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ABSTRACT 

Title of Dissertation: Development and Application of Cross-Tissue Techniques for the 

Analysis Of Psychiatric Epigenetic Data 

Jerry Dolph Guintivano, Doctor of Philosophy, 2014 

Dissertation Directed by: Dr. Zachary A. Kaminsky, Assistant Professor, Department of 

Psychiatry and Behavioral Sciences, School of Medicine, Johns Hopkins University 

 

Epigenome-wide association studies in psychiatry have become increasingly common, 

primarily interrogating post mortem brain tissues comprised of heterogeneous mixtures of 

neuronal and non-neuronal cells. DNA methylation has been established as a defining 

feature of individual cell types, but with differing proportions of cell types in the brain, or 

differences in cell populations that exhibit disease features, epigenomic studies using 

unsorted DNA preparations must account for cellular heterogeneity as potential 

confounding factors. Further, with limited availability of post mortem brain cohorts, 

alternative tissues, such as blood, must be considered and evaluated as viable to study 

epigenetic changes associated with psychiatric diseases. Therefore, in this work we 

developed techniques that 1) utilize blood as a viable tissue for biomarker discovery and 

2) are capable of correcting for cellular heterogeneity in psychiatric epigenetic studies. 

Using blood taken during pregnancy, we identified two biomarker loci at the HP1BP3 

and TTC9B genes that predicted postpartum depression with an AUC of 0.87 in 

antenatally euthymic women and 0.12 in a replication sample of antenatally depressed 

women. Incorporation of blood count data into the model accounted for the discrepancy 

and produced an AUC of 0.96 across both prepartum depressed and euthymic women. To 



 

address brain heterogeneity, we performed fluorescence activated cell sorting (FACS) of 

neuronal nuclei and Illumina HM450 DNA methylation profiling in post mortem frontal 

cortex of 29 major depression subjects and 29 matched controls. Using the top cell 

epigenotype specific (CETS) marks, we generated a publically available R-package, 

“CETS,” capable of quantifying neuronal proportions and generating in silico neuronal 

profiles capable of removing cell type heterogeneity bias from DNA methylation data. 

We demonstrate CETS derived neuronal proportions correlated significantly with age in 

the frontal cortex and cerebellum and accounted for epigenetic variation between brain 

regions. We demonstrate that triplex forming oligonucleoties (TFOs) can form triplex 

structures with genomic DNA in a sequence specific manner, preferentially binding to 

methylated duplex DNA, allowing for the enrichment of cell-specific DNA based on 

previously identified CETS marks. We have generated a model capable of predicting 

TFO specificity and ability to enrich for DNA methylation. 
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CHAPTER 1: BACKGROUND 

1.1 Psychiatric Epigenetics  

Psychiatric disorders are complex diseases classified into clinical syndromes with 

no known etiology. Those who have psychiatric disorders live longer with the burden of 

their disease compared to those living with other diseases1. While the etiologies of these 

are unknown, it is thought their onset is due to an underlying genetic predisposition in 

combination with environmental insults. Many studies indicate that the genetic 

component for these disorders can vary, with heritability ranges from 0.37 in major 

depression (MDD) to 0.81 in schizophrenia (SCZ) 2. Despite the amount of information 

generated from genetic association studies, recent studies have focused on the role of 

epigenetics, specifically DNA methylation, and how it may contribute to disease risk. At 

the intersection of genes and environment, DNA methylation provides a mechanism for 

different environmental factors to alter genetic expression.  

1.1a Nature and nurture in psychiatric disease 

Like most complex diseases, psychiatric diseases are believed to result from the 

combined influences of ‘nature’ and ‘nurture’.  These two terms respectively refer to 

those inherited factors influencing one’s development and later life outcomes as opposed 

to those factors external to one’s self. More specifically in today’s terms, nature refers to 

genetic factors while nurture refers to environmental influences. Much of what is known 

about the degree to which these two influences play a role in disease manifestation comes 

from the employment of the classical twin design. 

 The classical twin design relies on a comparison of the concordance rates for a 

given trait between monozygotic (MZ) to dizygotic (DZ) twins. This design has long 
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been regarded as one of the most elegant systems through which to infer the influence of 

inherited factors on a trait, as the degree of both genetic and environmental variation 

occurring in both groups is known.  MZ twins arise from a single fertilized egg, while DZ 

twins result from two eggs being fertilized by two separate sperm3. These alternate 

origins result in MZ twins sharing approximately 100% DNA sequence identity while DZ 

twins share about 50% of all segregating DNA polymorphisms, on average4-6. 

Importantly, the degree of shared environment in both MZ and DZ twins is high, so in the 

traditional model, if the DZ twin group is more variable for a trait, it is said to be under 

the influence of heritable factors. Heritability4, 7 is the degree to which a trait is due to 

genetic differences, does not indicate what specific genetic factors are involved in 

influencing trait development. Conversely, the remainder of the variation for a trait not 

accounted for by heritability estimates is generally attributed to the effects of non-shared 

environmental influence.  

1.1b Heritability in psychiatric disease 

Using the classical twin design, relatively large ranges of heritabilities and 

environmental influences have been identified for numerous psychiatric diseases6. For 

example SCZ and bipolar disorder (BP) exhibit relatively high levels of inherited risk, 

between 60 and 80%8-12. An evaluation of 36 MZ and 53 DZ twins found panic disorder to 

be twice as frequent in MZ twins than DZ twins13 suggesting that the disease is caused 

purely by genetic factors. Alzheimer’s disease exhibits a high heritability14, while 

neurodeveopmental disorders such as autism spectrum disorder (ASD) and attention 

deficit hyperactivity disorder (ADHD) exhibit high heritabilities when assessed in 

childhood15. On the other end of the scale, MDD usually exhibits a generally low 
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heritability between 0.30 and 0.402, 16-21, while most reviewed heritability values for 

suicidality range from 26-70%22. Other psychiatric disorders such as anxiety, somatoform 

disorders, and alcohol abuse exhibit lower heritabilities according to twin studies14. The 

results and interpretation of such modern twin studies have fueled the search for the 

implicated genetic and environmental factors. 

In recent years, this search has culminated in genetic screening technologies that 

have enabled comprehensive investigations of common genetic variation on the genome-

wide level. The degree to which the pool of genome-wide significant results from 

genome-wide association studies (GWAS) has grown across psychiatric diseases has 

generally reflected initial heritability estimates; although it should be kept in mind that 

those diseases with the highest heritablities are currently also the best powered to date23. 

The comparative deluge of genome-wide significant results in MDD, however, stand as a 

marked contrast to the results of SCZ and support the notion that psychiatric diseases 

with low heritability estimates may therefore be more under the control of environmental 

influences. What is not attributed to genetics in heritability studies falls into the category 

of non-shared environmental influence and, in the case of MDD, this portion represents a 

relatively large (~70%) piece of the pie. In a recent review of the current state of genetic 

evidence in MDD, Cohen-Woods et al., suggest that the conflicting genetic results in 

MDD may be a consequence of a failure to account for environmental influence24.   

  A recent large scale analysis of available GWAS data across a range of 

psychiatric diseases including SCZ, BP, MDD, ASD, ADHD, among others demonstrates 

a striking overlap in the amount of common genetic risk contributing across various 

combinations of these disorders11, 12. For example, SCZ was most genetically similar to 
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BP, but also shared genetic etiology with MDD and to a much lesser extent, ASD. 

Cumulatively, the data suggest that a common genetic etiology is shared across a range of 

phenotypically distinct psychiatric disorders. GWAS techniques have also enabled the 

quantification of heritability based on genetic variation at single nucleotide 

polymorphisms (SNP), known as “SNP heritability”. In the case of MDD, this value 

estimated to be approximately 23%, which is lower than the 30% suggested by classical 

twin studies11. These specific types of “SNP heritability” speak only to the heritability 

accounted for by the measured genetic polymorphisms, while twin studies will identify 

the presence of all heritable factors independent of their source. In general, the lower 

estimate when accounting for a majority of common genetic variation suggests the 

intriguing possibility that additional sources of non-genetic variation may be affecting the 

measurement of heritability.  Additionally, the data suggest the possibility that risk to 

psychiatric disease is conferred through the interaction of an inherited genetic 

susceptibility that must interact with contributing environmental risk factors to result in 

disease and that specific combinations of interactions may distinguish between disorders. 

This interpretation is consistent with the observations of non-Mendelian features in 

psychiatric disease, which include sexual dimorphism25, discordance of identical twins26, 

and non-Mendelian modes of inheritance27.  

1.1c Epigenetics 

Epigenetic factors include DNA methylation and histone protein modifications.  

However, the field of psychiatry primarily focuses on DNA methylation because of its 

stability and relative ease of measurement compared to histone modifications. In the 

mammalian genome, DNA methylation occurs on the 5’- carbon of the cytosine ring of 
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cytosine-guanine dinucleotides (CpG) 28. DNA methylation is associated with a 

heterochromatic state that can limit gene transcription as well as regulate numerous other 

genomic functions29-33. Epigenetic marks are stably inherited following cell division; 

however, stochastic rearrangements, hormonal influences34-36, and environmental 

influences32, 37, 38 can result in a drift of these regulatory molecular signals over time. 

