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Epigenetic clocks are the models, which use CpG methylation levels for the age prediction of an organism. Although there were several epigenetic clocks developed there is a demand for development and evaluation of the relatively accurate and sensitive epigenetic clocks that can be used for routine research purposes. In this study, we evaluated two epigenetic clock models based on the 4 CpG sites and 2 CpG sites in the human genome using the pyrosequencing method for their methylation level estimation. The study sample included 153 people from the Ukrainian population with the age from 0 to 101. Both models showed a high correlation with the chronological age in our study sample (R2 = 0.85 for the 2 CpG model and R2 = 0.92 for the 4 CpG model). We also estimated the accuracy metrics of the age prediction in our study sample. For the age group from 18 to 80 MAD was 5.1 years for the 2 CpG model and 4.1 years for the 4 CpG model. In this regard, we can conclude, that the models evaluated in the study have good age predictive accuracy, and can be used for the epigenetic age evaluation due to the relative simplicity and time-effectiveness.
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INTRODUCTION
Aging is significant risk factor for many diseases such as cardiovascular, neurological diseases, diabetes and cancer (Zhao, Stambler, 2020). People, however, do not age at the same rate. There are significant differences in the rate of aging between people, individual differences in their health state, lifespan and predisposition to diseases. Identifying individuals at the greatest risk of accelerated aging, age-related illness, and premature death can be an important opportunity for targeted disease prevention and interventions to prolong both health- and lifespan. The given challenge of biological age estimation is widely solved using quantitative and sensitive molecular biomarkers of diseases and aging.
Among indicators that can predict the risk of age-related diseases and mortality, molecular genetic targets are of the greatest interest. Some of them are the most convenient aging biomarkers, due to the fact that their evaluation does not require a large amount of biomaterial, they reflect key aspects of biological age, and show a connection with diseases (López-Otín et al., 2013). Among a huge variety of molecular markers, epigenetic clocks have recently attracted the greatest interest. Epigenetic clocks use patterns of changes in DNA methylation levels of specific CpG sites in the genome with time for age evaluation. It was repeatedly demonstrated that alterations in methylome are age-associated (Fraga, Esteller, 2007). For instance, DNA methylation levels tend to increase or decrease in some CpGs with age (Ahuja et al., 1998; Issa et al., 2001; Kim et al., 2005; Rakyan et al., 2010; Teschendorff et al., 2010).
The potential medical use of the epigenetic clock is the ability to predict possible morbidity and mortality risks better than chronological age. For example, increased epigenetic age of blood can be a prognosticator of cancer and mortality risks (Levine et al., 2015a; Dugué et al., 2018). Moreover, levels of methylation can shed light on mechanisms of cancer development, which is useful in therapy (Liu et al., 2019). Epigenetic age of cartilage, which was analyzed with Horvath clock, was higher than chronological during osteoarthritis (Vidal-Bralo et al., 2016). Additionally, acceleration of epigenetic age was reported before and during menopause (Levine et al., 2016), Down syndrome (Horvath et al., 2015a), Alzheimer’s disease (Levine et al., 2015b), Werner syndrome (Maierhofer et al., 2017), Huntington’s disease (Horvath et al., 2016) and HIV infection (Horvath, Levine, 2015). Hypomethylation of single CpG site of the fat mass and obesity-associated (FTO) gene in PBMCs can predict type 2 diabetes (Toperoff et al., 2011). Besides, epigenetic age negatively correlates with cognitive and physical abilities (Marioni et al., 2015). Thus, epigenetic clocks can point out fundamental molecular processes, connected with biological age, and serve as powerful tools for analysis of health state, development, and aging.
The epigenetic clock is also shown to be useful in studies of pro-longevity interventions aimed at slowing the rate of aging, such as calorie restriction, supplementation with resveratrol, metformin, and rapamycin together with other approaches for the life- and healthspan extension (Minor, 2011; Wilkinson et al., 2012; Martin-Montalvo et al., 2013; Hubbard, Sinclair, 2014). For instance, a number of studies used epigenetic clocks to test the effect of performed interventions and showed slowed or even reversed epigenetic age in the participants (Fahy et al., 2019; Fitzgerald et al., 2021). A recent study suggests that vitamin D administration also slows down epigenetic age (Chen et al., 2019).
