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Abstract: Accurate age estimation from semen evidence is crucial for forensic investigations in sexual assault cases. While DNA
methylation is a promising biomarker for predicting the donor’s chronological age in forensic cases, most existing DNA
methylation-based age estimation models primarily focus on somatic cells, with limited exploration of sperm-specific methylation
signatures. Given that tissue-specific differences in CpG methylation may reduce the accuracy of existing epigenetic clocks for
semen samples, there is a need to develop age-prediction models for this tissue in particular. For this study, we employed publicly
available sperm methylation microarray datasets (GSE185920, n = 1471, aged 20-60 years) from the Gene Expression Omnibus
(GEO) to identify age-related CpG sites (AR-CpGs). To identify AR-CpGs, we subsequently implemented a multi-algorithm
feature selection strategy (maximum mutual information, L1 regularization, and sequential feature selection). We developed an
optimized sperm-epigenetic clock by evaluating 69 machine learning regression model frameworks, achieving a mean absolute
error (MAE) of 1.63 years in the training cohort. Validation on independent sperm datasets (GSE185445, n = 379, GSE149318, n
= 90) yielded MAEs of 2.93 and 2.58 years, respectively, demonstrating robust generalization. To identify additional markers, we
screened for sperm-specific AR-CpGs using whole-genome bisulfite sequencing (WGBS) data from the publicly available GEO
dataset GSE222340. Subsequently, based on the pyrosequencing data of nine selected AR-CpG markers analyzed in 95 semen
samples (ages 20–42 years), we developed a robust forensic model for human semen age estimation and determined the optimal
algorithm by systematically evaluating 23 regression methods. The best-performing model, support vector machine (radial basis
function kernel), exhibited an MAE of 2.21 years and a root mean square error (RMSE) of 3.15 years on the test set. This work
provides a valuable set of AR-CpGs, develops an optimized sperm-chronological epigenetic clock, and delivers a practical model
for estimating age from semen.
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1 Introduction

Age estimation from biological evidence plays a crucial role in forensic investigations, offering valuable
information for solving crimes and guiding judicial decision-making. When traditional DNA profiling methods
fail due to DNA database mismatches, obtaining age information about the sample donor using forensic
technology can significantly narrow down suspect lists, identify severely decomposed remains in the case of
mass disasters, and supplement skeletal age assessments in cases involving juvenile delinquency. Traditional
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forensic age estimation methods primarily rely on anthropological theories that analyze morphological changes
in skeletal and dental structures (Meissner et al., 1999; Niño-Sandoval et al., 2017; Thodberg et al., 2017; Lee et
al., 2020). However, these methods are constrained by subjectivity and biological variability, particularly when
applied to biological trace evidence, which necessitates the development of robust molecular alternatives.

Recent technological advances have addressed these constraints by facilitating the discovery of age-related
biomarkers, including transcriptomic markers (Zubakov et al., 2016; Fleischer et al., 2018; Huan et al., 2018;
Wang et al., 2022), mitochondrial DNA deletions (Meissner, et al., 1999; Tengan et al., 2002; Ro et al., 2003;
Zapico and Ubelaker, 2016), telomere length alterations (Friedrich et al., 2001; Mather et al., 2011; Opstad et al.,
2011; Sanders and Newman, 2013; Breitling et al., 2016; Marioni et al., 2016; Ruiz et al., 2017; Vasu et al.,
2017; Wang et al., 2018), aspartic acid racemization (Griffin et al., 2008; Griffin et al., 2009; Arany and Ohtani,
2011; Rajkumari et al., 2013; Elfawal et al., 2015; Hassan et al., 2017), and DNA methylation (DNAm)
(Christensen et al., 2009; Bell et al., 2012; Horvath, 2013). Among these biomarkers, DNAm stands out for its
unparalleled forensic applicability, largely attributable to its inherent chemical stability and the resulting longer
detection window in compromised samples (Jylhävä et al., 2017). Extensive studies have demonstrated strong
correlations between DNAm patterns and chronological age. Furthermore, DNAm-based age estimation
demonstrates superior accuracy, high inter-laboratory reproducibility, and broad applicability to diverse
biological sample types. Collectively, these attributes establish DNAm as one of the most reliable and versatile
molecular tools for estimating the age of unknown individuals in forensic casework (Teschendorff et al., 2010;
Hannum et al., 2013).

Advances in epigenetic technologies have enabled the development of methylation-based age prediction
models, known as chronological epigenetic clocks, that use age-related CpG sites (AR-CpGs). Examples of
such clocks include the Horvath pan-tissue clock (Horvath, 2013) and the Hannum blood-specific clock
(Hannum, et al., 2013). These models not only enhance our understanding of aging but also provide quantifiable
tools for age estimation in forensic contexts. The discovery of age-related changes in methylation that are
conserved across tissues has enabled the creation of pan-tissue clocks. In parallel, the tissue and body fluid
specificity of DNAmethylation patterns has driven the development of specialized epigenetic clocks for distinct
biological sources (Theda et al., 2018; Jung et al., 2019; Naue, 2023). However, clocks developed primarily
based on somatic cells may be unsuitable for application to sperm cells. This incompatibility arises because
sperm cells undergo unique epigenetic reprogramming during meiosis, resulting in methylation patterns distinct
from those of somatic cells (Eckhardt et al., 2006; Oakes et al., 2007; Cui et al., 2016). Additionally, the
development of DNAm-based age estimation models using sperm cells or semen samples remains relatively
limited compared with those using samples such as blood and saliva. There is therefore a clear need for
epigenetic clocks optimized for male germ cells to improve age estimation from semen evidence in forensic
investigations.

Current age estimation models primarily rely on AR-CpGs identified from methylation microarray data,
such as those generated by Illumina Infinium HumanMethylation platforms (Alsaleh and Haddrill, 2019; Xiao
et al., 2021). Although high-density microarrays (e.g., the EPIC v1.0 chip covering over 850,000 CpG sites)
have been instrumental in epigenomic research (Moran et al., 2016; Pidsley et al., 2016), they only involve
approximately 4% of the CpGs in the human methylome (Vidaki and Kayser, 2018). This limited genomic
coverage leaves vast regulatory regions unexplored. Additionally, many microarray-derived AR-CpGs suffer
from limited generalizability in forensic contexts due to issues such as tissue specificity, biological variability,
and a paucity of methylation data from forensically relevant tissues. These limitations highlight the need to
identify novel CpG markers for forensic age estimation.

Whole-genome bisulfite sequencing (WGBS) is a high-throughput sequencing method that enables
genome-wide DNA methylation profiling at single-base resolution (Feng and Lou, 2019; Beck et al., 2022).
Unlike methylation microarrays, which are restricted to predefined CpGs, WGBS can detect rare methylation
variants and characterize epigenetic patterns in traditionally understudied regions, including intergenic regions
and transposable elements (Li et al., 2018; Ortega-Recalde et al., 2021). This comprehensive capability makes
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WGBS a powerful tool for epigenetic research, particularly for identifying novel AR-CpGs that cannot be
detected by conventional microarray platforms (Wang et al., 2013; Suzuki et al., 2018).