1.1d The intersection of epigenetics and the environment 

Epigenetic signatures are transmitted through cell division to daughter cells; 

however, several environmental factors can change epigenetic patterns in nonspecific 

ways across the genome, or at specific sites, which may result in altered phenotypes. In 

this way, changes to epigenetic patterns represent a molecular medium through which the 

environment can interact with genetic predisposition and influence phenotype. Numerous 

environmental factors have been associated with psychiatric disease risk. For example, 

SCZ onset has been linked to prenatal risk factors including, maternal infection and 

malnutrition, and advanced paternal age. Other risk factors associated with SCZ include 

migrant status, growing up in an urban setting, parental loss, substance abuse, and 

adverse life events39-42. Environmental risks for MDD include both low as well as high 

birth weight relative to gestational age43, 44, early life adversity, trauma, or sexual abuse45, 

hormonal fluctuation46-48, and stress49. The development of ASD has been linked to early 

developmental environmental factors such as maternal weight gain but not pregnancy 

body mass index (BMI) 50, maternal migrant status51, advanced maternal age (35 years or 

older), low birth weight, multiple gestation, gestational age at birth, breech presentation, 

prolonged labor, low apgar score at five minutes, hypoxia, and parental psychiatric 

status52, 53. 
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Each of the environmental risk factors above are associated with specific 

developmental time periods where their effects can be most influential. During these 

periods, environmental exposures alone or in combination may lead to epigenetic changes 

that can reprogram key genes, altering developmental trajectories and increasing the risk 

for psychiatric disease. Over the course of development these subtle changes may lead to 

a greater vulnerability to stress and culminate in disease, all mediated by epigenetic 

mechanisms. 

As the number of DNA methylation studies increases, there is an important 

factors to consider when interpreting findings. Cellular heterogeneity is often 

unaccounted for in psychiatric epigenetic studies and has the potential to confound 

results. In this work, we illustrate the role of cellular heterogeneity in psychiatric 

epigenetic studies using blood and brain. While brain tissue is of greater interest in 

psychiatry, we make the case for utilizing blood more often in psychiatric epigenetic 

studies. 

1.2 Cellular Heterogeneity of the Brain in DNA Methylation Studies  

Many approaches have been taken to uncover DNA methylation changes 

associated with psychiatric outcomes, ranging from candidate gene studies to genome 

wide epigenetic profiling. Given that psychiatric disease originates in the brain, most of 

the research studies in psychiatric epigenetics interrogate post mortem brain tissue. 

Current technology such as, DNA methylation microarrays and whole genome and 

exome sequencing, allows for the interrogation of thousands of CpGs across the genome. 

These techniques make more efficient use of scarce brain tissues by generating a large 

amount of epigenetic data from small amounts of tissue. Even with these efficiencies in 
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technology, a consistent facet of the first wave of epigenomic studies in the brain has 

been limited success in finding associations with small effect sizes of the identified 

results. One of the first epigenomic profiling studies was performed in BP and SCZ, 

collectively called major psychosis54. Mill et al. found small effect sizes in prefrontal 

cortex DNA methylation, using different strategies to analyze their data, such as 

stratifying by sex and diagnosis. Ultimately, they found five of twelve loci remained 

significant validated using sodium bisulfite pyrosequencing, while those that were not 

significant still reflected the changes predicted by mircoarray analysis. Two of these 

significant findings were WDR18 glutamate receptor subunit gene, where an 8% DNA 

methylation difference was detected between males with SCZ and controls, and the 

RPL39 gene where female patients with BP were 6% more methylated than controls. 

Another methylome profiling study by Sabunciyan et al. looked in MDD and found 438 

nominally significant differentially methylated regions (DMR), though none remained 

significant after correction for multiple testing55. However, the 60% of the top nominally 

significant differences successfully validated using sodium bisulfite pyrosequencing. 

Despite the promise of epigenetic etiological factors in psychiatry, the best studies have 

been limited with only few significant hits of small effect size and potential confounding 

factors need to be identified for more meaningful results.  

In the above studies, and in several others, the brain samples interrogated consist 

of “bulk” tissues, heterogeneous mixtures of neuronal and non-neuronal cell types. On 

the whole, the brain contains approximately equal numbers of neurons and glia, but 

within the cerebral cortex where many studies are focused, the ratio of glia to neurons is 

3.76/156. Cellular heterogeneity in the central nervous system (CNS) must be accounted 
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for in psychiatric epigenetic studies because DNA methylation has been established as a 

defining feature of differing cell types57-60. Additionally, studies by Irizarry et al. and 

Davies et al. generated DNA methylation profiles that identified tissue-specific 

differentially methylated regions (tDMRs) capable of distinguishing bulk brain regions. 

These tDMRs are found in CpG islands (CGI) and their adjacent shores61, 62. More 

specifically, neurons and glia each have their own unique DNA methylation profiles63. 

This combination of brain region-specific and cell-specific DNA methylation suggests 

that cellular heterogeneity could confound DNA methylation studies in two ways. 

First, changes in cellular proportions may exist between the samples tested. This 

is especially applicable in psychiatry because many different factors may affect cellular 

proportions in tissue samples, including disease status, drug use, and medication. A wide 

range of evidence exists across disorders demonstrating disease-associated changes in 

brain region and cellular morphology. Magnetic resonance imaging (MRI) studies using 

matched controls show decreases in hippocampal and amygdalar volumes in patients with 

Alzheimer’s disease and SCZ64, decreased cingulate and increased amygdalar volumes in 

patients with MDD65, and decreased hippocampal volumes in females with recurrent 

familial pure depressive disorder66. The changes in these volumes may be due to 

decreases in one cell type, or different combinations therein, and each to a different 

degree. For instance, Ekman et al finds in patients with BP decreased grey matter 

volumes in the inferior frontal gyri of the dorsolateral prefrontal cortices (DLPFC) that 

correlates significantly to the lifetime number of manic episodes67. Should these volume 

differences in the DLPFC be due to a reduction in neuronal populations, the number of 

manic episodes could dictate the degree of loss, which could result in heterogeneity of 
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measurements and differing degrees of loss in neuronal signal. An example of this type of 

neuronal loss, Underwood et al. found that those with who committed suicide had a 

decrease in neuron density in both the dorsal and ventral prefrontal cortex (PFC) 

compared to matched controls68. While Uranova et al found reductions in oligodenroglial 

cell density within layer VI of the PFC in patients with BP (-29%), SCZ (-25%), or MDD 

(-19%)69. Neuronal loss is perhaps best exemplified in Alzheimer’s disease where there is 

approximately 30% neuronal loss in the entorhinal cortex70 and hippocampus71, and a 50% 

loss in the superior temporal sulcus72. On the opposite end of the spectrum, MDD is 

associated with elevated levels of activated microglia73-75, which may skew the observed 

bulk methylation to look more like that of activated microglia. In this way, observed 

disease-implicated DMRs may be more a reflection of morphological aberrations or other 

facets of disease state such as inflammation or neurodegeneration. 

The second way cellular heterogeneity may confound psychiatric epigenetic 

studies is a dilution of disease effects by cell types that do not exhibit disease effects. 

Alterations within the dopamine and glutamate systems have been associated with SCZ76-

78, while serotonin and dopamine signaling are implicated in depression79-81. As an 

example, there are approximately 400,000 dopaminergic neurons in the brain82. The 

relative number of these neuronal subtypes is few compared to the overall number of 

cells in the CNS being investigated. If psychiatric disease relevant epigenetic changes are 

occurring within this specific subtype, decreases in the observed effect sizes may be 

expected if sampling is performed from bulk tissue. It is clear that cellular heterogeneity 

represents a major potential confounding factor in psychiatric disease. As the field moves 

forward, tools that enable the quantification and correction for such heterogeneity in a 
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manner that uses minimal amounts of scarce tissue would represent a major advantage to 

the study of psychiatric epigenetics. 

1.3 Blood as a Relevant Tissue for Psychiatric Outcomes 

Much of the work done in psychiatric epigenetics relies on post mortem brain 

tissues. While utilizing brain tissues gets closer to the source of disease, the results of 

these studies should be treated with caution. First, the brain tissue used is merely a snap 

shot of the disease after death, often several years after disease onset. The time between 

disease onset and death can introduce several confounding factors for future DNA 

methylation studies including medication status, and mode of death. And with brain 

tissue donors in short supply and repositories becoming depleted83, alternative tissues, 

such as blood, must be utilized more often to study epigenetic changes underlying 

psychiatric diseases. The major criticism for blood as a proxy in psychiatric disease is 

that it is a circulating peripheral tissue, coming into contact with many other bodily 

systems, bringing into question the capacity of blood to reflect changes seen in the brain. 

