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ABSTRACT

Background: The clinical benefit of immune response is largely unknown. We
systematically explored the correlation of immune response with patient outcome in
human cancers.

Results: The global immune gene signature was primarily located on the plasma
membrane with a high gene density at 6p21 and 1q23-1q24. Immune responses varied
with a wide range in human cancers. A total of 11 cancer types exhibited significant
correlation of immune response with overall survival. Higher immune response was
significantly associated with longer overall survival in 7 types and with shorter overall
survival in 4 types. In addition, 11 cancer types exhibited significant correlation
of immune response with progression-free interval. Higher immune response was
significantly associated with longer progression-free interval in 7 types and with
shorter progression-free interval in 4 types.

Methods: The Ingenuity Knowledge Base and human genome assembly GRCh38
were used to annotate the immune gene signature by cellular components and genomic
coordinates, respectively. We devised an mRNA-based metric of pre-existing immune
conditions by using the gene signature, and calculated the metric for 10,062 The Cancer
Genome Atlas tumor samples across 32 different cancer types. The Kaplan-Meier method
was used to evaluate the overall survival and progression-free interval differences
between dichotomic groups stratified by the median metric for each cancer type.

Conclusions: Immune responses have different impacts on patient outcome in
different human cancers. Prospective verification is needed before the findings can
be applied for clinical trial development.

INTRODUCTION

Development of immunotherapy such as checkpoint
blockade therapy (against CTLA4 or PD-1/PD-L1)
has shown great success in potentiating inefficient
antitumor immune response and inducing durable
control of tumors [1, 2], thus leading to improved patient
survival in different types of cancer [3, 4]. However, the
efficacy or clinical benefit of immunotherapy has been
demonstrated to intimately depend upon the pre-existing
immune conditions of a tumor [5—7]. It was previously
reported that high expression of chemokines in the tumor
microenvironment promoted T cell infiltration and induced
immune-mediated tumor regression [8, 9]. [IFN-y produced
by T helper type 1 cells was shown to activate cytotoxic
T cells and potentiate the cell-mediated immune response

in the tumor [10]. High pretreatment expression of PD-
L1 protein was significantly associated with the anti-
PD-L1 antibody [5], and pre-existing CD8* T cells were
significantly associated with therapeutic PD-1 blockade
[7]. In addition, metastatic melanoma patients with
overexpressed immune genes were more likely to respond
favorably to ipilimumab (an antibody specific to CTLA4),
and therefore had better clinical survival [6]. Our group
recently demonstrated in endometrial cancer that genes
negatively associated with survival were significantly
enriched in immune-related pathways, while positively
associated genes were predominantly cell cycle-related
[11]. Consistent with that study were previous publications
showing that high expression of immune gene signatures
was associated with favorable prognosis in breast [12]
and colorectal cancer [13]. Taking together, it appears that
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the pre-existing immune-active tumor microenvironment
might favor clinical response to immunotherapy in some
cancer types.

However, the clinical benefit of immune response
is largely unknown in many other cancer types, and
the relationship between immune response and patient
outcome has not been systematically investigated in a wide
array of human cancers. In addition, it remains a challenge
to characterize the immune response of a tumor in a way
that is scalable and comparable among different cancer
types. Using an unbiased approach, we recently analyzed
data for 10,062 tumor samples in The Cancer Genome
Atlas (TCGA) PanCanAtlas data set to identify a global
immune gene expression signature and demonstrated with
multifaceted evidence that this signature of 382 immune
genes is robust and broadly applicable for human cancers
[14]. In contrast to other PanCanAtlas pathway members
such as TGF-B [15] and DNA damage repair pathways
[16] that were selected by the domain experts, the global
immune gene signature [14] was identified through an
unsupervised clustering analysis on an encompassing
immune-related gene list. It was a data-driven result
from a large pool of functionally defined immune genes
and therefore was unbiased and comprehensive. In the
current study, we have extended this work by using the
same cohort of patients and the identified immune gene
signature to devise an mRNA-based metric for pre-existing
immune conditions, and we applied this metric to infer the
clinical benefits of immune response in human cancers.
We correlated this metric with patient outcomes, including
overall survival (OS) and progression-free interval (PFI),
in order to determine whether immune response varies
across tumor types, whether immune response has the
same direction of impact on clinical outcome for different
cancer types, and whether immune response has the
same impact on OS and PFI for individual cancer types.
Further, the spatial characteristics of the immune genes
in the signature including both cellular and chromosomal
locations is also examined.

RESULTS

Spatial characteristics of the global immune gene
signature

To better understand the spatial characteristics of our
previously identified global immune gene signature [14],
we annotated the member genes’ cellular locations using
the Ingenuity Knowledge Base. We found that the majority
of the members of this gene set (~52%; 197 genes) were
located on the plasma membrane, and only 7% (27 genes)
were in the nucleus (Figure 1A). This cellular distribution
makes sense because (i) the immune gene signature is
indicative of the relationship between tumor cells and
infiltrating immune cells, and (ii) the bipolar plasma
membrane serves as an intimate interface between the cell

and the surrounding tumor microenvironment. In addition,
the genes on the plasma membrane are potent targets for
therapeutic intervention, compared to those in the other
cellular locations. Indeed, assessment of availability
of targeting drugs showed that 59 of the 197 plasma
membrane genes, but only 1 of the 27 nuclear members,
were potential therapeutic targets.

Next, we examined the genomic coordinates
of the immune gene signature in the human genome.
Using a similar approach as described previously [17],
we constructed the genome “landscape” of the immune
gene signature in which the genes were plotted in two
dimensions and the density at each region was indicated
by the height of the peak (Figure 1B). We found that the
signature’s genes were unevenly distributed across the
genome, with heterogeneous peak heights. The p21 region
on chromosome 6 (6p27) had the highest signature gene
density, followed by the two consecutive cytoband regions
on chromosome 1 (/g23-24).