To date actual question is not only to develop credible epigenetic clock models, but also to make them cost and time-effective in order to make the epigenetic age evaluation as a routine procedure. Due to the fact that there are more than 30 epigenetic clocks already developed using different datasets (Oblak et al., 2021), there is a need of validation and examination of the existing clocks on new populations and wide age ranges, rather than developing a new one for the biological age estimation. Such research will help defining the peculiarities of particular clocks usage. In this study, we applied two different epigenetic clock models based on the 4 CpG sites (Bekaert et al., 2015) and 2 CpG sites (Zbieć-Piekarska et al., 2015) for the epigenetic age evaluation of the people from Ukrainian population.
MATERIALS AND METHODS
Samples Processing and Storage
There were 153 people recruited to the study, with 96 women and 57 men aged from 0 to 101 years. We included only people with no family relation in the study. Each study participant signed the informed consent form before enrollment indicating her/his consent to provide a blood sample and to use this sample in the study. Exclusion criteria in the study were: health problems including current chronic diseases, infectious diseases, cancer; refusal to provide informed consent. The study was performed according to the Declaration of Helsinki. The age description of the study sample can be found in Table 1. All whole blood samples were stored at −20°C upon DNA extraction.
TABLE 1 | Main study sample characteristics.
[image: Table 1]DNA Isolation and Bisulfite Conversion
RIBOprep (AmpliSens, Russia) kits were used to extract DNA from the blood samples. Then, DNA concentration was assessed and bisulfite conversion was performed with the EZ DNA Methylation Kit (ZymoResearch, United States) according to manufacturer instructions with the 500 ng of DNA input.
PCR
For the target sequence amplification, the PCR method was used. PCR was set in the total volume of 25 μl including 10 μl of 2.5x PCR reaction mix (Syntol, Russia), 0.2 pmol of forward and reverse primers, and 40 ng of input DNA. Following conditions were used for the PCR amplification: initial denaturation on the 95°C for 5 min followed by 50 cycles of denaturing on 95°C for 30 s, annealing on 52°C for ASPA gene, 56°C for EDDARAD, 60°C for ELOVL2, 53°C for PDE4C gene for 30 s and extension on 72°C for 30 s followed by the final extension on 72°C for 5 min. Primers for PCR and pyrosequencing were taken from (Daunay et al., 2019) with our modifications (Supplementary materials).
Pyrosequencing
To assess the DNA methylation level pyrosequencing method was used. To set the pyrosequencing reaction, we used the PyroMark Q24 machine and PyroMark Gold Q24 Reagent kit (Qiagen, Germany) according to the manufacturer’s instructions. For the biotinylated strand capturing streptavidin sepharose beads (GE Healthcare, United States) were used.
Data Analysis
Obtained data were analyzed with Pyromark Q24 software 2.0.6 version (Qiagen, Germany). Biological age was estimated using formulas described in the (Daunay et al., 2019). For the accuracy estimation coefficient of determination (R2), median absolute deviation (MAD), standard error estimation (SEE), and percent of correct predictions (PCP) parameters were used. The determination coefficient reflects the percent of variation explained by the model. It takes a value between 1 and 0, where 1 means that all variation was explained by the model. MAD estimation is the most popular way to evaluate the accuracy of the epigenetic clock models and stands for the mean absolute difference between the predicted and chronological age, thus reflecting the mean error of the epigenetic clock model. SEE exhibits the standard deviation of an estimate and acts as another way of model error evaluation. Percent of correct predictions reflects the percent of the samples with the mean absolute difference between the predicted and chronological age less or same as the chosen diapason of accuracy. Formulas for the accuracy metrics were following:
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1) X–chronological age
2) X′–predicted age
3) n–number of observations (total)
4) k–a number of observations, which fit in particular error range
For the p-value calculation, the Wilcoxon test was used. All the calculations were done with the R software v 4.1.1.
RESULTS