To date, there have only been three studies to assess genome-wide similarities in DNA 

methylation between brain and blood. Davies et al. have identified tDMRs across six 

cortical regions, cerebellum, and blood in individuals with no recorded neuropathology or 

neuropsychiatric disease62. While their largest differences in DNA methylation were 

between tissues, inter-individual changes were found significantly correlated between 

blood and cortex (correlation=0.66, P < 0.001). Similarly, Horvath et al. identified age-

related DNA methylation modules that are present across blood and brain84. Using 2442 

publically available Illumina DNA methylation datasets across multiple human tissues 

(whole blood, leukocytes, cortex, pons, and cerebellum) and weighted correlation 
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network analysis (WGCNA), the authors identified a robust age-related co-methylation 

module that is present across blood and brain. Lastly, Masliah et al. identified 124 

annotated gene loci that showed similar changes in DNA methylation in both frontal 

cortex brain tissue and blood of patients with Parkinson’s disease (PD) 85. Data mining 

using their top 30 differentially methylated genes identified 24 genes that have previously 

shown DNA transcriptional changes associated with PD. Additionally, they found an 

overlap of ten of their PD associated genes with age-related modules identified by 

Horvath et al84. The findings of these three genome-wide studies hold the promise of 

observing disease-associated changes in the blood that may be reflective of similar 

changes in the brain. 

A similar number of studies have taken a candidate gene approach in examining 

how DNA methylation patterns are shared across tissues at loci of interest86-90. However, 

compared to the above genome-wide studies, most of the candidate gene studies do not 

examine blood and brain tissue from the same individuals. This eliminates the 

identification of significant inter-individual changes, which may induce more variability 

leading to decreased associations between blood and brain. Additionally, introducing 

more individuals may increase the amount of cellular heterogeneity between samples, and 

with only a single locus examined multiple confounders can easily lead to negative 

findings. Utilizing multiple loci in a genome-wide fashion may also lead to the 

identification of tissue specific methylation changes across genes that associate with 

disease. Put another way, epigenetic changes associated with disease may similarly alter 

tissue-specific loci within the same gene, such as tissue-specific promoters, in both the 
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brain and blood. These effects would not be observed looking at a single locus across 

tissues. 

In addition, blood is a very dynamic tissue that circulates throughout the body, 

taking cues from various tissues, constantly changing with stress, disease, and 

environmental influences such as medication91, 92, smoking93, and diet94. Just as cellular 

heterogeneity influences brain methylation measures in studies involving bulk brain 

preparation, changes in blood often involve changes in composition, with each cell type 

defined by its own pattern of DNA methylation. However, the complexity in cellular 

proportions and the chance for cellular heterogeneity confounds are greater in blood with 

the increased number of unique cell types. To overcome this, Houseman et al. have 

developed a bioinformatic tool to correct for differences in blood cell composition95. 

Many of the environmental effects listed above alter proportions of nucleated blood cells 

so correcting for changes in cellular proportions may also correct for other confounders.  

The potential for blood in psychiatry is as a biomarker for various psychiatric 

outcomes. Foremost, the use of blood allows for research on living subjects, giving 

researchers the ability to collect samples during different phases of disease, or to study 

individuals prospectively. This could impact the field of psychiatry in two important 

ways: 1) by predicting changes in disease state, and 2) predicting treatment response. 

Currently, a majority of the blood biomarkers in psychiatry are based on changes in gene 

transcription, with a recent increase in the number of DNA methylation based 

biomarkers. DNA methylation changes are more stable and are upstream of changes in 

gene transcription. If changes in disease state or treatment response coincide more closely 

with transcriptional changes, then changes in DNA methylation would be more desirable 
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as biomarkers since they would precede mRNA levels. This issue of timing is reflected in 

postpartum depression (PPD), which prior to our work had gene expression and protein 

predictors. PPD has several reported gene changes that associated with or that predict 

depression onset, however, each has a limited window for prediction. Yim et al. report 

the earliest measurable predictor at 25-weeks gestation, placental corticotropin-releasing 

hormone (pCRH) 96. With a reported area under the receiver operator characteristic (ROC) 

curve (area under the curve (AUC)) of 0.78, pCRH appears to be a predictive biomarker 

worth pursuing. However, its utility is limited to a small window of time at 25-weeks. 

The differences in pCRH do not persist at any other time-point measured (15, 19, 31, and 

37 weeks). Another study by Yim et al. reports on the opioid peptide β-endorphin as a 

prospective predictor of PPD97. This finding had a larger window of prediction, ranging 

from 25 to 37 weeks gestation. However, prediction was only limited to those women 

who were euthymic during pregnancy, with those women who later developing PPD 

showing higher levels of β-endorphin late pregnancy. Additionally their predictive power 

is low, with the best AUC = 0.65, indicating that while statistical differences appear 

between groups β-endorphin may not be an optimal biomarker for PPD.  Skrundz et al. 

provide a wider window, between weeks 30 and 34 gestation, to measure plasma 

oxytocin levels as their PPD biomarker98. Using oxytocin levels alone, they report 83.6% 

percent prediction of PPD. These studies represent the most useful gene expression 

biomarkers for PPD currently available. Other biomarkers have been reported but offer 

very limited clinical utility since they require molecular measures to be taken at the time 

of delivery or shortly thereafter99-103, or suffer from poor definitions of the postpartum 
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period104. The most clinically useful biomarker will not only be an indicator of future 

disease state, but it will also provide enough time to provide intervention.  

Prediction of treatment response is vital to treating psychiatric disease given the 

numerous available treatment options for each disease. First line medications are not 

effective with all patients, and for those who experience no therapeutic effects their 

suffering continues and potentially puts their life at risk. The National Institute of Mental 

Health (NIMH) has taken this concept and formed the International Consortium of 

Lithium Genetics (ConLiGen), an initiative to identify the genetic underpinnings of 

lithium treatment response105, 106. Another group, Genome-based Therapeutic Drugs for 

Depression Project (GENDEP) has worked to identify pharmacogenetic markers for 

antidepressant response107. Their initial findings identified associations with a SNP 

(rs1126757) in interleukin-11 (IL11) and predicted response to the selective serotonin 

reuptake inhibitor escitalopram. The predictability of rs1126757 is made even strong 

when incorporating IL11 DNA methylation into their prediction model (p=0.002) 108. 

Individuals homozygous for the G-allele (GG) and higher levels of methylation, 

responded better to antidepressant treatment than those individuals homozygous for the A 

allele (AA), with no effect of DNA methylation observed in heterozygotes (AG). In SCZ, 

Tang et al. have identified a CpG within a cis-regulatory element for the 5-HT1A-

receptor gene (HTR1A) that significantly correlates with negative mood symptoms in 

patients with first-episode psychosis (p = 0.019) 109. This CpG also correlates significantly 

with changes in negative symptoms (p < 0.001), as well as overall improvement (total 

Positive and Negative Syndrome Scale (PANSS) score; p = 0.006), following a ten-week 

antipsychotic treatment. These results highlight the rising potential for blood biomarkers 
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to predict medication response. In both, depression and psychosis, patients need effective 

interventions to decrease suffering and allow for better quality of life. 

Currently, blood is an underutilized tissue when studying DNA methylation and 

its association with psychiatric phenotypes. While recent studies have shown the potential 

for blood to be used in biomarker discovery, it must not be overlooked that cellular 

heterogeneity is an inherent factor when studying blood. In fact, incorporating cellular 

proportion data for both tissues can strengthen current data on the ability of blood to 

reflect changes that are occurring in the brain. While there are few tools currently 

available to address cellular heterogeneity, described in the following section, future 

studies in psychiatric epigenetics should make use of them to the best of their ability. 

1.4 Current Methods to Address Cellular Heterogeneity in Psychiatric Research  

Brain and blood are both cellularly heterogeneous tissues, as mentioned above, 

that require correction to account for changes in tissue composition. There are currently 

few methods available that can correct for cell heterogeneity in DNA methylation studies. 

Each method is employed at a different stage of genome-wide epigenetics analysis and 

has its own level of efficiency. Generally, cellular heterogeneity is controlled at two 

points in epigenetics studies, separation of tissues prior to DNA extraction and 

bioinformatic correction of cell types during data analysis stages. Flow cytometric 

protocols, such as fluorescence activated cell sorting (FACS), have been established for 

clinical use to determine complete blood counts (CBC) from patient samples which 

identifies subpopulations of white blood cells (WBCs), red blood cells (RBCs), platelets, 

hemoglobin, hematocrit volume, and platelet volume110. CBC data can be incorporated 

into the analysis of DNA methylation data to account for differences in cell proportions 
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between samples, strengthening any associations identified. The various populations of 

blood cells are counted based on the presence of cell surface molecules, called clusters of 

differentiation (CD), which characterize each subpopulation of cells. With a few 

modifications to the cell counting protocol, these specific populations of cells can be 

isolated for cell specific DNA methylation analysis, removing potential sources for 

cellular heterogeneity confounders. Recently, Jiang et al developed a similar technique 

for the separation of neuronal nuclei and non-neuronal nuclei from frozen post mortem 

brain tissue using FACS111, 112. This procedure requires the isolation of nuclei because in 

post mortem brain studies, freezing the tissue destroys the extracellular antigens making 

the process difficult if not impossible.  Additionally, the use of formalin-fixed or paraffin 

embedded (FFPE) tissues results in DNA damage and artifacts not suitable for microarray 

experiments. Utilizing the neuron-specific nuclear antigen, NeuN, the Jiang et al 

technique allows for FACS on the preserved nuclei of these cells. This allows for 

subsequent DNA extraction and downstream DNA methylation analyses. This technique; 

however, has the disadvantage that large starting amounts of post mortem tissue are 

required to enable many downstream reactions, limiting its usefulness for the study of 

rare tissue samples. Currently, laser capture microdissection (LCM) is the only other cell 

isolation technique that has been utilized in post mortem brain tissue113-115. However, LCM 

does not represent a viable method for the isolation neurons and other neuronal cell types 

for DNA methylation analysis, due in large part to its reliance on the use of FFPE tissues. 