An immune metric derived from the immune
gene signature

We previously defined a global immune gene
signature that is capable of qualitatively characterizing
tumor immunogenicity in a wide array of human cancers
[14]. To quantitatively determine the immune response of
the tumors in the TCGA dataset, in this study we generated
an immune metric by taking the median expression of the
382 genes that were included in our previously identified
immune gene signature [14]. A similar approach has
successfully been used in prior studies from our group
[15, 18] and others [19, 20]. The immune metric serves
as a surrogate for tumor immune response, characterizing
the pre-existing immune conditions of a heterogeneous
tumor. For each tumor, the expression pattern of the 382
member genes included in the immune gene signature was
shown and summarized into an immune metric (Figure
2A). On average, immune metrics differed by tumor
lineage, with uveal melanoma (UVM) and adrenocortical
carcinoma (ACC) tumors showing the lowest levels of
immune response and diffuse large B-cell lymphoma
(DLBC) showing the highest levels, followed by thymoma
(THYM) and testicular germ cell tumor (TGCT).
Consistent with our result, adrenocortical carcinoma
was previously shown to have a low immune score due
to the suppression of T cell activity by glucocorticoids
[21]. Lung adenocarcinoma (LUAD) and skin cutaneous
melanoma (SKCM) exhibited high immune response
in our study, likely due to high mutational loads [22].
However, bladder urothelial carcinoma (BLCA), which
was previously reported to have a relatively high
mutational load [23], was shown in this study to have
low immune response. Different from bladder urothelial
carcinoma, thymoma has a relatively low mutational load
[23] but was shown in this study to have high immune
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response, likely because thymoma is associated with response and likely responded to immune-checkpoint

autoimmune disorders [24]. Mesothelioma was previously blockade therapy [26, 27]. This observation is consistent
reported to have a low tumor mutation burden [25], and with our recent work in which two groups of endometrial
our study showed that MESO had relatively high immune cancer patients had similar mutation burden but exhibited
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Figure 1: Spatial characteristics of the global immune gene signature. (A) Distribution of the immune signature genes among
different cellular locations. The numbers indicate the percentage of the member genes in each category. (B) Distribution of the immune
signature genes across genomic locations. The signature genes’ densities are plotted in two-dimensional space representing chromosomal
positions of the human genome assembly GRCh38. One dimension consists of the 23 chromosomes from Chr 1 to Chr X; the other, the
locations on a chromosome from short (p) arm to long (¢) arm. The gene density is indicated by the peak height and color bar. The two
genomic locations with the highest gene density are also shown.
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different immune profiles [11]. Taking these data Immune response is largely dependent on a wide variety

together, we believe that the immune metric is a reliable of regulatory factors, such as mutations, transcription
quantification of immune response in human cancers, factors, and microRNAs. MiRNA-34a was previously
which does not appear to be fully explained by mutational reported to regulate PD-L1 gene expression and modulate
loads. In addition, a wide range of immune responses the immune response in acute myeloid leukemia [28].
were evident within each tumor type (Figure 2B). CTNNBI gene mutation has been shown to be associated
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Figure 2: Immune response in human cancers. (A) Heat map of 382 member genes included in the immune gene signature across
10,062 PanCanAtlas tumors. Red, higher expression (values normalized to SDs from the median across all cancers); blue, lower expression.
mRNA features were summarized into an immune metric for each tumor profile (orange, higher inferred immune response; cyan, lower
immune response). Cancer types (denoted by TCGA project name) are ordered by low to high median immune metric. (B) Boxplots
of immune response, as inferred using the transcript levels of the immune gene signature. From the bottom, the horizontal lines in the
boxplots represent 5%, 25% (lower edge of box), 50% (center of box), 75% (upper edge of box), and 95%. Cells of origin are indicated by
different colors. Tumor types with two possible origins, such as bladder urothelial carcinoma (squamous cell or other), cervical squamous
cell carcinoma and endocervical adenocarcinoma (gynecologic or squamous cell), and esophageal carcinoma (squamous cell or other), are
shown in gray. Abbreviations: ACC: Adrenocortical carcinoma; BLCA: bladder urothelial carcinoma; BRCA: breast invasive carcinoma;
CESC: cervical squamous cell carcinoma and endocervical adenocarcinoma; CHOL: cholangiocarcinoma; COAD: colon adenocarcinoma;
DLBC: lymphoid neoplasm diffuse large B-cell lymphoma; ESCA: esophageal carcinoma; GBM: glioblastoma multiforme; HNSC: head
and neck squamous cell carcinoma; KICH: kidney chromophobe; KIRC: kidney renal clear cell carcinoma; KIRP: kidney renal papillary
cell carcinoma; LGG: brain lower grade glioma; LIHC: liver hepatocellular carcinoma; LUAD: lung adenocarcinoma; LUSC: lung
squamous cell carcinoma; MESO: mesothelioma; OV: ovarian serous cystadenocarcinoma; PAAD: pancreatic adenocarcinoma; PCPG:
pheochromocytoma and paraganglioma; PRAD: prostate adenocarcinoma; READ: rectum adenocarcinoma; SARC: sarcoma; SKCM: skin
cutaneous melanoma; STAD: stomach adenocarcinoma; TGCT: testicular germ cell tumors; THCA: thyroid carcinoma; THYM: thymoma;
UCEC: uterine corpus endometrial carcinoma; UCS: uterine carcinosarcoma; UVM: uveal melanoma.
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with low immune response [29, 30]. On the other hand,
patients with POLE gene mutations had higher immune
activity [31] and were associated with favorable prognosis
compared with patients without POLE mutations [32].
These complicated regulatory networks have contributed,
at least in part, to the wide spectra of immune response
within an individual cancer type or across different cancer
types. This may also explain the difference in the response
rates to immunotherapy among patients even within the
same cancer types.

Association of immune response with patient
overall survival

Next, we sought to examine the relationship
between immune response and patient OS. For each of
the 32 cancer types, we performed Kaplan-Meier survival
analysis of dichotomic groups, high and low immune
metric, as determined by the median value, and then
calculated the hazard ratio (HR) for the high versus low
groups and the corresponding 95% confidence intervals
(ClIs) (Figure 3). As shown in Figure 3, 20 cancer types
had an HR value of less than 1, meaning that these cancer
types had an association of higher immune response
metric with longer OS. The other 12 cancer types had
an HR value of greater than 1, meaning that these cancer
types had an association of higher immune response with
shorter OS. A wide range of CIs were observed among
cancer types. The 95% CI ranges in 11 cancer types did
not include the value of 1, meaning these cancer types had
a significant association of immune response with OS.