Initially, we performed linear regression for each of the inspected CpGs in the study for all study sample on the chronological age and estimated the Pearson correlation coefficient and R2. All the data obtained, together with the CpG sites description are described in the Supplementary material file. Regression values for single CpGs used further for the epigenetic age evaluation showed high correlations with the chronological age. Among inspected CpG sites, which were included in the models used in the study for the epigenetic age evaluation, the highest Pearson correlation coefficient and R2 was obtained for the CpG site in the ELOVL2 promoter region (ELOVL26 position, r = 0.94 and R2 = 0.88) and the lowest for the CpG site in the ASPA promoter region (ASPA1 position, r = −0.79 and R2 = 0.62).
In Figure 1 all the data obtained are plotted. As can be seen, people of age above 80 tend to have lower epigenetic age, than their chronological age in both models. Also, in the 2-CpG model young people of age below 18 also tend to have a lower predicted age. To check this, we compared different age groups in both models. The study sample was divided into three different groups regarding their chronological age: young (0–17 years, 21 individuals), adult (18–80 years, 77 individuals), and old (81–101, 55 individuals). Then, the difference between predicted age and chronological age for each person was calculated (delta age = predicted age—chronological age).
[image: Figure 1]FIGURE 1 | Predicted vs. chronological age for all the study sample. (A) 2-CpG model. (B) 4-CpG model. The line corresponds to the case when predicted age is the same as chronological age.
Then the difference between delta age for the age groups was assessed. First of all, we compared adult and old groups. It turned out, that the difference was significant for both models (p < 0.0001 for 2 CpG-model and p < 0.0001 for 4 CpG model). Then, we compared young and adult age groups. The difference was again significant, but the delta age for young people was higher for the 4-CpG model (p = 0.009) and lower for the 2-CpG model (p = 0.017) (Figure 2).
[image: Figure 2]FIGURE 2 | Comparison of the difference between predicted age and chronological age (delta age) for different age groups. (A) 2-CpG model. (B) 4-CpG model.
Taken into account the obtained results we further calculated accuracy metrics separately for each of the groups, and also for all sample studied. R2, MAD and SEE are presented in Table 2, PCP (percent correct predictions) can be found in Table 3.
TABLE 2 | Comparison of the accuracy metrics for different age groups and sexes for 4-CpG model and 2-CpG model.
[image: Table 2]TABLE 3 | Comparison of the percent of correct predictions (PCP) for different age groups and sexes for 4-CpG model and 2-CpG model.
[image: Table 3]We decided to check, how MAD metrics are changed regarding the age of the people in the study. As can be seen from Figure 3, MAD starts to grow approximately near the age range 0–80 following its maximum in the age range 0–101 for both models. We have done the same evaluation for the SEE to see, whether these two metrics will show similar patterns. The visualization results are shown in Figure 4. Indeed, a similar pattern can be seen here. Of note: higher errors at the beginning of the younger ages are due to smaller age ranges, thus making them more vulnerable to the high error of single data points.
[image: Figure 3]FIGURE 3 | MAD dynamics, depending on the age range chosen. (A) 2-CpG model. (B) 4-CpG model.
[image: Figure 4]FIGURE 4 | SEE dynamics, depending on the age range chosen. (A) 2-CpG model. (B) 4-CpG model.
We also decided to check whether there are any sex-related differences in the data obtained. As previously done for the accuracy metrics, here we also assessed the significance of the difference between delta age both for all the study sample and for each age group separately. Obtained results can be seen in Table 4 and Figure 5. Interestingly, the significant difference in the delta age between the sexes appeared only for the full study sample, while was not observed in separate age groups for the 2-CpG model. In contrast, a significant difference in the all study sample for the 4-CpG model may be explained with the significant difference for the old age group.
TABLE 4 | Comparison of the significance of the difference between predicted age and chronological age (delta age) for the sexes in the different age groups for the models.
[image: Table 4][image: Figure 5]FIGURE 5 | Comparison of the difference between predicted age and chronological age (delta age) for the sexes in the adult (18–80) age group. (A) 2-CpG model. (B) 4-CpG model.
DISCUSSION