The LCM technique does allow for the use of frozen tissue without FFPE116, but no 

studies have used this method. Additionally, LCM is typically not an automated process 

and hinges on the researchers’ ability to identify cells of interest, introducing the potential 
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for human error and inconsistency between samples and batches, and making for the 

separation of cells a time-consuming process (1-1.5 hrs per sample) 116. Finally, using 

LCM makes it difficult to reliably collect multiple cell types from a single tissue sample. 

Other methods exist in addition to FACS and LCM for the isolation of neuronal cells in 

animal models, namely translating ribosome affinity purification (TRAP) and 

immunopanning, which take advantage of the fact that animal models can be genetically 

manipulated to fluorescently label specific subpopulations of cells and the accessibility of 

fresh brain tissues. 

The critical importance of accounting for cellular heterogeneity is made even 

clearer with the limited number of bioinformatic techniques available for epigenetic data. 

Prior to the work presented in the subsequent chapters, the work by Houseman et al95 

represented the only bioinformatic tool capable of correcting for changes in cellular 

proportion between samples. As mentioned previously in this section, CBC data could be 

incorporated in association analyses to help correct for heterogeneity confounding. 

However, these methods are limited to the blood, which comparable methods for 

epigenetic data in the brain being non-existent. With the increasing amount of psychiatric 

epigenetic data being generated from bulk brain tissues, we set out to develop a set of 

tools capable of identifying differences in cellular proportions between samples, and 

measuring DNA methylation from cells that may have been diluted by more numerous 

surrounding cell types. Moreover, we set out to show that addressing cellular 

heterogeneity in the underutilized tissue, blood, can identify powerful, prospective 

epigenetic biomarkers for psychiatric disease. 
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CHAPTER 2: MATERIALS AND METHODS 

2.1 Illumina DNA Methylation Analysis 

Quality assessment and microarray analysis for all samples was conducted at The 

Sidney Kimmel Cancer Center Microarray Core Facility at Johns Hopkins University, 

supported by NIH grant P30 CA006973 entitled Regional Oncology Research Center. 

2.1a Genomic DNA Quality Assessment  

Genomic DNA quality was assessed by low concentration agarose gel (0.6%) 

electrophoresis and spectrometry of optical density (OD) 260/280 and OD 260/230 ratio.  

2.1b Sodium Bisulfite Conversion 

DNA bisulfite conversion was carried out using EZ DNA Methylation Kit (Zymo 

Research) by following manufacturer’s manual with modifications for Illumina Infinium 

Methylation Assay. Briefly, 0.5 – 1.0 ug of genomic DNA was first mixed with 5 ul of 

M-Dilution Buffer and incubate at 37C for 15 minutes and then mixed with 100 ul of CT 

Conversion Reagent prepared as instructed in the kit’s manual. Mixtures were incubated 

in a thermocycler with 16 thermal cycles at 95°C for 30 seconds and 50°C for one hour. 

Bisulfite-converted DNA samples were loaded onto 96-column plates provided in the kit 

for desulphonation and purification. Concentration of eluted DNA was measured using 

Nanodrop-1000 spectrometer.  

2.1c Infinium Chip Assay  

Bisulfite-converted DNA was analyzed using Illumina’s Infinium Human 

Methylation450 Beadchip Kit (WG-314-1001)(HM450) by following manufacturer’s 

manual. Beadchip contains 485,577 CpG loci in human genome. Briefly, 4 ul of bisulfite-

converted DNA was added to a 0.8 ml 96-well storage plate (Thermo Scientific), 
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denatured in 0.014 M sodium hydroxide, neutralized and amplified with kit-provided 

reagents and buffer at 37°C for 20-24 hours. Samples were fragmented using kit-provided 

reagents and buffer at 37°C for one hour and precipitated by adding 2-propanol. Re-

suspended samples were denatured in a 96-well plate heat block at 95°C for 20 minutes. 

12 ul of each sample was loaded onto a 12-sample chip and the chips were assembled 

into hybridization chamber as instructed in the manual. After incubation at 48°C for 16-

20 hours, chips were briefly washed and then assembled and placed in a fluid flow-

through station for primer-extension and staining procedures. Polymer-coated chips were 

image-processed in Illumina’s iScan scanner. 

2.1d Data Acquisition  

Data were extracted using Methylation Module of GenomeStudio v1.0 Software. 

Raw microarray signal intensity data was first corrected on Illumina probe type, followed 

by individual methyl and non-methyl channel quantile normalization using the Limma 

package in R/Bioconductor. Methylation status of each CpG site was then calculated as β 

(beta) value based on following definition: 

β  value = (signal intensity of methylation-detection probe)/(signal intensity of 

methylation- detection probe + signal intensity of non-methylation-detection 

probe + 100). 

2.2 Sodium Bisulfite Pyrosequencing  

Bisulfite conversion was carried out using EZ DNA Methylation Gold Kit (Zymo 

Research) according to the manufacturer’s instructions. Nested polymerase chain reaction 

(PCR) amplifications were performed with a standard PCR protocol in 25 ul volume 

reactions containing 3-4 µl of sodium-bisulfite-treated DNA, 0.2 uM primers, and master 
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mix containing Taq DNA polymerase (Sigma Aldrich). Primer sequences can be found in 

Table 1. After agarose gel electrophoresis to ensure successful amplification and 

specificity, PCR amplicons were processed for pyrosequencing analysis according to the 

manufacturer’s standard protocol (Qiagen). All pyrosequencing was performed using a 

PyroMark MD system (QIAGEN) with Pyro Q-CpGt 1.0.9 software (QIAGEN) for CpG 

methylation quantification. 

