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2

Quality control 

Normalization (or not)

Batch adjustment

Epigenetic Clocks CpG-by-CpG Regional analysis

Interpretation

Cell-type adjustment

Data Preparation

Modeling Preparation

Modeling 



3ENVIRONMENTAL HEALTH SCIENCES

• Think critically about your research question.

• Generate your hypotheses. 

• Consider your study design.

• Determine your confounders and covariates.

• Decide on your modeling strategy.

So you’re ready to begin your EWAS…
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Restart R and open the “IGSS_2021_Batch_CellType_EWAS_Pipeline.R” script. 

Reset your working directory and load the packages. 

Part 2: 
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Explore the phenotype data
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Explore the meta data

Sentrix ID is the chip name

Sentrix position is the row and column indicator
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Analysis Practice: Working with your cleaned data

This is the resulting file from processing

Always make sure your meta data order matches your betas



8ENVIRONMENTAL HEALTH SCIENCES

PCA to explore variability and batch effects: 

Cannot handle NAs

Required packages: sva
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Visually explore the 
variance in the data

Chip does not appear to be 

associated with PCs 1 or 2
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Is the variability 
associated with smoking?
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Explore the 
variability with 
regression

Loop for regressions 

over PCs and variables 

Categorize the p-values 

and clean up for plotting
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We can see that chip is a 

significant source of 

variability in PCs 3 and 4

Plotting the regression results
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Cell-type 
adjustment
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Most human tissues and biospecimens 

are composed of many different types 

of cells.

DNA methylation plays a critical role in 

cell development and differentiation.

This includes peripheral blood cells, 

which is where most human population 

related DNA methylation comes from.

Important Aside: How is your tissue 

relevant to your research question?

Cellular Heterogeneity

Lee et al., 2020
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Each different cell type has a different pattern 

of DNA methylation.

These differences are often greater than small 

impacts from an exposure or disease and can 

drastically influence results. 

Cellular Heterogeneity

Houseman et al., 2012
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This depends on your research 

question and hypotheses. 

Cell composition can be a confounder, 

mediator or nothing at all. 

But we often adjust for it since it can 

have a major impact on results. 

Should we adjust for 
cell type composition 
in our analyses?

Houseman et al., 2015
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We can use reference panels with known 

information on cell types to determine the 

proportion of each major cell type in our samples. 

There are reference databases for different sample 

types: 

• Adult whole blood

• Cord blood (includes nucleated RBCs) 

• Placenta

• Buccal Cells 

• Saliva

• Nasal Cells 

Cell Type Deconvolution
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Cell type estimation in 
practice

Requires ewastools. Can also do with minfi but is much 

slower and requires more memory
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Do cell types 
associate with our 
exposure? 
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Individual
CpG
Analyses 
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Most common and basic EWAS analysis. 

Fit separate adjusted linear models for 450-850 

CpGs

Estimate coefficients and p-values for each CpG 

site.

Modeling considerations still apply: 

• Must fit model assumptions

• Consider potential relationships between all 

variables including confounders and mediators

CpG-by-CpG Analyses 

Linner et al., 2017

An epigenome-wide association study 

meta-analysis of educational attainment
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Beta-values: Proportion of 

methylated probes. 

Bound between 0 and 1. Doesn’t 

satisfy modeling assumptions.

βi=
𝑀𝑖

𝑀𝑖+𝑈+100

M-values: Continuous and semi-

homoscedastic value. But 

uninterpretable.

M-value=log2

βi

1−βi

Beta-values vs M-values

Du et al., 2010. https://doi.org/10.1186/1471-2105-11-587

https://doi.org/10.1186/1471-2105-11-587
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Conducting ~800,000 hypothesis tests. 

Leads to concerns about inflation of Type I error. 

If we set our alpha at 0.05 then we could expect 
42,500 significant sites by chance for the EPIC array.

Multiple Testing and 
Type I Errors Correct 

Decision

Incorrect
: Type II 

Error

Incorrect
: Type I 

Error

Correct 
Decision

The truth
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Bonferroni Correction:

Divide alpha by the number of tests 

conducted. 

Often too conservative – restricts 

power to detect true effects. 

False Discovery Rate (FDR) Correction:

Controls the expected proportion of false positives.

FDR is the proportion of significant sites that are false positives.

