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ABSTRACT

Biomedical research has grown increasingly cooperative through the sharing of consortia-level
epigenetic data. Since consortia preprocess data prior to distribution, new processing pipe-
lines can lead to different versions of the same dataset. Similarly, analytic frameworks evolve
to incorporate cutting-edge methods and best practices. However, it remains unknown how
different data and analytic versions alter the results of epigenome-wide analyses, which could
influence the replicability of epigenetic associations. Thus, we assessed the impact of these
changes using data from the Avon Longitudinal Study of Parents and Children (ALSPAC)
cohort. We analysed DNA methylation from two data versions, processed using separate
preprocessing and analytic pipelines, examining associations between seven childhood adver-
sities or prenatal smoking exposure and DNA methylation at age 7. We performed two sets of
analyses: (1) epigenome-wide association studies (EWAS); (2) Structured Life Course Modelling
Approach (SLCMA), a two-stage method that models time-dependent effects. SLCMA results
were also compared across two analytic versions. Data version changes impacted both EWAS
and SLCMA analyses, yielding different associations at conventional p-value thresholds.
However, the magnitude and direction of associations was generally consistent between
data versions, regardless of p-values. Differences were especially apparent in analyses of
childhood adversity, while smoking associations were more consistent using significance
thresholds. SLCMA analytic versions similarly altered top associations, but time-dependent
effects remained concordant. Alterations to data and analytic versions influenced the results
of epigenome-wide analyses. Our findings highlight that magnitude and direction are better
measures for replication and stability than p-value thresholds.
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Introduction . . .
collaborative efforts, generating and compiling

Biomedical science has become increasingly coop-
erative over the past decade. The emergence of
large datasets, combined with the small effects of
biological measures on complex traits, has fuelled
such cooperation, making global collaboration
with researchers more important now than ever.
Access to large-scale data has emphasized the
importance of identifying both replicable and
stable findings, both across and within research
studies. As such, large consortia, including birth
cohorts, have become an integral part of these

large amounts of research data ranging from beha-
vioural and clinical markers to molecular and
genetic measures. These data are often made avail-
able to collaborators and other researchers world-
wide, facilitating the interrogation of broader
research questions and enabling replication efforts.

Epigenetic data are one key data type collected
within these consortia. Epigenetics refer to
mechanisms that can result in heritable changes
to gene expression without altering genetic
sequences [1]. DNA methylation (DNAm) is the
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most common type of epigenetic mechanism mea-
sured in human studies. DNAm occurs when
a methyl group is added to cytosine residues, typi-
cally in the context of cytosine-guanine dinucleo-
tides (CpG). DNAm is both stable over time and
responsive to external signals in certain genomic
contexts, which highlights its potential as
a biomarker and mechanism for the biological
embedding of environmental factors [2]. As
a result, epigenome-wide association studies
(EWAS) have exploded in popularity, with over
1,600 papers on EWAS published since 2015.

To facilitate the sharing of DNAm data, datasets
are often processed by the individual cohorts prior
to distribution. However, due to both technologi-
cal and conceptual developments over time, the
data available from large cohorts can become out-
dated, requiring the distribution of revised ver-
sions to collaborators. In addition, individuals in
longitudinal studies occasionally withdraw consent

to share their data, reducing the overlap of samples
between different data versions. Despite these
updates, researchers will sometimes continue to
analyse and publish the results from previous
data versions. At the same time, analytic frame-
works are constantly updated and improved upon,
resulting in newer cutting-edge methods and shift-
ing analytic best practices [3]. Yet, the extent to
which differences in data versions and analytic
pipelines lead to meaningful differences in analytic
results remains unclear. This knowledge gap raises
an important question as to the replicability and
stability of findings, which may differ even within
a single study and influence the collective inter-
pretation of epigenome-wide associations in bio-
medical research.

Here, we explored the impact of changes in data
versions and analytic methods on the consistency
of  within-cohort  epigenome-wide findings
(Figure 1). The goal of the present study was to

(| 1)
Step 1. Characterizing old vs new data differences
A. CpG-level
B. Individual-level
-
% 2 | [ Step 2. EWAS of chidhood adversity
g A. Old data
BE B. New data
a3
Step 3. SLCMA of childhood adversity (covariance test)
A. Old data
B. New data
- _/

~

J

° e

Sensitivity  Analytic version

analyses

comparisons

Step 4. SLCMA of childhood adversity (new data)
A. Covariance test
B. Selective inference
C. Selective inference, FWL, new covariates

Step 5. Analyses of prenatal smoking
A. EWAS from step 2 (data version changes)
B. SLCMA from step 3 (data version changes)
C. SLCMA from step 4 (analytic version changes)

\

J

Figure 1. Overview of analyses. Steps 1-3 outline the impact of data version differences. Step 4 outlines the effect of analytic version
differences. Here, childhood adversity refers to the seven different types of adversity that were assessed in these analyses. Step 5
outlines the sensitivity analyses of exposure to maternal smoking during gestation, which were performed as in steps 2—4.

*FWL = Frisch-Waugh-Lovell theorem (covariate adjustment method).



highlight the impact of data and analytic version
changes at the cohort-level, particularly in the
context of time-varying exposures to childhood
adversity. To this end, we analysed two versions
of epigenetic data collected from children at age 7
from the Avon Longitudinal Study of Parents and
Children (ALSPAC) cohort, a longitudinal birth
cohort near Bristol, England. We first character-
ized the difference between these versions with
respect to the distributions of DNAm at the
CpG- and individual-level to illuminate the discre-
pancies that can arise between data versions.
Second, we performed two analyses to ascertain
the impact of data version changes at the level of
CpG associations, using classical EWAS and
a more nuanced analytic method called the
Structured Life Course Modelling Approach
(SLCMA) [4]. We performed these analyses using
two different types of exposures, contrasting the
results from psychosocial (childhood adversity)
and physical (maternal smoking during preg-
nancy) exposures [5,6]. Finally, we compared
results derived from SLCMA between two analytic
versions, as more recent guidelines have emerged
on its use in big data settings [3]. Overall, these
analyses provide insight into the reproducibility of
epigenome-wide associations and highlight the
features of epigenetic data that are more reprodu-
cible and robust to within-study changes, which
are important considerations for future meta- and
cross-cohort analyses.