In particular, higher immune responses were
significantly correlated with longer OS in seven cancer
types: breast invasive carcinoma (BRCA, P = 0.0472),
cervical squamous cell carcinoma and endocervical
adenocarcinoma (CESC, P = 0.0197), head and neck
squamous cell carcinoma (HNSC, P = 0.0388), lung
adenocarcinoma (LUAD, P =0.0096), sarcoma (SARC, P
=0.0075), skin cutaneous melanoma (SKCM, P = 3.98 x
107%), and uterine corpus endometrial carcinoma (UCEC,
P = 0.0071) (Figure 4). In contrast, higher immune
responses were significantly correlated with shorter OS
in four cancer types: kidney renal clear cell carcinoma
(KIRC, P=0.0234), low-grade glioma (LGG, P = 0.0023),
thymoma (P = 0.0108), and uveal melanoma (P = 6.24
x 107%) (Figure 4). Aside from the cancer types mentioned
above, the rest of the cancer types did not show significant
correlation between immune response and patient OS.

Association of immune response with patient
progression-free interval

In addition to OS, PFI provides an additional
perspective of tumor progression and metastasis. We next
interrogated the association of immune response with PFI
in a similar manner as we performed the Kaplan-Meier

method on OS. A total of 23 cancer types had an HR
value of less than 1, meaning that in these cancer types, a
higher immune response was associated with longer PFI.
The other 9 cancer types had an HR value of greater than
1, meaning that in these cancer types a higher immune
response was associated with shorter PFI (Figure 5).

Also shown in Figure 5 is that 11 cancer types
had a significant association of immune response
with PFI, as evidenced by their corresponding 95%
Cls. In particular, 7 cancer types—adrenocortical
carcinoma (ACC, P = 0.0059), cervical squamous cell
carcinoma and endocervical adenocarcinoma (CESC,
P =0.0022), cholangiocarcinoma (CHOL, P = 0.0009),
liver hepatocellular carcinoma (LIHC, P = 0.0102),
mesothelioma (MESO, P = 0.0432), skin cutaneous
melanoma (SKCM, P = 0.0198), and uterine corpus
endometrial carcinoma (UCEC, P = 0.018)—demonstrated
a significant correlation of higher immune response with
longer PFI. The other 4 cancer types—glioblastoma
multiforme (GBM, P =0.0091), brain lower grade glioma
(LGG, P = 0.0004), prostate adenocarcinoma (PRAD,
P =0.0244), and uveal melanoma (UVM, P = 0.0287)—
demonstrated a significant correlation of higher immune
response with shorter PFI (Figure 6). The rest of the
cancer types did not show significant correlation between
the immune response and PFI.

DISCUSSION

In this study, we assessed more deeply our recently
identified immune gene signature that is applicable for
all human cancers [14]. We identified the cellular and
chromosomal locations of the 382 genes in the gene
signature. We also devised an mRNA-based metric
assessing pre-existing immune conditions in the tumor
microenvironment and found that the metric varies with
a wide range in human cancers. Our results provide a
comprehensive view of the relationship between immune
response and clinical outcome in human cancers.

Correlation with clinical outcome showed that
in 7 cancer types (BRCA, CESC, HNSC, LUAD,
SARC, SKCM, and UCEC), higher immune response
was associated with significantly longer OS, and the
opposite was the case for KIRC, LGG, THYM, and
UVM. Consistent with these results, our recent work
in endometrial cancer demonstrated that genes whose
higher expression was associated with better survival
were significantly enriched in immune-related pathways
[11], and pre-existing immune condition was previously
reported to favor the clinical outcome in skin cutaneous
melanoma [5, 7]. Cervical cancer cases with lower
immune response exhibited worse prognosis in our
study, likely due to higher potentiality of epithelial-
mesenchymal transition [33]. As compared with uveal
melanoma tumors with D3 (disomy 3), those with M3
(monosomy 3) exhibited significantly worse prognosis
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but had significantly higher CD8 T cell infiltrates and
significantly higher expression of genes involved in
immune-related functions [34], which is consistent with
our results. Moreover, a previous report consistently
showed that kidney renal clear cell carcinoma with higher
immune response was associated with worse survival [35].
Different from our study, a previous publication showed

that a subset of thymoma patients with activated T-cell
signaling exhibited a favorable prognosis [36].

In addition, ACC, CESC, CHOL, LIHC, MESO,
SKCM, and UCEC demonstrated a significant correlation
of higher immune response with longer PFI, opposite to
the correlative patterns observed for GBM, LGG, PRAD,
and UVM. The association of the immune response with
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Figure 3: Immune response correlation with patient overall survival in human cancers. For each of the 32 cancer types, we
correlated the tumor immune response with patient OS by using the Kaplan-Meier method with the Mantel-Cox log-rank test. The hazard
ratio (HR, indicated by the solid square in the plot) and the corresponding 95% confidence interval (CI, indicated by the two vertical bars
at the ends of the line) are shown. An HR value of less than 1 indicates that higher immune response is correlated with longer survival,
and vice versa. The statistical significance depends upon whether the 95% CI range contains the value of 1. Tumor types are sorted in
alphabetical order, and » indicates the number of analyzed samples.
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Figure 4: Tumor types with significant correlation of tumor immune response with OS. Kaplan-Meier survival curves for
(A) Breast Invasive Carcinoma (BRCA), (B) Cervical Squamous Cell Carcinoma and Endocervical Adenocarcinoma (CESC), (C) Head
and Neck Squamous Cell Carcinoma (HNSC), (D) Lung Adenocarcinoma (LUAD), (E) Sarcoma (SARC), (F) Skin Cutaneous Melanoma
(SKCM), (G) Uterine Corpus Endometrial Carcinoma (UCEC), (H) Kidney Renal Clear Cell Carcinoma (KIRC), (I) Brain Lower Grade
Glioma (LGG), (J) Thymoma (THYM), (K) Uveal Melanoma (UVM). In panels (A—-G), higher immune response was significantly
correlated with longer OS, and in panels (H-K), higher immune response was significantly associated with shorter OS.
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PFI of glioma patients (including brain lower grade
glioma and glioblastoma multiforme) is consistent with
a previous report [37], demonstrating that activated
microglia/macrophages in the tumor microenvironment
promote glioma cell growth and invasion [38, 39]. Our
results showed that liver hepatocellular carcinoma with
higher immune response was not associated with OS,
which is consistent with a previous publication [40].
However, these patients had significantly longer PFI and
thus would likely respond to immune checkpoint inhibitor
therapies. The immune response also had a significant and
positive association with PFI in adrenocortical carcinoma.

