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Background: Polychromatic ﬂow cytometry (PFC)
allows the simultaneous determination of multiple antigens in the same cell, resulting in the generation of a high
number of subsets. As a consequence, data analysis is the
main difﬁculty with this technology. Here we show the
use of cluster analysis (CA) and principal component analyses (PCA) to simplify multicolor data visualization and to
allow subjects’ classiﬁcation.
Methods: By eight-colour cytoﬂuorimetric analysis, we
investigated the T cell compartment in donors of different
age (young, middle-aged, and centenarians). T cell subsets
were identiﬁed by combining positive and negative
expression of antigens. The resulting data set was organized into a matrix and subjected to CA and PCA.
Results: CA clustered people of different ages on the basis of cytoﬂuorimetric proﬁle. PCA of the cellular subsets
identiﬁed centenarians within a different cluster from

young donors, while middle-aged donors were scattered
between these groups. These approaches identiﬁed T
cell phenotypes that changed with increasing age. In
young donors, memory T cell subsets tended to be
CD1271 and CD952 whereas CD1272, CD951 phenotypes were found at higher frequencies in people with
advanced age.
Conclusions: Our data suggest the use of bioinformatic
approaches to analyze large data-sets generated by PFC
and to obtain the rapid identiﬁcation of key populations
that best characterize a group of subjects. q 2007 Interna-

Understanding the ﬁne characteristics of the immune
system is important for developing new strategies regarding the generation of immune-based therapies and production of vaccines. Many tools are now available that allow
the analysis of thousands of parameters even in a relatively
small cell population, such as microarrays or proteomic
techniques. Flow cytometry has the same potential, since
it allows the simultaneous detection of several surface or
intracellular antigens in the same cell (1,2). This powerful
technology has been used for more than 30 years to analyze a variety of immunological parameters, as well as
functional activities of cells under investigation (3,4). Currently, thanks to upcoming technologies and to the availability of new, bright ﬂuorochromes such as tandem conjugates and quantum dots, it is possible to stain cells with
up to 17 colors simultaneously (5). Theoretically, considering only the antigens that are clearly expressed or not in

