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Abstract 
DNA methylation is an important biological process that involves the 
reversible addition of chemical tags called methyl groups to DNA and 
affects whether genes are active or inactive. Individual methylation 
profiles are determined by both genetic and environmental 
influences. Inter-individual variation in DNA methylation profiles can 
be exploited to estimate or predict a wide variety of human 
characteristics and disease risk profiles. Indeed, a number of 
methylation-based predictors of human traits have been developed 
and linked to important health outcomes. However, there is an unmet 
need to communicate the applicability and limitations of state-of-the-
art methylation-based predictors to the wider community. To address 
this need, we have created a secure, web-based interactive platform 
called ‘MethylDetectR’ which automates the calculation of estimated 
values or scores for a variety of human traits using blood methylation 
data. These traits include age, lifestyle traits and high-density 
lipoprotein cholesterol. Methylation-based predictors often return 
scores on arbitrary scales. To provide meaning to these scores, users 
can interactively view how estimated trait scores for a given individual 
compare against other individuals in the sample. Users can optionally 
upload binary phenotypes and investigate how estimated traits vary 
according to case vs. control status for these phenotypes. Users can 
also view how different methylation-based predictors correlate with 
one another, and with phenotypic values for corresponding traits in a 
large reference sample (n = 4,450; Generation Scotland). The 
‘MethylDetectR’ platform allows for the fast and secure calculation of 
DNA methylation-derived estimates for several human traits. This 
platform also helps to show the correlations between methylation-
based scores and corresponding traits at the level of a sample, report 
estimated health profiles at an individual level, demonstrate how 
scores relate to important binary outcomes of interest and highlight 
the current limitations of molecular health predictors.
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          Amendments from Version 1
First, we have updated the three applications associated with the 
‘MethylDetectR’ platform to include ‘info’ buttons which, when 
pressed, show information on the presented data, limitations of 
methylation-based predictors available in ‘MethylDetectR’ and 
links to all other elements of the platform to allow for quick and 
convenient navigation across the platform. 
Second, we have removed methylation-based predictors of 27 
blood protein levels which were included in the previous version 
of ‘MethylDetectR’. The pipeline for generating these predictors 
has been refined. We will include the refined predictors for 
a larger set of proteins once they become available and are 
published. The predictors for chronological age and six lifestyle 
and biochemical traits are still available. Indeed, users can 
use our platform for the quick and convenient generation of 
methylation-based scores for these traits and interactively view 
how scores compare across individuals in their dataset. 
Third, the discussion on the limitations of methylation-based 
predictors available in ‘MethylDetectR’ has been refined and 
expanded. The aim of this amendment is to emphasise that 
methylation-based scores cannot make consistently accurate 
predictions at an individual level, instead, they work well at a 
population level. This limits their clinical utility, however, they will 
improve through the employment of larger-scale studies and 
more refined prediction methods.
Fourth, we have included information on ‘Version Control’ 
detailing how and when we will update the ‘MethylDetectR’ 
platform. We will update the platform every three months in an 
effort to include new methylation-based predictors of human 
traits as they are generated by our group and others. Updates 
will be managed by the authors Robert F. Hillary and Riccardo 
E. Marioni. Researchers are invited to contact the authors to 
discuss the inclusion of new methylation-based predictors in the 
‘MethylDetectR’ platform.

Any further responses from the reviewers can be found at 
the end of the article

REVISED
such as smoking status may provide more accurate measurements 
than self-reported information, thereby allowing for improved  
disease prediction and risk stratification20. Blood DNAm data is 
often used as it is minimally-invasive to collect and it provides a 
good index of the overall health status of the body21.

Increased training sample sizes and refinements in statistical and 
machine learning methodologies have improved the accuracy 
of DNAm-based predictors22,23. Furthermore, there has been 
an increase in the commercialisation and scalability of DNAm  
assays for direct-to-consumer use or for use in clinical, research 
or industrial settings24. A major goal of using these pre-
dictors is to aid in prediction strategies and provide better  
clinical outcomes for individuals. Therefore, translational plat-
forms for methylation-based health profiling are warranted 
in order to communicate the applications and limitations of  
DNAm-based predictors of human traits.

To address this need, we have created a web-based platform 
called ‘MethylDetectR’ that allows for an interactive demon-
stration of state-of-the-art DNAm-based predictors. A demo  
version of the app which does not require the upload of data is  
available at: https://shiny.igmm.ed.ac.uk/MethylDetectR_Demo/. 
The DNAm-based predictors in this platform include a highly 
accurate predictor of chronological age trained in > 13,000  
individuals across 14 cohorts with a root mean squared error 
of 2.04 years in the original publication22. We also include six 
DNAm-based predictors of lifestyle and biochemical traits:  
alcohol consumption per week, body fat percentage, body mass 
index, high-density lipoprotein (HDL) cholesterol, smoking sta-
tus and waist-to-hip ratio25. These predictors were generated in 
5,087 individuals who are members of the Generation Scotland: 
Scottish Family Health Study (GS) which represents one of the 
largest DNAm resources in the world. 

Briefly, the ‘MethylDetectR’ platform consists of two application 
named. The first application, named ‘MethylDetectR – Calculate 
Your Scores’, allows users to securely upload Illumina 450k or 
EPIC DNAm array data and obtain blood-based methylation  
predicted scores (or values) for the aforementioned traits. No data 
are stored by the application. Furthermore, predicted scores are  
often returned on arbitrary scales. The use of this application is 
optional as users may instead use R scripts which we have made 
publicly available if they so wish or if their DNAm files are too  
large for upload to the online application (>3 GB) (https://doi.
org/10.5281/zenodo.4646300). However, users can access a file 
called ‘Truncate_to_these_CpGs.csv’ to subset the list of CpG 
sites in their DNAm files to those required by the ‘MethylDe-
tectR – Calculate Your Scores’ application. This should reduce 
file size and upload time. The second and main application 
named ‘MethylDetectR’ allows users to compare DNAm-derived 
scores for any individual in their input dataset against other  
individuals in the input dataset. Percentile ranks for individuals 
in the input dataset may be downloaded. Users can also upload 
an optional file containing binary phenotypes whereby indi-
viduals are coded as ‘0’ for control status and ‘1’ for case status. 
This information allows users to view how distributions of the  
DNAm-derived traits vary by cases and controls. Users can also 

Introduction
DNA methylation (DNAm) is an epigenetic mechanism in 
which methyl groups are added to the genome sequence. Inter- 
individual variability in DNAm profiles results from differ-
ences in both underlying genetics and environmental influences1. 
Factors such as diet, stress and smoking behaviours may influ-
ence the process of methylation. Typically, methyl groups are 
added to cytosine residues in the context of a cytosine-guanine  
dinucleotide (CpG site)2. The addition of these chemical tags 
can alter whether, and to what extent, a gene is active. In  
contrast to genetics, these molecular modifications are dynamic,  
tissue-specific and reversible3. Further, methylation at many CpG 
sites is tissue-specific though some show strong concordance  
across multiple tissues4. In addition, CpG modifications induced 
through environmental factors, such as smoking, may be  
reversible or show persistent alterations5.

Biological data may be harnessed to estimate or predict a variety 
of human characteristics and disease risk profiles. There is a 
growing body of evidence demonstrating the effective creation 
and application of DNAm-based predictors of human traits and  
health6–19. Additionally, methylation-based predictors of traits 
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view how the various DNAm-based predictors correlate with one 
another in the input dataset and in a separate reference  
sample. This reference sample comprises 4,450 individuals who 
are members of the GS study. These individuals are unrelated 
to each other and distinct from those in the original training  
samples in which the predictors for age, HDL cholesterol and 
lifestyle traits were developed. They are also unrelated to those 
included in the original training sample. Furthermore, infor-
mation is provided on how well the predicted scores correlate 
with phenotypic values for corresponding traits that are avail-
able in GS. Lastly, the user can subset the input sample by sex, 
age range or case vs. control status determined by the case-
control variables uploaded by the user. Further, the user can  
subset the GS reference sample by age and sex. 

This platform communicates important information relating 
to the generation and applicability of DNAm-based predictors 
of human traits and health. The ‘MethylDetectR’ platform also 
represents a research tool for fast and automatic generation of 
DNAm-derived estimates for human traits. This platform can 
show that DNAm-based scores for traits may correlate well 
with measured values for a given trait at the level of the cohort. 
For example, a predictor for epigenetic age correlates strongly 
with true age with a root mean squared error of 2.04 years22. 
However, this platform also helps to show that predictors may 
report inaccurate values at an individual level. For instance, 
although the age predictor correlates well with true age at the 
level of the cohort, an individual’s predicted age may differ from 
their true age by a number of years or decades. The optional 
incorporation of binary phenotype data allows users to view 
how well established or putative risk factors, as estimated by 
DNAm data, are stratified according to cases and controls 
for a given trait of interest. Together, the functionalities of 
‘MethylDetectR’ begin to address the translational gap in the 
development and implementation of molecular-based health 
predictors by highlighting their performance and limitations in 
advance of their potential utility in diagnostic and stratification 
paradigms.

Methods
Implementation
Data protection and privacy. No data are stored in ‘MethylDetectR’ 
and are deleted upon closing the applications. Applica-
tions are also timed out after three minutes of inactivity and  
are hosted on patched and secure servers within the Institute of  
Genetics and Cancer, University of Edinburgh. This research 
and translational tool complies with GDPR guidelines and has 
been designed to ensure the highest level of data security and  
privacy. The ‘MethylDetectR’ applications and information on 
their usage are also available at the following website: https://
www.ed.ac.uk/centre-genomic-medicine/research-groups/marioni-
group/methyldetectr. Information relating to participant consent 
is also available at this website. Given that no data are stored, 
this information pertains to general risk surrounding the upload  
of biological data to online software and the measures taken to 
mitigate the risk of motivated intruders gaining access to such  
data.

The ‘MethylDetectR’ platform. The ‘MethylDetectR’ platform 
consists of two applications. The first application is called 
‘MethylDetectR - Calculate Your Scores’. Users may upload 
DNAm data as an R object (.rds file) and obtain estimated values 
or scores for a variety of traits across individuals in their input 
dataset (https://shiny.igmm.ed.ac.uk/Calculate_Your_Scores/). 
The upload limit is 3 gigabytes; however, files greater than 
500 megabytes may take a considerable amount of time to  
upload. Users can make these upload files smaller by subsetting 
to CpG sites used in ‘MethylDetectR – Calculate Your Scores’. 
These CpG sites are available in the ‘Truncate_to_these_CpGs.
csv’ file in Zenodo (Zenodo link). An optional ‘SexAgeInfo’ file 
may also be uploaded in order to include sex and age informa-
tion in the output file. This should be a .csv file and have three 
columns: one column for the IDs of individuals in the methyla-
tion file (‘ID’ column), one column should list the sex of these 
individuals written as ‘Male’ or ‘Female’ or ‘NA’ (‘Sex’ column) 
and one column should report the actual or chronological age of  
individuals (‘Age’ column). This functionality is important  
given that users can subset the input dataset and GS cohort by 
sex in the main ‘MethylDetectR’ application. Furthermore, if  
true age is included, then the application will use this information 
to subset the sample according to the age slider function on the  
sidebar panel. If this information is not uploaded, then epigenetic 
or predicted age will be used to subset the data by age range. In 
the case where some individuals have true age available and 
others have missing data, true age will be used for those who 
have such data and epigenetic age will be used for those 
without age data in order to the subset the sample. It is strongly 
recommended that anonymised or pseudonymised IDs are used 
where possible. For the user’s own convenience in preparing 
the methylation object, it is recommended that individuals are 
included as columns and CpG sites as rows. However, this  
version or a transposed version are accepted and automatically 
processed by the software. The following features also aid 
with automation in generating DNAm-based scores for traits:

•   �Beta values or M values are accepted with the latter 
converted to beta values by the software.

