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Abstract
The systematic profiling of cellular functions and phenotypes, especially for cancer and inflammation diseases, enables patient stratification strategies and personalized 
medicine approaches. These studies include quantification of cell surface phenotypic and activation markers, and detection of secreted proteins and peptides. This 
information can aid discovery of both clinical biomarkers, as well as Ex Vivo/ In Vitro read-outs to guide development of novel therapeutics. The focus of this review 
is to highlight the value of the precision medicine data generated using novel high-dimensional technologies, such as mass cytometry (MC) and imaging MC, and to 
review emerging data tools which enable comprehensive data analysis and elucidation. Integration of these novel multiplex read-outs and corresponding mathematical 
analyses has facilitated discovery of previously unrecognized prognostic clinical biomarkers. 

Correspondence to: Ilona Kariv, Ph.D., Merck & Co., Inc., 33 Avenue Louis 
Pasteur, Boston, MA, USA 02115, Tel: 617-992-2098, Fax: 617-992-2487, 
E-mail: Ilona_Kariv@merck.com 

Key words: mass cytometry, single cell immunophenotyping, tissue imaging, 
immunoclust imaging analysis

Received: October 10, 2017; Accepted: October 27, 2017; Published: October 
29, 2017

During the last two decades our knowledge of cellular homeostasis 
during disease origination and progression has significantly advanced 
due to the systematic profiling of cellular functions and phenotypes, 
especially for immune-cell mediated pathologies [1,2]. In fact, many 
clinical trials now include cellular immunophenotyping as a biomarker 
component [3,4]. Patient specimens, often as small as a core needle 
biopsies or superfluous volumes of routinely collected fluids such as 
blood or sputum [5], are tested  by a multitude of single cell profiling 
methods focusing on gaining a better understating of the cellular 
milieu. These studies include quantification of cell surface phenotypic 
and activation markers [6], ex-vivo response analysis to therapies 
[7], and detection of secreted proteins and peptides [8]. Multiplexed 
analyses throughout clinical trials have enabled the collection of 
valuable information from precious and limited patient specimens 
applied to investigate cellular disease perturbations. Ultimately these 
data aid in the development of disease diagnostic and prognostic tools, 
and more importantly determine patient stratification strategies which 
enable personalized medicine approaches. The focus of this review is 
to highlight the value of the translational data generated using novel 
technologies, such as mass cytometry (MC) and imaging MC, which 
has brought single cell immunophenotyping and imaging of the tumor 
microenvironment and other tissues to a new forefront, and to review 
emerging data tools which enable comprehensive data analysis and 
interpretation, often identifying previously unrecognized connections 
between cellular phenotypes and functions in healthy and diseased 
states [9-12].

Although still in early development, MC based single cell 
immunophenotyping and analysis are steadily gaining recognition and 
becoming a mainstay in not only immune-mediated disease research, 
but in interrogating basic biology of other therapeutic targets [13-16]. 
MC or cytometry by time of flight (CyTOF) merges concepts of both 
flow cytometry and mass spectrometry [17,18]. This method relies on 
the binding of the labeled antibodies (Abs) to detect specific cell surface 
antigens (Ags) or intra-cellular proteins, similar to the well-established 
flow cytometry (FC) and other immunofluorescence based techniques. 
However, fluorescent signal spillover associated with traditional flow 

