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methylation level at cg16867657 in ELOVL2, as well 
as the Hannum, Horvath, DNAmPhenoAge, and Dun-
edinPACE epigenetic clocks, was performed on 428 
biological samples of 12 blood cell types. BA values 
were different in the majority of the pairwise com-
parisons between cell types, as well as in comparison 
to whole blood (p < 0.05). DNAmPhenoAge showed 
the largest cell type differences, up to 44.5  years 
and DNA methylation-based TL showed the low-
est differences. T cells generally had the "youngest" 
BA values, with differences across subsets, whereas 
monocytes had the "oldest" values. All BA indica-
tors, except DunedinPACE, strongly correlated with 
CA within a cell type. Some differences such as 

Abstract  Biological age (BA) captures detrimen-
tal age-related changes. The best-known and most-
used BA indicators include DNA methylation–based 
epigenetic clocks and telomere length (TL). The 
most common biological sample material for epide-
miological aging studies, whole blood, is composed 
of different cell types. We aimed to compare differ-
ences in BAs between blood cell types and assessed 
the BA indicators’ cell type-specific associations 
with chronological age (CA). An analysis of DNA 
methylation–based BA indicators, including TL, 
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DNAmPhenoAge-difference between naïve CD4 + T 
cells and monocytes were constant regardless of the 
blood donor’s CA (range 20–80  years), while for 
DunedinPACE they were not. In conclusion, DNA 
methylation–based indicators of BA exhibit cell type–
specific characteristics. Our results have implications 
for understanding the molecular mechanisms underly-
ing epigenetic clocks and underscore the importance 
of considering cell composition when utilizing them 
as indicators for the success of aging interventions.

Keywords  Biological age · Epigenetic clock · 
Telomere length · DNA methylation · Biological 
aging · Blood cell subtypes

Introduction

By definition, biological age (BA), or an aging bio-
marker, should predict future health status better than 
chronological age. According to AFAR (American 
Federation for Aging Research) criteria, “It must moni-
tor a basic process that underlies the aging process, not 
the effects of disease.” [1–4] Of the many established 
BA indicators [4, 5], the best-known and most-used are 
DNA-methylation-based epigenetic ages (epigenetic 
clocks) and telomere length, a hallmark of aging [6]. 
Ideally, these indicators should reflect the influence that 
health interventions have on biological aging. However, 
the underlying molecular mechanisms of the epigenetic 
clocks remain unknown.

Accelerated biological aging (or aging rate), indi-
cated by telomere length [7] and epigenetic clocks [6], 
predicts the health span, lifespan, or both in large-scale 
cohort studies, with epigenetic clocks outperforming 
telomere length [4, 8]. Typically, these analyses are 
performed with whole blood samples that are mixtures 
of various blood cell subtypes. As such, the blood cell 
composition is a potential confounder in the analyses 
because it changes with advancing age [9], starting 
from before middle age [10]. Typical characteristics 
of the age-related remodeling of the immune system 
include decreasing naïve CD8 and CD4 T cell counts 

and increasing exhausted CD28- T cell counts, a declin-
ing CD4 to CD8 T cell ratio, and potentially also an 
altered NK cell count and functionality [11, 12]. This 
remodeling is highlighted by the existence of the IMM-
AGE [13], a blood cell composition–based, potential 
BA indicator. Furthermore, changes in blood cell com-
position are seen in many age-related conditions (e.g., 
frailty [14]) and diseases, such as cancer [15], Alzhei-
mer’s disease [16], and cardiovascular diseases [17, 
18]. The age-related remodeling of the blood cell com-
position is not limited to these changes, but these are 
the well-known examples for which there is epidemio-
logical evidence regarding their relationship to aging 
and aging phenotypes.

A better understanding of biological aging at the 
cell subtype–level within tissues is needed. Previous 
studies have shown that telomere length [19–22] and 
DNA methylation level at cg16867657, a CpG site 
in ELOVL2 [23], are tissue and cell type–specific in 
their absolute values and age-related changes. A few 
previous studies have shown that epigenetic ages 
determined by DNAmPhenoAge and Horvath differ 
between blood cell types [24], or that cell proportions 
correlate with these [25, 26], but the BA or biologi-
cal aging rate indicated by more recently developed 
epigenetic clocks have been studied less in separated 
cell subtypes. Importantly, such previous analyses 
have typically been made using separated cells origi-
nating from different individuals and datasets with 
less than 10 individuals each [27]. Furthermore, the 
way in which cell subtype–specific epigenetic age 
values indicated by the 2nd and 3rd generation epi-
genetic clocks change with advancing chronologi-
cal age across adulthood remains unknown. Thus, 
in this study, we aimed to 1) assess differences in 
values of DNA methylation–based BA indicators 
between blood cell types originating from the same 
blood donors and with a more adequate sample size. 
We also aimed to 2) assess the BA indicators’ cell 
type–specific associations with the donor’s chrono-
logical age. The BA indicators included the “1st 
generation clocks” (ELOVL2-CpG-site, cg16867657 
[23], Horvath [28], and Hannum [29]), the “2nd gen-
eration clock” (DNAmPhenoAge [30]), the “3rd gen-
eration clock” (DunedinPACE [31]), as well as tel-
omere length (DNAmTL, estimated based on DNA 
methylation data [32]). In our main analyses, we per-
formed pairwise comparisons of BA indicator values 
between whole blood, peripheral blood mononuclear 
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cells (PBMCs), and up to ten separated blood cell 
subtypes in four separate datasets with 428 biologi-
cal samples, originating from the same blood donors. 
Then, we assessed the cell subtype–specific asso-
ciations of the different BA indicators with chrono-
logical age. In our additional analyses, we repeated 
pairwise comparison analyses with the principal com-
ponent derivates of the clocks [33], assessed cell sub-
type–specific correlations between the different BA 
indicators, and, lastly, illustrated examples of blood 
cell subtype count trajectories over decades in a lon-
gitudinal cohort sample (The Swedish Adoption/Twin 
Study of Aging [SATSA], n = 328).