Consistent with these results, a previous report showed
that adrenocortical carcinoma patients with enrichment
of upregulated immune genes had significantly longer
survival [21]. Although the difference was not significant,
adrenocortical carcinoma also had well-separated
OS curves in our study (data not shown). Similarly,
cholangiocarcinoma exhibited significant association of
immune response with PFI but not with OS although the
OS curves were well separated.

We found that spatially, the 382 genes of the global
immune gene signature [14] are clustered together with
a high density in the regions of 6p21 and 1q23-24.
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Figure 5: Immune response correlation with patient progression-free interval in human cancers. For each of the 32 cancer
types, we correlated the tumor immune response with patient PFI by using the Kaplan-Meier method with the Mantel-Cox log-rank test.
HRs (indicated by the solid squares in the plot) and the corresponding 95% Cls (indicated by the two vertical bars at the ends of the line)
are shown. Tumor types (denoted by TCGA project name) are sorted in alphabetical order, and N indicates the number of analyzed samples.
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correlated with longer PFI, and in panels (H-K), higher immune response was significantly associated with shorter PFI.
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The short arm of chromosome 6 contains the human
leukocyte antigen (HLA) complex that encodes the
major histocompatibility complex (MHC) proteins and
is responsible for the regulation of the immune system
in humans. MHC class I molecules, including HLA-A,
-B, and -C, present peptides from inside the cell to T
lymphocytes, while MHC class Il molecules (HLA-DP,
-DM, -DO, -DQ, and -DR) present antigens from outside
the cell. The long arm of chromosome 1 contains several
Fc receptor-like glycoproteins. In particular, the protein
encoded by the FCRL2 gene has four extracellular C2-type
immunoglobulin domains, a transmembrane domain, and
a cytoplasmic domain that contains one immunoreceptor-
tyrosine activation motif and two immunoreceptor-
tyrosine inhibitory motifs. FCRL2 expression was
previously reported as a prognostic factor in chronic
lymphocytic leukemia [41, 42].

Our results show that in the majority of human
cancers, higher immune response 1is significantly
associated with better clinical outcome (OS, PFI, or both),
which is in agreement with previous reports [5, 7] that
pre-existing immunity is probably necessary for most
treatment response. More prominently, we demonstrated
as well that in some cancer types higher immune response
is significantly associated with worse outcome. This
unexpected result indicates the diversity of mechanisms
controlling antitumor immunity in different cancer
types and suggests new strategies to promote the cancer
immunity cycle. However, these survival results were
obtained via retrospective analyses, and some cancer types
had small patient sample sizes. Therefore, prospective
confirmation or functional validation is needed to further
corroborate these associations. Moreover, impacts of
specific immune cell types on cancer prognosis warrant
future investigation.

In summary, we have quantitatively characterized
the pre-existing immune conditions in a wide spectrum of
human cancers based on our recently identified immune
gene expression signature and systematically examined
the relationship of immune response and clinical outcome.
Immune responses vary from cancer to cancer and have
different associations with patient outcome in different
human cancers.

MATERIALS AND METHODS

Patient samples

We previously described the global immune gene
signature that we identified using TCGA PanCanAtlas
patient gene expression data [14]. Patient survival data,
including the OS time, PFI, and corresponding event
status, were obtained from the TCGA PanCanAtlas
Research Network [43]. A total of 10,062 PanCanAtlas
tumor samples had both gene expression and survival data,
covering 32 different cancer types. Data for patients with

acute myeloid leukemia were excluded from this study
because of a lack of clinical information.

Spatial characteristics of the global immune gene
signature

We annotated the immune gene signature,
including the genes’ cellular locations, by using the
Ingenuity Knowledge Base (Qiagen; https:/www.
giagenbioinformatics.com). Information on available
drugs targeting the genes in the signature was also
retrieved from this annotation tool. We used Genome
Reference Consortium human genome assembly GRCh38
to map the genomic coordinates of the immune gene
signature to the human genome and then visualize the
gene distribution in two-dimensional space, representing
chromosomal positions. One dimension consisted of
the 23 chromosomes from Chr 1 to Chr X, and the
other dimension indicated the genomic coordinates on a
chromosome from short (p) arm to long (g) arm.

Gene expression analysis

To visualize the expression of the immune gene
signature across human cancers, we next analyzed the
mRNA expression profiles of the 382 immune genes in
the signature using methods similar to those previously
reported [14]. The gene expression data were first median
centered across all the 10,062 PanCanAtlas tumors and
then log transformed. Next, we used the next-generation
clustered heat map (NG-CHM) tool developed at The
University of Texas MD Anderson Cancer Center [44]
to visualize the expression profiling of the immune gene
signature among different cancer types. The patient
samples in the heat map were ordered as follows. We first
sorted the 32 cancer types in ascending order from left
to right on the basis of their median immune response.
Within each of the individual cancer types, patients were
further sorted in ascending order based on their immune
response.

Immune metric generation

By using the global immune gene signature, we
devised an mRNA-based immune metric to quantify the
immune response of each tumor sample. In brief, we first
calculated the z score of each gene of the 382 immune
signature genes across all the PanCanAtlas samples.
Then we took the median of all calculated z scores within
this immune gene signature as the immune metric for a
quantitative surrogate of anti-tumor immune response.
By this approach, we calculated the immune response
metric for all 10,062 PanCanAtlas tumor samples. These
metrics can be used to quantify the pre-existing immune
conditions of the tumor microenvironment. A similar
approach has been successfully applied in our previous
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studies to characterize activities of the TGF-beta pathway
[15] and tricarboxylic acid cycle metabolic pathway [18].
A much simpler approach involving only two genes was
previously used to quantify immune cytolytic activity
[207; these two genes are included in the global immune
gene signature.

Survival analysis

Two clinical survival outcome endpoints were
chosen for analysis of association with immune response,
OS and PFI [43]. OS was defined as the interval from the
date of initial diagnosis to the date of last known contact
(censored) or death. PFI was defined as the period from
the date of diagnosis until the date of the first occurrence
of a new tumor event, which included progression of
the disease, locoregional recurrence, distant metastasis,
new primary tumor, or death with tumor. Patients who
were alive without these event types or who died without
tumor were censored. The event time was the shortest
period from the date of initial diagnosis to the date of
an event. The censored time was from the date of initial
diagnosis to the date of last contact or the date of death
without disease. Of note, the survival times (OS and PFI)
varied with a wide range because multiple cancer types
were included.

