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Abstract Variation in healthy aging and lifespan is
ascribed more to various non-genetic factors than to
inherited genetic determinants, and a major goal in
aging research is to reveal the epigenetic basis of aging.
One approach to this goal is to find genomic sites or
regions where DNAmethylation correlates with biolog-
ical age. Using health data from 134 elderly twins, we
calculated a frailty index as a quantitative indicator of
biological age, and by applying the Infinium
HumanMethylation450K BeadChip technology to their
leukocyte DNA samples, we obtained quantitative DNA
methylation data on genome-wide CpG sites. We ana-
lyzed the health and epigenome data by taking two
independent associative approaches: the parametric
regression-based approach and a non-parametric ma-
chine learning approach followed by GO ontology anal-
ysis. Our results indicate that DNA methylation at CpG
sites in the promoter region of PCDHGA3 is associated
with biological age. PCDHGA3 belongs to clustered
protocadherin genes, which are all located in a single

locus on chromosome 5 in human. Previous studies of
the clustered protocadherin genes showed that (1) DNA
methylation is associated with age or age-related phe-
notypes; (2) DNA methylation can modulate gene ex-
pression; (3) dysregulated gene expression is associated
with various pathologies; and (4) DNA methylation
patterns at this locus are associated with adverse lifetime
experiences. All these observations suggest that DNA
methylation at the clustered protocadherin genes, in-
cluding PCDHGA3, is a key mediator of healthy aging.

Keywords DNAmethylation . Frailty index .Biological
age . Protocadherin . Aging

Introduction

Aging is accompanied by functional deterioration and
increasing risk for pathology and mortality. Estimates of
the heritability of human longevity range from 0.15 to
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0.35 (Herskind et al. 1996; Gudmundsson et al. 2000;
Kerber et al. 2001; Mitchell et al. 2001). This indicates
that human aging varies much more with non-genetic
factors. Indeed, monozygotic (MZ) twin pairs often
show high discordance in many phenotypes, including
age-related diseases (Castillo-Fernandez et al. 2014;
Willemsen et al. 2015).

Epigenetic modifiers are important modulators of
gene expression without changing DNA sequence.
DNA methylation is important for differential gene ex-
pression during embryonic development (Meissner et al.
2008; Cantone and Fisher 2013; Lister et al. 2013).
DNA methylation can modulate gene expression in
response to exposure to various substances, such as
nutrients, smoking, and environmental chemicals
(Sandovici et al. 2011; Feil and Fraga 2012; Lee and
Pausova 2013). Furthermore, certain lifetime experi-
ences, stressful events, physical training, and memory
formation are associated with DNAmethylation (Barres
et al. 2012; Szyf and Bick 2013; Halder et al. 2016;
Saunderson et al. 2016). All these indicate that DNA
methylation can affect health and aging by altering
cellular genetic programs in response to various non-
genetic factors.

Genomic DNA contains epigenetically modifiable
DNA bases, and the most studied is 5-methylcytosine.
It contains a methyl group covalently attached to posi-
tion 5 of cytosine found in CpG dinucleotides. DNA
methylation levels and patterns vary in different cell
types, and for a sample of cells of a particular type, the
DNA methylation level at a specific CpG locus is typ-
ically represented by the proportion of the 5-
methylcytosine-containing CpGs. Most of the epigenet-
ic studies in the literature have used blood samples, and
we restrict our interest to blood in this study.

DNAmethylation levels at certain CpG dinucleotides
change as (chronological) age increases, as shown by
both longitudinal and cross-sectional studies (Bjornsson
et al. 2008; Calvanese et al. 2009; Talens et al. 2012).
Overall, the genome content of 5-methylcytosine tends
to decrease as age increases in the elderly. Bollati et al.
quantitated 5-methylcytosine levels of repetitive ele-
ments in a cohort of individuals aged between 55 and
92 and found both cross-sectional and longitudinal de-
clines with increasing age (Bollati et al. 2009). Heyn
et al. also observed a lower 5-methylcytosine level in a
centenarian sample compared with a newborn or 26-
year-old individual sample (Heyn et al. 2012). In this
study, the 26-year-old sample also showed a decrease

compared with the newborn sample. In contrast, Fraga
et al. found increased 5-methylcytosine levels in 50-
year-old twins compared with 3-year-old twins (Fraga
et al. 2005). Thus, the age-associated hypomethylation
seems contingent on advanced ages (probably past mid-
dle age). Interestingly, hypomethylation is also associ-
ated with age-related diseases, such as cancer and
Alzheimer’s disease, which are prevalent among the
elderly (Wilson et al. 2007; Pogribny and Beland 2009).

