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ARTICLE INFO ABSTRACT

Keywords: DNA methylation variants have been widely used as biomarkers of ageing and several mathematical models have

DNA Mthylation been developed to estimate the biological age. More recently, DNA technology has triggered efforts toward the

S;lg;fncs simplification of the array-based epigenetic clocks and targeted approaches, based on the assessment of a small
aPshot

number of CpG sites have been developed. Among the markers included in these clocks, ELOVL2, FHL2, KLF14,
Clorfl132/MIR29B2C, and TRIM59 resulted to be the most strongly validated markers. We tested the repro-
ducibility and validation of a previously developed targeted epigenetic clock purposely optimized for the
measurement of chronological age in blood samples. The clock includes DNAm biomarkers strongly correlated
with chronological age whose DNA methylation levels were measured by using a multiplex methylation SNaP-
shot assay. We found that epigenetic age, calculated using the developed clock, was highly correlated with age
(r = 0.97) in a total of 201 blood samples covering a full spectrum of human ages. For 74 of these, methylation
profiles of the whole genome were obtained through the Infinium Methylation EPIC v2.0 Kit which also allowed
to estimate the most frequently used clocks of Horvath. These results show the potential of our efficient and
affordable test for simultaneously measuring DNA methylation levels at multiple target CpG sites to assess
chronological age. We observed a strong correlation between the prediction models for the analyzed CpG sites
measured using the SNaPshot method and those obtained with the Illumina EPIC array, especially with the
Horvath2 clock, which was specifically developed for DNA from skin and blood cells.

Forensic genetics
Age-prediction models
Illumina EPIC array
Horvath’s clock

1. Introduction

Methylation analysis is usually carried out using different DNA
methylation technologies, including EpiTYPER®, pyrosequencing, and
massively parallel sequencing [1,2]. The high cost associated with both
these systems (i.e., equipment and reagents) is a constraining factor for
the most part in forensic laboratories that require more cost-effective
technology. In addition, small amounts of DNA, which is the most
problematic factor in the analysis of forensic caseworks, might be an
obstacle to the application of microarray-based clocks that are also
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expensive and require at least 250 ng DNA. For this reason, a
cost-effective approach might also allow a re-analysis of the same
sample, and the increase in the number of technical replicates -rarely
performed in the published studies on this topic- has been demonstrated
to clearly improve the detection of the methylation levels of the assessed
markers and, consequently, the corresponding age prediction models
[3]. SNaPshot multiplex methylation test is a simple and cost-effective
technique for simultaneously measuring DNA methylation levels at
multiple target CpG sites. Importantly, the technology is compatible
with forensic DNA genotyping techniques, which facilitates the
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application of age estimation of DNA methylation to forensic practice.
Two recent studies suggested that methylation profiles obtained with
these different methods provide largely comparable results [4,5], even if
massively parallel sequencing seems to be the most advantageous
approach due to its capability of dealing with low quantity/degraded
samples, which can be very common in forensic investigations [2].
Furthermore, MPS is already used in most forensic laboratories for DNA
profiles with STR markers, biogeographical ancestry information,
mitochondrial DNA sequence analysis, and forensic DNA phenotyping
applications [6,7].

Although epigenetic models based on high-throughput technologies
are very accurate for age estimation, targeted epigenetic models, based
on a limited number of CpG sites and detectable by a fast and cost-
effective method, provide reasonably accurate age estimates with
additional advantages also in terms of mathematical processing. Several
studies have been conducted in recent years with the aim of building
targeted epigenetic clocks based on a limited number of CpG sites
(Supplementary Table 1).