a given cell, such a large number of ﬂuorescence signals
would allow for the identiﬁcation of 217 different cell
populations in a few microliter of blood. Clearly, the analysis of results deriving from such a large number of antigen
combinations is not feasible with classical approaches, i.e.
those that analyze the combinations of a maximum of
three ﬂuorochromes per event on the x, y, and z axes.
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To overcome this problem, and have the possibility to
fully appreciate the importance of each single cell subset
that can be recognized by using polychromatic ﬂow cytometry, we have identiﬁed two new approaches based
upon CA and PCA. By multiple color ﬂow cytometry,
among CD41 or CD81 T lymphocytes we have analyzed
the expression of markers associated with T cell differentiation (CD45RA and CCR7) (6), with cell survival
(CD127) (7) or with activation (CD38 and CD95) (8) in
subjects of different age, including people such as centenarians that approached the maximum human lifespan.
Through combination of positive, dim, and negative
antigen expression, we generated all the possible subpopulations which were indicated as percentages of CD31,
CD41 or CD31, CD81 T cells and which were subjected
to hierarchical clustering and PCA. These approaches
allowed us to identify sophisticated characteristics of T
cell dynamics during aging of the immune system. In particular, CD41 and CD81 T cell ﬂow cytometric proﬁle
based on the markers analyzed was sufﬁcient to cluster
subjects of different ages. Moreover, PCA of the obtained
large data set allowed us to report phenotype-to-subject
associations. Finally, a few key populations of cells were
identiﬁed to be responsible for individual differences
among subjects and the dynamics of these few subsets
was sufﬁcient to explain more than 93% of the total variance of the entire data set.
MATERIALS AND METHODS
Subjects and Blood Samples
We analyzed a total of 24 subjects: young (n 5 9, four
males and ﬁve females, mean age 5 21.3 years, range 20–
25), middle-age (n 5 8, three males and ﬁve females,
mean age: 60.0 years, range: 58–62), and centenarians
(n 5 7, one male and six females). All young and middleaged donors were selected according to the criteria
described in the SENIEUR protocol (9). Centenarians
were deﬁned as individuals older than 99 years (10). All
participating subjects did not display relevant acute or
chronic disease affecting the immune system and gave
their informed consent, according to Italian laws.
Polychromatic Analysis of Peripheral Blood
Mononuclear Cells
Peripheral blood mononuclear cells (PBMCs) were separated from freshly collected blood according to standard
procedures; after PBMCs were extensively washed with
Hanks’ balanced salt solution, 1 3 106 cells were resuspended in 100 ll PBS and stained with the following antibodies (1 lg each): CD45RA FITC, CCR7 PE-Cy7, and CD8
APC-Cy7 (BD Pharmingen, Franklin Lakes, NJ), CD127 PE
and CD4 APC (R&D Systems, Minneapolis, MN), CD3 PETexas-Red (Caltag, Burlingame, CA), CD95 PE-Cy5 and
CD38 APC-Cy5.5 (e-Bioscience, San Diego, CA). Cells
were incubated for 30 min at 4°C, then washed with PBS
as above, and resuspended in PBS for ﬂow cytometric
analysis. At least 150,000 events were acquired for each
sample. Cells were analyzed using a 16-parameter Cyﬂow
ML (Partec GmbH, M€
unster, Germany), equipped with a
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solid-state blue laser (emitting at 488 nm, 200 mW, kept at
50 mW, for detection of FITC, PE, PE-Texas Red, PE-Cy5,
PE-Cy7), a red diode laser (635 nm, 25 mW, for detection
of APC, APC-Cy5.5, APC-Cy7), a UV mercury lamp HBO
(100 long life, 100 W, not used in this study), a solid-state
green laser (532 nm, 50 mW, not used in this study), and a
CCD camera. Fluorescence compensation was performed
using single-color staining controls. Data were analyzed by
Partec Flomax 3.0 for Windows and FlowJo 6.3 for
MacOSX.
One Way Analysis of Variance
Mean differences of antigen expression in TN, TCM, TEM,
and TEMRA CD41 and CD81 T cells were computed by
unpaired one way analysis of variance (for repeated measures when required) with Dunn’s post-test under Graph
Pad Prism 3.03 or JMP 5.1, both under Windows XP. Differences were considered signiﬁcant when P < 0.05.
Generation of Data Sets, Cluster Analysis, and
Principal Component Analysis of CD41 and
CD81 Subpopulations
Each cellular subpopulation obtained by the combination of cell surface antigen expression was indicated as
the percentage of total CD31, CD41 or CD31, CD81 T
cells (each of these main subsets was considered as 100%)
and was inserted in a matrix whose rows correspond to T