The age-related hypomethylation is delayed in off-
spring of long-lived parents compared with those of
short-lived parents (Gentilini et al. 2013). Because off-
spring of long-lived parents tends to be healthier than
those of short-lived parents (Gentilini et al. 2013; Kim
et al. 2013), the delay in loss of DNAmethylation in the
former could be one of the genome-wide events that go
along with healthy aging. Locally, however, there are
many genomic sites or regions that gain DNA methyl-
ation over time (Fraga et al. 2005; Christensen et al.
2009; Rakyan et al. 2010; Johansson et al. 2013; Jones
et al. 2015; Marttila et al. 2015; Sziráki et al. 2018).
Moreover, the bulk of the human genome consists of
highly methylated repetitive elements (Jones et al.
2015), so age-related hypomethylation of the repetitive
elements may well be the major contributor to the global
hypomethylation described above. Thus, the association
of global loss of DNA methylation with aging and age-
related pathology is interesting, but it is likely not ap-
plicable to all genomic locations.

As DNA methylation levels at individual CpG sites
change over time, DNA methylation patterns of multi-
ple, neighboring CpG sites are likely to change over
time as well. Thus, DNA methylation patterns reflect
cumulative changes at individual sites. Age-dependent
divergence in DNA methylation patterns is evident in
MZ twins. Twins and co-twins in MZ pairs increasingly
diverge in DNA methylation patterns and gene expres-
sion levels, indicating that potentially functional epige-
netic changes accumulate over time, likely in response
to exposure to non-genetic factors during the life course
(Fraga et al. 2005; Talens et al. 2012; Wong et al. 2014).

There are many CpG sites where DNA methylation
levels change with age (up to 56,579 CpG sites accord-
ing to a cross-sectional analysis) (Moore et al. 2016).
However, only small portions of them are associated
with functional phenotypes, including blood pressure,
lung function, hand grip strength, several blood meta-
bolic markers, cognitive functioning, or even mortality
(Bell et al. 2012; Hannum et al. 2013; Moore et al. 2016;
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Starnawska et al. 2017; Svane et al. 2018). Moreover,
DNA methylation at certain CpG sites within the rDNA
gene promoter are associated not with age but with
cognitive functioning and survival (D’Aquila et al.
2017), indicating that age-related changes alone may
not be sufficient to explain the biology of aging. The
Bepigenetic clock^ or similar derivatives of calendar age
are based on DNA methylation levels of subsets of age-
associated CpG sites (Hannum et al. 2013; Horvath
2013; Weidner and Wagner 2014). However, relevance
of these measures to biological aging is questionable.
For example, the DNA methylation age measures cal-
culated by Horvath using 353 age-associated CpG sites
are comparable to chronological age in mortality pre-
diction (Horvath 2013), but in the presence of age as a
covariate, they are no longer significant predictors of
mortality (Kim et al. 2017). These observations empha-
size the importance of using reliable biological or func-
tional measures of biological age.

Various measures of biological age have been pro-
posed (Kim and Jazwinski 2015), and we have been
using the frailty index. Different frailty indexes show
similar quantitative and statistical properties if the total
numbers of health variables used are statistically valid
(≥ ~ 20) and the health variables cover diverse health
domains (Rockwood et al. 2007; Searle et al. 2008).
Frailty indexes have been extensively studied and well
characterized. For example, FI34 is a significant predic-
tor of mortality (Kim et al. 2013; Kim et al. 2017), and it
is associated with various genetic factors and physio-
logical processes, including gut dysbiosis (Kim et al.
2013; Kim et al. 2015; Jazwinski and Kim 2017; Maffei
et al. 2017). All these associations were found after
adjustment for covariates including age.

In this article, our goal was to find genomic sites or
regions in blood samples where DNA methylation cor-
relates with biological age. We calculated a frailty index
as a measure of biological age for elderly twins, obtain-
ed their genome-wide DNA methylation values, and
analyzed the health and epigenome data using associa-
tion and gene enrichment methods.

Materials and methods

Study subjects

A total of 346 twin subjects were enrolled in the study
(Table S1). Their demographic and medical history

survey data were collected through the University of
Washington Twin Registry (UWTR) and the Mid-
Atlantic Twin Registry (MATR). Ages of participants
were verified using both documentary evidence (copies
of driver’s licenses or passports) and demographic ques-
tionnaires. All participants provided informed consent
prior to enrollment.

Frailty index

A frailty index, called FI22, was constructed, as de-
scribed previously (Searle et al. 2008; Kim et al.
2013). FI22 consists of 22 health and function variables
(Table S2). In brief, the health deficit data are quantita-
tive measures or categorical responses from medical
history questionnaires. Binary categorical responses
were numerically coded, 0 for the absence of the deficit
and 1 for the presence of the deficit. Quantitative data
and multi-categorical responses were re-coded as shown
in the table.

