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Purpose: Maternal diabetes is a known teratogen that can cause a
wide spectrum of birth defects, collectively referred to as diabetic
embryopathy (DE). However, the pathogenic mechanisms under-
lying DE remain uncertain and there are no definitive tests to
establish the diagnosis. Here, we explore the potential of DNA
methylation as a diagnostic biomarker for DE and to inform disease
pathogenesis.

Methods: Bisulfite sequencing was used to identify gene regions
with differential methylation between DE neonates and healthy
infants born with or without prenatal exposure to maternal
diabetes, and to investigate the role of allele-specific methylation
at implicated sites.

Results: We identified a methylation signature consisting of 237
differentially methylated loci that distinguished infants with DE
from control infants. These loci were found proximal to genes
associated with Mendelian syndromes that overlap the DE

phenotype (e.g., CACNA1C, TRIO, ANKRD11) or genes known to
influence embryonic development (e.g., BRAX1, RASA3). Further,
we identified allele-specific methylation (ASM) at 11 of these loci,
within which 61.5% of ASM single-nucleotide variants are known
expression quantitative trait loci (eQTLs).

Conclusions: Our study suggests a role for aberrant DNA
methylation and cis-sequence variation in the pathogenesis of DE
and highlights the diagnostic potential of DNA methylation for
teratogenic birth defects.
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INTRODUCTION
Teratogenesis is the disruption of normal fetal development
consequent to an environmental exposure. Pregestational
diabetes is a well-known teratogen, and infants of diabetic
mothers (IDMs) are two to fourfold more likely to develop
birth defects compared with the general population.1,2

Likewise, gestational diabetes (GDM) is also associated with
increased risks of birth defects.3,4 As a result, ~4–9% of
IDMs are born with diabetic embryopathy (DE)1,2—a
phenotypic spectrum of birth defects that overlaps recog-
nizable genetic and genomic syndromes.4 This creates a
diagnostic challenge, as the presence of multiple birth
defects often triggers an expensive diagnostic odyssey aimed
at providing information regarding recurrence risk, future
medical management, and recommendations for disease
screening. Currently, however, there is no definitive
clinical diagnostic test for diabetic exposure, DE, or any
other teratogenic exposure.

DNA methylation, mostly found at cytosines in
cytosine–guanine dinucleotides (CpGs), is a malleable reg-
ulatory epigenetic feature that can reflect prenatal exposures
to environmental stimuli, such as maternal nutrition.5

Maternal diabetes in humans might thus disrupt normal
epigenetic patterns, resulting in aberrant gene function during
embryogenesis, and ultimately lead to malformations in the
fetus. Previous studies of DNA methylation in IDMs have
focused on epigenetic changes that could influence cardio-
metabolic risk in later life;6–13 however, such studies provide
only one view of methylation following diabetic pregnancies
and none assessed DNA methylation in the context of DE.
Given this gap in knowledge and the emergence of studies

using methylation signatures to support the diagnosis of
congenital syndromes,14–16 we used genome-wide capture
bisulfite sequencing, which interrogates >5 million CpG sites,
to assess DNA methylation in buccal samples from neonates
with congenital malformations and a history of prenatal

Submitted 16 July 2018; accepted: 27 March 2019
Published online: 17 April 2019

1Department of Molecular and Human Genetics, Baylor College of Medicine, Houston, TX, USA; 2Department of Pediatrics, Baylor College of Medicine, Houston, TX, USA;
3Department of Obstetrics and Gynecology, Baylor College of Medicine, Houston, TX, USA; 4USDA/ARS/Children’s Nutrition Research Center, Baylor College of Medicine,
Houston, TX, USA. Correspondence: Neil A. Hanchard (hanchard@bcm.edu)

