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A B S T R A C T

We investigated the effect of aging on the multi-dimensional characteristics and heterogeneity of human per-
ipheral CD8+ T cells defined by the expression of a set of molecules at the single cell level using the recently
developed mass cytometry or Cytometry by Time-Of-Flight (CyTOF) and computational algorithms. CD8+ T cells
of young and older adults had differential expression of molecules, especially those related to cell activation and
migration, permitting the clustering of young and older adults through an unbiased approach. The changes in the
expression of individual molecules were collectively reflected in the altered high-dimensional profiles of CD8+ T
cells in older adults as visualized by the dimensionality reduction analysis tools principal component analysis
(PCA) and t-distributed stochastic neighbor embedding (t-SNE). A combination of PhenoGraph clustering and t-
SNE analysis revealed heterogeneous subsets of CD8+ T cells that altered with aging. Furthermore, inter-
molecular quantitative relationships in CD8+ T cells appeared to change with age as determined by the com-
putational algorithm conditional-Density Resampled Estimate of Mutual Information (DREMI). The results of our
study showed that heterogeneity, multidimensional characteristics, and intermolecular quantitative relation-
ships in human CD8+ T cells altered with age, distinctively clustering young and older adults through an un-
biased approach.

1. Introduction

Age-associated changes occur in the immune system [1–6]. T cells
play a major role in host defense and inflammatory diseases. In human
T cells, probably the most prominent change with age is found in the
proportions of naïve and memory CD8+ T cells. With age, the frequency
of naïve CD8+ T cells decreases while the frequency of memory CD8+ T
cells increases in human peripheral blood [7–9]. Other age-associated
alterations in CD8+ T cells include impaired functions like cell pro-
liferation, increased expression of the senescent marker CD57, and a
decrease in the expression of the lymphoid tissue homing chemokine
receptor CCR7 [10,11]. Also, CD8+ T cells had decreased gene ex-
pression of the naïve cell marker CD27 and the cell adhesion molecule
Sell (CD62L) in humans with age as determined by gene expression
array [12].

Mass cytometry or Cytometry by Time-Of-Flight (CyTOF), which
uses heavy metal ions and mass spectrometry as labels and a readout,
respectively, is a recently developed single-cell cytometry technique
that can determine high-dimensional cellular profiles [13–15]. CyTOF

can discriminate isotopes of different atomic weights with high accu-
racy, which allows for the measuring of 40+ molecules in a single tube
[16–18]. The complexity of data generated by CyTOF requires high-
dimensional data analytic approaches since multi-parameter data sets
containing> 20 molecules can generate several hundreds of two-di-
mensional dot plots [14]. Indeed, CyTOF data can be analyzed to show
high-dimensional relationships of individual molecules by applying
computational methods such as t-distributed Stochastic Neighbor Em-
bedding (t-SNE) and Principal Component Analysis (PCA) [13,14]. In
combination with the PhenoGraph clustering analysis, the t-SNE can
robustly identify cell populations with distinct traits [19,20]. In addi-
tion to dimensionality reduction tools, the strength of molecular re-
lationship can be quantified and visualized by conditional-Density Re-
sampled Estimate of Mutual Information (DREMI) and conditional-
Density Rescaled Visualization (DREVI), respectively [21]. In conjunc-
tion with CyTOF, these data analytic tools enhance our ability to
evaluate complex cellular traits in human immune cells.

Here we investigated whether aging could affect high dimensional
profiles of human peripheral CD8+ T cells as defined by the expression
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of a set of molecules at the single cell level in young and older adults
using CyTOF and algorithmic data analytic tools including t-SNE, PCA,
PhenoGraph clustering and DREMI. The results of our study showed
that heterogeneity, multidimensional characteristics, and inter-
molecular quantitative relationships in human CD8+ T cells altered
with age, permitting the clustering of young and older adults dis-
tinctively through an unbiased approach.

2. Material and methods

2.1. Human subjects

Healthy young subjects 35 years of age or young (n=17) and
healthy older subjects 65 years of age (n=11) or older and were re-
cruited for this study (mean age ± SD, 25.8 years± 2.2 and
73.4 years± 5.8, respectively, Table S1 supplement). The gender dis-
tribution was not different between the two groups (F:M, 9:8 and 4:7,
respectively for young and older adult groups, P= .4601 by Fisher's
exact test). Individuals on immunosuppressive drugs or had a medical
condition potentially affecting the immune system, including cancer
and autoimmunity were excluded [22–27]. Informed consent was ob-
tained from all subjects. This work was approved by the institutional
review committee of Yale University.