The heritability of FI22 was estimated using the equa-
tion h2 = 2(rmz − rdz), in which h2 is the narrow-sense
heritability, and rmz and rdz are correlation coefficients
of FI22 in MZ and DZ twins, respectively (Bell and
Spector 2011).

DNA methylation data

DNA samples of participants were prepared from blood
spots on FTA cards (Whatman). Leukocyte DNA sam-
ples in sufficient quantity (> 500 ng) were subjected to
bisulfite conversion per instructions (Zymo Research).
DNA methylation measurements of more than 485,000
methylation CpG sites were collected using the Infinium
HumanMethylation450 BeadChip assay kit (Illumina)
and the Illumina iScan array scanner (University of Utah
Genomics Core Facility). The quality of the scanned
data was evaluated using not only the internal measures
embedded in the BeadChip kit but also functions pro-
vided by R packages shinyMethyl (Fortin et al. 2014),
minfi (Aryee et al. 2014), and RnBeads (Assenov et al.
2014). Sex was confirmed using the getSex function of
minfi. Data that failed to pass this initial QC step were
discarded. These initial quality assessments found DNA
methylation data from a total of 134 twin participants
suitable for further quality evaluation.

In addition to the qualitative assessments of data
quality, we took a series of quantitative probe filtering
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steps using minfi, DMRcate (Peters et al. 2015), and
RnBeads:

1. Excluded CpG sites whose calculated DNA meth-
ylation levels across the samples are statistically
indistinguishable from the background levels

2. Excluded CpG sites that failed in more than 5% of
the samples

3. Excluded six samples that failed to pass the default
badSampleCutoff value (10.5) using the getQC
function in the minfi package

4. Excluded CpG sites whose beta values have low
variation (lower than 0.01)

5. Excluded CpG sites on sex chromosomes
6. Excluded CpG sites within three nucleotides from

SNPs
7. Excluded CpG sites interrogated by probes that are

known to be Bcross-reactive.^Cross-reactive probes
tend to hybridize to multiple genomic sites (Chen
et al. 2013).

Completion of all the quality assessment measures
yielded 128 twin samples for further analysis (Table 1),
each with DNA methylation data at 409,291 CpG dinu-
cleotides. The scanned raw methylation (m) and
unmethylation (u) signals were converted to beta values
(β=m/[m + u + 100]), with offset set at 100, using the
minfi package, and the beta values were used for asso-
ciation of DNAmethylation levels with the frailty index
scores. Density plots of beta values grouped by zygosity,
sex, age groups, and frailty index groups are shown in
Fig. S1.

Background correction and normalization of DNA
methylation data

For background correction, NOOB was applied (Triche
Jr. et al. 2013), and for normalization of the background
corrected datasets, the SWAN method was applied
(Maksimovic et al. 2012). The processed DNA methyl-
ation values from whole blood samples were adjusted
for various leukocyte compositions using minfi and
FlowSorted.Blood.450 k packages according to the re-
gression calibration algorithm (Houseman et al. 2012;
Jaffe and Irizarry 2014). The datasets adjusted for cel-
lular heterogeneity were further corrected for batch ef-
fects using the ComBat function of the sva package
(Leek et al. 2012).

Measurement of concordance of DNA methylation
between co-twins by intraclass correlation (ICC)

Assigning each twin pair in a family as a group, we
calculated site-specific ICC values over 10,000
unique methylation sites according to the one-way
consistency model using the irr package. The ICC
values were compared between MZ and DZ twin
pairs using the Wilcoxon rank sum test. As a con-
trol, we shuffled twins as if they were unrelated and
calculated ICC values over the same methylation
sites.

Association analyses

Normality of FI22 was tested using the Anderson-
Darling and Shapiro-Wilk tests in the r package
nortest . I ts skewness was tested using the
D’Agostino test in the same package. Treating the
frailty index as a continuous variable, we used the
dmpFinder function of the minfi package and the
lmFit function of limma (Ritchie et al. 2015) to seek
individual CpG sites associated with FI22 after ad-
justment for sex and age. Also, to take the familial
relatedness of twins into account, we estimated the
c o r r e l a t i o n b e twe en c o - tw i n s u s i n g t h e
BduplicateCorrelation^ function and included the es-
timates in the multiple linear models using lmFit.
Results from the limma package were repeated using
the lme4 package in R, in which the relatedness was
included as a random effect term. To find CpG
regions consisting of ≥ 2 adjacent CpG sites that
are associated with FI22, we used the bumphunter
(Jaffe et al. 2012) implemented in minfi, with the
default setting. The association of individual CpG
sites within each region with FI22 was reanalyzed
using linear mixed effect modeling, in which FI22,
age, and sex were set as fixed effects and family as a
random effect.