Given the above considerations, the present study was designed with two aims. First, we analyzed public
methylation microarray data (GSE185920) to construct a high-precision sperm epigenetic clock. Second, we
used WGBS data (GSE222340) to explore the entire genome to identify novel AR-CpGs. We then selected the
most promising age-related markers identified from these two analytical streams and validated them via
pyrosequencing in an independent semen cohort. The ultimate goal was to integrate these findings to establish a
robust, forensically applicable age prediction model for semen stains.

2 Materials and methods

2.1 Samples and datasets

2.1.1 Sample collection

This study was conducted in accordance with the ethical principles outlined in the Declaration of Helsinki
and received formal approval from the Ethics Committee of Southern Medical University (Approval NO.
2023-KY-097-02). We enrolled 95 healthy male volunteers (aged 20-42 years) from the Chinese Han
population who had no documented systemic diseases or a history of long-term medication use. In line with
ethical guidelines, all participants received thorough explanations of study procedures and voluntarily provided
signed informed consent before participation. Prior to semen sample collection, donors adhered to a minimum
72-hour abstinence period before self-collecting ejaculate specimens through masturbation, which were
promptly preserved in pre-sterilized cryotubes at -80°C to preserve molecular integrity.

2.1.2 Dataset collection

DNA methylation datasets were sourced from the Gene Expression Omnibus (GEO) database of the
National Center for Biotechnology Information (NCBI). The analysis included both Illumina Infinium
HumanMethylationEPIC BeadChip microarray data (accessions: GSE185920, GSE185445, and GSE149318)
and WGBS data (accession: GSE222340). These datasets were filtered to include only semen or sperm samples
from healthy donors that had confirmed availability of chronological age metadata.

2.2 Development and validation of a sperm-specific DNA methylation clock for chronological age
estimation

2.2.1 Processing and analysis of sperm microarray datasets

We selected the GSE185920 dataset for AR-CpG screening and epigenetic clock construction (Jenkins et
al., 2022). Raw methylation data were preprocessed using RnBeads version 2.0.1 in R version 4.0.3. This
involved four sequential quality control steps: probe filtering (detection p-values > 0.01), the exclusion of
samples with > 10% failed probes, the application of a bead count threshold (< 5 beads in at least 5% of
samples), and the removal of probes that were SNP-overlapping or sex chromosomal. Missing values were
subsequently imputed using the k-nearest neighbors (k-NN) algorithm (Sahoo and Sundararajan, 2024),
followed by Beta mixture quantile dilation (BMIQ) normalization to adjust for technical differences between
Infinium I and II probes (Teschendorff et al., 2013). Potential batch effects were corrected using the ComBat
method in the sva package (Leek et al., 2012).

Age-related CpGs (AR-CpGs) were identified through a two-step procedure: initial screening was
conducted via linear regression (β ~ chronological age) using the dmrfinder() function in the minfi package,
applying a significance threshold of FDR-adjusted p < 0.05 (Aryee et al., 2014). Subsequently, candidate
AR-CpGs were prioritized based on the absolute value of Spearman’s rank correlation coefficient (|ρ|), where
higher values indicated more robust monotonic relationships with increasing age.

Unedited
 



| J Zhejiang Univ-Sci B (Biomed & Biotechnol) in press4

2.2.2 Functional enrichment analysis and body fluid specificity validation of age-related CpGs

Functional enrichment analysis was conducted on the top 5000 sperm AR-CpGs ranked by absolute
Spearman’s ρ using the ChAMP package (version 2.21.1). We performed Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway analyses to preliminarily explore the potential
biological mechanisms underlying these methylation changes. The body fluid specificity of AR-CpGs was
validated using methylation microarray data (peripheral blood, semen, saliva, menstrual blood, and vaginal
secretion samples) previously generated by our team (Fang et al., 2023).

2.2.3 Feature selection algorithms for sperm-specific AR-CpGs

To construct a sperm chronological epigenetic clock, we employed three distinct feature selection
algorithms, including L1 regularization (Lasso) (Schmidt et al., 2007), maximal information coefficient (MIC)
(Kinney and Atwal, 2014b), and sequential feature selection (SFS) (Aha and Bankert, 1995) using MATLAB
version 2023b to identify an optimal subset of AR-CpGs. The input was a methylation beta-value matrix (1471
sperm samples × top 5000 AR-CpGs) derived from the GSE185920 dataset. This matrix was randomly divided
into training (80%), validation (10%), and test (10%) sets. We adopted multiple linear regression as the unified
base model across all algorithms to ensure a consistent, comparable framework for feature selection. An upper
limit of 1000 CpG features was set for the iterative testing to mitigate overfitting and identify the point of
performance saturation. This range is sufficient to cover the number of CpG sites used by most
high-performance epigenetic clocks in the existing literature. Model performance was quantified for both
training and test sets using the coefficient of determination (R2), mean absolute error (MAE), and root mean
square error (RMSE). The CpG subset from each method that achieved the optimal balance of high R2 and the
low MAE/RMSE was designated as the respective “ best_set ” (i.e., SFS_best_set, MIC_best_set, and
L1_best_set). To assess the novelty of our identified AR-CpGs, we systematically compared our optimal CpG
set against AR-CpGs reported in key published studies on sperm and semen. We used an online Venn diagram
tool to visualize the overlap and clarify the distinct and shared CpGs.

2.2.4 Multiple machine learning regression algorithms for constructing a sperm chronological epigenetic clock

(1) Optimal AR-CpG set for a sperm chronological epigenetic clock

To ensure our evaluation was comprehensive and methodologically robust, we selected 23 regression
algorithms from the Scikit-learn library based on their representativeness across major machine learning
paradigms. This selection encompasses linear models (e.g., Ridge, Lasso) for their interpretability and
efficiency with high-dimensional data; tree-based ensembles (e.g., Random Forest, Gradient Boosting) for their
capacity to capture complex non-linear interactions; and support vector machines for their effectiveness in
high-dimensional feature spaces. We then integrated three optimal AR-CpG sets with this diverse algorithmic
portfolio to construct and compare candidate sperm chronological epigenetic clocks. The input methylation
beta-value matrix (the optimal AR-CpG set × 1471 sperm samples) was split into training (80%) and test (20%)
sets using a stratified sampling method based on Python version 3.10.4. Hyperparameters were optimized with
Optuna version 1.4.0 over 100 trials per model, employing 5×10-fold cross-validation to minimize MAE on the
validation folds and mitigate random bias. The final model was selected by synthesizing the performance on the
test set (RMSE, MAE, R2) with a Taylor diagram analysis of prediction deviations. This comprehensive
evaluation prioritized balancing the number of requisite CpG loci with predictive accuracy.

