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SUMMARY

Immune transcripts are essential for depicting onco-immunologic interactions.
However, whether cancer cells mimic immune transcripts to reprogram onco-
immunologic interaction remains unclear. Here, single-cell transcriptomic ana-
lyses of 7,737 normal and 37,476 cancer cells reveal increased immune transcripts
in cancer cells. Cells gradually acquire immune transcripts in malignant transfor-
mation. Notably, cancer cell-derived immune transcripts contribute to distinct
prognoses of immune gene signatures. Optimized immune response signature
(oIRS), obtained by excluding cancer-related immune genes from immune gene
signatures, and offers a more reliable prognostic value. oIRS reveals that antigen
presentation, NK cell killing and T cell signaling are associated with favorable
prognosis. Patients with higher oIRS expression are associated with favorable re-
sponses to immunotherapy. Indeed, CD83+ cell infiltration, which indicates anti-
gen presentation activity, predicts favorable prognosis in breast cancer. These
findings unveil that immune mimicry is a distinct cancer hallmark, providing an
example of cancer cell plasticity and a refined view of tumor microenvironment.
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INTRODUCTION

Emerging evidence suggests that cancer cells acquire differentiation programs of distinct cell types,

including vascular (Maniotis et al., 1999), neuron (Zeng et al., 2019) and immune (Gangoso et al., 2021)

cell programs to facilitate tumor progression. However, this cancer cell-intrinsic differentiation plasticity

is indistinguishable from tumor-infiltrated microenvironmental cells by conventional transcriptomic

profiling of bulk tumors. The differentiation plasticity thus poses challenges to characterizing tumor

immune microenvironment, which is critical for the development of effective therapeutic approaches,

especially immunotherapy (Salmon et al., 2019). Recently, expansion in single cell RNA sequencing

(scRNA-seq) datasets of both cancer and immune compartments provides a unique opportunity to define

single cell differentiation status and refine the tumor immune landscape (Chung et al., 2017; Filbin et al.,

2018; Francesconi et al., 2019; Gangoso et al., 2021; Kim et al., 2015; Muraro et al., 2016; Ouadah et al.,

2019; Vuong et al., 2018). However, the presence of immune-like programs in cancer cells, which might

rewire the immune microenvironment, remains poorly defined.

The immune cell activity in the tumor microenvironment is currently inferred from the transcriptomic pro-

files of the bulk tumor tissues (Gentles et al., 2015; Gorenshteyn et al., 2015; He et al., 2019; Newman et al.,

2015). For instance, the tumor transcriptomic profiles are used to determine the clinical significance of

tumor infiltrated immune cells in patients (Gentles et al., 2015). Recently, a growing number of

tumor-profiling resources such as the Cancer Genome Atlas (TCGA) project (Weinstein et al., 2013) has

characterized the genomic, transcriptomic, and epigenomic profiles in thousands of human tumors.

However, immune activities, indicated by individual markers or gene signatures, are often associated

with distinct clinical outcomes in different cancer types (Bruni et al., 2020). Themechanism underlying these

inconsistencies is poorly understood, and the involvement of cancer cell plasticity in the immune microen-

vironment remains to be determined.

Immune processes play distinct roles in cancer. For instance, processes that direct tumor cells killing by nat-

ural killer (NK) cells and CD8 T cells are generally tumor-suppressing (Havel et al., 2019; Salmon et al., 2019;

Shimasaki et al., 2020), whereas those suppressing antitumor NK cells and T cells by regulatory T cells or
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Figure 1. Single-cell immune-like reprogramming in cancer cells

(A) Illustration of single-cell transcription-based deconvolution of cellular differentiation genes by the single sample GSEA (ssGSEA).

(B) The dynamics of single-cell ssGSEA scores in cells trans-differentiating from B cells to macrophages (GSE112004). The B cell (left), macrophage (middle)

and T cell (right) normalized scores are present at different time points (hours, h) after induction.

(C) Normalized ssGSEA scores of breast epithelial cells (left panel) and breast cancer cells. Color bars indicate cell types of different origin.

(D–F) Immune cell genes, including B cell (upper panel), T cell (middle panel), and myeloid (lower panel) genes between normal and cancer cells in breast

cancer (D), ovarian cancer (E), and glioma (F). Normalized ssGSEA scores of individual cancer cells compared with normal cells from the same tissues. Cells in

GSE84465 and GSE131928 were split into different subsets according to the predefined groups in the dataset.

(G) Plots showing the normalized expression of immune genes (CD4, CD3D, CD3E, and CD3G) and epithelial marker (EPCAM) in individual cells among

different datasets. The expression values were normalized according to GAPDH levels. Red dots indicate cells expressing both immune and epithelial

marker genes.

(H) Plots showing the ssGSEA scores of acinar, stemness, and monocyte in different stages of pancreatic ductal adenocarcinoma (PDAC) development

dataset (GSE125588).

(I) Expression of acinar (KLK1) and immune cell (CD45, CD14, and CD68) markers in PDAC dataset.

(J) Flow cytometry analysis of immune cell markers in MCF-10A or MCF10A cells expressing doxycycline (Dox) inducible expression of ERBB2, HRASG12V and

MYC. Cells were treated with Dox for 8 days before analysis. Error bars in (B), (C–F), and (G and H) represent median and 95% CI. p values, two-sided Mann

Whitney Wilcoxon test (ns, not significant; **, p < 0.01; ***, p < 0.001; ****, and p < 0.0001). See also Figure S1.
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myeloid derived suppressor cells are tumor-promoting (Havel et al., 2019). In contrast, macrophages, neu-

trophils, and dendritic cells could either promote or suppress tumor development in a context dependent

manner (Szczerba et al., 2019; Wculek et al., 2020). Indeed, in certain cases, immune processes are hijacked

by cancer to drive cancer progression (Szczerba et al., 2019). Therefore, it is essential to clarify the specific

roles of different immune processes in the tumor microenvironment. However, the cellular network in the

immune microenvironment remains poorly characterized.