Table 1. Primers for sodium bisulfite pyrosequencing experiments. 
Gene/Target Probe ID Primer Name Primer Sequences 5’- 3’ 
Postpartum Depression Study 
PABPC1L  PABPC1L_F_out TTTGGTGTAATGGATGTGTAATG 
  PABPC1L_R_out AAACCTTCAACCTAACCTTAAAC 
  PABPC1L_F_in biotin-TATGAGTTAGTATTAAGAAAGGTTTTAGT 
  PABPC1L_R_in AAACTCTCAAAACCCCCAACTCT 
  PABPC1L_Pyro1 CAAAAAACCTAATCCAATCCCAC 
  PABPC1L_Pyro2 AAACAAATAATCATCTTTCTAAACC 
  PABPC1L_Pyro3 CTCCTAACAAAAATAAAAAAAAACCCAAACC 
    HP1BP3 cg21326881 HP1BP3_F_out ATTTTTTTAAATTAGTTTTGAAGAGTTGTA 
  HP1BP3_R_out CCTAAAAAAAAATCCACCAAAAAAAC 
  HP1BP3_F_in TTTTTTTGTATGTGAGGATTAGGGAG 
  HP1BP3_R_in biotin-CAATCCCTTCTCTTAACTAAATTTCC 
  HP1BP3_Pyro1 TTAAAAAAAGGTTTGTTTTTGAGTTG 
    TTC9B cg00058938 TTC9B_F_out GGGGGAAAGAGTAGGAAGATA 
  TTC9B_R_out AAACTAATCTCAAACTTCTAACCTC 
  TTC9B_F_in biotin-GAATGAGAATATAGGATTTGGATTTAAG 
  TTC9B_R_in CCTAAAAATAATATTATTATACCATATTACTAAT 
  TTC9B_Pyro1 TACAAAATTCCAAATAATTTAAAC 
    Cell EpigenoType Specific Profiles Study 
PRMD16  cg14217558 PRMD_F_out GAATAAGGGGTTAAATGTTGAGTAA 
  PRMD_R_out TAAAAAAAAACTAAAATAAAAACACCCCTA 
  PRMD_F_in TTATAGATTTATTTATTTTTTTAGTTTTTATTAATTGG 
  PRMD_R_in biotin-AACCTACACCTTCCAAACTAACAATA 
  PRMD_Pyro1 TGTATAGGTTAGAGTAAGTTA 
    S100B cg18433784 S100B_F_out TTTTAGGGTGATATTAATATTTATGTAATA 
  S100B_R_out CCTAATACAACCCACTACAAAC 
  S100B_F_in biotin-TAGTTTATGTGTAATTTTGGTTTTTAGTA 
  S100B_R_in ACCAAACCTACACACAAAACTAC 
  S100B_Pyro1  AAACTACATTAACCAAACAACCCC 
    TRIM2 cg22471112 TRIM_F_out GGTAGTGATTTAAATTTTTTAATTTGGA 
  TRIM_R_out AAAATATAAACAACTAATCAACACAAAC 
  TRIM_F_in biotin-GGGTTGTAAAGATGATAATTTAGTTTTTAT 
  TRIM_R_in ACCAATAATCAACCTCTTTAAACTCTAT 
  TRIM_Pyro1 TACTTAAAATATTATATTTCATTCC 
    SH3TC2 cg01965939 SH3_F_out GTAGAAGTAGTTATTTATGTGTGTATTA 
  SH3_R_out TATAAACCTACAAACTAAACTAAACTAC 
  SH3_F_in biotin-TTAGAAGAGTGTTGTAAGGGATAGT 
  SH3_R_in CTCCCTAAACCTCCTACTATAAC 
  SH3_Pyro1 AACTACATTATACATTAAACAAACCT 
    A2BP1 cg00480381 A2B_F_out TGAGAATTAAATTAATGAAGAGTATTTG 
  A2B_R_out CCTCTAAAACTCAACACATCAATA 
  A2B_F_in biotin-TTATGTTAGGTAAGTTGTTTTTAAAATAGTAT 
  A2B_R_in AAACTAAAAACCAAATCCCTTCTATCA 
  A2B_Pyro1 AACTCTTAATATAAAAATTTTCTTCCCA 
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Table 1 continued. Primers for validation experiments. 
Gene/Target Probe ID Primer Name Primer Sequences 5’- 3’ 
Triplex Forming Oligonucleotide 
 chr1 TFO -- chr1_Fo AGTATTATTGTAGGATAGAGGAATG 
  chr1_Ro CCCTTAACACTTAAACCTATATTCT 
  chr1_Fi GAAGTTTTAAAGGTTTAGGGGAGG 
  chr1_Ri biotin-CCATTATTTCAAATTTACAACACTAAAAATC 
  chr1_Pyro1 GATTTTTAATTTGGTTTTATTATTGGG 
    chr4 TFO -- chr4_Fo GGTAGTGATTTAAATTTTTTAATTTGGA 
  chr4_Ro AAAATATAAACAACTAATCAACACAAAC 
  chr4_Fi biotin-GGGTTGTAAAGATGATAATTTAGTTTTTAT 
  chr4_Ri ACCAATAATCAACCTCTTTAAACTCTAT 
  chr4_Pyro1 TACTTAAAATATTATATTTCATTCC 
    chr5 TFO -- chr5_Fo GTAGAAGTAGTTATTTATGTGTGTATTA 
  chr5_Ro TATAAACCTACAAACTAAACTAAACTAC 
  chr5_Fib biotin-TTAGAAGAGTGTTGTAAGGGATAGT 
  chr5_Ri CTCCCTAAACCTCCTACTATAAC 
  chr5_Pyro1 AACTACATTATACATTAAACAAACCT 
    chr11 TFO -- chr11_Fo GGGAATATGTTATTTTTGGATGG 
  chr11_Ro CTAAATTCAATCTTTAAAACCCACT 
  chr11_Fi GGTAGTTGATTATATAAGAGAAGTTATAAAG 
  chr11_Ri biotin-CAACCCCCTAACCTTTTTCCATC 
  chr11_Pyro1 GTATTTGAGATAGGGAGGGTAG 
    chr17.1 TFO -- chr17.1_Fo TGGTTATGTATGTATTTGTATATAATTA  
  chr17.1_Ro CTAAACTACATAAAAACTCTACCAT  
  chr17.1_Fi ATTGAGTTAAAGTTTGAGGGGAGTG  
  chr17.1_Ri biotin-CAAATCCCACCACACACCCC  
  chr17.1_Pyro1 GGAGGTTAAGATATTTTTTGTTGT 
    -- chr17.2_Fo AATTGTTTTGTTTAGTTTGAATATTTTAAG chr17.2  TFO 
+ chr17.3 TFO  chr17.2_Ro TATCTAATACTAAAATATAACTTATTTCTC 
  chr17.2_Fi biotin-TGTTTAGGTTGGAATGTAGTGGTA 
  chr17.2_Rib CCTAATCAAAATAATAAAACCCCATC 
  chr17.2_Pyro1 CCTATAATCCCAACTACTC 
  chr17.2_Pyro2 CTCTACTAAAAATACAAAAAAATAACC 

 

2.3 Postpartum Depression Study 

2.3a Experimental Animals 

C57BL/6J mice were ovariectomized (OVX) at 8 weeks of age. At the time of 

surgery, mice were randomized to receive (subcutaneous implantation) a Silastic capsule 

(i.d. 1.02 mm; o.d. 2.16 mm) containing 5 mm of dry-packed 17ß-estradiol (E2) (n = 5 

per group per timepoint). Controls received an empty capsule. Hippocampal tissue was 

isolated through cryostat sectioning and micro punch. Analysis of serum demonstrated 

consistent levels of E2 in the blood and at 1, 2 and 4 weeks, which was predictive of an 

increase in uterus weight over those time points (Figure 1).
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2.3b Affymetrix DNA Methylation Analysis 

Genomic DNA was extracted from mouse hippocampal tissue using the 

MasterPure DNA Purification Kit (Epicenter Biotechnologies) according to the 

manufacturer’s instructions. The unmethylated fraction of genomic DNA was enriched 

using the methylation sensitive enzymes HpaII and HinP1I according to previously 

established protocols26, 117. Following quality control assessment through Agilent 

BioAnalyzer-based visualization, the unmethylated fraction of genomic DNA was 

hybridized to Affymetrix GeneChip Mouse Tiling Promoter 1.0R Arrays at the JHMI 

Deep Sequencing and Microarray Core facility (Baltimore, MD, USA). Affymetrix CEL 

files were background corrected and quantile normalized using the AffyTiling package in 

R, yielding normalized log2-transformed M-values representative of the DNA 

hypomethylation profile per sample. DMRs were calculated using the BioTile algorithm 

(http://psychiatry.igm.jhmi.edu/kaminsky/software.htm) 118. Identified DMRs were refined 

Figure 1. Serum E2 and uterus weights of experimental mice. E2 levels (a) and uterus weights (b) at 1, 2, and 4 
weeks in siliastic tube implanted ovariectomized (OVX) mice receiving E2 or vehicle. Analysis of serum 
demonstrated consistent levels of estradiol in the blood and at 1, 2, and 4 weeks, which consistent with the literature 
was predictive of an increase in uterus weight over those time points279. ***p <0.001 vs. vehicle (empty capsule) 
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by filtering out those not flanked within 1kb of the DMR boundary by either an HpaII or 

HinP1I restriction site based on the mouse mm8 genome assembly. Microarray data is 

located under GEO accession number: GSE43460.  

2.3c Human Samples 

We recruited 51 pregnant women with a history of either MDD or BP (I, II or not 

otherwise specified (NOS)). These women were prospectively followed during pregnancy 

and after delivery to identify genetic and clinical characteristics that precede the 

development of a postpartum depressive episode. Blood was taken during the antenatal 

period for later analysis, with some women providing multiple samples. The trimester of 

blood draw is depicted in Table 2. Participants were managed by their treating 

psychiatrist as clinically indicated and were evaluated during each trimester for 

pregnancy, and then one week, one month and three months postpartum. Women were 

classified as being depressed if they met the DSM-IV criteria for a major depressive 

episode based on a psychiatric interview at each time point (first, second and third 

trimester and 1 week and 1 month postpartum). We analyzed a subgroup of 32 women 

euthymic during the third trimester (prepartum euthymic), 34.4% of this subsample (N = 

11) became depressed within the first 4 weeks postpartum and met the DSM-IV criteria 

for major depressive episode. A second subgroup of 19 women depressed during 

pregnancy (prepartum depressed) was assessed in subsequent analyses as an independent 

replication cohort, of which N = 12 remained depressed within the first 4 weeks 

postpartum and met the DSM-IV criteria for major depressive episode.  Human subjects 

research was conducted under IRB protocol no. 00008149. Genomic DNA was extracted 

from antennal whole blood samples using the MasterPure DNA Purification Kit 
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(Epicenter Biotechnologies) according to the manufacturer’s instructions and stored at -

20°C. 

Table 2. Clinical PPD sample collection data 
 Trimester  
Mood Status Prepartum : Postpartum 1st 2nd 3rd Total 

Euthymic : PPD 2 7 4 13 
Euthymic : Non-PPD 7 8 7 22 

Replication Sample     
Depressed : PPD 1 6 5 12 
Depressed : Non-PPD 1 2 4 7 

 

2.3d Statistical Analysis 

All statistical tests were performed in R (http://www.r-project.org/). Using an 

Anderson–Darling test from the nortest package, all distributions of data that rejected the 

null hypothesis of normality were subsequently evaluated with non-parametric tests. All 

statistical tests performed were two-tailed and a P < 0.05 is considered significant. Unless 

otherwise specified, values after ‘±’ denote the standard error of the mean.  

