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RESEARCH

Improved epigenetic age prediction models 
by combining sex chromosome and autosomal 
markers
Zhong Wan1, Peter Henneman2, Huub C. J. Hoefsloot3, Ate D. Kloosterman1,4 and Pernette J. Verschure1,4,5*    

Abstract 

Background  Alterations in epigenetic DNA methylation (DNAm) can be used as an accurate and robust method 
for biological age prediction. We assessed the feasibility of incorporating sex chromosomal DNAm markers into a six 
autosomal DNAm CpG marker-based age prediction model, since DNAm-based prediction modeling has predomi-
nantly relied on analyzing DNAm patterns on autosomes.

Results  We employed random forest regression (RFR) to construct age prediction models with publicly available 
DNAm Infinium 450 K microarray data of sex chromosomes from human whole blood and buffy coat samples 
and assessed the RFR model performance based on the root-mean squared error (RMSE) and the mean absolute devi-
ation (MAD) of cross-validation. Four types of models were constructed consisting of DNAm probes on sex chromo-
somes only, on sex chromosomes and autosomes together, on sex chromosomes and/or autosomes with additional 
stratification by sex and/or age restriction, and reduced models comprising the top best performing sex chromo-
somal probes combined with six best performing autosomal probes from a previous study.

Our data indicated no added predictive value of Y chromosomal DNAm markers in our best-performing prediction 
model, even though we acknowledged the potential of applying Y chromosomal markers for age prediction. Yet, 
a significantly improved accuracy of age prediction was observed using a restricted set of X chromosomal combined 
with the six best predicting autosomal DNAm probes. In this reduced model we noted an RMSE and MAD of 2.54 
and 1.89 years, respectively. Particularly, four DNAm markers on the X chromosome exhibited a strong correla-
tion with age, i.e., cg27064949 (DGAT2L6), cg04532200 (PLXNB3), cg01882566 (RPGR) and cg25140188 (annotated 
to an intergenic region).

Conclusions  Our findings illustrate that an age prediction model built with a set of sex chromosomal markers 
combined with autosomal age-informative markers, may serve as a high accuracy model to predict chronological 
age and may be even competitive with commonly used model built with autosomal DNAm markers only. This study 
represents a step forward towards the application of epigenetic autosomal and sex chromosomal combined age 
prediction models for aging and forensic research.

Highlights

•	 A set of  age-prediction models based on  DNA methylation (DNAm) markers on  sex chromosomes and  auto-
somes was constructed using random forest regression (RFR).
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Introduction
DNA methylation (DNAm) is an epigenetic feature that 
involves the addition of a methyl group onto a DNA cyto-
sine base pair mostly within CpG sequences. Epigenetic 
mechanisms play a critical role in gene expression regula-
tion, of which DNAm is largely studied [1, 2]. The DNAm 
pattern can be influenced by various factors including 
environment, lifestyle and disease [3–5]. Specifically, the 
alteration of DNAm during the process of aging occurs 
at discrete sets of CpG sites, with differences in progres-
sion. This “epigenetic clock” mechanism was firstly con-
cluded by Steven Horvath, with a well-established body 
of research conducted in the past years [6–10].

The prediction of an individual’s biological age is a 
major topic in various fields, including the analysis of 
chronic disease mechanisms and the construction of 
forensic human profiles [11–14]. In recent decades, 
extensive efforts have been made to identify novel biolog-
ical age predictors, from telomere length to multi-omics 
approaches [15]. Amongst these predictors, the applica-
tion of an “epigenetic clock”, based on age-informative 
DNAm markers, was validated by various studies [15–19] 
and recognized as one of the best-performing chrono-
logical age prediction strategies [15]. To date, the major-
ity of age predicting DNAm markers has been identified 
on autosomes in human blood samples [20–24]. Age-
informative DNAm markers and the development of age 
prediction models have predominantly been established 
through the application of machine learning techniques. 
Various algorithms, such as artificial neural networks 
(ANN) [22] and support vector machine (SMV) [25] have 
been utilized for marker selection and prediction. Ran-
dom Forest (RF) is the most frequently used machine 
learning algorithm for identifying diverse biological 

features, including disease prediction, and especially bio-
marker selection [22, 25–29]. Previous studies focusing 
on autosomal DNAm-based age prediction models have 
achieved an accuracy, with a root-mean squared error 
(RMSE) ranging from 3 to 5  years [20, 21, 30–33], and 
a mean absolute deviation (MAD) ranging from 2.5 to 
7 years [30, 32–35].

Sex chromosomal DNA methylation-based age pre-
diction remains an understudied topic. It is important 
to note that sex chromosomes, especially the Y chro-
mosome, consist of a substantial portion of non-coding 
and repetitive DNA sequences. DNAm analysis in these 
repetitive regions is particularly challenging, resulting in 
lower quality data from DNAm microarrays [36]. Hence 
studies analyzing the sex chromosomal-based DNAm 
employ variations in the quality control analysis and data 
processing. Moreover, X chromosome inactivation, serv-
ing as a mechanism to equalize the dosage of sex chromo-
somes, induces notable alterations in DNA methylation 
of genes located on the sex chromosomes [37]. By apply-
ing state-of-the-art machine learning algorithms, an ini-
tial set of studies have established correlations between 
DNA methylation on sex chromosomes and chrono-
logical age, with only a few studies on Y chromosomal 
DNAm [24, 35, 36–40]. This limited number of studies in 
predicting age based on sex chromosome DNAm, limits 
our ability to obtain mechanistic insights into sex chro-
mosomal and sex specific DNAm. This research gap is 
precisely addressed in our study.