Here, based on scRNA-seq datasets and oncogenic transformation models, we uncover that an immune-

like transcriptional program is a distinct feature acquired in oncogenic transformation. The immune mim-

icry is consistently observed in a variety of cancer cells, contributing to the inconsistencies of immune gene

signature-based analyses. An optimized immune response signature (oIRS) reduces this transcriptional

noise by improving immune cell specificity, and redefining prognostic association of immune processes.

Moreover, immune networks underlying oIRS point to antigen presentation, NK cell killing, and T cell

signaling as the processes consistently associated with favorable clinical outcomes, indicating favorable

response to immunotherapy in patients.
RESULTS

Immune-like transcriptional reprogramming is a distinct cancer hallmark

To determine how the normal differentiation programs are deregulated in individual cancer cells, we devel-

oped an approach to evaluate the single-cell expression of cellular differentiation genes by single sample

gene set enrichment analysis (ssGSEA) (Barbie et al., 2009) in single-cell RNA-seq datasets. The enrichment

scores of 172 distinct cell marker gene sets, representing the levels of marker gene expression, were used

to evaluate the expression of cellular differentiation genes in individual cells (Figure 1A). The ssGSEA

approach was validated by its ability to demonstrate a progressive change of differentiation programs dur-

ing the trans-differentiation from B cells to macrophages (GSE112004 (Francesconi et al., 2019), Figure 1B).

Notably, single-cell expression of cellular differentiation genes in breast cancer indicated an elevated

immune activity in cancer cells (GSE75688 (Chung et al., 2017) and GSE75367 (Jordan et al., 2016))

compared with normal breast epithelia (GSE113099 (Nguyen et al., 2018), Figure 1C). Consistently, active

immune signatures in single cancer cells were confirmed in colon cancer and glioblastoma (GSE81861 (Li

et al., 2017) and GSE131928 (Neftel et al., 2019), Figures S1A and S1B).

To characterize the immune-like transcriptional features of single cancer cells, we examined the expression

of cellular differentiation genes in malignant and normal cells from a variety of tissues. Interestingly,

immune-like transcripts were elevated in the malignant cells compared with their normal counterparts.

Specifically, the enrichment scores of B cell, T cell and myeloid cell signatures were higher in breast cancer

compared to those in normal epithelial cells (GSE113099, GSE75688, GSE75367 and GSE118389 (Karaayvaz

et al., 2018), Figure 1D). Enrichments of immune cell signatures were confirmed in single cancer cells from

ovarian cancer (GSE121957 (Vuong et al., 2018), GSE123476 (Winterhoff et al., 2017) and GSE85534 (Guil-

laumet-Adkins et al., 2017), Figure 1E) and glioblastoma (GSE82187 (Gokce et al., 2016), GSE102130 (Filbin

et al., 2018), GSE84465 (Darmanis et al., 2017) and GSE131928, Figure 1F). Moreover, B cell, T cell, and
iScience 24, 103133, October 22, 2021 3
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Figure 2. Cancer-derived transcriptional noise contributes to inconsistent immune prognoses

(A) KaplanMeier analysis of patients with low (blue curve) and high (red curve) expression of STAT3_ pY05, LCK and PDL1 in the TCPA datasets. p values were

determined by log rank test.

(B) Hierarchical clustering of leukocyte gene signature matrix (CIBERSORT) genes in the GTEX dataset. Column sidebar represents tissue origin.

(C) Hierarchical clustering of CIBERSORT genes in the CCLE dataset. Red line indicates hematopoietic and lymphoid derived cell lines. Column sidebar

represents the tissue origin of cell lines.

(D) Hazard ratio based on the OS and RFS data in all cancers. Hazard ratio (95% CI) for immune gene (upper panel) or ISF (lower panel) gene signature in the

Kaplan Meier plotter datasets. Cancers with lower hazard ratio (left y axis) were marked with blue boxes. p values (right y axis) were determined by log rank

test.

(E) Kaplan Meier analysis of patients with low (black curve) and high (red curve) expression of immune gene (upper panel) or ISF (lower panel) gene signature

in the Kaplan Meier plotter datasets. p values, log rank test.

(F) The prognostic meta-z sores of immune gene signatures among different cancer types. Meta-z scores were calculated by unweighted prognostic z scores

of individual genes in each signature. Black bars, immune genes; orange bars, optimized immune response signature (oIRS, 32 genes); and red bars,

immune-specific favorable gene set (ISF,19 genes). See also Figure S2

ll
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myeloid signatures were enriched in a number of cancer types, including lung cancer (GSE136580 (Ouadah

et al., 2019) GSE69405 (Kim et al., 2015)), kidney cancer (GSE119531 (Wu et al., 2019) and GSE73121 (Kim

et al., 2016)), pancreatic cancer (GSE85241 (Muraro et al., 2016) andGSE129455 (Elyada et al., 2019)), glioma

(GSE82187 and GSE89567 (Venteicher et al., 2017)), and oligodendroglioma (GSE70630 (Tirosh et al., 2016),

Figure S1C). The ssGSEA scores of immune signatures in cancer cells were higher than in normal cells, but

lower than those in immune cells (with a median ssGSEA score of 0.7–0.8 in Figures 1B and 1F), indicating a

partial gain of immune gene expression in cancer (Figures 1B and 1D–F). Indeed, specific immune cell

markers, including CD3D, CD3E, CD3G, and CD4, were expressed in a proportion of individual cancer cells

(Figure 1G). These findings suggest that immune-like transcriptional reprogramming is a distinct hallmark

of cancer cells.

We next determined whether immune-like transcriptional reprogramming occurs in the process of malig-

nant transformation. To this end, scRNA-seq of a pancreatic ductal adenocarcinoma development model,

including normal pancreatic, early KIC (KrasLSL�G12D/+Ink4afl/flPtf1aCre/+), late KIC, KPFC

(KrasLSL�G12D/+Trp53fl/flPdx1Cre/+), and KPC (KrasLSL�G12D/+Trp53LSL�R172H/+Pdx1Cre/+) cells GSE125588

(Hosein et al., 2019) was reanalyzed. Indeed, monocyte and stemness signatures were progressively

increased, and the acinar signature was decreased in the process of tumorigenesis, indicating the plasticity

and immune mimicry in pancreatic cancer development (Figure 1H). The enrichment scores were further

verified by individual transcripts, including KLK1, CD45 and CD14 in the dataset (Figures 1I and S1D).

