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AbstrACt
Immunotherapy is a rapidly growing field for cancer 
treatment. In contrast to conventional cancer therapies, 
immunotherapeutic strategies focus on reactivating 
the immune system to mount an antitumor response. 
Despite the encouraging outcome in clinical trials, a large 
proportion of patients still do not respond to treatment 
and many experience different degrees of immune- related 
adverse events. Furthermore, it is now increasingly 
appreciated that even many conventional cancer therapies 
such as radiotherapy could have a positive impact on the 
host immune system for better clinical response. Hence, 
there is a need to better understand tumor immunity in 
order to design immunotherapeutic strategies, especially 
evidence- based combination therapies, for improved 
clinical outcomes. With this aim, cancer research turned 
its attention to profiling the immune contexture of either 
the tumor microenvironment (TME) or peripheral blood to 
uncover mechanisms and biomarkers which might aid in 
precision immunotherapeutics. Conventional technologies 
used for this purpose were limited by the depth and 
dimensionality of the data. Advances in newer techniques 
have, however, greatly improved the breadth and depth, 
as well as the quantity and quality of data that can be 
obtained. The result of these advances is a wealth of 
new information and insights on how the TME could be 
affected by various immune cell- types, and how this might 
in turn impact the clinical outcome of cancer patients 
. We highlight herein some of the high- dimensional 
technologies currently employed in immune profiling 
in cancer and summarize the insights and potential 
benefits they could bring in designing better cancer 
immunotherapies.

IntroduCtIon
The tumor microenvironment (TME) is 
complex, comprising of tumor cells, infil-
trating immune cells, fibroblasts, tumor 
vasculature and extracellular matrix.1 These 
various compartments are now understood 
to play an interactive and collective role in 
tumorigenesis, cancer progression, metastasis 
and even response to therapy.2 The immune 
contexture of the cancer, defined as the loca-
tion, density and functional orientation of 
the different immune cell populations,3 has 
been shown to determine the disease prog-
nosis and efficacy of various cancer therapies, 
especially the rapidly progressing cancer 
immunotherapy.2 4 5 Unlike conventional 

cancer therapies, immunotherapy targets the 
immune system or the TME of the patient 
to induce an antitumor immune response.1 
Immunotherapeutic strategies include cyto-
kine administration, cancer vaccines, adop-
tive T cell therapy and immune checkpoint 
blockades (ICB).6 While results from clinical 
trials using immunotherapy, particularly the 
ICBs, have been promising, a large proportion 
of patients still do not respond to treatment.6 
Many patients also experience treatment- 
related autoimmune toxicities or immune- 
related adverse events (irAEs).6 Therefore, in 
order to understand the mechanisms behind 
response and irAEs (or the lack of them) 
following immunotherapy, attempts have 
been made to profile the immune contexture 
of the TME or peripheral blood, with the aim 
to discover novel strategies and biomarkers 
that might guide treatment decisions for an 
enhanced clinical outcome.7

The various technologies used for immune 
profiling can be divided into two broad cate-
gories: transcriptomic- based and proteomic- 
based technologies.8 Many limitations posed 
by conventional technologies, such as fewer 
analysis parameters available,9 10 larger 
quantities of sample required11 and overlap-
ping detection signals,9 10 were significantly 
improved by the availability of newer and 
higher- dimensional technologies. These 
current cutting- edge technologies provide 
researchers with unprecedented capability 
to conduct deep immunophenotyping of the 
TME or peripheral blood of patients with 
cancer. This review highlights the latest high- 
dimensional technologies used for immuno-
profiling in cancer and examines the insights 
and potential benefits they could bring, 
especially to advance the progress of cancer 
immunotherapy (figure 1).

ConventIonAl Immune profIlIng tools In 
CAnCer
The earlier generation of immune profiling 
technologies have provided valuable insights 
into the mechanisms behind tumor- immune 
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cell interactions and facilitated breakthroughs in 
biomarker discovery for disease prognosis as well as 
prediction of therapeutic response. These technologies 
include bulk transcriptome assays like microarrays8 11 12 
and bulk RNA Sequencing (RNA- Seq),8 13–15 as well as 
lower- dimensional protein- based platforms such as early- 
generation fluorescence- based flow cytometry8 16–18 and 
conventional immunohistochemistry (IHC).19 20

Nonetheless, these technologies have inherent limita-
tions which restrict a deeper understanding of the tumor- 
immune landscapes. For instance, conventional bulk 
transcriptomic analyses such as microarrays and RNA- seq 
rely on the extraction of RNA from a pooled population 
of cells from tumor tissue.21 Consequently, this bulk tran-
scriptomic approach precludes the identification of rare 
cell types and the resolution between cells with similar 
expression patterns or between tumor versus immune 
cells.22 It also limits the understanding of the function 
and/or phenotype of individual cell types.8

For proteomic- based analyses, advances in technology 
and the development of new fluorochromes and laser 
detectors have enabled the most advanced flow cytom-
eters to routinely measure up to 18 different protein 
markers simultaneously.9 Conventional fluorescence- 
based flow cytometry is, however, limited by the overlap-
ping emission spectra of the fluorochromes, a problem 
which is exacerbated by the use of more fluorochromes.23 