2.2. CyTOF analysis

All mass cytometry reagents were purchased from Fluidigm, Inc.
(South San Francisco, CA) unless otherwise stated. Peripheral blood
mononuclear cells (PBMCs) were prepared from blood on FicollPAQUE
gradients. PBMCs (2× 106) were stained with a panel of metal-tagged
antibodies (Table S2 supplement) followed by Cisplatin staining. After
fixing cells with Maxpar Fix 1 buffer, stained cells were washed and
kept overnight in the MaxPar Fix & Perm Buffer containing intercalator-
Ir. Cells were resuspended with MaxPar Water containing EQ Four
Element Calibration Beads and acquired on a CyTOF system Helios
(Fluidigm). All FCS files were normalized and analyzed using the ana-
lytic tool CYT, an open source analytic tool for CyTOF data, and FlowJo
software (FlowJo, LLC) (Fig. S1 and S2) [19,28]. The FCS files were
transformed using an inverse hyperbolic sine (arcsinh) function with a
cofactor of 5 and pre-gated manually to exclude EQ beads, cell debris,
cell doublets and dead cells before additional analysis [18]. t-SNE, PCA,
PhenoGraph, DREMI and DREMI were performed on gated cells (3500
cells) [20,21,29]. We set the number of neighbors to use (k parameter)
in PhenoGraph clustering at 30, the default number in the CYT pro-
gram. For metaclustering, the k parameter was set at 10. The numbers
of cell subsets clustered at different k parameters supported the rela-
tively stable clustering patterns at different k parameters (data not
shown). Unbiased hierarchical clustering analysis was done on z-score
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Fig. 1. A set of molecules expressed by CD8+ T cells
alter with age, resulting in the clustering of young
and older adults by an unbiased analysis. PBMCs of
young and older adults were stained with antibodies
to a set of molecules (Table S2) and run on a Helios
CyTOF instrument. The acquired data were nor-
malized and analyzed using FlowJo software. (A)
Geometric mean metal expression intensities
(GMMI) of individual molecules in CD8+ T cells of
young and older adults (n=17 and 11, respec-
tively). *q < 0.05 by the t-test with multiple com-
parison control (false discovery rate or FDR, 5%).
Bars and error bars indicate mean and standard
error of mean (SEM). (B) Heatmap showing the re-
sults of an unbiased hierarchical clustering analysis
of molecule and studied subjects based on the z-
scores of GMMI of individual molecules.
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converted geometric mean mental intensities (GMMI) of individual
molecules, frequencies of metaclusters (MC) and DREMI scores using R
software.

2.3. Statistical analysis

The unpaired t-test was used to compare GMMI, frequency of me-
taclusters, and DREMI scores between young and older adults. Multiple
comparisons were controlled with the two-stage step-up method of
Benjamini, Krieger and Yekutieli, with a false discovery rate (Q) of 5%
[30]. The statistical analysis was completed using GraphPad Prism
7.01.

3. Results

3.1. CD8+ T cells of young and older adults have differential expression of
a set of molecules related to cell activation and migration

We analyzed the expression of a group of 24 molecules by CD8+ T
cells related to cell activation and migration in young (age≤ 35) and
older (age≥ 65) adults using CyTOF as any differential expression of
such molecules could affect cell function and subsequent immune re-
sponse. Also, some of these molecules can be utilized to define naïve
and memory T cell subsets. The expressional intensities of individual
molecules by CD8+ T cells were diverse as determined by geometric
mean metal intensity (GMMI, Fig. 1A) because metals could have dif-
ferent channel sensitivities like in fluorescent flow cytometry. Of note,
the GMMI of some molecules were different between young and older
adults, indicating altered expression of such molecules by human CD8+