In the present study, we assessed an enhanced age-
prediction strategy building upon a prior study where 
we pinpointed a minimal set of epigenetic markers 
on autosomes. This minimal set of epigenetic mark-
ers has proven to be essential for accurately identifying 

•	 From the total dataset containing 1291 whole blood and 547 buffy coat blood samples, 860 whole blood sam-
ples were used as training set and 481 as test set, while 365 buffy coat datasets were used as training set and 182 
as test set.

•	 Cross-validation of the constructed RFR models using more than 10,000 X and 30 Y chromosomal DNAm markers 
from all collected blood samples, provided a root-mean squared error (RMSE) ranging from 7.70 to 14.29 years, 
and a mean absolute deviation (MAD) from 6.10 to 11.13 years.

•	 Models constructed using sex-stratified and  age-restricted data subsets demonstrated comparable RMSE 
and MAD values to models constructed without stratification or restriction.

•	 Models constructed using a selected set of 37 X chromosomal and six autosomal DNAm markers exhibited a sig-
nificantly improved age prediction performance with a minimum RMSE of 2.54 years and MAD of 1.89 years.

•	 A total of  four X chromosomal DNAm markers were found to exhibit a significant correlation with age as  indi-
cated by a Spearman correlation coefficient of 0.50.

•	 In our data sets, Y chromosomal DNAm markers did not enhance predictive performance of our best-performing 
age prediction model, even though we acknowledge their recognized potential for age prediction accuracy.

Keywords  Age prediction, Epigenetics, DNA methylation, Sex chromosome, Random forest regression



Page 3 of 13Wan et al. Epigenetics & Chromatin           (2025) 18:45 	

chronological age identification, demonstrating its appli-
cability across various tissue types [20, 21]. Expanding on 
this previous research, we hypothesized that incorporat-
ing sex chromosomal DNAm markers with the most pre-
dictive autosomal markers would enhance epigenetic age 
prediction. To this end, we extracted patterns of DNAm 
from sex chromosomes using publicly available datasets 
from Infinium® HumanMethylation450 Bead chip arrays 
in whole blood and buffy coat, two most commonly ana-
lyzed body fluid types for DNAm studies. Employing a 
random forest regression (RFR) machine learning algo-
rithm [21], we identified age-informative DNAm mark-
ers and developed age prediction models. Through the 
combined utilization of the most predictive autosomal 
DNAm markers and the newly extracted age predic-
tion markers on sex chromosomes, we aim to advance 
fundamental understanding in this field and explore the 
potential application of an epigenetic autosome and sex 
chromosome combined age prediction tool, particularly 
for the development of a practical bioassay for e.g. foren-
sic investigations.

Material & methods
Data mining and processing
A data retrieving process was conducted on publicly 
available datasets to obtain DNAm microarray results 
for the identification of DNAm markers. All the data 
sets containing DNAm levels in whole blood or buffy 
coat samples measured with Illumina Infinium 450  K 
Human Methylation Beadchip (GEO accession num-
ber GPL13534) were selected from the Gene Expres-
sion Omnibus Database (GEO) with queries (Buffy coat: 
“GPL13534” [Accession] AND “buffy coat” [Source] AND 
(“2017/09/01” [PDAT]: “2020/12/31” [PDAT])”, Whole 
blood: “GPL13534” [Accession] AND “whole blood” 
[Source] AND (“2017/09/01” [PDAT]: “2020/12/31” 
[PDAT]).

Quality control and pre‑processing
Raw data was loaded in RStudio server version using R 
v3.4.1. The minfi package v1.24.0 [41] was used for both 
quality control and pre-processing pipelines. The qc 
function in the minfi was applied wherein we removed 
samples that clustered separately, showing a lower 
median intensity, from the dataset. The p-detection val-
ues of probes were also calculated in this step, The total 
methylation signal (M + U) for each probe was compared 
to the background signal level, which was estimated 
from the negative control probes. A normal distribution 
was then summed and calculations of p-detection value 
were performed on the original, non-log scale accord-
ing to Aryee et  al. [41]. Probes with non-significant 
p-detection value (>0.01) were removed. Subsequently 

we applied preprocessFunnorm normalization per dataset 
to remove unwanted technical variation and batch effect 
between different datasets [42]. The following probes 
were removed from the datasets, i.e. (i) probes that were 
present in whole blood but absent in buffy coat data-
sets or the other way around, (ii) probes containing SNP 
sequences within the sequence or at the single nucleo-
tide extension according to SNPdb 155 (Updated Jun 16, 
2021), since the presence of SNPs may influence the sta-
bility of 450 K probe hybridization causing uncertainty in 
methylation level measurement, influencing the down-
stream methylation level measurement [43], (iii) probes 
with statistically significant differences (p < 0.05) between 
cell types, i.e. to avoid that the change in cell composi-
tion has a more prominent role than the age of an indi-
vidual [44], and (iv) cross-hybridizing probes targeting 
genes or repetitive sequences that have pseudogenes or 
homologous genes, since these probes may generate spu-
rious DNAm signals [45]. (v) The p-detection values for 
each probe in every sample were calculated by the minfi 
package. Probes with a non-significant p-detection value 
(>0.01) were deleted since their signal quality remained at 
low level. Aside from previous mentioned criteria, probes 
that were not present in all whole blood or buffy coat 
datasets were ruled out, respectively. All the probes that 
passed the quality control and pre-processing were used 
to build the initial RFR models, with X chromosomes and 
the Y chromosome model constructed separately.