This renders a detailed examination of cell phenotypes 
difficult on this platform as more parameters are required 
to distinguish the complex immune subsets in biological 
systems like tumors.23

Finally, conventional IHC or immunofluorescent 
microscopy enables the detection of cellular anti-
gens within tissue sections using enzyme- labeled or 
fluorochrome- labeled antibodies and is useful for identi-
fying cell types and their spatial location within tissues.24 
However, no more than four markers can be used simul-
taneously due to chromogenic or fluorescent spectra 
overlap.10 19 As such, conventional IHC techniques would 
also fall short in capturing the degree of heterogeneity 
and complexity of immune phenotypes that exist in 
tumor- infiltrating immune cells.8

Thus, while the above- mentioned conventional technol-
ogies provide a good global picture of the immune land-
scape of tumor, they may not be effective in capturing the 
complexity and depth of immune phenotypes and poten-
tial functional cues in a dynamic system within TME.25

HIgH-dImensIonAl teCHnologIes for next-generAtIon 
Immune profIlIng In CAnCer
In the attempt to address the need to capture cellular 
heterogeneity and detect rare immune subsets, technol-
ogies have advanced toward single- cell capabilities and 
high- dimensional analyses with new technologies such 
as single- cell RNA- Seq (scRNA- Seq), cytometry by time 
of flight (CyTOF) and multiplex IHC (mIHC). These 
technologies have overcome many limitations posed 
by conventional immune profiling technologies and 
provided breakthroughs in biomarker discovery and the 
understanding of immune mechanisms, particularly in 
the field of tumor immunology.

The development of scRNA- Seq addressed the limita-
tions of bulk transcriptomic data, rendering them more 
useful for dissecting phenotypic and functional hetero-
geneity among single cells.21 It built on the concept of 
RNA- Seq (which has been well- described previously26–28), 
with the additional steps of isolating single cells, followed 
by a powerful amplification process to generate cDNA 
from minute cellular RNA quantities.21 This enables the 
analysis of the transcriptome at single- cell level, while 
preserving the accuracy and complexity of bulk analysis 
methods.29 Recent advances complemented with tissue 
imaging capabilities provided additional and valuable 
spatial information of these scRNA- seq data.30 31

Beyond scRNA- seq, the single- cell assay for transposase- 
accessible chromatin sequencing (scATAC- Seq) could 
also be applied to study epigenetic alterations.32 scAT-
AC- Seq identifies active DNA regulatory elements and 
allows rapid and sensitive profiling of genome- wide chro-
matin accessibility, at a single cell level.32

CyTOF, on the other hand, addressed the limited 
dimensionality in conventional fluorescence- based 
flow cytometry23 by combining mass spectrometry and 
flow cytometry, using antibodies conjugated with stable 

Figure 1 Recent development of high- dimensional 
immune profiling technologies. Transition of immunoprofiling 
technologies from conventional tools in the past, to cutting- 
edge, high- dimensional technologies in the present which 
have overcome previous limitations and are equipped with 
enhanced capabilities for a deeper understanding of the 
complex and heterogeneous tumor microenvironment as 
well as for the identification of potential biomarkers for 
immunotherapy. ATAC, assay for transposase- accessible 
chromatin; Seq, sequencing; sc, single- cell.
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isotopes of rare earth metals (lanthanide metals) instead 
of fluorophores.9 Samples are nebulized into single- cell 
droplets, vaporized by the high temperature plasma to 
generate an ion cloud with heavy metal probe ions which 
are then quantified using mass- to- charge ratio.23 33 Little 
background signal is produced because these metal 
reporters are uncommon in biological specimens.9 
Finally, the discrete readout of an isotope presents little 
or no overlapping spectra. More than 40 markers can be 
detected on a single cell without the need for combining 
smaller, separate panels of antibodies, thus greatly 
enhancing the dimensionality of cytometric analysis.23

Finally, advancements in dye- cycling techniques, where 
staining, imaging and dye inactivation are done repeat-
edly, have enabled the detection of up to 61 different 
antigens on the same tissue sample using fluorescence 
microscopy.34 At the same time, new technologies incor-
porating mass spectrometry have been explored for 
mIHC, enabling the imaging of 32 proteins simultane-
ously using laser ablation of tissue coupled with CyTOF,35 
and up to 100 proteins simultaneously using multiplexed 
ion beam imaging (MIBI).36 Mass cytometry- based mIHC 
techniques are promising technologies that are still 
under development. Furthermore, advances in fluores-
cence imaging hardware and software as well as fluores-
cent dyes have enabled routine simultaneous imaging 
of up to seven fluorescent markers on a single section.24 
This breakthrough overcame the restriction of two to 
four markers by conventional IHC or immunofluorescent 
confocal systems.19

The data generated by these new technologies enable 
researchers to conduct deep immunophenotyping at 
a single- cell level. More importantly, combinations of 
these advanced multidimensional technologies are being 
used increasingly in the study of the complex immune 
response, yielding insights which would have been chal-
lenging to obtain using the older generation of tech-
nologies. Some of the highlights of these studies will be 
described in the next sections.