cytometry methods limits signal detection to 12-15 analytes for a single 
sample [18,19]. Furthermore, a typical phenotyping panel of 12 colors 
may permit only 2-3 markers to be dedicated to the identification of 
each of the major immune cell subsets, hence phenotyping of highly 
heterogeneous samples becomes particularly challenging because 
markers included in a detection panel are used to positively identify 
multiple cellular populations and activation states. In contrast to FC, 
detection Abs for the MC method are labeled by lanthanide metals, and 
the actual read-out is the mass of the analytes associated with single 
cells by high-resolving mass spectrometry. Given that the lanthanide 
metal-tags are not endogenously found in biological systems, this 
detection method has virtually no background signal that needs to be 
compensated as in fluorescence-based techniques [21]. The merging of 
highly specific Ab binding and a precise detection of metal traces by 
mass spectrometry allows for detection of an unprecedented number 
of total analytes, currently upwards of 50, to be accurately quantified 
on a single cell level [22,23]. Furthermore, the resolution of available 
analytes is relatively similar across the entire mass range available for 
CyTOF [24], allowing for the same staining sensitivity for abundant 
and lower density antigens. This advantage simplifies Ab panel design 
as the low abundance antigens can now be discerned equally by 
almost all the metal tags spanning the whole mass channel range. This 
is in contrast to flow cytometry where rare antigens are typically 
stained by Abs conjugated to brightest fluorophores, such as PE or 
BV421 [25-27], in order to provide adequate signal resolution from 
background detection. 
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Even though CyTOF instruments have been commercially 
available for only five years, in this short period of time an ever 
increasing number of novel and groundbreaking findings have 
been published [28-31]. For example Hansmann et al. (2015) have 
used a multiplexed 39-parameter MC analysis to identify a novel 
memory B cell subset (CD24loCD38+CD27+) that is highly enriched 
and unique to  multiple myeloma (MM) patient peripheral blood 
mononuclear cells (PBMCs) [32]. While the precise function of these 
cells remains to be elucidated, the fact these memory B-cells were not 
detected, using a similar multiplexed MC analysis, in other cancer 
types, demonstrated a unique association and a potential diagnostic 
biomarker for MM. Similarly, Thomas, et al. (2017) applied a high-
dimensional MC panel to demonstrate that while traditional use of 
CD14 and CD16 expression is suitable for identification of classical 
monocytes, defined as CD14brightCD16-neg,,  these two markers alone fail 
to adequately identify non-classical (CD14+CD16+) and intermediate 
(CD14brightCD16+) monocytes [33]. The authors show that by utilizing 
a 36 marker- mass cytometry phenotyping panel, including CD14, 
CD16, CCR2, CD36, CD64, HLA-DR and CD11C and other markers, 
can be used conclusively to identify these rare monocyte subsets. The 
monocyte heterogeneity was also interrogated by Hamers et al. (2017) 
using a 40-plex MC phenotyping panel, where a classical monocyte 
subset, identified by co-expression of CD61 and CD9, was postulated 
to have implications in cell adhesion or platelet activation[34]. These 
findings are particularly important given that dynamic changes of 
monocyte populations in blood and tissues are often associated with 
various diseases, such as infections and autoimmune disorders [35-38]. 
Thus, an accurate frequency of distribution tracking of the relevant cell 
subtypes provides value in diagnosis and prognosis of different disease 
states. Another study by Lavin et al. (2017) demonstrates the advantage 
of using an extensive mass cytometry phenotyping panel in parallel 
with detection of secreted cytokines [39]. In this study, the authors 
systematically profiled disease mediated changes in the immune 
cell compartment in tumor specimens, normal adjacent tissue, and 
the peripheral blood in early lung adenocarcinoma naïve patients 
in response to treatment. More than 30 cell surface markers of the 
lymphoid and myeloid origin were profiled in 32 patients’ specimens, 
allowing the identification of immune cells likely responsible for 
promoting an immunosuppressive microenvironment. The authors 
report that the tumor microenvironment, even as early as in stage I lung 
adenocarcinoma, was enriched for PD-1hiCTLA-4hi regulatory T-cells, 
and PPARγhi macrophages [39]. Furthermore, an increase in CX3CL1 
positive cells [39]at the tumor lesion could provide a potential target 
for novel therapeutic strategies. Additionally, the authors suggest that 
based on the differences in expression profiles of myeloid cells in tumor 
lesions as compared to the normal tissue, a neo-adjuvant or adjuvant 
immunotherapy may be an appropriate course of treatment [39], with 
the ultimate goal of shifting the balance and repopulating the tumor 
microenvironment with infiltrating lymphocytes, and harnessing the 
individual’s own immune system to fight the cancer. 

Multiparametric studies of single cells as enabled by mass cytometry 
can also assist in defining sample integrity for clinical biomarkers 
studies. This is of particular importance considering that collection of 
patient specimens and downstream analyses often occur at different 
locations and are accompanied by significant time delays associated 
with sample transport, and the need for simultaneous analysis of all 
collected samples for a given study. Therefore researchers frequently 
rely on data obtained using cryopreserve specimens. Indeed, significant 
evaluations have been carried out in the past to determine proper 
isolation, shipping and storage conditions of various bio-specimens 

[40,41], as well as assessment of the effects of cryopreservation on 
sample integrity [42,43]. The conclusions from many of these studies 
are variable and contradictory. While some publications state that fresh 
and frozen specimens are equivalent [44], others report on potential 
limitations in the use of frozen specimens [45].  These discrepancies are 
possibly in part due to the restrictions associated with FC, allowing for 
only a focused subset of markers to be evaluated on fresh and frozen 
specimens. Our recent study employed an unbiased and comprehensive 
MC phenotyping panel. These data revealed significant reduction of 
expression levels of multiple markers upon cryopreservation, most 
notably myeloid derived suppressor cells (MDSC), defined by co-
expression of CD66b+ and CD15+, HLA-DRdim and CD14- phenotype, 
while most lymphoid markers were unaffected as evident by staining 
equivalency of fresh and cryopreserved specimens [46].  In addition 
more recent reports  [47,48] have demonstrated the applicability of  
MC-based single-cell analysis to interrogate novel immune-checkpoint 
receptors’ therapies. 