© American College of Medical Genetics and Genomics ARTICLE

GENETICS in MEDICINE | Volume 21 | Number 11 | November 2019 2453

Correction: Corrected
Correction: Corrected
Correction: Corrected
http://orcid.org/0000-0001-8268-5565
http://orcid.org/0000-0001-8268-5565
http://orcid.org/0000-0001-8268-5565
http://orcid.org/0000-0001-8268-5565
http://orcid.org/0000-0001-8268-5565
https://doi.org/10.1038/s41436-019-0516-z
https://doi.org/10.1038/s41436-019-0516-z
mailto:hanchard@bcm.edu


diabetes exposure. Buccal cells were chosen over blood, a
commonly used, but more heterogeneous surrogate tissue,
partly to facilitate sampling and analyses, but also because
buccal methylation is more consistently correlated with
methylation in other (nonblood) cells;17 thus our results
potentially also reflect methylation patterns in other tissues.
Our starting premise was that teratogenic effects incurred
during early embryogenesis will mirror Mendelian disorders
by being substantial in magnitude and affecting all germ
layers. Given the fidelity of mitotic DNA methylation
inheritance, we hypothesized that traces of these effects
would still be evident in differentiated tissues around the time
of birth. In so doing, we aimed to gain insight into the
underlying pathogenesis and evaluate the diagnostic potential
of DNA methylation for DE.

MATERIALS AND METHODS
Participants
We recruited 22 infants through Texas Children’s Hospital in
Houston, Texas, representing the IDM phenotypic extremes
(Table S1): 9 had a diagnosis of DE based on the presence of
maternal diabetes during pregnancy and congenital malfor-
mations consistent with that diagnosis, 6 IDMs were
completely healthy at birth (exposed, healthy; EH), and the
remaining 7 were healthy infants born to healthy mothers
(unexposed, healthy; UH). Table S2 lists malformations,
genetic tests, as well as detailed infant and maternal
demographics. At enrollment, mothers of infants with DE
had significantly higher body mass indices (BMIs) compared
with healthy mothers (p= 0.017, Tukey honestly significant
difference [HSD]; Table S1, Fig. S1), making maternal obesity
an unavoidable confounder of diabetes exposure. The
remaining demographics were not significantly different
between groups (Table S1).
The study was approved by the Institutional Review Board

at Baylor College of Medicine (H32571). Written informed
consent was provided by the parents of all subjects.

Sample collection
Buccal epithelial cells were collected within ten days of birth
using the Oragene Discover (OGR-250) DNA collection kit
(DNA Genotek Inc., Ottawa, Ontario, Canada), modified to
obtain a cumulative buccal sample by doing five passes per
cheek with each of five swabs. DNA extraction, sequencing,
methylation quantification,18 and genetic variant analysis19,20

are described in the Supplementary Methods. Samples were
sequenced at one timepoint, but in two batches: the first
(discovery) batch comprised three UH, one EH, and four DE
infants; the second (replication) batch consisted of three UH,
four EH, and three DE samples, excluding outliers (see
below). Samples from both batches were combined in our
joint analysis.

Postsequencing processing and quality control
Analyses were performed using only CpG sites with ≥10×
coverage in every sample (median: 26×). Potential batch

effects were evaluated using one-way analysis of variance
(ANOVA) on the distribution of medians and quantro
software (1000 data permutations; version 1.4.0) (ref. 21).
There was no strong evidence of batch effects (p= 0.544,
F(1,11)= 0.392, one-way ANOVA; quantro permutation p=
0.597), nor were there other statistically significant biases in
the distribution of cases, or infant or maternal demographics
(Table S3). Based on a tissue prediction algorithm,22 all
samples were confirmed to be primarily buccal in origin
(Table S4, Supplementary Methods).
Given the breadth of clinical phenotypes in the cohort, a

principal component analysis (PCA) and hierarchical cluster-
ing of samples was performed. Four outlier samples—one
UH, one EH, and two DE infants (Fig. S2)—were subse-
quently removed. This conservative approach assumes that
most CpG sites are not differentially methylated between
cases and controls. After outlier removal, 2,800,516 CpG sites
were shared between UH and DE samples.

Differential methylation analysis
Coverage normalization and single site differential methyla-
tion analysis using a logistic regression model without
covariates was performed using methylKit (version 0.9.5)
(ref. 23). To reduce false positives in a manner agnostic to the
data distribution, all sites with nominal p values < 0.001 were
permuted 1000 times with replacement by randomly switch-
ing case/control labels. Adjacent high-confidence differen-
tially methylated loci—sites at which ≤10 permutations
produced an equally small or smaller p value than the
original analysis—were then clustered into bins. All high-
confidence sites within a bin were separated from neighboring
sites by no more than 1 kb and shared the same direction of
effect. Bins that did not contain at least one high-confidence
differentially methylated site with an absolute difference in
percent methylation ≥10 were excluded, as were those that did
not contain at least one CpG site found to be differentially
methylated (p < 0.05, ≤10/1000 better or equal permutations)
using a secondary software, methylSig (version 0.4.1) (ref. 24),
which assesses differential methylation using a β-binomial
approach. Post hoc power analysis showed that our study had
93.7% power at ɑ= 0.05 (Supplementary Methods).