(2) Evaluation of the sperm-specific chronological epigenetic clock

To evaluate the generalizability of our sperm-specific chronological epigenetic clock, we conducted
external validation on two independent datasets (GSE185445: 379 sperm samples; GSE149318: 90 sperm
samples). We benchmarked the predictive performance of our model against established epigenetic clocks,
including the Horvath pan-tissue clock, the skin-blood clock, and sperm-specific clocks, using these same
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datasets to ensure a direct and fair comparison.

2.3 Semen age prediction model construction using WGBS data

2.3.1 Processing and analysis of the WGBS dataset

Sperm WGBS data from the GEO dataset GSE222340 were analyzed using the Dnmtools v1.4.2 package
in R version 4.1.3 on a Linux platform. We employed WGBS technology to systematically analyze the global
variation characteristics of the human sperm methylome across a temporal scale. Our objective was to deeply
explore the combined influence of individual specificity and the aging process on the epigenetic landscape of
sperm. The dataset included 20 sperm samples obtained from 10 healthy, fertile male donors (aged 23–56 years
at initial sampling). A second sample was collected from each donor 10–18 years later. Raw methylation data
(.meth files) were processed into methylation level matrices, with each entry representing the percentage of
cytosine methylation and corresponding read coverage. We grouped samples into two batches (Batch A and
Batch B) based on filename identifiers (a and b), which corresponded to distinct experimental time points.
Quality control involved removing CpGs with missing methylation values or coverage below 5. To ensure
robustness across technical replicates, we computed Spearman’s rank correlation between methylation levels
for each batch separately and defined AR-CpGs as those exhibiting a significant correlation (p < 0.01) in both
batches.

The inherent limitations of our WGBS discovery approach should be noted. WGBS is known for its
variable sequencing depth, which can result in incomplete CpG coverage and less reliable methylation
quantification. Furthermore, the epigenome-wide association study (EWAS) was conducted with a very small
sample (n=10), severely limiting the statistical power and robustness of the identified AR-CpGs. Therefore, the
AR-CpGs identified in this phase should be considered exploratory candidates requiring rigorous validation,
which we subsequently performed using pyrosequencing.

2.3.2 Selection of a minimal marker panel for forensic application

To develop a robust detection system for forensic practice, we screened AR-CpGs from two
complementary sources: (i) those exhibiting the highest absolute Spearman’s correlation coefficients (|ρ|) in the
microarray dataset (GSE185920), and (ii) those demonstrating significant age correlations in an independent
WGBS dataset (GSE222340). Subsequently, primers were designed for candidate CpGs, and a panel of nine
markers was selected based on a combined evaluation of their statistical association with age and the practical
feasibility of primer design. This minimal panel was then carried forward for pyrosequencing-based validation.

2.3.3 DNA extraction, quantification, and bisulfite conversion

Genomic DNAwas extracted from 50 μL of each semen sample using the MicroElute Genomic DNAKit
(D3096–02, Omega Bio-tek, Inc., Norcross, Georgia, USA) according to the manufacturer’s instructions. DNA
quantification was performed using a QubitTM 4 fluorometer (Thermo Fisher Scientific, USA) with the Qubit
dsDNA HS Assay Kit (Thermo Fisher Scientific, USA) according to the manufacturer’s instructions. The
extracted genomic DNA (100 ng) was bisulfited using the EZ DNAMethlyation-DirectTMKit (Zymo Research,
Irvine, CA), also following the provided instructions. The converted DNA was then eluted with 30 μL of
preheated M-Elution Buffer, yielding the final bisulfite-converted DNA for subsequent analysis.

2.3.4 Pyrosequencing

Primers targeting AR-CpGs were designed using PyroMark Assay Design 2.0 software and were
synthesized by Sangon Biotech (Shanghai, China). Each 25 μL polymerase chain reaction (PCR) mixture
contained 4 μL of PyroMark PCR Master Mix (2×), 2.5 μL of CoralLoad Concentrate (10×), 2 μL of each PCR
primer (2.5 μM), and 2 μL of bisulfite-convertedDNA, brought to the final volume with sterile, deionized water.
PCR amplification was performed using the PyroMark PCR Kit (Qiagen) on a GeneAmp PCR System 9700
(Applied Biosystems) under standardized conditions: initial denaturation at 95°C for 15 min; 45 cycles of
denaturation (94°C, 30 s), annealing (56°C, 30 s), and extension (72°C, 30 s); and final extension at 72°C for 10
min. Pyrosequencing was conducted on the PyroMark Q24 system (Qiagen) with PyroMark Gold CpG
Reagents, strictly adhering to the manufacturer’s instructions. Methylation levels were quantified and visualized
using the Hiplot (https://hiplot.cn/).
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2.3.4 Construction and evaluation of the semen age estimation model

We developed and evaluated 23 regression models from the Scikit-learn library in Python (v3.10.4) using
the pyrosequencing data of nine AR-CpGs from 95 sperm samples. The data were stratified by chronological
age and randomly split into training (80%) and test (20%) sets. The semen age prediction model was constructed
using the sperm epigenetic clock framework. Based on a comprehensive assessment of multiple performance
metrics, we have made the optimal model available on GitHub as an open-source, user-friendly software
(https://github.com/zuigaoming/DNAmethylation.git).

3 Results

3.1 Development and validation of a sperm-specific epigenetic clock

3.1.1 Analysis of sperm methylation microarray data

The analysis commenced with three methylation microarray datasets identified from the NCBI GEO
database using the search terms “EPIC”, “Sperm”, and “Semen” and predefined criteria. These datasets
included GSE185920 (1471 sperm samples from males aged 20–60 years), which was derived from a
randomized clinical trial investigating the effects of folic acid and zinc supplementation (FAZST) on sperm
DNA methylation (Jenkins, et al., 2022); GSE185445 (379 sperm samples from males aged 19–40 years),
derived from a study aiming to develop a sperm epigenetic clock for predicting pregnancy outcomes (Pilsner et
al., 2022); and GSE149318 (90 paired blood–sperm samples from males aged 22–51 years), which was
collected for research comparing the methylation profiles of obese and non-obese individuals (Åsenius et al.,
2020). As summarized in Fig. 1, the mean ages of donors for each dataset were 32.8 years (GSE185920), 29.9
years (GSE185445), and 35.2 years (GSE149318).

The GSE185920 dataset was employed for AR-CpG screening. Following data preprocessing and quality
control (Fig. S1), 721,063 probes and all 1471 samples were retained according to the inclusion criteria. We
performed an age-correlation analysis using the dmpFinder() function (minfi package) via univariate linear
regression, identifying 248,097 significant AR-CpGs (adjusted p < 0.01). We selected the top 5000 markers
(0.37 < |ρ| < 0.58) for downstream analysis (Table S1) based on their absolute Spearman's correlation coefficient
from a subsequent analysis, which identified 195,543 significant CpGs (adjusted p < 0.01; 1.54E-05 < |ρ| <
0.58).