Methods

Datasets

In the present study, we included four datasets 
available in the NCBI GEO [34, 35] (GSE35069 
[36], GSE131989 [37], GSE166844 [24], and 
GSE78942 [38]), in which DNA methylation data 

were available from separated immune cell subtypes 
(Table 1). These subtypes were separated using fluo-
rescence-activated cell sorting (FACS), as described 
in detail in the original publications [24, 36–38]. The 
surface markers used for the FACS analyses are sum-
marized in Supplementary Table  S1. We included 
only datasets in which the different immune cell pop-
ulations were available from the same individuals as 
complete cases. For the cell count trajectory analy-
sis, DNA methylation–based cell count estimates of 
whole blood samples included in the Swedish Adop-
tion/Twin Study of Aging (SATSA, n = 328, with 657 
observations, baseline ages 48–98, mean age 68.5) 
were used [39].

BA indicators

We assessed different BA indicators using DNA 
methylation data from the aforementioned data-
sets (Table  1). The investigated indicators of BA 
(or biological aging rate) were telomere length esti-
mated based on DNA methylation (DNAmTL) 
[32], the methylation level of ELOVL2 at one CpG 

Table 1   Datasets in pairwise comparisons

*DNA methylation measured from two pooled samples of separated cells; 12 individuals per sample

Dataset Individuals, n Chrono-
logical age 
(years)

Chronological age 
available for each 
individual

Female, % Cell 
sample 
types, n

Available cell sample 
types

Pairwise cell 
type com-
parisons, n

GSE131989 49 54 ± 17.5 Yes 100 4 CD14 + , CD19 + , 
CD4 memory T 
cells, CD4 naïve T 
cells

6

GSE166844 28 19 ± 0 Yes 40 6 Whole blood, 
Granulocytes, 
CD14 + monocytes, 
CD19 + B cells, 
CD8 + T cells, 
CD4 + T cells

15

GSE35069 6 38 ± 13.6 No 0 10 Whole blood, 
PBMC, Granulo-
cytes, Neutrophils, 
Eosinophils, 
CD14 + monocytes, 
CD19 + B cells, 
CD56 + NK cells, 
CD8 + T cells, 
CD4 + T cells

45

GSE78942 24* 62.1 ± 9.9 No NA 2 CD4 + CD28 + T 
cells, CD4 + CD28- 
T cells

1
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(cg16867657) [40], as well as Hannum [29], Hor-
vath [28], DNAmPhenoAge [30], and DunedinPACE 
[31], in addition to the principal component deri-
vates of DNAmTL, Hannum, Horvath, and DNAm-
PhenoAge [33]. In three of the included datasets, 
DNA methylation was measured using an Illumina 
450  K (GSE35069, GSE13198) or Illumina EPIC 
(GSE166844) array, allowing us to calculate all ten 
indicators of BA. In dataset GSE78942, methylation 
data were measured using an Illumina 27  K array, 
allowing us to calculate only Horvath and DNAm-
PhenoAge values. All BA indicators were calculated 
from the normalized and preprocessed data available 
in the GEO.

The DNAmTL, Hannum, Horvath (for data-
sets GSE35069, GSE13198, and GSE166844) 
and DNAmPhenoAge (for datasets GSE35069, 
GSE13198, GSE166844 and GSE78942) were cal-
culated using R software and the DNAmAge func-
tion of the methylclock R package version 0.8.2 [41]. 
For GSE78942, the Horvath was calculated using the 
online tool available at https://​dnama​ge.​clock​found​
ation.​org/. DunedinPACE was calculated as described 
in the original publication [31] with the R package 
DunedinPACE. The principal component derivates 
of the clocks were calculated as described previously 
[33]. The methylation value of the probe cg16867657 
in ELOVL2 was extracted directly from methylation 
data available in the GEO for each dataset.

Statistical analysis

Statistical significance for the pairwise comparisons 
was assessed using the Mann–Whitney U test. BA 
values were compared between the cell subtypes at 
group level within a dataset. Cell subtype–specific 
BA values were visualized as boxplots with dots and 
line plots, and pairwise differences as boxplots. Cell 
subtype–specific relationships between the values of 
different BA indicators and chronological age were 
assessed using correlation statistics (Spearman), and 
the relationships were visualized as scatterplots.

In our additional analyses, we also applied cor-
relation statistics (Spearman) to assess the cell sub-
type–specific relationships between the values of dif-
ferent BA indicators and visualized the relationships 
with scatterplots. In the longitudinal cohort data, cell 
subtype count trajectories were visualized as line 
plots, and the significance of the cell count change 

with chronological age was obtained using a mixed 
linear model. In GSE131989 and SATSA, chrono-
logical age was used as individual-level phenotypic 
data in our statistical analyses. Data were analyzed 
and visualized using R statistical software and the R 
package ggplot2. The p-value threshold for statistical 
significance was set to 0.05.