Except for studies analysed DNA from skeletal tissues for which
methylation detection is complicated by technical factors associated
with the extraction and low yield of the DNA, a total of 64 studies have
been identified. These studies analysed the epigenetic variability of 87
different markers whose detection was based on pyrosequencing
(43.7 %) [4,8-34], SNaPshot (34.4 %) [4,5,24,35-53], EpiTYPER
(17.2 %) [4,54-63], MPS (11.0 %)[4,41,42,64,65-67], ddPCR and
MS-HRM (6.2 %)[39,68-70]. Different population groups were studied,
including Belgian [11,12], Spanish [22,55], Portuguese [36,69], Italian
[18,46,47,53,58-60], German [10,29], Polish [26,58], Dutch [63,65]
and other Caucasian populations [4,19,21,23,24,68], Iraqi [8,19],
Indonesian [70], Korean [23,40-44,49,52], Thai [27], Chinese [14,
19-21,30,31,32,37,38,48,50,54,61,62], Japanese [10,25,68,70] and
other Asian populations [28,71]. A variety of body fluids were investi-
gated: peripheral blood (67.2 %) [4,5,8,9,11,13-16,19,21,23,26-30,33,
34,36,37,41,43,47-49,51,52-58,60,61-67,69], saliva and buccal swab
(29.7 %) [9,10,12,18,21,24,25,35,39,40,42,43,46,49,52,64,66,68,70],
semen (12.5 %) [20,21,44,45,50,52,64,66] were the most widely used
tissues. Among the 87 epigenetic markers analysed, the CpGs located in
the ELOVL2 gene promoter were the most widely used ones (75.0 %) [4,
8,10-18,22,23-28,30,32-38,41,43,46,47,49,51-61,63,65,66,68,69,70]
included in 48 out of 64 developed models followed by FHL2 (50.0 %)
[4,8,13-16,18,26,28,30-37,41,43,46-49,52,53,55-57,59,60,63,701,
Clorf132/MIR29B2C  [4,8,13-16,18,26,28,30,32-38,41,43,46,47,49,
51-57,60,61] KLF14 (48.4 %)[8,9,14,15,16,18,24,26,28,32-35,37,
38-43,46,47-49,52,53,60,64,65,67,72], and TRIM59 (39.1 %) [8,
13-15,18,25,26,28,32-37,41,43,46,47,49,52-54,60,61,65].  Accord-
ingly, the most widely used epigenetic model so far proposed in the
forensic field, takes advantage of the variability inherent to this set of
genes [1,2] with a significant correlation with chronological age
observed in different studies [17,19,26,33,36,42,44,47,54,55,57,66,68,
70,72]. Despite these promising results, the most widely used and ac-
curate epigenetic clock for age estimation across various tissues remains
the Horvath clock [73]. However, it is relatively expensive and analyzes
a large number of CpGs, which may not be feasible for all research
settings due to costs and the complexity of the analysis.

The aim of this work was to test the reproducibility and validation of
a previously developed epigenetic clock [43] based on a Sanger
sequencing approach to 5 blood-based epigenetic markers (ELOVL2,
FHL2, KLF14, Clorf132/MIR29B2C, and TRIM59) for forensic applica-
tions. To this purpose, several machine learning algorithms were
employed using 201 Italian blood samples covering a full spectrum of
human ages. We subsequently compared the 5-CpG epigenetic clock
with the array-based models developed by Horvath [73,74] obtained in
a subgroup of 74 subjects for which methylation profiles were obtained
also with the Infinium™ MethylationEPIC v2.0 BeadChip.
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2. Materials and methods
2.1. Samples

A total of 201 blood samples were collected from unrelated in-
dividuals (94 men and 107 women) of 0-107 years old covering a full
spectrum of human ages. All peripheral blood samples were collected in
tubes containing EDTA and stored frozen at —20°C. Genomic DNA was
extracted by Invitrogen™ PureLink™ Genomic DNA Mini Kit. Extracted
DNA was quantified using a NanoDrop™ One (Thermofisher). The
recruitment of subjects older than 90 years was carried out between
2002 and 2005 through the population registries of Calabrian munici-
palities. Subjects in the age range 18-89 years were recruited between
2004 and 2007 as part of a survey aimed at monitoring the health status
of this population segment in Calabria [75]. Individuals younger than 18
years were recruited at the Medical and Forensic Genetics Laboratory
BIOGENET of Cosenza among subjects who required forensic exams
during the enrolment period. Fully written informed consent was ob-
tained from all the participants or their parents in case of minors. The
study was approved by the Ethics Committee of University of Calabria
(Prot. NP-5942018) and met the criteria of the Helsinki declaration.

