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Abstract
Background: Multiple studies have related psychiatric disorders and immune alterations. Panic disorder (PD) has
been linked with changes in leukocytes distributions in several small studies using different methods for immune
characterization. Additionally, alterations in the methylation of repetitive DNA elements, such as LINE-1, have been
associated with mental disorders. Here, we use peripheral blood DNA methylation data from two studies and an
updated DNA methylation deconvolution library to investigate the relation of leukocyte proportions and methylation
status of repetitive elements in 133 patients with panic disorder compared with 118 controls.
Methods and results: We used DNA methylation data to deconvolute leukocyte cell-type proportions and to infer
LINE-1 element methylation comparing PD cases and controls. We also identified differentially methylated CpGs
associated with PD using an epigenome-wide association study approach (EWAS), with models adjusting for sex,
age, and cell-type proportions. Individuals with PD had a lower proportion of CD8T cells (OR: 0.86, 95% CI: 0.78–0.96,
P-adj = 0.030) when adjusting for age, sex, and study compared with controls. Also, PD cases had significantly lower
LINE-1 repetitive element methylation than controls (P < 0.001). The EWAS identified 61 differentially methylated CpGs
(58 hypo- and 3 hypermethylated) in PD (Bonferroni adjusted P < 1.33 × 10–7).
Conclusions: These results suggest that those with panic disorder have changes to their immune system and dys‑
regulation of repeat elements relative to controls.
Keywords: Panic disorder, DNA methylation, Immune system, Cell-type deconvolution, Repetitive DNA elements
Background
Panic disorder (PD), an anxiety disorder, is characterized by sudden and repeated, unexpected panic attacks.
Panic attacks usually last ten minutes and are defined as
A: palpitations or racing heart, sweating, shortness of
breath, chest and stomach pain, feeling dizzy and shaking or trembling B: fear of dying, choking feeling, feeling
unsteady or faint, feeling unreal, fear of being out of control and worrying about the next panic attack [1]. According to the survey of National Institute of Mental Health
(NIMH) and National Comorbidity Survey Replication
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(NCS-R), an estimated 2.7% of adults (age > 18) had
a panic disorder in the U.S. (2001–2003), and 4.7% of
U.S. adults had ever experienced panic disorder [2].
Additionally, the lifetime prevalence of PD is higher for
women (7.1%) than for men (4.0%) [3], and its prevalence
changes as individuals age—2.8% in 18–29 years old, 3.7%
in 30–44 years old, 3.1% in 45–59 years old, and 0.8% in
those 60 + years old [2]. Beyond sex and age, panic disorder has also been associated with other comorbidities
like agoraphobia, clinical depression [2], hypertension
[4], diabetes [5], and irritable bowel syndrome, along with
higher utilization of health systems [6]. Together, these
findings suggest a complex mechanism that is impacted
through experience, environment, and biology.
New approaches to understand and investigate molecular and physiological mechanisms of mental health
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conditions are needed, and epigenetic marks are currently being investigated in PD. DNA methylation is the
covalent addition of a methyl group to a cytosine, usually
in the context of CpG dinucleotides that serves to regulate gene expression and cell lineage specification. The
combination of reference DNA methylation profiles from
purified immune cell types and statistical techniques
allows peripheral blood DNA methylation measures to be
used to infer immune cell proportions [7, 8]. This DNAbased approach has the advantage of being amenable to
archival blood samples, unlike traditional cell sorting
methods. Previously, in efforts to study PD’s relation with
immune status, researchers employed immunostaining
and flow cytometry to measure numbers and proportion of lymphocytes. Here, we used publicly available
genome-scale peripheral blood DNA methylation data
from two independent studies of panic disorder cases
and controls to infer immune cell proportions [9, 10], and
test the relation of leukocyte subtype proportions with
panic disorder case status comparing to healthy controls.
In addition, to assess potential immunosuppression in
PD cases versus controls, we calculated the methylationderived neutrophil-to-lymphocyte ratio (mdNLR) [11].
Due to the differential association that sex and age have
with PD [2, 3], and immune status [12], we also tested
the association between PD and leukocyte proportions
and mdNLR in adjusted models. Finally, using genomewide methylation data allowed us to infer methylation of
repeat elements, which make up a large proportion of the
human genome and have been demonstrated to have differential methylation in neurological and psychiatric conditions [13–15].
Although reports have shown evidence of differing
immune phenotypes for patients with panic disorder, the
results of these studies have been inconsistent and often
only include small numbers of subjects. Increased B lymphocyte and NK cell proportions with concomitantly
decreased T cell proportions have been observed in PD
patients compared with controls (n = 41 and n = 52) [16,
17]. However, other work has observed lower absolute
counts of B lymphocytes and no difference in other celltype proportions (n = 28) [18]. Lower proportions of CD8
T cells have also been observed in PD patients (n = 40)
[19], and a study investigating the impact that PD had on
immune functioning found that it induced higher natural killer cell activity than those without PD (n = 28) [20].
Finally, three recent studies have examined the potential
role of DNA methylation in PD risk. Two studies measured DNA methylation in peripheral blood with the
450 K array in PD patients. Iurato et al. [9] recruited PD
patients (n = 89) and controls (n = 76) through the Max
Planck Institute of Psychiatry (MPIP) in Munich, Germany. Shimada-Sugimoto et al. [10] recruited individuals

Page 2 of 10

with PD (n = 48) and controls (n = 48) living in Tokyo
and Nagoya, Japan. The third study recruited 57 PD
patients and 61 controls at the University of Wuerzburg,
Germany, and measured peripheral blood DNA methylation with the MethylationEPIC array, though data were
not archived or available upon request at the time of our
analysis [21].
While the original studies adjusted for cell-type heterogeneity in epigenome-wide analyses, ShimadaSugimoto et al. [10] tested the relation of cell-type
proportion with PD case status using the Reinius library
from 2012 [7], which was based on six healthy Swedish
males 25–60 years old. To expand on the work of Iurato
et al. [9] and Shimada-Sugimoto et al. [10] (in a combined
analysis) of immune phenotype and its relationship with
the panic disorder, we use the updated cell-type reference
data from Salas et al. [8] that includes ethnically diverse
subjects, both men and women, and has improved deconvolution accuracy compared with the Reinius library.