Most frequently use Benjamini-Hochberg for this: provides a q-

value
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Another concept borrowed 
from genetics. 

Lamba (λ): The ratio of the 
median of the empirically 
observed chi-square test 
statistics to the expected 
median under the null.

λ = 1: Null

λ > 1: Overinflated

λ < 1: Underinflated

Genomic Inflation (λ)

Expected uniform distribution

NULL OVERINFLATED
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Graphical examination of 
genomic inflation.

A high genomic inflation may 
indicate unaccounted for 
confounding.

QC, batch and cell type 
adjustments can reduce 
genomic inflation. 

Q-Q Plots

No covariates Basic QC Full QC

Guintivano et al., 2020
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Visualizing your results: 
Volcano Plots

Visualize effect estimates and p-values. 

Can see if results are skewed or how 

many CpGs are significant. 
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Allows us to see associations that may be 

spatially related. 

Also to make sure that we don’t have 

skewed findings by chromosome or 

region.

Visualizing your results: 
Manhattan Plots
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Important consideration: Outliers 

Modeling Strategy Pros Cons Functions

Ordinary least 

squares

Fast Sensitive to outliers Cpg.assoc

Robust regression Insensitive to outliers Slow Rlm (robust package)

Limma (robust M-
estimation)

Allows a small # of 

outliers

slower than OLS, 
faster than rlm

limma

Removal of values < or 
> 3 IQR or SD

Removes outliers Leaves missing values 
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CpG within the aryl hydrocarbon receptor 

repressor.

Start with a 
single CpG

Philibert et al., Clin Epigenetics. 2013

Clear difference between 

smokers and nonsmokers
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Run the regressions

Beta values

M values
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Visualize the findings
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Barfield et al. Bioinformatics 2012 http://www.ncbi.nlm.nih.gov/pubmed/22451269

EWAS and results using CpGassoc

What the results look like: Top hits
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Run adjusted 
models

We can see that there are

no FDR significant hits.
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Compare to 
models with 
M-values  

Set logit.transform = TRUE

Top CpG is the same –

But the others are not 

in the same order.

For instance cg00022558 

is 3rd here but was 10th

with beta values 
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Examine the 
genomic inflation

No evidence for genomic inflation –

underinflation indicates lack of power
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Map to genomic 
annotations

Info on chromosome, genomic location, and nearest gene
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Volcano Plots Can clearly see that there

is little significance

Plot would ideally look like this

Nazarenko et al., 2015
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Manhattan Plots
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Regional 
Analyses

39

Quality control 

Normalization

Batch adjustment

Epigenetic Clocks CpG-by-CpG Regional analysis

Interpretation

Cell-type adjustment

Data Preparation

Modeling Preparation

Modeling 



40ENVIRONMENTAL HEALTH SCIENCES

What is the significance of a change in methylation of a single CpG? 

Many CpGs are located near each other in a CpG island or gene body. 

Individual CpG analyses assume independent tests – but many CpGs are 
correlated

Regional 
Analyses

5’UTR 3’UTR

Gene bodyCpG island

CpG dense, usually 

unmethylated 
Methylated  CpG

Unmethylated  CpG

Methods are available to model groups of CpGs

▪ Bump-hunting (Jaffe, et al. Int J Epidemiol, 2012): uses smoothed methylation values to detect 

DMRs

▪ Comb-P (Pedersen, et al. Bioinformatics, 2012): Finds regions of enrichment from spatially 

assigned P values

▪ DMRcate (Peters, et al. Epigenetics Chromatin, 2015)
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1. Apply standard linear modelling to the data using exposures, outcomes, and covariates.

2. Apply Gaussian smoothing to the resulting per-CpG-site test statistics using a given 

bandwidth, λ.

3. Model the smoothed test statistics.

4. Compute P values based on this model, adjust for multiple comparisons and select 

threshold.