The Circos plot illustrated the distribution of these 5000AR-CpGs across 22 autosomes (Fig. S2). TrackA

Fig. 1 Age distribution histograms and kernel density curves of samples from three DNA methylation
microarray datasets. From left to right, the histograms are GSE185920 (sperm sample, n=1471), GSE185445
(sperm sample, n=379), and GSE149318 (sperm sample, n=90).
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employed a heatmap to visualize a genome-wide methylation pattern associated with aging, while Tracks B–E
illustrate directional methylation evolution trends within specific age groups. We further visualized the top 20
AR-CpGs ranked by absolute Spearman coefficients (|ρ| > 0.50, p < 0.01) using methylation-age scatterplots
(Fig. 2). Among these, cg18037145 exhibited the strongest correlation with age (ρ = 0.58, p = 2.2e-10),
indicating high predictive potential.

3.1.2 Gene functional annotation of sperm AR-CpGs and enrichment analysis of KEGG and GO functions

Functional and positional annotation of the top 5000AR-CpGs revealed distinct DNAmethylation patterns
(Fig. S3, Table S1). Positionally, these sites were predominantly found in intergenic regions (37.91%) and gene
bodies (40.62%) (Fig. S3A). The majority of AR-CpGs were located in open sea regions (67.07%) (Fig. S3B).
KEGG pathway enrichment analysis identified significant associations with immune-metabolic regulation,
cellular signaling, and structural organization. In parallel, GO term enrichment analysis exhibited associations
with biological processes including cellular morphogenesis, membrane dynamics, and ion transport (Fig. S3C,
S3D).

3.1.3 Evaluation of body fluid specificity of sperm AR-CpGs

The body fluid specificity of the top 100 AR-CpGs based on their absolute Spearman’s correlation
coefficient was analyzed using 850K methylation microarray data from five forensically relevant body fluids.
Semen samples exhibited a distinct methylation signature at theseAR-CpGs, distinguishing them from those of
other body fluids (Fig. S4A). Analysis of the 1471 sperm samples revealed age-dependent methylation changes

Fig. 2 Scatter plots showing the relationship between methylation levels (β-values) and chronological age for the
top 20 AR-CpGs. The blue line represents the linear regression fit. ρ represents Spearman’s rank correlation
coefficient.
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(Fig. S4B). Furthermore, the methylation profiles of semen samples aligned more closely with those of sperm
than with those of other body fluid samples.

3.1.4 Feature selection of sperm AR-CpGs

To develop a sperm-specific epigenetic clock, we performed feature selection on the top 5000 AR-CpGs
using three machine learning algorithms (MIC, Lasso, SFS). Candidate CpG subsets were evaluated using
multivariate linear regression, and the optimal combination from each method was designated as its respective
“best_set” based on performance metrics. We identified three optimal feature sets based on these metrics. The
MIC method demonstrated stable model performance on 470AR-CpGs, achieving test-set metrics of R2 = 0.71,
MAE = 2.21 years, and RMSE = 2.90 years (Fig. S5A). In comparison, the Lasso algorithm achieved optimal
predictive performance on 464 CpGs, with test-set values of R² = 0.88, MAE = 1.71 years, and RMSE = 2.31
years (Fig. S6A). The SFS method exhibited peak efficiency using 261 CpGs, yielding test-set results of R² =
0.8331, MAE = 1.71 years, and RMSE = 2.31 years (Fig. 3A). Comparative analysis of test-set performance
revealed that Lasso_best_set demonstrated superior predictive accuracy, while SFS_best_set contained the
fewest AR-CpGs, and MIC_best_set exhibited the lowest test-set performance despite its size.

Fig. 3 Construction and evaluation of the sperm epigenetic clock based on a sequential feature selection
algorithm. A sequential feature selection algorithm was used to select the top 5000 sperm AR-CpGs ranked by the
absolute value of Spearman correlation coefficient ρ. When the specific combination of CpGs was 261, (A) the
performance of the training set and test set of the multiple linear regression model showed no significant
improvement; (B) Box plots of the mean absolute deviation and root mean square error of the test sets of 23 machine
learning regression models; (C) Taylor diagrams of the test sets of 23 machine learning regression models based on
261 CpG markers; (D) Scatter plots of the test sets of the top three optimal models and the true values.
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We evaluated 23 machine learning regression models across three feature sets (MIC_best_set, L1_best_set,
SFS_best_set). For MIC_best_set, the models yielded MAE values ranging from 1.94 to 2.70 years and RMSE
values ranging from 2.61 to 3.41 years, with SVMPoly demonstrating optimal performance (MAE = 1.94,
RMSE = 2.61 years) (Fig. S5B). For L1_best_set, models yielded MAE values ranging from 1.37 to 2.62 years
and RMSE values ranging from 1.90 to 3.40 years, with PoissonRegressor demonstrating optimal performance
(MAE = 1.37, RMSE = 1.90 years) (Fig. S6B). For SFS_best_set, models yielded MAE values ranging from
1.46 to 2.86 years and RMSE values ranging from 1.99 to 3.83 years, with Transformed Target Regressor
demonstrating optimal performance (MAE = 1.46, RMSE = 1.99 years) (Fig. 3B).

Taylor diagrams were employed to evaluate regression model performance across the three optimal feature
sets (Fig. 3C, S5C, S6C). Each diagram plots models as points relative to an “Observed” reference point on the
x-axis, which represents the standard deviation of the true age distribution in the test set. The diagrams assess
three performance metrics: (1) correlation coefficient, indicated by angular proximity to the reference point; (2)
standard deviation agreement, shown by radial alignment with the reference circle; and (3) centered RMSE,
represented by Euclidean distance from the reference point. Optimal models cluster in the lower-right region
near the reference point, exhibiting high correlation, matched standard deviation, and minimal centered RMSE,
whereas inferior models are displaced toward the upper-left region. For MIC_best_set, three models (XGBTree,
Transformed Target Regressor, SVMPoly) showed balanced performance with superior composite metrics (Fig.
S5C), yielding test-set R² values ranging from 0.71 to 0.72 (Fig. S5D). For L1_best_set, three models
(PoissonRegressor, Transformed Target Regressor, Tweedie Regressor) outperformed all others (Fig. S6C),
each achieving identical test set R² values of 0.85 (Fig. S6D). For SFS_best_set, the three top-performing
models (Transformed Target Regressor, PoissonRegressor, HuberRegressor) achieved superior metrics (Fig.
3C), yielding test-set R² values of 0.83–0.84 (Fig. 3D).

We evaluated regression models across optimal CpG sets derived from three feature selection methods
(MIC, SFS, Lasso), comparing the performance of the top three models from each method (Table 1). For
L1_best_set (464 AR-CpGs), the PoissonRegressor demonstrated superior performance, achieving R2 = 0.85,
MAE = 1.39 years, and RMSE=1.90 years. For MIC_best_set, the top-performing models exhibited reduced
accuracy, yielding R2 < 0.75, MAE > 1.90 years, and RMSE > 2.60 years. For SFS_best_set (261 AR-CpGs,
43.8% fewer than L1_best_set), Transformed Target Regressor achieved comparable precision (R2 = 0.84,MAE
= 1.46 years, RMSE = 1.99 years). The SFS-derived Transformed Target Regressor was selected as the final
sperm epigenetic clock based on its optimal balance of marker efficiency and predictive accuracy (Table S2).
Table S3 and Fig. S7 present hyperparameter configurations for all 23 SFS-based models.

