiler package in R v4.2.3 [58, 59].

Genomic marker correlation with LLT1

Tumor Mutational Burden (TMB) is computed as the
number of non-synonymous mutations per megabase
(Mb) of the genome sequenced. MAF files for each of the
33 cancers from the TCGA database were queried using
the TCGAbiolinks package in R version 4.2.3 [60-62].
Tumor mutational burden was computed for each patient
using the ¢mb function in the maftools package in R [63].
The Pearson correlation coefficients of these TMB scores
with LLT1 expression was computed for all cancers. Pre-
computed MSI scores of TCGA patient samples were
obtained from the MSIsensor.10k data frame using the
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BiocOncoTK package in R version 4.2.3 [64]. The Pear-
son correlation coefficient of these MSI scores and LLT1
expression was computed. Both these pan-cancer corre-
lation data were visualized in a radar chart format using
Python 3.8. Additionally, Pearson correlation between
LLT1 expression and DNA mismatch repair (MMR)
genes, EPCAM, MLHI, MSH2, MSH6, and PSM?2, was
computed across all cancers.

Cell culture

The control cell line, CHO-K1, was cultured in DMEM/
F12 media, 15 mM HEPES with 10% Fetal Bovine Serum
(FBS), and 1% Penicillin-Streptomycin. The tumor cell
line, PC3, was cultured in DMEM/F12 media with 20%
FBS, ImM Sodium Pyruvate, and 1% Penicillin-Strepto-
mycin. Tumor cell lines, 22RV 1, DU145, and SK-OV-3
were cultured in RPMI 1640 media with 10% FBS, 1X
Sodium Pyruvate, and 1% Penicillin-Streptomycin. Other
tumor cell lines, Hep G2, and LN229 cell lines, were cul-
tured in DMEM/F12 media with 10% FBS, 1ImM Sodium
Pyruvate and 1% Penicillin-Streptomycin. All the cell
lines were maintained in a 37 °C incubator with 5% CO.,,.

Immunofluorescence staining to detect LLT1 expression
Control (CHO-K1) and respective tumor cells were
grown on glass cover slips in their respective cell cul-
ture medium. Cells were washed with 1X PBS buffer,
then fixed in 2% formaldehyde in PBS for 30 s at room
temperature (RT). Cells were then rinsed twice with 1X
PBS, followed by blocking with 5% BSA for 1 h at RT.
Following this, incubation with 2 ug anti-LLT1 antibody
(4C7) was carried out for 1 h at RT, and then cells were
washed three times in 1X PBS buffer. Cells were then
incubated with 2 ug Alexa Fluor 488 goat anti —mouse
IgG1 for 1 h at RT followed by three times washing in
1X PBS buffer. Cell nuclei were stained using DAPI
(1:1000 for 5 min at RT). Cells were then rinsed thrice
in 1X PBS buffer and left in 1X PBS buffer until imaging.
Immunofluorescence microscopy was performed on the
Olympus FV3000- 4 laser scanning confocal microscope
with a 60X magnification, 1.35-NA objective. Cells were
observed and imaged by using appropriate wavelengths
(for DAPI, Aex: 405 nm and Aem: 430—470 nm; for Alexa
488, Aex: 488 nm and Aem: 510-530 nm). Images were
finally analyzed with the Fiji/ Image]J software.

Overlap analysis of upregulated LLT1 non-responder
population with select upregulated immune checkpoint
gene non-responder population

Transcriptomics data, paired with patient-wise informa-
tion on immunotherapy response and name of drug used,
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was downloaded from the CRI iAtlas portal’s associated
file repository on https://www.synapse.org/ (SYN-ID:
“syn24200710”) [65]. This dataset contained transcrip-
tomics data in TPM for GBM, STAD, KIRC, BLCA, and
SKCM. For each cancer indication, a tissue type-wise
median LLT1 expression was computed by combining
the TCGA data and this iAtlas data.

Using this median from the pooled data, the patients
who were classified as non-responders to immunother-
apy in the “Non-responder” column of the clinical data-
set from iAtlas were classified into three following sets:

a. All non-responders who have LLT1 expression above
the median of LLT1 expression in the tissue-specific
pooled dataset as mentioned earlier.

b. All non-responders who have a given gene i above
the median of the gene i in the tissue-specific pooled
dataset as mentioned earlier.

c. All non-responders who have LLT1 expression above
the median of LLT1 expression and all non-respond-
ers who simultaneously have a given gene i above
the median of the gene i in the tissue-specific pooled
dataset as mentioned earlier.

The number of patients in the three sets was noted,
and the tissue-wise set of all non-responders was taken
as the superset of these three. Set C is the intersection
of sets A and B. The gene i is a member of the set of
all genes used in the correlation analysis of LLT1 previ-
ously. A hypergeometric overlap test was done to see if
this overlap was by pure chance or not. This was done
to show that there exists a sub-population of ICI non-
responders whose patients are simultaneously high
in LLT1 and another immune checkpoint gene, which
could indicate that they might be potential candidates
for LLT1 blockade therapy alone or in combination
with immune checkpoint blockade (ICB).
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