multIdImensIonAl Immune profIlIng reveAls 
pHenotypIC And funCtIonAl ComplexIty of Immune 
subsets In tHe tme
With the ability to conduct deep profiling of immune cells 
at a single- cell level, researchers have now begun to better 
appreciate the complexity of the immune response, the 
interactions between immune subsets and the interaction 
between host and stroma cells in the TME. These studies, 
as summarized in table 1, highlight the ability of single- 
cell, high- dimensional analyses to capture the complex 
network and relationships which might exist among 
cells in the TME. They enable the identification of novel 
immune cell- types and also help us to understand how 
their presence or recruitment o might affect the local 
antitumor immune response (figure 2). Such complexity 
and heterogeneity would not have been revealed without 

the ability to profile individual cells, as with the bulk anal-
ysis tools.

For instance, in a study on clear cell renal cell carci-
noma (CCRCC), CyTOF was used to interrogate the T 
cell and tumor- associated macrophage (TAM) popula-
tions.37 The expression of exhaustion markers on T cells, 
such as TIM3 and CTLA4,was found to be heterogeneous, 
whereby PD-1 was broadly expressed. This suggests that 
anti- PD-1 immunotherapy might be effective in CCRCC. 
Moreover, a population of CD38+CD204+CD206- TAMs 
was associated with the immunosuppressive T cell pheno-
type, indicated by its positive association with PD-1+CD8+ 
T cells and regulatory T cells (Tregs).37 This finding was 
validated by the observation with mIHC (4- color) where 
these TAMs could colocalize with CD8+ T cells in the 
tumor. In characterizing both the T cell and TAM popu-
lations, this study provided an immune atlas of CCRCC 
which would aid in understanding the mechanisms 
behind immunotherapy.

Similarly, a study done by Chew et al employed CyTOF 
to conduct deep immune profiling of the TME, the adja-
cent non- TME and the peripheral blood mononuclear 
cells (PBMCs) of hepatocellular carcinoma (HCC).38 It 
was found that key immune subsets such as T cells, natural 
killer (NK) cells and myeloid cells were differentially 
enriched across these three compartments. The functional 
phenotype of each subset was investigated using markers 
for exhaustion (PD-1, LAG-3), immunosuppression 
(IL-10) and inflammatory response (TNFa, IFNy, GzB). 
It was found that immune cells within the TME are more 
exhausted and immunosuppressive, even when compared 
with adjacent non- tumor liver tissues with the background 
of chronic inflammation due to hepatitis infection.38 mIHC 
was also used to validate CyTOF findings on formalin- fixed 
paraffin- embedded (FFPE) tissues, showing that Tregs 
and exhausted CD8+ T cells were indeed enriched in the 
TME. Furthermore, the abundance of PD-1- expressing 
memory CD8+ T cells was reduced in advanced- stage 
tumors, implying their role in tumor progression.38 This 
study provided an in- depth understanding on the different 
phenotypes and functions of infiltrating immune cells when 
exposed to different microenvironments and concluded 
that the more exhausted state of immune cells in the TME 
provided a rationale for the successful application of ICB 
therapies in HCC.38

The development of single- cell transcriptomic tech-
nology also enables researchers to capture the hetero-
geneity of immune subsets within the TME more 
comprehensively and trace their developmental relation-
ships. In a study on six patients with HCC by Zheng et 
al, scRNA- Seq was performed on 5063 individual CD4+ 
and CD8+ T cells isolated from the TME, non- TME and 
peripheral blood to dissect their transcriptomic profiles 
and T cell receptor (TCR) sequences.39 Unique subpop-
ulations such as CD8+FoxP3+ regulatory- like cells were 
identified within the HCC TME, and this was validated 
by mIHC. It was also found that clonal expansion of CD8+ 
T cells and Tregs occurred to a greater extent within the 
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TME as opposed to non- TME or PBMC.39 Finally, the 
ability to define the TCR sequence at a single- cell level 
enabled the study of developmental relationships and 
activation states of these T cell clusters. It was inferred that 
exhausted T cell populations were more closely related 

to populations of intermediate development rather than 
fully- differentiated effector populations, making these 
intermediate populations attractive checkpoint ther-
apeutic targets.39 This large amount of data detailing 
the development and composition of the HCC immune 

Table 1 Phenotypic and functional complexity of tumor- immune landscapes revealed by high- dimensional and single- cell 
analysis technologies

Cancer type

High 
dimensional 
technologies Key observations References

Clear cell renal 
cell carcinoma

CyTOF, mIHC  ► Broad expression of PD1 on T cells with heterogeneous expression of 
TIM3, CTLA4 and 4- 1BB.

 ► CD38+ CD204+ CD206- TAMs colocalized with CD8+ T cells and is 
correlated with immunosuppression in tumor tissue.

Chevrier et al, 
201837

Hepatocellular 
carcinoma

CyTOF, mIHC  ► Differential enrichment of various immune subsets in the TME vs the 
non- TME and PBMC.