We compared these 261 AR-CpG sites with previously reported semen/sperm-specific AR-CpG markers
and found that the vast majority did not overlap (n = 239), indicating that the markers selected using the multiple
feature selection strategy are highly novel (Fig. S8).

Table 1 A performance comparison of the top three regression models under maximum mutual information,
sequential feature selection, and L1 regularization feature selection.

Method Number of CpGs Models R2 MAE(Years) RMSE(Years)*

Maximum
mutual

information
470

xgbtree 0.72 1.9462 2.6709
Transformed Target Regressor 0.71 1.9661 2.6885

svmpoly 0.72 1.9405 2.6082

Lasso 464
Poisson Regressor 0.85 1.3737 1.8996

Transformed Target Regressor 0.85 1.3855 1.9182
TweedieRegressor 0.84 1.4084 1.9636

Sequential
feature
selection

261
Transformed Target Regressor 0.84 1.4583 1.9888

Poisson Regressor 0.84 1.4677 2.0024
Hobber Regression 0.83 1.5213 2.0488

*MAE, mean absolute error; RMSE, root mean square error
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3.1.5 Evaluation of sperm chronological epigenetic clock

The sperm epigenetic clock was externally validated using two independent methylation microarray
datasets— GSE185445 (379 healthy male sperm samples) and GSE149318 (90 sperm samples)—to assess its
robustness in external datasets. Performance was benchmarked against nine published epigenetic clocks
including tissue-specific models—Hannum’s blood clock (Hannum, et al., 2013), Horvath’s pan-tissue clock
(Horvath2013)(Horvath, 2013), Horvath’s skin–blood clock (Horvath2018)(Horvath et al., 2018), McEwen’s
oral clock (McEwen2019)(Mcewen et al., 2020), Jenkins’ sperm clock (Jenkins2017) (Jenkins et al., 2018), and
Zhang’s blood clock (ZhangQ2019)(Zhang et al., 2019)—and optimization-based models—Higgins–Chen’s
principal component-enhanced clocks (PCHannumG2013, PCHorvathS2013, PCHorvathS2018)(Higgins-Chen
et al., 2022). All 10 clocks, including our newly developed sperm clock, were evaluated using standardized
performance metrics (R², MAE, RMSE) across both cohorts. Complete model citations are provided in Table
S4.

The performance of all 10 epigenetic clocks was evaluated using a screening cohort of 1471 sperm samples
(GSE185920; Fig. S9). The newly developed sperm epigenetic clock demonstrated superior predictive accuracy

Fig. 4 Age prediction performances of 379 sperm samples (GSE185445) using 10 chronological epigenetic clocks.
HannumG2013, HorvathS2013, HorvathS2018, Jenkins2017, McEwenL2019, ZhangQ2019, PCHannumG2013,
PCHorvathS2013, PCHorvathS2018, and ZhaoM2025 represent the Hannum clock (blood), Horvath’s pan-tissue clock,
Horvath’s skin-oral clock, Jenkins’sperm clock, McEwen’s oral clock, Zhang’s whole blood clock, the principal
component analysis-based optimized clocks PCHannumG2013, PCHorvathS2013, and PCHorvathS2018, and our sperm
epigenetic clock, respectively.
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(R² = 0.85, MAE = 1.63 years, RMSE = 2.20 years), outperforming all nine published comparison clocks. The
Jenkins2017 clock achieved the second-best performance (R² = 0.54, MAE = 2.97 years, RMSE = 4.04 years).
The remaining eight clocks, developed for non-sperm tissues, exhibited low accuracy (R² < 0.1), with MAE
ranging from 4.72 to 32.49 years and RMSE from 6.22 to 32.99 years. Among these clocks, HannumG2013
(MAE = 4.72 years, RMSE = 6.22 years) and HorvathS2013 (MAE = 5.28 years, RMSE = 6.55 years)
demonstrated limited generalizability to sperm samples. The optimization-enhanced clocks exhibited the
poorest accuracy (MAE > 29 years, RMSE > 30 years).

In the independent validation cohort (GSE185445, n = 379 sperm samples), all 10 epigenetic clocks
exhibited reduced predictive performance compared to the larger benchmark cohort (GSE185920, n = 1471
sperm samples). Nevertheless, the newly developed sperm clock maintained superior accuracy (R2 = 0.34,
MAE = 2.93 years, RMSE = 3.90 years; Fig. 4), with the Jenkins2017 clock ranking second (R² = 0.22, MAE =
7.11 years, RMSE = 8.17 years). The four tissue-specific clocks developed for non-sperm tissues
(HannumG2013, HorvathS2018, McEwenL2019, ZhangQ2019) demonstrated no significant correlations
between predicted and chronological ages (p > 0.05). Among the three optimization-enhanced models, only
PCHannumG2013 showed statistical significance (p < 0.05), while PCHorvathS2013 and PCHorvathS2018 did
not (p > 0.05). Despite reduced performance for the external validation cohort, the newly developed clock
maintained substantially higher accuracy than all nine published models, demonstrating superior
generalizability to independent datasets.

Fig. 5 Age prediction performances of 90 sperm samples (GSE149318) using 10 chronological epigenetic clocks.
HannumG2013, HorvathS2013, HorvathS2018, Jenkins2017, McEwenL2019, ZhangQ2019, PCHannumG2013,
PCHorvathS2013, PCHorvathS2018, and ZhaoM2025 represent the Hannum clock (blood), Horvath’s pan-tissue clock,
Horvath’s skin-oral clock, Jenkins’ sperm clock, McEwen’s oral clock, Zhang’s whole blood clock, the principal
component analysis-based optimized clocks PCHannumG2013, PCHorvathS2013, and PCHorvathS2018, and our sperm
epigenetic clock, respectively.
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Evaluation of the 90 sperm samples (GSE149318) revealed distinct performance patterns across the 10
epigenetic clocks (Fig. 5). Our sperm epigenetic clock demonstrated superior predictive accuracy (R2 = 0.72,
MAE = 2.58 years, RMSE = 3.36 years), significantly outperforming comparative models. The Jenkins2017
clock exhibited reduced performance (R2 = 0.11, MAE = 6.07 years, RMSE = 7.21 years), and three
tissue-specific clocks (HorvathS2013, HorvathS2018, ZhangQ2019) showed no significant age correlations
(p > 0.05). Similarly, optimization-enhanced clocks (PCHannumG2013, PCHorvathS2013, PCHorvathS2018)
yielded non-significant correlations (p > 0.05). Notably, the HannumG2013 clock displayed a significant
negative correlation between predicted and chronological ages (p < 0.05).