To date most of the FC and MC knowledge is delineated from 
single cell suspensions, thus negating cellular co-localization and 
potential implications of neighboring cells to the tissue homeostasis. 
A more recent advancement to the mass cytometry is the application 
of the mass tagged analytes to interrogate sections of tissues and 
adherent cells, rather than cell suspensions, hence giving researchers 
an unprecedented spatial resolution of the cellular microenvironment 
and composition. Imaging mass cytometry (IMC) and multiplexed 
ion beam imaging (MIBI) can essentially be both considered as a 
high-content IHC or IF, with resolutions similar to light microscopy 
and high multiplexing abilities of CyTOF [49] . For the IMC method, 
tissue sections are ablated by a high-powered laser, releasing clouds of 
particles which are then carried to the mass cytometer and analyzed 
accordingly [50]. In contrast, MIBI quantifies secondary ions which are 
released when tissues are subjected to a rasterized oxygen primary ion 
beam under vacuum pressure [51]. Both methods employ previously 
established methods for tissue preparation and staining with isotopically 
pure lanthanide tagged antibodies and acquisition is accomplished by a 
mass spectrometer. The acquired data is then processed to reconstruct 
images of the tissue sections, which can be further analyzed by 
traditional bioinformatics methods. Currently IMC and MIBI allow 
for up to 32 markers to be simultaneously visualized on single tissue 
sections [52], while traditional colorimetric immunohistochemistry 
(IHC) staining necessitates the consecutive processing of up to only 
four analytes on the same slide, in order to achieve multiplexing [53]. 
Immunofluorescent (IF) staining methods allow for the quantification 
of up to 7 simultaneous markers, limiting the number of analytes 
due to spectral overlap of the fluorescent probes [54].  Because of the 
limitations of the traditional methods an unbiased multiplexed analysis 
of tissue sections and adherent cells is challenging as both IHC and IF 
can only employ a select few of analytes for interrogation. Giesen, et al. 
(2014) applied a 32-plexed IMC panel to 32 FFPE breast cancer samples, 
and interrogated the tissue for HER2 expression levels, a common 
biomarker currently used for patient stratification [55,56], while a 
smaller cohort of breast cancer tissue samples, also focusing on HER2 
was carried out by both Angelo et al. and Rost et al. using MIBI. The 
data highlighted in all three of these studies provided proof of concept 
by using tissue specimens with known HER2 levels and showed a 
significant correlation with established methods [50,51]. Furthermore, 
these studies demonstrate the applicability of both IMC and MIBI for 
the greatly improved delineation of tumor heterogeneity and cellular 
interactions. Even though commercial IMC and MIBI modules have 
only recently become available to the research and clinical laboratories, 
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no doubt that yet unrealized potential of these technologies will further 
advance our understanding of the tissue microenvironment, and 
thus benefit the discovery of novel translational biomarkers to drive 
therapeutics discovery. A summary of technical features of MC and 
emerging imaging adaptations to MC as compared to more traditional 
methods is summarized in table 1. 

With the widespread applications of highly-multiplexed single cell 
analysis methods, the development of new data processing methods, 
needed to abridge big data sets into manageable and meaningful results, 
has become the next frontier. For example, the use of dimensionality 
reducing algorithms such ViSNE [61] and clustering methods common 
for SPADE analysis [62], has greatly improved the post-acquisition data 
analysis workflow, making traditional semi-manual hierarchical or 
two-dimensional gating obsolete. Both ViSNE and SPADE process the 
data in an unbiased approach by employing algorithms that evaluate all 
the different signals simultaneously and group cell subsets based on the 
expression of all tested markers, thus uncovering cellular phenotypes 
which may have been overlooked using traditional hierarchical 
approach. While both ViSNE and SPADE have been the most widely 
used and validated applications for the analysis of high-dimensional 
data, a number of other algorithms using dimensionality reduction and 
clustering is becoming available for use [63]. 

However, these analytical methods, geared towards analyzing 
single cell data, do not accurately depict spatial information when 
imaging tissue sections. For this purpose, histology topography 
cytometry analyses toolbox (histoCAT) has been developed by the 
University of Zurich researchers [64]. This software relies on the pre-
processing of images, such as cell segmentation by CellProfiler [65] or 
other methods, followed by pixel based processing in histoCAT to re-
create spatial co- localization of the cells. The single cell information is 
then overlaid on the segmentation masks allowing the identification of 
cellular features, including abundance of measured markers, cellular 
morphological features, such as size and shape, and more significantly, 
information about cellular microenvironment, such as co-localization 

of the neighboring cells and cell crowding [50,51]. Schapiro, et al. 
used histoCAT to analyze 49 diverse breast cancer specimens and 
matched normal controls, which were imaged via multiplexed IMC. 
They could identify 29 unique phenotype clusters as defined by 
expression of specific epitopes, and subsequently focused on clusters 
containing tumor associated macrophages (TAMs) [64] due to their 
known involvement in tumor progression or inhibition thereof [66,67]. 
Among other findings, their analysis indicated that the immediate 
cellular environment of TAMs is distinctly proliferative and hypoxic, as 
evident by expression of Ki-67 and carbonic anhydrase IX respectively 
[64]. Because both intra-tumor hypoxia and hyper proliferation are 
common hallmarks of breast and other cancers [68], these findings support 
proof of concept for multiplex tissue staining and data analysis tools. 

More recently, multifaceted tools, allowing integration of features 
common to a number of algorithms, such as ImmunoClust [69] 
and Scaffold/immune reference maps[70] have further facilitated 
automated mapping of cellular phenotypes in the whole organism. 
Using these advanced algorithms, Spitzer et al. have used mass 
cytometry to interrogate and analyze the bone marrow from wild-
type and mutant C57BL/6 mice and process cell data onto intuitive 
maps, allowing to distinguish between immune cell organization in 
specific genetic variants and even circadian rhythms tissues [70]. These 
studies exemplify how genetic, environmental, and pathophysiological 
causative factors can be linked to disease initiation and progression [70]. 