2.3e Cell Subtype Analysis 

We quantified cell subfraction percentages for CD8 T cells, CD4 T cells, B cells, 

monocytes and granulocytes by inputting DNA methylation signatures of 473 loci into an 

algorithm designed for quantification of the above cell types using DNA methylation 

proxies from HM450 arrays95. Before cell-type proportion calculation for the prepartum 

depressed cohort, DNA methylation values at the 473 loci were transformed by 

subtracting the residuals from a linear model of the mean DNA methylation values of 

three cross-batch controls from the prepartum euthymic cohort (batch 1) versus the mean 

DNA methylation values from two replicates of the same sample run in the prepartum 

depressed cohort (batch 2). 
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2.3f Weighted Gene Coexpression Network Analysis 

WGCNA was performed using the WGCNA package in R119. In the mouse 

comparisons, 3606 mean DMR values were used with a power of 20 and minimum 

module size of 10. For all human analyses, 13091 nominally significant loci in the 

combined comparison of PPD (N=11) to non-PPD (N=21) euthymic cohort women were 

used for correlation with a power of 10 and minimum module size of 10. 

2.4 Cell EpigenoType Specific (CETS) Profiles Study 

2.4a Human Samples 

Post mortem prefrontal cortex tissue from MDD (n = 29) and matched control (n 

= 29) samples were obtained from the National Institute of Child Health and Human 

Development (NICHD) Brain Bank of Developmental Disorders. Demographic 

information appears in Table 3. 

Table 3. CETS sample demographics 
Cohort Diagnosis Sample Size Age (years) Sex (M:F) PMI (hours) 
NICHD Control 29 32.6 ± 16.1 14:15 16.31 ± 4.96 

 MDD 29 32.5 ± 15.9 14:15 18.1 ± 1.09 
Abbreviation: PMI, post mortem interval 

 

2.4b Isolation of Neuronal and Non-neuronal Nuclei 

Neuronal nuclei were isolated from prefrontal cortical tissue as described 

previously111, 112. Briefly, 250–750 mg of frozen tissue was homogenized in lysis buffer 

(0.32 M sucrose, 5 mM calcium chloride, 3 mM magnesium acetate, 0.1 mM EDTA, 10 

mM dithiothreitol, 0.1% Triton X-100) and nuclei were isolated via sucrose cushion 

ultracentrifugation (1.8 M sucrose, 3 mM magnesium acetate, 1 mM dithiothreitol, 10 

mM TRIS-HCl, pH 8). Ultracentrifugation was performed at 25,000 rpm for 2.5 h at 4°C 
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(Beckman, L-90K ultracentrifuge, SW32 rotor). For nuclei immnofluorescence staining, 

anti-NeuN (mouse, Ms) and anti-Ms IgG antibodies were incubated together at room 

temperature before nuclei were added and incubated further in the dark at 4°C for 45–60 

min before FACS. FACS was performed at the Johns Hopkins Flow Cytometry Core 

Facility (FACSAria II, BD Biosciences). The sorting primary gate was set to properly 

capture nuclei based on size and density, while secondary gates were set based on 

fluorescence signals. Immunonegative (NeuN-) nuclei were counted, collected, and 

processed in parallel with the fraction of neuronal (NeuN+) nuclei. All nuclei were sorted 

with an efficiency of greater than 90%, which was determined by the FACSAria 

software. After FACS, nuclei were pelleted and frozen at -80°C in Tissue and Cell Lysis 

Buffer (MasterPure DNA Purification Kit, Epicenter Biotechnologies) until DNA 

extraction. All genomic DNA from nuclei was isolated with the MasterPure DNA 

Purification Kit (Epicenter Biotechnologies) according to the manufacturer’s instructions. 

2.4c Public Data Processing 

DNA methylation data generated by Iwamoto et al. 63 used to validate CETS 

model prediction was downloaded from GEO accession GSE15014. Raw CEL files were 

processed using the AffyTiling package in R to obtain quantile normalized M values 

representative of methylation enriched and depleted samples per replicate. Neuronal 

proportion prediction was performed using the CETS package inputting the mean ratio of 

methylated to unmethylated signals per replicate at 3,841 probes overlapping the top 

10,000 CETS markers. DNA methylation β value data generated by Gibbs et al. 120 used 

for brain region specific analysis was downloaded from GEO accession GSE15745. 
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2.4d Statistical Analysis 

All statistical tests were performed in R (www.r-project.org). Using an Anderson-

Darling test from the nortest package, all distributions derived from microarray data 

rejected the null hypothesis of normality and were subsequently evaluated with non-

parametric tests. All statistical tests performed were two tailed and a p < 0.05 is 

considered significant. Unless otherwise specified, values after ± denote the standard 

error of the mean. CETS model predictions of bulk DNA neuronal proportions excluded 

neuronal and non-neuronal DNA methylation profiles of the same sample for in silico 

matrix generation as per standard bootstrapping techniques. Data are located online under 

GEO accession GSE41826. 

 

2.5 Triplex Forming Oligonucleotide (TFO) Study 

2.5a TFO Design 

TFO design parameters have been established previously121-123. Based on these 

existing parameters and our work in Chapter 5 identifying CETS profiles in brain, we 

have developed a custom algorithm in the Perl programming language to identify 

genomic regions capable of TFO binding for the enrichment methylated over 

unmethylated DNA. Briefly, the TFO design tool takes as its input the average DNA 

methylation for neurons and glia at each CpG on the HM450 microarry reported 

previously124. An 18 to 20- base pair (bp) TFO was designed against the oligopurine 

strand and scored for each CpG if it met the following criteria: 1) DNA methylation 

difference of 50% greater in neurons, 2) must contain a single CpG dinucleotide, 3) a 

guanine content of at least 40% but no more than two stretches of three guanines, 4) no 
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stretches longer than seven adenines, and 5) a purine percentage of at least 80% on the 

design strand. All TFOs for this experiment were designed using CT motifs. 

2.5b TFO Based Capture 

TFO based capture was performed on either genomic DNA fully methylated at 

target loci (genomic DNA extracted from SHSy5y neuroblastoma cells or CpGenome 

Universal Methylated DNA, Millipore), or a 1:1 mix of fully methylated DNA and fully 

unmethylated DNA (Human HCT116 DKO Non-methylated DNA, Zymo Research). 

DNA hyper- or hypomethylation was confirmed by sodium bisulfite pyrosequencing 

prior to capture. TFO captures were performed as reported previously122. Briefly, each 

sample was incubated in 50 ul reactions containing 20 pmol biotinylated TFO, 5 ug 

genomic DNA, and buffer B (2.0 M NaCl, 0.2 M sodium acetate, acetic acid to pH 5.2) at 

77.2°C for 2 hrs. The sample mixture was added to 40 ug of streptavadin coated magnetic 

beads (Dynabeads® M-280 Streptavidin, Invitrogen) that were washed and resuspended 

in buffer B. Samples are incubated at room temperature, on a shaker for 20 min. The 

beads were isolated using a magnetic separator and supernatant containing noncaptured 

DNA was removed. Beads were washed twice with buffer B, then incubated at room 

temperature in buffer E (1 M Tris HCl, ph 9, 0.5mM EDTA) for 30 min. Eluted DNA 

was isolated by ethanol precipitation. 

2.5c Quantitative Real-Time PCR 

DNA primers were designed for TFO loci, and their specific amplification was 

confirmed using agarose gel electrophoresis. Primer sequences can be found in Table 4. 

Quantitative real-time PCR (qPCR) was performed on an ABI 7900HT Fast Real-Time 

PCR system to assess loci copy number following TFO capture. All amplifications were 
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run in triplicate. qPCR amplifications were performed in 20 ul volume reactions 

containing 5 ul DNA template, 2 ul primers (final primer concentration of 0.5 uM each), 

and 10 ul Power SYBR Green PCR Master Mix (Applied Biosystems). The qPCR 

conditions were as follows: 50°C-2 min, 95°C-10 min, 40 cycles of (95°C-15 sec, 62°C-1 

min). Finally, a dissociation step was performed to obtain melting curves, which are used 

to verify the unique and specific amplification of the target sequence. Serial dilutions 

were run for each assay to generate standard curves for copy number analysis. 

Table 4. Primers for copy number experiments. 
Chromosomal Target Primer Name Primer Sequences 5’- 3’ 
chr1 chr1_F CAGCAGTGTCTCAGATCCCAT 
 chr1_R CTGGAAAGGAGGAGACACAGA 
   
chr4 chr4_F GGTCTTCTGTGGGCAGTGAT 
 chr4_R CTCTTTGGGCTCTGTTTGCTTA 
   
chr5 chr5_F GGCAGAGAACATCCCAGAGAT 
 chr5_R GTCCAAGTGAAATGCTGCACC 
   
1MB upstream of chr5 chr5_1MB_F CCTCTGCCTGCTCCAACTAA 
 chr5_1MB_R CCAGGGTTCCTGTTCTGAAG 
   
Opposite arm of chr5 (5p arm) chr5_OA_F GAACAGGAAACCGAGGGAAT 
 chr5_OA_R TTTCGGATTGGAGGACGTAG 
   
chr11 chr11_F GAAATGGGTATGGGAGCACG 
 chr11_R AGTTTCTGCTCTCCTTCCCC  
   
chr17.1 chr17.1_F AAGCTTGACTAACGGCCTCT  
 chr17.1_R GGGGACAGTAAGGACGCT  
   
chr17.2 + chr17.3 chr17.2_F CCCGAGTAGCTGGGATTAC 
 chr17.2_R AACAATGTTAAGGGGGCTGTG 
 

2.5d Statistical Analysis 

All data analysis and statistical tests were performed in R (www.r-project.org). 