To assess our clock's performance relative to existing sperm-specific models, we provide comparative
metrics with SEACpG (Pilsner et al., 2022), the most recently published sperm clock. Since the original
publication did not disclose model parameters and feature specifications for SEACpG, direct replication or
head-to-head testing on identical datasets is not feasible; therefore, we compared reported performance metrics
across respective training and validation cohorts. SEACpG reported a training performance of r = 0.91 (R² ≈
0.83) with MAE = 1.6 years using a subset of GSE185445 (n = 379), whereas our clock achieved R² = 0.85 with
MAE = 1.63 years using GSE185920 (n = 1471). That the clocks exhibit similar performance metrics despite a
nearly four-fold difference in training set size suggests that both feature selection strategies effectively captured
age-related methylation patterns, although dataset-specific characteristics prevent definitive model comparison.
For external validation, Pilsner et al. (2022) reported r = 0.79 (R² ≈ 0.62) without specifying the composition or
size of the validation dataset, whereas our clock achieved R² = 0.72, MAE = 2.58 years, and RMSE = 3.36 years
in an independent sperm cohort (GSE149318, n=90). Both models demonstrate generalization capability with
external validation R² > 0.62, though the different test cohorts limit direct comparability.

3.2 Construction of the semen age estimation model

3.2.1 Analysis and AR-CpG screening of WGBS dataset

We analyzed the WGBS dataset GSE222340 to identify novel AR-CpGs. This longitudinal study
comprised paired sperm samples from 10 donors collected at two time points (De Sena Brandine et al., 2023):
baseline samples (Timepoint A) and follow-up samples obtained 10–18 years later (Timepoint B). Raw
methylation data files (.meth files) containing CpGmethylation levels and read coverage depths were processed
using the Dnmtools package (Ubuntu version 20.0.4) to generate site-by-sample methylation matrices.
Age-correlation analysis identified 270,019 AR-CpGs in Timepoint A samples and 243,027 AR-CpGs in
Timepoint B samples (both at adjusted p < 0.01). Intersection analysis revealed that 243,027 AR-CpGs were
shared between time points (Fig. S10). The top 100 AR-CpGs ranked by absolute Spearman’s correlation
coefficient are listed in Table S5, with all age correlation coefficients reaching at least 0.95.

3.2.2 Pyrosequencing results

To develop a robust detection system suitable for forensic casework, we selected eight candidateAR-CpGs
from two discovery sources. Four AR-CpGs were selected from the microarray-based sperm clock (Section
3.1.4), prioritizing top-ranked markers with strong age correlation (|ρ| > 0.5). An additional four CpG sites were
selected from the WGBS analysis (Section 3.2.1), prioritizing top-ranked markers with very strong age
associations (|ρ| > 0.9) in the GSE222340 longitudinal cohort. The design characteristics of site-specific primers
were also taken into account. Pyrosequencing validation was performed on 95 independent semen samples (age
range: 20–42 years, median: 29 years) for all eight selected AR-CpGs (Table 2, Fig. S11). Linear regression
analysis revealed that seven sites demonstrated significant age correlations (p < 0.05), while cg15932627
exhibited a positive trend that did not reach statistical significance (p = 0.11) (Fig. 6). Cross-platform
comparison revealed that pyrosequencing-derived age correlations were generally weaker than those observed
in the discovery datasets. Additionally, absolute methylation levels differed systematically between platforms.
Three CpG sites, cg18857873 (microarray-derived), chrY:785986 (WGBS-derived), and chr14:30407630
(WGBS-derived), exhibited higher methylation beta values in pyrosequencing compared to their respective
discovery platforms (p < 0.05), likely reflecting technical differences between platforms. Notably,
chr10:71661611 (CpG9) displayed opposing correlation trends (ρ = 0.18 in pyrosequencing vs. ρ = −0.97 in
WGBS). Despite this discordance, the marker was retained based on its pyrosequencing performance. Adjacent
age-related sites were identified in CpG4 (chr14:30407626, CpG5) and CpG7 (cg18857873+1, CpG8)
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amplification regions. These flanking sites provided supplementary age information within the existing
amplicons, which may enhance model robustness.

Fig. 6 Linear regression plots of sperm AR-CpG site expression levels versus individual age on WGBS, microarray, and
pyrosequencing platforms. WGBS data were based on the GSE222340 dataset containing 10 sperm samples, microarray
data were based on the GSE149318 dataset containing 90 sperm samples, and pyrosequencing was the validation result
of 95 semen samples.

Unedited
 



| J Zhejiang Univ-Sci B (Biomed & Biotechnol) in press14

3.2.3 Evaluation of semen age prediction models

We developed a semen age prediction model based on pyrosequencing validation results, using
pyrosequencing data from nineAR-CpG sites: seven sites with significant age correlations (p < 0.05, excluding
non-significant cg15932627) and two additionalAR-CpGs identified within amplicon regions (CpG 5 and CpG
8, Section 3.2.2). Using the modeling approach described in Section 3.1, 23 regression algorithms were
compared via Taylor diagram analysis (Fig. 7) to identify the optimal predictor. The radial basis function
support vector machine (SVM-RBF) exhibited optimal performance, achieving a test-set correlation coefficient
(r) of 0.79 with MAE and RMSE values of 2.21 and 3.15 years, respectively (Fig. 7). Detailed hyperparameter
configurations and comparative performance metrics for all 23 models are provided in Table S6, and Fig. S12
visualizes the model performance distributions. The final SVM-RBF model was packaged as the
Age-Semen-Predictor software for operational forensic use and is openly accessible at
https://github.com/zuigaoming/DNAmethylation, with source code and documentation.

Table 2 Information of amplification primers and pyrosequencing sequencing primers for sperm age-related CpGs.

No. CpG ID Location Primer Sequence (5'→3') Primer
length (bp) Type Amplicon

length (bp)

CpG1 chr12:80853660a
tgaggtaggaggattatgaggttag 25 PCR-Forward

134- Biotin-ctccctcaacctctaaaactac 22 PCR-Reverse
attaaaaaatagaaaaaattagt 23 Sequencing

CpG2 chr7:27901067b
Biotin-gggaagttgatttttatgttggttttattg 30 PCR-Forward

158cg13872326 ccccaccccttaattttaacttt 23 PCR-Reverse
cccccccctacctacctattaaatatataaac 32 Sequencing

CpG3 chr16:80840984b
atgattaataggatgtgtgtgtattg 26 PCR-Forward

91cg09785625 Biotin-cactcaatttaaaaccttaatcatctcta 29 PCR-Reverse
tgaggatttggggag 15 Sequencing

CpG4* chr14:30407630a
tgtttattgggtattaaatagtaagtgtt 29 PCR-Forward

210- Biotin-tttctctctaaatatacctttaaaaatcc 29 PCR-Reverse
aaattattatgagaggttgaataaa 25 Sequencing