T cells with age. These molecules include CD45RA, CCR7, CD62L and
CD27, which are markers for naïve and memory CD8+ T cells, as well
as the replication senescent marker CD57, the death receptor CD95 (Fas
receptor), the NK cell receptor NKG2D, and the pro-survival cytokine
receptor IL-7Rα. Indeed, these findings are consistent with the results of
previous studies on human CD8+ T cells in young and older adults
using flow cytometry [10–12,22,31,32]. Furthermore, we first noticed
differential expression of the immune checkpoint molecule PD-1 and
the T cell receptor (TCR) signaling regulator CD5 as well as the che-
mokine receptors CCR2, CXCR6, CCR4 and CXCR4 by human CD8+ T
cells at the protein level in young and older adults. The unbiased
hierarchical clustering analysis showed the grouping of the measured
molecules based on the expression levels in young and older adults
(Fig. 1B). For instance, IL-7Rα, NKG2D, CD27, CD62L, CXCR4, CCR7,
CD5 and CD45RA were clustered together with higher expression levels
in young adults than in older adults. Also, the differential expression of
such analyzed molecules by CD8+ T cells permitted clustering of young
and older adults in an unbiased manner (Fig. 1B).

3.2. High-dimensional analysis reveals heterogeneous subsets of CD8+ T
cells that alter with aging

We explored whether the multiple molecules analyzed in our study
could define the heterogeneity of CD8+ T cells that alters with aging
using PCA, t-SNE and PhenoGraph algorithms. PCA is a linear di-
mensionality reduction technique while t-SNE is a nonlinear di-
mensionality-reduction tool. PCA and t-SNE can visualize relationships
in multidimensional data [13,14]. We first applied both algorithms to
the CyTOF data of 17 young and 11 older adults based on the expres-
sion of 24 molecules listed in Fig. 1A. The landscapes of intercellular
relationships of CD8+ T cells visualized by both algorithms appear
different between the two groups (Fig. 2A, B), suggesting an alteration
in the characteristics of CD8+ T cells with aging as defined by the 24
analyzed molecules. The expression levels of some molecules by distinct
regions on the PCA and t-SNE plots were different (Fig. 2C, D). Of note,
the lowest region referred to as region 1 on the t-SNE plot in Fig. 2E
contained fewer cells with age (Fig. 2B). This population expressed high

levels of CCR7, CD62L and CD45RA, indicating the characteristics of
naïve CD8+ T cells while cells in region 3 expressed low levels of these
molecules, which were consistent with CD45RA− effector memory
CD8+ T cells (Fig. 2E). Region 2 expressed low levels of CCR7 and
CD62L but high levels of CD45RA, which were CD45RA+ effector
memory CD8+ T cells. Regions 4 and 5 contained cells possessing
characteristics of central memory CD8+ T cells with high levels of CCR7
and CD62 but low levels of CD45RA. The results of our dimensionality
reduction analysis on CD8+ T cells, as visualized by the landscape
patterns of these cells on PCA and t-SNE plots, support that multi-
dimensional characteristics of CD8+ T cells alter with age.

3.3. A combination of PhenoGraph and metaclustering approaches showed
CD8+ T cell subsets that altered with aging

The PhenoGraph clustering analysis can robustly identify subsets of
cells with distinct characteristics which can be visualized on a t-SNE
plot [19,20]. Using the PhenoGraph clustering, we interrogated the
characteristics of CD8+ T cell populations that altered with aging. A
total of 318 clusters were identified by the PhenoGraph clustering on
CD8+ T cells of young and older adults based on the expression levels of
the 24 analyzed molecules (Fig. 3A). The 318 PhenoGraph clusters were
landscaped on a global t-SNE plot (Fig. 3B) where each subset and its
size were indicated by a single point scaled to represent its proportion
of the total 318 subsets. Although the donors of these cell subsets were
different, some subsets were closely located on the global t-SNE plot,
supporting the similarities of such subsets. Indeed, the closely located
subsets had similar expression levels of the analyzed molecules
(Fig. 3C).