cell subsets and columns to the subjects we studied. Subsequently, CA (11) and PCA (12) were performed. CD41
and CD81 T cell subsets were analyzed as two separated
data sets.
In the case of CA, the percentages were normalized to
the mean of values derived from young subjects; CA
(using ‘‘complete linkage’’ and ‘‘correlation similarity’’ as
parameters) was performed with ‘‘Cluster’’ software (11)
and then visualized with ‘‘Treeview’’ software (11) (both
freely available at http://rana.lbl.gov/EisenSoftware.htm).
All those cell populations that were absent in all subjects
were automatically eliminated from the analysis.
PCA, performed with the software PLS Toolbox 3.5
(Eigenvector Research, Wenatchee, WA), was used to capture the relevant information and visualize major trends
and structure inherent in the data. PCA is an unsupervised
dimension-reduction method that generates a new set of
decorrelated variables (called principal components) as
linear combinations of the original variables (in our case,
represented by T cell subsets). The majority of the variation of ﬂow cytometric datasets (subjects) can be captured by the most dominant principal components. An
additional advantage of expressing the data in terms of the
leading principal components is their robustness to noise.
For each data set, PCA was carried out on a matrix with
the 48 populations on the rows and the subjects on the
columns. We used 3D plots with the ﬁrst three principal
components to display the 48 T cell subsets and the subjects simultaneously. The overlay of the 3D plot of the
scores (subjects) with the 3D plot of the loadings (combination of antigens) allows the identiﬁcation of the variables that most contribute to the characterization of a
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speciﬁc subject since they lie in the same area of the
graphs. To validate the PCA results, a crossvalidation
method called ‘‘leave one out’’ (contained in PLS Toolbox
3.5) was applied to the data sets under investigation.
Brieﬂy, the software creates a PCA model by randomly
considering all but one subject (the training set). The
remaining subject (the test set) is inserted in the model to
test his classiﬁcation on the basis of the considered variables (i.e. combinations of antigens). This approach has
been carried out for some of the subjects included in the
study both for CD41 and CD81 T cells.
RESULTS
Strategy for the Identiﬁcation of the Subpopulations
Present Within CD41 and CD81 T Cell Subset
The phenotypic features of centenarians, as far as the
percentages of na€ıve (CD45RA1, CCR71, deﬁned TN),
central memory (CD45RA2, CCR71, deﬁned TCM), effector memory (CD45RA2, CCR72, deﬁned TEM), and terminally differentiated (CD45RA1, CCR72, deﬁned TEMRA) T
cells are concerned, have been previously described in
details (13). The donors included in this study had almost
identical T cell differentiation patterns of those above
quoted (13). Data regarding the ﬁne identiﬁcation of the T
cell populations were processed as shown in Figure 1. To
simplify the analysis, we ﬁrst gated on T lymphocytes (on
the basis of their physical parameters and CD3 expression), then on CD4 or CD8 to identify the main T cell
populations. In this study, double-positive (CD41, CD81)
or double-negative (CD42, CD82) CD31 T lymphocytes
were not considered. Other gates were subsequently set
on CD45RA, CCR7, CD127, CD95, and CD38 on the basis
of their positivity and negativity. In the case of CD38, a further distinction was made between dim and bright expression. These gates were combined using Boolean gating
strategy contained in FlowJo 6.3. A total of 48 populations
were so obtained both for CD31, CD41, CD82, and for
CD31, CD42, CD81 T cells.
Expression of CD127, CD95, and CD38 in Virgin
and Memory CD41 and CD81 T Cells and
Their Changes with Aging
In CD31, CD41, CD82, and CD31, CD2, CD81 T
cells from young donors, middle-aged donors, and centenarians, we determined the expression of antigens
involved in cell survival (CD127), cell death (CD95), and
immune activation (CD38) in peripheral na€ıve (dots in
green), central memory (in black), effector memory (in
yellow), and terminally differentiated (in red) T cells.
Thus, we could quantify the 12 possible phenotypes generated by the combination of CD127 (negative or positive), CD95 (negative or positive), and CD38 (negative,
dim, and bright).
Figures 2a and 2b, reporting representative examples,
show that CD127 (the IL-7 receptor a chain) was present
in almost all CD41 and CD81 TN and TCM from young
donors, and was progressively down-regulated as cells
proceeded to TEM and TEMRA. Note that this loss is greater