CpG5* chr14:30407634a
tgtttattgggtattaaatagtaagtgtt 29 PCR-Forward

210- Biotin-tttctctctaaatatacctttaaaaatcc 29 PCR-Reverse
aaattattatgagaggttgaataaa 25 Sequencing

CpG6 chrY:7858986a
ggagtggtttaggtgtgattaatt 24 PCR-Forward

188- Biotin-tttaaaccccaaacctatactcaaat 26 PCR-Reverse
ttgagttttaattgtttgagttaat 25 Sequencing

CpG7* chr17:71164157b
ttttagtaaggaagtaatataggagttagt 30 PCR-Forward

101cg18857873 Biotin-tcaaaacatcccctctactcctca 24 PCR-Reverse
ttgttttaaattaaagtttagttat 25 Sequencing

CpG8* chr17:71164161b
ttttagtaaggaagtaatataggagttagt 30 PCR-Forward

101- Biotin-tcaaaacatcccctctactcctca 24 PCR-Reverse
ttgttttaaattaaagtttagttat 25 Sequencing

CpG9 chr10:71661611a
gggagtttaagggttatttggattat 26 PCR-Forward

136- Biotin-attctatacatctccaaaataccatacc 28 PCR-Reverse
agggttatttggattatattag 22 Sequencing

CpG10 chr3:139048065b
attagatagggttttgtagtaaagttattt 30 PCR-Forward

175cg15932627 Biotin-ttctccttttcatacaacctcatact 26 PCR-Reverse
agtaaagttatttttttttttagaa 25 Sequencing

*CpG 4 and CpG 5 are co-amplified within a single amplicon, while CpG 7 and CpG 8 are co-amplified within another amplicon; a Telomere-to-Telomere
assembly of the CHM13 cell line, with chr Y from NA24385 (T2T CHM13v2.0); b Genome reference consortium human genome build 37
(GRCh37/hg19)
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4. Discussion
Epigenetic clocks have been categorized into two principal types based on their prediction targets:

chronological and biological epigenetic clocks (Se et al., 2017; Onofri et al., 2023). Chronological epigenetic
clocks focus on accurately predicting chronological age, whereas biological epigenetic clocks integrate
epigenetic drift markers to assess biological aging processes (Levine et al., 2018; Lu et al., 2019; Mcgreevy et
al., 2023). Forensic applications primarily employ chronological clocks to estimate age from biological
evidence in investigative contexts. Substantial progress has been made in developing such clocks, including
pan-tissue models applicable across multiple sample types (Hannum, et al., 2013; Horvath, 2013), and
tissue-specific models optimized for particular biological materials, including blood, saliva, and buccal cells
(Zhang, et al., 2019; Mcewen, et al., 2020). The pan-tissue clocks appear to be unsuitable for semen samples,
given their poor predictive accuracy. Additionally, chronological clocks for semen samples remain relatively
undeveloped compared to somatic tissue clocks, primarily constrained by the scarcity of publicly available
sperm methylation microarray datasets. Previous semen age estimation studies employing small CpG panels

Fig. 7 Age distribution of semen samples for pyrosequencing and the construction and evaluation of semen age estimation
models. (A, B) Age distribution histograms of semen samples; (C) Taylor diagram of regression model performance based
on nine sperm AR-CpG sites; (D) Scatter plot of the true age and predicted age in the test set under the support vector
machine regression model with radial basis function kernel.
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have achieved prediction errors of 4–5 years, suggesting that markers identified from microarray coverage may
not fully capture age-related methylation dynamics in semen evidence.

This study attempted to address these issues using a feasible strategy. First, we developed a sperm
epigenetic clock utilizing the largest available sperm methylation microarray dataset (GSE185920, n=1471).
This larger cohort enabled more robust marker selection and reduced the risk of overfitting compared to models
trained on fewer than 100 samples. AR-CpGs were identified through bioinformatics analysis, and these
markers revealed methylation signatures in sperm samples distinct from those in somatic body fluid types.
Functional enrichment analyses (KEGG/GO) further implicated these sites in biological processes critical to
spermatogenesis, sperm maturation, and motility regulation, providing mechanistic insights into their
epigenetic regulatory roles.

The optimal AR-CpG sets for the sperm epigenetic clock were selected using multiple AI-driven feature
selection algorithms (MIC, Lasso, and SFS). The MIC algorithm can detect nonlinear relationships between age
and methylation levels using nonparametric estimation, effectively capturing complex biological associations
(Kinney and Atwal, 2014a). L1 regularization selects minimally redundant features by imposing sparsity
constraints, reducing dimensionality while retaining critical CpG sites from correlated clusters (Schmidt, et al.,
2007). The SFS algorithm iteratively constructs optimal CpG combinations by evaluating incremental
predictive improvements, ensuring synergistic marker interactions (Aha and Bankert, 1995). Diverse feature
selection strategies are integrated through this multi-method approach to reduce bias risks associated with
single-algorithm methodologies. Model performance was comparatively evaluated across different optimal
CpG sets, enabling a comprehensive evaluation ofAR-CpG markers through multidimensional feature analysis.

We evaluated 23 machine learning regression models across the three optimal feature sets to identify the
most accurate chronological epigenetic clock. The model using sequential feature selection with 261AR-CpGs
achieved the best training performance (R²= 0.85, MAE = 1.63 years, RMSE = 2.20 years). The sperm-specific
epigenetic clock was evaluated using two independent sperm methylation microarray datasets, with its
performance benchmarked against that of nine published epigenetic clocks on the same validation sets. In 379
sperm samples (GSE185445), the developed clock demonstrated modest performance (R² = 0.34, MAE = 2.93
years) and superior accuracy (R² = 0.72, MAE = 2.58 years) in 90 sperm samples (GSE149318). The
performance reduction compared to training metrics reflects multiple factors, including smaller validation
sample sizes, narrower age distributions (20–42 years in validation versus 21–56 years in training), and
potential inter-cohort batch effects. Such attenuation is commonly observed in epigenetic biomarker validation
studies and does not indicate poor marker transferability. We noticed that the datasets used for training
(GSE185920) and validation (GSE185445 and GSE149318) may have been generated using different sperm
DNA extraction protocols, including gradient centrifugation and somatic cell lysis. This technical heterogeneity
could introduce systematic biases, potentially compromising the model’s generalizability in independent
cohorts and contributing to the observed discrepancies in external validation results.

Our clock substantially outperformed the Jenkins sperm clock (which achieved R² ranging from 0.11 to
0.54 and MAE from 2.97 to 7.11 years) across our validation cohorts, likely due to Jenkins’ smaller training
samples and the use of the earlier feature selection approaches available at that time. More recently, Pilsner et al.
developed SEACpG, the performance of which is comparable to that of our clock (reported R² approximately
0.83, MAE 1.6 years using n=379 from GSE185445)(Pilsner, et al., 2022). Direct performance comparison is
complicated by methodological differences: SEACpG was trained on GSE185445 (which we used for external
validation), and the characteristics of its validation cohort remain undisclosed. Nevertheless, our clock achieved
numerically higher external validation R² (0.72 versus their reported 0.62), although different test datasets
preclude definitive superiority claims. Our study’s primary contributions extend beyond gains in incremental
accuracy to include comprehensive multi-cohort validation (n=1940), demonstrated robustness in sperm
samples, and complete methodological transparency with open-source implementation. In addition, pan-tissue
clocks and tissue-specific and optimization-enhanced clocks exhibited significantly higher prediction errors in
sperm samples, underscoring the need to develop sperm-specific epigenetic clocks.