Details on how different cell types were separated 
are provided in Supplementary Table 1.

Results

Pairwise comparisons

The BA values for each cell type in the different data-
sets (Table 1) included in our analysis are shown in 
Fig. 1, Table 2, Supplementary Figure S1, and Sup-
plementary Table S2. As our main analysis, we per-
formed pairwise comparisons of the BA indicator val-
ues between the blood cell subtypes. In summary, BA 
values, including the principal component derivates 
of the epigenetic clocks, were different (Mann–Whit-
ney U test p < 0.05) in the majority of the pairwise 
comparisons between the cell types (Table 2, Fig. 2, 
Supplementary Table  S3–S7, Supplementary 
Results). Most cell types also displayed differences 
when compared to whole blood (Mann–Whitney U 
test p < 0.05, Fig.  2, Supplementary Tables  S3–S7). 
Some of the observed differences persisted across 
the blood donors’ chronological ages of 20–80 years; 
for example, the 50-year difference in DNAmPheno-
Age values between naïve CD4 + T cells and mono-
cytes (Fig. 3). However, the up to four-fold difference 
in DunedinPACE values between monocytes and B 
cells, for instance, did not persist over time (Fig. 3).

As expected, the pairwise comparisons were more 
often statistically significant (Mann–Whitney U test 
p < 0.05) in the GSE166844 and GSE131989 datasets 
with larger numbers of individuals than in GSE35069, 
which included six individuals (Tables 1 and 3). Fur-
ther important details as regards the interpretation 
of the results are that GSE131989 and GSE35069 
included individuals with a wide chronological age 
range, while the individuals in GSE166844 were 
all 19 years old. Most cell types were available in 
at least two datasets, but neutrophils, eosinophils, 
and CD56 + NK cells were only available for analy-
sis in GSE35069. In GSE78942, the difference in 

https://dnamage.clockfoundation.org/
https://dnamage.clockfoundation.org/
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BA values was apparent, but statistical analysis was 
not possible, as it comprised only four biological 
samples.

DNAmTL (TL), cg16867657 in ELOVL2, and 
Hannum values are summarized as boxplots with dots 
in panel A, and Horvath, DNAmPhenoAge, and Dun-
edinPACE values in panel B. These DNA methyla-
tion–based BA indicators were assessed in three DNA 
methylation datasets (GSE131989, GSE166844, 

and GSE35069) with 424 biological samples from 
83 individuals and including 12 cell sample types. 
Boxes are colored according to cell type (1–12). Each 
smaller dot represents one individual.

DNA methylation was measured from four pooled 
biological samples of purified cells. In pool1, cells 
were separated from 12 individuals and pooled as 
two biological samples (CD28 + and CD28- cells). 
In pool2, cells originated from another set of 12 
individuals and the separated cells were pooled in 
a manner similar to pool1. The chronological age 
of these healthy blood donors was 45–75  years 
(mean[SD] = 62.1[9.9]).

Cell pairs with a statistically significant differ-
ence in BA values (Mann–Whitney U, p < 0.05) 
are colored in red, others in grey. The difference 
in BA indicator values between a cell pair (Δ) 
was calculated for each individual, and these dif-
ferences are shown as boxplots for the three data-
sets. The Δ-value for a BA indicator is shown on 
the x axis. The GSE131989 dataset with 49 blood 
donors had 6 cell type pairs, the GSE166844 with 
28 blood donors had 15 pairs, and the GSE35069 

Fig. 1   Blood cell type–specific biological ages (BAs) and a BA rate

Table 2   BA values according to Horvath and DNAmPheno-
Age displayed “younger” values in CD4 + CD28 + T cells com-
pared to CD4 + CD28- T cells in GSE78942

Dataset Sample type, sample ID Horvath DNAm-
Pheno-
Age

GSE78942 CD4 + CD28- T cells, pool1 65.9 50.8
CD4 + CD28- T cells, pool2 72.9 57.0
CD4 + CD28 + T cells, 

pool1
39.0 8.5

CD4 + CD28 + T cells, 
pool2

35.1 10.7
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with six blood donors had 45 cell type pairs to be 
compared. Cell type–specific BA values within a 
dataset are summarized in Fig.  1, Supplementary 
Fig.  1, and Supplementary Table  S2, and p-values 
for the comparisons are presented in Supplementary 
Tables S3–S5.

Mann–Whitney U test p-values are shown in Sup-
plementary Tables S3–S5.

DNA methylation data within four separated 
cell subtypes (CD19 + B cells, CD14 + monocytes, 
naïve CD4 + T cells, and memory CD4 + T cells) 
originated from 49 individuals aged 18–82  years 

Fig. 2   Pairwise differences in values of cg16867657 at ELOVL2 (ELOVL2) and DNAmTL (TL) (A), in Hannum and Horvath val-
ues (B), and in DNAmPhenoAge and DunedinPACE values (C) between the cell types



GeroScience	

1 3
Vol.: (0123456789)

(all females). Correlation statistics showing the 
significance for the associations with chronological 
age are shown in Supplementary Table  S8. Grey 
areas indicate 95% Confidence Intervals for the lin-
ear fit lines.