We employed a metaclustering approach to merge the 318 subsets
of CD8+ T cells from the young and older subjects into a set of sec-
ondary clusters or metaclusters to compare the characteristics of the
318 PhenoGraph clusters of CD8+T cells from young and older adults
[20,33]. Thirteen metaclusters were identified and visualized on a
global t-SNE plot (Fig. 3D). The expression levels of analyzed molecules
were different among the metaclusters (Fig. 3E). The proportions of
individual metaclusters in CD8+ T cells varied among the studied
subjects (Fig. S3 supplement). The proportions of some metaclusters
were different between young and older adults (Fig. 3F). Metacluster 1,
which was higher in older adults, contained cells with low levels of
CD27, CD28, CCR7, CD62L and IL-7Rα but high levels of CD45RA,
CD57 and 4-1BB. This indicates that CD8+ T cells in metacluster 1 were
those with the characteristics of CD45RA+ effector memory CD8+ T
cells with low levels of IL-7Rα (Fig. 3E). These cells also expressed high
levels of the chemokine receptors CXCR1 and CX3CR1 as well as the
integrin subunit CD11c which was reported to be expressed by acti-
vated human CD8+ T cells [34]. Metaclusters 3 and 4 also expanded in
older adults. The expression patterns of the effector memory cell mar-
kers CCR7 and CD62L were similar in metaclusters 1, 3 and 4 although
the latter two had increased IL-7Rα expression and decreased CD45RA
expression compared to metacluster 1. Metacluster 7 had memory
CD8+ T cells with low levels of CCR7 and CD62L and high levels of PD-
1 expanded in older adults. In contrast, young adults had a higher
frequency of metacluster 2, which had high levels of CD27, CCR7,
CD62L and IL-7Rα but low levels of 4-1BB and CD57, possess the
characteristics of naïve CD8+ T cells. Also, metacluster 2 had high level
of CD5 expression. Metaclusters 12 and 13 expanded in young adults.
The expression profiles of metaclusters 12 and 13 are largely like those
of metacluster 1 except for the expression of CD69 at high levels in
metacluster 12 and CD56 at moderate levels in metacluster 13. We next
performed cluster analysis based on the frequency of individual me-
taclusters in young and older adults, showing the clustering of most
young and older adults (Fig. 3G). Overall, these findings indicate that
heterogeneous subsets of human CD8+ T cells can be identified by high-
dimensional CyTOF data analysis and that the frequency of some cell
subsets alter with age.
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3.4. The quantitative relationships of molecules in human CD8+ T cells
alter with aging as determined by the computational algorithm DREMI

We explored whether aging affected quantitative relationships be-
tween molecules at the single cell level using the computational algo-
rithms DREMI and DREVI [21]. DREMI computes mutual information
of how the state (e.g. abundance) of Y changes with different states of X
[21]. The strength of the statistical dependency between two molecules
is shown by DREMI scores. The function underlying this molecular in-
teraction can be visualized by DREVI [21] as shown in Fig. 4A where
the expression of CD27 increased proportionately with the expression of
CD5. We computed DREMI scores among the 24 molecules we mea-
sured, which yielded scores for a total of 552 possible molecular com-
binations in individual subjects. We next performed an unbiased clus-
tering analysis on the DREMI scores of these combinations, which
showed clustering of young and older adults based on the DREMI scores
(Fig. 4B). This finding suggests the possible alteration in the expres-
sional relationship of molecules in human CD8+ T cells with age as
determined by the DREMI algorithm. Of the 552 combinations, we se-
lected 187 molecular combinations that had mean DREMI scores of 0.1
or greater, which we considered meaningful, in young and older adults.
Indeed, the DREMI scores of some of the 187 molecular combinations
were lower or higher in older adults compared to young adults (Fig. 4C,

q<0.05, false discovery rate or FDR=5%). Most molecules involved
in the DREMI combinations that changed in older adults included those
with altered expression by CD8+ T cells with aging (Fig. 1A). Although
the biological significance and potential mechanism of these findings
still need to be elucidated, our observations indicate the effect of aging
on the intermolecular quantitative relationships in human CD8+ T
cells.

4. Discussion

Here we investigated whether aging could affect multi-dimensional
characteristics and the heterogeneity of CD8+ T cells as defined by the
expression of a set of molecules at the single cell level in young and
older adults using CyTOF and algorithmic data analytic tools. We found
that CD8+ T cells of young and older adults had differential expression
of molecules, especially ones related to cell activation and migration,
permitting the clustering of young and older adults by an unbiased
approach. The changes in the expression of individual molecules by
CD8+ T cells with age were collectively reflected in the altered multi-
dimensional characteristics of CD8+ T cells in older adults as visualized
by the dimensionality reduction analysis tools PCA and t-SNE. A com-
bination of high-dimensional PhenoGraph clustering and t-SNE analysis
revealed heterogeneous subsets of CD8+ T cells that altered with aging.