 ► Tregs and exhausted CD8+ T cells were particularly enriched in the TME.
 ► TRMs (CD103+ CD45RO+ CD8+) and TEMs (CD45RO+ CCR7- CD8+) that 
had higher expression of exhaustion markers (PD1, CTLA4 and Lag3) 
were more abundant in advanced- stage tumors, implicating their roles 
in tumor progression.

Chew et al, 
201738

Hepatocellular 
carcinoma

scRNA- Seq, 
mIHC

 ► Differential enrichment of immune subsets such as exhausted CD8+ T 
cells, MAIT cells and Tregs in tumor vs adjacent normal tissue.

 ► Association of LAYN expression with Tregs and exhausted CD8+ T cells.
 ► Novel CD8+ FoxP3+ regulatory- like cells were present in the HCC TME.
 ► Greater clonal expansion indicating tumor reactivity of CD8+ T cells and 
Tregs within the TME as compared with non- TME and PBMC.

Zheng et al, 
201739

Breast carcinoma scRNA- Seq  ► Greater heterogeneity in T cell and myeloid cell types in the TME, with 
genes related to signaling pathways like inflammation and hypoxia.

 ► Phenotypic states of T cells were affected by both TCR stimulation and 
the signals from the TME.

 ► Findings support the continuous T cell activation but not macrophage 
polarization model in cancer.

Azizi et al, 
201840

Basal cell 
carcinoma

scATAC- Seq  ► Exhausted CD8+ T cells and T follicular helper cells were expanded 
post- anti- PD1 immunotherapy.

 ► These cells potentially share a common gene regulatory program which 
drives their development post- immunotherapy.

Satpathy et al, 
201942

Triple- negative 
breast cancer

MIBI  ► Tumor tissue architectures are correlated with expression of PD1, PD- L1 
and IDO.

 ► Compartmentalized tumors, that is, ordered immune structures along 
with tumor border, is associated with superior survival of the patients.

Keren et al, 
201843

Colorectal cancer scRNA- Seq, 
mIHC

 ► Tumor tissue was enriched with T cells with more exhausted, clonally 
expanded and less mobile phenotypes while the normal tissue and PB 
was associated with a more naive or recently activated phenotype.

 ► CXCL13+ BHLHE40+ IFNG+ Th1- like cells were clonally expanded and 
enriched in tumors that displayed microsatellite instability, providing a 
possible explanation for their response to checkpoint blockade therapy.

Zhang et al, 
201841

Lung 
adenocarcinoma

CyTOF, 
scRNA- Seq, 
mIHC

 ► Reduced T effector/Treg ratio and NK cell and CD16+ monocyte 
numbers in tumor tissue.

 ► Reduced CD141+ DCs and increased PPARγhi macrophages in tumor
 ► CD141+ DCs were implicated in formation of TLS.
 ► Targeting tumor- infiltrating myeloid subsets could potentially enhance T 
cells response.

Lavin et al, 
201744

CyTOF, cytometry by time of flight; DC, dendritic cell; HCC, hepatocellular carcinoma; IDO, indoleamine- pyrrole 2,3- dioxygenase; MAIT cells, 
mucosal- associated invariant T cells; MIBI, multiplexed ion beam imaging; mIHC, multiplex immunohistochemistry; NK, natural killer; PBMC, 
peripheral blood mononuclear cell; scATAC- Seq, single- cell assay for transposase- accessible chromatin sequencing; TAM, tumor- associated 
macrophage; TCR, T cell receptor; TLS, tertiary lymphoid structures; TME, tumor microenvironment.
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landscape would be a valuable resource in understanding 
and developing new therapeutic strategies.

A similar scRNA seq study by Azizi et al was done on 
breast carcinoma, but on a larger scale of 47 016 single 
immune cells collected from eight patients.40 The authors 
found that the heterogeneity of T cells and myeloid cells 
greatly increased in tumor tissue as compared with normal 
breast tissue, with about double the number of unique cell- 
subsets. Genes which contributed most to this diversity were 
related to signaling pathways such as inflammation, hypoxia 
and nutrient supply, suggesting complex responses and 
modifications in adaptation to the hostile TME.40 Paired 
scRNA- Seq and TCR sequencing also enabled the authors 
to map gene expression to TCR clone in each cell, and their 
data suggested that the phenotypic states of T cells were 
likely to be affected by both TCR stimulation and signals 
from the TME. Moreover, in macrophages, both M1 and 
M2 associated genes were often expressed by the same cells, 
challenging the conventional model of polarized macro-
phage phenotypes.40 The ability to extract such detailed 
information would help to improve the understanding in 
the protumor or antitumor roles of the immune cells in 
breast cancer.