CD19 + B cells

Methylation data for CD19 + B cells were available 
in three datasets. In comparison to other cell types, 
CD19 + B cells displayed a statistically significant 

Fig. 2   (continued)
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difference (Mann–Whitney U test p-value < 0.05) 
in the majority of the pairwise comparisons in 
GSE131989 and GSE166844 (Fig. 2, Supplementary 
Tables  S3–S4). In the smallest dataset, GSE35069, 
statistically significant differences were mainly 
observed for DunedinPACE (Fig.  2, Supplementary 
Figure  S1, Supplementary Table  S5). In summary, 

our results suggest that CD19 + B cells are, accord-
ing to the studied BA indicators, “younger” than 
CD14 + cells, but “older” than naïve CD4 + cells and 
total CD8 + T cells, although there are some discrep-
ancies between the different BAs (Fig. 2, Supplemen-
tary Tables  S3–S5). In comparison to whole blood, 
no clear pattern was observed for CD19 + B cells.

Fig. 2   (continued)
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T cell subsets

Data on various subsets of T cells were available in 
four datasets, including total CD4 + and CD8 + T cells 
(GSE166844 and GSE35069), CD4 + naïve and mem-
ory T cells (GSE131989), as well as CD4 + CD28- 
and CD4 + CD28 + T cells (GSE78942). The majority 
of the pairwise comparisons across these cell types 
were statistically significant (Fig.  2, Table  2, Sup-
plementary Tables  S3–S5). Our results suggest that 
CD8 + T cells are “younger” than CD4 + T cells and 
that naïve CD4 + T cells are “younger” than memory 
CD4 + T cells (Fig. 2, Supplementary Tables S3–S5). 

In addition, CD4 + CD28 + cells were identified to be 
“younger” than CD4 + CD28- cells according to both 
BA indicators available for this dataset, Horvath and 
DNAmPhenoAge (Table  2), although no statistical 
tests could be performed on these data, as there were 
only four biological samples. In comparison to whole 
blood, both CD4 + and CD8 + T cells are “younger”, 
although there are discrepancies between the different 
BA indicators (Fig. 2, Supplementary Tables S3–S5). 
The magnitude of the difference was larger between 
CD8 + T cells and whole blood than between CD4 + T 
cells and whole blood (Fig. 1, Fig. 2, Supplementary 
Table S7).

Fig. 3   Cell type–specific associations of DNA methylation–based BA indicators (and biological aging rate) with blood donors’ 
chronological age in GSE131989
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CD14 + monocytes

Data on CD14 + monocytes were available in 
three datasets. In comparison to other cell types, 
the majority of the pairwise comparisons between 
CD14 + monocytes were statistically significant in 
GSE166844 and GSE131989 (Fig. 2, Supplementary 
Figure  S1, Supplementary Tables  S3 and S4). Our 
results suggest that CD14 + monocytes are “older” 
than various T cell subsets, in addition to being 
“older” than CD19 + B cells as well as whole blood 
samples (Fig. 2, Supplementary Tables S3–S5).

Magnitude of differences

We identified differences across cell types for all 
six BA indicators (Table  3), but the magnitude of 
the differences varied (Fig.  2). For example, of the 
epigenetic clocks measured in years (i.e. Hannum, 
Horvath and DNAmPhenoAge), the largest dif-
ferences were observed for DNAmPhenoAge (on 
average 11–23  years across all cell comparisons in 
GSE131989, GSE166844 and GSE35069, Supple-
mentary Table S6), whereas the differences were the 
smallest for Horvath (from three to five years across 
datasets, Supplementary Table  S6). The maximum 
difference among the three clocks was observed for 
DNAmPhenoAge values, between CD14 + monocytes 
and naïve CD4 + T cells (44.5  years, across all cell 
comparisons and data sets, Supplementary Table S6). 
The largest difference in Horvath values (nine years) 
was observed between CD14 + monocytes and naïve 
CD4 + T cells whereas for Hannum, the maximum 

difference (37 years) was between CD8 + T cells and 
eosinophiles (Fig. 2, Supplementary Table S6).

Then, to compare all six BA indicators with each 
other, not just the ones measured in years, we cal-
culated the difference in percentages for each cell 
type as compared to the whole blood sample (Sup-
plementary Table  S7). Whole blood data was avail-
able in GSE35069 and GSE166844, and, on average, 
the largest differences in percentages were observed 
for DNAmPhenoAge (24% and 75%) and the small-
est for DNAmTL (4% and 5%) in the two data sets. 
The differences for ELOVL2 methylation (6% and 
9%) were the second smallest across the BA indica-
tors in the two datasets (Supplemetary Table S7). The 
percentage differences of Hannum (18% and 21%) 
and DunedinPACE (17% and 24%) were smaller than 
those of DNAmPhenoAge (24% and 75%) but larger 
than of Horvath (8% and 12%, in GSE35069 and 
GSE166844, respectively, Supplementary Table S7).