All statistical tests performed were two tailed and a p < 0.05 is considered significant. 

Unless otherwise specified, ± denotes the standard error of the mean. Linear regression 

models were generated to predict enrichment of DNA methylation and copy number of 

each locus captured. Copy number analysis using standard curves was performed as 

outlined previously125. Briefly, the concentrations of each serial dilution was plotted 
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against its respective log-transformed mean cycle threshold (Ct) value to calculate the 

linear trend line, the equation of which is used to calculate loci copy number. 
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CHAPTER 3: ANTENATAL PREDICTION OF POSTPARTUM DEPRESSION 

WITH BLOOD DNA METHYLATION BIOMARKERS1 

3.1 Abstract 

PPD affects approximately 10–18% of women in the general population and 

results in serious consequences to both the mother and offspring. We hypothesized that 

predisposition to PPD risk is due to an altered sensitivity to estrogen-mediated epigenetic 

changes that act in a manner independent of cell type and detectable in the blood. We 

investigated estrogen-mediated epigenetic reprogramming events in the hippocampus and 

risk to PPD using a cross-species translational design. DNA methylation profiles were 

generated using methylation microarrays in a prospective sample of the blood from the 

antenatal period of pregnant mood disorder patients who would and would not develop 

depression postpartum. These profiles were cross-referenced with syntenic locations 

exhibiting hippocampal DNA methylation changes in the mouse responsive to long-term 

treatment with E2. DNA methylation associated with PPD risk correlated significantly 

with E2-induced DNA methylation change, suggesting an enhanced sensitivity to 

estrogen-based DNA methylation reprogramming exists in those at risk for PPD. Using 

the combined mouse and human data, we identified two biomarker loci at the HP1BP3 

and TTC9B genes that predicted PPD with an AUC of 0.87 in antenatally euthymic 

women and 0.12 in a replication sample of antenatally depressed women. Incorporation 

of blood count data into the model accounted for the discrepancy and produced an AUC 

of 0.96 across both prepartum depressed and euthymic women. Pathway analyses 

                                                
1 Guintivano J, Arad M, Gould TD, Payne JL, Kaminsky ZA. Antenatal prediction of postpartum depression with blood DNA 

methylation biomarkers. Mol Psychiatry. 2013 
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demonstrated that DNA methylation patterns related to hippocampal synaptic plasticity 

may be of etiological importance to PPD. 

3.2 Introduction 

The weeks following childbirth are often associated with changes in affect that 

can range from ‘baby blues’ to postpartum psychosis. PPD falls within this spectrum of 

mood changes and affects 10-15% of women within four weeks following parturition126. 

With half a million women affected yearly, PPD represents a serious medical condition 

characterized by depression symptoms, insomnia, and labile mood with prominent 

anxiety and irritability127, 128. PPD comes with added risk to the newborn in the form of 

attempted maternal suicide, infanticide, low self-esteem, low intellectual skills, child 

abuse, and increased risk for developing mental health problems later in life129-135. Women 

with mood disorders are at an increased risk of PPD136; however, the benefits of 

psychiatric treatment must be carefully weighed against the potential risks of exposure of 

the offspring to treatment either in utero or through breastfeeding137-139. Antidepressant 

treatment during pregnancy can result in increased miscarriage rates in early pregnancy 

and have been associated with low birth weight, preterm birth, and birth defects with 

some classes of antidepressants138, 139. Limited information is available on the long-term 

neurocognitive effects of antidepressant exposure in utero or through breastfeeding137, 139. 

The precise etiology of PPD remains unknown; however, symptoms arise 

following the rapid decline of reproductive hormones that occurs following delivery. 

During gestation, the pregnancy hormones estrogen and progesterone increase gradually 

and reach levels approximately 100-fold and 10-fold higher than maximal menstrual 

cycle levels, respectively140, 141. Although PPD risk is not predicted by serum levels of 
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gonadal hormones in humans during pregnancy142, 143, rapid withdrawal from these 

hormones appears to be an important factor in the onset PPD.  In an important set of 

studies, Bloch et al. simulated postpartum hormone withdrawal in nonpregnant, euthymic 

women using leuprolide to induce a hypogonadal state, followed by supraphysiological 

doses of estradiol and progesterone. Following discontinuation of hormone treatment, 

only women with a history of PPD, experienced mood changes, indicating that the at-risk 

population exhibits a predisposition to PPD through unknown mechanisms that is 

triggered by gonadal hormone withdrawal144, 145. Rodent models of PPD have also 

established that an abrupt decline in pregnancy hormones, specifically estrogen, induces 

depressive phenotypes similar to those following parturition140, 146-152. 

DNA methylation may represent the link between estrogen and its effects on 

mood. Estrogen has been identified as an antidepressant, anxiolytic, and 

neuroprotectant148, 153. In addition, estrogen promotes neurogenesis in the hippocampus154, 

which is thought to be required for antidepressant action155, 156. Furthermore, it has been 

demonstrated that estrogen administration in vivo can modify DNA methylation at 

multiple locations downstream of an estrogen-response element34-36. The dramatic loss of 

estrogen-induced antidepressant action following parturition may be the primary trigger 

for depression in vulnerable women, we therefore hypothesized that predisposition to 

PPD risk is due to an altered sensitivity to estrogen-mediated epigenetic changes that act 

in a manner independent of cell type and detectable in the blood. In this study, we 

performed a multi-tiered translational approach to predict PPD status in a prospective 

cohort of pregnant women using DNA methylation from both the human blood and the 

hippocampus of mice administered E2. We first define genomic regions of E2-mediated 
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epigenetic change in E2-treated mice and investigated the relationship between E2-

induced DNA methylation and PPD risk at syntenic regions in humans. Finally, we use 

E2-induced methylation models generated in the mice to predict PPD status in the 

humans. 

3.3 Results 

3.3a Identification of E2-mediated DNA methylation change in the hippocampus 

We sought to identify hippocampal DMRs in the mouse associated with E2 

exposure to model the molecular changes occurring during heightened estrogen levels in 

pregnancy. We chose to utilize hippocampal tissue because effects of E2 on mood are 

believed, in part, to be localized in the hippocampus, based on numerous studies 

including knockout experiments157, E2 administration experiments158, and selective 

estrogen receptor antagonists and agonists159-161 demonstrate anxiolytic and antidepressant 

effects of E2 exposure in rodents. Furthermore, in rodent models, E2 administration has 

been shown to increase synaptic plasticity and dendritic spine density within the 

hippocampus162, 163, while withdrawal from pregnancy levels of E2 results in decreased 

hippocampal brain-derived neurotrophic factor (BDNF) expression140 and suppressed 

hippocampal neurogenesis164. We identified 891 significant DMRs before correction for 

multiple testing. Of these, 380 DMRs exhibited a decrease and 511 exhibited an increase 

in DNA methylation in response to E2 (Figure 2 and Appendix I). Gene ontology (GO) 

analysis using GOstat165 identified a number of significantly enriched GO categories 

within genes proximal to the identified DMRs (Table 5). Motif enrichment analysis of 

genomic sequences of the top 100 significant E2 DMRs as well as estrogen receptor-ß 
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promoter methylation-correlated regions identified an enrichment for the SP-1 and 

estrogen receptor transcription factor-binding motifs (Appendix II). 

 

Figure 2. Estradiol (E2)-mediated DNA methylation change is associated with postpartum depression 
(PPD) risk. (a) Volcano plot depicting the difference in DNA methylation between women who suffered 
PPD vs those who did not (x-axis) against the negative natural log of the P-value of association between 
groups (y-axis). (b) A volcano plot depicting DNA methylation differences between the ovariectomy 
(OVX) and OVX + E2 groups per DMR (x-axis) and the negative natural log of the P-value for each 
comparison. Horizontal red lines depict the significance threshold of 5%. (c) Scatter plot of the –log of the 
P-value of association to discovery sample PPD status and the effect size of E2-mediated DNA methylation 
change at 103 overlapping loci nominally significant in both humans and mice. (d) Scatter plot of the 
difference between PPD and non-PPD women in the discovery sample (y-axis) as a function of that in the 
replication sample (x-axis). 