Materials and methods
ALSPAC cohort

ALSPAC is a large prospective cohort study that
recruited 14,541 pregnancies in Avon, UK, with
expected dates of delivery between 1 April 1991
and 31 December 1992 [7,8]. Further details of the
study and available data are provided on the study
website through a fully searchable data dictionary
(http://www.bris.ac.uk/alspac/researchers/data-

access/data-dictionary/). Please note that the study
website contains details of all the data that is
available through a fully searchable data dictionary
and variable search tool (http://www.bristol.ac.uk/
alspac/researchers/our-data/). Ethical approval for
the study was obtained from the ALSPAC Law and
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Ethics Committee and the Local Research Ethics
Committees. Consent for biological samples has
been collected in accordance with the Human
Tissue Act (2004). Informed consent for the use
of data collected via questionnaires and clinics was
obtained from participants following the recom-
mendations of the ALSPAC Ethics and Law
Committee at the time. All data are available by
request from the ALSPAC Executive Committee
for researchers who meet the criteria for access to
confidential data (http://www.bristol.ac.uk/alspac/
researchers/access/).

Epigenetic data generation

DNAm profiles at birth, 7, and 15 years of age are
part of the Accessible Resource for Integrated
Epigenomic Studies (ARIES), a subsample of
1,018 mother—child pairs from the ALSPAC
cohort [9]. In this study, we focused on the sam-
ples collected at age 7. Briefly, DNA was extracted
from peripheral blood samples according to estab-
lished procedures. DNAm was then measured at
485,577 CpG sites across the genome using the
Mlumina Infinium Human Methylation 450 K
BeadChip microarray (Illumina, San Diego, CA).
We received two versions of the DNAm data,
which were processed using different pipelines by
ALSPAC, as described below.

Epigenetic data versions

In the first version, which we refer to as the old
data (2015 version), DNAm data were processed
using the pipeline developed by Touleimat and
Tost [9,10]. This old data pipeline involved colour
bias correction using a smooth quantile normal-
ization method, background correction using
negative control probes, and subset quantile nor-
malization (SWAN) wusing the R-package
wateRmelon [11]. No loci were removed due to
poor call rates. Samples with >20% of probes
with a detection p-value >0.01 were removed due
to low quality. No post hoc batch effect corrections
were performed in this data version. DNAm values
were expressed as beta values (i.e., values that
represent % methylation at each probe). As such,
DNAm values for all 485,577 CpGs were available
in the old data version in 973 participants.
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http://www.bris.ac.uk/alspac/researchers/data-access/data-dictionary/
http://www.bristol.ac.uk/alspac/researchers/our-data/
http://www.bristol.ac.uk/alspac/researchers/our-data/
http://www.bristol.ac.uk/alspac/researchers/access/
http://www.bristol.ac.uk/alspac/researchers/access/

1376 A. A. LUSSIER ET AL.

Although these pre-processing procedures have
been surpassed by newer methods in the current
epigenetics literature, several key studies have
recently been published using this version of the
ALSPAC data release, including the first study of
time-varying exposures to childhood adversity and
DNAm [5] and several epigenome-wide associa-
tion studies (EWAS) of early-life environments
[12-14].

Given the evolving best practices in epigenome-
wide studies [15-20], the ALSPAC cohort recently
released a revised version of their data to colla-
borators. In this second data version, which we
refer to as the new data (2018 version), DNAm
data were processed using the pipeline developed
by Min and colleagues using the meffil R package
[21]. Dye bias and background correction were
performed using the ‘noob’ method [22], while
normalization was performed using functional
normalization [16]. Batch effects were corrected
using principal components calculated from con-
trol probes [21]. In addition, samples with > 10%
of CpG sites with a detection p-value >0.01 or

a bead count <3 in >10% of probes were removed.
As such, there were fewer CpGs (n = 482,855) and
participants (n = 970) available for analysis in the
new data compared to the old data (Figure 2a).
Furthermore, due to data processing and poten-
tial removal of consent for some individuals, only
948 participants overlapped between both data
versions (Figure 2a). Only singleton birth partici-
pants present in both data versions were analysed
(n = 946), limiting differences between data ver-
sions to those related to DNAm values. For the
current analyses, we further removed cross-
hybridizing probes, polymorphic probes, as well
as probes that did not overlap between both data
versions. We also removed probes located in sex
chromosomes, as dosage differences between
males and females (i.e., differences in DNAm
levels due to the number of sex chromosomes)
result in misleading DNAm estimates from the
450 K array, particularly in the case of subset
quantile normalization [16]. These filtering steps
resulted in a list of 440,257 CpGs that were present
in each data version. To remove possible outliers,
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Figure 2. Differences between data versions of the ARIES cohort. (a) 948 participants overlapped between versions of the data. The
new dataset had slightly less probes due to filtering procedures. (b) Both the old and the new data showed typical bimodal
distributions. However, the density of genome-wide DNA methylation was shifted towards the left in the new data, suggesting that
the setpoint of hypermethylated CpGs was lower in the new data. ¢) Mean values for each CpG were shifted towards more middling
values in the new data. d) The standard deviation (SD) of each CpG was generally higher in the old data. 300,839 CpGs had higher
variability in the old data (dark grey) and 182,016 CpGs had higher variability in the new data (light grey). (e) Individual-level mean
DNA methylation (across all CpGs) varied substantially between data versions. The new data were highly variable, whereas the old
data showed no variability between participants. (f) Individual-level DNAm data were generally highly correlated between data
versions (r = 0.98, red line), with no clear biases detected for specific chromosomes. (g) Individual-level DNAm from specific genomic
regions were generally highly correlated between data versions (r = 0.98, red line). However, CpGs located in 3XUTRs showed slightly
lower correlations between datasets. (h) Estimated cell type proportions showed slight differences between the old and new
datasets (differences were calculated by subtracting old data proportions from new data proportions).



we winsorized the beta values at each CpG site,
setting the bottom 5% and top 5% of values to the
5th and 95th quantile, respectively.