•   �Missing methylation values are accepted and mean 
 imputed across input individuals by the software.

•   �CpG sites that are necessary for the estimation of a trait 
but are missing in the uploaded dataset are allowed. In this 
case, each individual in the input dataset receives the 
mean beta value for a given missing CpG site derived 
from GS DNAm data. In effect, this gives every indi-
vidual in the uploaded dataset a constant that brings  
their score closer to that of the reference sample. In this  
way, all CpG sites are used for any sample uploaded.

Predicted values or scores for the aforementioned traits can 
be downloaded as a .csv file which may be uploaded to the 
main ‘MethylDetectR’ application. Alternatively, an R script is 
provided to generate these DNAm-based scores if the user 
does not wish to upload DNAm data or if the DNAm file is 
too large for upload (https://doi.org/10.5281/zenodo.464630026).
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The main ‘MethylDetectR’ application can be described in 
four modules or panels (https://shiny.igmm.ed.ac.uk/Meth-
ylDetectR/). In the first panel, users can view DNAm-based 
scores corresponding to various traits for any individual in their 
input dataset. The user can interactively compare scores for 
any individual to the remainder of the input dataset. A .csv file 
may be downloaded which shows percentile ranks for each indi-
vidual in the uploaded dataset. Percentile ranks are reported 
for each estimated trait with the exception of the age predictor 
which is reported in years. If the user uploads an optional 
binary phenotype file, they can also view the distributions of the 
DNAm-based scores according to case vs. control status for 
a given trait of interest. This file should contain IDs of indi-
viduals in the methylation file (‘ID’ column) as the first column 
and the remaining columns may contain any names or traits 
of interest with individuals coded as ‘0’ for controls and 
‘1’ for cases. In the second panel, a plot shows the percen-
tile ranks for a given individual for selected traits. Users can 
also choose to view the spread of percentile ranks for cases 
versus controls. Here, the median percentile for cases, along 
with the first and third quartiles (interquartile range), are plot-
ted for each selected DNAm-based estimated trait. In the third 
panel, the user can view how different DNAm-based predictors 
correlate with one another in both the input and GS 
datasets. In the fourth panel, users can view how DNAm-based 
scores for age, lifestyle and biochemical traits correlate with 
phenotypic values for these traits in GS participants (n = 4,450).  
In each panel, users can subset the samples by age range and 
sex. In panels 1-3, options to subset the input dataset by case vs.  
control status are present.

Development of a DNAm-based predictor. Readers are referred 
to a review on the development of DNAm-based scores and the 
challenges surrounding their generation27. To develop ‘omics’-
based predictors, such as DNAm-based predictors, statistical 
or machine learning methodologies are commonly applied. In 
the case of DNAm, the process begins with the quantification of 
DNAm across individuals using a tissue or cell-type of interest. 
Many studies focus on blood as it integrates information from 
various tissues around the body and represents an inexpen-
sive and minimally-invasive approach to gather molecular data. 
Many cohort studies also have DNA from historic blood  
samples stored and available to analyse. The collection of saliva 
and buccal samples is becoming increasingly popular as 
a relatively low cost and non-invasive method for cohort 
studies interested in epigenetic epidemiology. The number of 
CpG sites which are measured depends on the array used but 
typically includes up to around 800,000 unique sites. Follow-
ing quantification and quality control, a researcher may wish 
to study the association between DNAm and a trait of interest, 
such as smoking status. The average methylation level at a 
given CpG site across individuals will be correlated with the 
trait of interest. Methylation levels may be reported between 
0-100% for convenience, and a level of 50% means that 50% of 
cells or DNA molecules within an individual’s sample show 
methylation at that CpG site. One approach is to correlate 
each CpG site, in turn, with the trait of interest thereby consid-
ering each CpG site in isolation. This is approach is referred to 
as an epigenome-wide or methylome-wide association study 

(EWAS or MWAS). Alternatively, methods such as penalised 
regression can be used to model all CpG sites simultaneously 
producing parsimonious models that account for correlated 
features/sites (e.g., least absolute shrinkage and selection 
operator or LASSO regression) or models that apply small 
weights to all features/sites (e.g., ridge regression). Elastic 
net regression is a commonly used intermediate of these two 
approaches. Correlations among CpGs may arise from sites 
which lie near each other in a genomic region or from a shared 
environmental influence; for instance, inhalation of cigarette 
smoke may affect many CpG sites across different chromosomes. 
A subset of CpG sites may show a strong relationship with 
the trait of interest and therefore be informative for predicting 
the trait in other individuals. The strength of the correlation, 
or association, is represented by an effect size and provides a 
weighting for that CpG site’s importance in predicting the 
trait. In a separate or test group of individuals, predicted values 
or scores for the trait can be obtained by multiplying DNAm 
levels at each informative CpG site by their weight derived 
from statistical analyses. The sum of these products pro-
vides a predicted or estimated value for the trait. A statistical  
transformation can be applied to return DNAm-based scores 
on the original scale for the trait, such as pack years for  
smoking.Alternatively, comparison to other individuals may 
provide meaning to the DNAm-based scores. In any case, 
predicted values or scores in the test sample may be corre-
lated with true values for a given trait to provide an index of  
predictive power.

DNAm-based predictors in ‘MethylDetectR’. In ‘MethylDetectR’, 
we include DNAm-based predictors of chronological age, and  
six lifestyle and biochemical traits.

Age predictor
The age predictor was developed by Zhang et al. using 
elastic net regression and best linear unbiased prediction  
(BLUP)22,28,29. The two sets of predictors were both built on the 
same set of 13,566 training samples spread across 14 cohorts. 
The age predictor was generated using data from individuals  
with an age range of 2 to 104 years.  The elastic net method  
selected 514 CpG sites as informative for predicting chrono-
logical age whereas the BLUP predictor used all CpG sites  
(319,607 probes). In ‘MethylDetectR’, we apply the elastic net  
predictor owing to the faster computation and superior per-
formance of this age predictor when compared to the BLUP  
predictor. The elastic net predictor correlates 0.98 with chron-
ological age (root mean squared error = 2.6 years in GS  
(n = 4,450) and 2.04 in original publication22). The age predictor  
is returned in values of years.

Lifestyle and biochemical traits
Previously, we generated ten predictors of lifestyle and  
biochemical traits in 5,087 individuals within the GS study 
using LASSO penalised regression25,30. Ten-fold cross-validation 
was applied and the mixing parameter (alpha) was set to 1. The 
lambda value corresponding to the minimum mean cross- 
validation error was selected and applied to generate the  
optimal models30. In a test sample consisting of 875 individuals 
in the Lothian Birth Cohort 1936 study, DNAm-based predictors 
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for four of the traits explained greater than 10% of phenotypic 
variance in their respective trait. These four traits were  
alcohol consumption, body mass index, high-density lipoprotein 
cholesterol and smoking behaviour. There were no phenotypic 
data available for body fat percentage and waist-to-hip ratio 
in the Lothian Birth Cohort 1936 study. However, these traits 
were highly correlated with body mass index in GS (correla-
tion coefficients of 0.6 and 0.4, respectively). Therefore, body 
fat percentage and waist-to-hip ratio were brought forward to 
the ‘MethylDetectR’ platform in addition to the four DNAm- 
based predictors of lifestyle and biochemical traits which  
demonstrated test R2 statistics of greater than 10% in the Lothian 
Birth Cohort 1936 sample. Four other traits demonstrated test R2 
statistics of less than 10%: educational attainment (2.5%), 
low-density lipoprotein and remnant cholesterol (0.6%), total 
cholesterol (2.7%) and total-to-high-density lipoprotein  
cholesterol ratio (4.5%). These four traits were not brought  
forward to the ‘MethylDetectR’ platform25.

In the training sample, alcohol intake was assessed in units 
per week and was only considered in those who reported that 
their intake was representative of a normal week. A natural 
log(units + 1) transformation was applied to reduce skew-
ness. For body mass index, extreme values defined as less than 
17 kg/m2 or greater than 50 kg/m2 were removed and a natu-
ral log transformation was applied. Smoking behaviour was 
assessed using pack years which is calculated by multiply-
ing the number of packs smoked per day by the number of years 
the participant has smoked. Current and never smokers were 
included; ex-smokers were removed owing to complications 
in adjusting for time since cessation when calculating pack 
years. To reduce skewness, a natural log(pack years + 1) trans-
formation was applied. In generating the predictors, pheno-
types were pre-corrected to remove the influence of age, sex 
and ancestry using ten genetic principal components. Phe-
notypic data used to train the predictors were not corrected 
for cell-type heterogeneity. Further quality control details are 
available in the original publication25. DNAm values at CpG  
sites were the independent variables (n = 392,843 CpG sites).  
CpG sites were filtered to include loci present on both the  
Illumina EPIC and 450k arrays.

Version Control. We will update ‘MethylDetectR’ every three 
months to include new DNAm-based predictors of human traits 
as they are generated by our own group and others. Updates  
will be managed by Robert F. Hillary or Riccardo E. Marioni. 
If researchers wish to have their predictors considered for  
inclusion in ‘MethylDetectR’, please use the corresponding  
author email address in this manuscript or the contact details  
available at the ‘MethylDetectR’ website (https://www.ed.ac.uk/
centre-genomic-medicine/research-groups/marioni-group/methyl-
detectr). The current and historical versions of ‘MethylDetectR’ 
are available in the Zenodo repository, updated versions will  
also be made available in this repository (https://doi.org/10.5281/
zenodo.4646300).