While mass cytometry has clear advantages over traditionally used 
fluorescent methods, there are various reasons why many labs continue 
to rely on flow cytometry studies. It is a well-established technology 
and has been used for immunophenotyping since the early 1970s, 
with instrument operation and data analysis workflows thoroughly 
optimized. Due to its long-standing existence, FC community 
represents a vast network of expertise that novel users can rely on. 
Reagents are easily accessible for multitude of antigens for different 
species as Ab- multiple fluorophore conjugates. In addition, the wide 
spread use of FC ultimately has brought instrument and reagent costs 
within budget for most research institutions thus making the choice 
a simpler one. Furthermore, development of newer and brighter 
flourochromes [71], increased acquisition speeds [72] and improved 
optics implemented during the last four decades of the flow cytometry 
use provided researchers with advanced single cell profiling methods. 
Most recent innovation in the flow cytometry platform (SymphonyTM, 
Beckton Dickinson, CA) allows for quantification of up to 30 
parameters. Therefore, many institutions opt not to make a choice 
between flow and mass cytometry, but rather prefer to complement 
different detections methods to obtain comprehensive data sets to 
advance knowledge of disease precision medicine. In fact Lavin et al. 
(2017), in their efforts to thoroughly map the innate immune landscape 
of early lung adenocarcinoma have employed numerous analysis 
methods beyond mass and flow cytometry, ranging from imaging of 
tissue sections by IHC to multiplexed profiling of secreted soluble 
factors and high-dimensional RNA sequencing.

These types of analyses wouldn’t be possible without the 
development of new tools [49], refinement of established platforms 
[72] and improvements in data processing and analysis methods [63]. 
Thus, enhancing knowledge of the cellular phenotypes using single 
cell profiling methods, and furthermore understanding of the cellular 
spatial co-localization in the complex tissue environment, will certainly 
improve clinical biomarker strategies and enable discovery of novel 
therapeutics. 

Single Cell Cytometry

Mass Cytometry Flourescent 
Cytometry References

Number of analytes
Routine analysis:40 
Theoretically: up 
to 100

Routine analysis: 12
Theoretically: up 
to 20

[17,22]
Autoflourescence & 
compensation needed No/No* Yes/Yes

Data acquisition rate 
(events/sec) 1000 Up to 40,000** 

Repeat acquisition of 
same sample? No*** Yes

Tissue Imaging

IMC MIBI Traditional IF/
IHC References

Number of analytes 32 10 7-12 (IF) / up 
to 4 (IHC) [50,54,57,58]

Resolution (nm) 1000 200+ ~ 20/ 200 [50,57,59]

Data acquisition rate Slow
Hours/mm2

Slow
Hours/mm2

Fast/ Fast
minutes/mm2 [50,52,57]

Repeat acquisition of 
same sample? No Yes Yes [50,57,60]

Table 1. Summary of distinguishing features between single cell mass cytometry and 
imaging mass cytometry as compared to traditionally applied methods. 

+Increase in resolution over IMC, however in this configuration high vacuum is needed. 
*Oxidation of metal tags well defined and can be easily discerned. ** Acquisition speed 
varies among the different flow cytometers, 40,000 events/sec attainable on LSR Fortessa 
(BD Biosciences).***Sample acquisition is terminal. 



Kadic E (2017) Advances in high-dimensional mass cytometry cell and tissue analyses for translational biomarker discovery

Integr Cancer Sci Therap, 2017      doi: 10.15761/ICST.1000258  Volume 4(6): 4-5

References
1.	 Shurin MR, Smolkin YS (2007) Immune Mediated Diseases: From Theory to Therapy. 

Springer Science & Business Media.

2.	 Chinen J, Badran YR, Geha RS, Chou JS, Fried AJ (2017) Advances in basic and 
clinical immunology in 2016. J Allergy Clin Immunol 140: 959-973. [Crossref] 

3.	 Streitz M, Miloud T, Kapinsky M, Reed MR, Magari R, Geissler EK, et al. (2013) 
Standardization of whole blood immune phenotype monitoring for clinical trials: 
panels and methods from the ONE study. Transplant Res 2: 17. [Crossref]

4.	 Freeman CM, Crudgington S, Stolberg VR, Brown JP, Sonstein J, et al. (2015) 
Design of a multi-center immunophenotyping analysis of peripheral blood, sputum 
and bronchoalveolar lavage fluid in the Subpopulations and Intermediate Outcome 
Measures in COPD Study (SPIROMICS). J Transl Med 13: 19. [Crossref]

5.	 Tuck MK, Chan DW, Chia D, Godwin AK, Grizzle WE, et al. (2009) Standard 
Operating Procedures for Serum and Plasma Collection: Early Detection Research 
Network Consensus Statement Standard Operating Procedure Integration Working 
Group. J Proteome Res 8: 113-117. [Crossref]

6.	 Kalos M (2011) Biomarkers in T cell therapy clinical trials.  J Transl Med  9: 138. 
[Crossref] 

7.	 Brower SL, Fensterer JE, Bush JE (2008) The ChemoFx assay: an ex vivo 
chemosensitivity and resistance assay for predicting patient response to cancer 
chemotherapy. Methods Mol Biol 414: 57-78. [Crossref]

8.	 Stastna M, Van Eyk JE (2012) Secreted proteins as a fundamental source for biomarker 
discovery. Proteomics 12: 722-735. [Crossref]

9.	 Simmons AJ, Scurrah CR, McKinley ET, Herring CA, Irish JM, et al. (2016) Impaired 
coordination between signaling pathways is revealed in human colorectal cancer using 
single-cell mass cytometry of archival tissue blocks. Sci Signal 9: rs11. [Crossref]