Since the age-dependent changes in DNA methylation were first described in mammals (Vanyushin et al., 1973), and the models based on the CpG methylation levels were used for age prediction (Bocklandt et al., 2011; Koch, Wagner, 2011), many CpG regions have been used in various models for determining epigenetic age (Hannum et al., 2013; Horvath, 2013; Galkin et al., 2021). Despite the fact that most epigenetic clocks use hundreds of CpGs, the predictive power of single epigenetic marks is still high (Daunay et al., 2019). For instance, there is an epigenetic clock based on analysis of only three CpGs which is able to predict age from blood samples with MAD from chronological age of fewer than 5 years (Weidner et al., 2014). Also, an epigenetic clock based on only three loci was developed to estimate the epigenetic age of mice (Han et al., 2018). It has previously been demonstrated that DNA methylation of even single loci can be a reliable indicator of human life expectancy (Zhang et al., 2017). In this study, we attempted to evaluate epigenetic clock models based on several CpG loci using pyrosequencing for the DNA methylation level estimation.
The goal of finding the optimal epigenetic clock is not to develop ideal predictors of chronological age, but to create an easy-to-use tool for testing pro-longevity interventions and tracking changes in the health state of the patients (Han et al., 2018). The Illumina Bead Chip microarray has become the most widely used to assess age-related DNA methylation. However, it was shown previously, that the reproducibility of the data obtained via microarrays can be low (Sugden et al., 2020). On the other hand, determination of DNA for these purposes using deep sequencing technology is still technically difficult and relatively expensive. In addition, not each sequencing cycle covers all the corresponding CpG sites with a sufficient reading depth, and this complicates bioinformatic data analysis and does not allow handling the technique on a daily basis. In this regard, pyrosequencing looks like an alternative solution for epigenetic age estimation, which is more cost and time-effective. Moreover, the pyrosequencing method was shown to be robust for the predefined regions, when it comes to the methylation levels estimation and showed good reproducibility in different laboratories (BLUEPRINT consortium, 2016).
Here we utilized two different epigenetic clocks based on the 2 CpGs and 4 CpGs analysis via pyrosequencing, that were previously described in several papers and tested on different European populations (Bekaert et al., 2015; Zbieć-Piekarska et al., 2015; Daunay et al., 2019). Thus, we can compare the accuracy of the age prediction of given epigenetic clocks in Ukrainian and other populations. We observed the MAD = 5.1 and SEE = 6.8 years for the 2 CpG model and MAD = 4.1 and SEE = 6.1 for the 4 CpG model for the age group of people from 18 to 80 years, which is similar to the previous studies done on the French population (MAD = 6.8, SEE = 8.6 years for the 2 CpG model and MAD = 4.5, SEE = 6.1 for the 4 CpG model), and in the original studies of Bekaert et al., 2015 (MAD = 3.75 for the 4 CpG model) and Zbieć-Piekarska et al., 2015 (MAD = 5.75 for the 2 CpG model). The errors described show that these clocks are suitable for age prediction in different populations, and thus can be used along with other models for age estimation.
When it comes to the comparison of the epigenetic clocks and their accuracy evaluation, we argue that the age group should be considered. As was shown in Figures 3, 4, both MAD and SEE are strongly dependent on the chosen age range in the study. For the epigenetic clock models discussed here, error rates appeared to be the least and relatively stable in the age range between 18 and 80 years. We also observed high variation in the percent of correct predictions between age groups for both models. Due to the inconsistent error distribution, we, therefore, argue that it is much more effective to indicate the accuracy of different epigenetic clocks not only as a mean for the total age range covered in the study but also for the different age ranges. This metric might be important for the epigenetic clock implementation into clinical practice.
We also observed that both delta age (difference between the predicted and chronological age) and errors were significantly higher for the people older than 80, compared to people in the adult age group (18–80 years) in both 4-CpG and 2-CpG models (Figure 2). People in this age group show lower epigenetic age compared to the chronological age, which was also previously shown in another study (Horvath et al., 2015b). These results may be explained in three possible ways.