Measures of childhood adversity

We investigated seven types of childhood adversity
assessed between birth and age 7: experiences of
sexual/physical abuse, caregiver physical/emo-
tional abuse, maternal psychopathology, financial
stress, family instability, one-adult households,
and neighbourhood disadvantage. These variables
were coded the same way between both the old
and new datasets. For a full description of these
variables, please refer to Dunn and colleagues
(2019), which described their coding in depth [5].

Analyses

The code for the analyses below can be found at
github.com/thedunnlab/data_differences/.
Summary statistics for all CpGs and analyses are
available upon request.

Global differences between data versions

To assess how the old and new ALSPAC datasets
broadly differed, we performed the following ana-
lyses. We first focused on CpG-level differences,
averaging DNAm values across all individuals to
assess 1) the distribution of DNAm values across
the epigenome; 2) the mean DNAm values for
each CpG; and 3) the variability in the DNAm
levels of each CpG, captured using standard devia-
tion across individuals. Next, we assessed indivi-
dual-level differences, focusing on differences in 1)
mean DNAm levels across the epigenome; 2) epi-
genome-wide correlation in DNAm values across
individuals, measured using Pearson correlations
at the level of chromosomes or genomic features; 3)
differences in cell type proportions estimated
using the Houseman method [23].

Epigenome-wide association study (EWAS) of
childhood adversity

To determine how data versions can influence the
results of traditional epigenome-wide methods, we
performed EWAS for each of the childhood
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adversities described above using the old and
new data versions. In these two analyses, we cate-
gorized children as ‘exposed’ or ‘unexposed’ to
adversity, based on whether they experienced
a given adversity between ages 0 to 7, resulting in
seven separate EWAS, one for each type of child-
hood adversity. We performed these epigenome-
wide associations using basic least squares regres-
sion in the limma package in R, using empirical
Bayes to calculate standard errors [24]. Childhood
adversities were treated as the exposures and
DNAm was treated as the outcome. Consistent
with previous work on these exposures [5], we
included the following covariates to account for
potential confounding: sex, race/ethnicity, mater-
nal age at birth, maternal education, birth weight,
number of previous pregnancies, maternal smok-
ing during pregnancy, and cell type proportions
estimated using the Houseman method [23]. We
accounted for multiple-testing using the
Benjamini-Hochberg method and set the false dis-
covery rate (FDR) at 5%[25]. We also provide
Bonferroni-adjusted results in the Supplemental
Materials as sensitivity analyses. Quantile-quantile
plots for the EWAS can be found in the
Supplemental Materials alongside the genomic
inflation factor and BACON inflation estimate
[26] (Fig S1).

Structured Life Course Modelling Approach
(SLCMA) of childhood adversity

The SLCMA is a two-stage method that compares
different life course hypotheses that describe the
time-dependent relationship between different
exposures and an outcome of interest
[27,4,28,29]. This method simultaneously com-
pares a set of a priori-specified life course hypoth-
eses encoding time-varying exposure-DNAm
relationships, such as the developmental timing
of exposure (sensitive periods), or a cumulative
count of exposures over time (accumulation of
risk). Therefore, it provides more nuanced insights
about exposure mechanisms beyond the tradi-
tional analyses of exposed versus unexposed indi-
viduals. Importantly, the SLCMA has been applied
in multiple contexts to determine whether the
timing of certain exposures can influence
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outcomes, including psychiatric measures and
DNAm [3,30].

To summarize SLCMA briefly, in the first stage,
variable selection (LARS-LASSO) is used to select
the life course hypothesis (i.e., sensitive periods)
that explains the greatest proportion of outcome
variation (i.e, DNAm at a given CpG locus). In
the second stage, post-selection inference is per-
formed to obtain point estimates, confidence inter-
vals, and p-values for the hypothesis selected from
the first stage, accounting for multiple testing bur-
den associated with testing several life course
hypotheses  simultaneously at each locus.
Importantly, both steps are applied independently
to each locus tested, identifying the time-
dependent exposure best explaining DNAm varia-
tion for each locus individually and testing the
significance of that relationship.

To assess the impact of data version changes on
SLCMA results, we tested the association between
the seven types of childhood adversity and epige-
netic patterns, as previously reported by Dunn and
colleagues (2019), in both data versions. Each type
of adversity was analysed separately. We tested five
different life course hypotheses, including three
sensitive periods hypotheses encoding exposures
during the following three time periods: 1) very
early childhood (0-2), 2) early childhood (3-5), 3)
middle childhood (6-7); and two additive hypoth-
eses: 4) total number exposures across childhood
(accumulation), and 5) number of exposures
weighted by time (recency). Post-selection infer-
ence was performed using the covariance test
(covTest) method [31]. We adjusted for the same
covariates as in the EWAS analyses and accounted
for multiple-testing at the epigenome-level using
the Benjamini-Hochberg method and set the FDR
at 5% [25]. Quantile-quantile plots for the SLCMA
analyses can be found in the Supplemental
Materials alongside the genomic inflation esti-
mates (Fig S2).

Analytic version updates of the SLCMA of
childhood adversity

To determine how updates to analytic versions
influence the SLCMA results, we compared the
results from the new data using the analysis
described above, which we refer to as the standard

analysis, to the latest recommendations for the
SLCMA as described by Zhu and colleagues
(2020), which we refer to as the updated analysis.
This approach differed in three major ways. First,
post-selection inference was performed using the
selective inference method, which reduces p-value
inflation compared to the covariance test in high
dimensional analyses [3,32]. Second, we adjusted
for covariates using the Frisch-Waugh-Lovell
(FWL) theorem (partitioned regression) [33].
This method has been used in penalized regression
analyses and can improve the statistical power to
detect differences between groups [3,34]. Third,
we updated the covariates to reflect best practices
in the ALSPAC cohort, swapping parental occupa-
tion-based social class for maternal education.
Maternal education is not only a better predictor
of health and DNAm patterns, but also has better
availability and comparability in other birth
cohorts, allowing for more direct comparisons
and integration into future meta-analyses [14,35].