for CD81 than for CD41 T cells. On the other hand,
CD95, which was poorly expressed on TN, was present on
TCM and TEM. Unexpectedly, we found that the CD41
TEMRA subset, in contrast to the CD81 counterpart, lost
CD95.
We detected signiﬁcant differences in CD38 expression
between CD41 and CD81 T cells: indeed, in young subjects, most CD41 cells were dim for CD38, whose expression did not change with peripheral differentiation. On
the contrary, several CD81 cells were CD382, and its
expression was modulated by the differentiation status.
The same pattern was found in middle-aged donors, who
did not differ for the expression of these antigens both on
CD41 and CD81 T cells. On the contrary, centenarians
were characterized by a higher amount of CD41 and
CD81 na€ıve and memory cells expressing CD95, while
CD127 was down-regulated on CD41 TCM and TEMRA and
on CD81 TN; CD38 expression did not change with age.
We have then analyzed the subsets in which statistical
signiﬁcance was present among the three groups of subjects (Table 1). We found that in the case of CD41 T cells,
age-dependent changes were found mainly in the TN and
TEMRA subsets that preferentially expanded CD1272,
CD951 cells, either CD38dim or CD382, in spite of
CD1271, CD952 cells (not shown). To a major extent,
this phenomenon was also observed for CD81 T cells,
since all CD81 T cell subsets are mainly characterized by
contraction of cells expressing CD127 and lacking CD95
and CD38, in favor of cells lacking CD127 but expressing
CD95 and CD38.
Cluster Analysis of CD41 and CD81
T Cell Subpopulations
Cluster analysis for CD41 T cells allowed the identiﬁcation of three populations of subjects, as revealed by the
three branches of the tree at the top of Figure 3a. Based
on the CD41 T cell ﬂow cytometric proﬁle, most young
donors (indicated in red), one middle-aged subject
(green), and one centenarian (blue) were clustered together (right branch). Centenarians were also found in the
middle branch, along with middle-aged donors, as well as
in the left branch, together with four middle-aged and
three young donors. This suggests that as far as the lymphocyte subsets we analyzed were concerned, a high heterogeneity was present among CD41 T cells. We were
able to identify two main clusters of cell populations (as
highlighted by blue- and orange-depicted branches): the
ﬁrst was poorly represented in young donors and
expanded with age (upper part of the panel, orange
branch), the second had an opposite trend (lower part of
the panel, blue branch). However, CA of the CD41 T cell
ﬂow cytometric proﬁle failed to identify a particular trend
in subset dynamics during aging.
Cluster analysis of CD81 T cells allowed recognition of
two groups of donors. As indicated in Figure 3b, all but
one centenarian clustered on one branch of the tree,
along with some middle-aged donors; all young donors,
four middle-aged subjects and one centenarian clustered
Cytometry Part A DOI 10.1002/cyto.a
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FIG. 1. Schematic representation of
the methodology used for the analysis
of cytometric data, which was performed as follows. First, T cells were
identiﬁed by gating on lymphocytes
on the basis of FSC and SSC, then by
gating on CD31, CD41 or CD31,
CD81 cells. Multiple gates were subsequently drawn on the basis of positivity and negativity of each indicated
antigen. In the case of CD38, the
expression was further distinguished
between dim and bright. All possible
phenotypes were next generated by
performing automatic Boolean combinations. The data obtained were put
in a matrix whose rows indicate T
cell subsets and columns indicate subjects. The entire data sets were analyzed by CA and PCA. In the latter
case, both mean centering and autoscaling were tested.