2.2. Multiplex methylation SNaPshot assay

1 pg/pl of genomic DNA was bisulfite converted using EZ-96 DNA
Methylation-Gold kit (Zymo Research, Euroclone, Milan, Italy), ac-
cording to the manufacturer’s protocol. The multiplex methylation
SNaPshot assay consisted of multiplex PCR followed by a multiplex SBE
reaction using the primers reported in Jung, Sang-Eun et al. [43], with
modifications to the primers concentration mixtures, reported in
Table S2-a. Multiplex PCR was performed with a total volume of 20 pl,
including 2X QIAGEN Multiplex PCR Master Mix (Qiagen), 5X primer
mix and 50 ng/pl of bisulfite-converted DNA. Thermal cycling condi-
tions for PCR amplification were: 95°C for 11 min; 34 cycles of 94°C for
20 s, 56°C for 60 s, and 72°C for 30 s; 72°C for 7 min. After the purifi-
cation of PCR products with ExoSAP-IT™ (Termofisher), multiplex
SNaPshot assays were conducted with 1 pl of purified PCR products, 10
X SBE primers (Tables S2-b), 2X Sequencing Buffer (Applied Bio-
systems), and 1 pl of SNaPshot ™ Multiplex Ready Reaction Mix
(Applied Biosystems). Thermal cycling conditions for the SNaPshot re-
action were: 25 cycles of 96°C for 10 s, 50°C for 5 s, and 60°C for 30 s.
The SNaPshot multiplex reaction was followed by enzymatic purifica-
tion with Shrimp Alkaline Phosphatase (SAP) (Thermo Fisher Scientific,
Waltham, MA, USA) according to the manufacturer’s instructions.

2.3. SeqStudio genetic analyzers / capillary electroforesis

The fluorescence and size of SNaPshot products were determined by
SeqStudio Genetic Analyzers with a POP-1™ Polymer (Applied Bio-
systems) as separation matrix. The POP-1 polymer is composed of 5.1 %
or more linear polyacrylamide according to the manufacturer. Before
loading samples into the genetic analyzer, 1 pl of purified SNaPshot
products was mixed with 0.5 pl of GeneScan™ 120 LIZ™ dye Size
Standard (Applied Biosystems) and 10 pl of Hi-DiTM Formamide
(Applied Biosystems). Each sample was heat denatured at 95°C for
3 min. Using the SeqStudio Genetic Analyzer, injection was performed
for 3 s, electrophoresis was carried out for about 8 min at 15 kV at 60°C
and 15 kV of run voltage. E5 was used as GeneScan Run module and the
DS-02 GeneScan Matrix Set. SeqStudio data were analyzed using Gen-
eMapper® Software 5 (Applied Biosystems), with specific detection
parameters.

The methylation level at each CpG site (0-1) was calculated by
dividing nucleotide C intensity (unconverted methylated DNA) by
nucleotide C plus nucleotide T (converted non-methylated DNA) in-
tensities or by dividing nucleotide G intensity (reverse complement of
the nucleotide C) by nucleotide G plus nucleotide A (reverse
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complement of the nucleotide T) intensities.

The sensitivity of the assay was assessed from the bisulfite conver-
sion step by using fully methylated (100%) and unmethylated (0%) DNA
standard controls from the human WGA methylated & non-methylated
DNA Set (Zymo Research, Irvine, California, USA).

