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Abstract

Age estimation using DNA methylation analysis is one of the tools currently used in
forensic science to facilitate human identification. A total of 117 buccal swab samples
from individuals aged 18 to 67 years were analyzed using a custom panel encompassing
610 CpG sites across 12 age-related genes. The analysis was performed using the amplicon-
based technology lon AmpliSeq™, which incorporates lon Torrent S5 sequencing (Thermo
Fisher Scientific, Waltham, MA, USA). The resulting methylation data were used to de-
velop and compare age-prediction models based on Watson-strand, Crick-strand, and
combined Watson + Crick methylation matrices. After candidate CpG selection and model
reduction, the final Watson-strand model used 5 CpG sites from the age-related genes
Clorf132, ELOVL2, KLF14, PDE4C and TRIMS59 and was fitted using Elastic Net regression
with alpha grid search, lambda selection and internal cross-validation. Model validation
yielded prediction results with a mean absolute error of 4.42 years for the Watson matrix,
4.75 years for the Crick matrix, and 5.08 years for the WC matrix. These results allow for the
evaluation of the suitability of using Ion AmpliSeq™ technology in forensic age estimation
studies based on DNA methylation analysis.
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leading to the establishment of forensic DNA phenotyping (FDP). FDP involves predicting
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The FDP is particularly useful in criminal cases where no match is identified in
forensic short tandem repeat (STR) profiles, where the donor’s identity remains unknown to
investigating authorities and, therefore, their STR profile is unavailable for comparison [7,8].
FDP tools consist of two key components: (i) a forensically validated multiplex genotyping
tool that can analyze all relevant predictive DNA markers in crime scene samples, using
suitable DNA technology that accommodates low-quality and low-quantity DNA, and
(ii) a mathematical predictive model to obtain appearance and ancestry probabilities, and
to estimate age from genetic and epigenetic data, respectively, obtained using the multiplex
genotyping tool [7].

Until recently, pyrosequencing, minisequencing, and mass spectrometry were the
most common methods for DNA methylation analysis [9-11]. However, increasingly,
massively parallel sequencing (MPS) protocols for SNP analysis are being adapted for this
purpose, although this shift has brought several challenges, such as the use of sodium
bisulfite conversion, difficulties in primer design due to the reduced complexity of the
DNA sequence after conversion, and post-conversion DNA degradation. New technologies
are expanding the potential applications of DNA methylation analysis in forensic genetics,
potentially enabling the analysis of a wider range of markers, thereby increasing the
accuracy of age prediction and integrating diverse applications onto a single multiplex
platform, such as using DNA methylation analysis to predict age, identify tissue types, and
profile behaviors. Age estimation using DNA methylation analysis is sufficiently accurate
for practical forensic applications [1,7,12-15].

The aging process is associated with epigenetic modifications, including DNA methy-
lation at specific CpG sites in the human genome [16,17]. At certain CpG sites, methylation
levels correlate almost linearly with age, making them suitable biomarkers for age predic-
tion in forensic applications [4,7]. While the epigenetic clock concept was introduced in
2011 [18], prediction models have been continuously improved through the analysis of an
increasingly broad and refined list of methylation markers, as well as the integration of
various clinical biomarkers [19,20]. Age estimation can be particularly useful in forensic
investigations to complement the prediction of visible external features and the inference
of biogeographical ancestry, thereby providing a more complete picture of an unknown
individual [8,21-24]. In forensic science, age prediction can be beneficial for: (i) narrowing
the pool of potential suspects; (ii) facilitating the prediction of certain visible external
features correlated with age [3,25,26]; (iii) improving human identification from skeletal
remains; (iv) determining the applicability of legal provisions that depend on the age of the
individual in question; and (v) playing a fundamental role in immigration cases where the
identity and age of individuals are uncertain [3,9,27,28].

Most current forensic studies on age-correlated methylation patterns and model val-
idation rely on blood samples, with fewer models available for saliva and buccal swabs.
However, the accuracy of estimates for saliva and buccal swabs is comparable to that of
blood samples, with mean absolute errors (MAE) ranging from 3 to 6 years [29-35].

Given the diversity of NGS platforms used in forensic laboratories (e.g., Illumina,
Ion Torrent S5, Oxford Nanopore, PacBio), technology transfer could be crucial for the
widespread implementation of these tools. The difference between these platforms lies in
the size of the reading target (short or long) and the accuracy of base calling.

The development of age prediction models is based on the application of compu-
tational algorithms capable of generating predictive models through the intelligent au-
tonomous analysis of relatively large and often unstructured data, which is known as
Machine Learning [36].

Current applications of machine learning in forensic biology can be arbitrarily divided
into: (i) applications related to human identification, such as the efficient designation of
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STR alleles from data generated by capillary electrophoresis (CE) or NGS, while filtering
out potential artifacts and assisting with the interpretation of DNA mixtures, such as
estimating the number of contributors (NoC) to a DNA mixture; (ii) applications related to
forensic intelligence, such as forensic molecular phenotyping and biogeographical ancestry
prediction; (iii) applications related to increasing the probative value of DNA evidence,
such as forensic microbiology (e.g., estimating the postmortem interval), confirming the
source of biological tissue, and reporting activity levels. Other potential applications of
ML (Machine Learning) methods in the field of forensic DNA include forensic intelligence
and inference, such as predicting the origin of bodily fluids [37,38], the features of visual
appearance, biogeographical ancestry, biological age [1,39,40] and the estimation of the
post-mortem interval.

DNA methylation-based age estimators are typically constructed using a transformed
regression of chronological age on a set of CpG sites, employing a supervised machine
learning method. Each of these methods is designed with mathematical algorithms that
incorporate the DNA methylation levels detected by the CpG site set and, through the
selection of specific age-related variables, allow for the development of an age prediction
model [41].

The method of choice should be determined by the (non)normal distribution of CpG
methylation, (non)linear relationships, collinearity, non-constant variance, or heteroscedas-
ticity in our dataset [42], indicating the importance of optimal and appropriate selection
of DNA methylation markers. When using these DNA methylation-based age estimation
models, it is important to consider that prediction errors often increase in an age-dependent
manner, and the resulting accuracies decrease for older individuals [43].

Initial approaches to predicting age based on DNA methylation focused on the use
of linear regression. However, the challenge posed by the relatively small magnitude of
methylation variation with age has led current research to question the suitability of linear
models for this type of analysis and to investigate new options [44].

Among the methods used to develop age prediction models, simple and multiple
linear regression methods stand out [36,45]: ordinary least squares regression [43,46];
weighted least squares [36,45,460]; multivariate quantile regression [47,48]; support vector
regression [1,36,44]; random forest regression [45]; gradient boosting regression [49].

In the present study, methylation data generated from a custom Ion AmpliSeq™ /Ion
Torrent S5 panel were used to develop and compare age-prediction models based on
Watson-strand, Crick-strand, and combined Watson + Crick methylation matrices. After
candidate CpG screening and model reduction, the final Watson-strand model retained
5 CpGs in five age-related genes (Clorf132, ELOVL2, KLF14, PDE4C, and TRIM59) and
was fitted using Elastic Net regression with alpha grid search and lambda selection under
internal cross-validation. The novelty of this work is threefold: (1) to our knowledge it is the
first buccal-swab epigenetic age model developed natively on Ion AmpliSeq/Ion Torrent S5,
avoiding cross-platform corrections; (2) it uses a broad custom panel (12 age-related genes,
610 CpGs, 135 amplicons) integrating loci usually studied in isolation; and (3) it evaluates
Watson and Crick strands separately—rarely done—showing that strand orientation affects
predictive signal. This study evaluates the suitability of lon AmpliSeq™ technology for
forensic age estimation based on DNA methylation analysis.

The Results section first summarizes the custom panel design, sequencing-quality
parameters, sample selection, model development, and model performance. Detailed
methodological information on sample processing, bisulfite conversion, sequencing, gener-
ation of the Watson, Crick and Watson + Crick matrices, cross-validation schemes, algorithm
comparison, and model-selection procedures is provided in Section 4.
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2. Results
2.1. Design of a Custom Methylation Panel

Of the 649 CpG sites selected, 39 were not covered due to their location in repetitive
or otherwise technically challenging genomic regions, resulting in a 94% success rate for
the customized methylation panel. Ultimately, 610 CpG sites across 12 age-related genes
of interest were analyzed within 135 amplicons, distributed between 2 pools of 67 and
68 amplicons, respectively, including primers for 2 lambda control amplicons. For 74% of
the CpG sites (451 of 610), primers that targeted both strands were successfully designed.
The remaining 26% (159 of 610 CpG sites) were analyzed using primers that were specific
to either the Watson or Crick strand. The number of amplicons that were assigned to each
CpG site varied from 1 to 4, depending on whether CpG sites were present within the
primer binding sites.

It is important to mention that, considering that during the search and identification
of CpG sites in genomic regions between 180 and 900 bp near the promoter regions of
each gene, 649 CpG sites were identified, which were the target for detection in the custom
DNA methylation panel. Thus, during the analysis of the sequencing results obtained from
each sample, an additional 64 CpG sites were detected, bringing the total number of CpG
sites targeted for detection by the custom panel to 676. This is due to the panel’s amplicon
design, which allowed for the amplification of CpG sites near the regions of interest.

Supplementary Material S1 contains relevant information regarding the custom DNA
methylation panel in this study, such as the CpG sites that were included and a complete list
of the 135 amplicons that were targeted by the panel. Further, Supplementary Material S2
comprises a list of the 71 CpG sites that were identified as being essential for verifying the
reproducibility using Ion AmpliSeq technology in this study.

2.2. Read Depth Analysis

All sequencing runs achieved high total coverage. A total of 12 to 16 barcoded libraries
were co-sequenced per run, optimizing the chip’s capacity.

The average total reads that were obtained per chip was 6.08 £ 1.31 M (median:
6.09 M; range: 3.41-7.83 M), consistent with the expected output range for the Ion 530™
chip (typically 6-9 M reads), as reported by the manufacturer. The average percentage of
usable reads per chip was 32.33% =+ 6.41%, also falling within the manufacturer’s values
(>30%). The average chip loading percentage was 51.50 &= 8.42%, which is also within
the range that has been reported by the manufacturer (40-60%). The average percentage
of polyclonality per chip was 28.08% =+ 3.34%, slightly exceeding the acceptable range as
specified by the manufacturer (20-25%), which may be related to slight variations in the
final concentration of the library pool during the annealing process, despite all libraries
having a concentration of 50 pM. However, this parameter can be adjusted in the run
template by modifying the polyclonality filter settings. The average enrichment percentage
per chip was 97.42% =+ 2.54%, meeting the manufacturer’s recommended minimum of 95%.

The average number of reads that covered the target CpGs was 181.6 &= 60.5 k (median:
177.7 k; range: 87.5-280 k). The mapping efficiency was high (84.67 £ 5%). On average,
64.77% =+ 13.75% of reads mapped to the target (fraction of mapped reads that fall in the tar-
get regions), with an average uniformity (fraction of target bases with coverage > 0.2 the
average coverage, evenness) of 69.19% =+ 9.28%.

The average number of mapped reads that covered the target CpGs on the Wat-
son strand was 126.1 + 33 k (median: 106.7 k; range: 72.6-171.2 k), compared with
114.9 £ 29.4 k (median: 127.4 k; range: 74.1-170.3 k) on the Crick strand.
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2.3. Sample Selection for Prediction Model Design

As a selection criterion for the age prediction model, the minimum threshold of 50 CpG
reads (by summing methylated and nonmethylated reads in each amplicon) was verified at
the 71 CpG sites that were identified as being essential for verifying reproducibility with
Ion AmpliSeq technology.