To establish a “positive control” for assessing the per-
formance of the age prediction model based on sex 
chromosome DNAm markers against a previously con-
structed model relying on autosomal DNAm mark-
ers, we defined a set of autosomal probes for use in the 
pre-processing phase. For whole blood datasets, this set 
includes six DNAm markers reported by Naue et al. [21] 
that were presented in most of the buffy coat and whole 
blood samples respectively, meanwhile have the strongest 
correlation with age: cg16867657 (EVOVL2), cg12934382 
(GRM2), cg11807280 (MEIS1-AS3), cg02872426 (DDO), 
cg06874016 (NKIRAS2) and cg08097417 (KLF14). 
For buffy coat datasets the set of six autosomal DNAm 
markers from Naue et  al. [21] include: cg16867657 
(EVOVL2), cg08097417 (KLF14), cg06784991 (ZYG11A), 
cg07553761 (TRIM59), cg16054275 (F5) and cg18473521 
(HOXC4).

Age prediction model construction
The randomForest v4.6.14 package was applied for selec-
tion of informative markers and age-prediction mod-
eling. This procedure is used by several studies when 
building an age prediction model and was proven to be 
robust and reliable as a forecast for age prediction accu-
racy [21, 46]. Two parameters of the RFR model were 
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tuned for the best model performance: The number of 
trees to grow in the model (ntree) and the number of fea-
tures sampled at each split (mtry). We explored the ntree 
range from 100 to 1000 and the mtry range from 3 to 6. 
The final setting of the parameters was set on 501 for 
ntree and for mtry on 3. Two-third of the retrieved data 
was used for the construction of the RFR model. Consid-
ering the limited sample size in our study, we applied a 
tenfold cross-validation, which is widely applied in age 
prediction studies, mitigates fold-specific biases and pro-
vides a more robust estimate of model performance [47, 
48]. Next, we evaluated the performance of the models 
based on the RMSE ± 95% CI and MAD ± 95% CI of ten-
fold cross validation. Subsequently, we ranked the probes 
on their feature importance for age prediction given by 
the RFR model. For each model, the top 15 probes that 
appeared in feature importance ranking, were considered 
age-informative DNAm markers, with an additional vali-
dation of calculating the Spearman correlation between 
DNAm levels and chronological age. Finally, to evalu-
ate the possibility of constructing an RFR age predic-
tion model with a limited number of DNAm markers, 
reduced RFR models were built with the top predicting 
probes from the feature importance ranking generated by 
the original RFR model and remaining one-third of the 
initially retrieved data (Table  S3). A total of 50 reduced 
RFR models were constructed with 1–50 DNAm probes.

Results
Retrieved data and probe sets
We collected a total of 4 buffy coat datasets over the 
years 2013–2015 including 547 samples, and a total of 
10 whole blood datasets from years 2013–2020 contain-
ing 1291 samples (Table 1). Whole blood and buffy coat 
are two prevalent samples in DNAm studies as (i) they 
are commonly used in biological studies due to their 
wide collection in human body fluids, and (ii) the DNAm 
pattern of both whole blood and buffy coat is relatively 
stable. In certain scenarios such as highly contaminated 
forensic cases, buffy coat samples can be of interest for 
instance as an alternative control solution to give a more 
accurate DNA quantity measurement for trace evidence 
characteristics of DNA [49]. Buffy coat and whole blood 
consist of different cell types, i.e. buffy coat contains only 
leukocytes and platelets isolated from centrifuged whole 
blood, combining these datasets is inappropriate [50]. 
We have either directly collected the age of the individu-
als present in all datasets, or we obtained the age upon 
consulting the authors of the published datasets. The age 
distribution was largely spread from below 18  years to 
over 70 years, with an overrepresented number of older 
individuals.

The pre-processing and quality control analyses yielded 
for the Y chromosome 14 probes from buffy coat, and 35 
probes from the whole blood datasets, which were used 
to construct an RFR model. Similarly, for the X chromo-
some, we identified 10,109 probes from buffy coat and 
10,178 probes from the whole blood datasets for con-
structing an RFR model. A set of six buffy coat and whole 
blood autosomal probes, based on prior research from 
our group focusing on a similar topic [20, 21], were also 
extracted and served as a ‘positive control’ for the com-
parison of age prediction accuracy between autosome- 
and sex chromosome-based models. For the purpose of 
evaluating the reliability and robustness of constructed 
RFR models, we performed sensitivity tests with multiple 
data subsets: Data subsets combining autosomal probes 
with sex chromosomal probes (i.e. buffy coat X or Y chro-
mosomal probes plus autosomal probes and whole blood 
X or Y chromosomal probes plus autosomal probes), 
and data subsets constructed with age stratified samples 
(containing samples from individuals only with ages from 
18–70 years) and sex stratified samples (containing sam-
ples from male and female individuals separately).

Age prediction with RFR modeling
We firstly constructed an RFR age prediction model 
with the most predictive six autosomal DNAm mark-
ers extracted from buffy coat and whole blood datasets 
building upon a prior study where we determined a mini-
mal set of autosome-based epigenetic age prediction 
markers [21]. These six autosomal DNAm markers served 
as a reference for the sex chromosome RFR prediction 
modeling. A tenfold cross validation was performed on 
the DNAm autosomal marker model, leading to a mean 
RMSE of 5.06 years and mean MAD of 3.80 for the buffy 
coat dataset, and a mean RMSE of 6.96 years and mean 
MAD of 5.24  years for the whole blood dataset. As the 
prediction accuracy constructed with these 6 autosomal 
DNAm markers can compete with those reported in pre-
vious studies (i.e. a mean RMSE from 3 to 5 years, and a 
mean MAD ranging from 2.5 to 7  years [20, 21, 23, 30, 
32, 33, 46].), we chose not to construct additional age 
prediction models with different sets of DNAm autoso-
mal markers as we aim to investigate whether incorporat-
ing sex chromosomal markers provides complementary 
value for age prediction, rather than simply optimize 
autosomal-based age prediction accuracy. We also noted 
that the performance of the whole blood model was less 
precise than the buffy coat model. Next, we constructed 
RFR age prediction models using DNAm markers from 
sex chromosomes. The models created with DNAm 
probes on the Y chromosome resulted in a mean RMSE 
of 10.43 years and a mean MAD of 8.41 years for buffy 
coat datasets, and a mean RMSE of 14.29 years and mean 
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Table 1  Retrieved datasets from DNA methylation measurements in blood using 450 K microarray (Illumina) analysis