Fig. 2. Multidimensional characteristics of CD8+ T cells alter with age as visualized by the dimensionality reduction analysis tools PCA and t-SNE. CD8+ T cells gated
from the acquired CyTOF data in Fig. 1 were analyzed using PCA and t-SNE. (A-B) The relationships of CD8+ T cells from 17 young and 11 older adults were
visualized on PCA (A) and t-SNE (B) plots based on the expression of 24 molecules (see Fig. 1A). (C-D) The expression of the indicated molecules on PCA and t-SNE
plots is shown. (E) Heatmap shows the mean expression levels of individual molecules in the cell subsets indicated by the numbers in the t-SNE plot.
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Furthermore, intermolecular quantitative relationships in CD8+ T cells
appeared to change with age as determined by the computational al-
gorithm DREMI. Overall, the results of our study show that hetero-
geneity, multidimensional characteristics, and intermolecular quanti-
tative relationships in human CD8+ T cells alter with age.

We analyzed the expression of a group of 24 molecules related to
cell activation and migration by CD8+ T cells in young and older adults
using CyTOF. In comparison to the expression levels of individual
molecules between the two groups, older adults had altered expression
levels of molecules, including CD45RA, CCR7, CD62L and CD27, by
CD8+ T cells as determined by GMMI. This finding is consistent with
the results of previous studies reporting an alteration in the frequency
of naïve and memory CD8+ T cells with age. Indeed, our PhenoGraph
clustering analysis showed the expansion of CD8+ T cell subsets with
the memory cell phenotype in older adults while CD8+ T cell subsets
with the naïve cell phenotype decreased. Of note, we noticed differ-
ential expression of the immune checkpoint molecule PD-1 and the TCR
signaling regulator CD5 as well as the chemokine receptors CCR2,
CXCR6, CCR4 and CXCR4 by human CD8+ T cells between young and
older adults. These findings suggest an age-associated alteration in
CD8+ T cell activation and migration through these molecules. CD8+ T

cell subsets with high levels of CCR2, CXCR6 and CCR4 had the
memory phenotype as shown in Fig. 3E. However, the subsets expres-
sing these chemokine receptors were largely distinct as shown by our
metaclustering approach, which further supports the heterogeneity of
memory CD8+ T cells.

Age-associated alterations in the expression of molecules by CD8+ T
cells are well known. However, it is unknown whether aging affects the
intermolecular quantitative relationship in human CD8+ T cells. Our
DREMI analysis on CD8+ T cells showed that the quantitative re-
lationships of molecules, especially ones related to cell activation,
survival, and migration altered with age. The mechanism underlying
this phenomenon and its biological significance are yet to be demon-
strated. A possible explanation could be an age-associated alteration in
an upstream mechanism regulating cell differentiation and expression
of multiple molecules.

Our unbiased hierarchical clustering approach revealed that the
expression levels of the 24 analyzed molecules in CD8+ T cells as de-
termined by GMMI could cluster young and older subjects. By taking a
similar approach, we also showed clustering of young and older sub-
jects based on the frequency of metaclusters as well as the inter-
molecular DREMI scores. Our approach of combining high-dimensional
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Fig. 3. A combination of PhenoGraph and metaclustering analysis shows CD8+ T cell subsets that altered with aging. (A-E) The PhenoGraph clustering was
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M.S. Shin et al. Clinical Immunology 200 (2019) 24–30

28



CyTOF data analysis with unbiased hierarchical clustering provides an
illustration which can be utilized in analyzing and comparing high-di-
mensional characteristics and heterogeneity of cells in different groups.

In summary, we investigated the effect of aging on the high-di-
mensional cellular characteristics of CD8+ T cells at the single cell level
in young and older adults using CyTOF and algorithmic data analytic
tools including t-SNE, PCA, PhenoGraph and DREMI along with an
unbiased hierarchical clustering approach. To the best of our knowl-
edge, no similar analytic approach was taken to investigate the cellular
characteristics of CD8+ T cells in young and older adults. This unique
approach robustly identified age-associated changes in heterogeneity,
multidimensional characteristics, and intermolecular quantitative re-
lationships in human CD8+ T cells, which permitted the distinct clus-
tering of studied subjects into young and older adults.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.clim.2019.01.005.
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Fig. 4. The intermolecular quantitative relationships in human CD8+ T cells alter with age as determined by the computational algorithm conditional-Density
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