Results
The 251 total participants were 60.6% women (n = 152)
had a mean Horvath methylation derived age of
38.8 years (10.2 SD), with 133 (53%) participants diagnosed with panic disorder (PD). Details of study population characteristics were described in each original study
and are also provided in Table 1 [9, 10]. In the combined
analysis of immune cell proportions in cases and controls
from both studies, we observed significantly lower proportions of CD8+ T-lymphocytes in PD cases compared
with controls (− 0.97%, P = 0.0044, Fig. 1a). In addition,
we observed significantly higher neutrophil proportions
in PD cases compared with controls (1.20%, P = 0.043,
Fig. 1b). The methylation-derived neutrophil-to-lymphocyte ratio (mdNLR) was also significantly elevated in PD
cases compared with controls (0.06%, P = 0.048, Fig. 1c).
Table 1 Study participant characteristics
Control (N = 118) Panic
disorder
(N = 133)

Total (N = 251)

Sex, n (%)
Male

45 (38.1)

54 (40.6)

99 (39.4)

Female

73 (61.9)

79 (59.4)

152 (60.6)

37.8 (11.0)

38.8 (10.2)

Age, mean (sd)a

40.0 (9.0)

Study

a

Iurato et al. [9],
n (%)

70 (59.3)

85 (63.9)

155 (61.8)

Shimada-Sugi‑
moto et al. [10],
n (%)

48 (40.7)

48 (36.1)

96 (38.2)

Methylation derived, Horvath library
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Fig. 1 Comparison of blood cell proportions and methylation-derived neutrophil-to-lymphocyte ratio (mdNLR), in Panic Disorder cases and
controls. a Leukocyte proportions—only CD8T cells showed a significant difference between PD patients compared to controls. b Neutrophil
percent was significantly larger in PD patients compared to controls. c mdNLR was significantly higher in PD patients relative to controls. d No
difference was observed in Alu repeat elements while there was significant LINE-1 hypomethylation in those with panic disorder

Summary statistics of cell-type proportions and mdNLR
estimates among all subjects and stratified by case status are shown in Table 2. In models adjusted for age and
sex, there was a reduction in CD8+ T-lymphocytes and
(OR: 0.86, 95% CI: 0.78–0.96, P-adj = 0.030), increased
mdNLR was still evident in PD cases, though it did not
reach statistical significance (OR: 1.53, 95% CI: 0.81–
3.00, P-adj = 0.794).
In an analysis of repeat element methylation, we
observed no difference in mean methylation of short

interspersed nuclear elements (Alu repeats) between
PD cases and controls. However, the mean methylation
of LINE-1 (Long interspersed nucleotide element-1)
was significantly lower in PD cases compared with controls (difference in mean beta value = − 0.002, P < 0.001,
Fig. 1d), and remained significant in a model adjusted for
age, sex, and study, (P < 0.001).
One of the main objectives of Iurato et al. [9], and
Shimada-Sugimoto et al. [10], was to examine the differential methylation status at loci across the genome
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Table 2 Methylation-derived cell-type estimates (%)
Cell type

Control (N = 118)
Mean (SD)

Panic disorder Total (N = 251)
(N = 133)
Mean (SD)
Mean (SD)

B-cell

9.23 (1.94)

9.25 (1.75)

9.24 (1.84)

CD4T

13.63 (3.10)

13.66 (3.14)

13.64 (3.12)

CD8T

7.37 (2.78)

6.40 (2.40)

6.86 (2.63)

Mono

7.60 (1.49)

7.50 (1.47)

7.55 (1.48)

Neu

51.92 (5.83)

53.12 (5.56)

52.55 (5.71)

NK

8.31 (1.62)

8.06 (1.47)

8.18 (1.55)

mdNLR

1.41 (0.41)

1.47 (0.38)

1.44 (0.39)

associated with PD. Iurato et al. [9] and Shimada-Sugimoto et al. [10] found 0 and 40 significantly differentiated CpGs, respectively. Since these studies have been
published, more accurate cell-type estimation methods
have emerged. Here, combining data from both studies,
we tested the relation of methylation with panic disorder case status epigenome-wide (EWAS) using models
adjusted for age, sex, and cell-type proportions. In the
EWAS combining data from both studies, we identified
61 significantly differentially methylated CpGs associated with PD (Bonferroni adjusted P < 1.33 × 10–7,
Additional file 1 and Additional file 2: Figure 1). We
observed a trend of significant hypomethylation in PD
cases with 58 of 61 sites hypomethylated, and the trend
was consistent among the 1,560 CpGs at FDR-Q < 0.05
(Additional file 2: Figure 2). Sensitivity analyses to
explore the potential contribution of other unobserved
confounders or smoking exposure were also performed.
To attempt to adjust for unobserved confounders, we
used the OSCA MOMENT method, which produced
similarly ranked CpGs in association with PD, though
with somewhat attenuated P values (Additional file 2:
Figure 3). Models including smoking status predicted
with EpiSmokEr [22], showed highly consistent results
with our EWAS where 42 of 61 CpGs identified at Bonferroni adjusted P 1.33 × 10–7, and 1,340 of 1,347 CpGs
(99.5%), with FDR-Q < 0.05 among the 1,560 CpGs
above.
With a strong trend of differential hypomethylation in
PD cases, we next explored the genomic context distribution CpGs. Here, to encompass additional CpGs for
enrichment testing we expanded the CpG set beyond
those meeting the Bonferroni P value cutoff to include
those at FDR-Q < 0.05. Examining the genomic context
of the 1,560 PD-associated CpGs, we observed that
there was a significant enrichment of CpGs that tracked
to the enhancer, open sea, and CpG island shelf regions.
PD-associated CpGs were significantly depleted in CpG
islands and CpG island shore regions (Fig. 2). Locus

Overlap Analysis (LOLA) [23] was used to examine
potential enrichment of the 1560 CpGs differentially
associated with PD in known genomic contexts. We
observed several significant enrichments (Q < 0.01) for
CpG in several types of genomic regions. Of the UCSC
defined genomic region types [24], repeats—RepeatMasker [25] and nested repeats—were enriched for
CpGs hypomethylated in individuals with PD relative
to controls. Additionally, deletions and duplications
identified in the Coriell cell lines and lamin B1-associated domains (LADs) were also significantly enriched
for CpGs hypomethylated in individuals with PD relative to controls (Additional file 2: Figure 4). Using the
Gene Set Enrichment Analysis (GSEA) molecular signature database, we identified 12 pathways consisting
of 216 genes that were significantly enriched among PD
associated CpGs (adjusted P < 0.05, Additional file 2:
Table 1). Of the CpGs identified in our linear models,
36 were linked to 11 of these pathways. When examining these overlapping CpGs, the majority of the significant CpGs were in the Wendt identified cohesin targets
pathway [26].