2.4. Infinium human methylation EPIC BeadChip array

Microarray hybridization was performed by Genomix4Life srl
(Baronissi (SA), Italy). From the total cohort on which the above-
mentioned model was developed, 74 DNA samples (32 males and 42
females) with an age ranging from 50.0 to 99.0 years were analyzed. A
total of 8.9 ng of DNA was bisulfite-converted using the EZ DNA
Methylation Kit (Zymo Research, Irvine, CA, USA) according to the
manufacturer’s instructions. Amplified DNA was fragmented and hy-
bridized to HumanMethylationEPIC BeadChips (Illumina) in an Illumina
hybridization oven at 48 °C for 16-24 h. Following hybridization, arrays
were washed for scanning with an iScan Reader (Illumina). Quality and
overall chip performance were monitored by visual inspection of both
internal quality control checks and raw scanned data.

2.5. Statistical analyses

Predictive modeling was performed on all 201 samples whose
methylation levels were detected using the SNaPshot assay. We used a 5-
fold cross-validation procedure for training predictive models and
assessing their performance at the same time in an unbiased way. In
short, at each iteration the dataset was split into a training (80% of
samples) and test (remaining 20%) set, ensuring that both sets had
similar distribution in terms of age and sex. Predictive models were then
trained on the training set and applied to the test set for obtaining
testable predictions [76]. For machine learning algorithms requiring
hyper-parameters optimization (see below), an internal four-fold
cross-validation was performed within the training set for selecting
the best hyper-parameters configuration, effectively implementing a
nested cross-validation scheme for these algorithms. The mean absolute
error was employed as an optimization criterion in the internal
cross-validation. The whole (nested) 5-fold cross-validation was
repeated 10 times, each time with a different data split, totaling 50 test
sets. The first machine learning approach was based on a multiple linear
regression model (MLR) using sex and the methylation levels of
Clorf132, ELOVL2, FHL2, KLF14, TRIM59 as independent variables. The
second one was a multiple quadratic regression (MQR), including the
same predictors of the linear model along with the pairwise interactions
and the square powers of the methylation values. The third and fourth
approaches were based on support vector machines for regression
(SVM): the first one exploited a Gaussian kernel (SVMr), the second one
a polynomial kernel (SVMp). Both SVM algorithms are non-linear ma-
chine learning approaches able to capture complex patterns and in-
teractions within data [77]. SVMs require hyperparameter optimization,
meaning some of their (hyper) parameters must be specified a priori
before training. During the internal cross-validation, we varied the SVMr
cost hyperparameter C in [0.25, 0.5, 1] and the sigma hyperparameter S
in [0.038, 0.24, 0.45]. For the SVMp, we used the same C values, along
with degree in [1-3] and scale in [0.001, 0.01, 0.1]. We refer to a
specialized SVM publication [77] for the meaning of these hyper-
parameters. Finally, we trained a multiple linear model using the first
two principal components (PCs) derived through principal component
analysis (PCA) of the methylation values. To ensure an unbiased
assessment of this approach, the PCs loadings derived from the training
set were used for computing the PCs on the test set as well. The pre-
dictive capability of each age prediction model was evaluated through
the mean absolute deviation (MAD), Pearson correlation (r), and correct
classification rate (CCR) at 5 and 10 years. MAD provides an immedi-
ately comprehensible quantification of the prediction error in terms of
how many years each prediction is, on average, off. The Pearson
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correlation indicates how well predictions and observed values vary
together. With respect to the CCR, the obtained results were evaluated as
correct if the predicted age was concordant with the actual age + 2.5
years (for the 5-year CCR) or + 5 years (for the 10-year CCR). The final
performances are reported as the average across the 50 test folds.

2.6. Genome-wide methylation profiling and age estimation with the
Horvath clocks

For 74 samples, methylation profiles of the whole genome were
obtained through the Infinium Methylation EPIC v2.0 Kit (Illumina Inc.,
USA). The samples were analysed within the frame of a European project
to investigate the role of epigenetic variability on healthy ageing
(“Ageing Well in an Ageing Society”, Next Generation EU [DM 1557
11.10.2022]).