Indeed, the t-SNE clustering identified a distinct early KIC cell cluster with bothmoderate acinar andmono-

cyte signature expression, and another cluster with ductal and monocyte signatures, confirming the im-

mune mimicry in transformed epithelial cells (Figure S1E). Consistently, a cluster of luminal epithelial cells

in p53/BRCA1 breast tumor (Wang et al., 2019) showed increased expression of immune transcripts (Fig-

ure S1F). To gain experimental evidence of immune mimicry in malignant transformation, we analyzed

the expression of immune cell markers in MCF-10A cells undergoing oncogene-induced transformation

(Figure S1G). In agreement, individual oncogene induced cells showed increased expression of immune

cell markers, including CD45, CD68, and CD4, thus collaborating the concept of immune mimicry in cancer

(Figure 1J).
oIRS refines tumor immune infiltration analysis

The immune transcripts in cancer cells may be considered as tumor infiltrating immune cells in the conven-

tional tumor mass profile-based immune infiltration analysis, which is currently used to assess the immune

infiltrating status in cancer (Gentles et al., 2015; He et al., 2019). To test the hypothesis, the prognostic

pattern in the Cancer Proteome Atlas (TCPA) database (Li et al., 2013) was analyzed. Interestingly, activated

(STAT3_pY705) STAT3, a core transcription factor in immune cell signaling (Yu et al., 2014), was associated

with favorable prognosis in several cancers, but not bladder carcinoma, pheochromocytoma-paragan-

glioma, and uterine corpus endometrial carcinoma (Figure 2A, upper panel). LCK, a critical player in

T-cell antigen receptor (TCR)-linked signaling, was associated with adverse prognosis in kidney and liver

cancer (Figure 2A, middle panel). The immune checkpoint ligand PD-L1, a core immunosuppressive mole-

cule, displayed variable prognoses in different cancer types (Figure 2A, lower panel). Similar prognostic

patterns were found in pheochromocytoma-paraganglioma and mesothelioma, confirming the cancer

type dependent prognostic pattern of immune genes (Figure 2A). Interestingly, the prognostic pattern

of PD-L1 was similar in breast, ovarian, lung, and gastric patients with different treatment status, suggesting
iScience 24, 103133, October 22, 2021 5
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Figure 3. Favorable prognoses of core anti-tumor immune processes

(A) Hierarchical clustering of immune genes according to PRECOG z-scores in 52 tumor cohorts.

(B) Histogram showing the 16 favorable ISF genes enriched in GeneOntology biological processes. The numbers of enriched genes in the GO term are listed

on the right. p values were EASE scores (modified Fisher Exact p value) provided in the DAVID database.

(C) Networks of the top 5 favorable ISF genes (CCR7, STAT5B, IKZF1, STAT5A, and KLRK1) in the ImmuNet database. The enriched network for antigen

processing and presentation is shown on the left, the natural killer cell mediated cytotoxicity network is given in the middle, and the T cell signaling is shown

on the right. Sidebar: relationship confidence (0.1–1.0).

(D) Hazard ratio based on the OS data in all cancers. Hazard ratio for antigen presentation (left panel), T cell signaling (middle panel) and NK cell mediated

cytotoxicity (right panel) gene signatures in the Kaplan Meier plotter datasets was shown. Cancers with lower hazard ratio (left y axis) were marked with blue

boxes. p values (right y axis) were determined by log rank test.

(E) Kaplan Meier analysis of overall survival in patients with low (black curve) and high (red curve) expression gene signatures. Antigen presentation (upper

panel) and T cell signaling (lower panel) gene signatures were assessed in the Kaplan Meier plotter datasets. p values, log rank test. See also Figure S3.
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no direct link between conventional treatment status (chemotherapy/endocrine therapy) and the prog-

nostic pattern of immunemarkers (Figure S2A). In addition, gene expression in immunotherapy responding

and non-responding patients indicated a weak correlation between these immune transcripts and immu-

notherapy response (Figure S2B). These results indicate a tumor intrinsic mechanism that contributes to the

inconsistent prognostic pattern of immune genes in different cancers.

We next determined whether the immune genes expressed in certain cancer cells contribute to the incon-

sistent prognoses of immune genes. The CIBERSORT 547 immune gene signatures (Newman et al., 2015)

which represent immune cell subsets have been applied in the analysis of immune activity in tumor spec-

imens (Gentles et al., 2015). Hierarchical clustering of the signature genes in normal tissues (GTEX dataset)

showed that they were enriched in blood/bone marrow, albeit widely expressed in many other tissues (Fig-

ure 2B). Moreover, cancer cells from various tissues, shown in the cancer cell line encyclopedia (CCLE) data-

set (Barretina et al., 2012), expressed considerable levels of the CIBERSORT immune genes (Figure 2C).

Indeed, the expression levels of the CIBERSORT genes in CCLE confirmed a significant enrichment of im-

mune genes in hematopoietic and lymphoid derived cell lines, yet a considerable number of genes were

detected in non-hematopoietic cancer cells. These results confirm the existence of cancer cell-derived

immune transcripts, which may confound conventional immune gene signature-based analysis.

Next, we determined whether reducing cancer cell-derived transcripts improve the prognostic consis-

tencies of immune gene signatures. Specifically, gene signatures of functional immune processes in

dendritic cells, macrophages, CD8 T cells, B cells, and NK cells were collected from the Gene Expression

Commons database. According to the transcriptional profiles from the CCLE dataset, we identified a 32-

gene optimized immune response signature (oIRS), 19 of which showed favorable prognostic scores in

more than 50% of the cancer cohorts (He et al., 2019) (immune specific favorable genes, ISF). The prog-

nostic value of the ISF gene signature was compared with that of the parental immune gene signature.