Operation
Software requirements. Both applications are hosted on a 
secure, patched server hosted at the University of Edinburgh. The 

applications are developed using Shiny (version 1.4) in R31. 
The version of R used at the time of ‘MethylDetectR’ develop-
ment was 3.5.032. For ‘MethylDetectR – Calculate Your Scores’, 
the following R packages were utilised: shinyWidgets (version  
0.5.4)33, shinythemes (version 1.1.2)34, data.table (version 
1.12)35, shinyalert (version 1)36. For the main ‘MethylDetectR’ 
application, shinyWidgets (version 0.5.4)33, shinythemes (ver-
sion 1.1.2)34, data.table (version 1.12)35, shinyalert (version 1)36 
were also used, in addition to ggplot2 (version 3.0)37, dplyr 
(version 0.7)38, forcats (version 0.4.0)39, wesanderson (version 
0.3.6)40, shinycssloaders (version 0.2)41, magick (version 2.5.0)42, 
corrplot (version 0.84)43, ggcorrplot (version 0.1)44 and cow-
plot (version 0.9.4)45. Scripts for implementing both applications 
are available at: https://doi.org/10.5281/zenodo.464630026. The 
script has been designed to ensure automatic installation of 
missing CRAN packages which are necessary for the operation 
of ‘MethylDetectR’.

Overview of workflow. The main components of the platform 
are outlined in the Implementation section and the associated 
workflow is graphically depicted in Figure 1.

Use cases
MethylDetectR – Calculate Your Scores
The user can upload a DNAm file as an R object (.rds file) 
to the ‘MethylDetectR – Calculate Your Scores’ application. 
Beta values or M values may be used. If M values are detected, 
these are converted to beta values. It is recommended that 
individuals are included as columns and CpG sites (derived from 
Illumina arrays) are included as rows and that file sizes of no 
greater than 500 MB are uploaded. The application details gen-
eral information on the platform, as well as information on how 
to format files and links to all elements of the platform. To make 
DNAm files smaller prior to upload, users can access a file called 
‘Truncate_to_these_CpG.csv’ which is available in the Zenodo 
repository. This file allows users to subset CpGs measured in 
their dataset to those used in ‘MethylDetectR – Calculate Your 
Scores’ making files considerably smaller. A ‘SexAgeInfo’ file 
may also be uploaded as a .csv file so that data pertaining to 
the ages and sex of the input individuals are included in the 
output file along with DNAm-based values for age (epige-
netic age), lifestyle and biochemical traits. This file should 
include a column corresponding to the IDs of individuals in 
the methylation file (‘ID’ column), a column that lists the sex 
of these individuals written as ‘Male’ or ‘Female’ or ‘NA’ (‘Sex’ 
column) and a column that reports the chronological or true 
ages of individuals (‘Age’ column). Alternatively, the user 
can merge this information into their DNAm score file after 
running the ‘MethylDetectR – Calculate Your Scores’ step. 
Examples for the DNAm and ‘SexAgeInfo’ files are available at: 
https://doi.org/10.5281/zenodo.464630026.

The software automatically generates DNAm-based scores for 
every individual in the dataset (.csv file) and a report for the 
user is printed on the application detailing quality control steps  
carried out during the calculation process. For example, 
the report informs the user whether or not the data had to 
be transposed, or if M values were converted to beta values  
(Figure 2).
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Figure 1. Overview of workflow in ‘MethylDetectR’ platform. Users upload DNAm data to a secure application named ‘MethylDetectR 
– Calculate Your Scores’ or use a provided R script to locally generate DNAm-based values for age and a variety of lifestyle and biochemical 
traits. DNAm-derived scores are submitted to the ‘MethylDetectR’ application to view these scores, interactively compare scores within 
the input sample and optionally view the distribution of scores across cases and controls for uploaded binary phenotypes of interest.  
CSV files are available to download showing percentile ranks for individuals in the input dataset against other individuals in the uploaded 
dataset.

Figure 2. MethylDetectR – Calculate Your Scores Application. An example session for the ‘MethylDetectR – Calculate Your Scores’ 
application. In this case, a DNAm dataset, stored as an R file .rds object, has been uploaded along with the optional ‘SexAgeInfo’.csv file. A 
log output has been generated for the user detailing quality control steps which have been carried out in the calculation of DNAm-based 
predictors. For instance, M values were uploaded and converted to beta values. The resultant output file can be downloaded as a .csv file 
for upload to the main ‘MethylDetectR’ application.
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Alternatively, the user can download an R script to locally  
generate DNAm-based scores for the traits. The DNAm object 
is annotated as ‘data’ and the ‘SexAgeInfo’ input is annotated 
as ‘sexageinfo’ (https://doi.org/10.5281/zenodo.464630026). In 
either case, an output .csv file is generated containing DNAm-
based scores or values for each trait and for every individual in 
the input dataset. This output file should be uploaded to the 
main ‘MethylDetectR’ application. An example output .csv file 
showing the correct column names and file structure is 
available at: https://doi.org/10.5281/zenodo.464630026.

MethylDetectR
Panel 1. The output file from either the ‘MethylDetectR – 
Calculate Your Scores’ application or a publicly available script 
should be uploaded to the main ‘MethylDetectR’ application.  
Incorrectly assigned column names will be reported to the 
user, as will files with no individuals or files with non-numeric  
values. A timeout is triggered following three minutes of  
inactivity. All panels contain information on the data shown in 
the panel, and Panel 1 details information on how to format files.  
Links to all other elements of the platform are shown in each  
panel via ‘info’ buttons located in the sidebar panels.

The first panel allows users to choose a predictor of interest 
and view how a selected individual in the input dataset ranks 
against the remainder of the input dataset (in pink) in the 
context of that predictor (Figure 3A). Alternatively, if the user 
uploads an optional file with binary phenotype information, 
then users can also subset the data by case vs. control status. In 
Figure 3B, the user can view where a selected individual’s 
DNAm-based score for body mass index lies along the  
sample subset by controls (in pink) and cases (in blue) for 
diabetes. The user can subset to different age ranges and sex in 
order to see how the selected individual would compare to the 
truncated sample selection. Users can also download the per-
centile ranks for every individual in the input dataset when com-
pared against all other individuals in the dataset. Percentile 
ranks are available for each trait with the exception of age 
which is reported in years.

Panel 2. In the second panel, users may select multiple traits in 
order to simultaneously view the percentile ranks for a selected 
individual in the input dataset when compared against other 
individuals in the sample (Figure 4A). Furthermore, the user 
can view how percentile ranks for a given trait vary according 
to cases and controls for a selected binary phenotype. In 
Figure 4B, the median percentile for diabetes cases along 
with the interquartile range (first to third quartile) are plotted  
for multiple traits, such as body mass index and body fat percent-
age. Again, the user can use a sidebar functionality to subset by  
age range and sex.

Panel 3. In the third panel, users can select multiple DNAm-
based predictors and view how they correlate with one another 
in order to visualise their interrelationships and the underlying 
data structure. This is represented for both the input and GS 
datasets (Figure 5A). Furthermore, the correlations are updated 
according to the selected age range and sex. The user can 
also subset the input dataset to cases, controls or choose to 

visualise correlation data for cases and controls in the input 
dataset alongside each other (Figure 5B). 

Panel 4. In the fourth and final panel, users can view how 
well the DNAm-based predictors for age, lifestyle traits and 
HDL cholesterol correlate with actual values of their respec-
tive traits in GS (Figure 6).  In this final panel, users can also 
subset by age range and sex to view how the performance of  
the predictors varies according to the truncated reference dataset.

Discussion
We have created and implemented the first publicly available  
online translational platform for methylation-based health  
profiling. The platform includes a wide variety of traits which  
are estimated from large-scale DNAm data. These include 
chronological age, lifestyle traits and biochemical data thereby  
providing an automatic and comprehensive estimate of indi-
vidual health profiles from a single blood draw. Users can inter-
actively view how well DNAm-based estimators for various  
traits perform at an individual level and how DNAm-based  
estimators stratify according to case and control status for  
binary phenotypes of interest. The ‘MethylDetectR’ platform 
communicates key messages surrounding the development and  
present limitations of DNAm-based health profiling to the wider 
research community and public. This is achieved by includ-
ing ‘info’ buttons in the sidebar panels of each application that 
lead to important information for interpreting the presented 
results, key limitations and general information on DNAm-based 
scores. Furthermore, the platform is designed to ensure the high-
est level of data security and safety and is publicly available 
with open source code and example input and output files. We 
will continue to update ‘MethylDetectR’ every three months  
with the aim of including new DNAm-based predictors of human 
traits when they come available. 

DNAm-based predictors can integrate biological and envi-
ronmental information to provide important indices of an 
individual’s health status and well-being. These predictors 
must display high degrees of sensitivity and specificity in order 
to accurately distinguish individuals on trajectories toward  
disease and adverse clinical endpoints from those who will  
remain healthy in a given clinical context. Currently, the DNAm-
based predictors in ‘MethylDetectR’ cannot make consistently 
accurate predictions at an individual level and therefore can-
not yet be reliably applied in a diagnostic or forensic context. 
Highly-accurate DNAm-based scores can aid in research envi-
ronments as they may provide more accurate information than 
self-report data20. For instance, the DNAm-based predictor 
of smoking can provide a more accurate profile of smoking  
history than responses from participants in questionnaires.  
Further, the use of DNAm-based scores for a variety of 
human traits can proxy many phenotypes such as biochemical 
and lifestyle traits using a single blood draw. Together, these 
data can help researchers determine relationships between  
putative risk factors and important health outcomes, and aid in 
patient stratification paradigms. Further, ‘MethylDetectR’ serves 
as an important translational tool showing an interactive, demo  
version of the platform and substantial information within each  
application regarding the interpretation and limitations of  
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Figure 3. MethylDetectR Application – Panel 1. (A) In the first panel, users can select a variable of interest and view how the methylation-
based estimate for a chosen individual in the input dataset compares against the remainder of the input dataset (pink). (B) The user can 
subset the scores according to case vs. control status for an uploaded binary phenotype of interest, such as disease status. Here, the 
distributions of DNAm-based scores for body mass index are plotted for diabetes cases (blue) and controls (pink). Percentile ranks for all 
individuals in the input dataset when compared against other members of the input dataset may be downloaded as a .csv file in this panel. 
Percentile ranks are reported for all traits in the output file with the exception of age which is reported in years.

DNAm-based predictors. As these predictors become refined,  
they may be of clinical value. For instance, a blood-based DNAm 
test was recently developed that could detect five separate 
types of cancer up to four years before conventional diagnosis.  
The assay measured circulating tumour DNA methylation and  

predicted disease in 88% of post-diagnosis patients, with a  
specificity of 96%19. 