The table shows the GEO accession ID, the sample type, the number of DNA methylation measurements in buffy coat and whole blood samples in GSE and the 
number of samples after preprocessing of selected public datasets. The table does not include all the datasets collected from the public database since some of the 
raw files were not available. The remarks explain the reason of sample deletion for each dataset

Datasets Sample type Reference Samples in GSE Samples after QC 
& pre-processing

Mean age (years) Sex distribution Remarks

GSE51032 Buffy Coat Not published 845 336 Female: 52.57
Male: 55.89

657 female, 188 
male

Only samples 
from healthy indi-
viduals used;
Samples removed 
due to QC

GSE55491 Buffy Coat Prickett et al. 2015 24 6 Female: 47.00
Male: 28.00

1 female, 5 male Only samples 
from healthy indi-
viduals

GSE61496 Buffy Coat Tan et al. 2014 300 150 Female: 49.36
Male: 47.78

72 female, 78 male Only one twin

GSE74548 Buffy Coat Kok et al. 2015 174 55 Female: 70.98
Male: 70.85

27 female, 28 male Samples removed 
due to QC and multi-
ple measurements

GSE42861 Whole Blood Liu et al. 2013 689 335 Female: 51.77
Male: 55.23

239 female, 96 
male

Only samples 
from healthy indi-
viduals (controls)

GSE66459 Whole Blood Fernando et al. 
2015

22 11 Female: 0.77
Male: 0.75

5 female, 6 male Only samples 
from healthy indi-
viduals (controls)

GSE67444 Whole Blood Not published 70 21 Female: 2.63
Male: 2.03

9 female, 12 male Multiple measure-
ments per individual, 
removal of samples 
with failed QC

GSE89218 Whole Blood Not published 163 82 Female: –
Male: 32.52

0 female, 82 male Only samples 
from healthy indi-
viduals (controls), 
no previous age 
prediction model 
applied

GSE99624 Whole Blood Fernandez-Rebello 
et al. 2018

48 16 Female: 65.90
Male: 57.83

10 female, 6 male Only samples 
from healthy indi-
viduals (controls)

GSE104812 Whole Blood Shi et al. 2018 48 48 Female: 8.87
Male: 9.14

19 female, 29 male

GSE107737 Whole Blood Fang et al. 2019 24 12 Female: –
Male: 24.00

0 female, 12 male Only samples 
from healthy indi-
viduals (controls)

GSE108815 Whole Blood Liang et al. 2019 10 3 Female: 7.00
Male: 9.00

2 female, 1 male Only samples 
with RAW file, 
no previous age 
prediction model 
applied

GSE113967 Whole Blood Siu et al. 2019 134 48 Female: 8.40
Male: 11.53

15 female, 33 male Only samples 
from healthy indi-
viduals (controls), 
no previous age 
prediction model 
applied

GSE145361 Whole Blood Not published 1889 715 Female: 66.76
Male: 67.90

343 female, 372 
male

Removal of sam-
ples with failed 
QC, Only samples 
from healthy 
individuals (controls) 
used, no previous 
age prediction 
model applied
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MAD of 11.13  years for whole blood datasets. The pre-
diction power was substantially improved by adding the 
best predicting six DNAm autosomal probes to the Y 
chromosomal model (i.e. giving for buffy coat datasets a 
mean RMSE of 4,80 years, and a mean MAD of 3.65 years 
and for whole blood datasets a mean RMSE of 6.75 years, 
and a mean MAD of 5.04 years). The inclusion of Y chro-
mosomal DNAm probes, in addition to the six DNAm 
autosomal probes did not result in a remarkable improve-
ment in model performance compared to the model con-
structed with only the six DNAm autosomal probes. This 
indicates that with our data sets, the probability of con-
structing an informative age prediction model with only 
Y chromosomal DNAm markers is low. Further visual 
exploration of the latter analyses indicated that for indi-
viduals with older age, the Y chromosomal model tends 
to give an underestimated age prediction, whereas the 
prediction of the model in the younger age group dem-
onstrates an overestimated age prediction (Fig.  1a). The 
majority of the outliers in the data are found in the age 
range corresponding to either very young or older indi-
viduals. When the six autosomal DNAm probes were 
added to the Y chromosomal datasets, the tendency to 
overestimate or underestimate was reduced resulting in a 
decrease in the number of outliers (Fig. 1a).

The RMSE and MAD of the model constructed with 
DNAm probes on the X chromosome was more accurate 
than the model built with Y chromosomal DNAm probes 
(Table  S1). Overall, the model with X chromosomal 
DNAm probes gave a mean RMSE of 7.70–9.15 years and 
a mean MAD of 6.10–7.16  years. Similar as the model 
with Y chromosome DNAm probes, the addition of the 
six best predicting autosomal DNAm probes improved 
the model performance, i.e. a mean RMSE and a mean 
MAD of 4.51–6.01  years and 3.42–4.55  years, respec-
tively were observed. The incorporation of autosomal 
DNAm probes resulted in improved performance of the 
X chromosomal model, enabling it to achieve the same 
level of performance as observed in autosomal models. 
It is important to note that determining the specific con-
tribution of X chromosomal probes to the combined X 
chromosomal plus autosomal model remains challenging.