Sensitivity analyses of prenatal exposure to
maternal smoking

Given that the associations between smoking and
DNAm are some of the best replicated findings in
the EWAS field, we performed additional sensitiv-
ity analyses to contrast this physical exposure to
the psychosocial exposures described above. We
assessed the impact of data versions on the asso-
ciation between exposure to maternal smoking
during pregnancy and epigenetic patterns, as pre-
viously reported by Richmond and colleagues
(2018). Following the same approach as the ana-
lyses of childhood adversity, we performed an
EWAS of prenatal exposure to maternal smoking
in the old and new data versions. Maternal smok-
ing exposure was ascertained repeatedly in all
three trimesters, wherein smoking at any point
was considered prenatal smoking exposure [6].
For the SLCMA analysis, we tested five separate
life course hypotheses of prenatal smoking expo-
sure: first trimester, second trimester, third trime-
ster, all trimesters, and
recency of exposure. We included the following
covariates in these analyses, as previously
described [5]: sex, race/ethnicity, maternal age at

accumulation across



birth, maternal education, birth weight, number of
previous pregnancies, and cell type proportions.

Results

Old and new versions of the ALSPAC data
differed by several key descriptive features

We first assessed the CpG- and individual-level
differences between the ALSPAC data normalized
using the Tost pipeline (old) and the meffil pipe-
line (new). The genome-wide distribution of
DNAm values from the old data was generally
shifted towards the centre in the new data
(Figures 2b,c). CpG-level variability, assessed by
the standard deviation of each CpG, was generally
higher in the old data (Figure 2d). In addition, we
detected higher individual-level variability (across
all CpGs) in the new data than in the old data,
which showed no individual-level variability due
to the use of quantile normalization (Figure 2e).
Nevertheless, individual-level data were generally
highly correlated between data versions (mean
r = 0.981, SD = 0.003), with no clear biases being
detected in specific chromosomes (figure 2f).
However, CpGs located in 3'UTRs showed slightly
lower correlations between versions (Figure 2g).
Estimated cell-type proportions showed only slight
differences between data versions but were mostly
similar (Figure 2h).

Epigenome-wide association study results
differed between data versions

To determine how data versions may impact the
results from traditional EWAS, we analysed the
association between exposure to each of the
seven childhood adversities and DNAm at age 7
in both DNAm data versions (i.e., seven separate
EWAS per data version). Overall, we found little
concordance between data versions for psychoso-
cial exposures using significance thresholds. In the
old data, we identified one CpG at an FDR <0.05
for the abuse exposure but no significant associa-
tions for the other adversities. This CpG also
passed a Bonferroni-corrected threshold of p -
< 1.13x107". By contrast, using the new data, we
identified no CpGs at an FDR<0.05, though one
was associated with exposure to financial stress at
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an FDR<0.1. There were no overlaps between the
old and new data versions (Figure 3a). Indeed,
beyond significance thresholds, the overlap of
CpGs by p-value rank was somewhat low for
most adversities (10-40%) but remained higher
than by random chance (Figure 3b).

However, for each set of top CpGs (ranked by
p-values), those that overlapped between data ver-
sions showed relatively good rank correlation, sug-
gesting that some signal may be retained between
data versions (Figure 3c). Importantly, CpGs also
showed >80% concordance in the direction and
magnitude of differences in DNAm between
exposed and unexposed groups across almost the
entire epigenome (Figure 3d). As such, it appeared
that the differences introduced by changing data
versions caused fluctuations in the results at the
level of p-value thresholds, but the results from the
EWAS of childhood adversity were more similar
when considering p-value ranks. Importantly, the
direction and magnitude of associations was highly
concordant between data versions, suggesting they
may be more stable indicators of within-study
reproducibility relative to p-values.

Data versions also changed the results from the
SLCMA

To determine how data versions can influence more
sensitive or complex methods beyond an EWAS, we
assessed the impact of data versions on the SLCMA
results. Here, we identified 376 CpGs in the old data
and 491 CpGs in the new data at an FDR<0.05 across
all seven adversities, with 44 CpGs overlapping
between data versions (Table 1; Figure 3e; Tables
§3, S4). The most selected hypotheses for significant
CpGs were different between data versions (figure
3f), as were the adversities with the most hits
(Table 1). The old data showed more associations
with very early childhood and neighbourhood disad-
vantage, whereas the new data showed more associa-
tions with early childhood and financial stress.
However, significant CpGs generally had the same
hypothesis selected across data versions, with little
changes in the CpGs significant in the analyses of
both versions (Figure 3g). In addition, top hits gen-
erally showed the same direction of change and
similar magnitude between data versions (r = 0.85)
(Figure 3h). Of note, when we instead used
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Figure 3. Updates to data versions change the results of epigenetic analyses, for both EWAS and SLCMA. (a) Overlap of the hits
at FDR<0.05 between the old and new data for all seven different EWAS of childhood adversity. (b) Few CpGs overlapped
between the old and new data versions at different p-value rank thresholds (top 10, 50, 100, 1000, 5000, and 50,000 CpGs
ranked by p-value). (c) The Spearman’s rank correlation between CpGs (in old versus new data) that overlapped at a given rank
(i.e, top N CpGs ordered by p-value) was relatively low across both data versions. (d) The direction of DNAm differences
between exposed/unexposed groups was generally consistent across overlapping CpGs at a given rank (i.e., top CpGs ranked by
p-value). (e) Overlap of the hits at FDR<0.05 between the old and new data for all seven different SLCMA of childhood
adversity. (f) Both the hypotheses selected most frequently, and the adversities identified as having the most hits varied
between data versions with the SLCMA for CpGs significant at FDR<0.05. (g) The selected hypothesis from all top hits (shown
in E) were generally consistent across data versions. Each line depicted corresponds to a specific CpG and shows whether its
selected hypothesis differed between analyses. (h) The difference in DNAm values between exposed and unexposed partici-
pants across all top SLCMA hits from E was generally consistent between data versions, regardless of statistical significance
(r = 0.854). Only shown here are the CpGs associated with sensitive period hypotheses, as the difference between exposed and
unexposed individuals was not calculated for the accumulation and recency hypotheses.

*Maternal psych = maternal psychopathology; Neighbourhood dis = neighbourhood disadvantage.

a Bonferroni-corrected p < 1.13x107/, we found  Analytic versions altered the results from the
almost identical results to the results using FDR  SLCMA of childhood adversity

thresholds albeit with fewer significant loci (Table
S1; Fig $3). The use of this more stringent threshold
resulted in a slightly larger fraction of replicated
CpGs (9.6%) compared to the FDR threshold
(5.3%), as well as a slightly higher correlation in the
effect sizes (r = 0.92 versus 0.85). These results high-
light the brittleness of p-value thresholds, which
result in few overlaps between data versions, despite
the general characteristics of these CpGs and their
associations being similar between data versions.
These results also suggest that the magnitude of
effects and hypothesis selected are more robust to
differences between data versions.