together in another branch. As observed for CD41 T cells,
two clusters of cell populations were obtained. In the
upper part of the cluster array (identiﬁed by the branch
indicated in blue), different TN or memory subsets with
preferential expression of CD127 but not CD95 or CD38
Cytometry Part A DOI 10.1002/cyto.a

were found to be more frequent in young donors than in
centenarians. Conversely, in the lower part of the cluster
array (identiﬁed by the branch indicated in orange), memory subsets with expression of CD95 and lack of CD127
were more frequent in centenarians than in young sub-
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FIG. 2. Bivariate dot plots indicating the expression of CD127 (IL-7 receptor a chain), CD95 (Fas), and CD38 in CD41 (a) and CD81 (b) T cells from
three representative subjects of different age: young (upper lane), middle-aged (middle lane), and centenarian (lower lane) donors. Na€ıve T cells (TN:
CD45RA1, CCR71) were depicted in green, central memory (TCM: CD45RA2, CCR71) in black, effector memory (TEM: CD45RA2, CCR72) in yellow,
and terminal effectors (TEMRA: CD45RA1, CCR72) in red. Y, young; MA, middle-age; C, centenarian.

Cytometry Part A DOI 10.1002/cyto.a
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Table 1
Lymphocyte Subsets that Showed a Statistically Signiﬁcant Difference Among the Three Groups of Subjects
Antigen combination
127 1 95 2 38dim 1 38br2
127 1 95 1 38dim 1 38br2
127 1 95 1 38dim 2 38br1
127 1 95 1 38dim 2 38br2
127 2 95 1 38dim 1 38br2
127 2 95 1 38dim 2 38br1
127 1 95 1 38dim 1 38br2
127 1 95 1 38dim 2 38br1
127 1 95 2 38dim 1 38br2
127 2 95 1 38dim 1 38br2
127 2 95 1 38dim 2 38br1
127 2 95 1 38dim 2 38br2
127 2 95 2 38dim 1 38br2
127 1 95 2 38dim 1 38br2
127 1 95 2 38dim 2 38br2
127 1 95 1 38dim 1 38br2
127 1 95 1 38dim 2 38br1
127 1 95 1 38dim 2 38br2
127 2 95 1 38dim 1 38br2
127 2 95 1 38dim 2 38br1
127 2 95 1 38dim 2 38br2
127 2 95 2 38dim 1 38br2
127 2 95 2 38dim 2 38br2
127 1 95 1 38dim 1 38br2
127 2 95 1 38dim 2 38br2
127 1 95 2 38dim 2 38br2
127 2 95 1 38dim 1 38br2
127 2 95 2 38dim 2 38br2
127 1 95 2 38dim 1 38br2
127 1 95 2 38dim 2 38br2
127 2 95 1 38dim 1 38br2
127 2 95 2 38dim 1 38br2
127 2 95 2 38dim 2 38br2

Parental
subset

Young

Middle-aged

Centenarians

P value

CD41 TN
CD41 TN
CD41 TN
CD41 TN
CD41 TN
CD41 TN
CD41 TEMRA
CD41 TEMRA
CD41 TEMRA
CD41 TEMRA
CD41 TEMRA
CD41 TEMRA
CD41 TEMRA
CD81 TN
CD81 TN
CD81 TN
CD81 TN
CD81 TN
CD81 TN
CD81 TN
CD81 TN
CD81 TCM
CD81 TCM
CD81 TCM
CD81 TCM
CD81 TEM
CD81 TEM
CD81 TEM
CD8 TEMRA
CD8 TEMRA
CD8 TEMRA
CD8 TEMRA
CD8 TEMRA

74.4 6 5.7
3.1 6 0.3
0.4 6 0.1
0.6 6 0.3
0.4 6 0.0
0.1 6 0.0
5.9 6 0.7
0.2 6 0.1
48.1 6 4.1
3.6 6 0.5
1.2 6 0.5
1.2 6 0.3
18.0 6 2.4
11.7 6 2.8
68.3 6 5.0
1.3 6 0.4
0.3 6 0.1
3.2 6 0.5
1.5 6 0.4
0.3 6 0.1
5.3 6 1.7
4.1 6 1.0
11.2 6 1.9
6.8 6 1.7
3.8 6 0.8
7.0 6 1.5
6.0 6 0.9
7.8 6 1.3
2.2 6 0.6
19.8 6 5.9
7.2 6 1.7
3.4 6 0.7
16.6 6 2.0

67.8 6 6.5
6.6 6 1.2
0.9 6 0.3
1.6 6 0.7
1.4 6 0.4
0.3 6 0.1
10.7 6 3.5
0.6 6 0.3
36.7 6 6.5
14.2 6 4.6
1.2 6 0.4
3.8 6 1.0
11.8 6 1.7
7.4 6 2.4
59.3 6 8.7
2.9 6 1.0
0.2 6 0.0
7.1 6 1.7
3.5 6 1.5
0.2 6 0.1
14.6 6 6.3
1.6 6 0.5
8.5 6 3.0
6.5 6 1.0
1.0 6 0.3
3.1 6 1.4
7.3 6 1.3
3.2 6 0.9
1.3 6 0.6
12.9 6 6.2
8.1 6 1.6
1.2 6 0.4
6.0 6 1.5

48.0 6 7.1
13.4 6 2.2
2.6 6 1.0
3.6 6 1.5
5.7 6 2.6
2.6 6 1.5
14.3 6 3.3
0.86 0.1
19.4 66.0
25.6 6 8.1
2.8 6 0.4
8.0 6 4.4
9.3 6 2.1
1.9 6 0.6
9.0 6 3.0
11.0 6 3.0
1.9 6 0.7
13.7 6 2.3
17.9 6 4.3
2.8 6 1.6
37.0 6 8.0
0.5 6 0.1
1.2 6 0.3
13.8 6 2.4
1.7 6 0.8
0.7 6 0.1
15.4 6 2.5
1.8 6 0.4
0.1 6 0.0
0.7 6 0.2
22.2 6 4.5
0.8 6 0.2
2.3 6 0.6