Moreover, similar as for the Y chromosomal mod-
els a distinct pattern of over- and underestimation was 
observed when using only X chromosomal DNAm 
probes in the model as opposed to the model that 
included X chromosomal DNAm probes in combination 
with the six best predicting autosomal probes (Fig. 1b, b-I 
and b-III). The inclusion of autosomal probes resulted in 
a reduction in the number of outliers (Fig.  1b, b-II and 
b-IV).

Overall, we observed that the age prediction models 
constructed with only DNAm sex chromosomal probe 

sets provided limited informative value. However, when a 
limited number of best predicting autosomal probes was 
added to the models, the prediction accuracy improved 
significantly. Specifically, for X chromosomal datasets, 
the model constructed with X chromosomal DNAm 
probes and six DNAm autosomal probes achieved a rel-
atively low mean RMSE of 4.51–6.01  years and a mean 
MAD of 3.42–4.55  years, whereas models built with 
exclusively X chromosomal DNAm probes only reached 
a mean RMSE of 7.70–9.15  years and a mean MAD of 
6.10–7.16 years.

Sex stratified data subsets
We used the DNAm profile to confirm the sex stratifica-
tion of individual samples. For buffy coat datasets, 190 
samples were confirmed as male and 357 as female, while 
for whole blood datasets, 622 samples were confirmed as 
male and 669 as female. Here, we focused on the analy-
sis of the X chromosome only, for which three types of 
models were compared: (i) DNAm autosomal probes, 
(ii) DNAm X chromosomal probes and (iii) DNAm X 
chromosomal probes together with the six best predict-
ing autosomal probes. When constructing models using 
autosomal probes from both buffy coat and whole blood 
datasets, we observed comparable mean RMSE and 
MAD values to those obtained from sex-stratified data 
subsets for both females and males (Table S2, row 1–4). 
For the sex-stratified models constructed with X chro-
mosomal probes, the general accuracy of age prediction 
was improved in models created with male samples com-
pared to models created with female samples (Table S2, 
row 5–8). However, when the autosomal probes were 
added, we observed an improvement in age prediction 
for both buffy coat and whole blood data subsets. We 
found that the inclusion of autosomal probes resulted 
in a substantial lower RMSE and MAD (Table  S2, row 
9–12). Moreover, the improved age prediction was 
more significant in models constructed using sex strati-
fied female samples, compared to using male samples. 
Of note, for the model based on buffy coat samples, we 
observed a substantial improvement in the accuracy of 
age prediction for sex-stratified female models compared 
to male models (Figure S1a), while such improvement is 
restricted in models based on whole blood samples (Fig-
ure S1b). This improvement is evident from the lower 
RMSE value observed in female models. However, when 
considering MAD, sex-stratified male models exhib-
ited better performance, as they displayed a lower MAD 
value (Table  S2, row 10–13). The nature of RMSE and 
MAD prediction metrics plays a role in understanding 
the observed results. RMSE by squaring the differences 
between predicted and actual values, becomes more sen-
sitive to larger errors; On the other hand, MAD treats all 
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errors equally by considering only the absolute value of 
the differences. Based on our observations and consider-
ing the nature of these metrics, we find that the overall 
prediction accuracy is better for male models compared 
to female models.

Age restricted data subsets
Meta data, including chronological age, was provided 
by the collected datasets. Epigenetic drift is a general 

mechanism of age-related epigenetic changes in elder 
individuals [21, 51]. Naue et al. reported that the change 
in age prediction observed in models using autosomal 
DNAm markers can be attributed to epigenetic drift [21]. 
To assess the contribution of epigenetic drift in elderly 
individuals to sex chromosomal DNAm data subsets, we 
have introduced age restricted datasets. To this end, we 
defined data subsets excluding samples from individuals 
with ages younger than 18  years or older than 70  years 

Fig. 1  DNA methylation predicted age in years versus chronological age in years measured in blood. The figure shows age prediction models 
constructed based on DNA methylation of the six autosomal markers, sex chromosomal markers and the combination of sex chromosomal 
markers with the six best predicting autosomal markers. The DNA methylation markers were extracted from buffy coat and whole blood datasets. 
Model performance is shown by the root-mean squared error (RMSE) and mean absolute deviation (MAD) values. For construction of the RFR 
model a tenfold cross-validation was used. a-I Model based on DNA methylation with autosomal probes from buffy coat (BC), a-II Model based 
on DNA methylation with autosomal probes from whole blood (WB). b-I Model based on DNA methylation with Y chromosomal probes from buffy 
coat (BC) samples, b-II Model based on DNA methylation with Y chromosomal probes and DNA methylation autosomal probes from buffy coat 
(BC) samples, b-III Model based on DNA methylation with Y chromosomal probes from whole blood (WB) samples, b-IV Model based on DNA 
methylation with Y chromosomal probes and the six best predicting DNA methylation autosomal probes from whole blood (WB) samples. c-I 
Model based on DNA methylation with X chromosomal probes from buffy coat (BC) samples, c-II Model based on DNA methylation with X 
chromosomal probes and the six best predicting DNA methylation autosomal probes from buffy coat (BC) samples, c-III Model based on DNA 
methylation with X chromosomal probes from whole blood (WB) samples, c-IV Model based on DNA methylation with X chromosomal probes 
with the six best predicting DNA methylation autosomal probes from whole blood (WB) samples. The outliers are distributed in the interval 
representing extremely younger and older individuals. Also, a prediction tendency of over-underestimation is observed in this age group. By adding 
the six best predicting autosomal markers, the outliers are less observed, meanwhile the over-underestimation tendency is less obvious



Page 8 of 13Wan et al. Epigenetics & Chromatin           (2025) 18:45 

old. For buffy coat datasets, a total of 506 samples were 
included, of which 167 were from males and 339 from 
females. For whole blood datasets, 899 samples were 
included, of which 407 were from males and 492 from 
females. Analyses of these age restricted data subsets 
showed that the pattern of over- and underestimation 
of age was less present, although the RMSE and MAD 
resembled the models constructed with the datasets over 
the whole age range and sex-stratified datasets (Figure S2 
and Figure S3). Overall, the observation of overestima-
tion in younger individuals and underestimation in older 
individuals, was less presented and confirmed the obser-
vation of a general age prediction effect in autosomal 
DNAm datasets observed in a previous study [21]. We 
assume that the epigenetic drift mechanism also plays a 
role in age prediction based on sex chromosomal DNAm 
markers [52, 53].