The IDAT files were preprocessed with the Chip Analysis Methylation
Pipeline (ChAMP, [78]). In short, probes were first quantified and
filtered according to their detection p-value (cut-off = 0.01, [79]), fol-
lowed by beta-mixture quantile normalization [80]. The Infinium
technology processes samples in batches containing 8 samples each, and
thus the batch correction method Combat [81] was used for correcting
this possible batch effect. The normalized and corrected methylation
data were finally used for estimating the chronological age according to
the two epigenetic clocks developed by Horvath [73] and skin & blood
clock [74], as implemented in the R package methylclock [82]. The first
is a multi-tissue clock based on 353 CpG sites (Horvath1). The second is
an age estimator based on DNA from skin and blood cells that exploits
the epigenetic variability of 391 CpGs (Horvath2).

All statistical analyses and graphical representations were performed
in R version 4.4.0 (https://www.r-project.org/, accessed on 28
November 2024), using the packages caret (version 6.0 [83]), ChAMP
(version 2.29.1 [78]), methylclock (version 1.10.0 [82]).

3. Results

3.1. Multiplex methylation SNaPshot assay for analysis of 5 CpG sites of
the ELOVL2, FHL2, KLF14, Clorf132/MIR29B2C, and TRIM59 genes

First, a multiplex covering all 5 CpGs was used according to the
procedure reported in Jung, Sang-Eun et al. [43]. An example of
SNaPshot electropherogram of the optimized multiplex in 2 standard
samples of fully unmethylated (0 %) and fully methylated (100 %)
commercial DNA together with 5 samples of different ages is shown in
Fig. 1.

As shown in Fig. 1 methylation levels of the 5 CpG sites of the
analyzed genes in the two standard DNA samples, were consistent with
the expected methylation level from each control sample. The mean
methylation for the fully unmethylated (0 %) and fully methylated DNA
(100 %) control samples were about 0 % and 97.6 %, respectively.

Methylation analysis in 5 samples of different ages showed that
methylation levels of CpG sites in ELOVL2, FHL2, KLF14, and TRIM59
genes increased, while methylation levels of the CpG site of the
Clorf132/MIR29B2C gene decreased with age.

3.2. Construction of targeted and flexible epigenetic clocks

To develop a mathematical model for age prediction, 201 blood
samples were analysed using the multiplex methylation SNaPshot assay
previously developed. Table 1 and Supplementary Fig. 1 show the age
distribution of the analysed sample.

Methylation levels of all five analyzed CpG sites were strongly
correlated with age (Fig. 2).

In particular, while ELOVL2, FHL2, KLF14, and TRIM59 displayed
hypermethylation with age, a decrease in the DNA methylation levels for
Clorfl32/MIR29B2C was observed (r =-0.84). The strongest age-
correlation was observed in ELOVL2 (r = 0.94), followed by FHL2
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Fig. 1. Electropherograms of the multiplex methylation SNaPshot assay for the detection of DNA methylation at 5 CpG sites of the ELOVL2, FHL2, KLF14, Clorf132/
MIR29B2C and TRIM59 genes in 2 standard samples of fully unmethylated (0%) (A), and fully methylated (100%) (B), commercial DNA together with 5 blood
samples obtained from individuals in year 0 s (C), 20 s (D), 40 s (E), 60 s (F), 80 s (G), 100 s (H). Black and blue peaks indicate methylation signals, and red and green
peaks indicate non-methylation signals.
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Table 1
Age distribution of the analysed sample.