Thus, 103 samples (67.77%) reached the minimum-reads threshold at the 71 essential
CpG sites, which were covered by a predetermined number of amplicons, according to the
final panel design. Based on this selection criterion, 49 samples (32.23%) did not reach the
minimum threshold of 50 reads for some of the 71 essential CpG sites. Of these samples,
16 were selected, taking into account samples from age groups in which at least 2 samples
per year of age were required, and the library was reamplified. Results that exceeded the
minimum read threshold at the 71 essential CpG sites were obtained in 7 of these samples.
Finally, 7 additional samples that met the reading threshold (50 reads) were selected for
some of the 71 essential CpG sites, even though the threshold was not met at all sites.
Therefore, the total number of samples selected for the age prediction model was 117.

2.4. Overview of Age Prediction Model Development
2.4.1. Quality Control and Final Dataset

Of the initial 152 samples, 117 passed the 50-read coverage threshold at all 71 essential
CpG sites. After subsequent filtering (coverage, missing data, low variance, and outlier
exclusion), the final dataset comprised 111 (Watson), 109 (Crick), and 110 (Watson + Crick)
samples (Table 1).

Table 1. Final dataset dimensions after quality control (QC).

Matrix Samples After QC CpGs After Filtering C(ﬁf::gg/ec(rl:/g)an
Watson (W) 111 ~280 181.6 £ 60.5k
Crick (C) 109 ~260 181.6 + 60.5 k
Watson + Crick (WC) 110 ~240 181.6 + 60.5 k

2.4.2. Univariate Screening Results

Univariate screening identified CpGs with strong age associations (Ip| > 0.50,
IQR > 5, R? > 0.25) across all three matrices. After collinearity reduction (Ir| > 0.85), the
candidate sets comprised approximately 19 (Watson), 18 (Crick), and 16 (Watson + Crick)
CpGs spanning the 12 target genes.

2.4.3. Algorithm-Comparison Results

A full comparison of the six algorithms under identical 10-fold x 5-repeat CV is
provided in Supplementary Material S3 (Table S7). Elastic Net achieved the lowest
MAE for the Watson matrix (3.94 & 0.13 years), essentially tied with LASSO and SVM
(3.96 £+ 0.13 years). For Crick and WC, tree- and kernel-based methods were marginally bet-
ter, but the differences between the best-performing algorithms generally overlapped within
approximately one standard error. Elastic Net was selected for the final Watson-strand
model because it combines competitive accuracy in the selected matrix with coefficient-
level interpretability, stability under multicollinearity and parsimony—properties that are
decisive for a forensic, reportable model.

2.4.4. Representative CpG Panel

The representative selection procedure reduced the model to 5 (Watson), 6 (Crick), and
7 (Watson + Crick) CpGs, with natural splines applied selectively to CpGs showing signi-
ficant non-linearity (AAIC > 10, adjusted p < 0.10) (Supplementary Material S3, Table S1).
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2.4.5. Nested Cross-Validation

Nested CV confirmed the generalizability of the reduced panels, with Watson
achieving MAE = 4.70 years, RMSE (root mean square error) = 5.59 years, and
R? =0.87, superior to Crick (MAE = 5.30 years) and Watson + Crick (MAE = 5.73 years)
(Supplementary Material S3, Table 52).

2.4.6. CpG Selection Stability

Core CpGs (e.g., Clorf132, KLF14, TRIM59) appeared in 100% of outer folds, confirm-
ing robust selection. Peripheral CpGs with frequency < 60% were excluded from the final
panel (Supplementary Material S3, Table S3).

2.4.7. Final Model Performance (CV 10 x 5)

The expected out-of-sample performance was MAE = 4.70 years (nested CV). In
repeated internal validation, an MAE of 4.42 years (SE = 0.12; RMSE = 5.27 years,
R? = 0.89) was obtained for the final Watson-strand model. The fit over the full
training set is shown for descriptive purposes only, using 5 CpGs with 2 natural splines
(Supplementary Material S3, Table 54).

2.4.8. Training Calibration

All three models showed negligible mean bias (=0), with Watson showing
the lowest SD of errors (4.81) and highest age-prediction correlation (r = 0.945)
(Supplementary Material S3, Table S5).

2.4.9. Model Coefficients
Table S6 and Figure S1 in Supplementary Material S3 show the largest coefficients ob-
tained from the final Elastic Net model for the Watson strand (Supplementary Material S3,

Table S6 and Figure S1).
Based on the information obtained above, the three data matrices created to develop
the prediction model were compared to identify specific features in each matrix, as shown

in Figure 1.

Crick (6 CpGs) W+C (7 CpGs) Watson (5 CpGs)

70

60

Predicted Age (years)

.
20 30 40 50 60 70 20 30 40 50 60 70 20 30 40 50 60 70
Chronological Age (years)

Figure 1. Predicted vs. chronological age for all three matrices (Watson, Crick, Watson + Crick). Each
panel shows the grey identity line (perfect prediction) and the red linear regression fit.

All three plots show a very clear and strong positive linear relationship. As chrono-
logical age increases, so does predicted age. This demonstrates that the selected CpG sites
(whether 5, 6 or 7) are effective biomarkers for estimating age.

For the model with the Crick strand, there is a slight overestimation at younger ages
(20-25 years). For the combined W + C model, which includes an additional CpG site,
there is less overall dispersion, and the red line—which corresponds to the model’s actual
fit—almost coincides with the grey line, which corresponds to the ‘perfect prediction’
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reference line. For the model with the Watson strand, despite having the fewest CpG sites
(only 5), shows an excellent fit (r = 0.945). The points appear to be clustered very tightly
around the identity line, particularly in the 35 to 55-year age range.

During the residual analysis of the three models (see Figure 2), a relatively good fit
can be observed because their medians are close to zero. For about half of the individuals
(interquartile range, IQR), the prediction error is within 14 years, while 94% fall within
£10 years; the overall cross-validated mean absolute error is 4.42 years. This indicates
competitive performance, particularly given the small number of CpG sites used. As
for dispersion and outliers, most of the maximum errors fall within +10 years, with
a few isolated cases of around +15 years (severe overestimation) or —14 years (severe
underestimation), which is common due to individual biological variations or lifestyle
factors that affect methylation [50-52]. Despite using different numbers of CpG sites (5, 6
or 7) and originating from different DNA strands, the distribution of the residuals is very
similar across the three groups. No drastic differences are observed in the size of the boxes
or in the dispersion of the points; thus, the reduction to just 5 CpGs on the Watson strand
(green box) maintains robustness and a margin of error comparable to the combined W + C
model of 7 CpGs (red box).

15 °

10

(8]

Residual (years)
o

]
(8}

-10

-15
Crick (6 CpGs) W+C (7 CpGs) Watson (5 CpGs)

Figure 2. Distribution of prediction residuals by matrix. Box: IQR; whiskers: 1.5 x IQR; points:
individual residuals.

Using data from the ‘dat_ W’ matrix (Watson strand), which showed the highest
age-prediction correlation (r = 0.945), Figure 3 shows the relationship between chronolog-
ical age and predicted age. The scatterplot is shown for descriptive purposes; the cross-
validated performance metrics for the final Watson-strand model were MAE = 4.42 years,
RMSE = 5.27 years, and R? = 0.885, indicating good model performance with relatively
low errors.

The model’s prediction bias was also assessed using a residual analysis. Figure 4
shows that the model exhibits systematic bias depending on age. In the 20-35 age range,
the model tends to overestimate age; in the 40-55 age range, the model tends to underes-
timate it; and for those over 60, the bias decreases again. Most residuals remain within
=£5 years, which is reasonable when compared with the mean absolute error obtained
(MAE = 4.42 years).
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Figure 3. Predicted versus chronological age for the Watson-strand final model. The scatter-
plot illustrates the model fit for descriptive purposes, whereas the performance metrics shown
(MAE = 4.422 years, RMSE = 5.265 years, R2 =0.885) correspond to repeated internal cross-validation
(10-fold x 5-repeat CV, where CV denotes cross-validation). The gray line represents the identity line
(perfect prediction); the red line represents the linear regression fit; the shaded area indicates the 95%
confidence band.

Residual (years)

=10 ° ® o0

20 30 40 50 60
Chronological Age (years)

Figure 4. Prediction residuals (predicted — chronological age) as a function of chronological age
for the final Watson-strand model fitted on the full training set (n = 111). The horizontal dashed
line indicates zero bias. The blue LOESS (Locally Estimated Scatterplot Smoothing) curve is a non-
parametric local-regression smoother used to reveal any age-dependent trend in the residuals without
assuming a global functional form.
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When analysing the Mean Absolute Error (MAE) by age group, it can be seen that for
groups A, C, D and E, the values remain relatively stable between approximately 3.5 and
4 years, with the exception of group B, where an overestimation is observed, possibly due
to the sample size. The age groups were defined a priori as 10-year intervals during the
sampling design (see Figure 5).

75
@
©
% n=14
|
o
=
I 5.0
9
= n=p4 n=23 n=23
o n=27
[72]
Ne)
<
c 25
©
[}
=
0.0

18-27 28-37 38-47 48-57 58-67
Age Group (years)

Figure 5. Mean absolute error (MAE) by age group for the final Watson-strand model fitted on the
full training set (n = 111). Age groups were defined a priori as 10-year intervals during sampling.
Error bars represent £1 standard deviation.

The impact of each variable on the mathematical model was assessed using the
CpG sites selected for the Watson-strand model. Figure S1 in Supplementary Material
53 shows, in order of greatest to least importance, the absolute coefficients of the final
model. Clorfl32_CpG-5 and TRIM59_CpG-44 had coefficient magnitudes of 6.3 and
5.6, respectively, suggesting that methylation in these two genes is important in the age
prediction model.

3. Discussion

In the current literature, many models exist for predicting epigenetic
age [2,9,12,15-17,32,53,54]. Some of these models are designed for forensic needs, us-
ing a limited set of markers [22,25,30,31,40,43,55-62]. However, most models are based on
blood samples, which are the most validated sample type, as seen in independent studies.
In forensic work, other tissues can also be important. Additionally, forensic models should
work with the DNA methylation analysis technology found in routine laboratories. There
are few useful tools that provide both mathematical models and validated lab protocols.

Concerning the genes and CpG regions being studied, numerous studies concentrate
on only a small set of genes or investigate one specific gene along with particular CpG
regions. In this research, we created a tailored panel of DNA methylation indicators, which
included 610 CpG regions from 12 genes linked to aging spread across 135 amplicons,
merging significant age-related loci into one test. Evaluating these important genes in a
unified assay will broaden opportunities related to laboratory testing, such as creating
independent mathematical models that predict outcomes for distinct somatic tissues.

Importantly, the exploration of additional CpG regions within the amplicons, as
utilized in this investigation, offers a wider perspective on how a gene relates to aging
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mechanisms and allows for the recognition of the most significantly associated and consis-
tent CpG regions, which aids in advancing resources for predicting epigenetic age.

AmpliSeqg-Ion Torrent S5 represents a proven technology that allows for the effective
and scalable examination of numerous target CpG sites, accommodating various DNA
input amounts that could be relevant in forensic applications (10-100 ng). Additionally,
the incorporated bioinformatics framework on the Ion Torrent server, featuring tailored
plugins for methylation assessment like methylation-analysis, facilitates the handling of
the data. Utilizing an automated platform (Ion Chef) for the preparation of libraries with
kits formulated for human identification and medical diagnostics enhances workflow
productivity and reduces contamination dangers.

Ion AmpliSeq technology utilized for focused DNA methylation evaluation has been
incorporated in additional research efforts. For example, Fabrizio and colleagues (2022)
introduced a new targeted next-generation sequencing framework for examining methy-
lation, named OPERA_MET-A, which concurrently evaluates methylation levels at CpG
sites in numerous genes associated with cancer [63]. Employing Ion AmpliSeq technology
allowed the amplification of 155 regions, each averaging 125-175 bp in length, which
encompassed a total of 1107 CpG sites spanning 18 genes linked to cancer.