The Kaplan-Meier method was used to examine
the association of tumor immune response with patient
survival outcomes. For each cancer type, we first filtered
out patients either with no survival data available (no
survival time or event status) or with survival time equal
to zero. The remaining patients were then dichotomized
into two groups based on the median immune metric.
Patients with an immune metric value greater than
or equal to the cutoff were categorized into the high-
immune-metric group, while those with an immune metric
value less than the cutoff were categorized into the low-
immune-metric group.

Statistical analysis

The Kaplan-Meier method was used to evaluate
survival difference between the dichotomic groups
stratified by the immune response in each of the 32 cancer
types. Statistical significance in survival difference was
assessed via the Mantel-Cox log-rank test. All statistical
tests were two-sided, and a P value of less than 0.05 was
considered significant. The calculations and graphs were
made with GraphPad Prism, version 7.03 (GraphPad
Software, Inc., La Jolla, CA, USA).

ACKNOWLEDGMENTS

We thank Sunita Patterson in the Office of Scientific
Publications, Research Medical Library, at MD Anderson
Cancer Center for editing this manuscript.

CONFLICTS OF INTEREST

The author declares no potential conflicts of interest.

GRANT SUPPORT

This study was partially supported by the National
Institutes of Health/National Cancer Institute through
a Developmental Research Award (to YL) from the
MD Anderson Uterine SPORE (2P50 CA098258-08).
Support was also provided by The University of Texas
MD Anderson Cancer Center Institutional Research Grant
(IRG) Program (to YL).

REFERENCES

1. Hinrichs CS, Rosenberg SA. Exploiting the curative
potential of adoptive T-cell thearpy for cancer. Immunol
Rev. 2014; 257:56-71. https://doi.org/10.1111/imr.12132.
[PubMed]

2. Shama P, Wagner K, Wolchok JD, Allison JP. Novel
cancer immunotherapy agents with survival benefit: recent
successes and next steps. Nat Rev Cancer. 2011; 11:805-12.
https://doi.org/10.1038/nrc3153. [PubMed]

3. Allen EMV, Miao D, Schilling B, Shukla SA, Blank C,
Zimmer L, Sucker A, Hillen U, Foppen MHG, Goldinger
SM, Utikal J, Hassel JC, Weide B. Genomic correlates of
response to CTLA-4 blockade in metastatic melanoma.
Science. 2015; 350:207—11. https://doi.org/10.1126/science.
aad0095. [PubMed]

4. Socinski MA, Jotte RM, Cappuzo F, Orlandi F,
Stroyakovskiy D, Nogami N, Rodriguez-Abreu D.

Atezolizumab for first-line treatment of metastatic
nonsquamous NSCLC. N Engl ] Med. 2018; 378:2288-301.
https://doi.org/10.1056/NEJMoal716948. [PubMed]

5. Herbst RS, Soria JC, Kowanetz M. Predictive correlates of
response to the anti-PD-L1 antibody MPDL3280A in cancer
patients. Nature. 2014; 515:563—7. https://doi.org/10.1038/
nature14011. [PubMed]

6. JiR, Chasalow SD, Wang L, Hamid O, Schmidt H, Cogswell
J, Alaparthy S, Berman D, Shahabi V. An immune-active

tumor microenvironment favors clinical response to
ipilimumab. Cancer Immunol Immunother. 2012; 61:1019—
31. https://doi.org/10.1007/s00262-011-1172-6. [PubMed]

7. Tumeh PC, Harview CL, Yearley JH, Shintaku IP, Taylor
EJM, Rober L, Chmiclowski B, Spasic M, Ribas A.
PD-1 blockade induces responses by inhibiting adaptive

immune resistance. Nature. 2014; 515:568—71. https://doi.
org/10.1038/nature13954. [PubMed]

8. Harlin H, Meng Y, Peterson AC, Zha Y, Tretiakova
M, Gajewski TF. Chemokine expression in melanoma
metastases associated with cd8+ t-cell recruitment. Cancer
Res. 2009; 69:3077-85. https://doi.org/10.1158/0008-5472.
CAN-08-2281. [PubMed]

www.oncotarget.com

6895

Oncotarget


https://doi.org/10.1111/imr.12132
https://www.ncbi.nlm.nih.gov/pubmed/24329789
https://doi.org/10.1038/nrc3153
https://www.ncbi.nlm.nih.gov/pubmed/22020206
https://doi.org/10.1126/science.aad0095
https://doi.org/10.1126/science.aad0095
https://www.ncbi.nlm.nih.gov/pubmed/26359337
https://doi.org/10.1056/NEJMoa1716948
https://www.ncbi.nlm.nih.gov/pubmed/29863955
https://doi.org/10.1038/nature14011
https://doi.org/10.1038/nature14011
https://www.ncbi.nlm.nih.gov/pubmed/25428504
https://doi.org/10.1007/s00262-011-1172-6
https://www.ncbi.nlm.nih.gov/pubmed/22146893
https://doi.org/10.1038/nature13954
https://doi.org/10.1038/nature13954
https://www.ncbi.nlm.nih.gov/pubmed/25428505
https://doi.org/10.1158/0008-5472.CAN-08-2281
https://doi.org/10.1158/0008-5472.CAN-08-2281
https://www.ncbi.nlm.nih.gov/pubmed/19293190

10.

11.

13.

14.

15.

16.

17.

18.

19.