Discussion
Previous studies have examined differential methylation
within panic disorder (PD), and one has examined differential immune functioning [9, 10, 21]; none have examined the role of the neutrophil to lymphocyte ratio. The
NLR has been utilized to assess inflammatory response,
and an elevated mdNLR has been associated with poor
prognosis in several cancers [27, 28], along with reduced
survival [29]. In this meta-analysis of two independent
cohorts, we observed differential cell-type proportions in
PD case peripheral blood compared with control subjects
using improved methods for cell-type deconvolution.
A relationship between depressive/anxiety disorders
and immune functioning has long been examined [30],
exploring how inflammatory signaling pathways may
contribute to the pathophysiology in neurotransmitter function, neuroendocrine function, and neural circuitry [30, 31]. Our results support the hypothesis that a
similar mechanism is contributing to PD. A recent study
demonstrated that inflammation-related miRNAs target
axon guidance and neurotransmitters [32], suggesting, in
this context, that exo-miRNAs could be involved in the
dysregulation of immune cells in panic disorder while
impacting neurological functioning.
In previous studies, exposure to stress or trauma in
anxiety-based disorders activates a peripheral inflammatory response that leads to increased circulating concentrations of cytokines, such as IL-1β and IL-6 [33,
34]. Those with panic disorder have also demonstrated
increased IL-1β and IL-6 [35, 36]. This is important in
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Fig. 2 Genomic context enrichment analysis of CpG sites whose methylation state is significantly associated with panic disorder. For the 1560 CpG
sites from our EWAS, we stratified by genomic context and tested for enrichment versus all modeled CpG sites. Each point is the log odds ratio for
CpGs associated with panic disorder in each region, and the bar represents the 95% CI. Values greater than 1 indicate enrichment values less than 1
indicate depletion of genomic context among PD associated CpG sites

this context as IL-1β and IL-6 promote the differentiation and activation of naïve CD8+ T cells and enhance
the effector function of activated CD8+ T cells [37–39].
Activated CD8+ T cells can secrete TNF-α and IFN-γ in
response to inflammation, we observed lower CD8+ T
cell proportions in panic disorder cases, consistent with
lower levels of IFN-γ in PD cases observed in prior work
[40]. Higher levels of IL-1β and IL-6 in panic disorder
patients may interfere with differentiation and activation of naïve CD8+ T, possibly reducing inflammation.
Links between inflammatory response and presentation
of neurodegeneration and neuropsychological performance [41, 42] are consistent both with our results and
the limited evidence for neuropsychological impairments
in PD patients [43]. Although cause and consequence
remain unclear, additional research into immune modulation for PD cases could have value for patients and provide options to treating physicians. It is critical to get the
most accurate estimate of cell-type proportions through
the most up-to-date methods and modeling, to examine
the association of panic disorder and immune cell-type
distribution.
The observed hypomethylation in LINE-1 elements in
those with panic disorder is consistent with observations
in individuals with bipolar disorder and schizophrenia