Zunping Luo and associates (2020) established an automated system for designing
primers for DNA methylation sequencing, simplifying the development of personalized
methylation panels [64]. They crafted a comprehensive workflow taking three days, which
included bisulfite treatment, library creation, template preparations, sequencing, and
subsequent data analysis. The sequencing was conducted using the Ion GeneStudio S5
platform, while the bioinformatics evaluation was performed through a downloadable
plugin that executes DNA alignment and methylation analysis, enabling the identification
of amplicons on both the Watson and Crick strands.

The machine learning method presented here—which incorporates data-driven
CpG selection, collinearity reduction and Elastic Net regression with natural splines—
yielded a mean absolute error (MAE) of 4.42 years in repeated internal cross-validation
(10-fold x 5 repeats) for the Watson-strand data matrix. This is a competitive value, par-
ticularly given the limited number of studies involving DNA methylation data generated
using Ion AmpliSeq technology.

Watson-strand data consistently outperformed both Crick and combined
Watson + Crick approaches across all evaluation criteria (CV MAE, nested-CV MAE,
training correlation). This may reflect the higher signal-to-noise ratio of the Watson strand
for certain CpG loci—notably KLF14 (Watson p = 0.67 vs. Crick p = 0.23) and EDARADD
(Watson: limited reads; Crick: p = —0.72). The combined approach dilutes strong unidi-
rectional signals with noisier opposite-strand measurements. This finding suggests that
specific training using data obtained via lon AmpliSeq sequencing enables the capture of
technical and biological patterns specific to this platform, thereby avoiding the need for
complex cross-platform corrections. This aspect is becoming increasingly important given
the rise of MPS/NGS technologies in forensic genetics [23,65].

Among the six algorithms compared (Elastic Net, Ridge, LASSO, Random Forest, SVM
and XGBoost), Elastic Net achieved the best performance for the Watson matrix, which was
selected for the final model. In the Crick and Watson + Crick matrices, XGBoost and SVM
showed marginally lower MAE values, respectively. However, the differences between the
best-performing algorithms were small and generally overlapped within approximately
one standard error. Elastic Net was therefore selected because it combined competitive
performance with interpretability, stability under multicollinearity and parsimony. This
choice is consistent with previous work reporting excellent performance of penalised linear
models in epigenetic age prediction [1,15,40,43]. Vidaki et al. [1] and Aliferi et al. [15] had
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already shown that, although complex algorithms such as neural networks can capture
non-linear relationships, their performance depends critically on sample size and data
complexity. In moderate-sized cohorts, such as the one analysed here (n ~ 110), regularised
linear models offer significant advantages in terms of interpretability, stability and gen-
eralisation ability. The effectiveness of Elastic Net likely stems from its ability to handle
multicollinearity among highly correlated CpGs, a phenomenon widely described in epige-
netic clocks [66,67]. Furthermore, the combination of penalties allows biologically relevant
variables to be retained whilst simultaneously avoiding overfitting, a common limitation in
forensic studies with moderate sample sizes [28,42].

Watson’s final 5-CpG model encompasses five genes (Clorf132, ELOVL2, KLF14,
PDE4C, TRIM59) with established roles in epigenetic ageing [22,25,31,56,57]. In particu-
lar, ELOVL2 has been repeatedly identified as one of the most robust predictors of age
across multiple tissues and populations [22,31,57,59]. The application of natural splines
to CpGs exhibiting non-linear age trajectories (e.g., Clorf132, KLF14) improved model
flexibility without sacrificing parsimony, consistent with the known sigmoidal methylation
kinetics at these loci. Elastic Net was selected as the definitive model because it combines
competitive accuracy on the chosen Watson matrix with coefficient-level interpretability,
stability under multicollinearity and parsimony—properties that are decisive for a forensic,
reportable model.

Three lines of evidence support the robustness of the model: (i) nested cross-
validation (MAE = 4.70) yielded estimates close to those of standard 10-fold cross-validation
(MAE = 4.42), indicating minimal optimistic bias; (ii) the stability of CpG selection was
high, with core representatives appearing in 80-100% of the out-of-fold samples; (iii) the
negligible systematic bias across age groups suggests that the model does not suffer from
age-dependent prediction drift. This aspect is particularly relevant given that several
studies have highlighted the risk of overfitting in forensic epigenetic models [28,42,68]. The
observed stability suggests that the model captures consistent biological signals that are
independent of specific partitions of the training set.

In this study, the model based on the Watson strand data set consistently outperformed
the Crick strand data and the combined model. Although most methylation studies
assume functional equivalence between strands, our results suggest that there may be
significant differences in signal quality, read depth or alignment efficiency depending on
the sequencing orientation. This phenomenon could be related to technical biases inherent
in technologies based on sodium bisulphite conversion and amplicon sequencing [63,64,69].
Therefore, this study allows us to examine the feasibility of incorporating DNA methylation
data from the Watson and Crick strands into age prediction models, which highlights the
need for further validation studies.

The prediction values obtained in this study were compared with those achieved
in similar studies, taking into account criteria such as detection technique, number of
genes and CpG sites analysed, number of samples used, and the error metric reported by
each original publication. In this study, model performance is reported using the mean
absolute error (MAE), defined as the mean of the absolute differences between predicted
and chronological age. Some previous studies report MAD; because this term may refer to
variability around a central value and is not necessarily equivalent to MAE, the original
metric label used by each study has been retained in Table 2. Consequently, cross-study
comparisons involving MAE and MAD should be interpreted as descriptive rather than
strictly interchangeable.
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Table 2. Age prediction accuracy.
. Prediction
Ref rll?e ectli!rcltilcft?e No. Genes  No. CpG Sample Size ?:;liracy
[30] Pyrosequencing 4 8 50 3.32 (MAD)
4.3 (MAD)
[70] Pyrosequencing 5 5 55 5.2 (MAD)
4.66 (MAD)
[31] SNaPshot 5 5 100 3.82 (MAD)
Pyrosequencing 5.11 (MAD)
[71] SNaPshot 3 3 % 5.16 (MAD)
[54] MiSeq 5 9 111 2.5 (MAE)
[72] SNaPshot 7 7 184 3.54 (MAE)
[29] SNaPshot 8 8 230 4.69 (MAD)
[73] Pyrosequencing 3 8 461 4.39 (MAE)
[60] SNaPshot 5 5 60 3.49 (MAD)
[71] Pyrosequencing 1 9 83 5.04 (MAE)
SNaPshot
[51] MiSeq FGx 5 5 37 5.75 (MAE)
SNaPshot
[51] MiSeq FGx 5 9 37 3.55 (MAE)
[33] Pyrosequencing 1 9 83 5.04 (MAE)
[34] SNaPshot 9 10 216 3.19 (MAE)
[35] SNaPshot 5 9 36 5.75 (MAE)
Ion AmpliSeq/
Present study Ton Torrent S5 12 7 110 5.08 (W +C)
Ion AmpliSeq/ .
Present study Ton Torrent S5 12 6 109 4.75 (Crick)
Ion AmpliS
Present study Igg T;nrrlz r11t es%/ 12 5 111 4.42 (Watson)

Note: The prediction-accuracy metric is reported as stated in each original publication. MAE refers to the mean
absolute error between predicted and chronological age. MAD values reported in the literature are retained with
their original label; because MAE and MAD are not necessarily interchangeable, comparisons across different
metrics should be interpreted descriptively.

From the table above, the following aspects can be highlighted as contributing to
existing knowledge in the analysis of DNA methylation for forensic purposes, specifically
age estimation: (i) The use of AmpliSeg-Ion Torrent technology is a valid alternative that
should be considered in future studies; the more results that become available regarding
its use, the greater our understanding of its strengths and areas for improvement will be.
The present results suggest that specific training on Ion AmpliSeq allows for the capture of
technical and biological patterns specific to this platform, avoiding the need for complex
cross-platform corrections. This aspect is becoming increasingly relevant given the rise
of MPS/NGS technologies in forensic genetics [23,65], particularly within the VISAGE
ecosystem [13,54,74,75]. (ii) The use of customised DNA methylation marker panels via
amplicons will allow for the exploration of a greater number of age-related genes and CpG
sites. (iii) The use of DNA methylation levels obtained from the Watson and Crick strands,
as well as their combination, is an alternative that can be utilised in age prediction models,
for which further studies will be necessary.

Several limitations should be noted: (i) The sample size (n = 111 for Watson) is
moderate and limits the power to detect subtle non-linearities or sex-specific effects. (ii) All
samples were collected from a single population (Spanish adults aged 18-67), and external
validation in independent cohorts is required; recent studies have shown that population
factors, genetic ancestry and environmental exposures may partially influence age-related
methylation patterns [76,77]. Fleckhaus et al. [77] observed moderate differences between
European and Middle Eastern populations, whilst Piniewska-Rog et al. [76] reported effects
of chronic alcohol abuse on epigenetic age prediction. These findings underscore the need
for multicentre and multiethnic validations. (iii) The Qubit dsDNA HS assay quantifies
total double-stranded DNA and is not human-specific; in buccal swabs a variable fraction
is bacterial, so the true human input may be below the nominal 100 ng and the bisulfite
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conversion yield cannot be strictly referred to human DNA only. Importantly, only reads
aligned to the human bisulfite genome (Bismark/GRCh38) contribute to the methylation
calls, and the 50-read-per-CpG threshold plus the Lambda conversion control safeguard
call quality; nonetheless, human-specific quantification (e.g., qPCR-based) is recommended
for future work. (iv) The model was trained exclusively using DNA from buccal swabs, and
its transferability to other tissues or degraded samples remains to be assessed due to the
marked tissue specificity of many epigenetic clocks [2,17,55]. (v) The age range is restricted
to adults (18-67 years), excluding paediatric and elderly populations where methylation
dynamics may differ. (vi) Biological sex, comorbidities, and alcohol/tobacco consumption
were not recorded and thus could not be modelled. These factors are known to influence
DNA methylation and may affect age-prediction accuracy; their incorporation as covariates
is proposed as future work.

The following areas for improvement can be identified: (i) external validation using
an independent cohort; (ii) evaluation of the model’s performance with small amounts
of DNA (1-10 ng) for forensic cases; (iii) the incorporation of sex as a covariate; (iv) the
extension to degraded and mixed samples; and (v) the development of prediction intervals
using quantile regression for the preparation of forensic reports.

4. Materials and Methods
4.1. Sampling

A total of 152 buccal swab samples were collected from volunteer participants
(80 women and 72 men) aged between 18 and 67 years (mean 42.10 years = SD 15.15). All
participants were informed about the objectives of the research, the anonymous handling
of samples, their storage, and the confidential processing of personal data and ancillary
information before sample collection. Volunteers who agreed to participate provided writ-
ten informed consent for collection of biological samples. This study was approved by
the Human Research Ethics Committee of University of Granada, Spain, under certificate
No. 3322/CEIH /2023, dated 2 March 2023.

Buccal swab samples were collected following a protocol that was established by the
Genetic Identification Laboratory of University of Granada (LABIGEN), ensuring sterility
and biosafety conditions at all times. Dry rayon swabs were used in APTACA 2160/SG
tubes (APTACA S.p.A., Canelli, Italy).

Age groups were defined in 10-year intervals, with the year 2023 serving as the
reference point to determine the chronological age of participants at the time of sampling,
as shown in Table 3.

Table 3. Establishment of age groups for this research.

Group Age Range in Years Year of Birth
A 18-27 19962005
B 28-37 1986-1995
C 38-47 1976-1985
D 48-57 1966-1975
E 58-67 1956-1965

4.2. DNA Extraction and Quantification

Extraction and purification of DNA from the buccal swab samples were performed
using an automated procedure on the QIAcube system (QIAGEN, Hilden, Germany), in con-
junction with the QIAamp DNA Investigator Kit (QIAGEN, Hilden, Germany). A total of
100 pL of purified DNA extract was obtained. Total DNA extracts were quantified using the
Qubit™ dsDNA HS Assay Kit (Invitrogen, Thermo Fisher Scientific, Waltham, MA, USA)
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on a Qubit 4 fluorometer (Thermo Fisher Scientific, Waltham, MA, USA), following the
manufacturer’s approved procedures.

