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Abstract: This study introduces the MuhdoAge clock, a novel saliva-based epigenetic clock,
designed to predict biological age with strong correlations in a healthy, disease-free cohort.
Leveraging a comprehensive dataset from Muhdo Health, this research analyses saliva samples
utilising the Illumina MethylationEPIC array. Through robust statistical methods, 237 significant
CpG sites were identified that correlate with age-related methylation changes, exhibiting a
coefficient of determination (R?) of 0.652 after outlier removal, with tiered algorithmic design
improving this further to 0.726 in a new dataset that combined pathologic and healthy individuals
(n=2682). Comparatively, the MuhdoAge clock was evaluated against other known epigenetic
clocks, demonstrating high precision in predicting biological age within healthy individuals (R? =
0.878, n=1844), emphasising its potential utility in non-invasive, large-scale applications. The clock
shows promise for integration into public health strategies for monitoring and potentially
mitigating age-related decline, facilitated by its ease of use and accessibility through saliva
sampling. Furthermore, this study highlights the impact of lifestyle and environmental factors on
biological ageing, highlighting the importance of personalised health interventions. Future research
is to focus on longitudinal studies to validate these findings and explore the mechanisms underlying
epigenetic age acceleration.
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1. Introduction

Ageing is the process of becoming older and is correlated entirely to time, it is considered a
natural part of the life cycle for all living organisms. Ageing is associated with physiological processes
declining leading to an increased susceptibility to diseases, a decrease in physical and cognitive
capabilities, and ultimately mortality. Whilst ageing is a reference of time passed, the rate at which
physiological processes decline can vary due to genetic robustness and environmental factors [1].

One hallmark of ageing has come from epigenetic change, epigenetic ageing analyses the
changes in gene expression patterns that occur without altering the underlying DNA sequence, these
changes are associated with the biological age of an organism [2]. These changes are mediated by
epigenetic mechanisms, including DNA methylation, histone modification, and the expression of
non-coding RN As, which regulate how genes are turned on and off in response to environmental and
lifestyle factors [2,3]. One of the key aspects of epigenetic ageing is the development of epigenetic
clocks. These predictive tools aim to estimate an individual's biological age based on the pattern of
DNA methylation at specific sites in the genome. The most widely recognized of these is the Horvath
clock [2], however other clocks have also been created including CheekAge [4], GrimAge2 [5] and
DunedinPACE [6]. These clocks have aimed to understand how epigenetic change occurs over time
and how this influences the ageing process, with the aim of developing interventions that could delay
ageing or prevent age-related diseases by modifying epigenetic marks.
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Epigenetic clocks aim to recreate a linear regression in line with chronological age with little
variability, the MuhdoAge clock has been created to have the capability of variability for
environmental/pathologic impact but have a strong correlation to those who are disease free.

2. Materials and Methods

Muhdo Health is a commercial DTB/DTC genetic analysis and epigenetic analysis testing
company that has been carrying out genetic and epigenetic investigation over the past 7 years across
multiple Illumina (lllumina, Inc) arrays, some of which are combined IP. The company utilises a
mobile application in both iOS and Android to deliver questionnaires (Supplemental information 1)
and allows for tracking data (steps, HR etc.). Of the 23,589 individuals tested, 2109 had at least 2
MethylationEPIC array tests completed within <6émonths of each other (with the most recent being
chosen for the study), agreed to their anonymised data being used (via. informed consent) for study
and had filled out the in-app questionnaires fully. Saliva data collection was via. a 2ml passive drool
saliva sample in a uniquely coded plastic tube (GeneFiX™ Saliva DNA/RNA Collection), prefilled
with preservative liquid mix (non-toxic stabilization buffer) with analysis carried out at Eurofins
Global Laboratory (Certification: ISO 17025:2005, ISO 17025:2017). Individuals with two tests were
chosen for quality assurance purposes with comparative analysis done across sites to analyse parity.

Demographics

Of the 2109 participants, 1107 are stated as Male at birth, 1002 are stated as Female at birth. At
the point of testing 991 are from Western Europe, 380 are from Eastern Europe, 486 are from Asia and
252 are from America (USA). The chronological age range is 14 — 97 years at point of testing.