Distributions of DNAm values and subsequent DNAm-based 
scores may vary across different methylation datasets. In relation 
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Figure 4. MethylDetectR Application – Panel 2. (A) In the second panel, users can select multiple predictors of interest and simultaneously 
view the percentile rank for a selected individual in relation to these traits when compared against the remainder of the uploaded dataset. 
The percentile ranks dynamically update according to the selected age range and sex. (B) The median percentile ranks for cases are plotted 
for selected traits of interest. The number shown in the circle reflects the median percentile, and the interquartile range of percentile ranks 
for cases is shown with the horizontal lines extending from the circle. Here, the median percentile ranks with respect to a number of physical 
traits are shown for cases of diabetes.

to the biochemical and lifestyle traits, the predictors were gen-
erated using an adult sample of individuals with European  
ancestry. Therefore, it is possible that the predictors may not 
be generalisable to datasets comprising different age ranges,  
such as cohorts of children, and individuals with different  

ancestries. Differences between datasets may also arise from  
biological differences, for example cases for a given disease 
may have altered DNAm values for a number of probes  
relative to controls, or result from technical or normalisation 
differences. As a result, DNAm-based scores may vary greatly 
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Figure 5. MethylDetectR Application – Panel 3. (A) In the third panel, users can select multiple predictors of interest and simultaneously 
view the interrelationships between these variables of interest in both the input dataset and a reference sample - GS (n = 4,450). (B) The 
user can subset the input dataset according to cases or controls, or choose to view the data structure for cases and controls side by side. 
The correlation coefficients are updated according to the selected age range and sex.

across datasets and projecting an individual onto a reference  
sample to view where their DNAm-based score would lie along 
the reference sample is therefore challenging. Future work will 

focus on developing methods which can appropriately account 
for variability across datasets and allow for a projection of  
individuals onto disparate DNAm samples or datasets.
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Figure 6. MethylDetectR Application – Panel 4. In the fourth panel, users can view how age, lifestyle traits and high-density lipoprotein 
(HDL) cholesterol relate to phenotypic or measured values in the GS reference sample (n = 4,450). Correlation coefficients for age, lifestyle 
traits and HDL cholesterol are updated according to the selected age range and sex. HDL (high-density lipoprotein).

Increased sample sizes through recruitment, consortia or  
meta-analyses may allow for more sensitive or specific  
DNAm-based predictors. Advancements in statistical and machine 
learning approaches used to generate such predictors will 
also allow for greater accuracy in predicting human traits and 
health23. Furthermore, if the outcomes on which the predic-
tors are trained are inaccurate or possess lots of noise, then the 
predictors themselves will perform poorly in identifying  
individuals at risk of disease. Therefore, advancements in 
understanding disease biology and ways to diagnose or stratify  
different diseases will help to create well-defined outcomes 
on which predictors can be trained. This is expected to improve 
their ability in predicting important health and clinical outcomes. 
However, stringent ethical frameworks are also necessitated 
prior to widespread application of molecular-based health  
profiling in health and forensic contexts46.

DNAm-based predictors represent one avenue within molecular- 
based health profiling. Genetics-based predictors of human  
traits may correlate well with true values for traits, such as 
human height47. However, genetic predictors of disease may 
often fail to accuracy classify individuals by disease status48. 
Additionally, other ‘omics’ data have been explored in order 
to predict human traits or disease. For example, a proteomic  
signature of age correlates 0.94 with chronological age49. Plasma 
protein-based predictors of disease states, including dementia 
and cancer, have been explored50–52. Lipid-based predictors of 
human traits have also been developed using plasma samples53,54. 
Complex and common disease states are multifactorial condi-
tions. Therefore, it is likely that composite predictors using  
various lines of ‘omics’ data may allow for greater accuracy in 
predicting disease risk and outcomes when compared to using 
one line of evidence alone. Furthermore, the incorporation of 
‘omics’ data with clinical or demographic data could provide  
even more refined predictors of human health and disease48.

Conclusions
Our platform provides an important translational tool which 
communicates state-of-the-art developments in relation to 
DNAm-based predictors of human traits and health. The  
‘MethylDetectR’ platform also represents a research tool for the 
convenient and secure generation of DNAm-estimated traits  
for use in clinical and population studies. Importantly, our plat-
form highlights the applicability and limitations surrounding  
such predictors prior to their potential deployment in clinical  
assessment and management paradigms. 

Reproducibility: All relevant code is available at: https://
doi.org/10.5281/zenodo.464630026. The following Research 
Resource Identifiers (RRIDs) have been generated for ‘Meth-
ylDetectR – Calculate Your Scores’, RRID: SCR_018972, and 
‘MethylDetectR’, RRID: SCR_018973. The limitations sur-
rounding the resultant datasets are that the predictors may work 
well for risk stratification relative to others in the dataset, but 
may fail to accurately predict trait information at an individual  
level.

Data availability
Underlying data
The underlying methylation and phenotypic data used to gener-
ate the original predictors cannot be made available due to the 
data containing information that could compromise participant 
consent and confidentiality. According to the terms of consent 
for GS participants, access to data must be reviewed by the GS  
Access Committee. Applications should be made to access@
generationscotland.org. Lothian Birth Cohort 1936 data can be 
requested from the Lothian Birth Cohort 1936 research team,  
following completion of a data request application. More  
information can be found online (http://www.lothianbirthcohort.
ed.ac.uk/content/collaboration). 
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Extended data
Zenodo: MethylDetectR - A Translational Tool for Methylation-
Based Health Profiling, https://doi.org/10.5281/zenodo.464630026

This project contains the following extended data:

•   �DNAm_File_Example.rds. (Example DNAm input file for 
upload to ‘MethylDetectR – Calculate Your Scores’.)

•   �SexAgeInfo_example.csv. (Example optional ‘SexAgeInfo’ 
input file for upload to ‘MethylDetectR – Calculate 
Your Scores’.)

•   �Truncate_to_these_CpGs.csv. (File for truncating DNAm 
input file to CpG sites used in ‘MethylDetectR – Calculate 
Your Scores’.)

•   �MethylDetectR_Test_for_Upload.csv. (Example input file 
for upload to main ‘MethylDetectR’ application.)

•   �MethylDetectR_Case_Control_Example.csv. (Example 
binary phenotype .csv file with controls coded as ‘0’ and 
cases coded as ‘1’.)

•   �Script_For_User_To_Generate_Scores.R. (R script for user 
to locally generate DNAm-based estimates of human traits 
for upload to ‘MethylDetectR’ application.)

•   �Predictors_Shiny_by_Groups.csv. (Associated file for 
use in ‘Script_For_User_To_Generate_Scores.R.)

Data are available under the terms of the Creative Commons 
Attribution 4.0 International license (CC-BY 4.0). 

Software availability
Zenodo: MethylDetectR - A Translational Tool for Methylation-
Based Health Profiling, https://doi.org/10.5281/zenodo.464630026.

This project contains the following scripts:
•   �MethylDetectR – Calculate Your Scores.R (R script for 

running of ‘MethylDetectR – Calculate Your Scores’ 
application.)

•   �MethylDetectR.R. (R script for running of ‘MethylDetectR’ 
application.) 

Data are available under the terms of the Creative Commons  
Attribution 4.0 International license (CC-BY 4.0). 

Reporting guidelines
Open Science Framework: TRIPOD checklist for ‘MethylDe-
tectR - a translational platform for methylation-based health 
profiling’, https://doi.org/10.17605/OSF.IO/3MGJT55

The TRIPOD checklist is available at: https://www.tripod-state-
ment.org/wp-content/uploads/2020/01/Tripod-Checlist-Prediction-
Model-Development.pdf56.

Data are available under the terms of the Creative Commons 
Attribution 4.0 International license (CC-BY 4.0). 
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methylation (DNAm) scores for age, lifestyle factors and protein levels related to neurology or 
inflammation. Based on these scores, users are able to view percentile ranks for specific 
individuals as compared to others in the input sample, with the option to subset by case-control 
status, sex and age. Users are also able to estimate a broader health profile for specific individuals 
by displaying percentiles for multiple DNAm scores simultaneously. Finally, users can check 
correlations between their predicted DNAm scores compared to those in the Generation Scotland 
dataset, as well as correlations between predicted DNAm scores and actual measured traits in 
Generation Scotland. Overall, I think this is an excellent contribution to the field and an important 
first step for moving methylation-based predictors into translational applications. I am concerned 
however, that no practical information is provided, especially within the online platform, to aid 
users in the correct interpretation of the scores themselves, and the findings generated from 
input datasets. If the platform is to reach widespread use and fulfil its translational potential, I 
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information within the online tool to guide users and ensure that scores are interpreted 
adequately with full transparency on limitations (e.g. applicability to other age ranges, 
populations, error around DNAm estimates, meaning of different percentile ranks and how those 
should be interpreted etc.). I would also like to see in the manuscript a more detailed discussion of 
potential uses for this platform in different contexts, using practical examples (e.g. screening and 
risk prediction in research and clinical settings). I believe these steps are necessary in order to 
ensure that the platform is adequately used without DNAm scores being overly- or incorrectly-
interpreted, especially if the hope is that such a platform will be utilized in a clinical context. 
Specific comments are listed below.

How 'live' is this online resource? Given the fast-paced developments in population 
epigenetic methods and prediction tools, how regularly will the resource be updated to take 
stock of these developments (both in terms of the actual calculation of methylation-based 
scores, as well as the information provided regarding applicability and limitations)? 
 

○

Methods – implementation
The authors provide a link to their online interface for calculating DNAm scores. I 
would anticipate that, at least for research use, many studies would not be allowed to 
upload individual level DNAm data due to data protection policies, even when 
anonymized (some institutions have concerns that omics level data can never be truly 
anonymized), so it is useful that scripts are also provided to run the analyses locally.

○

Is it possible to upload potential covariates, such as cell-type, batch, ancestry etc.? 
How were these factors, especially cell-type heterogeneity, taken into account in the 
development of MethylDetecR DNAm scores?

○

Is this tool adequate for input datasets containing samples who may differ in 
characteristics from those upon which the algorithms were based (e.g. datasets of 
different ancestry)? Further, could the tool be utilized on child populations, where 
certain but not all scores would be applicable (e.g. BMI but not alcohol), if the 
algorithms were developed on adults? And regarding protein levels, how significant is 
the fact that these scores were developed from a sample of adults in old age? Can we 
assume that the same relationships between DNAm and protein levels hold across 
different life stages? 
 

○

○

Demo
It would help to add information in the demo about how to interpret the different 
modules (e.g. a walkthrough, or pop-up bubbles), for example:

First module how should a user (especially one who may not have a research 
background) interpret the density plots, what this means when stratified by 
case-control status, and how to evaluate a given individual’s score within these 
plots? For example, with regards to the smoking DNAm score, what should a 
user conclude if an individual of interest scores on the 75th percentile overall, 
and specifically on the 99th percentile within controls and 14th percentile within 
cases when stratified by smoker case-control status? Should the user interpret 
this as a sign that the individual in question is (probably) a smoker or ex-
smoker? (p.s. I see later in the manuscript that ex-smokers were removed from 
the data upon which the prediction was based, which makes the above 
example all the more relevant).

○

Second module how should users interpret the percentile ranks for multiple 
traits? I would expect users, especially for more clinical applications, to look for 

○

○

○

 
Page 17 of 35

Wellcome Open Research 2021, 5:283 Last updated: 27 APR 2021



a particular threshold with which to guide their interpretation. For example, 
should anyone with scores above a certain percentile (e.g. 50th, 75th or higher) 
be considered to have a risky profile (e.g. in terms of DNAm signatures for 
smoking, body fat etc.)? With regards to the protein DNAm scores, how should 
a user interpret an individual scoring for example on the 27th percentile for IL6, 
but the 80th percentile for TNF.alpha? What implications would this have for 
making assessments (and thus also potential recommendations) regarding this 
person’s inflammation profile?