Finally, we assessed the impact of updates to
analytic versions on the results from SLCMA,
as per the recommendations of Zhu and collea-
gues (2020) using only the new data version. We
first performed the SLCMA analyses of child-
hood adversity and DNAm with the standard
covariates and adjustment strategy but using
the selective inference method in the second
stage, rather than the covariance test. However,
only one CpG was significant at an FDR<0.05 in
this analysis. We then performed a comparison
between the standard analytic version and the
fully updated pipeline, which used FWL correc-
tion and updated covariates. We identified 46



Table 1. Summary of analyses and significant CpGs.

EPIGENETICS (&) 1381

Data version changes

Analytic version changes

Analysis details

Analytic approach EWAS
Inference method Ordinary least squares
Covariate adjustment Standard?®
Data version old New
Adversity hits
Abuse (sexual or physical) 1 0
Financial stress 0 0
Family instability 0 0
Maternal psychopathology 0 0
Neighbourhood disadvantage 0 0
One adult household 0 0
Parental cruelty 0 0

SLCMA SLCMA
Covariance test Selective inference
Standard® Standard® FWL®

Old New New

66 35 0 2
79 121 0 0
25 225 0 43
31 73 0 0
129 20 0 0
28 7 0 0
18 10 1 1

Covariate adjustment was performed using standard methods for linear regressions (note this is equivalent to the Frisch-Waugh-Lovell theorem

adjustment described below).

PThe standard adjustment strategy for the SLCMA uses the residuals of the exposures regressed on the covariates, also known as ‘single residual’

adjustment [28].

“Frisch-Waugh-Lovell (FWL) theorem applied for covariate adjustment and socioeconomic position replaced with maternal education.

dNumber of associated CpGs at a false-discovery rate <0.05.

CpGs at an FDR<0.05 in this updated analysis,
with 42 overlapping with results from the origi-
nal pipeline in the new dataset (Figure 4a; Table
§5). The majority of significant CpGs in this
new analysis were associated with early child-
hood exposure to family instability, a pattern
that differed slightly from the standard version
of the analysis in the new data (Table 1;
Figure 4b). Again, when we used a more strin-
gent Bonferroni-corrected p < 1.13x1077 (Fig
S4), we found slightly higher proportions of
replicated CpGs (10.6%) compared to those
identified using an FDR<0.05 threshold (8.4%
of CpGs replicated). All significant CpGs

between analytic versions showed the same
hypothesis selected (Figure 4c). Changes in ana-
lytic versions did not impact the magnitude of
DNAm changes. These results suggested that the
reduction in power of the selective inference
method can potentially be offset by using the
FWL theorem and that updates to covariates
only cause minor changes to the results. We
also note that 3 CpGs overlapped between all
analyses (old data with standard analysis; new
data with standard analysis; new data with
updated analysis), representing the associations
that survived technical replication across both
data and analytic versions (Table S6).

@
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Figure 4. Updates to analytic versions change the results of SLCMA in the new data version. (a) Overlap of the hits at FDR<0.05 for
all seven different SLCMA of adversity between the standard and updated analytic versions (analyses performed with the new data).
(b) The pattern of hypotheses selected were similar across both analytic versions, though not all adversities had statistically
significant associations in the updated analytic version. (c) The hypothesis selected across all significant CpGs from A was consistent

across analytic versions.

*Maternal psych = maternal psychopathology; Neighbourhood dis = neighbourhood disadvantage.
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Sensitivity analyses of prenatal smoke exposure
showed similar results to psychosocial exposures

To determine whether the impact of data and
analytic version changes were limited to psycho-
social exposures, we performed secondary ana-
lyses  of  prenatal  smoking  exposure
(Supplemental Materials; Table S2). While the
EWAS of smoking showed more overlap and
consistency between data versions than psycho-
social exposures (Fig S5; Table S7), we again
observed differences in terms of overall concor-
dance at the level of p-values and magnitude of
change. In particular, the direction of DNAm
change between exposed and unexposed indivi-
duals showed very high concordance between
(r = 0.92). Of note,
a Bonferroni-corrected threshold did not result
in higher replicability of top smoking loci
between data versions (70% of CpGs) compared
to the FDR threshold (67% of CpGs). These
results suggested that p-value thresholds remain

data versions using

relatively arbitrary, even with ‘gold-standard’
epigenetic associations. Our secondary analysis
of prenatal smoking using  the
SLCMA also found some overlapping CpGs at
an FDR<0.05 and major changes to selected
hypotheses between data versions (Fig S6;
Tables S§3-S5). These results persisted even
when using a Bonferroni-corrected p < 1.13x1077
(Fig S7). These findings further suggest that
SLCMA was
between data versions than EWAS, particularly
during the second step of the approach when
significance was assessed. Despite changes in
the selected hypothesis and strength of associa-
tions measured through p-values, we continued

exposure

more sensitive to fluctuations

to observe a high concordance at the level of
effect sizes (r = 0.79), again highlighting their
higher stability in analyses of time-varying expo-
sures. We also found few overlaps between the
standard and updated analytic versions of the
SLCMA of prenatal smoking, suggesting that
updates to covariates may have different effects
on the results from SLCMA depending on ana-
lysis-specific confounding structures, since these

effects were not observed with the childhood
adversity analyses (Fig S6).

Discussion

A major challenge in conducting epigenetic analyses
centres around the replicability of findings across
cohorts, particularly when standard practices are
constantly evolving. In this study, we quantified the
consequences of data and analytic version differ-
ences, showing that even within the same dataset,
updates to preprocessing pipelines and analytic fra-
meworks altered the DNAm loci that were associated
with psychosocial and physical exposures at standard
p-value significance thresholds. However, the devel-
opmental timing of exposures and magnitude of
differences at these loci tended to remain the same,
suggesting these metrics may be better indicators
than p-values of within-cohort replication, particu-
larly in studies of time-varying exposures.