In agreement with our hypothesis, the hazard ratio in 41 datasets indicated that ISF showed better prog-

noses than the parental signature in 21 of the 41 datasets (Figure 2D). For instance, favorable prognosis

of ISF was found in lung adenocarcinoma, pheochromocytoma-paraganglioma, and hepatocellular carci-

noma, where the parental immune signature indicated adverse prognosis (Figures 2D and 2E). Indeed, ISF

performed better in distinguishing patient subsets, indicating better prognoses in other cohorts including

breast cancer, endometrial carcinoma, and bladder carcinoma (Figures S2C and S2D). Furthermore, the

pan-cancer prognostic meta-z scores of ISF were lower compared to those of parental immune genes, con-

firming a better prognostic pattern after reducing cancer-derived immune transcripts (Figure 2F).
ISF points to core tumor suppressive immune processes

Our results led us to speculate that the biological processes underlying the ISF signature, which consis-

tently indicates favorable prognosis in cancer, might reveal the conserved anti-tumor immune processes.

To profile the prognoses of functional immune genes, we examined the prognostic z scores of functional

immune genes in 52 cancer types from the PreCOG and TCGA cohorts (Figure 3A). The results showed 16

genes were associated with favorable prognosis in more than 60% of the cancer types (z score < 0, Fig-

ure 3A). Gene Ontology (GO) analysis was applied to determine whether there are immune processes

involved. The 16 ISF genes were enriched in immune processes, including natural killer cell activation,

leukocyte mediated immunity and positive immune response (Figure 3B). To further determine the immune

signaling networks associated with the immune specific genes with favorable prognosis, we examined the

top 5 favorable genes (CCR7, IKZF1, KLRK1, SAT5B, and SAT5A) in the ImmuNet database (Gorenshteyn
iScience 24, 103133, October 22, 2021 7
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Figure 4. Anti-tumor immune processes correlate with immunotherapy response

(A) Representative enrichment plots for ISF, antigen presentation, T cell signaling and NK cell killing gene sets. Normalized enrichment scores (NES), false

discovery rate (FDR) and p values were determined by GSEA in gene expression profiles of responders and non-responder in the in Aa5951 dataset.

(B) Histogram showing the expression of antigen presentation, T cell signaling and NK cell killing genes in immunotherapy responder or non-responder

patients from Aa5951 (left panel) and GSE111636 (right panel) datasets.

(C and D) Enrichment scores of ISF, antigen presentation cells (APC), T cell receptor signaling (TCR) and NK cell killing (NKK) in immunotherapy responders

(Resp) or non-responders (NonR). Enrichment scores were determined by single-sample GSEA in Aa5951 (C) and GSE111636 (D). Data in (B–D) are

represented as mean G SD. p values, two-tailed Student’s t test (*, p < 0.05; **, p < 0.01; ***, p < 0.001).
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et al., 2015). Of the nine immune networks analyzed, the processes Antigen Processing and Presentation,

NK Cell Mediated Cytotoxicity and T cell signaling were significantly enriched (Figure 3C).

To validate whether these immune processes indicate favorable outcome, we analyzed the specific repre-

sentative genes of these immune processes in the Kaplan-Meier plotter database (Gyorffy et al., 2010,

2013). The T cell signaling (LCK, CD247, ITGB2, TNFSF8, and DOCK2), Antigen presentation (CD74,

CD37, CCR7, CD40LG, and FLT3) and NK cell cytotoxicity (ARBB2, SH2D1B, IKZF1, KLRB1, and KLRK1)

gene signatures all indicated favorable clinical outcomes in patients. Thus, both overall survival (OS) and

disease-free survival (DFS) were longer in patients with higher expression levels of these signatures across

multiple cancer types (Figures 3D and 3E, and S3). Thus, we characterized a set of immune-specific favor-

able immune genes that present core tumor suppressive immune processes in cancer.
Core immune processes indicate effective immunotherapy

Next, we sought to determine whether the immune processes identified by ISF are associated with clinical

response to immunotherapy in cancer. To this end, we inspected datasets with both transcriptional profiles

of pre-treated tumors and patients’ responses to immunotherapies. Patients were classified as responder

and non-responder subsets according to their sensitivity to immunotherapy. A gene set enrichment anal-

ysis (GSEA) (Subramanian et al., 2005) was performed in immunotherapy responder and non-responder pa-

tients based on their transcriptional profiles. Indeed, the ISF gene set, antigen presentation, T cell signaling

and NK cell killing gene sets were enriched in the responder subset (Aa5951 (Miao et al., 2018), Figure 4A,

p < 0.05, FDR < 0.05, NES = �2.05, �1.63, �1.66, and �1.65, respectively). Consistently, the expression of

antigen presentation (APC), T cell signaling and NK cell killing genes were higher in immunotherapeutic

responders than non-responders from both Aa5951 (left panel) and GSE111636 (Segovia et al., 2019) (right

panel) datasets (Figure 4B). Moreover, higher ssGSEA scores of these gene sets, which indicate higher ac-

tivities of the anti-tumor immune processes, were confirmed in the responder patients (Figures 4C and 4D).

Altogether, these results provide strong evidence to support that anti-tumor immune processes underlying

favorable prognostic processes are associated with response to immunotherapy.
APC is an independent breast cancer prognostic factor

Antigen processing and presentation is essential for adaptive immune cell activation. To confirm the clin-

ical association of antigen presentation genes, we selected lymphocyte specific antigen presentation

genes based on the gene expression patterns in cancer cell lines (CCLE dataset, Figure 5A). A group of

genes, including CD40LG, CD83, CCR7, CD37, and GATA1, were confirmed as favorable prognostic genes

according to the PRECOG dataset (Figure 5B). To validate the clinical association of individual genes, we

determined the prognoses of each gene in different tumor types using the Kaplan Meier database. High

expression of CD40LG, CCR7, and CD37 were consistently associated with favorable clinical outcomes

in a panel of cancers, including breast, cervical, head-neck, lung adenocarcinoma, sarcoma and endome-

trial carcinoma, and GATA1 showed similar prognostic pattern in cancers except endometrial carcinoma

(Figures 5C, S4A, and S4B). CD83, a member of the immunoglobulin superfamily that are expressed on

the surface of activated dendric cells and other antigen presentation cells (Li et al., 2019), correlates with

favorable prognosis in several cancer types (Figures 5D, 5E, S4C, and S4D).