On a related note, is there a way to help users gauge how ‘reliable’ these 
different scores are? Some DNAm predictors (e.g. smoking) are more 
reliable and accurate than others, could this be indicated in the platform 
e.g. by visualizing this in the plots or adding text to aid interpretation 
(i.e. to what extent could a user interpret the percentiles for different 
scores with confidence)? I see in page 10 that error bars can be 
displayed, but (a) I do not see where the option to visualize these is in 
the online tool and this is also not explained in the manuscript; (b) I am 
assuming that these error bars are related to the input data, so a bit 
different from the point of indicating how good the scores themselves 
are. I assume that this can be partly gauged by the information on 
correlations in the fourth panel, although this includes only a selection of 
the DNAm scores.

○

Third panel how should users interpret differences in correlations between 
their input dataset and the reference GS dataset? What are the implications of 
these differences for interpreting their results (e.g. does it mean that scores 
should be interpreted with more caution or has no bearing on this)? For 
example, if the correlation between alcohol and smoking DNAm scores in the 
input dataset is 0.40, but in GS it is only 0.20, what does this mean for the user? 
 

○

In the discussion, the authors state that ‘the MethylDetecR platform communicates key 
messages surrounding the development and present limitations of DNAm-based health profiling 
to the wider research community and public’ - where is this information provided? I cannot see 
it either in the Demo or Calculate your Scores platforms. This should be provided in the 
Demo, as the first ‘port of entry’ users should be using to get familiarized with the platform 
(and there should be a notice on the Calculate your Scores platform to first check out the 
Demo, for an example of correct use). This is a good place to walk users through the 
different functionalities/panels of the platform, and for each panel, to provide key 
information on interpretation (e.g. using case examples – “here is Joe, he is estimated to be 
xx years old and score within the xx percentile for yy variable. Based on this, we can 
conclude that xxx. Limitations to keep in mind are xxx. This information could be used for 
xxx applications”). 
 

○

Similarly, in the conclusion, the authors state that “our platform provides an important 
translational tool which communicates state-of-the-art developments in relation to DNAm-based 
predictors of human traits and health… and highlights the applicability and limitations 
surrounding such predictors prior to their potential deployment in clinical assessment and 
management paradigms.” While the platform allows to calculate state-of-the-art scores, I 
cannot see anything related to communication of its uses and limitations. 
 

○
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Generally, the manuscript refers to a lot of different files and links (e.g. the Demo, the actual 
platform, all the Zenodo materials). This relies on the idea that users in future will always 
refer to the manuscript and read it in detail before using the platform. I would suggest 
having an easy to find, centralized repository for all of these materials, or alternatively, to 
add the various links in the Demo/Calculate your Scores platforms (which should be linked 
somehow). 
 

○

The discussion is missing a section on the research and clinical applications of this platform. 
Can the authors provide concrete examples of where and how this information could be 
useful? 
 

○

Minor points
P.3: “In contrast to genetics, these molecular modifications are dynamic, tissue-specific 
and reversible” – would qualify this sentence a little bit. While it is correct that, overall, 
DNAm differ largely across tissues, some sites do show strong correspondence 
across multiple tissues. Similarly, it is unclear whether all DNAm changes are 
reversible (e.g. some smoking-related DNAm alterations persisting post-cessation).

○

P. 3: “Furthermore, there has been a rapid increase in the commercialisation and 
scalability of DNAm assays for direct-to-consumer use or for use in clinical, research or 
industrial settings.” Can the authors add references or include a couple of examples?

○

P.3: “Blood DNAm data …provides a good index of the overall health status of the body.” 
Can the authors add a reference to support this?

○

P. 4: “Lastly, the user can subset the reference samples by sex, age range or case vs. 
control status.” Case-control status on what variables?

○

P. 5: https://www.ed.ac.uk/centre-genomic-medicine/research-groups/○

marioni-group/methyldetectr the link provided has two attachments, which appear to 
contain the same information: MethylDetectR Participant Information Sheet and 
MethylDetectR Participant Consent Statement

○

P. 5: in the explanation of methylation risk scores, the authors could point readers to 
a new review on the topic, including strengths and challenges of this approach (Huls 
& Czamara, 2020 Epigenetics)1.

○

P. 6: Age predictor - can the authors specify the age range of the discovery data upon 
which the predictor was based?

○

P. 6: Can the author provide a reference/specify how cutoffs were selected for their 
protein analyses (e.g. for training-test ratio, r and p thresholds etc.).

○

○
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replication of the software development and its use by others?
Yes

Is sufficient information provided to allow interpretation of the expected output datasets 
and any results generated using the tool?
No

Are the conclusions about the tool and its performance adequately supported by the 
findings presented in the article?
Partly

Competing Interests: No competing interests were disclosed.

Reviewer Expertise: Epigenetic epidemiology; psychiatric epidemiology; child development; 
developmental psychopathology; early life stress.

I confirm that I have read this submission and believe that I have an appropriate level of 
expertise to confirm that it is of an acceptable scientific standard, however I have 
significant reservations, as outlined above.

Author Response 30 Mar 2021
Robert Hillary, University of Edinburgh, Edinburgh, UK 

Comment 1: I am concerned, however, that no practical information is provided, especially 
within the online platform, to aid users in the correct interpretation of the scores 
themselves, and the findings generated from input datasets. If the platform is to reach 
widespread use and fulfil its translational potential, I would anticipate that part of the users 
may not have a research background and many may not read this manuscript in detail 
before utilizing the platform. As such, I think it is essential to add information within the 
online tool to guide users and ensure that scores are interpreted adequately with full 
transparency on limitations (e.g. applicability to other age ranges, populations, error 
around DNAm estimates, meaning of different percentile ranks and how those should be 
interpreted etc.). 
 
Response: We thank the reviewer for their excellent suggestions towards improving the platform. 
We agree that the applications would benefit from more general information on what the 
predictors reflect and what we can conclude from them in light of limitations. This would achieve 
an appropriate balance between its applicability for expert and non-expert users alike. As a 
result, we have added ‘info’ action buttons on each panel of the applications to reveal important 
information pertaining to the DNAm-based scores and their interpretation. Further, we include 
links in each application to all other elements of the platform i.e. the other applications, the 
website, the paper and the Zenodo repository. 
 
Comment 2: I would also like to see in the manuscript a more detailed discussion of 
potential uses for this platform in different contexts, using practical examples (e.g. 
screening and risk prediction in research and clinical settings). I believe these steps are 
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necessary in order to ensure that the platform is adequately used without DNAm scores 
being overly- or incorrectly-interpreted, especially if the hope is that such a platform will be 
utilized in a clinical context. 
 
Response: We thank the reviewer for highlighting the need to include more information regarding 
potential applications of the DNAm-based scores in ‘MethylDetectR’ in research and clinical 
settings and the appropriate interpretation of their potential utility. To address this, we have 
amended Paragraph 2 in the ‘Discussion’ section to include the following: 
 
“Currently, the DNAm-based predictors in ‘MethylDetectR’ cannot make consistently accurate 
predictions at an individual level and therefore cannot yet be reliably applied in a diagnostic or 
forensic context. Highly-accurate DNAm-based scores can aid in research environments as they 
may provide more accurate information than self-report data (6). For instance, the DNAm-based 
predictor of smoking can provide a more accurate profile of smoking history than responses from 
participants in questionnaires. Further, the use of DNAm-based scores for a variety of human 
traits can proxy many phenotypes such as biochemical and lifestyle traits using a single blood 
draw. Together, these data can help researchers determine relationships between putative risk 
factors and important health outcomes, and aid in patient stratification paradigms. Further, 
‘MethylDetectR’ serves as an important translational tool showing an interactive, demo version of 
the platform and substantial information within each application regarding the interpretation 
and limitations of DNAm-based predictors. As these predictors become refined, they may be of 
clinical value. For instance, a blood-based DNAm test was recently developed that could detect 
five separate types of cancer up to four years before conventional diagnosis. The assay measured 
circulating tumour DNA methylation and predicted disease in 88% of post-diagnosis patients, 
with a specificity of 96%”. 
 
Comment 3: How 'live' is this online resource? Given the fast-paced developments in 
population epigenetic methods and prediction tools, how regularly will the resource be 
updated to take stock of these developments (both in terms of the actual calculation of 
methylation-based scores, as well as the information provided regarding applicability and 
limitations)? 
 
Response: The platform will be continually updated when robust DNAm-based predictors are 
generated by our groups and others. We have added a section called ‘Version Control’ within the 
‘Implementation’ subsection in ‘Methods’. This section details who will be responsible for 
managing ‘MethylDetectR’, and that it will be updated every three months. We also invite other 
researchers to contact us if they wish to have their DNAm-based predictors added to 
‘MethylDetectR’. 
 
Version Control. We will update ‘MethylDetectR’ every three months to include new DNAm-based 
predictors of human traits as they are generated by our own group and others. Updates will be 
managed by Robert F. Hillary or Riccardo E. Marioni. If researchers wish to have their predictors 
considered for inclusion in ‘MethylDetectR’, please use the corresponding author email address in 
this manuscript or the contact details available at the ‘MethylDetectR’ website (
https://www.ed.ac.uk/centre-genomic-medicine/research-groups/marioni-group/methyldetectr). 
The current and historical versions of ‘MethylDetectR’ are available in the Zenodo repository, 
updated versions will also be made available in this repository (
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https://doi.org/10.5281/zenodo.4646300). 
 
 
Further, we have created ‘Version Control’ action buttons at the start of each application, this 
details the history of updates to ‘MethylDetectR’ and indicates that its different versions can be 
accessed through our Zenodo repository. We also take this opportunity to highlight that our 
updated version of ‘MethylDetectR’ associated with this resubmission temporarily omits protein 
predictors from the dataset. The reason for this is that we are generating, and aim to publish, 
predictors for 109 blood protein levels (previously 27 proteins). We are committed to updating 
and managing ‘MethylDetectR’ as a live platform with new predictors added every three months. 
We will also continually monitor the platform to update information presented on the 
applications and website in light of feedback obtained from users and peers. The following text 
has been added the following text in Paragraph 1 of the ‘Discussion’: 
 
“We will continue to update ‘MethylDetectR’ every three months with the aim of including new 
DNAm-based predictors of human traits when they come available”. 
 
Comment 4: The authors provide a link to their online interface for calculating DNAm 
scores. I would anticipate that, at least for research use, many studies would not be allowed 
to upload individual level DNAm data due to data protection policies, even when 
anonymized (some institutions have concerns that omics level data can never be truly 
anonymized), so it is useful that scripts are also provided to run the analyses locally. 
 