Classification
To test classification on the joint batch data set we applied
fourfold cross-validation with ten repetitions (Supplementary
Methods) using the default settings of WEKA’s “Logistic”
classifier (version 3.6.13) (ref. 25). To assess the utility of
methylation patterns for assigning cases and controls when
blinded to sample labels, we repeated the differential
methylation analysis using only the discovery batch, with
two exceptions to account for the smaller sample size: a bin
size of ≥7 high-confidence sites (Fig. S3) and decreased ɑ of
0.01 in methylSig analysis. Classification was performed on
high-confidence sites found in the largest bins using WEKA’s
logistic regression model with default settings, including a
ridge parameter of 10−8, one iteration, and no scaling
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(coefficients, intercept, and odds ratios are listed in Table S5).
As a secondary approach, we adapted the correlation-based
classification method used by Choufani et al.14 by labeling test
instances as cases or controls depending on whether their
Pearson correlation was stronger with the discovery cases or
controls, respectively.

RESULTS
Differential methylation distinguishes clinical outcomes
among diabetes-exposed and unexposed infants
After removing four outliers (2 DE, 1 EH, and 1 UH; Fig. S2),
we evaluated buccal DNA methylation at 2,760,543 CpG sites
shared between all infant groups. Global mean percent
methylation was lower in DE infants compared with UH
controls (42.6% vs. 43.2%; p= 0.045, Tukey HSD; Fig. 1a).
This reduction in global methylation occurred predominantly
at CpG loci that, compared with UH control samples,
typically had high levels of methylation (>70%; p= 0.011,
Tukey HSD; Fig. 1b).
Global epigenetic differences among DE infants suggested

that the effect of diabetes exposure on the methylome was
substantial; therefore, we considered whether sites with the
largest effects might be useful biomarkers of the maternal
diabetes exposure. A logistic regression model revealed 13,239
high-confidence sites (0.5% of total sites) that surpassed our
stringent, permutation-based cut-off and thus had the
strongest evidence of differential methylation (p < 0.001)
between UH and DE. We then leveraged the anticipated
correlations between neighboring CpG loci to further
eliminate spurious associations by clustering high-
confidence sites into nonoverlapping bins. Differentially
methylated sites fell into 237 bins (≥3 high-confidence
differentially methylated sites per candidate bin, each
containing at least one significant (p < 0.05) CpG site using

our secondary method). Consistent with our global analysis,
the majority (87.8%) of these bins were hypomethylated
(Table 1, Table S6). The mean absolute difference in percent
methylation across all 1010 high-confidence CpG sites in
these bins was 16.6 (SE 0.3).
Using PCA on all 1010 binned high-confidence CpG sites,

we found that UH samples clustered separately from infants
with DE (Fig. 2a). Moreover, when we repeated the same
analysis including EH infants, they showed a clustering that
was separate from, and intermediate to, DE and UH (Fig. 2b).
The resulting heat map of differentially methylated sites
further bolstered this observation—EH individuals demon-
strated an intermediate pattern to UH and DE, with most sites
having a comparable magnitude of differential methylation
(Fig. 2c). Fourfold cross-validation correctly categorized
samples with 100% accuracy, suggesting that the differential
methylation patterns were distinct enough to be exploited for
classification.
Next, we compared DE methylation patterns at our