Kunz M, Toksoy A, Goebeler M, Engelhardt E, Brocker E,
Gillitzer R. Strong expression of the lymphoattractant c-x-c
chemokine mig is associated with heavy infiltration of t cells in
human malignant melanoma. J Pathol. 1999; 184:552-8. https:/
doi.org/10.1002/(SICT)1096-9896(199912)189:4<552::AID-
PATH469>3.0.CO:2-1. [PubMed]

Tosolini M, Kirilovsky A, Mlecnik B, Fredriksen T, Mauger
S, Bindea G, Berger A, Galon J. Clinical impact of different
classes of infiltrating t cytotoxic and helper cells (th1, th2, treg,

th17) in patients with colorectal cancer. Cancer Res. 2011;
71:1263-71. https://doi.org/10.1158/0008-5472.CAN-10-2907.
[PubMed]

Liu Y. Immune response characterization of endometrial
cancer. Oncotarget. 2019; 10:982-92. https://doi.
org/10.18632/oncotarget.26630. [PubMed]

Ascierto ML, Kmieciak M, Idowu MO, Manjili R, Zhao Y,
Grimes M, Dumur C, Wang E, Manjili MH. A signature of
immune function genes associated with recurrence-free survival

in beast cancer patients. Breast Cancer Res Treat. 2012; 131:871—
80. https://doi.org/10.1007/510549-011-1470-x. [PubMed]

Galon J, Costes A, Sanchez-Cabo F, Kirilovsky A, Mlecnik
B, Lagorce-Pages C, Tosolini M. Type, density, and location
of immune cells within human colorectal tumors predict

clinical outcome. Science. 2006; 313:1960—4. https://doi.
org/10.1126/science.1129139. [PubMed]

Liu Y. A global immune gene expression signature for

human cancers. Oncotarget. 2019; 10:1993-2005. https://
doi.org/10.18632/oncotarget.26773. [PubMed]

Korkut A, Zaidi S, Kanchi RS, Rao S, Gough NR, Schultz
A, Li X, Lorenzi PL, Berger AC, Robertson G, Kwong LN,
Datto M, Roszik J, et al, and The Cancer Genome Atlas
Research Network. A Pan-cancer analysis reveals high-

frequency genetic alterations in mediators of signaling by
the TGF-f superfamily. Cell Syst. 2018; 7:422-37. https://
doi.org/10.1016/j.cels.2018.08.010. [PubMed]

Knijnenburg TA, Wang L, Zimmermann MT, Chambwe N,
Gao GF, Cherniack AD, Fan H, Shen H, Way GP, Greene CS,
LiuY, Akbani R, Feng B, et al, and The Cancer Genome Atlas
Research Network. Genomic and Molecular Landscape of

DNA Damage Repair Deficiency across The Cancer Genome
Atlas. Cell Rep. 2018; 23:239-54. https://doi.org/10.1016/].
celrep.2018.03.076. [PubMed]

Wood LD, Parsons DW, Jones S, Lin J, Sjoblom T, Leary
RJ, Shen D, Boca SM, Barber T, Ptak J, Vogelstein B. The
genomic landscapes of human breast and colorectal cancers.
Science. 2007; 318:1108-13. https://doi.org/10.1126/
science.1145720. [PubMed]

Liu Y. Dysregulated TCA Cycle Pathway in Endometrial
Cancer. Advances in Modern Oncology Research. 2019; 6:5-14.
Kardos J, Chai S, Mose LE, Selitsky SR, Krishnan B, Saito
R, Iglesia MD, Milowsky MI, Parker JS, Kim WY, Vincent
BG. Claudin-low bladder tumors are immune infiltrated and
actively immune suppressed. JCI Insight. 2016; 1:¢85902.
https://doi.org/10.1172/jci.insight.85902. [PubMed]

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

Rooney MS, Shukla SA, Wu CJ, Getz G, Hacohen N.
Molecular and genetic properties of tumors associated with
local immune cytolytic activity. Cell. 2015; 160:48-61.
https://doi.org/10.1016/j.cell.2014.12.033. [PubMed]
Zheng S, Cherniack AD, Dewal N, Moffitt RA, Danilova L,
Murray BA, Lerario AM, Else T, Knijnenburg TA, Ciriello
G, Kim S, Assie G, Morozova O, Akbani R, et al, and The
Cancer Genome Atlas Research Network. Comprehensive
Pan-Genomic Characterization of Adrenocortical Carcinoma.
Cancer Cell. 2016; 29:723-36. https://doi.org/10.1016/].
ccell.2016.04.002. [PubMed]

Snyder A, Makarov V, Merghoub T, Yuan J, Zaretsky
JM, Desrichard A, Walsh LA, Postow MA, Wong P,
Ho TS, Hollmann TJ, Bruggerman C, Kannan K, et al.
Genetic basis for clinical response to CTLA-4 blockade in
melanoma. N Engl J Med. 2014; 371:2189-99. https://doi.
org/10.1056/NEJMo0a1406498. [PubMed]

Alexandrov LB, Nik-Zainal S, Wedge DC, Aparicio SA,
Behjati S, Biankin AV, Bignell GR, Bolli N, Borg A.
Signatures of mutational processes in human cancer. Nature.
2013; 500:415-21. https://doi.org/10.1038/nature12477.
[PubMed]

Radovich M, Pickering CR, Felau I, Ha G, Zhang H, Jo
H, Hoadley KA, Anur P, Zhang J, McLellan M, Bowlby
R, Matthew T, Danilova L, et al, and The Cancer Genome
Atlas Research Network. The integrated genomic landscape
of thymic epithelial tumors. Cancer Cell. 2018; 33:244-58.
https://doi.org/10.1016/j.ccell.2018.01.003. [PubMed]
Hmeljak J, Sanchez-Vega F, Hoadley KA, Shih J, Stewart
C, Heiman D, Tarpey P, Danilova L, Drill E, Gibb EA,
Bowlby R, Kanchi R, Osmanbeyoglu HU, et al, and TCGA
Research Network. Integrative Molecular Characterization
of Malignant Pleural Mesothelioma. Cancer Discov. 2018;
8:1548-65. https://doi.org/10.1158/2159-8290.CD-18-0804.
[PubMed]

Alley EW, Lopez J, Santoro A, Morosky A, Saraf S, Piperdi
B. Clinical safety and activity of pembrolizumab in patients
with malignant pleural mesothelioma (KEYNOTE-028):
preliminary results from a non-randomised, open-label,
phase 1b trial. Lancet Oncol. 2017; 18:623-30. https://doi.
0rg/10.1016/S1470-2045(17)30169-9. [PubMed]
Scherpereel A, Mazieres J, Greillier L, Do P, Bylicki Q,
Monnet I. Second- or third-line nivolumab (Nivo) versus
nivo plus ipilimumab (Ipi) in malignant pleural mesothelioma
(MPM) patients: Results of the IFCT-1501 MAPS2
randomized phase II trial. J Clin Oncol. 2017; 35:LBA8507.
https://doi.org/10.1200/JC0O.2017.35.18 suppl. LBA8507.
Wang X, Li J, Dong K, Lin F, Long M, Ouyang Y, Wei
J, Zhang H. Tumor suppressor miR-34a targets PD-L1 and
functions as a potential immunotherapeutic target in acute
myeloid leukemia. Cell Signal. 2015; 27:443-52. https:/
doi.org/10.1016/j.cellsig.2014.12.003. [PubMed]