Response: We thank the reviewer for this comment. We also highlight that we have now included 
a data protection statement early within the text at the beginning of the ‘Methods’ section: 
 
“Data Protection and Privacy. No data are stored in ‘MethylDetectR’ and are deleted upon 
closing the applications. Applications are also timed out after three minutes of inactivity and are 
hosted on patched and secure servers within the Institute of Genetics and Cancer, University of 
Edinburgh. This research and translational tool complies with GDPR guidelines and has been 
designed to ensure the highest level of data security and privacy. ‘MethylDetectR’ and information 
on its usage are also available at the following website: https://www.ed.ac.uk/centre-genomic-
medicine/research-groups/marioni-group/methyldetectr. Information relating to participant 
consent is also available at this website. Given that no data are stored, this information pertains 
to general risk surrounding the upload of biological data to online software and the measures 
taken to mitigate the risk of motivated intruders gaining access to such data.” 
 
Comment 5: Is it possible to upload potential covariates, such as cell-type, batch, ancestry 
etc.? How were these factors, especially cell-type heterogeneity, taken into account in the 
development of MethylDetectR DNAm scores? 
 
Response: When the predictors for lifestyle and biochemical traits were generated, they were pre-
corrected for age, sex as well as genetic principal components to remove the potential influence 
of ancestry. We did not correct for cell-type heterogeneity in our training data. This is clarified 
with the addition of the following text under the ‘Lifestyle and biochemical traits’ subsection in 
‘Methods’: 
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“In generating the predictors, phenotypes were pre-corrected to remove the influence of age, sex 
and ancestry using ten genetic principal components. Phenotypic data used to train the 
predictors were not corrected for cell-type heterogeneity.” 
 
We also explored the addition of a ‘Covariates’ file to the ‘Calculate Your Scores’ application. When 
testing this, we felt that it may have been confusing for users given that not all users may wish to 
add covariates, and may wish to use some covariates to pre-correct DNAm data prior to the 
calculation of scores and also perhaps use other covariates to residualise the scores themselves. 
This is likely specific to each study. However, to address this excellent point raised by the reviewer, 
we have instead added text within the ‘Press Here for File Formats and Useful Links‘ ‘info’ button 
on the sidebar panel of the ‘Calculate Your Scores’ application to highlight that the user may wish 
to adjust the scores following their download for important covariates dependent on their study 
design or motivation to use ‘MethylDetectR’. We highlight cell-type heterogeneity as a key example 
of this discussion point: 
 
 In 'Calculate Your Scores': "Once you have downloaded the DNAm-based scores, you may wish to 
adjust them for covariates, such as cell type counts or proportions. Importantly, when the 
predictors were created, they were trained on phenotypic data that were not adjusted for cell-type 
heterogeneity. The need for covariate adjustments will be specific to the aims of each study.”  
 
Comment 6: Is this tool adequate for input datasets containing samples who may differ in 
characteristics from those upon which the algorithms were based (e.g. datasets of different 
ancestry)? Further, could the tool be utilized on child populations, where certain but not all 
scores would be applicable (e.g. BMI but not alcohol), if the algorithms were developed on 
adults? And regarding protein levels, how significant is the fact that these scores were 
developed from a sample of adults in old age? Can we assume that the same relationships 
between DNAm and protein levels hold across different life stages? 
 
Response: The reviewer raises excellent points of discussion. Our datasets were trained on an 
adult sample. It is possible that the predictors are not generalisable to different age groups and 
individuals with different ethnic backgrounds. The protein levels have been omitted temporarily 
from the platform but we will include a larger set of 109 proteins owing to refinements in the 
pipeline used to generate the protein predictors. In the future, we will adapt the platform to allow 
for comparisons of DNAm-based scores across samples. At the moment, this is challenging owing 
to variability in technical factors such as batch effects. We appreciate that we must acknowledge 
that the predictors may not be adequate for all age groups and datasets of different ancestry. To 
address these points, we have amended the text in Paragraph 3 of the ‘Discussion’ as follows:  
 
“Distributions of DNAm values and subsequent DNAm-based scores may vary across different 
methylation datasets. In relation to the biochemical and lifestyle traits, the predictors were 
generated using an adult sample of individuals with European ancestry. Therefore, it is possible 
that the predictors may not be generalisable to datasets comprising different age ranges, such as 
cohorts of children, and individuals with different ancestries. Differences between datasets may 
result also arise from biological differences, for example cases for a given disease may have 
altered DNAm values for a number of probes relative to controls, or result from technical or 
normalisation differences. As a result, DNAm-based scores may vary greatly across datasets and 
projecting an individual onto a reference sample to view where their DNAm-based score would lie 
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along the reference sample is therefore challenging. Future work will focus on developing 
methods which can appropriately account for variability across datasets and allow for a 
projection of individuals onto disparate DNAm samples or datasets.”  
 
Comment 7: It would help to add information in the demo about how to interpret the 
different modules (e.g. a walkthrough, or pop-up bubbles) 
 
Response: We agree with the reviewer that the demo version of the app should include detailed 
information on what each panel shows along with guidance on the interpretation of the plots. In 
addition to the other applications, we have now placed in ‘info’ action buttons on the sidebar of 
each panel to show information on what is being shown and how it may be interpreted in 
addition to key limitations.   
 
Comment 8: On a related note, is there a way to help users gauge how ‘reliable’ these 
different scores are? Some DNAm predictors (e.g. smoking) are more reliable and accurate 
than others, could this be indicated in the platform e.g. by visualizing this in the plots or 
adding text to aid interpretation (i.e. to what extent could a user interpret the percentiles 
for different scores with confidence)? I see in page 10 that error bars can be displayed, but 
(a) I do not see where the option to visualize these is in the online tool and this is also not 
explained in the manuscript; (b) I am assuming that these error bars are related to the input 
data, so a bit different from the point of indicating how good the scores themselves are. I 
assume that this can be partly gauged by the information on correlations in the fourth 
panel, although this includes only a selection of the DNAm scores. 
 
Response: We agree with the reviewer that information on the performance of the DNAm-based 
scores must be outlined. Panel 4 is designed to indicate how well DNAm-based scores correlate 
with phenotypic values of the traits in the large Generation Scotland sample. We have added 
appropriate text in ‘info’ buttons in the ‘MethylDetectR’ application and the demo version to 
remedy this issue and clarify the accuracy of the predictors in a large sample. Information on 
how well the predictors perform in the input dataset would require the upload of phenotypic data 
to the platform which is discouraged given data privacy concerns. The error bars in the plot are 
misleading in that they reflect interquartile ranges for the percentiles ranks attributed to cases 
for each predictor – this is clarified in the figure legend and in the ‘info’ button on the relevant 
panel. The figure legend of Figure 4B has been amended as follows: 
 
“(B) The median percentile ranks for cases are plotted for selected traits of interest. The number 
shown in the circle reflects the median percentile, and the interquartile range of percentile ranks 
for cases is shown with the horizontal lines extending from the circle. Here, the median percentile 
ranks with respect to a number of physical traits are shown for cases of diabetes.” 
 
Users of the ‘MethylDetectR’ and ‘MethylDetectR – Demo’ apps are also referred to Panel 4 within 
the information on the first panel in order to quickly indicate where they can go to view 
performance indicators of the predictors. 
 
Comment 9: Third panel how should users interpret differences in correlations between 
their input dataset and the reference GS dataset? What are the implications of these 
differences for interpreting their results (e.g. does it mean that scores should be interpreted 
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with more caution or has no bearing on this)? For example, if the correlation between 
alcohol and smoking DNAm scores in the input dataset is 0.40, but in GS it is only 0.20, what 
does this mean for the user? 
 
Response: We thank the reviewer for highlighting this. As the reviewer indicates, the correlation 
structure can have important implications for interpreting how well the predictors perform across 
the input dataset and Generation Scotland participants. To resolve the concerns raised by the 
reviewer, we have added information in the application on Panel 3 accessible by clicking an ‘info’ 
button. This informs users that if the correlation structure differs greatly from that in Generation 
Scotland, then it may indicate that the general pattern of DNAm-based scores in their input 
dataset may differ with those in Generation Scotland. It may indicate that the characteristics of 
the two datasets differ from one another. Indeed, the performance of predictors in their own 
dataset may not be comparable to that of Generation Scotland. 
 
Comment 10: In the discussion, the authors state that ‘the MethylDetectR platform 
communicates key messages surrounding the development and present limitations of 
DNAm-based health profiling to the wider research community and public’ - where is this 
information provided? I cannot see it either in the Demo or Calculate your Scores platforms. 
This should be provided in the Demo, as the first ‘port of entry’ users should be using to get 
familiarized with the platform (and there should be a notice on the Calculate your Scores 
platform to first check out the Demo, for an example of correct use). This is a good place to 
walk users through the different functionalities/panels of the platform, and for each panel, 
to provide key information on interpretation (e.g. using case examples – “here is Joe, he is 
estimated to be xx years old and score within the xx percentile for yy variable. Based on 
this, we can conclude that xxx. Limitations to keep in mind are xxx. This information could 
be used for xxx applications”). 
 
Response: We agree with the reviewer and add information in the demo and main applications 
which can be accessed upon clicking an ‘info’ action button on each panel. This will allow the 
user, whatever their background, to immediately become familiarised with the calculation and 
the limitations of DNAm-based scores. Further, these action buttons provide a walkthrough of 
each panel. We thank the reviewer for their excellent and very helpful suggestions on how this 
information should be best portrayed.  
 
Comment 11: Similarly, in the conclusion, the authors state that “our platform provides an 
important translational tool which communicates state-of-the-art developments in relation 
to DNAm-based predictors of human traits and health… and highlights the applicability and 
limitations surrounding such predictors prior to their potential deployment in clinical 
assessment and management paradigms.” While the platform allows to calculate state-of-
the-art scores, I cannot see anything related to communication of its uses and limitations. 
 
Response: As above, we have ensured to include this information within the applications 
themselves to resolve this shortcoming in the previous version of the platform. 
 
Comment 12: Generally, the manuscript refers to a lot of different files and links (e.g. the 
Demo, the actual platform, all the Zenodo materials). This relies on the idea that users in 
future will always refer to the manuscript and read it in detail before using the platform. I 
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would suggest having an easy to find, centralized repository for all of these materials, or 
alternatively, to add the various links in the Demo/Calculate your Scores platforms (which 
should be linked somehow). 
 
Response: We agree with the reviewer that the various components of the platform should be 
easier to access. It was our aim to achieve this using the website. Necessarily, all files must be 
deposited to Zenodo, and example .csv files are not appropriate for the website given issues 
surrounding access i.e. text-to-speech conversion on our website. Based on the suggestion of the 
reviewer, we have included links to all elements of the platform, i.e. the other applications, paper, 
website and repository, within each application. This will make navigating the platform quick and 
easy for the user. 
  
Comment 13: The discussion is missing a section on the research and clinical applications 
of this platform. Can the authors provide concrete examples of where and how this 
information could be useful? 
 