First, it may be the result of selective mortality of people with higher epigenetic age, thus providing selective advantage to people with younger epigenetic age. The second possible explanation is the inaccuracy of our model. Some currently published epigenetic clocks included results of the DNA methylation of people younger than 80 years in the training set during the model development, or the skewed data with fewer people of old age included (Oblak et al., 2021). Therefore, developed models for the epigenetic clock can be less accurate in age prediction in older age groups. The third explanation might be slowed aging rate in the age of 80 and older, as evidenced by the demographic phenomena of late-life mortality deceleration in human populations (Horiuchi, Wilmoth, 1998; Robine, Vaupel, 2001; Barbi et al., 2018) and in some animal observations (Vaupel et al., 1998). It can be assumed that biological processes that affect the epigenetic clock also contribute to the possible aging deceleration with age. We also measured the difference in delta age (difference between the predicted and chronological age) for both men and women in the age range of 18–80. As can be seen, there was no statistically significant difference observed between the sexes in our study sample. Since our age group of old people (81–101 years) has a distortion in the sex ratio typical of human populations, we did not perform this analysis in the 80 + group. Besides, indicators of epigenetic age in this age group tend to have a significantly higher error rate. Due to this fact, the difference between sexes in the total age range could give the bias, which we wanted to avoid.
CONCLUSION
Assessment of epigenetic clocks based on age-dependent changes in methylation of several cytosines in the Ukrainian population showed a high prognostic value in the group of 18–80 years old. The change in epigenetic age, assessed by the described methods for various diseases and preventive interventions, remains unclear. After that, the epigenetic clock based on the pyrosequencing method can be considered as a high throughput, relatively cheap, and reliable tool for estimating the human epigenetic age. However, there is a need to examine the mentioned models to see whether only chronological age can be predicted with these clocks. Further research is required to understand how the epigenetic clock-based indicators of biological age relate to actual aging processes, and how they relate to other well-described indicators for assessing biological age and conditions (Belsky et al., 2018). In addition, further research is needed on the methylation changes estimation in the samples obtained from the same person over different periods of time to determine the accuracy and stability of the different epigenetic clocks. It remains to be seen whether an epigenetic clock based on pyrosequencing, deep sequencing and microarrays can be used to estimate the biological age of individual patients, rather than evaluating epigenetic age in case-control studies for groups of people, which are now widely conducted (Vaquero and Reinberg, 2009; Oblak et al., 2021).
DATA AVAILABILITY STATEMENT
The data presented in the study are deposited in the Figshare repository, doi:10.6084/m9.figshare.17086406
ETHICS STATEMENT
The studies involving human participants were reviewed and approved by the Diagen medical center ethics committee. The participants provided their written informed consent to participate in this study.
AUTHOR CONTRIBUTIONS
NK, VS, VM, VM, OL, and AK were involved in experimental design. VM, VM, VS, OL, and AK assembled the population and performed the sampling. AK, NK, VS, VM, VM, and OL were involved in the molecular procedures. AK and NK analysed the data. NK, AK, and VS wrote and edited the paper. AK performed final editing of the paper. All authors have read and approve of the final version of the manuscript.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We would like to express our great appreciation to prof. Vaiserman. Although he is no longer with us, his example and dedication continue to inspire students he worked with over the course of his career.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2021.772298/full#supplementary-material
REFERENCES
 Ahuja, N., Li, Q., Mohan, A. L., Baylin, S. B., and Issa, J. P. (1998). Aging and DNA Methylation in Colorectal Mucosa and Cancer. Cancer Res. 58 (23), 5489–5494.
 Barbi, E., Lagona, F., Marsili, M., Vaupel, J. W., and Wachter, K. W. (2018). The Plateau of Human Mortality: Demography of Longevity Pioneers. Science 360 (6396), 1459–1461. doi:10.1126/science.aat3119
 Bekaert, B., Kamalandua, A., Zapico, S. C., Van de Voorde, W., and Decorte, R. (2015). Improved Age Determination of Blood and Teeth Samples Using a Selected Set of DNA Methylation Markers. Epigenetics 10 (10), 922–930. doi:10.1080/15592294.2015.1080413
 Belsky, D. W., Moffitt, T. E., Cohen, A. A., Corcoran, D. L., Levine, M. E., Prinz, J. A., et al. (2018). Eleven Telomere, Epigenetic Clock, and Biomarker-Composite Quantifications of Biological Aging: Do They Measure the Same Thing?Am. J. Epidemiol. 187 (6), 1220–1230. doi:10.1093/aje/kwx346
 BLUEPRINT consortium (2016). Quantitative Comparison of DNA Methylation Assays for Biomarker Development and Clinical Applications. Nat. Biotechnol. 34 (7), 726–737. doi:10.1038/nbt.3605