candidate loci with those of 29 publicly available age- and
tissue-matched, healthy controls whose DNA methylation had
been analyzed with the Illumina 450 K array.26 Because our
targeted-bisulfite sequencing approach probed substantially
more loci than the 450 K array, we compared data sets based
on z-score distributions at the 72 differentially methylated
CpG sites that overlapped both platforms (Supplementary
Methods). Despite the limited CpGs, methylation in DE
infants was distinct from that in publicly obtained healthy
controls (Fig. 2d), but was indistinct from controls if we
conducted the same analysis using an equal number of loci
without evidence of differential methylation (Fig. S4A).
Subsequently, we repeated the z-score comparison with
publicly available, buccal cell 450 K data from 84 individuals
with developmental and congenital disorders, including
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Fig. 1 Infants with diabetic embryopathy (DE) show global DNA hypomethylation compared to unexposed, healthy controls (UH). Boxplots
show the distribution of mean sample percent methylation across the number of sites in each category. (a) 2,760,543 sites shared among DE, UH, and
diabetes-exposed, yet healthy infants (EH); (b) 1,362,136 (49.3%) sites with mean methylation <30% in UH infants; 276,215 (10.0%) sites with mean
methylation 30–70% in UH infants; 1,122,192 (40.7%) sites with mean methylation >70% in UH infants. Lines in density plot represent sample group
means across the distribution. *Tukey honestly significant difference (HSD) p < 0.05.
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autism spectrum disorder (ASD),27 Down syndrome (DS),28

and fetal alcohol spectrum disorder (FASD).16 Using 87 of our
differentially methylated CpG loci captured across data sets,
we found that DE samples were also distinct from samples
with other disorders (Fig. 2e) and this was not evident using
an equal number of nonsignificant CpG loci (Fig. S4B). Our
results implied that the magnitude of deviation from control
DNA methylation levels observed in DE is not only unusual
for our cohort, but also atypical compared with a larger set of
independently sampled healthy neonates and other syndromic
conditions. Lastly, CpG sites in the peripheral blood DNA
methylation signatures of other syndromes14,15 could not
distinguish DE from healthy controls on PCA, implying that
the DE malformations have a methylation signature distinct
from those of other syndromes (Figs. S5–7).

Differentially methylated sites as diagnostic classifiers of
infants with DE
We then further explored whether highly differentially
methylated sites could be used to blindly classify clinical
status. Of the 3,092,753 shared CpG sites analyzed in our
discovery batch of four DE and three UH samples, 13,731
high-confidence sites (0.4%) showed evidence of differential
methylation (p < 0.001) and surpassed our stringent
permutation-based cut-off. These sites were further filtered
to 15 high-confidence bins containing at least seven
differentially methylated loci. High-confidence bins had an
average absolute difference in percent methylation of 28.6 (SE
2.0) between DE and UH infants and again the majority
(73.3%) were hypomethylated in DE infants.
Using 156 CpG sites in our high-confidence bins with

adequate coverage in our test batch, a logistic regression
model could classify the remaining six UH and DE test
samples with 100% accuracy (6/6). Wary of overfitting, we
applied a second, correlation-based classifier, which distin-
guished UH from DE samples in 5/6 (83.3%) instances
(Fig. 3a). To investigate how EH infants would be grouped

using a classifier trained to distinguish DE from UH
individuals, we applied both methods to the 155 CpG sites
shared by all infants. The logistic regression model classified
2/5 (40%) of EH samples as “DE,” thereby performing no
better than random; however, the correlation-based model
labeled 100% of EH samples as “DE,” suggesting that this
method might better distinguish between diabetes-exposed
and unexposed individuals.
Not all pregnancies exposed to maternal diabetes result

in birth defects; therefore, we evaluated the potential to
discern malformation from exposure by comparing the
two groups with prenatal exposure to maternal diabetes in
the same classifier analysis. Because most EH samples
were sequenced in the second batch, we carefully matched
them to the demographic characteristics of DE individuals
in the two data sets (test of batch effects: p= 0.769, F(1,10)=
0.091, one-way ANOVA; quantro permutation p= 0.673;
Table S3). Differential methylation analysis and permuta-
tion testing revealed 19,139 (0.6% of 3,197,718 loci) high-
confidence differentially methylated sites, of which 197
fell into 21 high-confidence bins. In contrast to the
previous comparison, fewer than half of these bins were
hypomethylated in DE relative to EH individuals (10/21,
47.6%). Both classification methods correctly identified
80% (4/5) of samples, although the misidentified
individuals differed between methods (Fig. 3b). Similar
classification of IDM samples alongside buccal array data
from ASD, DS, and FASD showed comparable promise
(Supplementary Table S11).
Only nine9 differentially methylated sites distinguished

infants with DE from both UH and EH neonates (Fig. 3c), all
of which were contained in the same bin and were
hypermethylated in DE infants. This region is less than 4.5
kb upstream of CSF3 (chr17: 38,167,214—38,167,428)—a
granulocyte colony stimulating factor that, in rodents, has
been shown to protect against left ventricular remodeling and
cardiac myocyte apoptosis after myocardial infarction.29