Cell subtype–specific BA values across adult 
chronological ages

All BA indicators, except for DunedinPACE, cor-
related strongly with chronological age within a cell 
type in dataset GSE131988 (> 0.8 or < -0.7, Fig.  3, 
Supplementary Table  S8). DunedinPACE values 
increased most consistently with increasing chrono-
logical age for naïve CD4 + T cells (Spearman’s 
ρ = 0.636), but for the other cell types tested, the cor-
relations were more modest or non-existent (Fig.  3, 
Supplementary Table  S8). The analysis was per-
formed in this one dataset, as either the chronological 
age was not available, or all individuals were of the 
same age in the other datasets.

Additional analyses

Pairwise comparisons for principal component 
clocks

The epigenetic clocks have been reported to suffer 
from technical noise [33]. The proposed solution is to 
utilize principal components instead of the individual-
level CpG data to calculate the clocks, i.e. PC clocks. 
As an additional analysis to verify that the observed 
differences in BA indicators across cell types are 
not due to technical noise of the Illumina array, we 
repeated the pairwise comparison analysis with the 

Table 3   Number of cell pairs showing differences for each 
indicator of BA in three datasets

Dataset

GSE131989 GSE166844 GSE35069

Number of pairwise comparisons
6 15 45

Number of cell pairs showing pairwise differences (%)
DNAmTL 3 (50) 14 (93) 6 (13)
ELOVL2 3 (50) 14 (93) 6 (13)
Hannum 3 (50) 10 (67) 8 (18)
Horvath 4 (67) 12 (80) 0 (0)
DNAmPhenoAge 5 (83) 15 (100) 7 (16)
DunedinPACE 6 (100) 15 (100) 31 (69)
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principal component derivates for DNAmTL, Han-
num, Horvath, and DNAmPhenoAge (Supplementary 
Table  S2). Our results show that the observed dif-
ferences between the cell types in the main analysis 
remained significant for the studied PC clocks (Sup-
plementary Tables S3- S5).

Relationships between different BAs

We then explored the relationships between the values 
of different BA indicators (Supplementary Figure S2) 
and focused on the relationships within each cell 
subtype population (Supplementary Table  S8–S10). 
The majority of the BA indicators showed strong 
or very strong correlations (> 0.7 or < -0.7) with 
each other within the different cell subtype popula-
tions in GSE131989 and GSE35069 (Supplemen-
tary Table S8 and S10), which have wide age ranges. 
However, very few moderate or stronger correlations 
(> 0.5 or < -0.5) were observed in GSE166844 (Sup-
plementary Table S9), which includes only individu-
als of the same chronological age. An exception in the 
cell type–specific correlations was seen for Dunedin-
PACE where the correlations were, overall, lower or 
non-existent (Fig. 3A, Supplementary Tables S6–S8).

Blood cell composition trajectories

In the last additional analysis, we visualized esti-
mated blood cell composition trajectories in a longi-
tudinal cohort (SATSA) with decades of follow-up 
(Supplementary Figure S3) and observed changes in 
cell counts with advancing chronological age for all 
blood cell subtypes that were included in our pairwise 
comparisons and also available in SATSA (p < 0.005). 
The counts of B cells, CD4 + and CD8 + T cells, as 
well as naïve CD4 + and CD8 + T cells decrease, 
while the counts of CD8 + CD28-CD45RA- T and 
NK cells, plasmablasts, monocytes, and granulocytes 
increase from midlife into old age (Supplementary 
Figure S3).

Discussion

We assessed ten DNA methylation–based BA indica-
tors— DNAmTL [32], Hannum [29], Horvath [28], 
DNAmPhenoAge [30], and their principal compo-
nent derivates [33], as well as DunedinPACE [31] 

and the methylation level of ELOVL2 at cg16867657 
[40]—in 428 biological samples, in up to 12 blood 
cell types, collected and separated from the same set 
of individuals. Our results show a significant differ-
ence (p < 0.05) in BA values, including the principal 
component derivates of the epigenetic clocks, in the 
majority of the pairwise comparisons between the 
cell types and in comparison to whole blood. These 
pairwise differences were most prevalent for Dun-
edinPACE. The largest differences were observed 
for DNAmPhenoAge, up to 44.5  years, whereas 
DNAmTL was most consistent across the cell types. 
The difference between whole blood cell sample and 
other cell subtypes can be substantial, up to 160% 
for DNAmPhenoAge, and on average the differences 
were 20 percent or more for Hannum, DNAmPhe-
noAge and DunedinPACE, 10 percent for Horvath 
and less than 10 percent for DNAmTL and ELOVL2 
methylation.

As a new finding, we show that the cell type–spe-
cific BA values of the blood cells appear to persist 
across human adulthood, with the exception of Dun-
edinPACE. For example, the 50-year difference in 
DNAmPhenoAge values between naïve CD4 + T cells 
and CD14 + monocytes persists across chronologi-
cal ages from 20 to 80 years. To put the 50-year dif-
ference into perspective, the BA value difference is 
approximately 60 years between a 20-year-old and an 
80-year-old person, but the cell type–specific differ-
ence is a few years between two persons of the same 
chronological age. Thus, in line with Zhang et  al. 
(2023) [27], we conclude that chronological age and 
blood cell composition together explain the great 
majority of variation in BA values. As an exception 
among the BA indicators, the DunedinPACE values 
can show up to four-fold differences between the 
cell types, but the differences do not appear to per-
sist throughout the human lifespan across all of the 
cell types studied herein. Furthermore, by using lon-
gitudinal cohort data, we highlight how thoroughly 
the blood cell composition changes with age during 
adulthood, which is in line with previous reports [13, 
26, 42–48]. The synthesis of this evidence implies 
that the proportion of many of the cell types with 
“younger” BA values in blood circulation, such as 
naïve CD4 + and naïve CD8 + T cells, declines with 
advancing chronological age, while cells with mostly 
“older” BA values, such as monocytes, become more 
prevalent (Fig. 4).
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Cell count prevalence ranges and changes with 
advancing chronological age at population level 
are presented according to previous reports [42, 
43, 45–49] and Supplementary Figure  S3. Bio-
logical age (BA) indicated by DNAmPhenoAge 
is colored according to the rank orders of cell 
type–specific group mean values for DNAmPhe-
noAge in GSE131989, GSE166844, GSE35069, 