Identification of sex chromosomal age‑informative DNAm 
markers
For each of the DNAm sex chromosomal data subsets, 
the top 15 probes on the age prediction feature impor-
tance-ranking list (see methods) were recorded. In the 
combined data subsets consisting of sex chromosomal 
and autosomal DNAm markers, a total of 21 probes were 
reported. In these combined data subsets, the 6 best 
predicting DNAm autosomal probes consistently rep-
resented the top of the feature importance-ranking list 
(Table S3).

We noted that a substantial amount of Y chromosomal 
DNAm probes on the feature importance-ranking list 
was from both whole blood and buffy coat datasets. In 
order to explore the age association of these probes, we 
selected five probes that were positioned on the top of 
the list, and being present in both whole blood and buffy 
coat datasets, i.e. cg04964672, cg26251715, cg09223632, 
cg01707559 and cg02233183. For these five probes a rela-
tive low correlation with age was observed (Spearman 
correlation coefficient, −0.15 < Rho.S < 0.15) Figure S4). 
These observations confirm that the Y chromosomal 
DNAm probes recorded in our study are not useful as 
age-informative DNAm markers. We also noticed that 
the DNAm level of probe cg01088462 from the buffy 
coat datasets and probe cg03278611, cg07795413 from 
the whole blood datasets, despite of their high ranking, 
did not show a direct relationship with chronological age. 
This may also explain the low age-prediction accuracy 
observed in models based on Y chromosome datasets.

Regarding the X chromosomal DNAm markers, we 
observed no probes listed in the age prediction feature 
importance ranking list that were detected in all four 
datasets (i.e. DNAm markers from buffy coat and whole 
blood data sets; DNAm markers from X chromosomal, 

and X chromosome plus autosomal datasets). Probe 
cg15577287 was found in three data subsets (Figure S5a), 
however, the correlation of this probe with chronologi-
cal age was relatively low and not consistent (Spearman 
correlation of buffy coat: −0.21; and whole blood: 0.06). 
In two models constructed with buffy coat samples, 
only X chromosomal DNAm markers and the combina-
tion of X chromosomal and autosomal DNAm mark-
ers, probe cg02868201 and cg20461691 were selected 
from the feature importance list and their correlation 
with age was analyzed. This analysis showed that these 
two probes have a low age correlation value. Conversely, 
for whole blood datasets, the following five probes were 
consistently noted in the top feature importance ranking 
list: cg25140188, cg27064949, cg04532200, cg01882566 
and cg13108852. Except for probe cg13108852, which 
showed a relatively low correlation coefficient, the other 
four probes exhibited a high correlation coefficient with 
the individual’s chronological age. The probe with the 
best correlation coefficient, cg04532200, could even com-
pete with some of the previously reported autosomal 
age informative DNAm markers (cg04532200: −0.54 vs. 
cg02872426: −0.60) [21]. As expected, these age-informa-
tive markers were also present in the feature importance-
ranking list of models constructed with sex-stratified 
data subsets and age-restricted data subsets.

Next, we annotated the genes of the four identified age-
informative X chromosomal DNAm probes. (Table  2, 
information collected from the website https://​www.​ncbi.​
nlm.​nih.​gov/​gene and http://​www.​genome.​ucsc.​edu/). 
Among these four probes, three of them were annotated 
to genes encoding for proteins involved in multiple bio-
logical pathways including: metabolism (DGAT2L6, syn-
thesis of di- or triacylglycerol), cell signaling (PLXNB3, 
semaphorin 5A receptor) and protein transportation 
(RPGR, transportation of phototransduction compo-
nents). The remaining DNAm marker (cg25140188) was 
annotated to an intergenic region. To the best of our 
knowledge, functional evaluation of DNAm CpG sites 
of DGAT2L6 have not been reported previously. The 
CpG island located upstream of PLXNB3 was shown to 
be associated with circadian day and night rhythm [54]. 
RPGR exon mutation correlates with age dependent dis-
ease, while if DNA methylation is involved in it remains 
unclear [55]. These findings highlight the potential rel-
evance of these age-informative DNAm markers on the 
X chromosome, underscoring the need for further inves-
tigation into their correlation with aging and their func-
tional roles in age-related biological processes.