10.	O’Gorman WE, Kong DS, Balboni IM, Rudra P, Bolen CR, et al. (2017) Mass 
cytometry identifies a distinct monocyte cytokine signature shared by clinically 
heterogeneous pediatric SLE patients. J Autoimmun 81: 74-89. [Crossref]

11.	 Wogsland CE, Greenplate AR, Kolstad A, Myklebust JH, Irish JM, et al. (2017) 
Mass Cytometry of Follicular Lymphoma Tumors Reveals Intrinsic Heterogeneity in 
Proteins Including HLA-DR and a Deficit in Nonmalignant Plasmablast and Germinal 
Center B-Cell Populations. Cytometry B Clin Cytom 92: 79-87. [Crossref] 

12.	Han L, Qiu P, Zeng Z, Jorgensen JL, Mak DH, et al. (2015) Single-cell mass cytometry 
reveals intracellular survival/proliferative signaling in FLT3-ITD-mutated AML stem/
progenitor cells. Cytometry A 87: 346-356. [Crossref]

13.	Horowitz A, Strauss-Albee DM, Leipold M, Kubo J, Nemat-Gorgani N, et al. (2013) 
Genetic and Environmental Determinants of Human NK Cell Diversity Revealed by 
Mass Cytometry. Sci Transl Med 5: 208ra145. [Crossref]

14.	Newell EW, Sigal N, Nair N, Kidd BA, Greenberg HB, et al. (2013) Combinatorial 
tetramer staining and mass cytometry analysis facilitate T-cell epitope mapping and 
characterization. Nat Biotechnol 31: 623-629. [Crossref]

15.	Sen N, Mukherjee G, Sen A, Bendall SC, Sung P, et al. (2014) Single-cell mass 
cytometry analysis of human tonsil T cell remodeling by varicella zoster virus. Cell 
Rep 8: 633-645. [Crossref] 

16.	Nair N, Mei HE, Chen SY, Hale M, Nolan GP, et al. (2015) Mass cytometry as a 
platform for the discovery of cellular biomarkers to guide effective rheumatic disease 
therapy. Arthritis Res Ther 17: 127. [Crossref]

17.	Bandura DR, Baranov VI, Ornatsky OI, Antonov A, Kinach R, et al. (2009) Mass 
Cytometry: Technique for Real Time Single Cell Multitarget Immunoassay Based on 
Inductively Coupled Plasma Time-of-Flight Mass Spectrometry. Anal Chem 81: 6813-
6822. [Crossref]

18.	Bandura D, Ornatsky O, Majonis D, Wei Y, Baranov V, et al. (2015) Enhancements 
in mass cytometry for multiplexing samples and increasing cell detection rate 
(TECH3P.938). J Immunol. 

19.	Roederer M (2001) Spectral compensation for flow cytometry: Visualization artifacts, 
limitations, and caveats. Cytometry 45: 194-205. [Crossref]

20.	Nguyen R, Perfetto S, Mahnke YD, Chattopadhyay P, Roederer M (2013) Quantifying 
Spillover Spreading for Comparing Instrument Performance and Aiding in Multicolor 
Panel Design. Cytometry A 83: 306-315. [Crossref]

21.	Ornatsky O, Baranov VI, Bandura DR, Tanner SD, Dick J (2006) Multiple cellular 
antigen detection by ICP-MS. J Immunol Methods 308: 68-76. [Crossref] 

22.	Bendall SC, Nolan GP, Roederer M, Chattopadhyay PK (2012) A deep profiler’s guide 
to cytometry. Trends Immunol 33: 323-332. [Crossref] 

23.	Bjornson ZB, Nolan GP, Fantl WJ (2013) Single-cell mass cytometry for analysis of 
immune system functional states. Curr Opin Immunol 25: 484-494. [Crossref] 

24.	Tanner SD, Baranov VI, Ornatsky OI, Bandura DR, George TC (2013) An introduction 
to mass cytometry: fundamentals and applications. Cancer Immunol Immunother 62: 
955-965. [Crossref] 

25.	Chattopadhyay PK, Roederer M (2012) Cytometry: today’s technology and tomorrow’s 
horizons. Methods 57: 251-258. [Crossref] 

26.	Hulspas R, O’Gorman MR, Wood BL, Gratama JW, Sutherland DR (2009) 
Considerations for the control of background fluorescence in clinical flow 
cytometry. Cytometry B Clin Cytom 76: 355-364. [Crossref] 

27.	McLaughlin BE, Baumgarth N, Bigos M, Roederer M, De Rosa SC, et al. (2008) 
Nine-color flow cytometry for accurate measurement of T cell subsets and cytokine 
responses. Part I: Panel design by an empiric approach.  Cytometry A  73: 400-410. 
[Crossref] 

28.	Porpiglia E, Samusik N, Van Ho AT, Cosgrove BD, Mai T, et al. (2017) High-
resolution myogenic lineage mapping by single-cell mass cytometry. Nat Cell Biol 19: 
558-567. [Crossref] 

29.	Lujan E, Zunder ER, Ng YH, Goronzy IN, Nolan GP, et al. (2015) Early reprogramming 
regulators identified by prospective isolation and mass cytometry. Nature 521: 352-
356. [Crossref] 