Table 1 Gender, zygosity, and age range of dizygotic (DZ) and
monozygotic (MZ) twins subjected to data analysis

Zygosity Female Male Total

DZ 36 (65–87) 22 (65–90) 58 (65–90)

MZ 47 (68–91) 23 (66–90) 70 (66–91)

Total 83 (65–91) 45 (65–90) 128 (65–91)

Age is in parentheses

472 GeroScience (2018) 40:469–484



Ontology analysis

Gene enrichment analysis of a group of selected DNA
methylation probes using the Gene Ontology terms con-
sists of three sequential parts: (a) removal of correlated
probes, (b) unbiased non-parametric selection of impor-
tant probes using a random forest method, and (c) GO
analysis. The first part is to eliminate DNA methylation
probes that are not important but score importance due to
their spurious correlation with truly important probes.
The cforest permutation importance measure (varimp;
see below) provides the Bconditional^ option, which uses
a conditional permutation scheme taking the partial cor-
relation of probes into account. However, we found that
application of the varimp function to our datasets, with
the conditional option turned on, was extremely time-
consuming; therefore, we decided to manually remove
inter-correlated probes (one from each pair).

(a) Removal of correlated probes

1. The 409,291 probes were divided into 28 groups
(27 × 15,000 probes + the remaining 4291 probes).
The main reason for dividing them into smaller
groups is to stay within the computing power.

2. The variable age was added to each group, and the
findCorrelation function of the caret package was
applied to each group to remove probes from highly
correlated probe pairs. The function calculates all
pair-wise correlation coefficients between probes,
and if two probes are highly correlated (r > 0.6),
the mean absolute correlation of each probe is cal-
culated and the probe with the largest mean absolute
correlation is removed. The reason for removing
highly correlated probes is that their presence, es-
pecially if the correlation is spurious, may yield
misleading probe importance outcomes later.

3. The first round of removal of correlated probes
above resulted in 203,056 probes in total. These
probes were divided into 14 groups (13 × 15,000 +
the remaining 8056), and after adding age to each
group, the findCorrelation function was applied to
each group in the same way as above.

4. The second round of removal of correlated probes
above resulted in 102,432 probes in total. These
probes were divided into seven groups (6 × 15,000
+ the remaining 12,432), and after adding age to
each group, the findCorrelation function was ap-
plied in the same way.

5. The third round of removal of correlated probes
resulted in 96,757 probes remaining in total.

(b) Probe selection

1. The 96,757 probes (+ age) were subjected to recur-
sive partitioning using the cforest function of the
party package (Hothorn et al. 2006; Strobl et al.
2007; Strobl et al. 2008) with the default setting
(control = cforest_unbiased).

2. The varimp function was applied to the resulting
cforest object from each of the seven groups, and
the probes whose variable importance was higher
than that of age were selected. Application of this
step to all seven groups resulted in 4532 DNA
methylation probes. Accordingly, DNA methyla-
tion profiles of these probes are in low correlation
not only with each other but also with age. Further-
more, the importance of these probes in association
with FI22 is higher than that of age.

3. Distribution of 4532 probes in the genome relative
to genes or CpG islands (Fig. S2) does not differ
significantly from those of the original probe set
(p ≫ 0.1, n = 485,512).

(c) GO analysis

1. The 4532 DNA methylation probes were annotated
using the getAnnotation function of the minfi
package

2. The gometh function of the missMethyl package
(Phipson et al. 2016) was applied to the annotated
probes, with prior.prob = TRUE to factor the num-
bers of probes in each gene into the probability
calculation. This function maps the probes to Entrez
Gene IDs and seeks enriched GO terms using a
hypergeometric test.

Results

Heritability of FI22

Because subjects were recruited from two different re-
gions, we first checked whether health data sets used to
calculate FI22 from these two locations are statistically
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homogeneous. The parametric Bartlett’s test
(bartlett.test) and the non-parametric Fligner-Killeen test
(fligner.test) for homogeneity of variance (both in stats
package) indicate that the variances of the two sample
distributions do not differ (p ≫ 0.05). Furthermore, the
two-sample non-parametric Wilcoxon test indicates that
the means of the two sample distributions do not differ
either (p ≫ 0.05). Therefore, the two sets of twin health
data were pooled for all subsequent analyses.

FI22 was significantly correlated with age (r = 0.16,
p = 0.0034; Fig. 1a), and the narrow-sense heritability
was estimated to be 0.27 (95% CI = 0.070~0.46). How-
ever, calculation of intraclass correlation of DNA meth-
ylation levels between twin-cotwin pairs found no sta-
tistical evidence of higher ICC between MZ pairs than
between DZ pairs (p ≫ 0.05).