and GSE78942 in this study (Table  2, Supplemen-
tary Table  S2). Our results suggest a trend towards 
increasing numbers of cell types with “older” BA val-
ues with increasing chronological age; and vice versa, 
cell types with “younger” BA values decreasing with 
age.

So far, reports on blood cell type specificity in Hor-
vath, DNAmPhenoAge, and DunedinPACE values 

Fig. 4   Graphical summary of typical blood cell subtype separation with cell type–specific biological ages (BAs), as well as cell pro-
portion ranges and age-related changes at the human population level
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have been based on pairwise comparisons between 
cell subtypes originating from different individuals 
[27] or small datasets (number of individuals < 10) 
[27], on whole blood data where cell proportions have 
been estimated using deconvolution methods [27, 50], 
or on a single BA indicator at a time [24, 26]. The 
strength of our approach was the inclusion of purified 
cell populations from four independent datasets, the 
application of s six BA indicators and the PC clocks, 
as well as the fact that the datasets comprised the 
same sets of individuals for each cell type. Further-
more, we were able to assess relationships between 
DNAmPhenoAge and DunedinPACE values and the 
donors’ chronological ages within a cell type for a 
larger number of individuals than in previous studies.

Our observations are in line with previous studies 
[24, 26, 27, 50], where comparable. In our analysis, 
subsets of T cells, especially naïve CD4 + and total 
CD8 + T cells, generally displayed the “youngest” 
values of the different BA indicators. Both CD19 + B 
cells and CD14 + monocytes displayed “older” BA 
indicator values than did T cells, and of the two, 
CD14 + monocytes displayed the “oldest” BA val-
ues. The differences between CD4 + CD28 + and 
CD4 + CD28- T cells were particularly pronounced. 
That is, naïve CD4 + T cells showed “younger” 
BA values than did memory CD4 + T cells, and 
CD4 + CD28 + T cells showed “younger” Horvath 
and DNAmPhenoAge values than did CD4 + CD28- 
T cells, and the differences amounted to up to 
40 years.

We identified statistically significant differences 
for the Horvath pan-tissue clock [28] in the majority 
of pairwise comparisons in more than one independ-
ent dataset. These differences are in line with our pre-
vious findings [26] as well as other literature [24, 27, 
50]. This finding is interesting, as this 1st generation 
clock was trained with data from a total of 53 somatic 
tissues [28] and one could expect different cell types 
to display similar values with this BA. In Kananen 
et al. (2016), Horvath values were higher with higher 
FACS analysis–based proportions of CD4 + CD28- T 
cells than of CD4 + CD28 + T cells, when assessed in 
cells originating from individuals of the same chrono-
logical age. The other previous studies have reported 
an up to twenty-year difference in Horvath values 
between different cell subtypes [24, 27, 50]. In our 
analysis, the group-level differences between the cell 
types were up to 9.5  years. Notably, the differences 

between whole blood sample and the other cell sub-
types were generally smaller for Horvath than for 
Hannum, DNAmPhenoAge and DunedinPACE but 
larger than for DNAmTL and ELOVL2 methylation.

Zhang et  al. (2023) reported the lowest Hannum, 
Horvath, DNAmPhenoAge, and DunedinPACE val-
ues for naïve CD8 + T cells. Our datasets did not 
include naïve CD8 + T cells, only total CD8 + T cells, 
and they were generally observed to have lower BA 
values when compared to whole blood. In addition, 
in both datasets containing total CD8 + T cells, they 
showed the lowest BA values out of the different cell 
types. It is important to note that naïve T cells are 
more prevalent in blood than CD28- T cells, espe-
cially at younger chronological ages [44, 51], and 
we observed dramatic differences in their BA values 
when compared to whole blood while the BA values 
of CD4 + CD28- T cells are closer to those of whole 
blood. Thus, the magnitude of the possible contri-
bution by naïve T cells to the BA values in a whole 
blood sample is substantial.

The DunedinPACE [31] values, when measured 
from whole blood, have been shown to increase with 
higher chronological age, even though this association 
is much weaker when compared to other epigenetic 
clocks [52]. Our correlation statistics from the data-
set (GSE131989) with 49 blood donors indicate that 
the association between DunedinPACE and chrono-
logical age may not be the same in all cell types. In 
naïve CD4 + T cells, the Spearman’s correlation ρ 
was 0.64, whereas the correlation was weak or non-
existent for memory CD4 + T cells, CD14 + mono-
cytes, and CD19 + B cells (Spearman’s ρ < 0.3). This 
highlights the need for further studies on the effect of 
naïve CD4 + T cell counts on the DunedinPACE val-
ues measured from whole blood samples. For Of the 
other BA indicators (DNAmTL, methylation level at 
the ELOVL2 CpG-site, as well as Hannum, Horvath, 
and DNAmPhenoAge), cell type–specific BA values 
correlated with chronological age strongly or very 
strongly (Spearman’s ρ > 0.7 or < -0.7).