Age range Females n, (mean Males n, (mean All n, (mean
(years) age) age) age)

0-17 2(14.0) 5(8.7) 7 (10.2)
18-29 11 (27.7) 9 (24.6) 20 (26.3)
30-39 14 (34.49) 15 (35.7) 29 (35.1)
40-49 13 (43.5) 15 (43.6) 28 (43.6)
50-59 24 (55.1) 11 (53.9) 35 (54.7)
60-69 13 (64.8) 16 (65.8) 29 (65.4)
70-79 13 (73.4) 11 (73.4) 24 (73.4)
80-89 9 (84.5) 8 (84.4) 17 (84.5)
90-107 8(100.0) 4 (95.5) 12 (98.6)
0-107 107 (56.6) 94 (52.8) 201 (54.9)

(r =0.90), TRIM59 (r = 0.89), and lastly KLF14 (r = 0.73). All these
CpG markers were then used to develop a targeted epigenetic clock from
childhood to old age using several machine learning algorithms.

3.3. Model validation

Table 2 displays the cross-validated performances obtained on our
dataset for the six statistical and machine-learning models.

We found that all models provided similar performance predictions.
The model giving the best age prediction accuracy in terms of MAD was
the LRM, with a MAD of about 3.94 years followed by RRM
(MAD=3.95), PC (MAD=3.99), QRM (MAD=4.02), SVMp (MAD=4.04),
and SVMr (MAD=4.34). The model performances in terms of r were very
similar, ranging from 0.966 for the SVMr to 0.971 for the RRM. In terms
of CCR a performance of around 70% of accuracy in a 10-year time in-
terval was detected for LRM (0.694), RRM (0.711), SVMp (0.710) and
PCs (0.712), while QRM and SVMr obtained performances below 70%.

Fig. 3 show the scatterplots contrasting observed and predicted ages
for each of the tested ML models.
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prediction provided by the two epigenetic clocks developed by Horvath
and co-workers [73,84].

To ensure a fair comparison, we used the cross-validated predictions
produced during the repeated (nested) cross-validation procedure,
considering only the 74 samples that underwent genome-wide methyl-
ation profiling. Table 3 reports the obtained results.

As expected, Horvath2 performs better than Horvathl clock and
presents worse performances than any other method on all metrics. All
the 5-CpG-based epigenetic models show slightly better performances
than Horvath2. Among these, the MLR should be the preferred one both
for its simplicity of use and because it shows performances comparable
to other ML-based models.

The lower predictive performance of both array-based epigenetic
clocks is probably because our epigenetic models specifically developed
on the methylation data obtained on our cohort will obtain higher
performances than clocks derived from other, possibly much different,
cohorts (Fig. 4).

4. Discussion

While until some years ago most part of epigenetic clocks for forensic
age prediction were based on the analysis of hundreds of CpG sites
whose methylation levels were detected through microarray technolo-
gies, several recent works demonstrated that epigenetic models obtained

Table 2

Predictive performances of the selected age estimation models. For each model
the correlation coefficient r, the mean absolute deviance (MAD) and the correct
classification rate for a 5-year (CCR5) and a 10-year (CCR10) age interval
metrics are reported. LRM: Linear Regression Model; RRM: Ridge Regression
Model; QRM: Quadratic Regression Model; SVMr: Support Vector Machine with
radial kernel; SVMp: Support Vector Machine with polynomial kernel; PCs:
Principal Components.

Algorithm MAD r CCR5 CCR10
3.4. Comparison of DNA-based model performances by SNaPshot and LRM 3.936 0.970 0.458 0.694
Illumina’s EPIC Array RRM 3.951 0.971 0.451 0.711
QRM 4.017 0.969 0.496 0.683
. . . SVMr 4.335 0.966 0.417 0.662
To assess whether EPIC-derived DNA methylation data yield more SVMp 4.041 0.969 0.448 0.710
accurate and precise clocks, we compared the 5-CpG-based age pre- PCs 3.992 0.970 0.456 0.712
dictions here obtained by the machine learning models against the
meth C1orf132 == ELOVL2 =#= FHL2 =#= KLF14 TRIM59
C1orf132 ELOVL2 FHL2
100
75
.
.
50
25 R=-0.84,p<22e-16 R=0.94,p <2.2e-16
. e
0
g . \ . .
E KLF14 TRIM59 0 25 50 75
100
75
50 : e
25 R=0.73,p<2.2e-16 o R= 0.89, p < 2.26-16
N o0 o 84
0 W
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Age