The major differences between the data versions
arose from two main sources: 1) individuals added
or removed from the analyses due to preproces-
sing and withdrawal of consent and 2) changes to
the preprocessing pipeline for DNAm data.
Although we accounted for this first factor by
only analysing overlapping samples, we found
broad differences in both CpG-level and indivi-
dual-level DNAm patterns that therefore must be
caused by preprocessing differences. One particu-
larly striking difference was observed at the indi-
vidual level, wherein the new dataset showed
increased variability across individuals due to the
use of functional normalization, rather than quan-
tile normalization in the old dataset. Such normal-
ization techniques provide a major technical and
conceptual difference in the preprocessing of
DNAm data, as quantile normalization assumes
that all individual samples have identical distribu-
tions of DNAm across the genome [36]. We make
note of these differences in DNAm variance
between normalization methods, as recent studies
have begun to assess the impact of environmental
exposures and disease on changes in DNAm varia-
bility, rather than mean differences [37-39]. As
such, particular care should be taken in these
types of analyses, as they may be more sensitive
to differences arising due to changes in data



version and processing procedures. Bulk differ-
ences between data versions were also apparent
at the level of estimated cell-type proportions.
Given that cell types are estimated from the
DNAm data, they may reflect broader differences
between data versions, which may, in turn, broadly
influence the results of epigenetic analyses.
Overall, no single facet of the data fully reflected
the changes between datasets, suggesting that
a combination of sample differences and normal-
ization techniques likely leads to different results
between versions.

It is perhaps unsurprising that updates to data
versions resulted in broad changes to the results of
both our EWAS and SLCMA of psychosocial
exposures. Although these exposures may have
subtler effects on the epigenome, we found little
reproducibility at the level of p-value thresholds
and ranking, which were apparent even when
using more stringent p-value thresholds. By con-
trast, the magnitude of change between exposed
and unexposed individuals was highly reproduci-
ble across all CpGs in both types of analyses. For
the SLCMA, we also found that hypothesis selec-
tion was stable across data versions (i.e., the first
stage of SLCMA), but p-values obtained from
post-selection inference were different (i.e.,
the second stage of SLCMA), further highlighting
the potential of effect estimates and hypothesis
selection metrics to serve as benchmarks for repli-
cation. These findings also emphasize the fragility
of inference based on p-values across our analyses.
Numerous recent reports have already urged the
scientific community to move away from p-values
as a measure of significance and reproducibility
since p-values can be less than informative and
sometimes misleading [40-43]. In particular, the
American Statistical Association recently outlined
six important principles to avoid the misuse of
p-values in scientific analyses [44]. They note
that p-values are not a good measure of evidence
on their own, nor do they measure the size or
importance of an effect. Our results show these
statements hold true in epigenome-wide analyses.
Building from our findings and prior recommen-
dations, we urge researchers to supplement stan-
dard analyses (e.g., reporting of p-values) with
metrics that provide additional insight into the
reproducibility and strength of associations, such
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as their magnitude and direction of effect, and
allow for better understanding of both mean and
variance differences within a sample [45].

When we updated the SLCMA analytic version,
we observed a not only a loss of p-value signifi-
cance for several CpGs, but also several new asso-
ciations, which were independent of changes in the
magnitude of effects or hypothesis selection. Given
that we changed three main factors between ana-
lytic versions, there are at least three possible
causes for these observed differences. First, selec-
tive inference is more stringent than the covar-
iance test, which can produce inappropriately
small p-values [3]. This initial difference resulted
in a total loss of FDR-significant CpGs, without
any changes to the magnitude of associations, thus
explaining the reduction in the number of signifi-
cant CpGs. Second, the application of the FWL
theorem alongside selective inference resulted in
more FDR-significant CpGs. However, since the
FWL theorem improves statistical power without
influencing the effect estimates of associations [3],
no new associations should arise from its applica-
tion in the updated analytic version, which would
explain the overlapping FDR-significant CpGs
between the standard and updated analytic ver-
sions. Thus, the third difference — updates to cov-
ariates in the statistical model - is likely
responsible for the emergence of four new FDR-
significant CpGs in the SLCMA of psychosocial
exposures. Although these differences were
minor, they reflect the potential effect of moving
towards more appropriate covariates in epigen-
ome-wide analyses, such as the use of maternal
education rather than occupation-based social
class in the ALSPAC cohort. This result is con-
trasted by the secondary analyses of prenatal
smoking, where changes to covariates greatly
influenced the results of the analyses, highlighting
that careful consideration of potential confound-
ing is required for different types of exposures.

In contrast to the analyses of psychosocial expo-
sures, the EWAS of prenatal smoking, a physical
exposure, was more reproducible when using
p-value thresholds, as well as the magnitude of
effects. This finding was expected considering
that cigarette smoke has the most reproduced
findings from epigenome-wide studies [46,47].
However, the overall ranking and overlap of
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CpGs beyond FDR-significance remained rela-
tively low in the EWAS, resulting in similar levels
as psychosocial exposures across the top 5,000
CpGs. These results could potentially highlight
the mechanisms by which such exposures become
biologically embedded. Whereas smoking expo-
sure not only has well defined, but also targeted
cellular processes (i.e., implicated pathways that
clear toxins from the organism), psychosocial
exposures may have more systemic influences,
impacting a broader set of CpGs with smaller
effects [48,49]. In addition, it is possible that psy-
chosocial exposures may have greater influences
on the central nervous system, rather than periph-
eral tissues, resulting in more moderate signals
from blood samples [50]. Of note, SLCMA ana-
lyses of smoking were not well reproduced across
data and analytic versions. Although these results
may be due to a variety of factors, a potential
explanation is that smoking may not be a time-
dependent exposure. Life course modelling
approaches lose power when hypotheses are highly
correlated, reducing their ability to make statistical
inferences [29]. As such, these broad differences
between versions may indicate that the SLCMA is
not appropriate for an exposure such as prenatal
smoking, which may influence epigenetic patterns
equally throughout development.