Single CpG sites associated with FI22

We looked for CpG sites where DNAmethylation levels
are associated with FI22 in MZ or DZ DNA methylation
datasets. Using MZ data unadjusted for batch effects
(but adjusted for leukocyte heterogeneity), we found
1.2% of the sites analyzed (4919 out of 409,291) show-
ing a FDR q value lower than 0.1 (13 shown in Table 2).
Using data adjusted for batch effects, however, we
found none with the q values lower than 0.1. Only four
sites showed the lowest q value of 0.486 (Table 3).
These results demonstrate the striking effect of
correcting technical variations and shows the impor-
tance of adjusting data for all the known confounders
before downstream analysis. This is especially true with
large-scale, high-throughput data. With additional ad-
justment for age, sex, and within-pair correlation, we
found 40 sites with the q value between 0.2 and 0.5 (five
shown in Table 4). Using DZ twin data, adjusted or
unadjusted, we found no sites with the q values lower
than 0.5.

Multiple CpG sites associated with FI22

Using the batch-adjusted data of MZ twins, we looked
for genomic regions containing ≥ 2 adjacent CpG sites
that are associated with FI22 scores and found two
regions with family-wise error rates below 0.5
(Table 5). These are a 450-bp region on chromosome
17 and a 34-bp region on chromosome 5, the latter of
which includes cg17588578 (row 2 in Table 2). Individ-
ual CpG sites within the two regions were reanalyzed

using linear mixed effect modeling, in which FI22, age,
and sex were set as fixed effects, and the family ID was
set as a random effect. Each of the three CpG sites in the
chromosome 5 region showed a significant correlation
with DNAmethylation level (p < 0.01), whereas none of
the CpG sites within the chromosome 17 region did
(Fig. 2). Note that age was not significantly associated
with DNA methylation for all three chromosome 5
probes, whereas the chromosome 17 probe shown in
Fig. 2 was. Thus, although FI22 is correlated with age,
association of DNA methylation with FI22 does not
always go together with its association with age.

The chromosome 5 region containing the three CpG
sites is located at the 5 ′ side of PCDHGA3
(Protocadherin Gamma Subfamily A, 3) (Fig. 3), within
tandemly linked protocadherin gamma gene clusters
(Supplementary Fig. S3). It encodes a protein for
homophilic cell-cell adhesion (Weiner and Jontes
2013). The CpG region falls on the 5′ end of a CpG
island, histone marks, a DNase I sensitivity site, and
binding sites for CCCTC-binding factor (CTCF) and a
RAD21 cohesion complex component. The CTCF-
binding site is also supported by ChromHMM tracks,
which display functional chromatin states for different
cell types (Ernst et al. 2011; Ernst and Kellis 2012).
CTCF-binding sites frequently overlap with RAD21-
binding sites (Nitzsche et al. 2011; Monahan et al.
2012).

Gene ontology analysis

The association methods described so far are based on
parametric regression that will work best when the de-
pendent variable follows a normal distribution. FI22 is
not normally distributed (p ≪ 0.01; Fig. 1b) and right-
skewed (p ≪ 0.01), which is typical for frailty indexes
(Mitnitski et al. 2001). We also have the Bsmall n large
v^ problem (the subject number n is greatly exceeded by
the variable number v), which also discourages using
parametric methods (Strobl et al. 2009). Therefore, we
used a Random Forest approach and compared the
outcomes. The Random forest method, which is based
on non-parametric recursive partitioning, can handle
large numbers of variables and provide variable impor-
tance scores for individual variables (Strobl et al. 2009).

Using the Random Forest, we collected CpG sites
whose variable importance is higher than that of age and
inferred enriched biological functions using the GO
Consortium database. Thus, first, we removed CpG sites
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that were highly correlated (r > 0.6) not only with other
CpG sites but also with age. This procedure is to prevent
probes of low importance from being selected due to
their spurious correlation with true probes of high im-
portance. Second, age and CpG sites were recursively
partitioned such that each partition contained CpG var-
iables with similar predictability on FI22, and CpG sites
that were higher in variable importance than age were
selected. Third, the selected sites were tested for GO
term enrichment.

The GO analysis found 68 enriched GO terms from
the 4532 selected probes: 53 biological processes (BP),

seven cellular components (CC), and eight molecular
functions (MF) (Table S3). Of these, the most significant
term is Bhomophilic cell adhesion via plasma membrane
adhesion molecules^ (GO:0007156 at the top in Fig. 4;
p = 5.46e−07, q = 0.011). According to the Ancestor
chart provided by the QuickGo browser (Binns et al.
2009), there are four additional terms related to
GO:0007156 (Fig. 5), and all these terms were included
in the enriched group, with q values ranging from 0.043
to 0.20 (Fig. 4). Also, included in the enrichment group
are cell-cell signaling and calcium-ion binding, which
are often annotated to the protocadherin proteins as is
GO:0007156 (Bco-occurring^ terms, with a superscript
asterisk, in Fig. 4). Thus, these results indicate that the
non-parametrically selected DNA methylation probes
are enriched with probes associated with genes involved
in homophilic cell-cell adhesion. According to the Gene
Ontology Annotation (GOA) database (Barrell et al.
2009), homophilic cell adhesion via plasma membrane
adhesion molecules (GO: 0007156) and cell adhesion
(GO: 0007155) are GO biological process terms