Response: We thank the reviewer for highlighting this opportunity to improve communication of 
the potential utility of DNAm-based predictors. In addition to concerns raised by Reviewer 1, we 
acknowledge that, at present, the clinical applications of the DNAm-based scores are limited 
given that they cannot faithfully provide accurate estimates at an individual level. As above, we 
have added the following text in Paragraph 3 of the ‘Discussion’ section to reflect these concerns: 
  
“Currently, the DNAm-based predictors in ‘MethylDetectR’ cannot make accurate predictions at an 
individual level and therefore cannot yet be reliably applied in a diagnostic or forensic context. 
Highly-accurate DNAm-based scores can aid in research environments as they may provide more 
accurate information than self-report data (6). For instance, the DNAm-based predictor of 
smoking can provide a more accurate profile of smoking history than responses from 
participants in questionnaires. Further, the use of DNAm-based scores for a variety of human 
traits can proxy many phenotypes such as biochemical and lifestyle traits using a single blood 
draw. Together, these data can help researchers determine relationships between putative risk 
factors and important health outcomes, and aid in patient stratification paradigms. Further, 
‘MethylDetectR’ serves as an important translational tool showing an interactive, demo version of 
the platform and substantial information within each application regarding the interpretation 
and limitations of DNAm-based predictors. As these predictors become refined, they may be of 
clinical value. For instance, a blood-based DNAm test was recently developed that could detect 
five separate types of cancer up to four years before conventional diagnosis. The assay measured 
circulating tumour DNA methylation and predicted disease in 88% of post-diagnosis patients, 
with a specificity of 96%.”  
 
Minor points 
 
Comment 14: P.3: “In contrast to genetics, these molecular modifications are dynamic, 
tissue-specific and reversible” – would qualify this sentence a little bit. While it is correct 
that, overall, DNAm differ largely across tissues, some sites do show strong correspondence 
across multiple tissues. Similarly, it is unclear whether all DNAm changes are reversible (e.g. 
some smoking-related DNAm alterations persisting post-cessation). 
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Response: We agree with the reviewer that this statement is not wholly accurate. As a result we 
have amended the text in Paragraph 1 of the ‘Introduction’ section as follows: 
“The addition of these chemical tags can alter whether, and to what extent, a gene is active. In 
contrast to genetics, these molecular modifications are dynamic (3). Further, methylation at many 
CpG sites is tissue-specific though some show strong concordance across multiple tissues (4). In 
addition, CpG modifications induced through environmental factors, such as smoking, may be 
reversible or show persistent alterations (5).”   
 
Comment 15: P. 3: “Furthermore, there has been a rapid increase in the commercialisation 
and scalability of DNAm assays for direct-to-consumer use or for use in clinical, research or 
industrial settings.” Can the authors add references or include a couple of examples? 
 
Response: To remedy this, we have added the following reference and removed ‘rapid’ from this 
sentence: 
https://www.nature.com/articles/s41576-020-0215-2 
 
“Furthermore, there has been an increase in the commercialisation and scalability of DNAm 
assays for direct-to-consumer use or for use in clinical, research or industrial settings (new 
reference to https://www.nature.com/articles/s41576-020-0215-2).”  
 
Comment 16: P.3: “Blood DNAm data …provides a good index of the overall health status of 
the body.” Can the authors add a reference to support this? 
 
Response: We have amended the text to include the following reference in Paragraph 2 of the 
‘Introduction’ section: 
 
“Blood DNAm data is often used as it is minimally-invasive to collect and it provides a good index 
of the overall health status of the body (new reference to 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7076122/)”. 
 
Comment 17: P. 4: “Lastly, the user can subset the reference samples by sex, age range or 
case vs. control status.” Case-control status on what variables? 
 
Response: Here, we refer to the case-control variables uploaded by the user. To make this clearer, 
we have amended the text as follows at the end of Paragraph 5 of the ‘Introduction’ section: 
“Lastly, the user can subset the input sample by sex, age range or case vs. control status 
determined by the case-control variables uploaded by the user. Further, the user can subset the 
GS reference sample by age and sex.” 
 
Comment 18: P. 5: https://www.ed.ac.uk/centre-genomic-medicine/research-
groups/marioni-group/methyldetectr the link provided has two attachments, which appear 
to contain the same information: MethylDetectR Participant Information Sheet and 
MethylDetectR Participant Consent Statement. 
 
Response: We sincerely thank the reviewer for spotting this error. The documents were 
accidentally duplicated on the website. This has been remedied to include the correct Participant 
Consent Statement. 
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Comment 19: P. 5: in the explanation of methylation risk scores, the authors could point 
readers to a new review on the topic, including strengths and challenges of this approach 
(Huls & Czamara, 2020 Epigenetics)1. 
 
Response: We thank the reviewer for highlighting this review, we have included the following text 
under the section ‘Development of a DNAm-based predictor’ in ‘Methods’ to allow for its addition: 
  
“Readers are referred to review on the development of DNAm-based scores and the challenges 
surrounding their generation (new reference to Huls & Czamara, 2020).”  
 
Comment 20: P. 6: Age predictor - can the authors specify the age range of the discovery 
data upon which the predictor was based? 
 
Response: We have added this information in the ‘Methods’ section under the ‘Age Predictor’ sub-
section: 
“The age predictor was generated using data from individuals with an age range of 2 to 104 
years.” 
 
Comment 21: P. 6: Can the author provide a reference/specify how cutoffs were selected 
for their protein analyses (e.g. for training-test ratio, r and p thresholds etc.). 
 
Response: We have removed the blood protein predictors in the current version of ‘MethylDetectR’ 
but will include 109 blood protein predictors in the next update.  

Competing Interests: R.E.M has received payment from Illumina for a presentation.

Reviewer Report 22 January 2021
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© 2021 Sharp G. This is an open access peer review report distributed under the terms of the Creative Commons 
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Gemma Sharp   
MRC Integrative Epidemiology Unit, Population Health Sciences, University of Bristol, Bristol, UK 

This paper describes a very useful and novel platform for generating DNA methylation-based 
predictors of traits from 450k/EPIC array data. The plots produced by the app are attractive and it 
is very pleasing to see that all code has been provided so that users can reproduce and adapt 
these outputs if they wish. I look forward to using the platform and thank and congratulate the 
authors on their great work. 
 
I have a few more specific comments and some ideas for how the paper and/or platform could 
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possible be improved: 
 
The paper does a very good job of describing the potential for DNA methylation as an indicator or 
predictor of human traits and health. The motivation for doing this from a clinical point of view is 
well-argued. 
 
The need for the platform is clear. It saves the user a lot of time and effort in generating DNAm-
based predictors of traits in their own data. While generating a DNAm-based predictor of 
epigenetic age has been possible for several years using the web-based platform developed by 
Horvath et al., this platform is unique in that it also includes six DNAm-based predictors of lifestyle 
and biochemical traits (alcohol consumption, body fat percentage, BMI, HDL cholesterol, smoking 
status and waist-to-hip ratio) and 27 predictors of blood protein levels related to inflammatory or 
neurological processes/diseases. The lifestyle predictors were generated in a large sample of 
individuals. The 27 protein predictors were generated in a much smaller sample, but replicated in 
an independent subset.  
 
The platform consists of two applications, but it was a little unclear to me what these were. The 
first application is MethylDetectR - Calculate Your Scores. Is the second application "the main 
MethylDetectR application"? 
 
Users must upload their 450k or EPIC array data to the Calculate Your Scores application. The 
authors say that no data are stored by the application near the start of the paper. Later, in the 
Methods section, they provide more information on this and this section settled my concerns 
about data sharing of individual level data. Given that DNA methylation array data can potentially 
be used to identify individuals, data managers, legal teams and researchers may be 
understandably reluctant to upload data to an external website. Although it seems that this is 
probably a very low risk, it could be work highlighting this helpful section with a specific heading 
on data protection, and/or moving it to earlier in the paper. 
 
I agree that the utility of DNAm-based predictors lies in population-level research and are 
inaccurate and therefore of less use in predicting values at the individual level. If this platform can 
help illustrate that, it will be a useful teaching and learning aid. I suppose there's a concern that 
users may ignore that warning though and use the platform to make inferences about individuals. 
Are these caveats explained clearly within the app? It doesn't help that the app appears to provide 
predictions at the individual level, such as "we predict that you are 60 years old!" and I would 
strongly suggest changing this. Similarly in the discussion there is a paragraph that outlines the 
potential for these scores to be used in diagnosis/prognosis and forensics, which would require 
accurate prediction at the individual level. I suggest that this paragraph includes a caution that 
this is not possible using the scores generated by MethylDetectR. The issue with differences in 
distribution across datasets is explained well in the next paragraph, but I think the point (that 
MethylDetectR scores cannot be used to make predictions at the individual level) needs making 
explicitly. 
 
The upload limit is 3gb but files greater than 500mb "may take a considerable amount of time to 
upload". Is there any way to prepare files that could reduce this limitation? Does the website 
require data for every CpG on the array or just a subset that are useful in generating the scores? 
Should/could files be compressed? 
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I was glad to see that an R script is provided for users who do not wish to/cannot upload DNAm 
data. The link provided goes to a repository of code and data. Would it be more 
appropriate/possible to release this as an R package? 
 
The demo version of the app is useful - please could it be mentioned nearer the start of the paper? 
 
The interface for the app itself would benefit from extra information being included on how files 
should be formatted, file size restrictions, etc. This would be more helpful for users than having to 
refer back to this paper or other instructions. Similarly, the plots generated in the MethylDetectR 
app are useful but some information on each tab explaining what this plot is showing is needed. 
 
Do the authors plan to update the app to include predictors for more traits as and when they are 
discovered? 
 
A small point about Figure 1 and Figure 2: I don't find that these figures add anything to the 
paper. For example, Figure 2 could be more clearly presented as a bulleted list, no extra 
information is conveyed by having the information in circles (and all information is already 
provided in the main text).
 
Is the rationale for developing the new software tool clearly explained?
Yes

Is the description of the software tool technically sound?
Yes

Are sufficient details of the code, methods and analysis (if applicable) provided to allow 
replication of the software development and its use by others?
Yes

Is sufficient information provided to allow interpretation of the expected output datasets 
and any results generated using the tool?
Partly

Are the conclusions about the tool and its performance adequately supported by the 
findings presented in the article?
Yes

Competing Interests: No competing interests were disclosed.

Reviewer Expertise: Epigenetic epidemiology, R, Shiny.

I confirm that I have read this submission and believe that I have an appropriate level of 
expertise to confirm that it is of an acceptable scientific standard, however I have 
significant reservations, as outlined above.

Author Response 30 Mar 2021
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Robert Hillary, University of Edinburgh, Edinburgh, UK 

Comment 1: The need for the platform is clear. It saves the user a lot of time and effort in 
generating DNAm-based predictors of traits in their own data. While generating a DNAm-
based predictor of epigenetic age has been possible for several years using the web-based 
platform developed by Horvath et al., this platform is unique in that it also includes six 
DNAm-based predictors of lifestyle and biochemical traits (alcohol consumption, body fat 
percentage, BMI, HDL cholesterol, smoking status and waist-to-hip ratio) and 27 predictors 
of blood protein levels related to inflammatory or neurological processes/diseases. The 
lifestyle predictors were generated in a large sample of individuals. The 27 protein 
predictors were generated in a much smaller sample, but replicated in an independent 
subset.  
 