4.3. Sodium Bisulfite Conversion

The MethylCode™ Bisulfite Conversion Kit (Thermo Fisher Scientific,
Waltham, MA, USA) was used. All samples were normalized to 100 ng as the starting
amount of DNA for conversion, per the manufacturer’s recommendations.

The methylation level was calculated as the ratio of methylated reads to the total
number of methylated and unmethylated reads and was expressed as a percentage. To
determine bisulfite conversion rates, 0.005016 ng of unmethylated Lambda DNA (Promega,
Madison, WI, USA) was added to each DNA extract before conversion.

Thermo Fisher Scientific Methylated Human Genomic DNA (Thermo Fisher Scientific,
Waltham, MA, USA; CpG Methylated Jurkat Genomic DNA, 100 ng/uL) was included
as a quality control sample for the validation process, with 0.005016 ng of unmethylated
Lambda DNA (Promega, Madison, WI, USA) also added to this control.

Conversion with sodium bisulfite was performed using 100 ng of initial DNA. From
this amount of DNA, dilutions were prepared at a concentration of 4 ng/uL for a to-
tal volume of 25 puL. In samples where DNA concentrations were lower than 4 ng/uL,
25 uL of the original undiluted DNA extract was processed. Thus, all samples (diluted and
undiluted) for conversion had an initial DNA content of at least 10 ng, meeting the input
range specified in the kit (10-100 ng).

The conversion rate per sample was assessed following the Thermo Fisher Scientific
MANO0017662 manual guidelines. According to the manufacturer’s recommendations,
conversion rates >99% are expected, although conversion rates between 95% and 100%
were also considered to be acceptable, as indicated in [69].

Following sodium bisulfite conversion, 10 uL of converted and purified DNA extract
was obtained and stored in LoBind tubes at —20 °C.

4.4. Selection of Age-Related Genes and CpG Sites

A literature review was conducted to identify candidate genes with a methylation
status that was associated with age. Genes were selected based on the following criteria:
(i) association of gene methylation with aging in multiple independent studies, (ii) relevance
across different tissue types, and (iii) integration into existing models, allowing for their
validation. Twelve genes were chosen per these criteria: ASPA, Clorf132 (or MIR29B2CHG),
CCDC102B, EDARADD, ELOVL2, FHL2, ITGA2B, KLF14, PDE4C, SCGN, TRIM59, and
ZNF423 [14,23,24,28,29,32,42,54-56,78].

For each of these 12 genes, CpG sites were selected according to the following criteria:
(i) they have been investigated in the available literature; (ii) they are located in exonic
and promoter regions to evaluate age-associated hypomethylation and hypermethylation
processes; and (iii) they are clustered with additional CpG sites to maximize the available
methylation data, facilitating future analyses of degraded or low-quality DNA samples.

Using the Ensembl genomic browser (https:/ /www.ensembl.org/index.html, accessed
on 31 July 2026), genomic regions between 180 and 900 bp were selected near the promoter
regions of each gene, based on the GRCh38 human genome assembly. According to
these criteria, a total of 649 detectable CpG sites were identified. Thermo Fisher Scientific
(Waltham, MA, USA) was consulted to design a custom DNA methylation panel targeting
the selected regions in the 12 genes of interest. The final panel included amplicons 125 to
175 bp in length, targeting the Watson and Crick strands where the design allowed. The
resulting 610 CpG targets within the 12 selected genes were organized into two primer
groups (Supplementary Material S1).
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4.5. Custom Panel Amplification

Following the Thermo Fisher Scientific (Waltham, MA, USA) Bisulfite Methylation
Library Production and Analysis recommendations using the Ion AmpliSeq™ Library Kit
Plus (MANO0017662), 2 amplification reactions were run for each sample—1 per primer pool.
Briefly, in a reaction tube, 4.5 uL 5x Ion AmpliSeq™ HiFi Mix and 12.5 puL nuclease-free
water were combined. Subsequently, 1 pL of DNA (obtained from sodium bisulfite conver-
sion, >10 ng) was added, resulting in a final volume of 18 pL (reaction mixture + DNA).
From this mixture, 8 uL was split into 2 PCR tubes (1 for each primer pool), according to
the manufacturer’s recommendations. Finally, 2 pL of the corresponding 5x primer pool
was added to each PCR tube, yielding a final reaction volume of 10 uL per tube.

The PCR reaction was run on a Veriti thermal cycler (Applied Biosystems, Thermo
Fisher Scientific, Waltham, MA, USA) under the following conditions: 99 °C for 2 min,
followed by 28 cycles of 99 °C for 15 s and 60 °C for 4 min. On completion, the 10-uL
amplification reactions were combined, resulting in a volume of approximately 20 pL
per sample.

4.6. Partial Digestion of Amplicons

For each amplified sample, 2 uL of FuPa Reagent was added, yielding a final volume
of approximately 22 pL. The digestion reaction was run on a Veriti thermal cycler (Applied
Biosystems, Thermo Fisher Scientific, Waltham, MA, USA) under the following conditions:
50 °C for 10 min, 55 °C for 10 min, and 60 °C for 20 min.

4.7. Adapter Binding and Library Purification

Barcode adapters were ligated to amplicons per the Thermo Fisher Scientific manual
MANO0017662 (Bisulfite Methylation Library Production and Analysis using the Ion Am-
pliSeq™ Library Kit Plus). Briefly, the following reagents were added sequentially to the
tube that contained the digested amplicon reaction from the previous step: 4 uL of Switch
Solution, 2 pL of diluted barcode adapter, and 2 puL of DNA ligase—resulting in a final
volume of approximately 30 pL.

The adapter ligation reaction was run on a Veriti thermal cycler (Applied Biosystems,
Thermo Fisher Scientific, Waltham, MA, USA) under the following conditions: 22 °C for
30 min, 68 °C for 5 min, and 72 °C for 5 min. Library purification was performed in
2 rounds using Agencourt™ AMPure XP (Beckman Coulter, Brea, CA, USA), following
the instructions in MANO0017662, with some modifications: (i) 5 min of incubation at room
temperature with Agencourt™ AMPure XP reagent, (ii) 5 min of incubation on a magnetic
plate to separate beads, (iii) 2 min of drying at room temperature after discarding the 70%
ethanol, and (iv) 5 min of incubation with low TE at room temperature.

4.8. Quantification of Libraries by Real-Time PCR

The purified libraries were quantified using the Ion Library TagMan Quantitation Kit
(Thermo Fisher Scientific, Waltham, MA, USA) on the QuantStudio S5 system (Applied
Biosystems) under the following conditions: 50 °C for 2 min, 95 °C for 2 min, and 40 cycles
of 95 °C for 15 s and 60 °C for 1 min.

Some libraries were quantified using the High-Sensitivity DNA Kit (Agilent Tech-
nologies, Santa Clara, CA, USA) on a Bioanalyzer 2100 instrument (Agilent Technologies,
Santa Clara, CA, USA) to verify the size of the amplicons. The manufacturer’s recommen-
dations were followed for preparing the reactions.
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4.9. Reamplification of Libraries

A minimum threshold of 50 reads (sum of methylated and unmethylated reads per
amplicon) was established as a criterion for accepting the quality of the quantification of
DNA methylation [14]. Libraries that did not meet this threshold underwent a reamplifica-
tion and were resequenced to recover as much information as possible, obviating the need
to repeat amplification of the original methylation panel.

This procedure followed the recommendations in MAN0017003 D.0 Ion AmpliSeq™
Library Kit Plus (January 2024, Thermo Fisher Scientific, Waltham, MA, USA). Briefly,
Agencourt™ AMPure™ XP was added at a 1:1 volume relative to the available library
extract; after 5 min of incubation, the supernatant was discarded using a magnet. Next,
50 uL of 1x Library Amp Mix and 2 uL of 25x Library Amp Primers were added to the
bead pellet. The reamplification reaction was performed on a Veriti thermal cycler (Applied
Biosystems, Thermo Fisher Scientific, Waltham, MA, USA) under the following conditions:
98 °C for 2 min and 9 cycles of 98 °C for 15 s and 64 °C for 1 min. The reamplification extract
was transferred to a new tube, purified using 1x Agencourt™ AMPure™ XP (~50 uL), and
subjected to a final round of purification following the MAN0017662 instructions.

4.10. Template Preparation and Sequencing

Libraries were normalized to 50 pM, and 16 libraries per sequencing were pooled in
equal volumes before preparation of the template. For libraries with results below 50 pM,
5 pL of undiluted library extract was used to prepare the library pool. Template creation
and subsequent sequencing on the Ion GeneStudio S5 system (Thermo Fisher Scientific,
Waltham, MA, USA) were performed using the ExT Ion 520™ and Ion 530™ Kit-Chef
(A30670; Thermo Fisher Scientific, Waltham, MA, USA) following the manufacturer’s
instructions (MANO0015805).

Among the quality parameters, the total number of reads (7-9 million), usable reads
(>30%), percentage of chip loading (43-57%), test fragments (1-2%), and polyclonality
(20-25%) were verified.

The sequencing results were analyzed using Ion Torrent Suite Server 5.10.1, with the
methylation_analysis plugin. This plugin used a modified version of Bismark to align
reads to an in-silico bisulfite genome (GRCh38_Lambda). In this study, the terms Watson
and Crick are used as operational strand annotations derived from the reference genome
and the strand-specific bisulfite-alignment output. The Watson strand corresponds to the
original top /reference forward (+) strand of each target region, whereas the Crick strand
corresponds to the original bottom /reference reverse-complement (—) strand. Thus, these
labels refer to the genomic strand on which the CpG methylation call was assigned by
the analysis workflow, not to coding versus template status of a gene. Methylated (ME)
and unmethylated (UM) reads were counted separately for target cytosines assigned to
each strand, and beta (f3) methylation values were calculated as ME/(ME + UM). The final
methylation call was made using a minimum threshold of 50 reads, calculated as the sum
of methylated and unmethylated reads per amplicon for each CpG site. CpG sites that
failed to meet this criterion were excluded from the corresponding analysis matrix.

4.11. Development of the Age Prediction Model
4.11.1. Preprocessing and Quality Control of Raw Data

Raw per-CpG methylation data were extracted from Ion Torrent output files and
organized into a unified data frame (one row per CpG X sample X strand observa-
tion). The following preprocessing and quality-control parameters were taken into ac-
count: COV_THRESHOLD: 50 minimum reads per record (sum of methylated and non-
methylated reads); DEDUPLICATION: exact duplicate records per sample, CpG, and strand
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were removed; STRAND RESOLUTION: three parallel methylation matrices were con-
structed according to the operational strand definition described above: Watson strand only
(dat_W; CpGs assigned to the original top /reference forward strand), Crick strand only
(dat_C; CpGs assigned to the original bottom/reference reverse-complement strand), and
Watson + Crick (dat_ WC; CpG-level average of Watson and Crick values when both strand-
specific measurements were available). For the combined WC matrix, values were set
to missing when the absolute Watson—Crick difference exceeded 10 percentage points,
as this was considered a marker of possible strand-dependent noise or asymmetric con-
version. CPG-LEVEL FILTERING: CpG sites with >20% missing values across samples
were excluded; SAMPLE-LEVEL FILTERING: samples with >20% missing CpGs were
removed; LOW-VARIANCE FILTERING: CpG sites with variance <1 were discarded as
uninformative; OUTLIER EXCLUSION: three samples (048-C, 088-E and 145-A) were ex-
cluded based on global QC diagnostics. After QC, the final analytical datasets comprised
111 samples for Watson, 109 for Crick and 110 for Watson + Crick, with complete methyla-
tion profiles for the retained CpG sets. This approach allowed us to test whether strand-
specific methylation estimates carried different age-predictive information.