Table 1 High-confidence candidate bins ordered by number of binned CpG sites differentially methylated in DE cases
relative to UH controls

Chr Start End Mean differential methylation Range Number of sites RefSeq genes within 5 kb

chr21 9825580 9827311 7.07% 3.69%, 13.47% 32 MIR3648, MIR3687

chr17 38167206 38167508 20.39% 7.98%, 42.33% 31 CSF3

chr6 168533402 168534120 17.94% 8.52%, 32.43% 28 -

chr5 14405632 14406022 −30.77% −38.31%, −18.24% 15 TRIO

chr13 114304796 114305122 −19.29% −22.89%, −13.48% 13 ATP4B

chr11 128107005 128107230 −41.58% −50.55%, −24.55% 10 -

chr16 1796819 1797400 31.32% 22.56%, 41.47% 10 MAPK8IP3

chr16 88032827 88033589 −20.71% −48.02%, −9.06% 10 BANP

chr16 89394897 89395206 −16.97% −27.05%, −12.88% 8 ANKRD11, LOC100287036

chr17 79027063 79027207 −18.17% −24.14%, −13.66% 8 BAIAP2

chr19 46417540 46417694 −21.95% −26.35%, −13.58% 8 NANOS2

chr3 195489783 195490095 −32.73% −41.41%, −25.41% 8 MUC4

chr9 96716666 96716746 −19.86% −22.61%, −17.39% 8 BARX1-AS1, BARX1
A complete list of all 237 CpG bins can be found in Table S6.
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IDM-related differential methylation overlaps
developmental genes
To further characterize the changes in DNA methylation and
their potential relationship to the clinical presentation of

diabetic embryopathy, we interrogated the gene content of the
differentially methylated sites from the initial joint analysis.
Differentially methylated sites were particularly enriched for
intronic (28.7% versus 24.5%; p < 0.001), and intergenic
(37.0% versus 25.9%; p < 3.52 × 10−15) annotations (Fig. S8),
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which have varying functional consequences on gene
regulation.30

Of the loci coinciding with genes associated with genetic
disorders, the bin overlapping an intronic region of
CACNA1C showed a pronounced distinction between DE
infants and healthy controls based on both mean sample
methylation (Fig. 2f) and hierarchical clustering (Fig. 2g).

Heterozygous loss-of-function variants in CACNA1C, which
encodes a voltage-dependent calcium channel subunit, cause
Timothy syndrome (MIM 601005). The distinct loss of
methylation at this locus in DE infants in conjunction with
the gene’s cardiac involvement and the prominence of cardiac
phenotypes in IDM (Table S2) cautiously suggest a potential
role for CACNA1C in DE.
In addition to CACNA1C, we observed differential methyla-

tion at other Mendelian disease genes, including ANKRD11,
the causal gene in KBG syndrome (MIM 148050; Fig. S9A),
which includes spinal and digit malformations as well as
occasional heart defects; B3GNT1, associated with
Walker–Warburg syndrome (MIM 615287); BRF1, which
results in the characteristic central nervous system (CNS) and
skeletal abnormalities of cerebellofaciodental syndrome (MIM
616202); TRIO, associated with autosomal dominant mental
retardation (MIM 617061), microcephaly, and digit malfor-
mations;31 and ZBTB20, which causes the large stature noted
as part of Primrose syndrome (MIM 259050). Differential
methylation was also observed at other genes that result in
DE-like features when knocked out in mouse models,
including BARX1 (embryonic lethal with cleft palate;32

Fig. S9B) and RASA3 (abnormal embryogenesis including
abnormal vascular endothelial cell development33). In addi-
tion, we found an expansion of the DE-characteristic region
upstream of CSF3, which was second in the number of binned
CpG sites only to another hypermethylated region encom-
passing two microRNAs of unknown function, MIR3648 and
MIR3687 (Table 1, Fig. S9C).
To get a more agnostic sense of the genes implicated in our

study, we performed pathway enrichment and gene ontology
analyses using all genes within 1 kb of binned regions (n=
176; Supplementary Methods).34 Two of six enriched path-
ways (nominal p ≤ 0.01) were related to cardiac and neuron
function (phase 2: plateau phase and DCC mediated attractive
signaling; Table S7)—both major systems affected in DE.
Among the 24 enriched (nominal p ≤ 0.01) gene ontology
terms, ten related to basic cellular and organismal develop-
ment including actin function, ion binding, cell development,
and nervous system function and development (Table S8).