Fig. 1 A scatter plot of FI22
scores by age (a) and a histogram
of counts of subjects with the
indicated FI22 score brackets (b).
a b is the coefficient estimate of
the exponential function (e(b*age))
and its p value under the null
hypothesis that the slope = 0. FI22
and age are also linearly
correlated, with r = 0.01 and p =
0.0033

Table 2 CpG sites associated with FI22, using DNA methylation
data from MZ twins, adjusted for leukocyte heterogeneity only.
Only 13 sites with the lowest q values are shown

Row Probe Coefficient t value p q

1 cg20810993 − 0.370 − 5.866 1.51E−07 0.046

2 cg17588578 0.894 5.655 3.49E−07 0.053

3 cg15709766 0.633 5.343 1.18E−06 0.070

4 cg12867728 0.460 5.340 1.19E−06 0.070

5 cg16421157 0.702 5.294 1.43E−06 0.070

6 cg18168101 0.243 5.268 1.58E−06 0.070

7 cg03340356 0.650 5.264 1.60E−06 0.070

8 cg14074052 − 0.110 − 5.226 1.85E−06 0.071

9 cg21858380 0.328 5.158 2.40E−06 0.074

10 cg13365524 0.427 5.155 2.43E−06 0.074

11 cg10502121 0.385 5.089 3.12E−06 0.076

12 cg00861009 0.297 5.054 3.57E−06 0.076

13 cg13072214 0.219 − 4.279 6.22E−05 0.076

Table 3 CpG sites associated with FI22, using DNA methylation
data fromMZ twins, adjusted for both leukocyte heterogeneity and
batch difference

Row* Probe Coefficient t value p q

3 cg15709766 0.612 5.267 1.58E−06 0.486

12 cg00861009 0.240 5.082 3.21E−06 0.486

2 cg17588578 0.739 4.989 4.57E−06 0.486

5 cg16421157 0.636 4.951 5.27E−06 0.486

*Row number in Table 2
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assigned to PCDHG3A. The results shown in Table S3
and Fig. 4 are after adjustment for the number of probes
assigned to each gene. Without the adjustment in the
probability calculation, different results were obtained
with much lower p and q values (Supplementary
Table S4).

Another noticeable group of terms involves the G
protein-coupled receptor signaling pathway (3 BPs and
1MF), with q values from 0.043 to 0.087 (Fig. 4). Terms
closely related to GO:0007188 include various terms in
categories of cellular signaling and response to stimulus.

Discussion

Our results indicate that DNAmethylation levels at CpG
sites linked to PCDHGA3 are associated with FI22, and
this association can be extended to other members of
clustered protocadherin genes, based on previous stud-
ies (see below). The first set of results, generated by
taking the parametric regression approach, points to
DNA methylation at three CpG sites in the promoter
region of PCDHGA3. The second set obtained indepen-
dently by taking a non-parametric machine learning
approach followed by GO ontology analysis also indi-
cates that DNA methylation sites linked to genes in-
volved in cell-cell adhesion are enriched among CpG
sites whose DNA methylation levels are predictive of

FI22. Although interpretation of random forest outputs
could be controversial, as is that of any other non-
parametric method, we found two different approaches
pointing in the same direction.

PCDHGA3 is a member of the gamma gene
(PCDHG) cluster located on chromosome 5q31, along
with the alpha (PCDHA) and beta (PCDHB) gene clus-
ters. Highly conserved among vertebrates, these clus-
tered genes are organized in tandem like the
immunoglobin genes, and matched combinations of
the expressed isoforms are required for fully functional
neurodevelopment (Chen andManiatis 2013; Hasegawa
et al. 2017). The gamma isoforms are necessary for
neuronal complexity by promoting dendrite arborization
through homophilic cell-cell interactions (Schreiner and
Weiner 2010; Molumby et al. 2016).