 Bocklandt, S., Lin, W., Sehl, M. E., Sánchez, F. J., Sinsheimer, J. S., Horvath, S., et al. (2011). Epigenetic Predictor of Age. PLoS One 6 (6), e14821. doi:10.1371/journal.pone.0014821
 Chen, L., Dong, Y., Bhagatwala, J., Raed, A., Huang, Y., and Zhu, H. (2019). Effects of Vitamin D3 Supplementation on Epigenetic Aging in Overweight and Obese African Americans with Suboptimal Vitamin D Status: A Randomized Clinical Trial. J. Gerontol. A. Biol. Sci. Med. Sci. 74 (1), 91–98. doi:10.1093/gerona/gly223
 Daunay, A., Baudrin, L. G., Deleuze, J.-F., Deleuze, J.-F., and How-Kit, A. (2019). Evaluation of Six Blood-Based Age Prediction Models Using DNA Methylation Analysis by Pyrosequencing. Sci. Rep. 9 (1), 8862. doi:10.1038/s41598-019-45197-w
 Dugué, P.-A., Bassett, J. K., Joo, J. E., Jung, C.-H., Ming Wong, E., Moreno-Betancur, M., et al. (2018). DNA Methylation-Based Biological Aging and Cancer Risk and Survival: Pooled Analysis of Seven Prospective Studies. Int. J. Cancer 142 (8), 1611–1619. doi:10.1002/ijc.31189
 Fahy, G. M., Brooke, R. T., Watson, J. P., Good, Z., Vasanawala, S. S., Maecker, H., et al. (2019). Reversal of Epigenetic Aging and Immunosenescent Trends in Humans. Aging Cell 18 (6), e13028. doi:10.1111/acel.13028
 Fitzgerald, K. N., Hodges, R., Hanes, D., Stack, E., Cheishvili, D., Szyf, M., et al. (2021). Potential Reversal of Epigenetic Age Using a Diet and Lifestyle Intervention: a Pilot Randomized Clinical Trial. Aging 13 (7), 9419–9432. doi:10.18632/aging.202913
 Fraga, M. F., and Esteller, M. (2007). Epigenetics and Aging: the Targets and the marks. Trends Genet. 23 (8), 413–418. doi:10.1016/j.tig.2007.05.008
 Galkin, F., Mamoshina, P., Kochetov, K., Sidorenko, D., and Zhavoronkov, A. (2021). DeepMAge: A Methylation Aging Clock Developed with Deep Learning. Aging Dis. 12 (5), 1252–1262. doi:10.14336/AD.2020.1202
 Han, Y., Eipel, M., Franzen, J., Sakk, V., Dethmers-Ausema, B., Yndriago, L., et al. (2018). Epigenetic Age-Predictor for Mice Based on Three CpG Sites. Elife 7, e37462. doi:10.7554/eLife.37462
 Hannum, G., Guinney, J., Zhao, L., Zhang, L., Hughes, G., Sadda, S., et al. (2013). Genome-wide Methylation Profiles Reveal Quantitative Views of Human Aging Rates. Mol. Cel 49 (2), 359–367. doi:10.1016/j.molcel.2012.10.016
 Horiuchi, S., and Wilmoth, J. R. (1998). Deceleration in the Age Pattern of Mortality at Olderages. Demography 35 (4), 391–412. doi:10.2307/3004009
 Horvath, S. (2013). DNA Methylation Age of Human Tissues and Cell Types. Genome Biol. 14 (10), R115. doi:10.1186/gb-2013-14-10-r115
 Horvath, S., Garagnani, P., Bacalini, M. G., Pirazzini, C., Salvioli, S., Gentilini, D., et al. (2015a). Accelerated Epigenetic Aging in Down Syndrome. Aging Cell 14 (3), 491–495. doi:10.1111/acel.12325
 Horvath, S., Langfelder, P., Kwak, S., Aaronson, J., Rosinski, J., Vogt, T. F., et al. (2016). Huntington's Disease Accelerates Epigenetic Aging of Human Brain and Disrupts DNA Methylation Levels. Aging 8 (7), 1485–1512. doi:10.18632/aging.101005
 Horvath, S., and Levine, A. J. (2015). HIV-1 Infection Accelerates Age According to the Epigenetic Clock. J. Infect. Dis. 212 (10), 1563–1573. doi:10.1093/infdis/jiv277
 Horvath, S., Pirazzini, C., Bacalini, M. G., Gentilini, D., Di Blasio, A. M., Delledonne, M., et al. (2015b). Decreased Epigenetic Age of PBMCs from Italian Semi-supercentenarians and Their Offspring. Aging 7 (12), 1159–1170. doi:10.18632/aging.100861
 Hubbard, B. P., and Sinclair, D. A. (2014). Small Molecule SIRT1 Activators for the Treatment of Aging and Age-Related Diseases. Trends Pharmacol. Sci. 35 (3), 146–154. doi:10.1016/j.tips.2013.12.004
 Issa, J. P., Ahuja, N., Toyota, M., Bronner, M. P., and Brentnall, T. A. (2001). Accelerated Age-Related CpG Island Methylation in Ulcerative Colitis. Cancer Res. 61 (9), 3573–3577.
 Kim, J. Y., Siegmund, K. D., Tavaré, S., and Shibata, D. (2005). Age-related Human Small Intestine Methylation: Evidence for Stem Cell Niches. BMC Med. 3, 10. doi:10.1186/1741-7015-3-10
 Koch, C. M., and Wagner, W. (2011). Epigenetic-aging-signature to Determine Age in Different Tissues. Aging 3 (10), 1018–1027. doi:10.18632/aging.100395
 Levine, M. E., Hosgood, H. D., Chen, B., Absher, D., Assimes, T., and Horvath, S. (2015a). DNA Methylation Age of Blood Predicts Future Onset of Lung Cancer in the Women's Health Initiative. Aging 7 (9), 690–700. doi:10.18632/aging.100809
 Levine, M. E., Lu, A. T., Bennett, D. A., and Horvath, S. (2015b). Epigenetic Age of the Pre-frontal Cortex Is Associated with Neuritic Plaques, Amyloid Load, and Alzheimer's Disease Related Cognitive Functioning. Aging 7 (12), 1198–1211. doi:10.18632/aging.100864