Allele-specific methylation suggests a role for sequence
variation in diabetic embryopathy
Finally, we decided to leverage the genetic information from
our bisulfite sequencing data to evaluate the influence of
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Fig. 2 Distinct DNA methylation profile in diabetic embryopathy (DE) cases compared with controls. Each analysis was based on all sites found in
candidate bins with ≥10× coverage and non zero variance across samples. (a) Principal component analysis (PCA) based on 1010 high-confidence
differentially methylated CpG sites shared across all DE and unexposed, healthy control (UH) infants. (b) PCA based on 1001 high-confidence differentially
methylated CpG sites shared across all DE, UH, and diabetes-exposed, yet healthy (EH) infants. Difference in numbers between a and b is the result of
coverage adequacy in EH samples. (c) Heat map of scaled and centered percent methylation values corresponding to b, with each row representing one
high-confidence differentially methylated site, and each column a sampled individual. (d) Heat maps of scaled and centered z-scores in DE and mean z-
scores of 10,000 sample permutations in public data set and in other clinical conditions (e), including autism spectrum disorder (ASD), Down syndrome (DS),
and fetal alcohol spectrum disorder (FASD). Each row represents one high-confidence differentially methylated site also found in public array data and each
column a participant. (f) Boxplots of sample mean percent methylation at high-confidence CpG sites from the differentially methylated cluster coinciding
with CACNA1C. (g) Heat map and hierarchical clustering of scaled and centered percent methylation for CpGs at CACNA1C locus.
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sequence variation on the observed methylation differences
(Supplementary Methods). To avoid ambiguity over whether
single-nucleotide variants (SNVs) were true or artifacts of the
bisulfite conversion process, we focused on individuals
homozygous for reference and alternate alleles. We identified
609 pairs of plus-stranded CpG cytosines and common SNVs
that were homozygous in at least two samples and within 100
bp of the methylation locus (Fig. 4a). Of these pairs, 62
(10.1%) showed evidence of allele-specific methylation
(ASM), defined in our analysis as a mean difference in
percent methylation between reference and alternate alleles
outside of the sample distribution (<5th centile; >95th
centile). Eleven (4.6%) of the 237 bins differentially
methylated in DE infants contained at least 1 of 24 ASM
events among our candidate loci (Table S9). These events
overlapped six intergenic regions and five RefSeq genes:
CDH12, ECHDC3, NTM, RNF157, and TRIO. Eight (61.5%)
of these 13 SNVs are known expression quantitative trait loci
(eQTLs) that are specific to certain tissues, such as the
cerebellum, or are found across many different cell types
(Table S10).
Among the pairs with the most pronounced difference in

percent methylation were two CpG sites associated with the
variant rs142180914 in an intergenic region, which showed
increasing DNA methylation with increasing numbers of
reference alleles (Fig. 4b). Remarkably, the only samples
homozygous for the alternate allele were from infants with

DE. We also observed four CpG loci that were strongly
correlated with the intronic variant rs389729 in TRIO, but
showed a decrease in methylation for each additional
reference allele (Fig. 4c). In this case, all individuals
homozygous for the alternate allele were diabetes-unexposed
controls. Although neither rs142180914 nor rs389729 are
currently known to affect gene expression, the high propor-
tion of eQTLs among our SNV-CpG pairs with evidence of
ASM at differentially methylated loci suggests that common
genetic variants could contribute to an individual’s predis-
position to develop DE upon prenatal exposure to maternal
diabetes.