Construction and methodology of the MuhdoAge Clock

2109 participants had completed a MethylationEPIC array consisting of an analysis of 850,000~
CpG sites, utilising the Tag.Bio (https://www.tag.bio/) data analytics platform two separate cohorts
were created from this data set.

Cohort 1 (Young) (14 — 20 years n=75)

Cohort 2 (Older) (75+ Years n=165)

All sites were analysed in an unbiased manner across the two cohorts to discover sites that had
a significant mean change value of p=0.05 or below. From this analysis 662 CpG sites showed a
significance level of p=0.05 or below (Supplemental information 2).

Of the 662 sites, 4 sites showed high failure rates (<90% call)

Table 1. Removed sites due to higher failure rate.

cgl7576288
cg04419610
cg09017434
cg24411961

Mean methylation across the 658 sites was analysed across a linear regression on the 2109
participants to discover the coefficient of determination (R?), the data showed an R? of 0.238 indicating
that 23.8% of the variance in methylation was determined by age.

To tighten the R? the significant mean was reduced to p=0.01 and below for the CpG sites
analysed in the young cohort against the older cohort. This resulted in 237 CpG sites (supplemental
information 3) being chosen for the MuhdoAge clock.

3. Results

Mean methylation was taken on 237 CpG which showed a significance of p =0.01 or lower across
the 2109 participants (supplemental information 4).
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Figure 1. Mean methylation of 237 CpG against age of the 2109 cohort.

The data analysis showed an R? of 0.544 indicating an improvement over the 0.238 of the 658
sites that had a significance of 0.05 and lower between the young and older cohort.

Remouval of Outliers

The removal of outliers was considered to be important at this stage as these may skew the
results of the analysis and lead to inaccurate clock. The method used to identify and remove outliers
from your dataset is based on the Interquartile Range (IQR) considering that mean values may be
affected by extreme outliers.

After analysis 18 participants were removed from the dataset meaning that the original dataset
with 2109 participants was reduced to 2091.

Mean methylation was taken on 237 CpG which showed a significance of p =0.01 or lower across
the cleaned data of 2091 participants (supplemental information 5).

Cleaned data cohort (n=2091) mean methylation vs
chronological age
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Figure 2. Mean methylation of 237 CpG against age of the 2091 cohort.
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The data analysis showed an R? of 0.652 indicating an improvement over the non-cleaned data
set.

A training model was created initially utilising linear regression before moving towards random
forest regression through analysing each CpG site individually in multiple of the Muhdo databases
via. individuals that accepted anonymised data (included those with a single EPIC 850k array test to
increase numbers) to be used for research purposes. This model was designed to analyse if any sites
correlate with age without affect from variability from other sources vs sites that appear to be affected
by environmental/other factors, i.e. sites that have no significant change besides via. time against sites
that have significant change (p = <0.05) in any of the pathology/subjective/lifestyle or supplement
cohorts with knowledge that there is cross-over across some cohorts.

Table 2. Pathological Cohorts.

Cohort Mean Chronological Age | N

High Blood Pressure 448 823
Heart Disease 48.4 269
Alzheimer’s/Dementia | 56 434
Depression 424 391
Heart Attack (past) 51.1 47

Breast Ca 43.8 262
Lung Ca 47.5 165
Colon Ca 422 170
Type 2 Diabetes 46.1 397

Table 3. Subjective/lifestyle cohorts.

Cohort Mean Chronological Age | N
Very good memory 43.2 476
Very bad memory 45.3 96
Excellent Health 46.4 491
Very poor health 50.6 35
Vegan Diet 32.2 33
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Smoking +5 45.4 68
Current Drinker 45.6 881
(alcohol)

Meat Eater 55 1,121

Table 4. Supplemental Cohorts.

Cohort Mean Chronological Age | N
Vitamin D3 (>12m) 41.2 1,102
Omeag-3 (>12m) 38 989
B Complex (>12m) 45.2 601
Selenium (>12m) 49.1 512
NAC (>12m) 52.2 89
Multivitamin (>12m) 36.7 910

The analysis highlighted CpG sites that are robust to lifestyle, pathology and subjectivity, these
sites hyper/hypo methylated with time regardless. The analysis then tiered sites in order of
robustness (supplemental information 6) to the pathology/lifestyle/subjective cohorts:

Table 5. Tiered CpG sites.

