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Abstract

Summary: Epigenetic rates of change, much as evolutionary mutation rate along a lineage, vary during lifetime.
Accurate estimation of the epigenetic state has vast medical and biological implications. To account for these non-
linear epigenetic changes with age, we recently developed a formalism inspired by the Pacemaker model of evolu-
tion that accounts for varying rates of mutations with time. Here, we present a python implementation of the
Epigenetic Pacemaker (EPM), a conditional expectation maximization algorithm that estimates epigenetic land-
scapes and the state of individuals and may be used to study non-linear epigenetic aging.
Availability and Implementation: The EPM is available at https://pypi.org/project/EpigeneticPacemaker/ under the
MIT license. The EPM is compatible with python version 3.6 and above.
Contact: ssagi@research.haifa.ac.il or matteop@mcdb.ucla.edu

1 Introduction

Methylation of cytosine plays an integral role in the regulation of
gene expression and mammalian development (Jaffe et al., 2016; Li
et al., 1992; Okano et al., 1999; Tate et al., 1993). During the mam-
malian life cycle, age associated changes in DNA methylation pro-
ceed predictably and non-linearly with time (Snir et al., 2019). The
systematic changes of DNA methylation with age have led to the de-
velopment of several epigenetic clocks (Hannum et al., 2013;
Horvath, 2013). Most of these models assume that the change in
methylation is linear with age, and as such are reminiscent of the
molecular clock concept in molecular evolution. The predicted age
from these models can be interpreted as a physiological or epigenetic
age, and the residual error between the expected and predicted epi-
genetic age has been associated with several health outcomes
(Horvath and Levine, 2015; Horvath et al., 2015; Perna et al.,
2016). However, these approaches make a priori assumptions about
the functional relationship between epigenetic changes and age (e.g.
linearity) and hence may fail to adequately capture non-linear
changes in methylation with age. This is important because there is
substantial evidence to suggest that epigenetic changes are much
more rapid early in life and progressively slow as we age across tis-
sue type (Snir et al., 2019).

To overcome the limitations of prior approaches we developed an
evolutionary based approach—the Epigenetic Pacemaker (EPM)—for
modeling epigenetic states as evolving entities (Snir et al., 2016,

2018). The EPM borrows from the Universal Pacemaker formalism
(UPM) (Snir et al., 2012) under which the evolutionary rate of genes
remains constant relative to one another but the absolute rate can
change arbitrarily by factors affecting the evolving lineage. In contrast
to the EPM, most previous epigenetic clocks resemble the molecular
evolutionary concept of the Molecular Clock (Zuckerkandl et al.,
1965), where the evolutionary rate of genes remains constant with
time. In the EPM, given a set of i methylation sites and j individuals,
the observed methylation status, m̂ij, is given as m̂ij ¼ m0

i þ risj þ 2ij,
where m0

i is the initial methylation value, ri is the rate of methylation
change, sj is the epigenetic state, and 2ij is a normally distributed error
term. Given an input matrix M̂ ¼ ½m̂ij$ the goal of the EPM is to find
the optimal values of ri, m0

i and sj to minimize the error between the
measured and predicted methylation values. Our approach is distinct
from previous epigenetic clock methods that attempt to minimize the
difference between observed and predicted age, thus implicitly con-
straining the functional form of that relationship.

The EPM optimization is accomplished through an implementa-
tion of a fast conditional expectation maximization algorithm that
we have previously shown maximizes the model likelihood by mini-
mizing the residual sum of squares error (Snir et al., 2016). When
fitting the EPM each methylation site is assigned an independent
rate of change, and starting methylation value, and each individual
is assigned an epigenetic state. We use chronological age as an initial
guess for the epigenetic state, which is then updated through each it-
eration to minimize the error across the observed epigenetic
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landscape (i.e. the parameter set of our model). Because we model
methylation and not age, the EPM relaxes the condition of linearity
between a trait of interest (e.g. age) and the observed methylation
values. This allows the EPM to model non-linear relationships be-
tween our state, sj, and the trait, without needing to transform the
trait of interest (as is done in certain epigenetic clocks).

2 Epigenetic Pacemaker

To highlight the utility of the EPM, we fit EPM and linear regression
models using publicly available Illumina HumanMethylation450
(450k) microarray data (Sandoval et al., 2011) generated from human
brain tissue samples ðn ¼ 657; 0 & 96 yearsÞ (Jaffe et al., 2016).
Briefly, we performed stratified sampling by age to select 270 brain tis-
sue samples for site selection and model training. CpG sites were
selected for model inclusion using the absolute value of the Pearson
correlation coefficient between the training methylation values and
chronological age, ðPCC ( j0:85j; n ¼ 254Þ. We then fit the EPM and
regression models (Pedregosa, 2011; Sandoval et al., 2011) using the
selected sites and training methylation data. Age and epigenetic state
predictions were made for the remaining brain tissue samples ðn ¼
405Þ left out of model training. The EPM model shows the non-linear
relationship between epigenetic state and chronological age (Fig. 1A)
that is lost in the regression model (Fig. 1B). We then used the brain
EPM and linear models to predict the epigenetic state of 450k data
ðn ¼ 732; 14 & 96 yearsÞ generated from whole blood tissue
(Johansson et al., 2013). Samples with missing methylation values for
the CpG sites used in model generation were dropped, resulting in 634

analysis samples. The brain EPM model captures aging in the whole
blood samples with minimal error (Fig. 1C), while the aging signal is
largely lost in the linear model (Fig. 1D).

We have developed an optimized version of the EPM algorithm
implemented as a python package (da Costa-Luis, 2019; Virtanen
et al., 2020; Walt et al., 2011) that adopts Scikit-Learn (Pedregosa,
2011) style syntax for easy incorporation into current workflows
with support for cross validation. The EPM is available through the
python package repository, https://pypi.org/project/
EpigeneticPacemaker/, under a MIT license. Full documentation,
including tutorials, and source code can be found at https://epigene
ticpacemaker.readthedocs.io and https://github.com/NuttyLogic/
EpigeneticPacemaker, respectively.
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Fig. 1. Epigenetic state predictions for (n ¼ 405) test samples compared to the
chronological age of each sample with a line of best fit for the EPM (A) and linear
regression (B) models. The non-linear trend observed in the EPM model better cap-
tures the observed aging trend and reduces observed error as measured by mean ab-
solute error (MAE). (C) Epigenetic state predictions made for whole blood samples
using the EPM and (D) linear model
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