An exploratory data analysis was performed to detect outliers and evaluate which
CpGs show the greatest association with the age group before moving on to predictive
modeling. The software used was RStudio version 2026.01.2 Build 418 (Posit Software, PBC,
Boston, MA, USA).

4.11.2. Univariate Metric Calculation

For each CpG site, three univariate metrics were computed against chronological
age: Spearman correlation coefficient (1p| > 0.50), interquartile range of methylation
values (IQR > 5 percentage points), and coefficient of determination from simple linear
regression (R? > 0.25). CpG sites meeting all three thresholds and with >80% non-missing
observations were retained as candidates.

4.11.3. Collinearity Reduction

Among candidate CpGs, pairwise Pearson correlation coefficients were computed.
When two CpGs showed |r| > 0.85, the one with lower | p| with age was removed using a
greedy iterative algorithm.

4.11.4. Multivariate Feature Selection

Elastic Net regression (glmnet R package v4.1) was applied to the filtered CpG
set with chronological age as the response variable. A grid of mixing parameters
o € 10.25, 0.50, 0.75, 1.00} was evaluated via 10-fold internal cross-validation, selecting
the regularization parameter A at the one-standard-error rule (lambda.1se) for parsimony.
As a complementary approach, stepwise AIC selection (MASS package) was performed.
CpGs with non-zero Elastic Net coefficients formed the multivariate candidate set.

4.11.5. Cross-Validation Strategy

To prevent information leakage, a full-pipeline cross-validation scheme was im-
plemented: within each fold, the entire feature-selection process (univariate screen-
ing — collinearity purge — Elastic Net fitting) was re-executed on training data only.
Two schemes were evaluated: (i) leave-one-out cross-validation (LOO-CV) and (ii) 10-fold
CV repeated 5 times. Performance was assessed by mean absolute error (MAE), root mean
square error (RMSE), and coefficient of determination (R?).
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4.11.6. Algorithm Comparison

Six regression algorithms were compared under identical 10-fold x 5-repeat CV
conditions using the tidymodels framework (R v4.3): Elastic Net, Ridge, LASSO, Random
Forest (ranger), Support Vector Machine with radial kernel (kernlab), and Gradient Boosted
Trees (XGBoost). For each algorithm, 20 random hyperparameter configurations were
evaluated, optimizing MAE as the primary metric. Variable importance was extracted
using the vip package.

4.11.7. Sensitivity Analysis of Feature-Selection Thresholds

Nine scenarios were evaluated, varying p thresholds (0.50-0.65), & mode (free
grid vs. LASSO only), and A criterion (lambda.1se vs. lambda.min). LOO-CV MAE was
computed for each scenario to identify the parsimony—accuracy trade-off.

4.11.8. Non-Linearity Assessment and Natural Splines

For each candidate CpG, a linear model (CpG ~ age) was compared to a natural cubic
spline model (ns(CpG, df = 3) ~ age) using AAIC and ANOVA F-test with Benjamini—
Hochberg correction. CpGs with AAIC > 10 and adjusted p < 0.10 were classified as
non-linear and modeled with natural spline basis expansions (df = 3) in subsequent steps.

4.11.9. Representative CpG Selection (One per Gene)

To maximize parsimony, a single representative CpG per gene was selected using a
composite score: 0.70 x normalized |Elastic Net coefficient| + 0.30 x normalized AAIC
(non-linearity signal). Nested cross-validation (5 outer x 5 inner folds) was used to obtain
an unbiased estimate of generalization error for the reduced panel. Dispensability analysis
(leave-one-CpG-out) quantified the contribution of each representative.

4.11.10. Final Age Prediction Model

The definitive model was trained using the representative CpGs (5 for Watson, 6 for
Crick, 7 for Watson + Crick), applying natural splines (df = 3) only to CpGs with con-
firmed non-linearity. The modeling workflow (tidymodels) included median imputation,
near-zero-variance filtering, predictor normalization, and Elastic Net regression. Hyperpa-
rameters (penalty and mixture) were tuned via 10-fold CV x 5 repeats, optimizing MAE.
The final model was fitted on the complete training set.

4.11.11. Software and Reproducibility

All statistical analyses were conducted in R v4.3.0 using the following R packages:
tidyverse, tidymodels, glmnet, splines, MASS, ranger, kernlab, xgboost, vip, quantreg,
flextable, and patchwork. The random seed was fixed at 2024. Analysis scripts are available
as reproducible R Markdown documents.

5. Conclusions

This study demonstrates that age estimation based on DNA methylation can be
significantly improved using models trained specifically on data obtained via Ion AmpliSeq
and machine learning strategies based on Elastic Net. The model developed achieved high
accuracy (MAE = 4.42 years) for the final Watson model comprising 5 CpGs, covering
five genes (Clorfl132, ELOVL2, KLF14, PDE4C, TRIM59). The research emphasizes the
significance of strand specificity in targeted methylation studies, revealing that analyses
based on the Watson strand consistently yield better results than those based on the
Crick strand or combined data. This observation indicates that upcoming methodological
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advancements should explicitly take into account how sequencing orientation affects
predictive accuracy.

The results show that combining data-driven CpG selection, collinearity reduction
and penalised regularisation enables the construction of parsimonious and robust models,
whilst maintaining high predictive power using just five epigenetic markers. The incorpora-
tion of natural splines for CpGs with non-linear methylation trajectories further improved
the model’s flexibility without unduly increasing its complexity.

The proposed method marks a crucial advancement toward the regular use of age-
estimation tools that utilize methylation analysis within forensic genetics. Nonetheless,
it will be important to conduct external validations in separate populations, enhance the
sample size for each year of age, expand the analysed age range, and assess the performance
of the model in real-world forensic cases, including scenarios with degraded DNA, limited
samples, and mixed samples. These forthcoming validations are vital for establishing the
model’s practical effectiveness and reliability.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/ijms27157062/s1. Refs [79-83] are cited in Supplementary Material S2.

Author Contributions: Conceptualization, Y.D.P-P, JCA andJAL; Methodology, Y.D.P.-P, J.C.A.
and J.A.L.; Software, A.G.-M., FA.-V. and O.L.-G.; Formal analysis, Y.D.P.-P,, M.S. and D.C.V.-E.;
Investigation, Y.D.P.-P; Resources, ].C.A. and J.A.L.; Data curation, Y.D.P.-P.; Writing—Original Draft
Preparation, Y.D.P.-P.; Writing—Review & Editing, A.G.-M., FA.-V, M.S,, D.C.V-E, O.L.-G,, J.C.A.
and J.A.L.; Supervision, J.C.A.and J.A.L; Project Administration, J.C.A. and J.A.L. All authors have
read and agreed to the published version of the manuscript.

Funding: This work was supported by the Ministry of Science, Technology and Innovation of
Colombia and the Foundation for the Future of Colombia (COLFUTURO), in the form of a forgivable
educational loan for the doctoral training of Yecith D. Puerto-Parra during his predoctoral stay at the
University of Granada, Spain, through Call 860 of 2019.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Human Research Ethics Committee of University of Granada, Spain,
under certificate No. 3322 /CEIH /2023, dated 2 March 2023.

Informed Consent Statement: Informed consent was obtained from all subjects involved in
the study.

Data Availability Statement: The datasets that were used and/or analysed during this study are
available upon reasonable request from the corresponding author.

Acknowledgments: We are grateful to all voluntary donors of the buccal swab biological samples
that were used in this research.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

Abbreviations

The following abbreviations are used in this manuscript:

CpG Cytosine followed by Guanine nucleotide
DNA  Deoxyribonucleic acid

MAE  Mean absolute error

PCR Polymerase chain reaction

RMSE Root mean square error

https://doi.org/10.3390/ijms27157062


https://www.mdpi.com/article/10.3390/ijms27157062/s1
https://www.mdpi.com/article/10.3390/ijms27157062/s1
https://doi.org/10.3390/ijms27157062

Int. J. Mol. Sci. 2026, 27, 7062 20 of 23

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Vidaki, A.; Ballard, D.; Aliferi, A.; Miller, T.H.; Barron, L.P.; Syndercombe Court, D. DNA Methylation-Based Forensic Age
Prediction Using Artificial Neural Networks and next Generation Sequencing. Forensic Sci. Int. Genet. 2017, 28, 225-236.
[CrossRef]

Jung, S.-E.; Shin, K.-].; Lee, H.Y. DNA Methylation-Based Age Prediction from Various Tissues and Body Fluids. BMB Rep. 2017,
50, 546-553. [CrossRef] [PubMed]

Parson, W. Age Estimation with DNA: From Forensic DNA Fingerprinting to Forensic (Epi)Genomics: A Mini-Review. Gerontology
2018, 64, 326-332. [CrossRef] [PubMed]

Shabani, M.; Borry, P.; Smeers, I.; Bekaert, B. Forensic Epigenetic Age Estimation and Beyond: Ethical and Legal Considerations.
Trends Genet. 2018, 34, 489—491. [CrossRef] [PubMed]

Pospiech, E.; Teisseyre, P.; Mielniczuk, J.; Branicki, W. Predicting Physical Appearance from DNA Data—Towards Genomic
Solutions. Genes 2022, 13, 121. [CrossRef] [PubMed]

Ruiz-Ramirez, J.; De La Puente, M.; Xavier, C.; Ambroa-Conde, A.; Alvarez-Dios, J.; Freire-Aradas, A.; Mosquera-Miguel, A.; Ralf,
A.; Amory, C.; Katsara, M.A; et al. Development and Evaluations of the Ancestry Informative Markers of the VISAGE Enhanced
Tool for Appearance and Ancestry. Forensic Sci. Int. Genet. 2023, 64, 102853. [CrossRef] [PubMed]

Kayser, M.; Branicki, W.; Parson, W.; Phillips, C. Recent Advances in Forensic DNA Phenotyping of Appearance, Ancestry and
Age. Forensic Sci. Int. Genet. 2023, 65, 102870. [CrossRef] [PubMed]

Schneider, PM.; Prainsack, B.; Kayser, M. The Use of Forensic DNA Phenotyping in Predicting Appearance and Biogeographic
Ancestry. Dtsch. Arztebl. Int. 2019, 116, 873-880. [CrossRef] [PubMed]

Zbiec¢-Piekarska, R.; Spélnicka, M.; Kupiec, T.; Parys-Proszek, A.; Makowska, 7.; Pateczka, A; Kucharczyk, K.; Ploski, R.; Branicki,
W. Development of a Forensically Useful Age Prediction Method Based on DNA Methylation Analysis. Forensic Sci. Int. Genet.
2015, 17, 173-179. [CrossRef] [PubMed]

Lee, J.E.; Lee, ].M.; Naue, J.; Fleckhaus, J.; Freire-Aradas, A.; Neubauer, J.; Pospiech, E.; McCord, B.; Kalamara, V.; Gauthier, Q.;
et al. A Collaborative Exercise on DNA Methylation-Based Age Prediction and Body Fluid Typing. Forensic Sci. Int. Genet. 2022,
57,102656. [CrossRef] [PubMed]

Freire-Aradas, A.; Phillips, C.; Mosquera-Miguel, A.; Girén-Santamaria, L.; Gémez-Tato, A.; Casares de Cal, M,; Alvarez-Dios,
J.; Ansede-Bermejo, ]J.; Torres-Esparfiol, M.; Schneider, PM.; et al. Development of a Methylation Marker Set for Forensic Age
Estimation Using Analysis of Public Methylation Data and the Agena Bioscience EpiTYPER System. Forensic Sci. Int. Genet. 2016,
24, 65-74. [CrossRef] [PubMed]