DISCUSSION
The known teratogenic effects of maternal diabetes, the
absence of confirmative diagnostic tests for DE, and
the rising prevalence of diabetes reinforce the need to
improve diagnostics for DE. Our work demonstrates that
neonates with DE have altered DNA methylation profiles
compared with healthy newborns. The identified DNA
methylation changes, implicating developmental genes and
known Mendelian disorders, could guide future studies of
the yet unresolved disease pathogenesis. Furthermore, a
selection of informative CpG loci show promise as
biomarkers for a diagnostic test of DE, the diagnosis of
which currently relies on the exclusion of phenotypically
similar conditions.
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Other studies have already shown the utility of DNA
methylation to improve diagnoses of congenital disorders,
such as Sotos syndrome (MIM 117550) and Weaver
syndrome (MIM 277590),14 as well as CHARGE (MIM
214800) and Kabuki (MIM 147920) syndromes.15 Similar to
our investigation, a recent study of fetal alcohol spectrum
disorder—caused by a teratogenic exposure to ethanol—also
identified altered DNA methylation patterns in buccal
epithelial cells.16 Comparable with the aforementioned
Mendelian disorders, our results suggest that the teratogenic
effect causing DE has a large influence on offspring DNA
methylation and could allow for accurate distinction between
UH and DE infants using modest sample sizes. Using PCA,
we could also distinguish diabetes-exposed, but healthy
infants from diabetes-exposed infants with congenital mal-
formations. Thus, DNA methylation biomarkers may also
inform the severity of the teratogenic effect. A screening test
based on DNA methylation patterns could be used to
efficiently evaluate the likelihood of diabetes exposure as the
cause of birth defects among IDMs—an option that does not
presently exist.
We were careful in our analysis to focus on large differences

in methylation that passed stringent statistical thresholds of
significance; however, we did not include covariates such as
maternal smoking, which has been associated with altered
DNA methylation in offspring.35 The methylation patterns of
the only (UH) infant in our differential methylation analysis
whose mother smoked during pregnancy appeared unremark-
able, suggesting that maternal smoking did not substantively
influence our results. DE was marginally associated with
maternal obesity, which has been shown to influence offspring
DNA methylation36 and is an independent, albeit less
pronounced, risk factor for birth defects. Given that obese
women are more likely to develop T2DM and GDM, it
remains to be seen whether the teratogenic mechanisms of
maternal obesity are distinct from or synergistic with those of
maternal diabetes.
The results presented here still require a broader assessment

of DNA methylation for the diagnosis of DE to generate
robust estimates of sensitivity and specificity. Recruitment of
additional samples, including infants with birth defects but no
diabetes exposure, IDMs with less severe complications, and
older children/adolescents further removed from their pre-
natal exposure, would facilitate clinical implementation. As
long as the DNA methylation fingerprint is consistently
correlated with the phenotype, accessible tissues, such as
buccal epithelial cells, are sufficient (and even preferred) for
participant sampling; however, formal evaluation of methyla-
tion patterns across cell types is needed to fully understand
whether the changes in DNA methylation seen in buccal
epithelial cells are consistent and causally implicated in DE.
Maternal diabetes has also been associated with increased

reactive oxygen species (ROS) levels in the fetus.37,38 DNA
damage incurred by ROS is known to prompt cell cycle arrest
and induce apoptosis, yet, even a cell that has escaped
apoptosis can be left with substantial damage. Given that

double-strand break repair can produce heritable changes in
DNA methylation at the break locus,39 the repair mechanisms
invoked by ROS damage could result in similar DNA
methylation disruptions, which might significantly alter the
expression of important developmental genes. Our gene and
pathway analyses converged upon a number of genes affecting
embryonic development, including many underlying known
genetic syndromes; this could explain the strong phenotypic
overlap between many of these syndromes and DE.
Nonrandom alterations in DNA methylation patterns

could, at least in part, be explained by genetic influences.
We identified SNVs that correlated with DNA methylation at
proximal CpG sites. The majority of SNVs found at
differentially methylated loci are known eQTLs in a variety
of tissues. Differential methylation occurring at CpG sites
under the control of cis-genetic variation could be the result of
differences in the chance distribution of ASM alleles between
cases and controls; alternatively, this might reflect genetic
variation that, upon exposure to maternal diabetes, potenti-
ates changes in DNA methylation in an allele-specific manner
and predisposes an individual to DE.
In light of the emerging role of DNA methylation and

accompanying cis-regulatory variation across a spectrum of
environmental exposures,40 our framework of epigenetic
aberrations and cis-genetics may be applicable to other
teratogenic exposures, paving the way for improvements in
diagnostics, and ultimately therapeutics, for this class of
disorder.
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