Another study by Zhang et al on colorectal cancer 
(CRC) also used scRNA- Seq and TCR sequencing to 
map the distribution, clonal expansion, migration and 
developmental transitions of sorted T cells from tumor 
tissue, adjacent normal tissue and peripheral blood.41 
Similar to previous studies described above, they found 
that tumor tissue consisted of CD8+ and CD4+ T cells 
with more exhausted, clonally expanded and less mobile 

phenotypes while normal tissue and peripheral blood 
were associated with a more naive or recently activated 
phenotype. The authors were also able to analyze devel-
opmental patterns between these immune subsets across 
tissue types based on their TCR clonotypes and identify 
a population of CX3CL13+BHLHE40+IFNG+ Th1- like 
cells which were developmentally linked to T- effector 
memory cells.41 These cells were enriched in CRC tumors 
which demonstrated microsatellite instability, a tumor 
phenotype associated with response to anti- PD1 immuno-
therapy. Thus, single- cell technology enabled the authors 
to better explain the mechanisms behind successful 
immunotherapy and provided a basis to focus on these 
novel T cells as a therapeutic target.41

The study of open, actively- transcribed chromatin regions 
can also bring insights into immune cell heterogeneity in 
the TME. Satpathy et al used scATAC- Seq to examine the 
chromatin profile of primary tumor biopsies from patients 
with basal cell carcinoma receiving anti- PD1 immuno-
therapy.42 It was found that CD8+ exhausted T cells as well as 
T follicular helper cells were expanded post- therapy. More-
over, these two cell- types shared a set of transcription factor 
motifs associated with their differentiation, suggesting a 
common gene regulatory program driving their develop-
ment following anti- PD1 immunotherapy.42

An mIHC technology called MIBI described by Angelo 
et al holds great potential for future multiplex TME studies 
of tumor tissues.36 This method uses an oxygen primary 
ion beam to rasterize the tissue sample surface and is tech-
nically capable of detecting up to 100 different markers 
in repeated scan cycles of the same field of view.36 First 
described in 2014, this technique has now been improved 
for full- automation and was used to interrogate the TME 
in triple- negative breast cancer (TNBC).43 With a panel of 
36 markers targeted at tumor- related proteins, functional 
markers, immune- related and immunoregulatory proteins, 
the authors were able to construct a tumor- immune land-
scape of TNBC and correlate features such as tissue archi-
tecture and cellular phenotype to the clinical parameters 
of the patients.43 For example, they classified the tumor- 
immune composition and organization in TNBC into three 
archetypes: cold (with few immune cells), mixed (with 
tumor and immune cells mixed together) and compart-
mentalized (with tumor and immune cells spatially sepa-
rated) and found that the compartmentalized organization 
correlated with better survival.43

Finally, a combination of multidimensional technolo-
gies was used by Lavin et al to dissect the immune micro-
environment in early lung adenocarcinoma.44 CyTOF and 
scRNA- Seq analyses uncovered a distinct tumor macro-
phage signature when compared with their normal lung 
counterparts and a high ratio of tumor- specific macro-
phage to lung- resident macrophage gene expression was 
correlated with poorer patient survival.44 Distinct changes 
in the phenotypes of lymphocytes and antigen- presenting 
cells (APCs) were also found in the tumor as compared with 
normal lung tissue. For instance, NK cells, CD16+ mono-
cytes and CD141+ dendritic cells (DCs) were found to be 

Figure 2 Characteristics of selective immune subsets 
important for antitumor immune activity as revealed by 
multidimensional immunoprofiling. (A) Immune cell- types 
correlated with immunosuppressive characteristics in the 
TME and poorer clinical outcome in patients with cancer. 
(B) Immune cell- types correlated with antitumor immunity 
and better clinical outcome in patients with cancer. TAM, 
tumor- associated macrophage; Th1, T- helper type 1 cells; 
TME, tumor microenvironment; Treg, regulatory T cells; TRM, 
tissue- resident memory cells.
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reduced whereas PPARγhi macrophages were enriched in 
tumor tissue.44 CD141+ DCs in particular has been impli-
cated in T cell recruitment and the formation of tertiary 
lymphoid structures. Moreover, this immune signature 
characteristic of the tumor lesions was independent of 
TNM staging, suggesting that immunotherapy targeting 
this innate immune pathway, particularly tumor- infiltrating 
myeloid subsets, might benefit patients even at an early 
stage.44 Thus, the combination of scRNA- Seq, CyTOF and 
mIHC enabled the authors to understand and explain how 
immune cell interactions might contribute to tumorigen-
esis and use this information to formulate potentially novel 
therapeutic strategies for the patients.

HIgH-dImensIonAl Immune profIlIng for bIomArkers 
dIsCovery In ImmunotHerApy
Apart from enabling a deeper understanding of the local 
immune response in the TME, these advanced, high- 
dimensional technologies have also been highly valuable 
in screening for immune- related gene and/or protein 

signatures which might serve as potential biomarkers in 
predicting response to cancer therapy (table 2).

One particular study in HCC investigated the immune 
response to Yttrium-90 radioembolization (Y90- RE) using 
CyTOF on tumor- infiltrating leucocytes and PBMCs.45 
The authors tracked the immune response pre- Y90- RE 
and post- Y90- RE treatment and detected increased 
immune subsets such as TNFα-expressing CD8+ and 
CD4+ T cells and APCs in post- treatment PBMCs, indi-
cating an active systemic immune response elicited by 
Y90- RE therapy. They also discovered that patients who 
demonstrated a sustained therapeutic response to Y90- RE 
treatment showed higher percentages of CD8+ T cells 
expressing PD-1 (suggesting preactivation) and chemo-
kine receptors, CCR5 and CXCR6 (suggesting homing to 
the tumor), in both the pretreatment and post- treatment 
PBMCs.45 Based on this differential expression of immune 
markers in pretreatment PBMCs, a predictive model 
for sustained clinical response to Y90- RE treatment was 
built and validated.45 Thus, the ability to conduct deep 

Table 2 Biomarker discovery and disease prognosis after cancer therapy

Cancer type

High 
dimensional 
technology Key observations References

Hepatocellular 
carcinoma

CyTOF  ► Responders to Y90- RE showed higher percentages of PD-1- and 
Tim-3- expressing T cells, CCR5- and CXCR6- expressing CD8+ T 
cells and PD1+ CD45RO+ CD4+ T cells in their PBMC, both pre- and 
post- Y90- RE.