The majority of our results show a similar direction 
and magnitude for pairwise comparisons in the dif-
ferent BA values between the cell types. Certain cell 
types were either “younger” or “older” according to 
most of the indicators—for example, naïve CD4 + T 
cells were very often “younger” than the other cells. 
The similarities might be explained by the fact that 
these BA indicators are based on DNA methylation, 
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which is closely linked with cellular identity [53]. In 
parallel, according to some BA indicators, such as 
DNAmPhenoAge, monocytes are “older” than B cells 
and naïve and memory CD4 + T cells—but according 
to Hannum, they are not. The differences between the 
BA indicators may be explained by the fact that the 
different BA indicators represent different domains of 
biological aging (e.g., DNA methylation in a gene vs 
telomere length vs epigenetic clocks) and, of course, 
utilize varying sets of DNA methylation sites in the 
genome. Furthermore, the epigenetic clocks can 
also be categorized into generations depending on 
the building strategy. The 1st generation epigenetic 
clocks, such as the Horvath [28] and Hannum clocks 
[29], were built to predict chronological age; the 2nd 
generation epigenetic clocks, such as DNAmPheno-
Age [30], were built to predict biological age utilizing 
biomarkers and chronological age; while the 3rd gen-
eration clock DunedinPACE [31] was built to predict 
the pace of aging, utilizing longitudinal biomarker 
and health data, and not chronological age as such. 
Horvath was trained with blood and multiple tissues 
[28], and the rest are only based on measurements 
from blood samples.

The significance of cell proportion for epigenetic 
ages has been noted, to some extent, in previous lit-
erature and is an important consideration for the con-
cepts of intrinsic and extrinsic epigenetic ages [54]. 
These measures of biological aging are both residual 
values of an epigenetic clock, such as Horvath or 
Hannum, after adjusting for chronological age, but 
intrinsic epigenetic age aims to be independent of 
blood cell composition as the composition is adjusted 
for. However, for the extrinsic epigenetic age, the 
cell composition is incorporated into its values as an 
additive element. Thus, extrinsic age is not intended 
to be a measure of the deep cellular mechanism in 
the aging process, but it is a composite measure. In 
a meta-analysis of 13 cohorts by Chen et al. (2016), 
extrinsic age values resulted in a higher hazard ratio 
for mortality, with more narrow confidence intervals, 
than intrinsic age [54]. This implies that cell counts 
may yield additive value for lifespan prediction, for 
example, and that the cell composition is not solely a 
potential confounding factor.

DNA methylation–based BA indicators are often 
developed for and measured from whole blood or 
PBMC samples. They can be used in trials or inter-
ventions targeted at rejuvenation or the reversal of 

biological aging, but they can also be used to study 
physiological or pathological conditions not directly 
related to aging as such. As aging and various other 
physiological or pathological conditions can be 
simultaneously and independently associated with 
both changes in cell composition and increased epige-
netic ageing, great care should be taken to disentangle 
the two. For example, a physically active lifestyle has 
been reported to rejuvenate the immune system by 
increasing the numbers of naïve T lymphocytes or by 
altering the CD4/CD8 ratio [55]. Conditions such as 
HIV and Parkinson’s disease have both been associ-
ated with increased epigenetic ageing and changes in 
cell composition [25, 56].

Fahy et al. (2019) have reported the reversal of epi-
genetic aging in PBMCs, indicated by four different 
epigenetic clocks, after a thymus-regenerating treat-
ment [57]. The treatment resulted also in changes in 
cell composition. The authors report a decrease in 
monocytes and an increase in lymphocyte-to-mono-
cyte ratio, decrease in PD-1 positive CD8 + cells, 
increase in naïve CD4 + and naïve CD8 + cells and 
an increase in CD4 + recent thymic emigrants. In 
an analysis adjusted for lymphocyte count, lympho-
cyte-to-monocyte ratio and percentage of senescent 
CD8 + cells, the decrease in values of epigenetic 
clocks by treatment remained statistically significant. 
However, the analyses were not adjusted for any CD4 
T cell subsets. As our results show “younger” BA val-
ues for naïve CD4 + T cells, shown to be increased 
due to the thymus-regeneration treatment, it would 
be interesting to know the contribution of this cell 
type to the overall decrease in epigenetic ageing in 
the study. In other studies on potential aging inter-
ventions, cell proportions have not been taken into 
account [58], or only the baseline cell proportions 
have been accounted for [59]. In general, when inter-
preting the results of potential aging or health inter-
ventions, great care should be taken to define what 
is meant by rejuvenation and what it aims for. Is the 
objective to change the cells’ intrinsic processes or 
not? One might ask whether a change in immune cell 
proportions alone is a sufficient outcome for an inter-
vention to be considered successful.