Tiers N (Cpg)
Tier 1 (Robust in all cohorts, only altered via. 10
Time)

Tier 2 (Most likely affected by time alone) 5

Tier 3 (Affected by pathological cohorts) 150

Tier 4 (Affected by lifestyle/subjective cohorts) 72

With the prime directive of predicting age, each tier was weighted differently based on the
training set of the original 2109 (including outliers) creating a simple weighting system:

M1 +0.07M2 + 0.02M3 + 0.005M4 = PA
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Muhdo Health went back to their client base to explore the potential of opening a larger cohort
to use the new algorithm on, of the 4000~ asked (with two or more EPIC 850k array tests within <6
months), 2682 agreed (via. informed consent for their data to be anonymised and used) with some
cross-over (41.3%/1108) of the original 2109. It was considered that there was limited value in using
the algorithm on the exact same dataset as the training model, hence the new cohort was created.

Demographics of the New 2682 Cohort

Of the 2682 participants, 1620 are stated as Male at birth, 1062 are stated as Female at birth. At
the point of testing 1080 are from Western Europe, 400 are from Eastern Europe, 500 are from Asia
and 702 are from America (USA). The chronological age range is 18 — 88 years at point of testing.

The algorithm as ran across the new dataset of 2682 (supplemental information 7).

Predicted Age vs. Chronological Age on the new 2682 cohort
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Figure 3. Predicted Age vs. Chronological Age on the 2682 cohort.

The R? for the dataset is 0.726

Mean Absolute Error (MAE) for the dataset is 5.97. Therefore, on average there is a sway of
5.97years of predicted age away from chronological age.

Mean Squared Error (MSE) for the dataset is 47.46.

Root Mean Squared Error (RMSE) for the dataset is 6.89.

Upon linear regression analysis there is an intercept of 6.79 and a slope of approximately 0.95.
Indicating that for every year increase in chronological age there is a predicted increase in predicted
age by 0.95 starting from the intercept of 6.79.

The new algorithm appears to have increased robustness (0.652 vs 0.726) towards pathology,
subjective wellness/health, lifestyle and/or supplements.

To analyse the theory that variability found in the MuhdoAge clock could/is caused by
pathology a new cohort was created that (cohort “Healthy”) (Supplemental information 8):

Table 6. Cohort Healthy Parameters.

Family Hx of disease NIL

Medical Hx List NIL
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Current Medical Issues NIL

Subjective Health (>Poor) Neither good nor bad, Good, Very Good, Excellent.

Predicted Age vs Chronological Age in Cohort "Health" (N=1844)
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Figure 4. Predicted Age vs Chronological Age in Cohort Heath.

The R? for the dataset is 0.878

Mean Absolute Error (MAE) for the dataset is 3.49. Therefore, on average there is a sway of
3.49years of predicted age away from chronological age.

Mean Squared Error (MSE) for the dataset is 17.16.

Root Mean Squared Error (RMSE) for the dataset is 4.14.

Upon linear regression analysis there is an intercept of 3.61 and a slope of approximately 0.97.

When analysing the 2682 cohort against cohort “Health” we found:

Cohort Health:

Average Chronological Age: 47.96 years

Average Predicted Age: 50.25 years

Standard Deviation for Chronological Age: 13.34 years

Standard Deviation for Predicted Age: 13.62 years

Average Age Difference (Predicted - Chronological): +2.29 years

2682. Cohort:

e Average Chronological Age: 47.65 years

e Average Predicted Age: 51.83 years

e  Standard Deviation for Chronological Age: 13.16 years

e  Standard Deviation for Predicted Age: 13.57 years

e  Average Age Difference (Predicted - Chronological): +4.19 years

e o o o o

Both cohorts showed a similar average chronological age, with the original 2682 cohort being
slightly younger on average (47.96 vs. 47.65). The original 2682 cohort had a higher average predicted
age even though the chronological age was slightly lower compared to the Cohort Health (50.25 vs
51.83). The average difference between predicted and chronological ages is significantly higher in the
original 2682 cohort (+4.19 years) than in the Cohort Health (+2.29 years), indicating that the
Comparative Cohort's predicted age is more elevated compared to its chronological age. The
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standard deviations for both chronological and predicted ages are similar across both cohorts,
indicating a similar age distribution within each cohort. These statistics suggest that the 2682 cohort
has a higher average predicted age compared to its chronological age than the Cohort Health which
may back the usage of MuhdoAge showing disparity (accelerated age) in pathologic groups.