[44]. Though we are not aware of studies examining the
potential association of repeat element methylation with
panic disorder, there is building evidence of associations
between reduced methylation of repeat sequences (that
encode transposable elements) and the pathophysiology
of schizophrenia and mood disorders [14]. Hypomethylation of repeat elements can contribute to genomic instability through increased DNA damage and the potential
expression of retrotransposable elements [45, 46]. The
expression of retrotransposable elements can include
endogenous retroviruses leading to dsRNAs that may
alter gene expression or immune regulation. Though our
data are in peripheral blood and it is unclear whether
decreased CD8-T lymphocyte proportions are specifically a consequence of LINE-1 hypomethylation, in an
analysis of 21 tumor types with nearly 7000 samples,
reduced repeat element methylation was associated with
reduced infiltration of CD8-T lymphocytes [47]. LINE-1
hypomethylation and activation have been associated
with autoimmune diseases [49–51], further affirming the
observed hypomethylation and reduction in CD8-T cell
proportions.
The EWAS of panic disorder found several CpGs
associated with PD when controlling for age, sex,
and cell-type. Because these differences are observed
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in peripheral blood and not brain tissue, it may not
reflect the changing neural circuitry itself. Over 90%
of the significantly differentially methylated CpGs in
PD cases were hypomethylated relative to controls in
adjusted models. With a Bonferroni P < 1.33 × 10–7
the 5 most significant p values corresponded to 14
CpGs (due to tied p values) and 11 genes, all of which
were hypomethylated in PD cases: PBK (cg21177558),
SHOC1 (cg01822570), TSBP1 (cg08475898), NDUFAF4 (cg05472743), CD2AP (cg02777447), PIK3C2G
(cg05168215), SLCO1A2 (cg11704114), ACSM3
(cg09539395),
ERI2
(cg09539395),
SMARCA5
(cg08619385),
CFAP206
(cg22010963),
MEP1A
(cg02449202).
Of these, several stand out given previous studies.
PDZ binding-kinase (PBK) (also named T-lymphokineactivated killer cell-originated protein kinase (TOPK))
has wide-ranging regulation, including cell growth and
immune function [48, 49]. Solute Carrier Organic Anion
Transporter Family Member 1A2 (SLCO1A2) has been
implicated in transporting sulfated steroids across the
blood–brain barrier [50]. SWI/SNF Related, Matrix
Associated, Actin-Dependent Regulator Of Chromatin,
Subfamily A, Member 5 (SMARCA5) is highly expressed
in the brain and has been demonstrated to play an important role in brain development in mice [51]. It has also
been found to play a role in chromatin remodeling during stress-induced depressive behavior as part of the ACF
complex [52]. Together with our LINE-1 results, this suggests a change in chromatin structure.
In the EWAS analysis, the highest number of significantly differentially methylated CpGs associated with a
particular gene tracked to chromodomain helicase DNAbinding 2 (CHD2), which had five CpGs. Of these, all
three in open sea regions 200–1500 bases upstream of
the transcription start site were hypomethylated in PD,
while the two remaining CpGs were both hypermethylated in the north shore region of the same CpG island.
Mutations in CHD2 have been associated with seizures
and abnormal brain function, and as it appears to impact
only nerve cells [53] may play a role in PD patients.
Of the 3 CpGs that were found to be associated with
PD here and by Shimada-Sugimoto et al. [10], two have
been reported in relevant studies. (A) cg20340149 is
located in the transcription start site (TSS) of CLASP1,
which has been associated with neuron development
[54]. (B) cg05910615 lies in the TSS of HSPB6, which
has been associated with neurological disorders [55,
56]. The differences between the study-specific differentially methylated CpG sub-analysis that we identify and
those originally reported can partially be attributed to
the use of updated and accurate cell-type deconvolution
methods.
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Finally, we identified several genomic features that are
enriched for CpGs associated with PD. We observe that
nested repeats and RepeatMasker defined features are
enriched in those with PD, which is in concordance with
our observation that LINE-1 is significantly hypomethylated in those with PD. Lamin B1-associated domains
(LADs) were also enriched with CpGs associated with
PD. These results further suggest that the epigenetic
structure of those with PD is different compared to controls. The impact that this has on gene products and
pathways is less clear. Of the 12 GSEA pathways associated with PD, three stand out—cohesin targets, nuclear
factor κ-light-chain-enhancer of activated B cells (NFκB), and neurotransmitter secretion as enriched with PD
associated CpGs. In conjuncture with LINE-1 results,
again highlights the potential for chromatin restructure. One gene within the cohesion target set identified
is activated leukocyte cell adhesion molecule (ALCAM),
further supporting the difference in CD8T cells. ALCAM
has also been indicated in mediating the blood–brainbarrier’s permeability in a multiple sclerosis mouse model
[57]. The NF-κB pathway has been indicated in regulating neuroinflammation [58–60] and can impact neurons, glia, and cerebral blood vessels in diverse ways [58].
These results are also notable, given the hypothesized
neurochemical and neurobiological origin of PD and the
subsequent and medication treatments target neurotransmitters. As mentioned by Ziegler et al., some have
reported the correlation of methylation status between
blood and brain tissue. This observation may indicate a
similar state in the brain [61–63].
Because Ziegler et al. used the EPIC array to measure
methylation status, it is difficult to make direct comparisons of the methylation status of CpGs with our
combined analysis of 450 k based data. While cell-type
proportions were not reported, one significant CpG we
found in SMYD3 (SET and MYND Domain Containing
3)—was also identified by Ziegler et al. in their PD to
control cross-sectional study.
While we are unable to make any causal conclusions
from this meta-analysis, the associations identified warrant further investigation in the pathophysiology of
panic disorder. An additional limitation was the 10,247
CpGs missing data in the 333,479 CpGs, which had to be
imputed. We would expect that the k-means method used
would shift the results towards the null—reducing any
observed effect. The use of ComBat would also reduce
any observed effect size. Due to the lack of data on the
study participant age, we could not examine the potential difference in DNA methylation age and chronological age, which could be examined in future studies. Other
missing covariate data, such as smoking, and medication,
limit the potential confounders that can be controlled for
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and examined. Our cell-type proportion results are not
entirely consistent with previous reports [10]. While earlier studies of DNA methylation in PD used up to date
approaches, more recent advances in immune cell-type
methylation libraries allowed increased accuracy for
cell-type inference in this study. Differences in cell-type
using previous methods and those used in this study can
result in meaningful differences that we could demonstrate (Additional file 2: Figure 5), suggesting that using
updated cell-type proportions is warranted.
Our analysis highlights the benefits and some challenges of meta-analysis with DNA methylation data.
Building on previous studies, the meta-analysis of DNA
methylation data can lead to additional insights through
increased power and diversified study populations.
We addressed the challenge of using separate data sets
through advancement in analytic methods for DNA
methylation data to remove batch effects.

Conclusions
Here, we demonstrate the utility of DNA methylation
measures in peripheral blood to test immune phenotype
associations with panic disorder. We identified significantly different immune phenotypes and dysregulation
of repeat elements in PD compared with control subjects.
Methods
Study subjects and samples

The subjects and data used in this work have been previously described in their respective publications [9, 10].
Briefly, Iurato et al. [9] recruited panic disorder (PD)
patients (Diagnostic and Statistical Manual of Mental Disorders, 4th Edition (DSM-IV) criteria—Additional file 2: Table 2) through the Max Planck Institute
of Psychiatry (MPIP) in Munich, Germany, described
elsewhere [9]. They excluded patients with PD due to a
medical or neurological condition or the presence of
comorbid personality disorders (axis II disorders in the
DSM-IV classification). They recruited age-matched and
sex-matched controls from a Munich-based community
sample. Subjects did not take any mental health medication for at least four weeks before providing a blood
sample. Study data were accessed through the Gene
Expression Omnibus (GEO) GEO Series (GSE) number
GSE102468. Raw probe intensity data (IDAT files) were
accessed and downloaded directly.
Shimada-Sugimoto et al. [10] recruited Japanese
individuals living in Tokyo and Nagoya. PD diagnosis
was verified and defined through medical records and
the Diagnostic and Statistical Manual of Mental Disorders, 4th Edition (DSM-IV) criteria [64] based on
responses to the Mini-International Neuropsychiatric Interview (MINI) [65]. There was no data on mental
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health medication. Study data was access through the
Nation Bioscience Database Center (NBDC) of the
Japan Science and Technology Agency (JIST). Data set
JGAS0000000011 contained preprocessed beta values for
all samples.
DNA methylation data

As previously described, peripheral blood processing,
extraction of genomic DNA, and bisulfite conversion
were conducted before DNA methylation measures in
the original studies. In both studies, genomic DNA was
bisulfite converted using the Zymo EZ-96 DNA Methylation Kit (Zymo Research), and DNA methylation levels
were measured at > 480,000 CpG sites using the Illumina
HumanMethylation450 BeadChip array [9, 10]. Hybridization and processing were performed according to the
instructions of the manufacturer.
Probe intensity data (IDAT files) from Iurato et al. [9]
study were imported into R version 3.5 [66]. Data were
processed with the minfi [67] version 1.24.0 (https://
bioconductor.org/packages/minfi/) R package. Ten samples were removed due to more than 5% of their probes’
signal intensity failing to be significantly higher than
background (low signal intensity; mean negative detection p value > 0.05), leaving 155 samples in the analysis. Additionally, 26,974 CpGs were removed from for
analysis due to poor performance across samples (mean
negative detection p value > 0.05). Beta values were quantile-normalized and combined with the beta values from
Shimada-Sugimoto et al. [10]. Beta values from ShimadaSugimoto et al. [10] were imported into R version 3.5 and
10,247 partially missing probes were imputed through k
nearest neighbors [68]. Of the 485,512 probes in the Shimada-Sugimoto et al. [10] dataset, 2,065 were removed
from for analysis due to poor performance (mean negative detection p value > 0.05). The combined beta values were limited to the 376,602 CpGs that were in both
data sets and normalized along with the reference betas
through beta-mixture quantile (BMIQ) [69] normalization method, and a detected batch effect was addressed
through the use of ComBat [70].
Statistical analysis