Liu YX, Patel L, Mills GB, Lu KH, Sood AK, Ding L,
Kucherlapati R, Mardis ER, Levine DA, Shmulevich I,
Broaddus RR, Zhang W. Clinical significance of CTNNB1

www.oncotarget.com

6896

Oncotarget


https://doi.org/10.1002/(SICI)1096-9896(199912)189:4<552::AID-PATH469>3.0.CO;2-I
https://doi.org/10.1002/(SICI)1096-9896(199912)189:4<552::AID-PATH469>3.0.CO;2-I
https://doi.org/10.1002/(SICI)1096-9896(199912)189:4<552::AID-PATH469>3.0.CO;2-I
https://www.ncbi.nlm.nih.gov/pubmed/10629557
https://doi.org/10.1158/0008-5472.CAN-10-2907
https://www.ncbi.nlm.nih.gov/pubmed/21303976
https://doi.org/10.18632/oncotarget.26630
https://doi.org/10.18632/oncotarget.26630
https://www.ncbi.nlm.nih.gov/pubmed/30847026
https://doi.org/10.1007/s10549-011-1470-x
https://www.ncbi.nlm.nih.gov/pubmed/21479927
https://doi.org/10.1126/science.1129139
https://doi.org/10.1126/science.1129139
https://www.ncbi.nlm.nih.gov/pubmed/17008531
https://doi.org/10.18632/oncotarget.26773
https://doi.org/10.18632/oncotarget.26773
https://www.ncbi.nlm.nih.gov/pubmed/30956779
https://doi.org/10.1016/j.cels.2018.08.010
https://doi.org/10.1016/j.cels.2018.08.010
https://www.ncbi.nlm.nih.gov/pubmed/30268436
https://doi.org/10.1016/j.celrep.2018.03.076
https://doi.org/10.1016/j.celrep.2018.03.076
https://www.ncbi.nlm.nih.gov/pubmed/29617664
https://doi.org/10.1126/science.1145720
https://doi.org/10.1126/science.1145720
https://www.ncbi.nlm.nih.gov/pubmed/17932254
https://doi.org/10.1172/jci.insight.85902
https://www.ncbi.nlm.nih.gov/pubmed/27699256
https://doi.org/10.1016/j.cell.2014.12.033
https://www.ncbi.nlm.nih.gov/pubmed/25594174
https://doi.org/10.1016/j.ccell.2016.04.002
https://doi.org/10.1016/j.ccell.2016.04.002
https://www.ncbi.nlm.nih.gov/pubmed/27165744
https://doi.org/10.1056/NEJMoa1406498
https://doi.org/10.1056/NEJMoa1406498
https://www.ncbi.nlm.nih.gov/pubmed/25409260
https://doi.org/10.1038/nature12477
https://www.ncbi.nlm.nih.gov/pubmed/23945592
https://doi.org/10.1016/j.ccell.2018.01.003
https://www.ncbi.nlm.nih.gov/pubmed/29438696
https://doi.org/10.1158/2159-8290.CD-18-0804
https://www.ncbi.nlm.nih.gov/pubmed/30322867
https://doi.org/10.1016/S1470-2045(17)30169-9
https://doi.org/10.1016/S1470-2045(17)30169-9
https://www.ncbi.nlm.nih.gov/pubmed/28291584
https://doi.org/10.1200/JCO.2017.35.18_suppl.LBA8507
https://doi.org/10.1016/j.cellsig.2014.12.003
https://doi.org/10.1016/j.cellsig.2014.12.003
https://www.ncbi.nlm.nih.gov/pubmed/25499621

30.

31.

32.

33.

34.

35.

36.

mutation and Wnt pathway activation in endometrioid
endometrial carcinoma. J Natl Cancer Inst. 2014; 106:dju245.
https://doi.org/10.1093/jnci/dju245. [PubMed]

Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou
Yang TH, Porta-Pardo E, Gao GF, Plaisier CL, Eddy JA, Ziv
E, Culhane AC, Paull EO, et al, and The Cancer Genome
Atlas Research Network. The immune landscape of cancer.
Immunity. 2018; 48:812-30. https://doi.org/10.1016/].
immuni.2018.03.023. [PubMed]

Howitt BE, Shukla SA, Sholl LM, Ritterhouse LL, Watkins
JC, Rodig S, Stover E, Strickland KC, D’ Andrea AD, Wu
CJ, Matulonis UA, Konstantinopoulos PA. Association

of polymerase e-mutated and microsatellite-instable
endometrial cancers with neoantigen load, number of
tumor-infiltrating lymphocytes, and expression of PD-1
and PD-L1. JAMA Oncol. 2015; 1:1319-23. https://doi.
org/10.1001/jamaoncol.2015.2151. [PubMed]

Kandoth C, Schultz N, Cherniack AD, Akbani R, Liu Y,
Shen H, Robertson AG, Pashtan I, Shen R, Benz CC, Yau
C, Laird PW, Ding L, et al, and The Cancer Genome Atlas
Research Network. Integrated genomic characterization of

endometrial carcinoma. Nature. 2013; 497:67-73. https://
doi.org/10.1038/nature12113. [PubMed]

The Cancer Genome Atlas Research Network. Integrated
genomic and molecular characterization of cervical
cancer. Nature. 2017; 543:378-84. https://doi.org/10.1038/
nature21386. [PubMed]

Robertson AG, Shih J, Yau C, Gibb EA, Oba J, Mungall
KL, Hess JM, Uzunangelov V, Walter V, Danilova L,
Lichtenberg TM, Kucherlapati M, Kimes PK, et al, and
The Cancer Genome Atlas Research Network. Integrative

analysis identifes four molecular and clinical subsets in
uveal melanoma. Cancer Cell. 2017; 32:204-20. https://doi.
org/10.1016/j.ccell.2017.07.003. [PubMed]

Zhao E, Li L, Zhang W, Wang W, Chan Y, You B, Li
X. Comprehensive characterization of immune- and

inflammation-associated biomarkers based on multi-omics
integration in kidney renal clear cell carcinoma. J Transl
Med. 2019; 17:177-89. https://doi.org/10.1186/s12967-019-
1927-y. [PubMed]

Lee H, Jang H, Shah R, Yoon D, Hamaji M, Wald O, Lee
J, Sugarbaker DJ, Burt BM. Genomic analysis of thymic
epithelial tumors identified novel subtypes associated with
distinct clinical features. Clin Cancer Res. 2017; 23:4855-64.
https://doi.org/10.1158/1078-0432.CCR-17-0066. [PubMed]

37.