Freire-Aradas, A.; Pospiech, E.; Aliferi, A.; Girén-Santamaria, L.; Mosquera-Miguel, A.; Pisarek, A.; Ambroa-Conde, A.; Phillips,
C.; Casares de Cal, M.A.; Gomez-Tato, A.; et al. A Comparison of Forensic Age Prediction Models Using Data From Four DNA
Methylation Technologies. Front. Genet. 2020, 11, 932. [CrossRef] [PubMed]

Heidegger, A.; Xavier, C.; Niederstitter, H.; De La Puente, M.; Pospiech, E.; Pisarek, A.; Kayser, M.; Branicki, W.; Parson, W.
Development and Optimization of the VISAGE Basic Prototype Tool for Forensic Age Estimation. Forensic Sci. Int. Genet. 2020,
48,102322. [CrossRef] [PubMed]

Pospiech, E.; Pisarek, A.; Rudnicka, J.; Noroozi, R.; Bororr, M.; Masny, A.; Wysocka, B.; Migacz-Gruszka, K.; Lisman, D;
Pruszkowska-Przybylska, P; et al. Introduction of a Multiplex Amplicon Sequencing Assay to Quantify DNA Methylation in
Target Cytosine Markers Underlying Four Selected Epigenetic Clocks. Clin. Epigenet. 2023, 15, 128. [CrossRef] [PubMed]
Aliferi, A; Ballard, D.; Gallidabino, M.D.; Thurtle, H.; Barron, L.; Syndercombe Court, D. DNA Methylation-Based Age Prediction
Using Massively Parallel Sequencing Data and Multiple Machine Learning Models. Forensic Sci. Int. Genet. 2018, 37, 215-226.
[CrossRef] [PubMed]

Hannum, G.; Guinney, J.; Zhao, L.; Zhang, L.; Hughes, G.; Sadda, S.; Klotzle, B.; Bibikova, M.; Fan, J.-B.; Gao, Y.; et al.
Genome-Wide Methylation Profiles Reveal Quantitative Views of Human Aging Rates. Mol. Cell 2013, 49, 359-367. [CrossRef]
[PubMed]

Horvath, S. DNA Methylation Age of Human Tissues and Cell Types. Genome Biol. 2013, 14, R115. Erratum in Genome Biol. 2015,
16, 96. [CrossRef] [PubMed]

Bocklandt, S.; Lin, W.; Sehl, M.E.; Sanchez, EJ.; Sinsheimer, ].S.; Horvath, S.; Vilain, E. Epigenetic Predictor of Age. PLoS ONE
2011, 6, €14821. [CrossRef] [PubMed]

Belsky, D.W.,; Caspi, A.; Corcoran, D.L.; Sugden, K; Poulton, R.; Arseneault, L.; Baccarelli, A.; Chamarti, K.; Gao, X.; Hannon, E.;
et al. DunedinPACE, a DNA Methylation Biomarker of the Pace of Aging. eLife 2022, 11, €73420. [CrossRef] [PubMed]

Chen, Q.; Dwaraka, V.B.; Carreras-Gallo, N.; Mendez, K.; Chen, Y.; Begum, S.; Kachroo, P; Prince, N.; Went, H.; Mendez, T.; et al.
OMICmAge: An Integrative Multi-Omics Approach to Quantify Biological Age with Electronic Medical Records. Nat. Aging
2023, 6, 722-737.

Huang, Y; Yan, J.; Hou, J.; Fu, X;; Li, L.; Hou, Y. Developing a DNA Methylation Assay for Human Age Prediction in Blood and
Bloodstain. Forensic Sci. Int. Genet. 2015, 17, 129-136. [CrossRef] [PubMed]

https://doi.org/10.3390/ijms27157062


https://doi.org/10.1016/j.fsigen.2017.02.009
https://doi.org/10.5483/BMBRep.2017.50.11.175
https://www.ncbi.nlm.nih.gov/pubmed/28946940
https://doi.org/10.1159/000486239
https://www.ncbi.nlm.nih.gov/pubmed/29393215
https://doi.org/10.1016/j.tig.2018.03.006
https://www.ncbi.nlm.nih.gov/pubmed/29674182
https://doi.org/10.3390/genes13010121
https://www.ncbi.nlm.nih.gov/pubmed/35052461
https://doi.org/10.1016/j.fsigen.2023.102853
https://www.ncbi.nlm.nih.gov/pubmed/36917866
https://doi.org/10.1016/j.fsigen.2023.102870
https://www.ncbi.nlm.nih.gov/pubmed/37084623
https://doi.org/10.3238/arztebl.2019.0873
https://www.ncbi.nlm.nih.gov/pubmed/31941575
https://doi.org/10.1016/j.fsigen.2015.05.001
https://www.ncbi.nlm.nih.gov/pubmed/26026729
https://doi.org/10.1016/j.fsigen.2021.102656
https://www.ncbi.nlm.nih.gov/pubmed/34973557
https://doi.org/10.1016/j.fsigen.2016.06.005
https://www.ncbi.nlm.nih.gov/pubmed/27337627
https://doi.org/10.3389/fgene.2020.00932
https://www.ncbi.nlm.nih.gov/pubmed/32973877
https://doi.org/10.1016/j.fsigen.2020.102322
https://www.ncbi.nlm.nih.gov/pubmed/32574993
https://doi.org/10.1186/s13148-023-01545-2
https://www.ncbi.nlm.nih.gov/pubmed/37563670
https://doi.org/10.1016/j.fsigen.2018.09.003
https://www.ncbi.nlm.nih.gov/pubmed/30243148
https://doi.org/10.1016/j.molcel.2012.10.016
https://www.ncbi.nlm.nih.gov/pubmed/23177740
https://doi.org/10.1186/gb-2013-14-10-r115
https://www.ncbi.nlm.nih.gov/pubmed/24138928
https://doi.org/10.1371/journal.pone.0014821
https://www.ncbi.nlm.nih.gov/pubmed/21731603
https://doi.org/10.7554/elife.73420
https://www.ncbi.nlm.nih.gov/pubmed/35029144
https://doi.org/10.1016/j.fsigen.2015.05.007
https://www.ncbi.nlm.nih.gov/pubmed/25979242
https://doi.org/10.3390/ijms27157062

Int. J. Mol. Sci. 2026, 27, 7062 21 0f23

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

Zbie¢-Piekarska, R.; Spélnicka, M.; Kupiec, T.; Makowska, Z,; Spas, A.; Parys-Proszek, A.; Kucharczyk, K.; Ploski, R.; Branicki, W.
Examination of DNA Methylation Status of the ELOVL2 Marker May Be Useful for Human Age Prediction in Forensic Science.
Forensic Sci. Int. Genet. 2015, 14, 161-167. [CrossRef] [PubMed]

Haddrill, PR. Developments in Forensic DNA Analysis. Emerg. Top. Life Sci. 2021, 5, 381-393. [CrossRef] [PubMed]

Castagnola, M.J.; Medina-Paz, F.; Zapico, S.C. Uncovering Forensic Evidence: A Path to Age Estimation through DNA Methylation.
Int. ]. Mol. Sci. 2024, 25,4917. [CrossRef] [PubMed]

Park, J.-L.; Kim, J.H.; Seo, E.; Bae, D.H.; Kim, S.-Y; Lee, H.-C.; Woo, K.-M.; Kim, Y.S. Identification and Evaluation of Age-
Correlated DNA Methylation Markers for Forensic Use. Forensic Sci. Int. Genet. 2016, 23, 64-70. [CrossRef] [PubMed]

Hong, S.R.; Jung, S.-E.; Lee, E.H.; Shin, K.-].; Yang, W.I; Lee, H.Y. DNA Methylation-Based Age Prediction from Saliva: High Age
Predictability by Combination of 7 CpG Markers. Forensic Sci. Int. Genet. 2017, 29, 118-125. [CrossRef] [PubMed]

Pospiech, E.; Kukla-Bartoszek, M.; Kartlowska-Pik, J.; Zielifiski, P.; Wozniak, A.; Borori, M.; Dabrowski, M.; Zubariska, M.; Jarosz,
A.; Grzybowski, T.; et al. Exploring the Possibility of Predicting Human Head Hair Greying from DNA Using Whole-Exome and
Targeted NGS Data. BMC Genom. 2020, 21, 538. [CrossRef] [PubMed]

Refn, M.R.; Kampmann, M.-L.; Morling, N.; Tfelt-Hansen, J.; Bersting, C.; Pereira, V. Prediction of Chronological Age and
Its Applications in Forensic Casework: Methods, Current Practices, and Future Perspectives. Forensic Sci. Res. 2023, 8, 85-97.
[CrossRef] [PubMed]

Carlsen, L.; Holldnder, O.; Danzer, M.E,; Vennemann, M.; Augustin, C. DNA Methylation-Based Age Estimation for Adults and
Minors: Considering Sex-Specific Differences and Non-Linear Correlations. Int. J. Leg. Med. 2023, 137, 635-643. [CrossRef]
[PubMed]

Bekaert, B.; Kamalandua, A.; Zapico, S.C.; Van de Voorde, W.; Decorte, R. A Selective Set of DNA-Methylation Markers for Age
Determination of Blood, Teeth and Buccal Samples. Forensic Sci. Int. Genet. Suppl. Ser. 2015, 5, e144—e145. [CrossRef]

Jung, S-E.; Lim, SM.; Hong, S.R.; Lee, E.H.; Shin, K.-J.; Lee, H.Y. DNA Methylation of the ELOVL2, FHL2, KLF14,
Clorf132/MIR29B2C, and TRIM59 Genes for Age Prediction from Blood, Saliva, and Buccal Swab Samples. Forensic Sci.
Int. Genet. 2019, 38, 1-8. [CrossRef] [PubMed]

Correia Dias, H.; Manco, L.; Corte Real, F; Cunha, E. A Blood-Bone-Tooth Model for Age Prediction in Forensic Contexts. Biology
2021, 10, 1312. [CrossRef] [PubMed]

Ibafiez-Cabellos, ].S.; Sandoval, J.; Pallardé, E.V.; Garcia-Giménez, ].L.; Mena-Molla, S. A Sex-Specific Minimal CpG-Based Model
for Biological Aging Using ELOVL2 Methylation Analysis. Int. |. Mol. Sci. 2025, 26, 3392. [CrossRef] [PubMed]

Liu, Y;; Chen, M,; Li, Y.; Wang, L.; Du, A.; Lin, Y.; Yi, S.; Xiao, C.; Huang, D. A Robust Cross-Tissue DNA Methylation Model for
Forensic Age Estimation from Oral Samples. Forensic Sci. Int. Genet. 2026, 80, 103331. [CrossRef] [PubMed]

Sutter, C.; Marti, Y,; Haas, C.; Neubauer, ]. Methylation-Based Forensic Age Estimation in Blood, Buccal Cells, Saliva and Semen:
A Comparison of Two Technologies. Forensic Sci. Int. 2025, 367, 112325. [CrossRef] [PubMed]

Barash, M.; McNevin, D.; Fedorenko, V.; Giverts, P. Machine Learning Applications in Forensic DNA Profiling: A Critical Review.
Forensic Sci. Int. Genet. 2024, 69, 102994. [CrossRef] [PubMed]

Debie, E.; Shafi, K. Implications of the Curse of Dimensionality for Supervised Learning Classifier Systems: Theoretical and
Empirical Analyses. Pattern Anal. Applic. 2019, 22, 519-536. [CrossRef]

Tacob, D.; Fiirst, A.; Hadrys, T. A Machine Learning Model to Predict the Origin of Forensically Relevant Body Fluids. Forensic Sci.
Int. Genet. Suppl. Ser. 2019, 7, 392-394. [CrossRef]

Ypma, RJ.E; Maaskant-Van Wijk, P.A.; Gill, R.; Sjerps, M.; Van Den Berge, M. Calculating LRs for Presence of Body Fluids from
mRNA Assay Data in Mixtures. Forensic Sci. Int. Genet. 2021, 52, 102455. [CrossRef] [PubMed]

Montesanto, A.; D’Aquila, P; Lagani, V.; Paparazzo, E.; Geracitano, S.; Formentini, L.; Giacconi, R.; Cardelli, M.; Provinciali, M.;
Bellizzi, D.; et al. A New Robust Epigenetic Model for Forensic Age Prediction. J. Forensic Sci. 2020, 65, 1424-1431. [CrossRef]
[PubMed]

Horvath, S.; Raj, K. DNA Methylation-Based Biomarkers and the Epigenetic Clock Theory of Ageing. Nat. Rev. Genet. 2018,
19, 371-384. [CrossRef] [PubMed]

Vidaki, A.; Kayser, M. Recent Progress, Methods and Perspectives in Forensic Epigenetics. Forensic Sci. Int. Genet. 2018,
37,180-195. [CrossRef] [PubMed]

Yamagishi, T.; Sakurai, W.; Watanabe, K.; Toyomane, K.; Akutsu, T. Development and Comparison of Forensic Interval Age
Prediction Models by Statistical and Machine Learning Methods Based on the Methylation Rates of ELOVL2 in Blood DNA.
Forensic Sci. Int. Genet. 2024, 69, 103004. [CrossRef] [PubMed]

Aliferi, A.; Ballard, D. Predicting Chronological Age from DNA Methylation Data: A Machine Learning Approach for Small
Datasets and Limited Predictors. In Epigenome-Wide Association Studies; Guan, W., Ed.; Methods in Molecular Biology; Springer:
New York, NY, USA, 2022; Volume 2432, pp. 187-200.