Fig. 2. Scatterplot of methylation levels of Clorf132/MIR29B2C, ELOVL2, FHL2, KLF14, and TRIM59 and the age. The colored lines represent the regression line of

methylation levels on chronological age.
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Fig. 3. Scatterplots contrasting observed and predicted ages for each of the tested models. Each dot corresponds to a single prediction. Scatterplots correspond to five
ML approaches, which are, from left to right: Linear Regression Model (LRM); Ridge Regression Model (RRM), Quadratic Regression Model (QRM), Support Vector
Machine with radial kernel (SVMr); Support Vector Machine with polynomial kernel (SVMp), and Principal Components (PC). The red line in all panels represents a

perfect correlation between chronological and epigenetic age.

Table 3

Horvath’s epigenetic clocks performances contrasted against the results ob-
tained by the models trained in this work. For the machine learning models,
performances are computed on the cross-validated predictions, after restricting
the samples to the ones profiled with the Infinium chip.

Algorithm  Correlation = MAE Five year accuracy  Ten year accuracy
Horvathl 0.819 8.289 0.151 0.274
Horvath2 0.829 5.036 0.274 0.630
LRM 0.861 4.253  0.452 0.671
QRM 0.833 4.683  0.411 0.671
PCs 0.863 4371  0.384 0.671
SVMp 0.862 4.200 0.438 0.685
SVMr 0.839 4.584  0.452 0.644
RRM 0.864 4.209 0.438 0.699

Horvathl was defined by 353 CpG sites in [85]; Horvath2 was defined by 391
CpG sites in [84]; LRM: Linear Regression Model; RRM: Ridge Regression Model;
QRM: Quadratic Regression Model; SVMr: Support Vector Machine with radial
kernel; SVMp: Support Vector Machine with polynomial kernel; PC: Principal
Components.

analyzing only a small number of CpG sites provided highly comparable
results [5]. This shift offers considerable advantages, especially in terms
of cost and efficiency. For instance, BeadChip arrays, while effective, are
expensive and require substantial DNA input (at least 250 ng), making
them less appealing for forensic applications focused solely on age
prediction. On the other hand, single base extension can be easily
incorporated into well-established capillary electrophoresis systems to
analyses methylation levels of candidate genes. For this reason, targeted

Model -&= 5-CpG-LM

Horvath1 =#= Horvath2

R=0.87,p<22e-16

100 R=0.85p<22e-16

80

Predicted Age

60

60 80 100
Chronological age (years)

Fig. 4. Scatterplot of methylation age measured with the SNaPshot and EPIC

array-based clocks (Horvathl and Horvath2). The cross-validated predictions

produced by the linear model (5-CpG-LM) were obtained using SNaPshot and

averaged over folds and repetitions.

epigenetic clocks based on a small number of CpG might be developed
and standardized using this kind of technology. In addition, as a
cost-effective approach, this method might also allow for a re-analysis of
the same samples, and the increase in the number of technical replicates
- rarely performed in the published studies on this topic - that it has been
demonstrated to clearly improve the detection of the assessed markers
and, consequently, the corresponding age prediction models.
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In the present work, a simplified full-spectrum epigenetic clock
covering a full spectrum of human ages in a technological format easily
reproduced in a Sanger sequencing approach (SBE method) suitable for a
typical forensic genetics laboratory has been replicated. This enabled us
to successfully validate the detection of the five most widely used
epigenetic markers for age prediction purposes in the forensic field. Our
work replicates the original SNaPshot results in an independent popu-
lation (Italians) in which the proposed model has never been tested. This
is an important result towards the implementation of the SnaPshot
model in a routine forensic workflow. Further studies are required to
improve the proposed method and to assess the correlation of DNA
methylation patterns between pyrosequencing/EpiTYPER techniques
and the multiplex methylation SNaPshot assay.