While microarray platforms enable economical large-cohort screening, their coverage of approximately
850,000 CpG sites represents only 3–4 percent of the roughly 28 million CpG sites in the human genome
(Vidaki and Kayser, 2018). To identify novel age-related markers beyond microarray coverage, we performed a
comprehensive analysis of WGBS data from a longitudinal aging cohort (GSE222340, n=10 individuals with
paired samples spanning 10–18 years). Based on sperm WGBS data, we identified novel sperm-specific
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AR-CpGs, among which more than 240,000 were significant (adjusted p < 0.01). These markers were highly
correlated with donor age (|ρ| > 0.9), far outperforming the microarray-derived markers (cg18037145, ρ = 0.58,
p < 0.01). Highly age-correlated CpGs mean that better age estimation predictive accuracy can be achieved with
fewer markers and simpler models.

However, several limitations affect the reliability of theseWGBS findings. The small WGBS cohort (n=10
paired samples) limits the reliability of individual marker estimates. This concern was confirmed when we
validated these markers using pyrosequencing: some showed opposite correlation directions to those observed
in the WGBS discovery phase. Additionally, the exceptionally high correlations (exceeding 0.9) we observed in
this small longitudinal dataset likely overestimate what can be achieved in larger, more diverse populations.
While WGBS clearly identifies promising candidate markers, each must be validated independently in larger
cohorts using the intended implementation platform before forensic application.

Prior forensic studies have developed targeted approaches to predicting age from semen, making
substantive progress in recent years. Lee et al. (2015) employed three array-derived CpG sites, achieving an
MAE of 4.8 years (Lee et al., 2015), with follow-up validation across diverse specimen conditions reporting an
MAE of 3.9–5.2 years (Lee et al., 2018; Li et al., 2020). The VISAGE Consortium’s massively parallel
sequencing assay, which used six selected markers, achieved an MAE of 5.1 years (Pisarek et al., 2021). Xiao et
al. identified 21 AR-CpGs from microarray data and developed two detection panels. They integrated markers
from panel I (n=11), panel II (n=10), or both to construct the optimal model, achieving MAEs of 2.526–4.746
years, 3.890–5.715 years, and greater than 9.800 years on the test sets of sperm, semen, and whole blood,
respectively (Xiao et al., 2023). The current research revealed that age estimation from semen samples exhibited
upgradable predictive accuracy, and novel AR-CpGs need to be enrolled in model construction.

To develop a robust detection system for forensic practice, this study validated the forensic applicability of
the sperm-specific AR-CpGs identified from sperm methylation microarray and WGBS data using
pyrosequencing in semen samples. Four AR-CpGs were selected from the microarray-based sperm clock (ρ >
0.5) and four from WGBS analysis (ρ > 0.9) for the validation. When we tested these markers in 95 semen
samples (ages 20–42 years), the age correlations were weaker than in discovery. Seven markers showed
significant correlations (p < 0.05), whereas one (cg15932627) did not (p = 0.11). Additionally, one marker
(chr10:71661611) showed a strong negative correlation in WGBS (ρ = -0.97) but a weak positive correlation in
pyrosequencing (ρ = 0.2).

It is worth noting that theseAR-CpGs did not exhibit the anticipated age-related characteristics (|ρ| ranging
from 0.20 to 0.56, Fig. 6). There may be several explanations for this weaker performance. First, technical
differences between methylation detection platforms could affect data comparability (Kacmarczyk et al., 2018).
Compared with methylation microarrays, the measurement error caused by insufficient sequencing depth (<
30×) in WGBS overestimated the age-related performance of its CpG sites to some extent. In addition, the
sample size of the WGBS dataset in this study was relatively small (n = 10), which also increased the statistical
risk. Second, differences in age distributions among the pyrosequencing validation cohort (20–42 years), sperm
microarray dataset (21–52 years), and WGBS dataset (23–56 years) might increase biological heterogeneity in
methylation profiles, underscoring the need to expand age-range validations. Additionally, Y-chromosomal
amplification bias caused by repetitive sequences may explain the inverted age correlation observed at CpG6
(Reed et al., 2010; Hong et al., 2019; Freire-Aradas et al., 2020; Schwender et al., 2021). Furthermore, semen
cellular heterogeneity (5–15% somatic cell contamination) may dilute sperm-specific methylation signals,
compromising age correlations (Siebert-Kuss et al., 2024). Research also demonstrates that the methylation
profile of semen is predominantly shaped by sperm-derived DNA and influenced by somatic cell-free DNA or
non-cellular elements in seminal plasma (Schütte et al., 2013; Barney et al., 2022). Therefore, it is necessary to
further optimize the semen DNA extraction method to reduce the interference of biological background noise.

Although the performance of these AR-CpGs in the pyrosequencing platform did not meet expectations,
we still explored the overall performance of the age prediction model constructed using these markers in semen.
Notably, the support vector machine with a radial basis function for age estimation, evaluated using Taylor
diagram analysis, exhibited ideal performance. The finalized model, named “Age-Semen-Predictor”, and
associated resources (source code, test datasets) have been made publicly available on GitHub to facilitate
cross-laboratory replication and refinement.

AlthoughWGBS datasets provide a broader genomic coverage context for screening methylation markers,
given their technical limitations (such as measurement errors due to insufficient sequencing depth and
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systematic differences across detection platforms), results derived from them should be interpreted with caution.
Still, several limitations need to be considered. Validation using pyrosequencing platforms was constrained by a
relatively narrow age range and a limited sample size of seminal specimens. Crucially, the potential linkage
between these newly identified CpGs and DNA polymorphisms remains unexplored in this preliminary
investigation. Furthermore, given that DNA methylation patterns are influenced by multiple confounding
factors, including ethnicity, gender, and environmental exposures, the evidentiary value of these epigenetic
markers requires more comprehensive validation using systematic population studies and inter-laboratory
reproducibility assessments.

5. Conclusions
This study established and validated a sperm-specific epigenetic clock through systematic analysis of

microarray data from a large cohort, employing three distinct feature selection methods. WGBS analysis of
sperm samples revealed novel AR-CpGs, which hold exploratory research value for age estimation. The
finalized semen age estimation model, demonstrating robust predictive capacity, has been implemented as an
open-source tool accessible through a dedicated GitHub repository. This work provides new strategies and
insights for forensic epigenetics, particularly for sexual assault investigations requiring suspect age estimation.
Future investigations will expand the sample size and age range for validation to enhance forensic applicability.
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