<0.05
<0.001
<0.001
<0.05
<0.001
<0.001
<0.05
<0.01
<0.01
<0.001
<0.05
<0.05
<0.05
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.05
<0.01
<0.01
<0.01
<0.05
<0.05
<0.01
<0.05
<0.01
<0.01
<0.01
<0.05
<0.01
<0.01

Numbers in the ﬁrst column indicate the cluster designation (CD) of the antigens under investigation; br
stands for bright. Numbers in the column related to young, middle aged and centenarians indicate the percentage of cells with a given phenotype (in the ﬁrst column of each row). TN, na€ıve T cells; TCM, central memory;
TEM, effector memory; TEMRA, terminally differentiated (effector memory expressing CD45RA).

jects. Moreover, particular subsets of memory cells expressing CD95 but retaining CD45RA and CCR7 were found at
higher frequency in centenarians. A high heterogeneity
among middle-aged donors was observed since they were
equally distributed between the two clusters comprising
centenarians and young donors.
We also tested whether rare subsets (frequency < 1% in
the majority of the patients) could inﬂuence the CA-based
classiﬁcation. Removal of these subsets from the analysis
(both for CD41 and CD81 T cells) gave almost identical
arrays (data not shown).
Principal Component Analysis of CD41 and
CD81 T Cell Subpopulations
To obtain visualization of the entire data set generated
by combination of cell-surface antigen expression, we
applied PCA to reduce the dimensionality of the complex
data set. We performed this type of analysis in order to
test whether subject classiﬁcation was possible on the basis of the T cell ﬂow cytometric proﬁle by considering all
the identiﬁed variables at the same time. Score and loading
Cytometry Part A DOI 10.1002/cyto.a

plots for the ﬁrst three components obtained by PCA of
the CD41 T cell data set after column mean centering are
shown in Figures 4a and 4b, respectively. The ﬁrst three
principal components accounted for >93% of the total
data variance, indicating that young donors (red triangles)
were well distinguished from centenarians (blue squares).
Indeed, the latter subjects had lower PC1 values and
higher PC2 and PC3 values in comparison with young
donors. Middle-age donors fell between these two groups,
and most of them remained near the PC-axes origin, meaning that they did not differ from the average values of all
three subject populations studied. Analysis of loadings
(Fig. 4b) showed the cell populations that were mostly responsible for these differences and that were more frequent in the three groups of subjects. The majority of
young subjects were characterized by the presence of
CD45RA1, CCR71, CD952 na€ıve cells expressing CD127
but not CD38, or with CD38 at dim levels, while centenarians were characterized by TCM or TEM cells, either expressing CD127 or not. Note that the majority of the subsets
were found near the axis origin, indicating that they do
not contribute to subject classiﬁcation.
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FIG. 3. Hierarchical clustering of CD41 and CD81 T cell subpopulations. Phenotypic combinations of antigens are in rows while subjects are in columns. Young subjects are indicated in red, middle-aged subjects in green, and centenarians in blue. Variable (cell population) coloring is based on the percentages normalized to the mean of variables of young donors. The color scale ranges from saturated yellow for log ratios of 23.0 and below to saturated
purple for log ratios of 13.0 and above. Variables with missing values are depicted in grey. In the case of the CD81 T cells, ﬁve cell populations (all comprising CD38bright cells) were not included in the matrix because they were absent in the majority of the subjects analyzed.