38.

39.

40.

41.

42.

43.

44,

Vauleon E, Tony A, Hamlat A, Etcheverry A, Chiforeanu
DC, Menei P, Mosser J, Quillien V, Aubry M. Immune genes
are associated with human glioblastoma pathology and
patient survival. BMC Medical Genomics. 2012; 5:41-53.
https://doi.org/10.1186/1755-8794-5-41. [PubMed]
Gieryng A, Pszczolkowska D, Walentynowicz KA, Rajan
WD, Kaminska B. Immune microenvironment of gliomas.
Lab Invest. 2017; 97:498-518. https://doi.org/10.1038/
labinvest.2017.19. [PubMed]

Gutmann DH. Microglia in the tumor microenvironment:

taking their TOLL on glioma biology. Neuro Oncol.
2015; 17:171-3. https://doi.org/10.1093/neuonc/nou346.
[PubMed]

The Atlas Research Network.
Comprehensive and Integrative Genomic Characterization
of Hepatocellular Carcinoma. Cell. 2017; 169:1327—41.
https://doi.org/10.1016/j.cell.2017.05.046. [PubMed]
Daniele G, L’Abbate A, Turchiano A, Palumbo O, Carella
M, Lo-Cunsolo C, Luzzolino P, Storlazzi CT. 1q23.1
homozygous deletion and downregulation of Fc receptor-

Cancer Genome

like family genes confer poor prognosis in chronic
lymphocytic leukemia. Clin Exp Med. 2019; 19:261-7.
https://doi.org/10.1007/s10238-019-00551-0. [PubMed]
Shea LK, Honjo K, Redden DT, Tabengwa E, Li R, Li FJ,
Shakhmatov M, Chiorazzi N, Davis RS. Fc receptor-like
2 (FCRL2) is a novel marker of low-risk CLL and refines
prognostication based on IGHV mutation status. Blood
Cancer J. 2019; 9:47. https://doi.org/10.1038/s41408-019-
0207-7. [PubMed]

Liu J, Lichtenberg T, Hoadley KA, Poisson LM, Lazar AJ,
Cherniack AD, Kovatich AJ, Benz CC, Levine DA, Lee AV,
Omberg L, Wolf DM, Shriver CD, et al. An Integrated TCGA
Pan-Cancer Clinical Data Resource to Drive High-Quality
Survival Outcome Analytics. Cell. 2018; 173:400-16. https://
doi.org/10.1016/j.cell.2018.02.052. [PubMed]

Campbell JD, Yau C, Bowlby R, Liu Y, Brennan K, Fan
H, Taylor AM, Wang C, Walter V, Akbani R, Byers LA,
Creighton CJ, Coarfa C, et al, and The Cancer Genome
Atlas Research Network. Genomic, Pathway Network,
and Immunologic Features Distinguishing Squamous
Carcinomas. Cell Rep. 2018; 23:194-212. https://doi.
org/10.1016/j.celrep.2018.03.063. [PubMed]

www.oncotarget.com

6897

Oncotarget


https://doi.org/10.1093/jnci/dju245
https://www.ncbi.nlm.nih.gov/pubmed/25214561
https://doi.org/10.1016/j.immuni.2018.03.023
https://doi.org/10.1016/j.immuni.2018.03.023
https://www.ncbi.nlm.nih.gov/pubmed/29628290
https://doi.org/10.1001/jamaoncol.2015.2151
https://doi.org/10.1001/jamaoncol.2015.2151
https://www.ncbi.nlm.nih.gov/pubmed/26181000
https://doi.org/10.1038/nature12113
https://doi.org/10.1038/nature12113
https://www.ncbi.nlm.nih.gov/pubmed/23636398
https://doi.org/10.1038/nature21386
https://doi.org/10.1038/nature21386
https://www.ncbi.nlm.nih.gov/pubmed/28112728
https://doi.org/10.1016/j.ccell.2017.07.003
https://doi.org/10.1016/j.ccell.2017.07.003
https://www.ncbi.nlm.nih.gov/pubmed/28810145
https://doi.org/10.1186/s12967-019-1927-y
https://doi.org/10.1186/s12967-019-1927-y
https://www.ncbi.nlm.nih.gov/pubmed/31133033
https://doi.org/10.1158/1078-0432.CCR-17-0066
https://www.ncbi.nlm.nih.gov/pubmed/28400429
https://doi.org/10.1186/1755-8794-5-41
https://www.ncbi.nlm.nih.gov/pubmed/22980038
https://doi.org/10.1038/labinvest.2017.19
https://doi.org/10.1038/labinvest.2017.19
https://www.ncbi.nlm.nih.gov/pubmed/28287634
https://doi.org/10.1093/neuonc/nou346
https://www.ncbi.nlm.nih.gov/pubmed/25523594
https://doi.org/10.1016/j.cell.2017.05.046
https://www.ncbi.nlm.nih.gov/pubmed/28622513
https://doi.org/10.1007/s10238-019-00551-0
https://www.ncbi.nlm.nih.gov/pubmed/30877410
https://doi.org/10.1038/s41408-019-0207-7
https://doi.org/10.1038/s41408-019-0207-7
https://www.ncbi.nlm.nih.gov/pubmed/31092813
https://doi.org/10.1016/j.cell.2018.02.052
https://doi.org/10.1016/j.cell.2018.02.052
https://www.ncbi.nlm.nih.gov/pubmed/29625055
https://doi.org/10.1016/j.celrep.2018.03.063
https://doi.org/10.1016/j.celrep.2018.03.063
https://www.ncbi.nlm.nih.gov/pubmed/29617660