30.	Fisher DAC, Malkova O, Engle EK, Miner C, Fulbright MC, et al. (2017) Mass 
Cytometry Analysis Reveals Hyperactive NF Kappa B Signaling in Myelofibrosis and 
Secondary Acute Myeloid Leukemia. Leukemia 31: 1962-1974. [Crossref]

31.	Fienberg HG, Nolan GP (2014) Mass Cytometry to Decipher the Mechanism of 
Nongenetic Drug Resistance in Cancer. In: Fienberg HG, Nolan GP Edtr. High-
Dimensional Single Cell Analysis: Mass Cytometry, Multi-parametric Flow Cytometry 
and Bioinformatic Techniques. Berlin, Heidelberg: Springer Berlin Heidelberg: 85-94.

32.	Hansmann L, Blum L, Ju CH, Liedtke M, Robinson WH, et al. (2015) Mass cytometry 
analysis shows that a novel memory phenotype B cell is expanded in multiple myeloma. 
Cancer Immunol Res 3: 650-660. [Crossref]

33.	Thomas GD, Hamers AAJ, Nakao C, Marcovecchio P, Taylor AM, McSkimming C, 
et al. (2017) Human Blood Monocyte Subsets: A New Gating Strategy Defined Using 
Cell Surface Markers Identified by Mass Cytometry. Arterioscler Thromb Vasc Biol 
37: 1548-1558. [Crossref]

34.	Hamers AA, Thomas GD, Kim C, Hedrick CC (2017) Diversity of Human Monocyte 
Subsets Revealed by CyTOF Mass Cytometry. J Immunol 198. 

35.	Ziegler-Heitbrock L (2007) The CD14+ CD16+ blood monocytes: their role in 
infection and inflammation. J Leukoc Biol 81: 584-592. [Crossref] 

36.	Yang J, Zhang L, Yu C, Yang XF, Wang H (2014) Monocyte and macrophage 
differentiation: circulation inflammatory monocyte as biomarker for inflammatory 
diseases. Biomark Res 2: 1. [Crossref]

37.	Navegantes KC, de Souza Gomes R, Pereira PAT, Czaikoski PG, Azevedo CHM, 
et al. (2017) Immune modulation of some autoimmune diseases: the critical role of 
macrophages and neutrophils in the innate and adaptive immunity. J Transl Med 15: 
36. [Crossref] 

38.	Stansfield BK, Ingram DA (2015) Clinical significance of monocyte heterogeneity. Clin 
Transl Med 4: 5. [Crossref] 

39.	Lavin Y, Kobayashi S, Leader A, Amir ED, Elefant N, et al. (2017) Innate Immune 
Landscape in Early Lung Adenocarcinoma by Paired Single-Cell Analyses. Cell 169: 
750-765. [Crossref] 

40.	Grizzle WE, Bell WC, Sexton KC (2010) Issues in collecting, processing and storing 
human tissues and associated information to support biomedical research. Cancer 
Biomark 9: 531-549. [Crossref]

41.	Olson WC, Smolkin ME, Farris EM, Fink RJ, Czarkowski AR, et al. (2011) Shipping 
blood to a central laboratory in multicenter clinical trials: effect of ambient temperature 
on specimen temperature, and effects of temperature on mononuclear cell yield, 
viability and immunologic function. J Transl Med 9: 26. [Crossref]

42.	Zhang W, Nilles TL, Johnson JR, Margolick JB (2016) The effect of cellular isolation 
and cryopreservation on the expression of markers identifying subsets of regulatory T 
cells. J Immunol Methods 431: 31-37. [Crossref] 

43.	Weinberg A, Song LY, Wilkening C, Sevin A, Blais B, et al. (2009) Optimization 
and Limitations of Use of Cryopreserved Peripheral Blood Mononuclear Cells for 
Functional and Phenotypic T-Cell Characterization. Clin Vaccine Immunol 16: 1176-
1186. [Crossref]