Cell-type proportions were determined for each sample
through a modified version of the Houseman method
[71] using the projectCellType_CP function [8] from the
FlowSorted.Blood.EPIC package in Bioconductor. Due to
missing data for CpGs in standard deconvolution DMR
libraries, we generated a library from available data. The
reference betas were determined through the meffil.celltype.specific.methylation [72] function resulting in 1,629
unique CpGs contained in the combined data set. To
verify the efficacy of the identified CpGs, we used them
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to estimate cell-type proportions of samples with known
proportions (Additional file 3). The resulting R2 for each
cell type ranged from 0.915 to 0.999 (Additional file 2:
Figure 6). As age was not available at the subject level in
covariate data, it was estimated through the watermelon
[73] implementation of the Horvath age estimation [74]
and OSCA method [75, 76]. Comparing the distribution
of these age estimates to the originally published study
mean by Iurato et al. [9] Horvath-based age estimates
were used in subsequent modeling (Additional file 2: Figure 7). mdNLR was calculated through grouping leukocyte subtypes as previously established [11]. Differences
in cell-type proportions between individuals with Panic
Disorder and Controls were assessed using the Wilcoxon
signed-rank test. To determine if there were differences
between cell-type proportions using these updated methods and those previously used, we calculated cell-type
proportions using minfi as reported and tested the mean
difference between each (Additional file 2: Figure 5).
Unconditional multivariable logistic regression models
were fit to test the association of CD8-T and mdNLR
with PD case status while controlling for age and sex
while allowing for each study to have a random effect [77,
78]. We used the Holm–Bonferroni method to adjust for
multiple testing reported as P-adj. Methylation status
of repeat elements, Alu, and long interspersed nucleotide element-1 (LINE-1), was estimated through the use
of REMP R-package [79]. The mean beta of all Alu and
LINE-1 elements was taken separately for each individual. The difference between those with and without
panic disorder was compared using the Wilcoxon signedrank test. Unconditional multivariable logistic regression
models were again fit to test the association of Alu and
LINE-1 with PD case status while controlling for age and
sex while allowing for each study to have a random effect.
Epigenome wide association study (EWAS)

To examine the association of specific methylated CpGs
with PD diagnosis, we performed a combined one-stage
individual participant data meta-analysis and studyspecific analysis. We fit linear models for each CpG
controlling for age, sex, immune cell proportions, and a
random-effect of study (combined model only) [80]. We
defined significance as a Bonferroni threshold of 1.33e−7
for the 450 k array. We relaxed this assumption for
enrichment analyses using a more lenient false discovery
rate (FDR) q-value of < 0.05. The same model structure
and specifications were used with Alu and LINE-1 methylation status to examine the association of specific methylated non-LTR retrotransposons with a PD diagnosis.
In a sensitivity analysis, we examine potential unmeasured confounders with the OSCA MOMENT method
[75]. To test if smoking may be a confounder, we first
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predicted smoking status for each individual through
EpiSmokEr [22]. We then added smoking status to an
additional limma model with age, sex, immune cell proportions, and a random-effect of study.
Enrichment analysis

Departing from the list of CpGs, whose methylation
status was associated with PD, we used three methods
to examine if they were enriched in genomic features
and biological pathways. First, we tested if PD associated CpGs were enriched by CpG island-related genome
context through independent logistic regression models
for being in enhancers, open sea, north shelves, north
shores, islands, south shores, or south shelves. Second, to
determine the enrichment of genomic features, we used
Locus Overlap Analysis (LOLA) software [23], limiting
to UCSC-defined features. Finally, we used an empirical Bayes method for pathway and gene enrichment
through the ChAMP R package [81] linked to the Gene
Set Enrichment Analysis (GSEA) molecular signature
database.
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org/10.1186/s13148-020-00972-9.
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Abbreviations
PD: Panic disorder; CpG: Cytosine–guanine; mdNLR: Methylation-derived
neutrophil-to-lymphocyte ratio; EWAS: Epigenome-wide association study;
OR: Odds ratio; SD: Standard deviation; LADs: Lamin B1-associated domains;
NIMH: National Institute of Mental Health; NCS-R: National Comorbidity Survey
Replication; LINE-1: Long interspersed nucleotide element-1; LOLA: Locus
Overlap Analysis; GSEA: Gene Set Enrichment Analysis; DSM-IV: Diagnostic and
Statistical Manual of Mental Disorders, 4th Edition; MINI: Mini-International
Neuropsychiatric Interview; MPIP: Max Planck Institute of Psychiatry; NBDC:
National Bioscience Database Center; JIST: Japan Science and Technology
Agency; BMIQ: Beta-mixture quantile; FDR: False discovery rate; TSS: Transcrip‑
tion start site.
Acknowledgements
We would like to acknowledge the important formative work that Iurato et al.
[9] and Shimada-Sugimoto et al. [10] have done.
Authors’ contributions
CLP, JC, and LAS contributed to the analysis. All authors, CLP, JC, LAS, & BCC,
contributed to the conception, design, and writing of the manuscript. All
authors read and approved the final manuscript.
Funding
Mr. Petersen is supported by the Burroughs-Wellcome Fund: Big Data in the
Life Sciences at Dartmouth. Dr. Christensen is supported through the National
Institutes of Health under award numbers R01CA216265, P20GM104416,
and P20GM130454. Dr. Salas is supported through the CDMRP/DoD number
W81XWH-20-1-0778.