The inevitable fluctuations in epigenome-wide
associations highlight the importance of tracking
data and analytic versions across epigenetic ana-
lyses to improve both the reproducibility and
replicability of findings. As a field, we should
endeavour to use the most up-to-date data ver-
sions and analytic models before performing
analyses. This approach is particularly relevant
for subtler exposures, such as childhood adver-
sity, where the epigenetic signal may require
more nuanced methods due to limited sample
sizes. Our investigation has shown the benefit of
comparing data and analytic versions in
a stepwise manner (i.e., the observed differences
in results can be explained step by step). Moving
beyond p-values as a single metric for signifi-
cance appears to be a necessary first step
towards replicability, but p-values remain an
important feature of biomedical research [43].
We propose that researchers consistently report
the magnitude and direction of effects alongside

p-values to provide insight into their findings.
Furthermore, as CpGs tend to be highly corre-
lated, more nuanced approaches that go beyond
statistical and effect size cut-offs can be used to
gain broader insight into the biological mechan-
isms influenced by a given exposure or disease.
Such methods include those assessing differen-
tially methylated or co-methylated regions
[51,52], or genome-wide effects, such as
WGCNA and other network analyses [53]. Of
note, a recent study of autosomal sex-specific
DNAm patterns showed that co-methylated
regions were more highly replicated across dif-
ferent cohorts than individual loci [54], suggest-
ing they may be less sensitive to variation caused
by data or analytic version differences. As such,
future studies should investigate whether region-
based analyses of DNAm may be better suited to
replication and large-scale analyses of the
epigenome.

This study was not without its limitations. First,
we removed sex chromosomes from our analyses
to facilitate comparisons between data versions, as
quantile normalization is not appropriate for the
normalization of DNAm values from chromosome
X or Y. As such, we may have missed differences
emerging on sex chromosomes and potential sex-
specific effects of early-life exposures. Second, the
normalization methods used in the present study
only compared two of the current methods in use,
though we note that the direct comparison of
normalization approaches was not the main goal
of our study. Indeed, most current EWAS compare
methods to establish robustness checks of their
results. However, these sensitivity analyses are
often unfeasible for consortia-level results.
Furthermore, results from the old ALSPAC data
version may not reflect more recent approaches to
process DNAm data and, as such, these initial
analyses might not have identified the most robust
and reproducible set of CpGs. Our findings further
highlight the importance of rerunning analyses
with current best practices for DNAm normaliza-
tion and processing, which have been outlined in
several publications demonstrating the strengths
and limitations of different processing approaches
[55]. Overall, our findings suggest that careful
attention must be paid to normalization methods
when attempting to replicate results that are based



on previous data versions. Third, an important
limitation of current population-based epigenetic
studies is often a sole focus on DNAm , with little
consideration of other DNA modifications. For
instance, DNA hydroxymethylation (DNAhm)
has emerged as an important epigenetic modifica-
tion, particularly in neural tissues, and cannot be
distinguished from DNAm using traditional bisul-
phite conversion [56-58]. As DNAhm and DNAm
have different biological functions [59], future stu-
dies should further seek to disentangle their rela-
tive contributions to human health and disease.
Finally, our sample size, although one of the lar-
gest available for longitudinal studies of childhood
adversity and DNAm, was relatively small in rela-
tion to current large-scale EWAS for smoking and
health-related behaviours, which likely influenced
our ability to detect significant associations. This
limitation was particularly apparent in the EWAS
of childhood adversities, which only detected one
association across both data versions. This lower
sample size may have also decreased the stability
of p-values between data versions, leading to fewer
overlapping associations with psychosocial expo-
sures, which tend to have more subtle effects on
the epigenome. Although it is possible that larger
samples or meta-analyses might be required to
overcome the instability of p-values, our findings
further point to p-values as brittle thresholds for
identifying loci of interest. Of note, recent studies
have shown that meta-analyses of epigenetic data
may be less influenced by normalization proce-
dures, especially for exposures with larger effect
sizes, such as age, smoking, and body mass index
[60,61]. However, it remains unclear whether
exposures with subtler effects might have similar
patterns. Similarly, no meta-analyses of time-
varying exposures have been completed thus far,
limiting our ability to infer adequate benchmarks
for replication. Despite these limitations, our find-
ings point to higher stability of effect estimates and
hypotheses selected compared to p-value thresh-
old-based decisions, suggesting they might be bet-
ter suited to replication and meta-analyses for
exposures with more subtle effects on the epigen-
ome. As such, we suggest that these two metrics
should be considered as one of the standards by
which we judge the reproducibility of studies of
time-dependent exposures and DNAm.
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Conclusions

Changes to both data and analytic versions do
impact results derived from epigenome-wide stu-
dies using both traditional and more nuanced
methods that incorporate time-varying exposures.
As differences not only depend on the robustness
of associations, but also nuances and complexities
of the analyses, our results highlight the challenges
in making direct comparisons to results that ori-
ginate from different versions of the same dataset,
stressing the importance of transparency in report-
ing these differences. Finally, our results under-
score the fragility of p-values as metrics for
replication, instead pointing to effect sizes and
the timing of exposures as potential targets for
replication.
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SUPPLEMENTAL TABLES
Table S1. Summary of analyses and significant CpGs at a Bonferroni-corrected q<0.05.

Data version changes Analytic version changes
Analysis details
Analytic approach EWAS SLCMA SLCMA
Inference method Ordinary least squares Covariance test Selective inference
Covariate adjustment Standard? Standard? Standard? FWL®
Data version Old New Old New New
Adversity hits®
Abuse (sexual or physical) 1 0 5 2 0 1
Financial stress 0 0 14 11 0 0
Family instability 0 0 4 14 0 4
Maternal psychopathology 0 0 3 10 0 0
Neighborhood disadvantage 0 0 7 1 0 0
One adult household 0 0 6 3 0 0
Parental cruelty 0 0 6 5 1 1

4 Covariate adjustment was performed using standard methods for linear regressions (note this is equivalent to the
Frisch-Waugh-Lovell theorem adjustment described below).

®The standard adjustment strategy for the SLCMA uses the residuals of the exposures regressed on the covariates,
also known as “single residual” adjustment.

¢ Frisch-Waugh-Lovell (FWL) theorem applied for covariate adjustment and socioeconomic position replaced
with maternal education.

d Number of associated CpGs at a p<1.13x107.