 ► Increased TNFα expression on T cells and increased numbers of 
APCs was detected in PBMC at 1 month and 3 months post- Y90- RE 
respectively, indicating an active immune response.

Chew et al, 201845

Melanoma CyTOF  ► Higher frequency of classical monocytes (CD14+ CD16- CD33+ 
HLADRhi) with antigen- presenting capability in pretreatment PBMC 
predicted response to anti- PD1 treatment and better survival in 
patients.

 ► Lower CD8+ and CD4+ T cell frequencies in the PBMC of potential 
responders to immunotherapy.

Krieg et al, 201746

Melanoma scRNA- Seq, 
mIHC

 ► The ratio of activated memory CD8+ T cells to exhausted CD8+ T cells 
in tumor biopsies was predictive of response to checkpoint therapy.

 ► A higher TCF7+ CD8+ T cell frequency was predictive of response and 
better survival after ICB.

Sade- Feldman et al, 
201847

Melanoma scRNA- Seq, 
mIHC

 ► An immune resistance program expressed in malignant cells was found 
to be associated with poorer survival in patients with melanoma and 
also distinguished responders to ICI therapy from non- responders.

 ► This program could be suppressed by CDK4/6 inhibitors, thus 
potentially providing a way to alleviate ICB resistance in melanoma 
patients

Jerby- Arnon et al, 
201848

Melanoma CyTOF, 
scRNA- Seq

 ► The reduction of total B cell numbers in PB correlated with a shorter 
time to onset and more severe irAEs following combination ICB 
therapy.

 ► A specific population of CD21lo IgD- CD27+ PD1+ memory B cell 
increased after ICB.

Das et al, 201749

CyTOF, cytometry by time of flight; ICB, immune checkpoint blockade; irAE, immune- related adverse event; mIHC, multiplex 
immunohistochemistry; PBMC, peripheral blood mononuclear cell; scRNA- seq, single- cell RNA sequencing; Y90- RE, Yttrium-90 
radioembolization.
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immunophenotyping could guide the discovery of poten-
tial predictive biomarkers for clinical response to aid in 
treatment decisions in patients.

Similar studies to predict response to immunotherapy 
have also been done in melanoma. Krieg et al also 
employed CyTOF to characterize the lymphocytes and 
myeloid cells in patients with melanoma before and after 
anti- PD1 immunotherapy and found that the frequency of 
CD4+ and CD8+ T cells was lower, while that of the myeloid 
cells was higher in the PBMCs of responders.46 This was 
also reflected in the TME where responders had higher 
frequencies of tumor- infiltrating CD4+ and CD8+ T cells. 
Moreover, a higher frequency of CD14+CD16-CD33+HLA- 
DRhi monocytes capable of antigen- presentation was 
found in the PBMCs of patients before anti- PD-1 therapy, 
and hence, predictive of a more favorable response to 
treatment and survival.46 These monocytes also expressed 
ICAM-1, suggesting a more activated status. Thus, this 
study provided a rationale to validate this immune- cell 
signature for clinical stratification of patients before anti- 
PD1 therapy.

Besides CyTOF, scRNA- Seq has also proven to be very 
useful in the search for potential biomarkers predictive of 
response to therapy. Sade- Feldman et al conducted single- 
cell analysis on tumor biopsies taken at baseline and 
during treatment, from patients with metastatic mela-
noma who underwent immune checkpoint therapy.47 
They found that CD8+ T cells from the biopsies could 
be clustered into two major states based on gene expres-
sion: one associated with memory, activation and survival 
(including Wnt transcription factor-7, TCF7) and the 
other with cell exhaustion. The ratio of the activated to 
exhausted CD8+ T cells in the tumor correlated with the 
patients’ response to immunotherapy. This was then vali-
dated by IHC staining whereby a higher density of memory 
and activated TCF7+CD8+ T cells in tumor tissue, both at 
baseline and post- treatment, was indeed associated with 
better response to immunotherapy.47 Thus, this study 
highlights the capability of scRNA- Seq in screening for 
potential biomarkers in tumor infiltrating immune cells 
of the patients who might benefit from immunotherapy.