5. Agglomerate nearby significant CpG sites, again using λ.

DMRcate: Steps

DMRcate uses a default 

value of λ=1,000 bp, as 

do Bumphunter and Pro

be Lasso.
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Advantages: 

Minimizes multiple testing

Can scale with technology

Very fast 

Complementary to linear adjusted 

models (limma or linear regression)

DMRs are based on effect size, not 

direction of effect

DMRcate: Pros and Cons

Disadvantages: 

Difficult to make clusters when CpG 

coverage is sparse

Assumes our definition of clusters is:

1. Meaningful

2. Correct

3. CpGs within behaves similarly

Variation between datasets

Susceptible to overinflation
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DMRcate
Define the model

Annotate for 

selected CpGs

Here we set a more liberal 

p-value cutoff to have hits for 

example purposes 

This is the average distance
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Look at the results
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Make plots
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Interpretation 
of Results
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It’s not enough to say – these CpG sites were 
associated with our exposure.

How can our results be applied? 

Predictive biomarkers or disease 
mechanisms?

What biological process do they indicate? 

Are they enriched in specific pathways? 

How do they compare to previous studies? 

Interpretation of results 
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Where to find information about your CpGs

Lots of information is in the Illumina manifest:

Chromosome and locations 

Nearest gene 

GpG context

Explore sites on UCSC genome browser

Literature review on top sites

Compare results to previous studies

Gene ontology analyses (gometh in missMethyl package)

Pathway analyses (gometh/DAVID)
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An ontology comprises a set of well-defined terms 

with well-defined relationships. 

No need for user-dependent, non-systematic, 

manual annotations when there are numerous 

affected genes

Two step process

1. Identify target genes of the epigenetic change

2. Use ontological analysis to guess the functional 

impact of epigenetic changes

gometh: Gene ontology testing for 450K 
methylation data

https://genomebiology.biomedcentral.com/articles/10.1186/s13059-021-02388-x
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Running gometh
316 genes

Can see that none of 

these are significant
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KEGG pathway analysis
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Epigenetic 
Clocks
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Epigenetic 
clocks

Healthspan and lifespan are not 

always equivalent. 

Different individuals may age at 

different rates according to their 

genetics, lifestyle, and 

environment. 

The epigenome has been found 

to be a sensitive indicator of 

biological aging processes.

Field et al., 2018
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Most clocks were developed using machine learning to predict chronological age – but 

more recently epigenetic clocks have focused on phenotypic aging and mortality. 

The many epigenetic clocks
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Developed using 8,000 samples and 51 tissue types. 

Consists of 353 CpG sites. 

CpGs show enrichment for cell death/survival, cellular growth/ proliferation, 
organismal/tissue development, and cancer

Has since been adapted for 850K data but is only available via the web portal: 
http://dnamage.genetics.ucla.edu/

Horvath’s DNA methylation age 

http://dnamage.genetics.ucla.edu/
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We often use the difference 
between chronological age and 
DNA methylation age as a more 
sensitive indicator of biological 
aging.

Can also calculate using the 
residuals of a regression of DNA 
methylation age by chronological 
age. 

Epigenetic Age 
Acceleration

Topart et al., 2020

Yu et la., 2020
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• What is the goal of my study? 

Each clock was developed based on a specific set of predictors – chronological 
age, aging phenotypes, or mortality.

• Why is this an important research question? 

• How are we going to apply these results? 

• It’s important to keep in mind that these clocks were developed as predictors – they 
do not necessarily indicate a causal process. 

Questions to ask ourselves in DNAm age analyses
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Estimating DNAm age with the WateRmelon package
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Relate to chronological age
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Calculate age acceleration
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Relation to 
smoking status
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Extra: Validation and Replication
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Discovery vs. Replication

Discovery only (single sample analysis)
• Prone to false positive findings (negative too)

Internal Replication
• Sample two or more groups from the same population

• K-fold, leave one out, etc.

• Overall power lower than same-size discovery only 

External (Independent) Replication
• Two (or more) independent studies

• Ensure validation + generalizability

Meta-analysis
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Absolute estimates of methylation will 
differ based on approach

Hope that rank order stays the same

Sometimes, different platforms
will not correlate

Less frequent in significant CpGs
(although it still happens)

Cross Platform 
Validation

Wu et al. 2017
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Putting it all 
together
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1. There are many powerful tools available for EWAS.

2. However, these are not a substitute for good study design, clear hypotheses and a 
good understanding of statistics.

3. Be aware of potential pitfalls for regression 

4. Be careful in interpretation of findings

5. Always have external replication when possible

Conclusions
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Email: ak4181@cumc.Columbia.edu

Questions??

mailto:ak4181@cumc.Columbia.edu