To further validate these findings, we studied the expression of CD83 in 366 breast cancer specimens.

Tumor-infiltrating CD83 positive (CD83+) cells were observed in a subset of breast cancer specimens (Fig-

ure 5F). The antigen processing/presentation status in patients were determined by counting the infil-

trating CD83+ cells in each patient. In keeping with the hypothesis, patients with high CD83+ cell density

exhibited better OS and DFS in breast cancer (P = 0.003 and P = 0.018, respectively, Figure 5G). Moreover,

Cox regression analysis showed that CD83+ cell density was a significant factor in determining both OS and
iScience 24, 103133, October 22, 2021 9
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Figure 5. Antigen presentation predicts favorable prognosis in breast cancer

(A) Hierarchical clustering of antigen presentation genes according to their expression in cancer cell lines (CCLE dataset). Genes showing lymphocyte

specific expression patterns were labeled in red.

(B) The pan-cancer PRECOG z-scores of antigen presentation genes (left panel). PRECOG z-score of CD83 in different cancer types (right panel).

(C) Hazard ratio based on the OS (upper panel) and RFS (lower panel) data in all cancers. Hazard ratio for CCR7, CD37 and CD40LG in the Kaplan Meier

plotter datasets was shown. p values (right y axis) were determined by log rank test.

(D) Hazard ratio of CD83 based on the OS (left panel) and RFS (right panel) data in all cancers. p values (right y axis) were determined by log rank test.

(E) Kaplan Meier analysis of relapse free survival (RFS) in patients with low (black curve) and high (red curve) expression of CD83 in the Kaplan Meier plotter

datasets. p values, log rank test.

(F) Representative IHC staining of CD83 in breast cancer specimens. Arrow indicates CD83 + cells. Scale bar represents 50mm.

(G) Kaplan Meier curves of estimated overall survival (OS, left panel) and disease-free survival (DFS, right panel) of breast cancer patients with low (<1 per

view of field, n = 238) and high (R1 per view of field, n = 128) CD83 + cell density (p < 0.01 by the log rank test). See also Figure S4.
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DFS in breast cancer (P = 0.003 and 0.019, respectively, Tables 1 and 2). Indeed, multivariate Cox regression

analysis suggested that CD83+ cell density was an independent factor in determining both OS and DFS in

breast cancer (P = 0.001 and 0.012, respectively, Tables 1 and 2). In contrast to the other factors, tumor size

and distant metastasis were better correlated with CD83+ cell density (P = 0.053 and 0.181, respectively,

Table 3). This data provided experimental evidence that antigen presentation is an independent prognosis

factor indicative of favorable outcome for breast cancer.
DISCUSSION

Plasticity of cancer cells, characterized by the differentiation statuses that are transcriptionally reprog-

rammed to mimic differentiation programs of normal cells is increasingly appreciated. Of note, immune

mimicry programs that facilitate immune invasion (Gangoso et al., 2021) pose a challenge to the current

landscape of tumor microenvironment that are based primarily on tumor mass profiling. We focused on

this issue by providing evidence that single cancer cells show immune mimicry in multiple cancer types

and tumorigenesis models. These findings, together with those from a previous report (Nishida et al.,

2020), indicate that cancer cells might hijack immune processes to remodel the tumor microenvironment.

Notably, immune mimicry provides a refined view of immune-infiltration analyses based on the tumor mass

profiles. Current ‘‘immune-infiltrating cells’’ based on tumor mass profiles does not exclude the ‘‘immune

mimicry transcripts’’ in cancer cells (Gentles et al., 2015; Newman et al., 2015). Thus, deconvolution of the

‘‘immune mimicry’’ programs in cancer cells could provide a refined view of the immune-infiltrating

landscape.

The optimized immune response signature (oIRS), which excludes ‘‘immune mimicry transcripts’’ from im-

mune gene signatures, offers a more favorable prognostic value. For instance, improved specificity confers

favorable prognosis in breast cancer and lung adenocarcinoma, which exhibit adverse immune prognosis

before oIRS specification. The finding confirms a role of immune mimicry in signature-based tumor
Table 1. Cox regression analysis of OS in the breast cancer cohort (n = 366)

Parameters

Univariate Multivariate

P HR 95%CI p value

Age (>50) 0.262

Premenopausis 0.406

Tumor size (>2cm) 0.002 1.384 0.797–2.403 0.248

Node status (positive) 0.002 1.066 0.613–1.851 0.822

Tumor grade (III) 0.933

Stage (III) <0.001 4.309 2.713–6.846 <0.001a

ER (positive) 0.229

PR (positive) 0.251

HER2 (positive) 0.108

Ki67 (positive) 0.061

CD83 (positive) 0.003 0.409 0.237–0.707 0.001a

ap < 0.05 in both Univariate and Multivariate analyses.
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Table 2. Cox regression analysis of DFS in the breast cancer cohort (n = 366)

Parameters

Univariate Multivariate

P HR 95%CI p value

Age (>50) 0.706

Premenopause 0.395

Tumor size (>2cm) 0.001 1.204 0.631–2.300 0.573

Node status (positive) <0.001 1.802 0.888–3.657 0.103

Tumor grade (III) 0.142

Stage (III) <0.001 2.438 1.330–4.469 0.004a

ER (positive) 0.976

PR (positive) 0.621

HER2 (positive) 0.031 1.115 0.630–1.973 0.709

Ki67 (positive) 0.013 0.509 0.229–1.130 0.097

CD83 (positive) 0.019 0.449 0.240–0.841 0.012a

ap < 0.05 in both Univariate and Multivariate analyses.
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immune-infiltration analyses. Indeed, immune gene signatures for the prevailing prognostic analysis

(CIBERSORT) (Gentles et al., 2015; Newman et al., 2015) is expressed in a substantial proportion of normal

tissues and tumor cell lines from different tissues. By characterizing immune specific genes, our approach

provides a precise insight into the prognostic significance of the immune infiltration status in cancer. Inte-

gration of the refined immune signaling networks reveals that biological processes in antigen processing,

NK cell killing and T cell signaling predict favorable outcomes in multiple cancer cohorts.