Response: We thank the reviewer for their encouraging comments regarding this platform. We 
take this opportunity to highlight that our updated version of ‘MethylDetectR’ temporarily omits 
protein predictors from the dataset. The reason for this is that we are generating, and aim to 
publish, predictors for a larger set 109 blood protein levels including refinements in the pipeline 
used to generate the protein predictors. We are committed to updating and managing 
‘MethylDetectR’. We will update ‘MethylDetectR’ every three months. We will include these 109 new 
predictors when they become available, likely in the next update. Owing to the temporary 
omission of blood protein predictors, references to these predictors in the text and figures have 
been removed. The manuscript has been updated accordingly throughout.  
 
 
Comment 2: The platform consists of two applications, but it was a little unclear to me what 
these were. The first application is MethylDetectR - Calculate Your Scores. Is the second 
application "the main MethylDetectR application"? 
 
Response: We thank the reviewer for highlighting this issue and agree that this must be clarified. 
The reviewer is correct, the first application is ‘MethylDetectR – Calculate Your Scores’. However, 
the use of this application is optional as users may wish to download the scripts to generate their 
own scores. Alternatively, the user may have to use the provided scripts if their DNAm file is too 
large for upload. Though, we now include an additional .csv file ‘Truncate_to_these_CpGs.csv’ to 
allow users to subset their DNAm file to those CpG sites used in the ‘MethylDetectR – Calculate 
Your Scores’ application. This all results in the main ‘MethylDetectR’ application being the ‘second’ 
application in the context of the entire platform and its pipeline. We have clarified this in the 
main text with the addition of the following text: 
 
“Briefly, the ‘MethylDetectR’ platform consists of two applications. The first application named 
‘MethylDetectR – Calculate Your Scores’ allows users to securely upload Illumina 450k or EPIC 
DNAm array data and obtain blood-based methylation predicted scores (or values) for the 
aforementioned traits. No data are stored by the application. Furthermore, predicted scores are 
often returned on arbitrary scales. The use of this application is optional as users may instead use 
R scripts which we have made publicly available if they so wish or if their DNAm files are too large 
for upload to the online application (>3 GB) (https://doi.org/10.5281/zenodo.4646300). However, 
users can access a file called ‘Truncate_to_these_CpGs.csv’ to subset the list of CpG sites in their 
DNAm files to those required by the ‘MethylDetectR – Calculate Your Scores’ application. This 
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should reduce file size and upload time.  
The second and main application named ‘MethylDetectR’ allows users to compare DNAm-derived 
scores for any individual in their input dataset against other individuals in the input dataset. 
Percentile ranks for individuals in the input dataset may be downloaded.” 
 
 
Comment 3: Users must upload their 450k or EPIC array data to the Calculate Your Scores 
application. The authors say that no data are stored by the application near the start of the 
paper. Later, in the Methods section, they provide more information on this and this section 
settled my concerns about data sharing of individual level data. Given that DNA methylation 
array data can potentially be used to identify individuals, data managers, legal teams and 
researchers may be understandably reluctant to upload data to an external website. 
Although it seems that this is probably a very low risk, it could be work highlighting this 
helpful section with a specific heading on data protection, and/or moving it to earlier in the 
paper. 
 
Response: We strongly agree with the reviewer that data protection and privacy concerns are of 
utmost importance in relation to this platform. We also agree that a dedicated section should be 
placed earlier in the manuscript discussing data protection and privacy aspects of the platform. 
As a result, we have added the following text at the top of the ‘Methods’ section giving data 
protection and privacy aspects their own dedicated section to appropriately reflect its 
importance: 
 
“Data Protection and Privacy. No data are stored in ‘MethylDetectR’ and are deleted upon 
closing the applications. Applications are also timed out after three minutes of inactivity and are 
hosted on patched and secure servers within the Institute of Genetics and Cancer, University of 
Edinburgh. This research and translational tool complies with GDPR guidelines and has been 
designed to ensure the highest level of data security and privacy. ‘MethylDetectR’ and information 
on its usage are also available at the following website: https://www.ed.ac.uk/centre-genomic-
medicine/research-groups/marioni-group/methyldetectr. Information relating to participant 
consent is also available at this website. Given that no data are stored, this information pertains 
to general risk surrounding the upload of biological data to online software and the measures 
taken to mitigate the risk of motivated intruders gaining access to such data.” 
 
Comment 4: I agree that the utility of DNAm-based predictors lies in population-level 
research and are inaccurate and therefore of less use in predicting values at the individual 
level. If this platform can help illustrate that, it will be a useful teaching and learning aid. I 
suppose there's a concern that users may ignore that warning though and use the platform 
to make inferences about individuals. Are these caveats explained clearly within the app? It 
doesn't help that the app appears to provide predictions at the individual level, such as "we 
predict that you are 60 years old!" and I would strongly suggest changing this. Similarly, in 
the discussion, there is a paragraph that outlines the potential for these scores to be used 
in diagnosis/prognosis and forensics, which would require accurate prediction at the 
individual level. I suggest that this paragraph includes a caution that this is not possible 
using the scores generated by MethylDetectR. The issue with differences in distribution 
across datasets is explained well in the next paragraph, but I think the point (that 
MethylDetectR scores cannot be used to make predictions at the individual level) needs 
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making explicitly. 
 
Response: We agree with the reviewer that the platform provides an opportunity to communicate 
the message that DNAm-based predictors work well at a population level, but cannot make 
accurate predictions at an individual level. This has major implications for their use in clinical 
settings. We, therefore, take the following actions. First, we change the text in the first panel of 
‘MethylDetectR’ and ‘MethylDetectR – Demo’ to include the following message: “Epigenetic Clock 
(Zhang) age estimate: X years*” and include underneath “*All methylation-based predictors 
in ‘MethylDetectR’ can make inaccurate predictions at an individual level, limiting clinical 
utility. However, they can work well at the population level and will improve further with 
more refined prediction methods and larger-scale studies”. This ensures that the message is 
communicated explicitly at the first instance of the application. 
 
Second, we amend text in Paragraph 2 of the ‘Discussion’ section to mention that DNAm-based 
scores in ‘MethylDetectR’ cannot be used in diagnosis/prognosis and forensics:   
 
 “Currently, the DNAm-based predictors in ‘MethylDetectR’ cannot make consistently accurate 
predictions at an individual level and therefore cannot be reliably applied in a diagnostic or 
forensic context.” 
 
Third, we remove the following text from the same paragraph: 
 
“DNAm-based predictors of human traits, such as chronological age and body mass index, may 
also aid in forensic contexts.” 
 
Comment 5: The upload limit is 3gb but files greater than 500mb "may take a considerable 
amount of time to upload". Is there any way to prepare files that could reduce this 
limitation? Does the website require data for every CpG on the array or just a subset that 
are useful in generating the scores? Should/could files be compressed? 
 
Response: We recognise this as a current limitation of the software. To resolve this issue, we 
provide a list of CpG sites (‘Truncate_to_these_CpGs.csv’) which the user can use to truncate their 
DNAm dataset prior to upload. This is included in the Zenodo repository and also clearly detailed 
in the ‘Press Here to Format Files and Useful Links’ action button in the ‘Calculate Your Scores’ 
application. 
 
Comment 6: I was glad to see that an R script is provided for users who do not wish 
to/cannot upload DNAm data. The link provided goes to a repository of code and data. 
Would it be more appropriate/possible to release this as an R package? 
 
Response: We thank the reviewer for this excellent suggestion. At the moment, we feel that the 
provided code and applications achieve a similar goal as an R package.  Nonetheless, in the 
future, we aim to refine the platform by developing methods that can allow for comparisons of 
DNAm-based scores across different cohorts. Currently, this is challenging owing to variability in 
technical factors across different DNAm datasets, such as batch effects. As a result, the 
application allows only for the calculation of DNAm-based scores within the input dataset. 
Furthermore, we hope to release an R package that can allow for the projection of DNAm-based 
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scores onto other cohorts, such as those in Generation Scotland and allow for visual comparisons 
between distributions of scores in the input cohort and those within Generation Scotland. 
 
Comment 7: The demo version of the app is useful - please could it be mentioned nearer 
the start of the paper? 
 
Response: The demo version of the app is now mentioned at the start of the paper in Paragraph 4 
of the ‘Introduction’ section. It was previously mentioned in the ‘Methods’ section.  
 
Comment 8: The interface for the app itself would benefit from extra information being 
included on how files should be formatted, file size restrictions, etc. This would be more 
helpful for users than having to refer back to this paper or other instructions. Similarly, the 
plots generated in the MethylDetectR app are useful but some information on each tab 
explaining what this plot is showing is needed. 
 
Response: We thank the reviewer for suggesting this useful addition to the platform. We have now 
included ‘info’ action buttons on each panel of ‘MethylDetectR’, ‘MethylDetectR – Demo’ and on 
‘MethylDetectR – Calculate Your Scores’. These action buttons provide information on what the 
panels show and how to format files. We also include links to the main website and links to the 
other apps so navigation between the different components of the platform is simplified.   
 
Comment 9: Do the authors plan to update the app to include predictors for more traits as 
and when they are discovered? 
 
Response: Yes, we will continue to update the applications and platform to include a larger set of 
DNAm-based predictors of protein levels. We will add in predictors of 109 blood proteins and 
include robust DNAm-based predictors of human traits generated in our group and others. We 
will update ‘MethylDetectR’ every three months. To clarify this, we have added a ‘Version Control’ 
paragraph to the ‘Implementation’ subsection of ‘Methods’: 
 
                “Version Control. We will update ‘MethylDetectR’ every three months to include new 
DNAm-based predictors of human traits as they are generated by our own group and others. 
Updates will be managed by Robert F. Hillary or Riccardo E. Marioni. If researchers wish to have 
their predictors considered for inclusion in ‘MethylDetectR’, please use the corresponding author 
email address in this manuscript or the contact details available at the ‘MethylDetectR’ website (
https://www.ed.ac.uk/centre-genomic-medicine/research-groups/marioni-group/methyldetectr). 
The current and historical versions of ‘MethylDetectR’ will be available in the Zenodo repository, 
updated versions will also be made available in this repository (
https://doi.org/10.5281/zenodo.4646300)”. 
 
We have also added the following text to Paragraph 1 of the ‘Discussion’:  
 
“We will continue to update ‘MethylDetectR’ every three months with the aim of including new 
DNAm-based predictors of human traits when they come available”.  
 
 
Comment 10: A small point about Figure 1 and Figure 2: I don't find that these figures add 
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anything to the paper. For example, Figure 2 could be more clearly presented as a bulleted 
list, no extra information is conveyed by having the information in circles (and all 
information is already provided in the main text). 
 
Response: We agree with the reviewer that these figures are not essential for the paper or the 
platform. As a result, we have removed them and updated figure annotations accordingly.  
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