Biomarker discovery is not limited to immune cell 
types; potential biomarkers might also be found in malig-
nant cells. Jerby- Arnon et al, using scRNA- Seq, reported 
an immune resistance molecular signature expressed by 
melanoma tumor cells which was associated with lower 
levels of CD8+ T cell infiltration and resistance to immune 
checkpoint therapy.48 The authors validated this with 
mIHC, showing that the expression pattern of this resis-
tance program (p53, Myc, DLL3, HLA- A, c- Jun, SQSTM1 
and LAMP2) was associated with T cell exclusion in 
tumor tissue. Moreover, it was shown that this resistance 
program could potentially be regulated by CDK4/6 
inhibitors.48 Thus, scRNA- Seq provided the capability to 
identify potential biomarkers on malignant cells which 
could predict response to immunotherapy and to ratio-
nally formulate potential drug targets to enhance this 
response.

High- dimensional immunomonitoring could also 
be used to identify potential predictive biomarkers for 
immunotherapy- induced irAEs. For instance, a combi-
nation of flow cytometry, CyTOF and scRNA- Seq was 
employed to analyze changes (pretreatment and post- 
treatment) in circulating B cells of patients with advanced 
melanoma who received combination ICB therapy or 
mono- ICB (anti- CTLA-4 or anti- PD-1).49 It was found that 
a significant decline in overall B cell numbers postimmu-
notherapy correlated with a shorter time to onset and 
higher grade of irAEs following combination ICB, possibly 
providing an early biomarker for immunotherapy- induced 
autoimmunity. Moreover, this study identified an increase 
in circulating CD21lo B cells with enhanced activation 
and IFN-γ signaling post- immunotherapy, suggesting that 
this population might be an unintended target of combi-
nation ICB.49 Thus, these high- dimensional technolo-
gies demonstrate the potential for the identification of 
biomarkers to predict immunotherapy- induced irAEs, for 
better therapeutic strategies in the clinics.

It should be acknowledged that in many of these 
studies, especially those employing scRNA- Seq, the cohort 
of patients enrolled is small, which raises the question of 
small sample bias. Nonetheless, they show the capability 
of these high- dimensional technologies in screening for 
potential biomarkers predictive of clinical outcome after 
immunotherapy (table 2) and provide a rational basis for 
validating these signatures in larger cohorts of patients.

future dIreCtIon of multIdImensIonAl Immune 
profIlIng teCHnology
The development of single- cell, multi- parametric tech-
nology has revolutionized the field of immune profiling. 
Nonetheless, there is still much room for improvement 
in terms of profiling capacity, scalability and cost. Newer 
technologies and methods of analysis are currently being 
developed, which will enable researchers to conduct 
profiling at an even higher dimensionality and depth.

The use of lanthanide- labeled antibodies and detec-
tion via mass spectrometry has been explored in tissue 
imaging, harnessing the high- dimensional capability of 
CyTOF for spatially- resolved proteomic measurements.35 
Besides MIBI (as mentioned above), another technique 
conducted laser ablation of FFPE tissue coupled with a 
CyTOF mass cytometer could achieve a 32- plex IHC anal-
ysis on proteins and their modifications.35 This technique 
was later extended to include mRNA analysis, enabling 
the simultaneous detection of 3 mRNAs and 16 proteins 
at a single- cell level in breast cancer tissue.50 In this study, 
the authors were able to study single- cell correlations 
between the mRNA and protein levels for HER2 and CK19 
genes. They also found that cells which expressed CXCL10 
(a T cell chemoattractant) often clustered together and 
were correlated with a higher frequency of T cells in the 
sample.50 With improvements in multiplexing capability, 
this technology holds great potential in furthering the 
study of the relationships between mRNA, protein and 
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signaling networks in the TME. These mass cytometry- 
based tissue proteomic imaging techniques hold several 
advantages over conventional IHC. One, would be the 
reduced background or sample autofluorescence signal 
with little or no spectral overlap between the lanthanide 
metal reporters.35 36 Moreover, mIHC could provide 
spatial or localization information of immune cells within 
TME. Finally, the ability to maximize the amount of infor-
mation obtained using mIHC techniques enables us to 
take full advantage of the abundant source of routinely 
archived FFPE clinical samples with long patient follow- up 
history.51

RNA sequencing is also currently being explored as 
a tool to conduct spatial studies. In a method termed 
Spatial Transcriptomics (ST),31 oligonucleotides were 
immobilized on glass slides with arrays of spots, each of 
which contained a positional barcode. Cryopreserved 
tissue sections were mounted on these slides and imaged, 
followed by permeabilization and reverse transcription of 
the mRNA from the tissue. Following probe release from 
the slide and sequencing, the positional barcodes allowed 
matching of the genes expression to their original posi-
tion in the tissue. This enabled the spatial, albeit bulk, 
expression of genes to be determined within the partic-
ular spot from the tissue section.31 The main limitation 
of this technology was the lack of single- cell resolution 
as each of these spots captured the transcriptomes of at 
least 10 or more cells from the same region. As an exten-
sion of this method, scRNA- seq was integrated with ST by 
separately performing scRNA seq and ST from one half of 
the same tissue and inferring the enrichment of specific 
cell subsets by comparing the gene signature defined by 
scRNA seq with ST genes enriched for that same region.52 
The specific cell types would be inferred using a statistical 
deconvolution method which had been used previously 
to estimate cell- type proportions in bulk tissue RNA seq 
data.53 This method allowed the identification of three 
populations of cancer cells in pancreatic ductal adenocar-
cinoma and their distinct locations in the tumor.52