http://www.ncbi.nlm.nih.gov/pubmed/28826774
https://www.ncbi.nlm.nih.gov/pubmed/24160259
https://www.ncbi.nlm.nih.gov/pubmed/25622723
https://www.ncbi.nlm.nih.gov/pubmed/19072545
http://www.ncbi.nlm.nih.gov/pubmed/21851646
https://www.ncbi.nlm.nih.gov/pubmed/18175812
https://www.ncbi.nlm.nih.gov/pubmed/22247067
https://www.ncbi.nlm.nih.gov/pubmed/27729552
https://www.ncbi.nlm.nih.gov/pubmed/28389038
http://www.ncbi.nlm.nih.gov/pubmed/27933753
https://www.ncbi.nlm.nih.gov/pubmed/25598437
https://www.ncbi.nlm.nih.gov/pubmed/24154599
https://www.ncbi.nlm.nih.gov/pubmed/23748502
http://www.ncbi.nlm.nih.gov/pubmed/25043183
https://www.ncbi.nlm.nih.gov/pubmed/25981462
https://www.ncbi.nlm.nih.gov/pubmed/19601617
https://www.ncbi.nlm.nih.gov/pubmed/11746088
https://www.ncbi.nlm.nih.gov/pubmed/23389989
http://www.ncbi.nlm.nih.gov/pubmed/16336974
http://www.ncbi.nlm.nih.gov/pubmed/22476049
http://www.ncbi.nlm.nih.gov/pubmed/23999316
http://www.ncbi.nlm.nih.gov/pubmed/23564178
http://www.ncbi.nlm.nih.gov/pubmed/22391486
http://www.ncbi.nlm.nih.gov/pubmed/19575390
http://www.ncbi.nlm.nih.gov/pubmed/18383316
http://www.ncbi.nlm.nih.gov/pubmed/28414312
http://www.ncbi.nlm.nih.gov/pubmed/25830878
https://www.ncbi.nlm.nih.gov/pubmed/28008177
https://www.ncbi.nlm.nih.gov/pubmed/25711758
https://www.ncbi.nlm.nih.gov/pubmed/28596372
http://www.ncbi.nlm.nih.gov/pubmed/17135573
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3892095/
http://www.ncbi.nlm.nih.gov/pubmed/28202039
http://www.ncbi.nlm.nih.gov/pubmed/25852821
http://www.ncbi.nlm.nih.gov/pubmed/28475900
https://www.ncbi.nlm.nih.gov/pubmed/22112494
https://www.ncbi.nlm.nih.gov/pubmed/21385453
http://www.ncbi.nlm.nih.gov/pubmed/26855370
https://www.ncbi.nlm.nih.gov/pubmed/19515870


Kadic E (2017) Advances in high-dimensional mass cytometry cell and tissue analyses for translational biomarker discovery

Integr Cancer Sci Therap, 2017      doi: 10.15761/ICST.1000258  Volume 4(6): 5-5

Copyright: ©2017 Kadic E. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits unrestricted use, 
distribution, and reproduction in any medium, provided the original author and source are credited.

44.	Maecker HT, Moon J, Bhatia S, Ghanekar SA, Maino VC, et al. (2005) Impact 
of cryopreservation on tetramer, cytokine flow cytometry, and ELISPOT.  BMC 
Immunol 6: 17. [Crossref] 

45.	Kotsakis A, Harasymczuk M, Schilling B, Georgoulias V, Argiris A, et al. (2012) 
Myeloid-derived suppressor cell measurements in fresh and cryopreserved blood 
samples. J Immunol Methods 381: 14-22. [Crossref]

46.	Kadic E, Moniz RJ, Huo Y, Chi A, Kariv I (2017) Effect of cryopreservation on 
delineation of immune cell subpopulations in tumor specimens as determinated by 
multiparametric single cell mass cytometry analysis. BMC Immunol 18: 6. [Crossref] 

47.	Wei SC, Levine JH, Cogdill AP, Zhao Y, Anang NAS, et al. (2017) Distinct Cellular 
Mechanisms Underlie Anti-CTLA-4 and Anti-PD-1 Checkpoint Blockade. Cell 170: 
1120-1133. [Crossref] 

48.	Spitzer MH, Carmi Y, Reticker-Flynn NE, Kwek SS, Madhireddy D, et al. (2017) 
Systemic Immunity Is Required for Effective Cancer Immunotherapy. Cell 168: 487-
502. [Crossref] 

49.	Spitzer MH, Nolan GP (2016) Mass Cytometry: Single Cells, Many Features. Cell 165: 
780-791. [Crossref] 

50.	Giesen C, Wang HA, Schapiro D, Zivanovic N, Jacobs A, et al. (2014) Highly 
multiplexed imaging of tumor tissues with subcellular resolution by mass cytometry. Nat 
Methods 11: 417-422. [Crossref] 

51.	Angelo M, Bendall SC, Finck R, Hale MB, Hitzman C, et al. (2014) Multiplexed ion 
beam imaging of human breast tumors. Nat Med 20: 436-442. [Crossref] 

52.	Bodenmiller B (2016) Multiplexed Epitope-Based Tissue Imaging for Discovery and 
Healthcare Applications. Cell Syst 2: 225-238. [Crossref] 

53.	Stack EC, Wang C, Roman KA, Hoyt CC (2014) Multiplexed immunohistochemistry, 
imaging, and quantitation: A review, with an assessment of Tyramide signal 
amplification, multispectral imaging and multiplex analysis. Methods 70: 46-58. 
[Crossref]

54.	Tsurui H, Nishimura H, Hattori S, Hirose S, Okumura K, et al. (2000) Seven-color 
fluorescence imaging of tissue samples based on Fourier spectroscopy and singular 
value decomposition. J Histochem Cytochem 48: 653-662. [Crossref]

55.	Nuciforo P, Thyparambil S, Aura C, Garrido-Castro A, Vilaro M, et al. (2016) High 
HER2 protein levels correlate with increased survival in breast cancer patients treated 
with anti-HER2 therapy. Mol Oncol 10: 138-147. [Crossref]

56.	Arribas J, Parra-Palau JL, Pedersen K (2010) HER2 fragmentation and breast cancer 
stratification. Clin Cancer Res 16: 4071-4073. [Crossref] 

57.	Levenson RM, Borowsky AD, Angelo M (2015) Immunohistochemistry and mass 
spectrometry for highly multiplexed cellular molecular imaging. Lab Invest 95: 397-
405. [Crossref] 