Several CpG sites in clustered protocadherin genes
have appeared in various lists in which DNA methyla-
tion levels are associated with age in blood samples
(Rakyan et al. 2010; Bell et al. 2012; Salpea et al.
2012; McClay et al. 2014). Hints of the association of
DNA methylation at protocadherin genes with biologi-
cal age were given by Hannum et al. 2013 and Slieker
et al. 2016. The former group selected CpG sites, in-
cluding a CpG site in PCDHB1, based on a predictive
model of age with adjustment for BMI and diabetes.
Using DNA methylation data from more than 3000
individuals, the latter group selected CpG sites where

Table 4 Individual CpG sites associated with FI22, using DNA methylation data from MZ twins, adjusted for leukocyte heterogeneity,
differences in batch, age, sex, and within-pair correlation. Only five out of 40 sites with q value lower than 0.5 are shown

Row* Probe Chromosome logFC t value p q

2 cg17588578 5 5.76 5.530 5.33E−07 0.22

5 cg16421157 6 4.69 5.233 1.70E−06 0.35

13 cg13072214 8 − 4.84 − 5.031 3.70E−06 0.39

3 cg15709766 19 4.35 5.024 3.80E−06 0.39

12 cg00861009 2 2.49 4.65 1.55E−05 0.47

*Row number in Table 2. logFC represents log2 (adjusted average change in DNA methylation for a unit change in FI22)

Table 5 Regions of CpG sites associated with FI22, using DNA methylation data from MZ twins, adjusted for leukocyte heterogeneity,
differences in batch, age, sex, and within-pair correlation

chr Start End bp Value1 n2 p area3 P area4

17 6,558,365 6,558,815 450 − 0.80 3 0.0083 0.23

5 140,723,549 140,723,583 34 0.67 3 0.016 0.38

1, the average of the estimated coefficients; 2, number of probes in the region; 3, based on the area under the bump; 4, adjusted for multiple
comparison by permutation-based family-wise error rate calculation
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variability in DNA methylation increases with age, and
these Bage-related variably methylated positions
(aVMP)^ include many CpG sites across all three
protocadherin gene clusters on chromosome 5. Howev-
er, these aVMPs are yet to be tested for their association
with biological age. The ultimate test for functionality of
a CpG site can be shown by its association with mortal-
ity, and this functionality of the CpG sites linked to
PCDHGA3 is yet to be tested. However, a recent study
suggests that they, especially cg17588578, are likely to
be associated with mortality. Svane et al. found more

than 2800 CpG sites associated individually with mor-
tality, and this list contains a CpG site linked to
PCDHGA3 (Svane et al. 2018). Recently, using a
Bphenotypic age^ constructed from nine lab blood test
measurements and age, Levine et al. compiled more
than 500 CpG sites (DNAm PhenoAge) that are collec-
tively predictive of phenotypic age, a risk factor for
mortality, and other health phenotypes (Levine et al.
2018). This list of 500 sites contains several
protocadherin genes (PCDHB and PCDHG). A draw-
back of DNAm PhenoAge is its very heavy reliance on

Fig. 2 A bar plot of effect sizes (t values = coefficient estimates/
standard errors) from linear mixed effects models of FI22 regressed
on beta values of indicated CpG sites, with age and sex as fixed
covariates and family ID as a random effect. At the first three sites
on chromosome 5 (x-axis), only DNA methylation levels are

significantly associated with FI22. The fourth site is one of the
probes on chromosome 17 (Table 5), where DNA methylation
levels are significantly associated with age, but not with FI22 (p =
0.508). * is for 0.01 < p ≤ 0.05, ** 0.001 < p ≤ 0.01, *** p ≤ 0.001
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chronological age for predictive value. Our study using
a measure of biological age, FI22, which does not rely on
chronological age, strongly indicates that indeed,
protocadherin DNA methylation on chromosome 5,
especially PCDHGA3, is associated with healthy aging.

Regression outputs for the three PCDHGA3 CpG
sites indicate that an increase in DNA methylation,
especially at cg17588578, is positively associated with
an increase in FI22 (Table 6). In other words, hyperme-
thylation at these sites seems to correlate with unhealthy
aging. Normal expression of this gene is required for
proper development and cognitive and physical func-
tioning. If we adopt the generalization that hypermethy-
lation corresponds to lower gene expression
(Martinowich et al. 2003; Calvanese et al. 2009;

Straussman et al. 2009), we can tentatively conclude
that reduced expression of PCDHGA3, or possibly any
of the other related, clustered protocadherin genes, by
increased DNA methylation of its promoter leads to
increased FI22, i.e., higher risk for unhealthy aging.

Data available so far, mostly from murine studies,
accord with our tentative conclusion. Various
protocadherin isoforms are differentially expressed dur-
ing embryo development, and CTCF/cohesin-binding
sites found in many protocadherin gene promoters are
important in differential regulation (Chen and Maniatis
2013; Weiner and Jontes 2013; Hirayama and Yagi
2017). CTCF binding can either facilitate or block en-
hancer function, depending on whether an enhancer and
its target gene are included in the same chromatin loop