Table S2. Summary of analyses of prenatal smoking and significant CpGs at FDR<0.05 and Bonferroni-corrected q<0.05.
Analytic version

Data version changes

changes

Analysis details
Analytic approach
Inference method

EWAS

Ordinary least squares

SLCMA

Covariance test

SLCMA

Selective inference

Covariate adjustment Standard? Standard® Standard® FWL®
Data version Old New Old New New
False discovery rate (FDR) 27 23 24 4576 0 13
<0.05
15 14 6 43 0 6

Bonferroni-corrected g<0.05

2 Covariate adjustment was performed using standard methods for linear regressions (note this is

equivalent to the Frisch-Waugh-Lovell theorem adjustment described below).

b The standard adjustment strategy for the SLCMA uses the residuals of the exposures regressed on the

covariates, also known as “single residual” adjustment.

¢ Frisch-Waugh-Lovell (FWL) theorem applied for covariate adjustment and socioeconomic position
replaced with maternal education.
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Figure S1. Quantile-quantile plots of the epigenome-wide association studies.

The distribution of expected versus observed p-values for each EWAS. Genomic inflation factors (1) and bacon inflation estimates
(A.bacon) are shown for the analysis in the old and the new data versions. Overall, both the old and new data showed expected
distribution, with the exception of exposure to maternal smoking during pregnancy, which showed larger inflation factors.




Figure S2. Quantile-quantile plots of the SLCMA analyses.
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The distribution of expected versus observed p-values for each SLCMA analysis. Genomic inflation factors (1) are shown for each
analysis. Analyses were 1) old data with original analytic methods (old, original), 2) new data with original analytic methods (new,

original), and 3) new data with updated analytic methods (new, updated). Overall, the new data and updated methods showed less
inflation and more consistent p-value distributions.
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Figure S3. Bonferroni-corrected results from the SLCMA of adversity and differences between data versions.

A) Overlap of the hits at Bonferroni-corrected g<0.05 between the old and new data for all seven different SLCMA of childhood
adversity.

B) Both the hypotheses selected most frequently, and the adversities identified as having the most hits varied between data versions
with the SLCMA for CpGs significant at g<0.05.

C) The selected hypothesis from all top hits (shown in B) were generally consistent across data versions. Each line depicted
corresponds to a specific CpG and shows whether its selected hypothesis differs between analyses.

D) The difference in DNAm values between exposed and unexposed participants across all top SLCMA hits from E was generally
consistent between data versions, regardless of statistical significance (r=0.915). Only shown here are the CpGs associated with
sensitive period hypotheses, as the difference between exposed and unexposed individuals was not calculated for the accumulation
and recency hypotheses.

*Maternal psych = maternal psychopathology; Neighborhood dis = neighborhood disadvantage.
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Figure S4. Bonferroni-corrected results from the analytic version differences in SLCMA of adversity.

A) Overlap of the hits at Bonferroni-corrected g<0.05 for all seven different SLCMA of adversity between the standard and updated

analytic versions (analyses performed with the new data).
B) The pattern of hypotheses selected were similar across both analytic versions, though not all adversities had statistically
significant associations in the updated analytic version.
C) The hypothesis selected across all significant CpGs from A was consistent across analytic versions.

*Maternal psych = maternal psychopathology; Neighborhood dis = neighborhood disadvantage.
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Figure S5. Results from the EWAS of prenatal smoking and postnatal adversity.

A) Overlap of the hits at FDR<0.05 for the EWAS of prenatal smoking exposure between the old and new data.
B) Overlap of the hits at a Bonferroni-corrected q<0.05 for the EWAS of prenatal smoking exposure between the old and new data.




C) Few CpGs overlapped between data versions at different rank thresholds for the adversities (top 10, 50, 100, 1000, and 5000
CpGs ordered by p-value). However, prenatal smoking showed higher overlaps between top ranked CpGs.

D) The Spearman’s rank correlation between CpGs (in old versus new data) that overlapped at a given rank (i.e., top N CpGs
ordered by p-value) was relatively low across both data versions.

E) The direction of change between exposed and unexposed groups was consistent for all significant CpGs at FDR<0.05 in both
prenatal smoking and postnatal adversity (abuse, financial stress) (r=0.923).

F) The direction of change between exposed and unexposed groups was consistent for all significant CpGs at a Bonferroni-
corrected g<0.05 in both prenatal smoking and postnatal adversity (abuse, financial stress) (r=0.898).

*Maternal psych. = maternal psychopathology; Neighborhood dis. = neighborhood disadvantage.
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Figure S6. Results from the SLCMA of prenatal smoking.

A) Overlap of the hits at FDR<0.05 for the SLCMA of prenatal smoking between the old and new data.

B) The hypotheses selected most frequently across SLCMA hits were different between data versions (note that the scales are
different between the panels of B).

C) The selected hypothesis of all top hits from E were generally consistent across analyses. Here, each line is a given CpG and
shows how its selected hypothesis changes between analyses.

D) The change in DNAm between exposed and unexposed individuals across all top SLCMA hits from E was consistent between
data versions, regardless of significance (r = 0.788; red = overlapping CpGs from A).




E) Overlap of the hits at FDR<0.05 for the SLCMA of prenatal smoking between the standard and updated analytic versions (new

data).
F) Different patterns of hypothesis selected were present across both analytic versions (note that the scales are different between the

panels of F).
G) The hypothesis selected across all significant CpGs from E was generally different across analytic versions.
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Figure S7. Bonferroni-corrected results from the SLCMA of smoking.

A) Overlap of the hits at a Bonferroni-corrected q<0.05 for the SLCMA of prenatal smoking between the old and new data.
B) The hypotheses selected most frequently across SLCMA hits were different between data versions (note that the scales are

different between the panels of B).

C) The selected hypothesis of all top hits from E were generally consistent across analyses. Here, each line is a given CpG and

shows how its selected hypothesis changes between analyses.

D) The change in DNAm between exposed and unexposed individuals across all top SLCMA hits from A was generally consistent

between data versions, regardless of significance (r = 0.856).




E) Overlap of the hits at a Bonferroni-corrected g<0.05 for the SLCMA of prenatal smoking between the standard and updated

analytic versions (new data).
F) Different patterns of hypothesis selected were present across both analytic versions (note that the scales are different between the

panels of F).
G) The hypothesis selected across all significant CpGs from E was generally different across analytic versions.
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