We developed a 5-CpG epigenetic clock using blood-based DNA
methylation data. Our epigenetic clock showed a more precise chrono-
logical age prediction than the well-known Horvath’s clocks. A possible
explanation is that epigenetic specialized for a specific cohort will obtain
higher performances than clocks derived from other, possibly much
different, cohorts. Also, methylation data for SNaPshot and Illumina
array were obtained from two independent bisolphatation procedures.

The studies here reported could pave the way for the optimization
and application of targeted molecular markers of chronological/bio-
logical age in large human cohorts. However, there are several open
issues that need further studies. An aspect that requires more study is
related to the applications of the developed clocks within a forensic
framework. As it regards the first point, to further validate the molecular
clock here proposed, it is mandatory to investigate its prediction accu-
racy in very large cohorts of individuals.

From a forensic point of view the application of DNA-based age
prediction models appears more complicated since the definition of
precise guidelines for the implementation of methods here proposed is a
fundamental requirement in the forensic field. In this perspective, the
precise definition of a robust set of methylation markers to be analyzed,
the relevant methodology for their detection, and an easy-to-use math-
ematical model for the analysis of the laboratory data make all these
steps less complicated. Also, the definition of tissue-specific molecular
clocks requires special attention. In fact, the most part of epigenetic
clocks so far developed were based on the analysis of whole blood
samples. Whole blood is not uniformly composed of identical cell types
but consists of distinct cell populations in varying proportions. As
methylation profiles of peripheral blood mononuclear cells and gran-
ulocytes have been identified, cell heterogeneity could act as a
confounder. Additionally, population-specific models capable of deliv-
ering highly accurate chronological age estimates, alongside inter-
laboratory validation studies, are essential for integrating these methods
into forensic casework.

A limitation of this study is the age range of the cohort (>50 years)
considered for the comparison between SNaPshot and the array-based
method for chronological age estimation. Another potentially limiting
factor for comparison between methods, is that bisulfite conversion of
DNA was performed on two different aliquots of the same DNA source.
For this reason, we cannot completely exclude that the difference in
prediction performances between the two methods here used (SNaPshot
and EPIC 850k array of Illumina) likely reflects the introduction of other
sources of variations. Finally, even if there is a possibility that post-
mortem changes could alter the methylation status of markers exploited
for age prediction purposes in forensic cases, the present work did not
address putative differences in the five analysed markers between blood
from living and deceased individuals. Only a few studies attempted to
evaluate the postmortem interval as a critical point for age estimation
[11,17,27,36,53]. However, all these studies showed the usefulness of
the SNaPshot assay for forensic analysis also in blood samples of
deceased individuals as post-mortem interval showed no significant
impact on the methylation profiles. For this reason, we are confident
that the assay here analysed will demonstrate its feasibility for appli-
cation also in cases where post-mortem degradation poses challenges
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concerning sample collection, DNA extraction, and methylation detec-
tion. However, further studies are required to validate these preliminary
data and to definitely demonstrate the accuracy of these markers also in
post-mortem age estimations.

In conclusion, we have developed and validated a simple, cost-
effective technique for measuring DNA methylation levels at multiple
CpG sites to estimate biological age. Our findings demonstrate a strong
agreement between prediction models based on the SNaPshot method
and those derived from Illumina’s EPIC array, particularly with Hor-
vath2 clocks optimized for skin and blood DNA. This innovative
approach represents a promising step forward in the practical applica-
tion of epigenetic clocks within forensic science, offering a robust,
efficient, and scalable solution for age prediction.
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