Fig. 3 Genome features around cg18781988, cg12608145, and
cg17588578 (enclosed in a rectangle) on chromosome 5, shown
by the UCSC Genome Browser (hg19; GRCh37). The region
containing the three CpG sites overlaps a stretch marked by
Genetic Association Studies of Complex Diseases and Disorders
(red), a CpG Island (green), histone marks, a DNase I hypersensi-
tivity site, transcription factor-binding sites (especially, CTCF/
cohesion binding sites), and a CCCTC-binding factor (CTCF)-
enriched chromatin segment (blue). Colors in the histone marks
represent results from different cell lines, and the low peak levels,
which correspond to low enrichment levels of histone marks as
determined byChIP-seq assays, predicts a minor, if any, regulatory

role of the histone marks in this region. The DNase Clusters track
shows DNase I hypersensitive sites with the darkness proportional
to sensitivity. The Transcription Factor ChIP-seq track shows
transcription factor-binding sites based on the ENCODE ChIP-
seq experiments, and the darkness is proportional to the signal
strength. The ChromHMM tracks show chromatin segments of
different functional states (Ernst et al. 2011): the light blue color
represents an insulator function and the light green- or yellow-
colored segment is a region with weak enhancer or weak transcrip-
tion activity. Colors of DNA methylation probe names represent
methylation status in a given cell line: orange, methylated; purple,
partially methylated; blue, unmethylated
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or separated into different loops (Ong and Corces 2014).
There are two CpG sites in the consensus CTCF-binding
sequence, CCGCGNGGNGGCAG (Kim et al. 2007),
and CTCF binding to the sequence can be affected by
DNA methylation (Bell and Felsenfeld 2000; Maurano
et al. 2012; Wang et al. 2012). In addition, the promoter
regions of many clustered protocadherin genes are dif-
ferentially methylated, adding another layer of complex-
ity (Toyoda et al. 2014). DNA methylation levels at the
5′ regions of clusteredPCDHA genes inversely correlate

with gene expression levels, and 5-azacytidine treatment
induces expression of silent PCDHA genes (Kawaguchi
et al. 2008). Hypermethylation is also associated with
reduced expression of PCDHB and PCDHG genes
(Dallosso et al. 2009), and reduced or deregulated
protocadherin expression is associated with various neu-
rological, psychiatric, and cardiovascular disorders, and
tumor growth (Dallosso et al. 2009; Ortega et al. 2016;
Zhang et al. 2016; El Hajj et al. 2017). Interestingly,
hypermethylation at the promoter regions of the

Fig. 4 A bubble plot of 68 GO terms enriched among identifiable
genes associated with 4532 DNA methylation probes selected by
the random forest method (Table S3). n, number of genes differ-
entially methylated; N, number of genes in the GO; p, p value for
over-representation of the GO term; q, false discovery rate; BP,
biological process; CC, cell component; MF, molecular function.

GO IDs shown in red are for terms related to homophilic cell
adhesion, and those shown in gray are for terms related to G
protein-coupled receptor pathways. The superscript numbers cor-
respond to those in Fig. 5, and the two GO terms with a superscript
asterisk are co-occurring terms with GO:0007156 (GO:007267,
cell-cell adhesion; GO:0005509, calcium ion binding)
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clustered protocadherin genes is associated with histo-
ries of childhood abuse and disadvantaged socio-
economic status in adult humans (Borghol et al. 2012;
Suderman et al. 2012), and a history of low maternal
care in adult rats (Suderman et al. 2012). These obser-
vations are consistent with the notion that an increase in
DNA methylation level at the 5′ side of PCDHGA3 can

diminish its expression, increasing the risk of poor
health and aging, and this notion can be easily extended
to other related clustered protocadherin genes on chro-
mosome 5.

Unlike other studies, our study of elderly twins
did not find higher intraclass correlation with MZ
twins than with DZ twins. This implies no signifi-
cant heritability of DNA methylation. Heritability of
DNA methylation varies with loci examined
(Kaminsky et al. 2009), with some regions showing
negligible heritability (Gervin et al. 2011). No dif-
ference in ICC between MZ and DZ may indicate
dominance of non-genetic or stochastic DNA meth-
ylation changes over genetic differences. One such
non-genetic factor could be the so-called Bepigenetic
drift^ as a function of age. The twins in our study
were all above 65 and into their 90s.

In sum, using health and DNAmethylation data from
elderly twins, we found that DNA methylation at CpG
sites in the promoter region of PCDHGA3 is associated
with FI22, a measure of biological age. PCDHGA3
belongs to the protocadherin gene clusters all located
in a single locus, and DNA methylation levels at CpG
sites linked to several other protocadherin genes have
been associated with age or several phenotypic mea-
sures. Data available in the literature suggest that dys-
regulated expression of protocadherin genes is associat-
ed with various pathologies and DNA methylation is a
key modifier of expression of the genes. Furthermore,
DNA methylat ion pat terns in the clustered
protocadherin genes have been associated with disad-
vantaged lifetime experiences. All these observations
suggest that DNA methylation at the protocadherin
genes is likely to be a key mediator of healthy aging.
The methylation status at this locus is also a measure of
biological age and thus of mortality hazard.
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