Ortega Candel, ].M. Big Data Machine Learning y Data Science en Python; RA-MA: Madrid, Spain, 2022.

https:/ /doi.org/10.3390/ijms27157062


https://doi.org/10.1016/j.fsigen.2014.10.002
https://www.ncbi.nlm.nih.gov/pubmed/25450787
https://doi.org/10.1042/ETLS20200304
https://www.ncbi.nlm.nih.gov/pubmed/33792660
https://doi.org/10.3390/ijms25094917
https://www.ncbi.nlm.nih.gov/pubmed/38732129
https://doi.org/10.1016/j.fsigen.2016.03.005
https://www.ncbi.nlm.nih.gov/pubmed/27017110
https://doi.org/10.1016/j.fsigen.2017.04.006
https://www.ncbi.nlm.nih.gov/pubmed/28419903
https://doi.org/10.1186/s12864-020-06926-y
https://www.ncbi.nlm.nih.gov/pubmed/32758128
https://doi.org/10.1093/fsr/owad021
https://www.ncbi.nlm.nih.gov/pubmed/37621446
https://doi.org/10.1007/s00414-023-02967-6
https://www.ncbi.nlm.nih.gov/pubmed/36811674
https://doi.org/10.1016/j.fsigss.2015.09.058
https://doi.org/10.1016/j.fsigen.2018.09.010
https://www.ncbi.nlm.nih.gov/pubmed/30300865
https://doi.org/10.3390/biology10121312
https://www.ncbi.nlm.nih.gov/pubmed/34943227
https://doi.org/10.3390/ijms26073392
https://www.ncbi.nlm.nih.gov/pubmed/40244262
https://doi.org/10.1016/j.fsigen.2025.103331
https://www.ncbi.nlm.nih.gov/pubmed/40730045
https://doi.org/10.1016/j.forsciint.2024.112325
https://www.ncbi.nlm.nih.gov/pubmed/39667189
https://doi.org/10.1016/j.fsigen.2023.102994
https://www.ncbi.nlm.nih.gov/pubmed/38086200
https://doi.org/10.1007/s10044-017-0649-0
https://doi.org/10.1016/j.fsigss.2019.10.025
https://doi.org/10.1016/j.fsigen.2020.102455
https://www.ncbi.nlm.nih.gov/pubmed/33461104
https://doi.org/10.1111/1556-4029.14460
https://www.ncbi.nlm.nih.gov/pubmed/32453457
https://doi.org/10.1038/s41576-018-0004-3
https://www.ncbi.nlm.nih.gov/pubmed/29643443
https://doi.org/10.1016/j.fsigen.2018.08.008
https://www.ncbi.nlm.nih.gov/pubmed/30176440
https://doi.org/10.1016/j.fsigen.2023.103004
https://www.ncbi.nlm.nih.gov/pubmed/38160598
https://doi.org/10.3390/ijms27157062

Int. J. Mol. Sci. 2026, 27, 7062 22 0f 23

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.
68.

69.

Smeers, I.; Decorte, R.; Van de Voorde, W.; Bekaert, B. Evaluation of Three Statistical Prediction Models for Forensic Age Prediction
Based on DNA Methylation. Forensic Sci. Int. Genet. 2018, 34, 128-133. [CrossRef] [PubMed]

Guan, X.; Ohuchi, T.; Hashiyada, M.; Funayama, M. Age-Related DNA Methylation Analysis for Forensic Age Estimation Using
Post-Mortem Blood Samples from Japanese Individuals. Leg. Med. 2021, 53, 101917. [CrossRef] [PubMed]

Freire-Aradas, A.; Girén-Santamaria, L.; Mosquera-Miguel, A.; Ambroa-Conde, A.; Phillips, C.; Casares de Cal, M.; Gémez-Tato,
A.; Alvarez-Dios, J.; Pospiech, E.; Aliferi, A.; et al. A Common Epigenetic Clock from Childhood to Old Age. Forensic Sci. Int.
Genet. 2022, 60, 102743. [CrossRef] [PubMed]

Zhang, J.; Fu, H.; Xu, Y. Age Prediction of Human Based on DNA Methylation by Blood Tissues. Genes 2021, 12, 870. [CrossRef]
[PubMed]

Alghanim, H. Development of DNA Methylation Markers to Infer Age, Smoking Status and Body Fluid Types for Forensic
Application. Ph.D. Thesis, Florida International University, Miami, FL, USA, 2019.

Sutter, C.; Helbling, D.; Haas, C.; Neubauer, J. The Influence of Cancer on a Forensic Age Estimation Tool. Aging 2025,
17,1679-1701. [CrossRef] [PubMed]

Sabeeha; Hasnain, S.E. Forensic Epigenetic Analysis: The Path Ahead. Med. Princ. Pract. 2019, 28, 301-308. [CrossRef] [PubMed]
Freire-Aradas, A.; Phillips, C.; Gir6n-Santamaria, L.; Mosquera-Miguel, A.; Gomez-Tato, A.; Casares de Cal, M.A.; Alvarez-Dios, J.;
Lareu, M.V. Tracking Age-Correlated DNA Methylation Markers in the Young. Forensic Sci. Int. Genet. 2018, 36, 50-59. [CrossRef]
[PubMed]

Wozniak, A.; Heidegger, A.; Piniewska-Rég, D.; Pospiech, E.; Xavier, C.; Pisarek, A.; Kartasiniska, E.; Borori, M.; Freire-Aradas, A,;
Wojtas, M.; et al. Development of the VISAGE Enhanced Tool and Statistical Models for Epigenetic Age Estimation in Blood,
Buccal Cells and Bones. Aging 2021, 13, 6459-6484. [CrossRef] [PubMed]

Lee, HY.; Hong, S.R.; Lee, ].E.; Hwang, L K; Kim, N.Y,; Lee, ].M.; Fleckhaus, J.; Jung, S.-E.; Lee, Y.H. Epigenetic Age Signatures in
Bones. Forensic Sci. Int. Genet. 2020, 46, 102261. [CrossRef] [PubMed]

Alghanim, H.; Antunes, J.; Silva, D.S.B.S.; Alho, C.S.; Balamurugan, K.; McCord, B. Detection and Evaluation of DNA Methylation
Markers Found at SCGN and KLF14 Loci to Estimate Human Age. Forensic Sci. Int. Genet. 2017, 31, 81-88. [CrossRef] [PubMed]
Spélnicka, M.; Pospiech, E.; Peptoriska, B.; Zbie¢-Piekarska, R.; Makowska, 7.; Pieta, A.; Karlowska-Pik, J.; Ziemkiewicz, B.;
Wezyk, M.; Gasperowicz, P; et al. DNA Methylation in ELOVL2 and Clorf132 Correctly Predicted Chronological Age of
Individuals from Three Disease Groups. Int. J. Leg. Med. 2018, 132, 1-11. [CrossRef] [PubMed]

Anaya, Y.; Yew, P; Roberts, K.A.; Hardy, W.R. DNA Methylation of Decedent Blood Samples to Estimate the Chronological Age of
Human Remains. Int. |. Leg. Med. 2021, 135, 2163-2173. [CrossRef] [PubMed]

Sukawutthiya, P; Sathirapatya, T.; Vongpaisarnsin, K. A Minimal Number CpGs of ELOVL2 Gene for a Chronological Age
Estimation Using Pyrosequencing. Forensic Sci. Int. 2021, 318, 110631. [CrossRef] [PubMed]

Marcante, B.; Delicati, A.; Onofri, M.; Tozzo, P.; Caenazzo, L. Estimation of Human Chronological Age from Buccal Swab Samples
through a DNA Methylation Analysis Approach of a Five-Locus Multiple Regression Model. Int. |. Mol. Sci. 2024, 25, 935.
[CrossRef] [PubMed]

Soedarsono, N.; Hanafi, M.G.S.; Hartomo, B.T.; Auerkari, E.I. ELOVL2, PRKG2, and EDARADD DNA Methylation Strongly
Estimate Indonesian Adolescents. Diagnostics 2024, 14, 1767. [CrossRef] [PubMed]

Refn, M.R.; Kampmann, M.-L.; Vyoni, A.; Tfelt-Hansen, J.; Serensen, E.; Ostrowski, S.R.; Kongstad, M.; Aliferi, A.; Giangasparo,
F.; Morling, N.; et al. Independent Evaluation of an 11-CpG Panel for Age Estimation in Blood. Forensic Sci. Int. Genet. 2025,
76,103214. [CrossRef] [PubMed]

Fabrizio, FP; Castellana, S.; Centra, F.; Sparaneo, A.; Mastroianno, M.; Mazza, T.; Coco, M.; Trombetta, D.; Cingolani, N.;
Centonza, A.; et al. Design and Experimental Validation of OPERA_MET-A Panel for Deep Methylation Analysis by next
Generation Sequencing. Front. Oncol. 2022, 12, 968804. [CrossRef] [PubMed]

Luo, Z; Pickle, L.; Hatch, A.; Ewing, A.; Hyland, F; Berman, D.; Patel, P.; Andersen, M. Abstract 158: Custom Primer Design
Pipeline and Analysis Workflow for Targeted Methylation Sequencing Using NGS Ion AmpliSeq Technology. Cancer Res. 2020,
80, 158. [CrossRef]

Ballard, D.; Winkler-Galicki, J.; Wesoty, ]. Massive Parallel Sequencing in Forensics: Advantages, Issues, Technicalities, and
Prospects. Int. ]. Leg. Med. 2020, 134, 1291-1303. [CrossRef] [PubMed]

Ryan, C.P. “Epigenetic Clocks”: Theory and Applications in Human Biology. Am. J. Hum. Biol. 2021, 33, €23488. [CrossRef]
[PubMed]

Simpson, D.J.; Chandra, T. Epigenetic Age Prediction. Aging Cell 2021, 20, e13452. [CrossRef] [PubMed]

Daunay, A.; Baudrin, L.G.; Deleuze, J.-F; How-Kit, A. Evaluation of Six Blood-Based Age Prediction Models Using DNA
Methylation Analysis by Pyrosequencing. Sci. Rep. 2019, 9, 8862. [CrossRef] [PubMed]