 Levine, M. E., Lu, A. T., Chen, B. H., Hernandez, D. G., Singleton, A. B., Ferrucci, L., et al. (2016). Menopause Accelerates Biological Aging. Proc. Natl. Acad. Sci. USA 113 (33), 9327–9332. doi:10.1073/pnas.1604558113
 Liu, J., Jiang, J., Mo, J., Liu, D., Cao, D., Wang, H., et al. (2019). Global DNA 5-Hydroxymethylcytosine and 5-Formylcytosine Contents Are Decreased in the Early Stage of Hepatocellular Carcinoma. Hepatology 69 (1), 196–208. doi:10.1002/hep.30146
 López-Otín, C., Blasco, M. A., Partridge, L., Serrano, M., and Kroemer, G. (2013). The Hallmarks of Aging. Cell 153 (6), 1194–1217. doi:10.1016/j.cell.2013.05.039
 Maierhofer, A., Flunkert, J., Oshima, J., Martin, G. M., Haaf, T., and Horvath, S. (2017). Accelerated Epigenetic Aging in Werner Syndrome. Aging 9 (4), 1143–1152. doi:10.18632/aging.101217
 Marioni, R. E., Shah, S., McRae, A. F., Ritchie, S. J., Muniz-Terrera, G., Harris, S. E., et al. (2015). The Epigenetic Clock Is Correlated with Physical and Cognitive Fitness in the Lothian Birth Cohort 1936. Int. J. Epidemiol. 44 (4), 1388–1396. doi:10.1093/ije/dyu277
 Martin-Montalvo, A., Mercken, E. M., Mitchell, S. J., Palacios, H. H., Mote, P. L., Scheibye-Knudsen, M., et al. (2013). Metformin Improves Healthspan and Lifespan in Mice. Nat. Commun. 4, 2192. doi:10.1038/ncomms3192
 Minor, R. K., Baur, J. A., Gomes, A. P., Ward, T. M., Csiszar, A., Mercken, E. M., et al. (2011). SRT1720 Improves Survival and Healthspan of Obese Mice. Sci. Rep. 1, 70. doi:10.1038/srep00070
 Oblak, L., van der Zaag, J., Higgins-Chen, A. T., Levine, M. E., and Boks, M. P. (2021). A Systematic Review of Biological, Social and Environmental Factors Associated with Epigenetic Clock Acceleration. Ageing Res. Rev. 69, 101348. doi:10.1016/j.arr.2021.101348
 Rakyan, V. K., Down, T. A., Maslau, S., Andrew, T., Yang, T.-P., Beyan, H., et al. (2010). Human Aging-Associated DNA Hypermethylation Occurs Preferentially at Bivalent Chromatin Domains. Genome Res. 20 (4), 434–439. doi:10.1101/gr.103101.109
 Robert Chunhua, Z., and Ilia, S. (2020). The Urgent Need for International Action for Anti-aging and Disease Prevention. Aging Dis. 11 (1), 212–215. doi:10.14336/AD.2019.1230
 Robine, J., and Vaupel, J. W. (2001). Supercentenarians: Slower Ageing Individuals or Senile Elderly?Exp. Gerontol. 36 (4-6), 915–930. doi:10.1016/s0531-5565(00)00250-3
 Sugden, K., Hannon, E. J., Arseneault, L., Belsky, D. W., Corcoran, D. L., Fisher, H. L., et al. (2020). Patterns of Reliability: Assessing the Reproducibility and Integrity of DNA Methylation Measurement. Patterns 1 (2), 100014. doi:10.1016/j.patter.2020.100014
 Teschendorff, A. E., Menon, U., Gentry-Maharaj, A., Ramus, S. J., Weisenberger, D. J., Shen, H., et al. (2010). Age-dependent DNA Methylation of Genes that Are Suppressed in Stem Cells Is a Hallmark of Cancer. Genome Res. 20 (4), 440–446. doi:10.1101/gr.103606.109
 Toperoff, G., Aran, D., Kark, J. D., Rosenberg, M., Dubnikov, T., Nissan, B., et al. (2012). Genome-wide Survey Reveals Predisposing Diabetes Type 2-related DNA Methylation Variations in Human Peripheral Blood. Hum. Mol. Genet. 21 (2), 371–383. doi:10.1093/hmg/ddr472
 Vanyushin, B. F., Nemirovsky, L. E., Klimenko, V. V., Vasiliev, V. K., and Belozersky, A. N. (1973). The 5-Methylcytosine in DNA of Rats. Gerontology 19 (3), 138–152. doi:10.1159/000211967
 Vaquero, A., and Reinberg, D. (2009). Calorie Restriction and the Exercise of Chromatin. Genes Dev. 23 (16), 1849–1869. doi:10.1101/gad.1807009
 Vidal-Bralo, L., Lopez-Golan, Y., Mera-Varela, A., Rego-Perez, I., Horvath, S., Zhang, Y., et al. (2016). Specific Premature Epigenetic Aging of Cartilage in Osteoarthritis. Aging 8 (9), 2222–2231. doi:10.18632/aging.101053
 Weidner, C., Lin, Q., Koch, C., Eisele, L., Beier, F., Ziegler, P., et al. (2014). Aging of Blood Can Be Tracked by DNA Methylation Changes at Just Three CpG Sites. Genome Biol. 15 (2), R24. doi:10.1186/gb-2014-15-2-r24
 Wilkinson, J. E., Burmeister, L., Brooks, S. V., Chan, C.-C., Friedline, S., Harrison, D. E., et al. (2012). Rapamycin Slows Aging in Mice. Aging Cell 11 (4), 675–682. doi:10.1111/j.1474-9726.2012.00832.x
 Zbieć-Piekarska, R., Spólnicka, M., Kupiec, T., Makowska, Ż., Spas, A., Parys-Proszek, A., et al. (2015). Examination of DNA Methylation Status of the ELOVL2 Marker May Be Useful for Human Age Prediction in Forensic Science. Forensic Sci. Int. Genet. 14, 161–167. doi:10.1016/j.fsigen.2014.10.002
 Zhang, Y., Hapala, J., Brenner, H., and Wagner, W. (2017). Individual CpG Sites that Are Associated with Age and Life Expectancy Become Hypomethylated upon Aging. Clin. Epigenet 9, 9. doi:10.1186/s13148-017-0315-9
Conflict of Interest: Authors AK and VM were employed by Diagen laboratoryThe remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Kuzub, Smialkovska, Momot, Moseiko, Lushchak and Koliada. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-12-772298-g005.gif