4. Discussion

This study introduced the MuhdoAge clock, a novel epigenetic clock based on saliva samples,
demonstrating a significant correlation with biological age in a healthy, disease-free cohort (R? 0.878).
Our findings show that the MuhdoAge clock can accurately predict age compared with chronological
age but shows variability to health, offering a robust tool for aging research and potential clinical
applications. These results are particularly relevant considering the increasing interest in
understanding the biological rather than chronological determinants of aging [2—4]. MuhdoAge
could be used in public health strategies to monitor and manage the ageing population more
effectively. By identifying populations that are ageing faster due to environmental or lifestyle factors,
targeted interventions can be developed to improve the overall health and longevity of these groups.

Comparison with Existing Epigenetic Clocks

The MuhdoAge clock shows a strong predictive capability in a non-adapted cohort (R? = 0.726)
and a very strong predictive capability in an adapted healthy cohort (R?0.878) this aligns closely with
established epigenetic clocks like the Horvath clock (R? 0.96 across all tissues), GrimAge (R? 0.75
predicting point of death), Hannuman (R? 0.81), Cheek Age (R?0.93) [2,4,5,7]. Unlike many alternative
clocks, MuhdoAge leverages saliva over other tissues and blood which makes a viable test for mass
testing and home based direct to consumer testing, highlighting its non-invasive advantage. This
form of testing is particularly significant for longitudinal studies and the monitoring of ageing
interventions where frequent sampling is required (8). The use of saliva offers a non-invasive, easily
accessible, and cost-effective means of collecting DNA for epigenetic analysis. Saliva has been
increasingly recognised for its rich biomarker potential, reflecting both local and systemic health
states (9). This study further underscores the utility of saliva in epigenetic aging research, providing
a more accessible avenue for widespread application in both research and clinical settings.

The MuhdoAge clock embraced the rich data from health databases to account for alterations in
predicted age offering new insights into the epigenetic mechanisms of ageing. This aligns with
growing evidence that lifestyle interventions can modulate epigenetic aging rates [10-12]. This study
backs up the concept that health-based intervention may reduce biological ageing, also highlighting
the predictive ability of DNA methylation for pathological change.

Limitations

The MuhdoAge study marks a step forward in the usage of saliva as a method of predicting age
and that ageing may be increased in pathologic groups, however limitations exist. The cohort,
although large and diverse, is limited geographically and ethnically, the database comes primarily
from a direct to consumer/business working model which may pose a risk of mistakes being made
by individuals filling out questionnaires. A particular type of person may have also been interested
in purchasing a health-based DNA/epigenetic test and this demographic disposition was not studied
during the study, however the clients would have required to have a level of disposable income to
purchase a test.

Future Study

Future study will focus on longitudinal studies to validate the predictive accuracy of MuhdoAge
over time and explore the causal relationships between lifestyle factors and epigenetic age
acceleration. Moreover, integrating multi-omics data, such as transcriptomic or proteomic profiles,
could enhance the understanding of the biological underpinnings of the epigenetic changes observed.
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Muhdo Health aims to leverage health databases to create pathology specific prediction tests
based on methylation that appears independent of ageing. During the processes of this study
particular CpG sites were identified that appeared to methylate differently based on pathology alone
and were independent of time, further analysis into these sites may allow for earlier prediction tools
for these conditions.

5. Conclusions

The MuhdoAge clock represents an advancement in the field of epigenetic research, offering a
practical, non-invasive tool for assessing biological age. This study not only contributes to the
understanding of the epigenetic landscape of ageing but also opens new avenues for preventive
health strategies aimed at extending health span.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org, supplemental information 1-8, Figures 1-4.
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