To strengthen the aforementioned results, PCA was performed on the same data but after autoscaling. The ﬁrst
three principal components accounted for >62% of the
total variance, and young donors were distinguished from
centenarians mainly on the basis of PC2 and partly by PC3
values rather than by PC1 values (Fig. 4c). This type of
scaling, which assigns to each variable the same standard
deviation (so giving to each variable the equal chance of
contributing to the PCA model), showed that young subjects were preferentially characterized by na€ıve or memory CD1271, CD952, CD38dim subsets, while memory T
cells with a CD1272, CD951 phenotype were mainly
found in correspondence with centenarians (Fig. 4d).
In the case of CD81 T cells, the ﬁrst three principal components, calculated on mean-centered data, accounted for >92% of the total data variance. As with
CD41 T cells, young donors were characterized by higher
PC1 values than centenarians while middle-aged subjects
were scattered between them, indicating the extreme variability of these groups (Fig. 5a). Analysis of loadings indicates that the main feature of immunological aging of
CD81 T cells is the loss of a particular na€ıve (CD45RA1,
CCR71) subset expressing CD127 and lacking CD38 and
CD95 in favor of CD45RA2, CCR71 effector memory or
CD45RA1, CCR72 terminal effector cells expressing
CD95 and lacking CD127 and CD38 (Fig. 5b). As for
CD41 T cells, most of the subsets lay near the axis origin
and did not drive subject classiﬁcation. PCA of autoscaled

data is presented in Figure 5c: the ﬁrst three principal
components accounted for >63% of the total variance.
Young subjects were separated from centenarians on the
basis of PC2 and partly PC3, and as for CD41 T lymphocytes, young donors were mainly characterized by na€ıve
cell subsets and to a lesser degree by CD1271, CD952,
CD38dim memory cells, centenarians by memory cells
with a CD1272, CD951 phenotype with different expression of CD38 (negative or dim, Fig. 5d).
Together, these results indicate that, during aging,
CD41 and CD81 T cells undergo lineage-speciﬁc modiﬁcations (expansion of a particular differentiation state)
although they share similar phenotypes (CD1272,
CD951).
PCA results were crossvalidated by applying the ‘‘leave
one out’’ approach: some subjects were randomly selected
by the software and inserted in the previously created
model. In all cases, the subjects used for validation were
plotted in their parental group (data not shown). As for
CA, elimination of rare subsets from the analysis did not
inﬂuence PCA-dependent classiﬁcation of subjects, after
either mean centering or autoscaling (data not shown).
DISCUSSION
The advanced technologies nowadays available permit
the simultaneous analysis of multiple parameters in a particular cell population. However, the large amount of data
Cytometry Part A DOI 10.1002/cyto.a
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FIG. 4. PCA of CD41 T cell subpopulations after mean centering (a,b) and autoscaling (c,d). (a,c): 3D score plot of the ﬁrst three principal components
(PC): young donors are represented by red triangles, middle-age donors by green circles, and centenarians by blue squares. (b,d): 3D loading plot of the ﬁrst
three PCs: cell populations most contributing to the PCA output are indicated as combinations of 1 and 2 that represent, respectively, the presence or absence of surface antigens in this order: CD45RA, CCR7, CD127, CD95, CD38dim, CD38bright.

generated by these techniques is difﬁcult to analyze and
thus computer assistance and mathematical algorithms are
absolutely necessary for data interpretation. This problem
is enhanced in polychromatic ﬂow cytometry because the
analysis is performed on single cells; as a consequence,
hundreds of subsets can be identiﬁed in a speciﬁc cell
population and each of them can bear a different function
(5,14,15) or play a speciﬁc role in the development of diseases (16–20). A general approach to the visualization of
ﬂow cytometric data is the utilization of bivariate plots.
However, in multicolor experiments, a signiﬁcant amount
Cytometry Part A DOI 10.1002/cyto.a

of information is lost by this type of representation, since
each cell is identiﬁed by multiple ﬂuorescent values which
correspond to the parameters analyzed. In this article we
show that CA and PCA, widely used in microarray experiments, can overcome this problem and facilitate the
understanding of complex ﬂow cytometric data. Further,
they permit subject classiﬁcation on the basis of the T cell
ﬂow cytometric proﬁle by considering all the parameters
(i.e. surface markers) under investigation. As far as CD41
and CD81 T cells are concerned, analysis of the surface
expression of ﬁve markers involved in extrathymic differ-
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FIG. 5. PCA of CD81 T cell subpopulations after mean centering (a,b) and autoscaling (c,d). (a,c): 3D score plot of the ﬁrst three PCs. (b,d): 3D loading
plot of the ﬁrst three PCs. Subjects and variables (cell populations) are indicated as in Figure 4.

entiation and lymphocyte function by eight-color ﬂow
cytometry led us to identify a total of 48 possible populations within each subset. This type of subdivision of a
given number of events into distinct populations reduces
the number of events per population; as a consequence,
rare subsets could display higher variability if a relative
small number of events are acquired per sample, thus
leading to false positive or false negative results. Subject
classiﬁcation obtained by CA and PCA is not inﬂuenced by
this limit, since the elimination of rare subsets from the
analysis did not alter the results obtained with the complete data set. This has been also recently described by
Hofmann and Zerwes (21) who applied DNA-chip analysis
software to multicolor data.