Immune processes are thought to be ‘‘double edged sword’’ in cancer. Specifying anti-tumor or tumor-pro-

moting immune processes is thus critical for a better understanding of tumor-immune interactions and for

predicting effective immunotherapy. Recently, integrative analyses of tumor transcriptional profiles have

established that immune processes are associated with favorable outcome in a number of cancers (Gentles

et al., 2015; He et al., 2019), in agreement with the favorable prognosis of immunoscore (Mlecnik et al.,

2016) and successes of immunotherapy in a proportion of patients (Hodi et al., 2010; Postow et al.,

2015). However, these studies consistently find that immune processes are not always associated with

favorable clinical outcomes. Indeed, higher immune activity correlates with worse prognosis in a notable

number of patient cohorts. The consistent prognostic inconsistencies of immune processes in different

cancer contexts indicate that unknown prognostic factors remain to be defined. The oIRS in this study pro-

vides an improved prognostic pattern of immune processes by specifying tumor infiltrating immune status.

These favorable processes also serve as candidate therapeutic targets and biomarkers for predicting clin-

ical response to immunotherapies. We have also looked into independent patient cohorts treated with

immunotherapy. In agreement with previous reports (Maier et al., 2020), higher activity of antigen process-

ing, NK cell killing, and T cell signaling, indicated by high related immune gene expression, are associated

with favorable response to immunotherapy. Through analyzing CD83+ mature dendritic cell infiltration in

breast tumor tissues, we have experimentally validated antigen presentation as a favorable prognostic fac-

tor. In addition, experimental data further confirm that CD83 is a significant factor in determining both

overall survival and disease-free survival in breast cancer. These findings, together with previous reports

that tumor infiltrating CD83+ dendritic cell is a favorable prognostic factor (Iwamoto et al., 2003; McMullen

et al., 2010), underline the important role of CD83+ dendritic cell in shaping the tumor-suppressive immune

microenvironment. In summary, these findings establish that immune-like transcriptional reprogramming is

a distinct cancer hallmark, and specifying this transcriptional context can consistently and reliably reveal

anti-tumor immune processes in cancer.
Limitations of the study

A number of single-cell RNA-seq profiles are used in the study to determine the levels of immune-like tran-

scripts. Yet only a small proportion of immune transcripts were detected in individual cancer cells. This is
12 iScience 24, 103133, October 22, 2021



Table 3. Correlation between expression of CD83 and clinicopathological parameters

Parameters

CD83 negative CD83 positive

p valueNO. % NO. %

All patients 238 65.0 128 35.0

Age, years 0.461

%50 145 63.6 83 36.4

>50 93 67.4 45 32.6

Menopause 0.806

Premenopause 155 64.6 85 35.4

Promenopause 83 65.9 43 34.1

Tumor size, cm 0.053

%2 78 58.6 55 41.4

>2 160 68.7 73 31.3

Node status 0.471

Negative 106 67.1 52 32.9

Positive 132 63.5 76 36.4

Histology type 0.888

Invasive ductal 224 65.1 120 34.9

Others 14 63.6 8 36.4

Tumor grade 0.725

1 or 2 67 59.3 46 40.7

3 36 62.1 22 37.9

Missing 135 60

Stage 0.256

I or II 152 67.3 74 32.7

III 86 61.4 54 38.6

ER status 0.552

Negative 27 69.2 12 30.8

Positive 210 64.4 116 35.6

Missing 1

PR status 0.621

Negative 36 67.9 17 32.1

Positive 201 64.4 111 35.6

Missing 1

HER2 status 0.324

Negative 128 62.7 76 37.3

Positive 109 67.7 52 32.3

Missing 1

Ki67 0.943

Negative 12 63.2 7 36.8

Positive 134 62.3 81 37.7

Missing 92 40

Distant metastasis 0.181

Negative 187 63.4 108 36.6

Positive 51 71.8 20 28.2
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caused by the limitation of current single-cell RNA-seq profiles, which cover only a proportion of genes in

single cells. Indeed, the ssGSEA-based approach partially overcomes this limitation by evaluating gene

sets instead of individual genes. Future efforts that improve the coverage of single-cell transcriptomes

would be valuable to study the differentiation of plasticity in cancer. The immune mimicry of cancer cells

is confirmed in single cancer cells and tumorigenesis models by data mining and in vitro models. Single-

cell studies in more cancer models, especially in vivo tumorigenesis models and clinical samples, could

strengthen this concept. The prognostic analyses with optimized immune response signature (oIRS) pro-

vide potential clinical biomarkers and therapeutic targets for cancer immunotherapy. This study addressed

the problem of immune infiltration by integrating single-cell transcriptome, tumor mass transcriptome, and

clinical parameters to determine the status of immune mimicry. Deciphering the immune-like transcripts

provide an updated view on the tumor-immune interactions, which could be tested by future mechanistic

and clinical studies.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

anti-human CD68-FITC BioLegend Cat# 333805; RRID:AB_1089055

anti-human CD45-APC/Fire� 750 BioLegend Cat# 982314; RRID:AB_2832915

anti-human CD4-Brilliant Violet 605 BioLegend Cat# 317437; RRID:AB_11204077

anti-human CD209-PE BioLegend Cat# 330105; RRID:AB_1134060

anti-human CD11B-Alexa Fluor�700 BioLegend Cat# 301355; RRID:AB_2750074

anti-human/mouse FOXP3-Alexa Fluor� 647 BioLegend Cat# 320013; RRID:AB_439749

Rabbit anti-human/mouse MYC Proteintech Cat# 10828-1-AP; RRID:AB_2148585

Mouse anti-Flag tag Sigma-Aldrich Cat# F1804; RRID:AB_262044

mouse anti GAPDH Santa Cruz Cat# sc-32233; RRID:AB_627679

Bacterial and virus strains

pLVX-Tet3G Addgene #6111

pLVX-TRE3G Addgene #6113

psPAX2 Addgene #12260

pMD2.G Addgene #12259

Biological samples

Human breast cancer tissue Sun Yat-Sen University Cancer Center https://www.sysucc.org.cn/