Petersen et al. Clin Epigenet

(2020) 12:177

Availability of data and materials
The dataset generated by Iurato et al. [9] analyzed during this current study
is available in the gene expression omnibus repository at GSE102468. The
dataset generated by Shimada-Sugimoto et al. [10] analyzed during this study
is available in the gene expression omnibus repository at the National Biosci‑
ence Database Center NBDC (https://biosciencedbc.jp/en/).
Ethics approval and consent to participate
This retrospective analysis was approved by the Dartmouth IRB.
Consent for publication
N/A.
Competing interests
The authors declare that they have no competing interests.
Author details
1
The Dartmouth Institute for Health Policy and Clinical Practice, Lebanon,
NH 03766, USA. 2 Quantitative Biomedical Science Program, Geisel School
of Medicine at Dartmouth, Lebanon, NH 03766, USA. 3 Program for Experi‑
mental and Molecular Medicine, Geisel School of Medicine at Dartmouth,
Lebanon, NH 03766, USA. 4 Department of Epidemiology, Geisel School
of Medicine at Dartmouth, Lebanon, NH 03766, USA. 5 Department of Molecu‑
lar and Systems Biology, Geisel School of Medicine at Dartmouth, Lebanon,
NH 03766, USA. 6 Dartmouth Hitchcock Medical Center, 1 Medical Center Dr,
660 Williamson Translation Research Building, Lebanon, NH 03756, USA.
Received: 3 June 2020 Accepted: 9 November 2020

References
1. Taylor CB. Panic disorder. BMJ (Clin Res Ed). 2006;332(7547):951.
2. Kessler RC, Chiu WT, Demler O, Walters EE. Prevalence, severity, and
comorbidity of twelve-month DSM-IV disorders in the national comor‑
bidity survey replication (NCS-R). Arch Gen Psychiatry. 2005;62(6):617–27.
3. McLean CP, Asnaani A, Litz BT, Hofmann SG. Gender differences in anxiety
disorders: prevalence, course of illness, comorbidity and burden of illness.
J Psychiatr Res. 2011;45(8):1027–35.
4. Davies SJC, Ghahramani P, Jackson PR, Noble TW, Hardy PG, Hippisley-Cox
J, et al. Association of panic disorder and panic attacks with hypertension.
Am J Med. 1999;107(4):310–6.
5. Meuret AE, Kroll J, Ritz T. Panic disorder comorbidity with medical condi‑
tions and treatment implications. Annu Rev Clin Psychol. 2017;13:209–40.
6. Klerman GL, Weissman MM, Ouellette R, Johnson J, Greenwald S. Panic
attacks in the community: social morbidity and health care utilization.
JAMA. 1991;265(6):742–6.
7. Reinius LE, Acevedo N, Joerink M, Pershagen G, Dahlén S-E, Greco D, et al.
Differential DNA methylation in purified human blood cells: implica‑
tions for cell lineage and studies on disease susceptibility. PLoS ONE.
2012;7(7):e41361.
8. Salas LA, Koestler DC, Butler RA, Hansen HM, Wiencke JK, Kelsey KT, et al.
An optimized library for reference-based deconvolution of whole-blood
biospecimens assayed using the Illumina HumanMethylationEPIC Bead‑
Array. Genome Biol. 2018;19(1):64.
9. Iurato S, Carrillo-Roa T, Arloth J, Czamara D, Diener-Hölzl L, Lange J,
et al. DNA methylation signatures in panic disorder. Transl Psychiatry.
2017;7(12):1287.
10. Shimada-Sugimoto M, Otowa T, Miyagawa T, Umekage T, Kawamura Y,
Bundo M, et al. Epigenome-wide association study of DNA methylation in
panic disorder. Clin Epigenetics. 2017;9:6.
11. Koestler DC, Usset J, Christensen BC, Marsit CJ, Karagas MR, Kelsey KT,
et al. DNA methylation-derived neutrophil-to-lymphocyte ratio: an
epigenetic tool to explore cancer inflammation and outcomes. Cancer
Epidemiol Biomarkers Prev. 2017;26(3):328–38.
12. Oertelt-Prigione S. The influence of sex and gender on the immune
response. Autoimmun Rev. 2012;11(6):A479–85.
13. Lapp HE, Hunter RG. Early life exposures, neurodevelopmental disorders,
and transposable elements. Neurobiol Stress. 2019;11:100174.