The imaging of RNA has since been further expanded 
by using a method called multiplexed error- robust fluo-
rescence in situ hybridization (MERFISH), capable 
of imaging up to 10,000 RNA species at the single cell 
level.30 54 Cellular RNA was labeled with encoding probes 
containing a target sequence and two readout sequences, 
followed by successive rounds of hybridization and 
imaging using readout probes. Thus, the expression of 
RNA at a single- molecule level could be spatially located 
within a single cell.30 Moreover, using an RNA velocity 
approach modified from La Manno et al,55 a pseudotime 
ordering of cell- cycle phases was constructed.30 Finally, 
scRNA- seq was combined with MERFISH to investigate 
the hypothalamic preoptic region in mice.56 With such 
advanced tools, it is conceivable that the characteristics, 
phenotype and localization of tumor and immune cells 
within the TME could be more clearly defined so that 
the mechanisms of tumor progression and response to 
therapy could be better understood.

Increasingly, sequencing technologies are being 
harnessed to increase multiplexing capability of immune 
proteomic profiling. For instance, a recently devel-
oped technique called antibody- sequencing (Abseq) 
has increased the dimensionality of single- cell protein 
profiling to an even greater extent, providing theo-
retically limitless multiplexing capability.57 Abseq uses 
DNA oligo- tagged antibodies which are identified at the 
single- cell level using droplet microfluidic barcoding and 
DNA sequencing technology. With a short tag length of 
10 bases, Abseq provides more than a million unique 
sequences for epitope identification and could theoreti-
cally label every single member of the human proteome, 
detecting as low an expression as a single antibody per 
cell.57 As an extension to Abseq, another technique called 
Cellular Indexing of Transcriptomes and Epitopes by 
Sequencing (CITE- Seq) enables the simultaneous, unbi-
ased, multiplex profiling of both the proteome and tran-
scriptome of a single cell.58 Protein epitopes are detected 
via oligonucleotide- conjugated antibodies (similar to 
Abseq). After separation into single cell droplets, cell lysis 
releases cellular mRNA and the oligonucleotides bound 
to the cell- surface epitopes and allows for separate anal-
yses.58 This technique provides the ability to study gene 
and protein expression within a single cell simultaneously 
and would enable researchers to understand how the cell 
might regulate its transcriptome and protein phenotype 
under different biological conditions. These technologies 
are currently only suitable for the detection of surface 
protein markers, a limitation which could be overcome 
with future improvements in RNA- seq technology.

The huge volume of data generated in a scRNA- Seq 
experiment also provides a wealth of information which 
can be analyzed in various ways, allowing researchers to 
conduct their investigations from different angles. One 
such dimension has been called pseudotime analysis, 
referring to computational models which order cells 
along a trajectory based on similarities in their expres-
sion patterns.59 Also known as trajectory inference (TI) 
methods, these models operate under the assumption 
that single- cell data is a snapshot of a continuous process 
of different cells at different time points along a common 
developmental process.60 A multitude of TI methods 
are available, as reviewed in Salens et al (2019).59 Such 
analyses could be useful in understanding how immune 
cell development is affected by tumor progression and 
vice versa. For example, the study done by Zheng et al 
mentioned above also conducted a pseudotime analysis 
on CD8+ T cells from the TME, placing the CD8 cell clus-
ters in an order from a naïve, to an effector and finally 
to an exhausted phenotype, demonstrating a transition 
from activation to exhaustion.39

Many of these single- cell technologies currently stand 
in their infancy: protocols and techniques are still being 
optimized. Consequently, the cost of conducting large- 
scale screening of patients in a clinical setting would likely 
be too high to be feasible. Nonetheless, as these technol-
ogies improve, and with commercialization, increased 
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efficiency and throughput aas well as lower costs could 
make them available to clinical laboratories in the future.

ImplICAtIons for ImmunotHerApy And ConClusIon
The TME is heterogeneous and complex in its molecular 
and immunological features.61 Multiple immune subsets 
and factors in the TME greatly influence the outcome of 
immunotherapy2 and disease prognosis.62 As described in 
the review above, the balance between immune evasion 
and antitumor activity, as well as a patient’s response to 
therapy, is greatly affected by the recruitment or accu-
mulation of specific immune cell types, which in turn 
influence the immune response in TME. Importantly, the 
variation in these cellular subsets, both within and across 
cancer types, precludes the development of a single 
effective treatment for all patients. The success of cancer 
immunotherapy, therefore, likely hinges on the ability 
to tailor personalized courses of therapy to each indi-
vidual patient, based on their immune profiles. In order 
to achieve such personalized treatment, it is necessary to 
be able to capture the heterogeneity of TME within each 
cancer type and to gain a mechanistic understanding of 
how each network interacts and functions. Such knowl-
edge will help to predict the clinical response to treat-
ment as well as to design better therapeutic strategies for 
the patients. The ability to conduct deep immunopheno-
typing at a single- cell level and to simultaneously extract 
transcriptomic, proteomic and spatial information 
propels us closer to the goal of designing more effective 
personalized immunotherapy.
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