Chemicals, peptides, and recombinant proteins

Doxycycline Sigma-Aldrich D3072

Deposited data

scRNA-seq of colorectal cells Li et al., 2017 GSE81861

scRNA-seq of glioblastoma Neftel et al., 2019 GSE131928

scRNA-seq of lung epithelial Ouadah et al., 2019 GSE136580

scRNA-seq of lung adenocarcinoma Kim et al., 2015 GSE69405

scRNA-seq of normal kidney tissue Wu et al., 2019 GSE119531

scRNA-seq of kidney clear cell carcinoma Kim et al., 2016 GSE73121

scRNA-seq of normal pancreatic cells Muraro et al., 2016 GSE85241

scRNA-seq of pancreatic cancer Elyada et al., 2019 GSE129455

scRNA-seq of normal brain cells Gokce et al., 2016 GSE82187

scRNA-seq of glioma Venteicher et al., 2017 GSE89567

scRNA-seq of oligodendroglioma Tirosh et al., 2016 GSE70630

scRNA-seq of mouse breast tumor progression Wang et al., 2019 GSE130453

scRNA-seq of trans-differentiating B cells Francesconi et al., 2019 GSE112004

scRNA-seq of normal breast epithelial Nguyen et al., 2018 GSE113099

scRNA-seq of breast cancer Chung et al., 2017 GSE75688

scRNA-seq of breast cancer Jordan et al., 2016 GSE75367

scRNA-seq of triple-negative breast cancer Karaayvaz et al., 2018 GSE118389

scRNA-seq of normal ovarian tissue Vuong et al., 2018 GSE121957

scRNA-seq of ovarian cancer Winterhoff et al., 2017 GSE123476

scRNA-seq of ovarian cancer Guillaumet-Adkins et al., 2017 GSE85534

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

scRNA-seq of glioblastoma Filbin et al., 2018 GSE102130

scRNA-seq of glioblastoma Darmanis et al., 2017 GSE84465

scRNA-seq of mouse pancreatic progression Hosein et al., 2019 GSE125588

RNA-seq in tissues from patient with immunotherapy Segovia et al., 2019 GSE111636

RNA-seq in tissues from patient with immunotherapy Miao et al., 2018 Aa5951

Experimental models: cell lines

Human: MCF-10A cell line ATCC CRL-10317

Recombinant DNA

pLVX-HRASG12V-TRE3G This manuscript N/A

pLVX-MYC-TRE3G This manuscript N/A

pLVX-ERBB3-TRE3G This manuscript N/A

Software and algorithms

R 4.1.0 R Development Core Team Version 4.1.0

Seurat 3.0.0 https://github.com/satijalab/

seurat/releases/tag/v3.0.0 Version 3.0.0

ssGSEA https://www.genepattern.org/ Version 1.0

Cluster 3.0 http://bonsai.ims.u-tokyo.ac.jp/

mdehoon/software/cluster

Version 3.0

Treeview https://treeview.software.informer.com/1.6/ Version 1.6

GSEA https://www.gsea-msigdb.org/gsea/index.jsp https://www.gsea-msigdb.org/gsea/

index.jsp

GraphPad PRISM https://www.graphpad.com/ Version 9.0.0

SPSS https://spss.en.softonic.com/ Version 16.0
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Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by

the lead contact, Dr. Quentin Liu (liuq9@mail.sysu.edu.cn).
Materials availability

Materials used or generated in this study will be available upon reasonable request.

Data and code availability

This paper analyzes existing, publicly available data. These accession numbers for the datasets are listed in

the key resources table. This paper does not report original code. Any additional information required to

reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

MCF-10A cells were obtained from ATCC. Dox inducible MCF-10A cell lines were constructed using lenti-

virus containing HRASG12V, ERBB2 or MYC-encoding vectors (parental backbone was pLVX-TRE3G

(Addgene, #6113). Infected MCF-10A cells were selected by puromycin (1.2 mg/mL for 5 days). The study

in human breast cancer tissues was approved by the ethical committee of Sun Yat-Sen University Cancer

Center (#GZR2020-059). Paraffin-embedded samples of breast carcinoma tissues were obtained from

366 patients (January 2001 to October 2008) at Sun Yat-Sen University Cancer Center. All samples were

collected with signed informed consent according to the internal review and ethics boards of Sun Yat-

Sen University Cancer Center.
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Single-sample gene set enrichment analysis

To perform single-sample gene set enrichment analysis (ssGSEA), gene expression data (single-cell gene

expression matrix or bulk gene expression data) were submitted to the GenePattern platform. The ssGSEA

Projection program (V9.0) was used to calculate individual enrichment scores for each pairing of a sample

and a gene set. Gene sets of cellular markers, ISF, antigen presentation, T cell signaling and NK cell killing

were loaded for enrichment analysis.
Hierarchical clustering

Gene expression, z-scores and normalized enrichment scores (NES) were subjected to Cluster 3.0 software.

Both gene set and cancer type were clustered by average linkage. A clustered heat map was analyzed and

visualized by TreeView.
Single cell analysis in Seurat

Cells were clustered and analyzed using customized codes based on the Seurat V4.0 package on R4.1.0. We

followed the standard workflow in Seurat, as cells with less than 200 genes, 2,500 transcripts, or a mitochon-

drial level of 5% or greater were removed in the QC process. ‘‘LogNormalize’’ method was used to normal-

ized the gene expression for each cell by the total expression, multiplying by a scale factor 10,000 and

log-transforming the results. PCA was run using the previously determined most variably expressed genes

for linear dimensional reduction. JackStraw resampling method was implemented by permutation on a

subset of data (1% by default) and rerunning PCA for a total of 100 replications to select the statistically

significant principle component (PC) for the K-nearest neighbors clustering. For graph-based clustering,

the first 15 PC and a resolution of 3 were selected yielding distinct cell clusters. Treating the signature score

of each cell type as a pseudogene, we evaluated the signature score for each cell in our dataset using the