Reduced model construction
Reduced RFR age prediction models were constructed 
using only the X chromosomal data subsets and using X 

https://www.ncbi.nlm.nih.gov/gene
https://www.ncbi.nlm.nih.gov/gene
http://www.genome.ucsc.edu/
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chromosomal data subsets together with autosomal data 
subsets. By computing the RMSE and MAD, we noticed 
that most of the X chromosomal DNAm probes in the 
reduced models did not show a better performance than 
was observed in the non-reduced models, suggesting 
that an RMSE and MAD around 6–8  years is the over-
all age predicting outcome of an RFR model depend-
ent on sex chromosomal 450 K probes only. In contrast, 
the decrease in RMSE and MAD that we observed in 
the data subsets comprising buffy coat samples of X 

chromosomal DNAm probes together with the best pre-
dicting autosomal DNAm probes, reached the highest 
age prediction accuracy in this study. For this model an 
RMSE of 3.70 years and a MAD of 2.97 years were found 
compared to the model using restricted X chromosomal 
probes together with the six best predicting DNAm auto-
somal probes with a RMSE of 2.54 years and a MAD of 
1.89  years (Table  S4, column 2, row 2 and 3). From the 
age prediction scatter plot (Fig.  2), it can be noted that 
for these two models with relatively high prediction 

Table 2  Age informative DNA methylation markers on X chromosomes

The table shows the age informative DNA methylation markers of the 450 K probes on the X sex chromosomes identified in our study. The genomic location, gene 
name, region feature annotations and the relationship of the probe to canonical CpG islands are presented

Probe name UCSC_RefGene Full Gene Name UCSC_RefGene_Group UCSC_CpG_Islands_Name Relation_to_
UCSC_CpG_
Island

cg25140188 NA Intergenic region NA chrX:31089886–31090330 N_Shelf

cg27064949 DGAT2L6 diacylglycerol O-acyltransferase 2 like 6 1stExon NA NA

cg04532200 PLXNB3;PLXNB3 Plexin B3 Body; Body chrX:153032468–153033354 S_Shore

cg01882566 RPGR;RPGR Retinitis pigmentosa GTPase regulator TSS1500; TSS1500 chrX:38186422–38187010 S_Shore

Fig. 2  Performance of DNA methylation-based age prediction models with reduced data. The figure shows DNA methylation-based age prediction 
of chronological age in years versus predicted age in years of selected X chromosomal DNA methylation markers extracted from buffy coat (BC) (a-I) 
and in whole blood (WB) datasets (a-II). b Age prediction of chronological age in years versus predicted years based on selected X chromosomal 
DNA methylation markers together with the six best predicting autosomal DNA methylation probes in buffy coat (BC) (b-I) and in whole blood 
(WB) datasets (b-II). Model performance is shown by the root-mean squared error (RMSE) and mean absolute deviation (MAD) values
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accuracy, the number of outliers in age prediction was 
also less presented (Table S4, column 2, row 2 and 3) and 
these two models did not exhibit the tendency of over- 
and underestimation. Considering that previous epige-
netic age prediction studies have reported a common 
range of RMSE values between 3 and 5 years [17, 25–27, 
36], our reduced RFR models which include X chromo-
somal DNAm probes combined with the best predicting 
autosomal DNAm probes from either buffy coat or whole 
blood, demonstrate an even further improved level of 
stability and accuracy in age prediction.

Discussion
In this study, we constructed multiple prediction mod-
els using both sex chromosomal and autosomal DNAm 
markers. The reduced model using X chromosomal com-
bined with the six best predicting autosomal DNAm 
probes showed a strong prediction value for chronologi-
cal age. It is noteworthy that the DNAm markers we iden-
tified as best predictors on the X chromosome were not 
all previously reported in DNAm-based age prediction 
studies. For instance, Li et al. [37] identified age-depend-
ent DNAm markers on the X chromosome in elder Dan-
ish and Lothian individuals. In their study, the authors 
found that all three DNAm markers, annotated to the 
PLXNB3, RPGR and DGAT2L6 genes, showed a negative 
correlation with the chronological age of an individual. 
Simultaneously, Kananen and Marttila [39], identified the 
probe cg04532200 (PLXNB3) as a good DNAm age pre-
dictor on the X chromosome. Yet none of these studies 
reported cg25140188, one of the DNAm age predictors in 
our study. Since Kananen and Marttila also reported that 
their age-predictor probe cg04532200 is universal for 
both male and female subsets, follow-up analysis should 
focus on distinguishing whether there is a difference in 
age-dependency of all our identified age-informative 
DNAm markers on male versus female X chromosomes. 
In contrast to our findings on the X chromosome, we 
did not find age-informative DNAm markers on the Y 
chromosome, whereas Lund et al., Vidaki et al., Kananen 
et al., Jian et al. and Ji et al. successfully identified Y chro-
mosomal age-informative markers [35, 36, 39, 56]. Dif-
ferences in the DNA microarray data processing pipeline 
and the use of distinct datasets could account for the dif-
ferent set of Y chromosomal DNAm markers observed 
in this study compared to those identified by others. For 
instance, Lund et  al. utilized datasets comprising only 
elderly individuals (aged 56–95) from Denmark and 
Britain, and Jian et al. for the Sichuan Han population in 
China, highlighting a key distinction from our study. In 
addition, Vidaki et al. and Kananen et al. applied alterna-
tive R software packages, as well as an additional probe-
removing pipeline in the processing of DNA methylation 

data. Moreover, Ji et al. developed a male-specific predic-
tion model using pyrosequencing combined with a sup-
port vector machine algorithm and they improved age 
prediction performance by mixing genomic DNA of the 
male and female to predict chronological age of the male 
in the mixture. Although our data did not indicate added 
predictive value of Y chromosomal DNAm markers in 
our best-performing prediction model, we acknowledge 
that Y chromosomal markers indeed offer additional 
value for enhancing the efficacy of autosomal age pre-
diction [23, 35, 36, 40]. Alternative DNA methylation 
analyses, such as those based on WGBS (whole-genome 
bisulfite sequencing), RRBS (Reduced representation 
bisulfite sequencing), pyrosequencing, direct nanopore 
analyses or methylation‑sensitive restriction enzyme 
PCR may help resolve the relatively poor Y-chromosome 
resolution of Illumina arrays [57–59]. In this context, a 
comprehensive cohort follow-up addressing these issues 
is required to detect high predictive Y-chromosome loci.