Sang, F. Bioinformatics Analysis of DNA Methylation Through Bisulfite Sequencing Data. In DNA Modifications; Ruzov, A.,
Gering, M., Eds.; Methods in Molecular Biology; Springer: New York, NY, USA, 2021; Volume 2198, pp. 441-450.

https:/ /doi.org/10.3390/ijms27157062


https://doi.org/10.1016/j.fsigen.2018.02.008
https://www.ncbi.nlm.nih.gov/pubmed/29477092
https://doi.org/10.1016/j.legalmed.2021.101917
https://www.ncbi.nlm.nih.gov/pubmed/34126371
https://doi.org/10.1016/j.fsigen.2022.102743
https://www.ncbi.nlm.nih.gov/pubmed/35777225
https://doi.org/10.3390/genes12060870
https://www.ncbi.nlm.nih.gov/pubmed/34204075
https://doi.org/10.18632/aging.206281
https://www.ncbi.nlm.nih.gov/pubmed/40689873
https://doi.org/10.1159/000499496
https://www.ncbi.nlm.nih.gov/pubmed/30893697
https://doi.org/10.1016/j.fsigen.2018.06.011
https://www.ncbi.nlm.nih.gov/pubmed/29933125
https://doi.org/10.18632/aging.202783
https://www.ncbi.nlm.nih.gov/pubmed/33707346
https://doi.org/10.1016/j.fsigen.2020.102261
https://www.ncbi.nlm.nih.gov/pubmed/32087494
https://doi.org/10.1016/j.fsigen.2017.07.011
https://www.ncbi.nlm.nih.gov/pubmed/28854399
https://doi.org/10.1007/s00414-017-1636-0
https://www.ncbi.nlm.nih.gov/pubmed/28725932
https://doi.org/10.1007/s00414-021-02650-8
https://www.ncbi.nlm.nih.gov/pubmed/34245337
https://doi.org/10.1016/j.forsciint.2020.110631
https://www.ncbi.nlm.nih.gov/pubmed/33279766
https://doi.org/10.3390/ijms25020935
https://www.ncbi.nlm.nih.gov/pubmed/38256009
https://doi.org/10.3390/diagnostics14161767
https://www.ncbi.nlm.nih.gov/pubmed/39202255
https://doi.org/10.1016/j.fsigen.2024.103214
https://www.ncbi.nlm.nih.gov/pubmed/39693839
https://doi.org/10.3389/fonc.2022.968804
https://www.ncbi.nlm.nih.gov/pubmed/36033501
https://doi.org/10.1158/1538-7445.AM2020-158
https://doi.org/10.1007/s00414-020-02294-0
https://www.ncbi.nlm.nih.gov/pubmed/32451905
https://doi.org/10.1002/ajhb.23488
https://www.ncbi.nlm.nih.gov/pubmed/32845048
https://doi.org/10.1111/acel.13452
https://www.ncbi.nlm.nih.gov/pubmed/34415665
https://doi.org/10.1038/s41598-019-45197-w
https://www.ncbi.nlm.nih.gov/pubmed/31222117
https://doi.org/10.3390/ijms27157062

Int. J. Mol. Sci. 2026, 27, 7062 23 0f 23

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

Eipel, M.; Mayer, E; Arent, T.; Ferreira, M.R.P,; Birkhofer, C.; Gerstenmaier, U.; Costa, I.G.; Ritz-Timme, S.; Wagner, W. Epigenetic
Age Predictions Based on Buccal Swabs Are More Precise in Combination with Cell Type-Specific DNA Methylation Signatures.
Aging 2016, 8, 1034-1048. [CrossRef] [PubMed]

Schwender, K.; Hollander, O.; Klopfleisch, S.; Eveslage, M.; Danzer, M.F.; Pfeiffer, H.; Vennemann, M. Development of Two Age
Estimation Models for Buccal Swab Samples Based on 3 CpG Sites Analyzed with Pyrosequencing and Minisequencing. Forensic
Sci. Int. Genet. 2021, 53, 102521. [CrossRef] [PubMed]

Ambroa-Conde, A.; Girén-Santamarfa, L.; Mosquera-Miguel, A.; Phillips, C.; Casares de Cal, M.A.; Gémez-Tato, A.; Alvarez-Dios,
J.; de la Puente, M.; Ruiz-Ramirez, ].; Lareu, M.V,; et al. Epigenetic Age Estimation in Saliva and in Buccal Cells. Forensic Sci. Int.
Genet. 2022, 61, 102770. [CrossRef] [PubMed]

Guan, Z.; Wang, ].; Liu, Z,; Yang, C.; Xu, X.; Wang, X.; Zhang, G. Epigenetic Age Estimation by Detecting DNA Methylation Status
in Buccal Swabs. Electrophoresis 2024, 45, 2012-2018. [CrossRef] [PubMed]

Xavier, C.; De La Puente, M.; Mosquera-Miguel, A.; Freire-Aradas, A.; Kalamara, V.; Vidaki, A.; Gross, T.E.; Revoir, A.; Pospiech,
E.; Kartasiniska, E.; et al. Development and Validation of the VISAGE AmpliSeq Basic Tool to Predict Appearance and Ancestry
from DNA. Forensic Sci. Int. Genet. 2020, 48, 102336. [CrossRef] [PubMed]

Heidegger, A.; Pisarek, A.; de la Puente, M.; Niederstatter, H.; Pospiech, E.; Wozniak, A.; Schury, N.; Unterldnder, M.; Sidstedt, M.;
Junker, K,; et al. Development and Inter-Laboratory Validation of the VISAGE Enhanced Tool for Age Estimation from Semen
Using Quantitative DNA Methylation Analysis. Forensic Sci. Int. Genet. 2022, 56, 102596. [CrossRef] [PubMed]

Piniewska-Rég, D.; Heidegger, A.; Podpiech, E.; Xavier, C.; Pisarek, A.; Jarosz, A.; Wozniak, A.; Wojtas, M.; Phillips, C.; Kayser, M.;
et al. Impact of Excessive Alcohol Abuse on Age Prediction Using the VISAGE Enhanced Tool for Epigenetic Age Estimation in
Blood. Int. ]. Leg. Med. 2021, 135, 2209-2219. [CrossRef] [PubMed]

Fleckhaus, J.; Bugert, P.; Al-Rashedi, N.A.M.; Rothschild, M. A. Investigation of the Impact of Biogeographic Ancestry on DNA
Methylation Based Age Predictions Comparing a Middle East and a Central European Population. Forensic Sci. Int. Genet. 2023,
67,102923. [CrossRef] [PubMed]

Giuliani, C.; Cilli, E.; Bacalini, M.G.; Pirazzini, C.; Sazzini, M.; Gruppioni, G.; Franceschi, C.; Garagnani, P.; Luiselli, D. Inferring
Chronological Age from DNA Methylation Patterns of Human Teeth. Am. J. Phys. Anthropol. 2016, 159, 585-595. [CrossRef]
[PubMed]

Fan, H.; Xie, Q.; Zhang, Z.; Wang, ]J.; Chen, X.; Qiu, P. Chronological Age Prediction: Developmental Evaluation of DNA
Methylation-Based Machine Learning Models. Front. Bioeng. Biotechnol. 2022, 9, 819991. [CrossRef] [PubMed]

Kampmann, M.L,; Fleckhaus, J.; Bersting, C.; Jurtikova, H.; Piters, A.; Papin, J.; Gauthier, Q.; Ghemrawi, M.; Doutremepuich, C.;
McCord, B.; et al. Collaborative exercise: Analysis of age estimation using a QIAGEN protocol and the PyroMark Q48 platform.
Forensic Sci. Res. 2024, 9, owad055. [CrossRef] [PubMed]

Fleckhaus, J.; Schneider, PM. Novel multiplex strategy for DNA methylation-based age prediction from small amounts of DNA
via Pyrosequencing. Forensic Sci. Int. Genet. 2020, 44, 102189. [CrossRef] [PubMed]

Pan, C,; Yi, S.; Xiao, C.; Huang, Y.; Chen, X.; Huang, D. The evaluation of seven age-related CpGs for forensic purpose in blood
from Chinese Han population. Forensic Sci. Int. Genet. 2020, 46, 102251. [CrossRef] [PubMed]

Weidner, C.I; Lin, Q.; Koch, C.M,; Eisele, L.; Beier, F.; Ziegler, P.; Bauerschlag, D.O.; Jockel, K.H.; Erbel, R.; Miihleisen, TW.;
et al. Aging of blood can be tracked by DNA methylation changes at just three CpG sites. Genome Biol. 2014, 15, R24. [CrossRef]
[PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/ijms27157062


https://doi.org/10.18632/aging.100972
https://www.ncbi.nlm.nih.gov/pubmed/27249102
https://doi.org/10.1016/j.fsigen.2021.102521
https://www.ncbi.nlm.nih.gov/pubmed/33933877
https://doi.org/10.1016/j.fsigen.2022.102770
https://www.ncbi.nlm.nih.gov/pubmed/36057238
https://doi.org/10.1002/elps.202400075
https://www.ncbi.nlm.nih.gov/pubmed/39402823
https://doi.org/10.1016/j.fsigen.2020.102336
https://www.ncbi.nlm.nih.gov/pubmed/32619960
https://doi.org/10.1016/j.fsigen.2021.102596
https://www.ncbi.nlm.nih.gov/pubmed/34763164
https://doi.org/10.1007/s00414-021-02665-1
https://www.ncbi.nlm.nih.gov/pubmed/34405265
https://doi.org/10.1016/j.fsigen.2023.102923
https://www.ncbi.nlm.nih.gov/pubmed/37598451
https://doi.org/10.1002/ajpa.22921
https://www.ncbi.nlm.nih.gov/pubmed/26667772
https://doi.org/10.3389/fbioe.2021.819991
https://www.ncbi.nlm.nih.gov/pubmed/35141217
https://doi.org/10.1093/fsr/owad055
https://www.ncbi.nlm.nih.gov/pubmed/38567377
https://doi.org/10.1016/j.fsigen.2019.102189
https://www.ncbi.nlm.nih.gov/pubmed/31648151
https://doi.org/10.1016/j.fsigen.2020.102251
https://www.ncbi.nlm.nih.gov/pubmed/32006895
https://doi.org/10.1186/gb-2014-15-2-r24
https://www.ncbi.nlm.nih.gov/pubmed/24490752
https://doi.org/10.3390/ijms27157062

	Introduction 
	Results 
	Design of a Custom Methylation Panel 
	Read Depth Analysis 
	Sample Selection for Prediction Model Design 
	Overview of Age Prediction Model Development 
	Quality Control and Final Dataset 
	Univariate Screening Results 
	Algorithm-Comparison Results 
	Representative CpG Panel 
	Nested Cross-Validation 
	CpG Selection Stability 
	Final Model Performance (CV 10  5) 
	Training Calibration 
	Model Coefficients 


	Discussion 
	Materials and Methods 
	Sampling 
	DNA Extraction and Quantification 
	Sodium Bisulfite Conversion 
	Selection of Age-Related Genes and CpG Sites 
	Custom Panel Amplification 
	Partial Digestion of Amplicons 
	Adapter Binding and Library Purification 
	Quantification of Libraries by Real-Time PCR 
	Reamplification of Libraries 
	Template Preparation and Sequencing 
	Development of the Age Prediction Model 
	Preprocessing and Quality Control of Raw Data 
	Univariate Metric Calculation 
	Collinearity Reduction 
	Multivariate Feature Selection 
	Cross-Validation Strategy 
	Algorithm Comparison 
	Sensitivity Analysis of Feature-Selection Thresholds 
	Non-Linearity Assessment and Natural Splines 
	Representative CpG Selection (One per Gene) 
	Final Age Prediction Model 
	Software and Reproducibility 


	Conclusions 
	References