MetaFeature function. Signatures used to type cells included Klk1, Pnlip, Spink1 (acinar cells), Krt19, Krt7,

Wfdc2 (ductal cells), Cd68, Cd14, Cd33, Itgam, Mrc1 (monocytes).
Cell culture

MCF-10A cells were maintained with DMEM/F12 medium with 5% horse serum, Insulin (10 mg/ml), EGF

(20 ng/ml), Cholera Toxin (100 ng/ml) and Hydrocortisone (0.5 mg/ml). Genes for over-expression were con-

structed by inserting cDNA of candidate genes into pLVX-TRE3G (Addgene, #6113). Doxycycline (Dox)

inducible constructs were used in combination with pLVX-Tet3G (Addgene, #6111). Dox inducible MCF-

10A cell lines were constructed by puromycin selection after lentivirus infection. Dox (0.2 mg/ml) was

used to induce oncogene expression in stable cell lines.
Flow cytometry

Cells were collected by trypsin, resuspended into single cell suspensions. For antibody staining, cells were

washed with PBS once before staining with fluorescent antibodies (anti-human CD68-FITC, anti-human

CD45-APC/Fire� 750, anti-human CD4-Brilliant Violet 605, anti-human CD209-PE, anti-human CD11B-

Alexa Fluor�700 and anti-human FOXP3-Alexa Fluor� 647) 30 min on ice, washed with ice cold PBS,

resuspended in PBS and load for analysis.
Western blot

Cells or tissues were lysed using in RIPA (20 mM Tris pH 7.4; 150 mM NaCl, 1% Triton X-100, 0.5% sodium

deoxycholate, 0.1% SDS, 5 mMEDTA, plus freshly added protease inhibitor cocktail). Protein quantification

of lysates was performed using Bradford assay with Coomassie brilliant blue G-250. Lysates were prepared

and electrophoresed using 10% SDS-polyacrylamide gels, and transferred to Immobilon-P PVDF

membranes (Millipore). PVDF membranes were blocked with 5% BSA/TBST for 1 hr at room temperature

prior to overnight incubation with indicated antibodies at 4�C. Western blots were probed with the

following antibodies: total a-MYC (1:2000, Proteintech), a-Flag tag (1:5,000, Sigma-Aldrich). Antibodies

to GAPDH (1:5,000, Santa Cruz) antibodies were used as controls. Proteins were visualized with ECL

(Amersham) according to manufacturer’s protocols.
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Kaplan-Meier survival analysis

Gene symbol was inspected in the Kaplan Meier plotter online database (http://kmplot.com/analysis/

index.php?p=background) (Gyorffy et al., 2012, 2013). User selected probe set was selected, and patients

were split according to the optimized cut-offs. Relapse free survival of breast cancer, overall survival of

lung, gastric and ovarian cancer was evaluated in all patients available in the database.
Expression profile analysis in GTEX, CCLE and GEO

Five hundred and forty-seven CIBERSORT signature genes were downloaded from the CIBERSORT data-

base (http://cibersort.stanford.edu/) (Newman et al., 2015). Expression levels of the CIBERSORT genes in

the GTEX project and single-cell transcriptomic data were downloaded from the Gene Expression

Omnibus (GEO) database. Expression of CIBERSORT genes in CCLE was analyzed in the GENE-E tool

of the CCLE database (Barretina et al., 2012) (http://www.broadinstitute.org/ccle/data/browseAnalyses).

Genes were selected using the filter in GENE-E, followed by average linkage-based hierarchical clustering

of the selected genes across cell lines and subjected to GENE-E analysis.
Gene set enrichment analysis (GSEA)

For GSEA in Aa5951 and GSE111636, patients were grouped into responder and non-responder groups

according to the published information. Gene sets were analyzed by comparing the transcriptional profiles

between subgroups of patients in the GSEA software (www.broadinstitute.org/gsea) (Subramanian et al.,

2005). Significantly enriched gene sets were defined using a false discovery rate of q-value equals 0.25 and a

nominal p value 0.05. All analyses were performed usingGSEA v2.2.1 software with pre-ranked list and 1000

data permutations.
Validation in TCPA dataset

Markers for the enriched biological processes (e.g. immune cell differentiation and activation, etc.) were

examined in the webpage survival analysis of the Cancer Proteome Atlas project (Li et al., 2013) (TCPA,

http://app1.bioinformatics.mdanderson.org/tcpa/_design/basic/index.html).
Gene ontology annotation

Gene lists of interest were submitted to the DAVID Bioinformatics Resources 6.7 for annotation (https://

david.ncifcrf.gov/summary.jsp) (Huang et al., 2007). Gene Ontology terms of biological process

(GOTERM_BP_FAT), molecular function (GOTERM_MF_FAT) and cellular component (GOTERM_CC_FAT)

were studied in the submitted lists.
Immunohistochemistry and scoring

Paraffin-embedded samples were sectioned at a thickness of 4 mm. Antigen retrieval was performed by a

microwave oven for 15 min in EDTA (PH 8.0), followed by treatment with 3% H2O2 for 15 min. Specimens

were incubated with antibodies specific for CD83 (Cat.NO. sc-19677, Santa Cruz; 1:50) overnight at 4�C.
Envision Detection system (DAKO) was used to detect antigen expression according to the manufacturer’s

instructions. Isotype-matched antibodies were applied as negative controls. CD83 + dendritic cells were

calculated per field of view, with at least 5 view-fields per section evaluated at 4003magnification. Infiltra-

tion scores were evaluated by calculating average CD83 + cells per field. Scoring was performed by two

independent observers who were blind to clinical outcome.
QUANTIFICATION AND STATISTICAL ANALYSIS

Survival analysis was performed using SPSS version 16.0 (SPSS Inc.) and GraphPad Prism version 9. Kaplan–

Meier statistics and log rank (one-tail) tests were performed to estimate the significance of differences in

overall survival and disease-free survival of patients between groups. Other p values were determined us-

ing two-tailed Student’s t test or two-sided Mann Whitney Wilcoxon test. Significant results were defined

when p < 0.05.
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