Page 9 of 10

14. Misiak B, Ricceri L, Sąsiadek MM. Transposable elements and their
epigenetic regulation in mental disorders: current evidence in the field.
Front Genet. 2019;10:580.
15. Guffanti G, Gaudi S, Fallon JH, Sobell J, Potkin SG, Pato C, et al. Trans‑
posable elements and psychiatric disorders. Am J Med Genet Part
BNeuropsychiatr Genet. 2014;165(3):201–16.
16. Perini GI, Zara M, Carraro C, Tosin C, Gava F, Santucci MG, et al. Psycho‑
immunoendocrine aspects of panic disorder. Human Psychopharmacol
Clin Exp. 2004;10(6):461–5.
17. Rapaport MH. Circulating lymphocyte phenotypic surface markers
in anxiety disorder patients and normal volunteers. Biol Psychiat.
1998;43(6):458–63.
18. Schleifer SJ, Keller SE, Bartlett JA. Panic disorder and immunity: few
effects on circulating lymphocytes, mitogen response, and NK cell
activity. Brain Behav Immun. 2002;16(6):698–705.
19. Park J-E, Kim S-W, Park Q, Jeong D-U, Yu B-H. Lymphocyte subsets
and mood states in panic disorder patients. J Korean Med Sci.
2005;20(2):215–9.
20. McDaniel JS, Risby ED, Stipetic M, Jewart RD, Caudle J. Natural killer cell
activity in patients with panic disorder. Anxiety. 1994;1(4):192–5.
21. Ziegler C, Grundner-Culemann F, Schiele MA, Schlosser P, Kollert L,
Mahr M, et al. The DNA methylome in panic disorder: a case-control
and longitudinal psychotherapy-epigenetic study. Transl Psychiatry.
2019;9:314.
22. Bollepalli S, Korhonen T, Kaprio J, Anders S, Ollikainen M. EpiSmokEr: a
robust classifier to determine smoking status from DNA methylation
data. Epigenomics. 2019;11(13):1469–86.
23. Sheffield NC, Bock C. LOLA: enrichment analysis for genomic region
sets and regulatory elements in R and Bioconductor. Bioinformatics.
2016;32:587–9.
24. Kent WJ, Sugnet CW, Furey TS, Roskin KM, Pringle TH, Zahler
AM, et al. The human genome browser at UCSC. Genome Res.
2002;12(6):996–1006.
25. Smit A, Hubley R, Green P. RepeatMasker Open-4.0. 2013–2015. 2015.
26. Wendt K, Yoshida K, Itoh T, Bando M, Koch B, Schirghuber E, et al. Cohesin
mediates transcriptional insulation by CCCTC-binding factor. Nature.
2008;451(7180):796–801.
27. Chen J, Deng Q, Pan Y, He B, Ying H, Sun H, et al. Prognostic value
of neutrophil-to-lymphocyte ratio in breast cancer. FEBS Open Bio.
2015;5:502–7.
28. Cao J, Zhu X, Zhao X, Li XF, Xu R. Neutrophil-to-lymphocyte ratio predicts
PSA response and prognosis in prostate cancer: a systematic review and
meta-analysis. PLoS ONE. 2016;11(7):e0158770.
29. Azab B, Bhatt VR, Phookan J, Murukutla S, Kohn N, Terjanian T, et al.
Usefulness of the neutrophil-to-lymphocyte ratio in predicting shortand long-term mortality in breast cancer patients. Ann Surg Oncol.
2012;19(1):217–24.
30. Stein M, Keller SE, Schleifer SJ. Immune system. Relationship to anxiety
disorders. Psychiatr Clin North Am. 1988;11(2):349–60.
31. Irwin MR, Miller AH. Depressive disorders and immunity: 20 years of
progress and discovery. Brain Behav Immun. 2007;21(4):374–83.
32. O’Meara T, Kong Y, Chiarella J, Price R, Chaudhury R, Liu X, et al. Exosomal
microRNAs associate with neuropsychological performance in individuals
with HIV infection on antiretroviral therapy. J Acquir Immune Defic Syndr.
2019;82(5):514–22.
33. Maier S, Watkins L. Cytokines for psychologists: implications of bidirec‑
tional immune-to-brain communication for understanding behavior,
mood, and cognition. Psychol Rev. 1998;105(1):83–107.
34. Bierhaus A, Wolf J, Andrassy M, Rohleder N, Humpert PM, Petrov D, et al. A
mechanism converting psychosocial stress into mononuclear cell activa‑
tion. Proc Natl Acad Sci USA. 2003;100(4):1920–5.
35. Brambilla F, Bellodi L, Perna G, Bertani A, Panerai A, Sacerdote P. Plasma
interleukin-1 beta concentrations in panic disorder. Psychiatry Res.
1994;54(2):135–42.
36. Hoge E, Brandstetter K, Moshier S, Pollack M, Wong K, Simon N. Broad
spectrum of cytokine abnormalities in panic disorder and posttraumatic
stress disorder. Depress Anxiety. 2009;26(5):447–55.
37. Yang R, Masters AR, Fortner KA, Champagne DP, Yanguas-Casás N,
Silberger DJ, et al. IL-6 promotes the differentiation of a subset of naive
CD8+ T cells into IL-21–producing B helper CD8+ T cells. J Exp Med.
2016;213(11):2281–91.

Petersen et al. Clin Epigenet

(2020) 12:177

38. Ben-Sasson SZ, Hogg A, Hu-Li J, Wingfield P, Chen X, Crank M, et al. IL-1
enhances expansion, effector function, tissue localization, and memory
response of antigen-specific CD8 T cells. J Exp Med. 2013;210(3):491–502.
39. Atsumi T, Sato M, Kamimura D, Moroi A, Iwakura Y, Betz U, et al.
IFN-gamma expression in CD8+ T cells regulated by IL-6 signal is
involved in superantigen-mediated CD4+ T cell death. Int Immunol.
2009;21(1):73–80.
40. Tükel R, Arslan B, Ertekin B, Ertekin E, Oflaz S, Ergen A, et al. Decreased
IFN-γ and IL-12 levels in panic disorder. J Psychosom Res. 2012;73(1):63–7.
41. Balldin VH, Hall JR, Barber RC, Hynan L, Diaz-Arrastia R, O’Bryant SE. The
relation between inflammation and neuropsychological test perfor‑
mance. Int J Alzheimers Dis. 2012;2012:703871.
42. Bettcher BM, Kramer JH. Inflammation and clinical presentation
in neurodegenerative disease: a volatile relationship. Neurocase.
2013;19(2):182–200.
43. O’Sullivan K, Newman E. Neuropsychological impairments in panic disor‑
der: a systematic review. J Affect Disord. 2014;167:268–84.
44. Li S, Yang Q, Hou Y, Jiang T, Zong L, Wang Z, et al. Hypomethylation of
LINE-1 elements in schizophrenia and bipolar disorder. J Psychiatr Res.
2018;107:68–72.
45. Mutirangura A. A hypothesis to explain how the DNA of elderly people is
prone to damage: genome-wide hypomethylation drives genomic insta‑
bility in the elderly by reducing youth-associated gnome-stabilizing DNA
gaps. In: Meccariello R, editor. Epigenetics. London: IntechOpen; 2018.
46. Kitkumthorn N, Mutirangura A. Long interspersed nuclear element-1
hypomethylation in cancer: biology and clinical applications. Clin Epige‑
netics. 2011;2(2):315–30.
47. Jung H, Kim H, Kim J, Sun J, Ahn J, Ahn M, et al. DNA methylation loss
promotes immune evasion of tumours with high mutation and copy
number load. Nat Commun. 2019;10(1):4278.
48. Ayllón V, O’Connor R. PBK/TOPK promotes tumour cell proliferation
through p38 MAPK activity and regulation of the DNA damage response.
Oncogene. 2006;26(24):3451–61.
49. Su TC, Chen CY, Tsai WC, Hsu HT, Yen HH, Sung WW, et al. Cytoplasmic,
nuclear, and total PBK/TOPK expression is associated with prognosis in
colorectal cancer patients: a retrospective analysis based on immunohis‑
tochemistry stain of tissue microarrays. PLoS ONE. 2018;13:0204866.
50. Ratner MH, Kumaresan V, Farb DH. Neurosteroid actions in memory and
neurologic/neuropsychiatric disorders. Front Endocrinol (Lausanne).
2019;10:169.
51. Goodwin L, Picketts D. The role of ISWI chromatin remodeling complexes
in brain development and neurodevelopmental disorders. Mol Cell
Neurosci. 2018;87:55–64.
52. Sun H, Damez-Werno DM, Scobie KN, Shao N, Dias C, Rabkin J, et al. ACF
chromatin remodeling complex mediates stress-induced depressive-like
behavior. Nat Med. 2015;21(10):1146–53.
53. Lamar K, Carvill G. Chromatin remodeling proteins in epilepsy: lessons
from CHD2-associated epilepsy. Front Mol Neurosci. 2018;11:208.
54. Hur EM, Saijilafu, Lee BD, Kim SJ, Xu WL, Zhou FQ. GSK3 controls axon
growth via CLASP-mediated regulation of growth cone microtubules.
Genes Dev. 2011;25(18):1968–81.
55. Mancini A, Vitucci D, Randers MB, Schmidt JF, Hagman M, Andersen TR,
et al. Lifelong football training: effects on autophagy and healthy longev‑
ity promotion. Front Physiol. 2019;10:132.
56. Qi AQ, Zhang YH, Qi QD, Liu YH, Zhu JL. Overexpressed HspB6 underlines
a novel inhibitory role in kainic acid-induced epileptic seizure in rats by
activating the cAMP-PKA pathway. Cell Mol Neurobiol. 2019;39(1):111–22.
57. Lécuyer MA, Saint-Laurent O, Bourbonnière L, Larouche S, Larochelle C,
Michel L, et al. Dual role of ALCAM in neuroinflammation and blood–
brain barrier homeostasis. Proc Natl Acad Sci USA. 2017;114:E524–33.
58. Shih R, Wang C, Yang C. NF-kappaB signaling pathways in neurological
inflammation: a mini review. Front Mol Neurosci. 2015;8:77.
59. Lukiw W, Bazan N. Strong nuclear factor-kappaB-DNA binding paral‑
lels cyclooxygenase-2 gene transcription in aging and in sporadic
Alzheimer’s disease superior temporal lobe neocortex. J Neurosci Res.
1998;53(5):583–92.
60. Ahn K, Aggarwal B. Transcription factor NF-kappaB: a sensor for smoke
and stress signals. Ann N Y Acad Sci. 2005;1056:218–33.