For autosomal DNAm-based age prediction models, 
the influence of epigenetic drift has been observed. Our 
data illustrate that this influence exists for sex chromo-
some-based models, since in our age-restricted models, 
the influence became less obvious. It would be inter-
esting to develop a computational pipeline specifically 
focused on this influence. Regarding the prediction accu-
racy in our sex stratified models, we noted a sex differ-
ence in prediction accuracy. In general, the male data 
subsets provided a better accuracy than the female data 
subsets. It is widely accepted that the genomic DNAm 
pattern differs between male and female [60, 61]. In this 
context, it is crucial to consider the concept of X chro-
mosome inactivation. X-inactivation serves as a distinc-
tive dosage compensation mechanism in female somatic 
cells, leading to the random repression of one X chromo-
some. It has been noted that X-inactivation can impact 
the accuracy of age prediction based on DNAm, with 
male models generally exhibiting better prediction accu-
racy compared to female models [38, 62]. Furthermore, 
for X chromosomal DNAm patterns, Kananen et  al. 
2021 reported 122 CpGs as age associated in both sexes, 
yet the number of male-specific age-dependent CpGs 
prevails that of female-specific age-dependent CpGs. 
Simultaneously, Li et  al. [38] identified 55 age-related 
non-gender-specific CpGs, with an opposite situation 
where female-specific age-dependent CpGs outnumbers 
the male-specific CpGs. These results may potentially 
offer a biological explanation for the male–female dif-
ference in age prediction performance that we noted in 
our sex stratified models, demonstrating the uncertainty 
of sex-related X chromosome DNA methylation. In addi-
tion to this, regarding our overall epigenetic sex chromo-
somal age prediction evaluation, we acknowledge that 
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the presence of accelerated aging phenotypes could have 
impacted our observations [22]. As Liu et  al. [63] sug-
gested that age-related DNA methylation changes on the 
inactive X chromosome are largely driven by increasing 
variability over time, we highlight the potential that an X 
chromosomal DNA methylation based assay can not only 
enhance age estimation, but also provide additional lay-
ers of information, such as epigenetic stability, sex-spe-
cific aging trajectories, or the effects of XCI disruption in 
aging and disease.

While RFR modeling offers several advantages for age 
prediction, it is important to also explore alternative sta-
tistical and machine learning methods to enhance outlier 
detection and advance the current modeling techniques 
[23, 31]. Machine learning methods for DNAm-based 
age prediction that are nowadays being used include cell 
separation algorithms (optimized from artificial neural 
networks) [64] the AdaBoost algorithm [65] and Sup-
port Vector Machine [23]. These machine learning mod-
els achieved relatively high age prediction accuracy [66]. 
Furthermore, integrative packages for DNAm-based age 
prediction based on identified DNA methylation markers 
were already released for public use, such as methylclock 
[67] and eClock [68].

Despite advancements in statistical accuracy of age 
prediction, there is still a significant research gap in cre-
ating and interpreting computational analysis and the 
development of practical bioassays for age determina-
tion. Incorporating sex chromosomal markers into epi-
genetic age prediction models offers distinct advantages 
beyond theoretical age prediction model construction. 
For instance, in forensic context, age identification of sus-
pects and victims not only relies on blood-based samples, 
other biomaterials such as hair and bone are also reliable 
samples providing age prediction availability [69, 70]. 
Particularly in sexual assault cages, sex-specific body flu-
ids including semen and vaginal secretion are currently 
receiving a lot of attention [29, 57, 61],and age prediction 
models based on these fluids have been developed [19, 
46]. Fresh-collected samples may contain mixed male and 
female DNA samples, sex chromosomal DNA methyla-
tion markers can provide male- or female-specific infor-
mation that complements age prediction. For example, 
utilizing Y-chromosomal CpG sites allows for male-spe-
cific age estimation, even in the presence of female DNA, 
or in complex cases where standard autosomal-based 
models may struggle. Therefore, sex chromosomal DNA 
methylation adds another layer of information that can 
aid forensic investigations [65, 71]. Additionally, age pre-
diction using Y-chromosomal DNA methylation markers 
offers a potential to distinguish between male individu-
als from the same paternal lineage with different ages. 
These individuals typically share an identical Y-DNA 

haplotype, they cannot be differentiated using standard 
Y-STR profiling methods. As such, Y chromosome DNA 
methylation pattern-based age estimation could serve as 
a valuable tool differentiating close male relatives sharing 
similar genetic background but that are of different age, 
reducing the risk of biased predictions toward a particu-
lar age group [72].

Overall, our model prediction findings will contribute 
to the development of sex-chromosomal autosomal com-
bined DNAm age prediction essays for sex stratified body 
fluids. This study offers new perspectives into the sex 
chromosomes in epigenetic aging, highlighting areas for 
future research aimed at refining age prediction tools for 
practical use.

Conclusion
We constructed a set of epigenetic DNAm marker-
based RFR age prediction models. Four X chromo-
somal age-informative DNAm markers were identified, 
i.e. cg27064949 (DGAT2L6), cg04532200 (PLXNB3), 
cg01882566 (RPGR) and cg25140188 annotated to an 
intergenic region. By restricting the age range in the 
constructed models, we noticed an increased prediction 
accuracy, emphasizing the significant influence of age 
dependent outliers of DNAm-based age prediction. The 
age prediction model constructed with a selected set of 
X chromosomal DNAm markers combined with the 
best predictive six autosomal DNAm markers demon-
strated a significantly improved accuracy (mean RMSE 
of 2.54  years and mean MAD of 1.89  years), compared 
with models constructed solely with autosomal markers. 
These findings are of main importance to advance foren-
sic chronological age prediction and potentially also to 
read out biological age prediction.
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