OPS/images/fgene-12-772298-t001.jpg
Age group

0-20
21-40
41-60
61-80
81+
Total

Min
Max
Median

Female, n (%)

13(18.5)
12 (12.5)
12(12.5)
14 (14.6)
5 (46.9)
%

101
785
65

Male, n (%)

11(19.3)
12(21.1)
13 (22.8)
11(19.3)
10(17.5)
57

Age (years)

1
97
49

48.9

All, n (%)

24 (15.7)
24 (15.7)
25(16.3)
25(16.3)
55 (35.9)
153

101
63
59





OPS/images/fgene-12-772298-g003.gif





OPS/images/fgene-12-772298-g004.gif





OPS/images/fgene-12-772298-t004.jpg
Men
Wornen

p-value 2 CpG model
p-value 4 CpG model

Al (0-101)

56
97
<0.0001
<0.0001

Young (0-17)

10
1
0.468
0.387

Adult (18-80)

37
40
0.24
0.123

Old (81-101)

10
45
0.23
0.006





OPS/images/fgene-12-772298-t002.jpg
2-CpG model Sex All (0-101) Young (0-17) Adult (18-80) Old (81-101)

R® Al 085 037 088 002
Male 090 073 086 020
Female 084 022 091 001
MAD, years Al 12 20 5.1 204
Male 7.4 6.9 5.1 16.4
Female 134 109 52 21.3
SEE, years Al 15.2 12.2 68 231
Male 10.1 9.3 6.8 20.2
Female 17.6 15.4 69 242
4-CpG model Sex Al (0-101) Young (0-17) Adult (18-80) old (81-101)
R Al 092 037 089 003
Male 096 073 091 038
Female 091 024 089 001
MAD, years Al 6.6 4.1 41 11.0
Male 39 36 33 66
Female 8.1 4.5 49 12.0
SEE, years Al 96 7.0 6.1 138
Male 59 50 56 90

Female 1.2 9.0 6.7 148





OPS/images/fgene-12-772298-t003.jpg
2-CpG model

PCP (5-years accuracy)

PCP (7.5-years accuracy)

PCP (10-years accuracy)

4-CpG model

PCP (5-years accuracy)

PCP (7.5-years accuracy)

PCP (10-years accuracy)

Al
Male
Female
Al
Male
Female
Al
Male
Female

Sex

Al
Male
Female
Al
Male
Female
Al
Male
Female

All (0-101)

34.0
474
26.0
484
64.9
385
56.2
73.7
458

All (0-101)

56.9
75.4
458
69.9
86.0
60.4
784
93.0
69.8

Young (0-17)

333
50
18.2
476
60
36.4
76.2
80
72.7

Young (0-17)

81.0
80
81.8
85.7
90
81.8
90.5
100
72.7

Adult (18-80)

55.8
56.8
55.0
77.9
811
75.0
81.8
86.5
775

Adult (18-80)

740
81.1
67.5
85.7
89.2
825
89.6
825
97.3

Old (81-101)

36
10
23
73
10
6.7
127
20
Atk

Old (81-101)

236
50
17.8
41.8
70
35.6
58.2
70
556





OPS/xhtml/nav.xhtml
Contents

		Cover

		Evaluation of Epigenetic Age Based on DNA Methylation Analysis of Several CpG Sites in Ukrainian Population		Introduction

		Materials and Methods		Samples Processing and Storage

		DNA Isolation and Bisulfite Conversion

		PCR

		Pyrosequencing

		Data Analysis





		Results

		Discussion

		Conclusion

		Data Availability Statement

		Ethics Statement

		Author Contributions

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		References









OPS/images/cover.jpg
‘ frontiers
in Genetics

Evaluation of Epigenetic Age
Based on DNA Methylation
Analysis of Several CpG Sites in
Ukrainian Population





OPS/images/math_qu3.gif





OPS/images/fgene-12-772298-g001.gif





OPS/images/fgene-12-772298-g002.gif





OPS/images/math_qu2.gif





OPS/images/math_qu1.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
’ frontiers
1N Genetics