58.	Robertson D, Savage K, Reis-Filho JS, Isacke CM (2008) Multiple immunofluorescence 
labelling of formalin-fixed paraffin-embedded (FFPE) tissue. BMC Cell Biol 9: 13. 
[Crossref]

59.	Huang B, Bates M, Zhuang X (2009) Super resolution fluorescence microscopy. Annu 
Rev Biochem 78: 993-1016. [Crossref]

60.	Dixon AR, Bathany C, Tsuei M, White J, Barald KF, et al. (2015) Recent developments 
in multiplexing techniques for immunohistochemistry. Expert Rev Mol Diagn 15: 
1171-1186. [Crossref]

61.	Amir ED, Davis KL, Tadmor MD, Simonds EF, Levine JH, et al. (2013) viSNE enables 
visualization of high dimensional single-cell data and reveals phenotypic heterogeneity 
of leukemia. Nat Biotechnol 31: 545-552. [Crossref]

62.	Qiu P, Simonds EF, Bendall SC, Gibbs KD Jr, Bruggner RV, et al. (2011) Extracting 
a cellular hierarchy from high-dimensional cytometry data with SPADE.  Nat 
Biotechnol 29: 886-891. [Crossref] 

63.	Chester C, Maecker HT (2015) Algorithmic Tools for Mining High-Dimensional 
Cytometry Data. J Immunol 195: 773-779. [Crossref] 

64.	Schapiro D, Jackson HW, Raghuraman S, Fischer JR, Zanotelli VRT, et al. (2017) 
histoCAT: analysis of cell phenotypes and interactions in multiplex image cytometry 
data. Nat Methods 14: 873-876. 

65.	Carpenter AE, Jones TR, Lamprecht MR, Clarke C, Kang IH, et al. (2006) CellProfiler: 
image analysis software for identifying and quantifying cell phenotypes.  Genome 
Biol 7: R100. [Crossref] 

66.	Petty AJ, Yang Y (2017) Tumor-associated macrophages: implications in cancer 
immunotherapy. Immunotherapy 9: 289-302. [Crossref]

67.	Kosoff D, Yu J, Schehr JL, Beebe DJ, Lang JM (2017) Therapeutic targeting of 
tumor-associated macrophages through microscale engineering of the prostate cancer 
microenvironment. J Clin Oncol 35: 184-184. 

68.	Ruan K, Song G, Ouyang G (2009) Role of hypoxia in the hallmarks of human cancer. J 
Cell Biochem 107: 1053-1062. [Crossref] 

69.	Sörensen T, Baumgart S, Durek P, Grützkau A, Häupl T (2015) immunoClust--An 
automated analysis pipeline for the identification of immunophenotypic signatures in 
high-dimensional cytometric datasets. Cytometry 87: 603-615. [Crossref]

70.	Spitzer MH, Gherardini PF, Fragiadakis GK, Bhattacharya N, Yuan RT, et al. (2015) 
IMMUNOLOGY. An interactive reference framework for modeling a dynamic 
immune system. Science 349: 1259425. [Crossref] 

71.	Ryherd M, Plassmeyer M, Alexander C, Eugenio I, Kleschenko Y, et al. (2017) 
Improved panels for clinical immune phenotyping: Utilization of the violet laser. 
Cytometry B Clin Cytom. [Crossref]

72.	Picot J, Guerin CL, Le Van Kim C, Boulanger CM (2012) Flow cytometry: 
retrospective, fundamentals and recent instrumentation. Cytotechnology 64: 109-130. 
[Crossref]

http://www.ncbi.nlm.nih.gov/pubmed/16026627
https://www.ncbi.nlm.nih.gov/pubmed/22522114
http://www.ncbi.nlm.nih.gov/pubmed/28148223
http://www.ncbi.nlm.nih.gov/pubmed/28803728
http://www.ncbi.nlm.nih.gov/pubmed/28111070
http://www.ncbi.nlm.nih.gov/pubmed/27153492
http://www.ncbi.nlm.nih.gov/pubmed/24584193
http://www.ncbi.nlm.nih.gov/pubmed/24584119
http://www.ncbi.nlm.nih.gov/pubmed/27135535
https://www.ncbi.nlm.nih.gov/pubmed/25242720
https://www.ncbi.nlm.nih.gov/pubmed/10769049
https://www.ncbi.nlm.nih.gov/pubmed/26422389
http://www.ncbi.nlm.nih.gov/pubmed/20682714
http://www.ncbi.nlm.nih.gov/pubmed/25730370
https://www.ncbi.nlm.nih.gov/pubmed/18366689
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2835776/
https://www.ncbi.nlm.nih.gov/pubmed/26289603
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4076922/
http://www.ncbi.nlm.nih.gov/pubmed/21964415
http://www.ncbi.nlm.nih.gov/pubmed/26188071
http://www.ncbi.nlm.nih.gov/pubmed/17076895
https://www.ncbi.nlm.nih.gov/pubmed/28231720
http://www.ncbi.nlm.nih.gov/pubmed/19479945
https://www.ncbi.nlm.nih.gov/pubmed/25850678
http://www.ncbi.nlm.nih.gov/pubmed/26160952
https://www.ncbi.nlm.nih.gov/pubmed/28493330
https://www.ncbi.nlm.nih.gov/pubmed/22271369

	Title
	Correspondence
	Abstract
	Key words
	References