As an example of a physiological condition, it 
has been recently reported that pregnancy is asso-
ciated with increased biological age, and that this 
increase is reversible postpartum [60, 61]. Pregnancy 
is associated with reversible changes in blood cell 
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composition, with changes in both the total number 
and proportions of different cell types [62–64]. In the 
analysis by Pham et al. (2024), adjusting the statisti-
cal models with estimated cell proportions attenuated 
the association between biological age and the course 
of pregnancy. However, not all potentially relevant 
blood cell subtypes were accounted for in the analy-
sis, and it would be interesting to see replication of 
this analysis with measured, instead of estimated, 
blood cell proportions (see Limitations and future 
perspectives).

In an analysis of genome-wide DNA methylation 
levels in mixed cell samples, upon which the epige-
netic clocks are also based on, adjusting for cell type 
composition has been recommended [65], but also 
cautioned against [66]. Our results highlight the need 
for further analyses on this topic as they show that 
none of the DNA methylation-based BA indicator are 
fully immune to differences in cell proportions.

Interestingly, the results of our study also suggest 
that cell type-specificity is more evident for clocks 
that are ‘better’ predictors of health and/or lifespan. 
In our results, DunedinPACE and DNAmPhenoAge 
showed the most numerous or largest statistically 
significant pairwise differences across cell types, 
whereas differences across cell types were more 
modest for e.g. Horvath and DNAmTL. In previous 
studies DunedinPACE and DNAmPhenoAge have 
been shown to outperform Horvath and DNAmTL 
as predictors of morbidity and mortality [8, 30, 31]. 
However, a BA indicator with considerable cell type 
variability is not necessarily a particularly good BA 
indicator, as Hannum showed variability comparable 
to DunedinPACE, yet DunedinPACE has been shown 
to outperform Hannum [31]. More research is needed 
to disentangle whether cell-type variability is an 
inherent property of a good DNA methylation-based 
BA indicator and whether these two phenomenon can 
be untangled.

Limitations and future perspectives

We show extreme and abundant differences in the 
values of ten BA indicators between the blood cell 
subtypes using four independent datasets. Impor-
tantly, we are able to demonstrate that the differences 
between the cell types appear to persist during adult-
hood, except for DunedinPACE. While our analy-
sis included 1st, 2nd and 3rd generation epigenetic 

clocks as well as other DNA methylation based BA 
indicators, we did not include all the clocks that 
have been described in the literature [67–70]. These 
results, together with the knowledge on the wide 
ranges of and age-associated changes in cell subtype 
proportions at population level (Fig. 4), highlight the 
need for additional efforts when using the existing 
epigenetic clocks or building new ones. The cell com-
position in the blood samples may be accounted for 
in the statistical analysis, if the composition is meas-
ured, but measured cell type proportions are rarely 
available in large human cohort studies. One solution 
is to estimate the cell counts in a tissue sample using 
DNA methylation reference libraries for the various 
cell subtypes [71–73]. However, this cell count esti-
mation is limited in two ways. Firstly, DNA methyla-
tion–based cell count estimates may show only mod-
est correlations with the cell counts obtained using 
other DNA methylation–based estimation algorithms 
[74], and the reliability of the cell count estimation 
algorithms should be further evaluated in relation to, 
for example, FACS-based cell counts in larger, inde-
pendent population cohorts. Secondly, current librar-
ies do not cover all of the different blood cell sub-
types with diverse functionalities, such as the more 
specific CD4 + T cell subpopulations [75] including 
regulatory T cells [76], or various B cell [77] or NK 
cell [78] subpopulations. For example, NK cell sub-
types show drastic changes in their abundance and/or 
functionality/properties with aging and/or age-related 
pathologies [79]. This limitation also extends to our 
analysis. Even though our observations are from sets 
of purified cell types that are often considered to 
represent “detailed cell separation” (Fig.  4), many 
potentially relevant blood cell subtypes could not be 
analyzed in our study because DNA methylation data 
are not available for the cell types. Overall, our results 
highlight the need for analyses on the BA indicators 
in single cells.

In addition, even when the cell separation pro-
tocols and purity levels are in accordance with the 
high standards in the field, cell subsets are hardly 
ever completely purified. In the four datasets used in 
this study, cells were separated using varying FACS 
protocols, and, for example, a cell subtype was some-
times determined with only one surface antigen and 
sometimes by using more than one (Supplementary 
Table  S1). The impurity may have influenced our 
results and caused noise in the cell subtype–specific 
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BA values. The consistency of our findings suggests 
that the extent of this noise is likely small, but further 
studies are needed.

Conclusions

Different blood cell subtypes generally show distinct 
biological ages (BAs), according to six BA indicators 
representing various aspects of biological aging. The 
magnitude of difference between whole blood cells 
and a blood cell subtype can be substantial, up to 
160%, and the magnitudes are on average 20 percent 
or more for Hannum, DNAmPhenoAge and Dun-
edinPACE, 10 percent for Horvath and less than 10 
percent for DNAmTL and ELOVL2 methylation. The 
differences appear to persist across adult ages from 
20 to 80 years for all BA indicators, with the excep-
tion of DunedinPACE. When studying DNA methyla-
tion–based BA indicators in whole blood samples, the 
contribution of differing blood cell proportions needs 
to be considered. Additionally, the relative contribu-
tions of cell composition changes, epigenetic main-
tenance mechanisms and other potential mechanisms 
to variation in BA indicators’ values warrants further 
research. These information are relevant for studies 
on physiological and pathological conditions known 
to have a significant effect on blood cell proportions, 
but especially for any potential aging interventions.
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