Here we report that while the majority of subsets identiﬁed by PFC is likely not fundamental for the comprehension of T cell dynamics during the aging process, some
crucial populations arose from the analyses. If speciﬁc
(CD1271, CD952, CD38dim or CD1271, CD952,
CD382) TN subsets are the main feature of CD41 and
CD81 T cells from young donors, particular memory subsets, preferentially displaying CD1272, CD951 phenotypes, were found highly represented in people of
advanced age. The application of CA allowed us to distinguish centenarians quite clearly from young donors on
the basis of the CD81 and (to a minor extent) CD41 T
cell ﬂow cytometric proﬁle. Indeed, CA grouped the T
cell subsets undergoing the same expansion (memory
Cytometry Part A DOI 10.1002/cyto.a
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cells with preferential expression of CD95 but lacking
CD127) or contraction (na€ıve T cell subsets) during
immunological aging. PCA conﬁrmed these results. In
particular, PCA, which is able to compress very complex
data sets to a three-dimensional space without loss of information, allowed the representation of a particular donor in this new system of coordinates (the principal components) by considering all the collected variables (in this
case a particular phenotype/combination of antigens).
This is of great advantage since complex ﬂow cytometric
data can be analyzed in their entirety. In this way, PCA led
us to identify the phenotypes most responsible for the differences among groups of different age. For both CD41
and CD81 T cells, young donors and centenarians clustered in two separate groups, while middle-aged subjects
were scattered between them. This classiﬁcation was
mainly driven by the na€ıve-to-memory conversion. In particular, in the case of CD41 T cells, we observed na€ıve T
cell depletion in favor of a memory pool comprising
CD951 TCM or TEM cells with or without CD127; in the
case of CD81 T cells, centenarians mainly expand TEM or
TEMRA subsets, both characterized by the expression of
CD95 and by the absence of CD127 and CD38. This was
well evidenced by the application of PCA to autoscaled
data, a method that assigns the same standard deviation
to all variables, allowing all of the variables to contribute
equally to the PCA model. Such an assay conﬁrmed that
memory subsets displaying the aforementioned characteristics are more frequent in centenarians than in young
subjects.
Besides the technical observations, these data suggest a
remodeling of the memory T cell pool in centenarians
because of the different expression of the molecules
regarding T cell survival and death, CD127 and CD95
respectively. Alterations in CD127 signaling in terminally
differentiated CD81 TEMRA cells has been reported in
aged people (22). It is possible, however, that although
the production of IL-7 is maintained (13), dysfunctions
affecting its receptor could inﬂuence the survival of
CD81 T cells in the periphery. Moreover, the increased
expression of CD95 in most of the T cell subsets identiﬁed
in centenarians suggests a different tendency of senescent
T cells to undergo apoptosis, although there are contrasting reports on this idea: if some groups have shown a
lower rate of activation-induced cell death in older subjects (23–25), others, included us, have suggested a remodeling of the survival-death balance (26–28).
In conclusion, the data presented here indicate that
among several different subpopulations of CD41 and
CD81 T cells, there are a few that expand during the
aging process, and that can be recognized by a bioinformatic approach to cytometric analysis. In particular, CA
and PCA provide a unique tool to identify cellular dynamics during multiple conditions (in this case the aging of
the immune system), in addition to the simpliﬁcation of
the analysis of large and complex data sets. Finally, they
allow subject classiﬁcation on the basis of the ﬂow cytometric proﬁle under consideration and could be very helpful to identify the cellular subsets associated to a group of
Cytometry Part A DOI 10.1002/cyto.a
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patients with speciﬁc features, such as a different clinical
outcome or response to therapy.
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