Page 10 of 10

61. Provençal N, Suderman MJ, Guillemin C, Massart R, Ruggiero A, Wang
D, et al. The signature of maternal rearing in the methylome in rhesus
macaque prefrontal cortex and T cells. J Neurosci. 2012;32:15626–42.
62. Wang D, Szyf M, Benkelfat C, Provençal N, Turecki G, Caramaschi D, et al.
Peripheral SLC6A4 DNA methylation is associated with in vivo measures
of human brain serotonin synthesis and childhood physical aggression.
PLoS ONE. 2012;7:e39501.
63. Ursini G, Bollati V, Fazio L, Porcelli A, Iacovelli L, Catalani A, et al. Stressrelated methylation of the catechol-O-methyltransferase Val 158
allele predicts human prefrontal cognition and activity. J Neurosci.
2011;31(18):6692–8.
64. Data D. Structured clinical interview for DSM-IV axis I disorders. Washing‑
ton: American Psychiatric Press; 1997.
65. Sheehan D, Lecrubier Y, Janavs J, Knapp E, Weiller E. Mini international
neuropsychiatric interview. Tampa: University of South Florida; 1994.
66. R Core Team. R: a language and environment for statistical computing. R
Foundation for Statistical Computing; 2017.
67. Aryee MJ, Jaffe AE, Corrada-Bravo H, Ladd-Acosta C, Feinberg AP, Hansen
KD, et al. Minfi: a flexible and comprehensive bioconductor package for
the analysis of Infinium DNA methylation microarrays. Bioinformatics.
2014;30(10):1363–9.
68. Hastie T, Tibshiran R, Narasimha B, Chu G. impute: imputation for microar‑
ray data. R package version 1.56.0 ed2018.
69. Xu Z, Niu L, Li L, Taylor JA. ENmix: a novel background correction
method for Illumina HumanMethylation450 BeadChip. Nucl Acids Res.
2016;44(3):e20.
70. Johnson WE, Li C, Rabinovic A. Adjusting batch effects in microar‑
ray expression data using empirical Bayes methods. Biostatistics.
2007;8(1):118–27.
71. Houseman EA, Accomando WP, Koestler DC, Christensen BC, Marsit CJ,
Nelson HH, et al. DNA methylation arrays as surrogate measures of cell
mixture distribution. BMC Bioinformatics. 2012;13:86.
72. Min JL, Hemani G, Davey Smith G, Relton C, Suderman M. Meffil: efficient
normalization and analysis of very large DNA methylation datasets. Bioin‑
formatics. 2018;34(23):3983–9.
73. Pidsley R, Wong CC, Volta M, Lunnon K, Mill J, Schalkwyk LC. A data-driven
approach to preprocessing Illumina 450K methylation array data. BMC
Genomics. 2013;14:293.
74. Horvath S. DNA methylation age of human tissues and cell types.
Genome Biol. 2013;14(10):R115.
75. Zhang F, Chen W, Zhu Z, Zhang Q, Nabais MF, Qi T, et al. OSCA: a tool for
omic-data-based complex trait analysis. Genome Biol. 2019;20:107.
76. Zhang Q, Vallerga C, Walker R, Lin T, Henders A, Montgomery G, et al.
Improved precision of epigenetic clock estimates across tissues and its
implication for biological ageing. Genome Med. 2019;11(1):54.
77. Thomas D, Radji S, Benedetti A. Systematic review of methods for indi‑
vidual patient data meta-analysis with binary outcomes. BMC Med Res
Methodol. 2014;14:79.
78. Riley RD, Lambert PC, Abo-Zaid G. Meta-analysis of individual participant
data: rationale, conduct, and reporting. BMJ. 2010;340:c221.
79. Zheng Y, Joyce BT, Liu L, Zhang Z, Kibbe WA, Zhang W, et al. Prediction of
genome-wide DNA methylation in repetitive elements. Nucl Acids Res.
2017;45:8697–711.
80. Matthew ER, Belinda P, Di W, Yifang H, Charity WL, Wei S, et al. Limma
powers differential expression analyses for {RNA}-sequencing and micro‑
array studies. Nucl Acids Res. 2015;43(7):e47.
81. Tian Y, CAS Key Lab of Computational Biology C-MPIfCB, Shanghai
Institute for Biological Sciences, University of Chinese Academy of Sci‑
ence, Chinese Academy of Sciences, Shanghai, China, Medical Genomics
Group POGB, UCL Cancer Institute, University College London, London,
UK, Morris TJ, Cambridge Epigenetix JWB, Babraham Campus, Cambridge,
UK, Webster AP, et al. ChAMP: updated methylation analysis pipeline for
Illumina BeadChips. Bioinformatics. 2019;33(24):3982–4.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