36 

 

Table 5. Over-represented GO categories in E2-responsive DMRs 

GO category 
N 

Identified 
N in 

group 
Corrected  

P-value Category 
Methylation 

Decrease         

GO:0001505 10 88 0.005 synaptic transmission : regulation of 
neurotransmitter levels 

GO:0003001 9 87 0.020 generation of a signal involved in cell-cell 
signaling 

GO:0007267 17 325 0.027 cell-cell signaling 
GO:0051640 5 27 0.037 organelle localization 
GO:0045941 15 281 0.041 positive regulation of nucleobase 

     
Methylation 

Increase         
GO:0043231 144 6207 8.6x10-5 intracellular membrane-bound organelle 
GO:0005622 187 8708 8.6x10-5 intracellular 
GO:0043227 144 6212 8.6x10-5 membrane-bound organelle 
GO:0005737 126 5314 2.0x10-4 cytoplasm 
GO:0044424 179 8417 3.4x10-4 intracellular part 
GO:0043229 154 7027 5.9x10-4 intracellular organelle 
GO:0043226 154 7032 5.9x10-4 organelle 
GO:0016192 18 401 2.3x10-3 vesicle-mediated transport 
GO:0044444 78 3058 2.4x10-3 cytoplasmic part 
GO:0005794 22 552 3.0x10-3 Golgi apparatus 
GO:0005515 109 4751 4.6x10-3 protein binding 
GO:0043283 93 4055 0.020 biopolymer metabolic process 

 

3.3b PPD DNA methylation differences are correlated with E2-mediated epigenetic 

change 

We split the human prepartum euthymic sample into a discovery sample and 

replication sample consisting of N = 6 and 5 women who would and N = 12 and 9 who 

would not develop PPD, each with approximately 35% PPD to 65% non-PPD samples. In 

the discovery sample, we performed a probe-wise Student’s t-test between PPD and non- 

PPD cases. We cross-referenced genomic locations of the E2 DMRs from the mouse data 

with syntenic loci located on the human microarray (Figure 2b). Synteny was calculated 
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based on the relative position of the implicated DMR (Mouse array) or individual CpG 

locus (Human array) from the closest proximal transcription start site within conserved 

sequence regions, as established by the UCSC Genome Browser Liftover tool. Owing to 

the nature of the enzymatic enrichment used in the mouse array experiment, a CpG locus 

was considered overlapping if it was adjacent within 200 bp of the implicated DMR. In 

total, 1578 human CpGs were located within the nominally significant mouse E2 DMRs. 

Pathway analysis of genes associated with overlapping loci using the g.Profiler analysis 

suite166 identified a single significant GO category (GO: 0010646, frequency observed = 

0.19, expected = 0.024, P = 0.046) for ‘regulation of cell communication’ and an 

enrichment of SP-1 (M00196_4, frequency observed = 0.51, expected = 0.021, P = 

0.0084) and AP-2 (M00800_3, frequency observed = 0.54, expected = 0.021, P = 0.0029) 

transcription factor-binding motifs. 

We next attempted to correlate the mean DNA methylation difference between 

PPD and non-PPD samples and E2-mediated DNA methylation fold change. No 

correlation was observed across the 1578 overlapping loci (Spearman’s ρ = 0.028, P = 

0.27). We refined the interrogated data set to 103 loci exhibiting nominally significant 

association to PPD status and observed significant correlations in both the discovery 

sample (Spearman’s ρ = 0.21, P = 0.030) and the replication sample (Spearman’s ρ = 0.2, 

P = 0.042). The P-value of association to PPD in the discovery sample was also 

correlated with E2 DMR effect size (Spearman’s ρ = 0.19, P = 0.05) (Figure 2c), 

suggesting that more robust PPD associations occur at targets of larger E2-mediated 

DNA methylation change. Furthermore, the mean PPD minus non-PPD value was 

significantly correlated across the discovery and replication cohorts (Spearman’s ρ = 
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0.32, P = 0.0011) (Figure 2d). Permutation testing (20000 iterations) demonstrated that 

randomly selected groupings of 103 loci did not correlate better between cohorts (P = 

5x10-5) or with E2 DMR fold changes in either the discovery or replication samples (P = 

0.016 and 0.02, respectively). This analysis suggests that the degree to which the 

discovery and replication cohorts agree is strongly influenced by their localization to 

syntenic regions of E2-mediated epigenetic reprogramming. 

We evaluated the mean PPD minus non-PPD DNA methylation status at the 

nominally significant PPD associations in the prepartum depressed cohort (N = 103 loci) 

and identified a trend for a positive correlation with the fold change at syntenic E2 DMRs 

(Spearman’s ρ = 0.19, P = 0.054). A positive correlation of mean methylation difference 

between the 1578 loci marked as E2 responsive was also observed between the prepartum 

depressed and euthymic cohorts (Spearman’s ρ = 0.078, P = 0.002). Cumulatively, these 

results support our previous hypothesis that PPD risk may be mediated by an enhanced 

sensitivity to E2-mediated epigenetic reprogramming. 

3.3c Identification of DNA methylation biomarkers predictive of PPD 

We next reasoned that if estrogen is important for PPD risk, we should be able to 

predict PPD status based on the degree to which E2 reprograms DNA methylation in the 

mouse. For each of the 1578 mouse E2 DMRs that overlapped with the human data set, 

we modeled the mean DNA methylation signature per DMR against the E2 treatment 

status. In a locus-specific manner, we input the human DNA methylation levels per 

individual in the discovery sample and attempted to predict PPD status using logistic 

regression. For each locus, AUC metric was used to measure prediction accuracy. We 

then attempted to combine biomarkers to increase predictability using the following 
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algorithm (Figure 3a). Linear discriminant analysis was used to combine loci in a forward 

step-wise manner such that loci included in the model were only those that increased the 

AUC of the discovery sample until the value was maximized. This set of loci was then 

used to predict PPD status in the replication sample. The algorithm returned two loci at 

CpGs, cg21326881 and cg00058938, corresponding to the promoter regions of the 

HP1BP3 and TTC9B genes, respectively, which resulted in an AUC of 0.92 in the 

discovery sample and 0.9 in the replication sample (Figure 3b). A genome-wide 

significance for this biomarker set of P = 0.041 was determined by Monte Carlo 

permutation analysis. 

 

 

Figure 3. Hippocampal E2 DMR enriched motifs. (a) Schematic representation of the algorithm used to 
identify a linear discriminant model of HP1BP3 and TTC9B DNA methylation predictive of PPD status. 
Red letters represent an E2 DMR overlapping CG dinucleotide. (b) Receiver operator characteristic (ROC) 
curves depicting the true positive rate (y-axis) as a function of the false positive rate (x-axis) for the 
prediction of PPD status using the linear discriminant model generated in panel a. Area under the ROC 
curves are depicted and represent the prediction accuracy expected at predicting PPD status from two 
dichotomously affected individuals based on DNA methylation from antenatal blood DNA methylation at 
HP1BP3 and TTC9B. 
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3.3d Pyrosequencing validation of identified biomarkers 

We performed sodium bisulfite pyrosequencing to validate the microarray 

findings in the human sample at CpG dinucleotides located within the region 

chr1:20986692–20986676 (strand - , human genome build hg18) and chr19:45416573 

(strand +, human genome build hg18), located upstream of HP1BP3 and TTC9B, 

respectively. PPD status was significantly associated with the HP1BP3 microarray and 

pyrosequencing data and was significantly correlated between methods (Figures 3a–c and 

Table 6). DNA methylation for TTC9B was significantly associated with PPD status for 

both the microarray and pyrosequencing data and was significantly correlated between 

the two methods (Figures 3e–g and Table 6). 

Using HP1BP3 and TTC9B pyrosequencing values in the prediction linear 

discriminant model, we obtained an AUC of 0.87 for the prepartum euthymic sample, 

which included three additional women not assessed via microarray (PPD N = 13, non-

PPD N = 22). AUC values did not vary significantly when determined for blood collected 

in each trimester separately (AUC 1st = 0.86, AUC 2nd = 0.80, AUC 3rd = 1). We next 

evaluated the performance of the biomarker loci on blood taken from the prepartum 

depressed sample. While the relative direction of TTC9B association with PPD status was 

similar to the prepartum euthymic women, it was not significantly different (Figure 3h 

and Table 6). For HP1BP3 the direction of association was significant but in the opposite 

direction to that observed in the prepartum euthymic cohort (Figure 3d and Table 6). 

Linear discriminant model prediction of PPD status in this cohort returned an AUC of 

0.12, which represents an 88% prediction accuracy of PPD status in the reverse direction. 
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Figure 4. Validation of PPD biomarker loci. Boxplots of the percentage of DNA methylation in the non-PPD 
and PPD groups for HP1BP3 microarray (a) and pyrosequencing (b) and TTC9B microarray (e) and 
pyrosequencing (f) values. Scatter plots of the % DNA methylation difference between PPD minus non-PPD 
samples in the prepartum euthymic sample obtained by pyrosequencing (y-axis) and microarray (x-axis) is 
depicted for HP1BP3 (c) and TTC9B (g). Boxplots of the percentage of DNA methylation in the non-PPD and 
PPD groups for HP1BP3 pyrosequencing (d) and pyrosequencing (h) values obtained from the independent 
replication cohort of prepartum depressed women. 
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Table 6. Descriptive statistics of PPD biomarker loci 
 Method PPD Non-PPD P-value 
Prepartum Euthymic 
HP1BP3 Microarray 0.08 ± 0.0012 0.067 ± 0.00034 0.0012 
 Pyrosequencing 0.063 ± 0.0012 0.045 ± 00095 0.046 
 Method Correlation  Spearman’s 

ρ = 0.41 0.018 

TTC9B Microarray 0.42 ± 0.0036 0.48 ± 0.0021  
 Pyrosequencing 0.30 ± 0.0055 0.38 ± 0.0034 0.0046 
 Method Correlation  Spearman’s 

ρ = 0.81 2.6 x 10-8 

 
Prepartum Depressed 
HP1BP3 Pyrosequencing 0.05 ± 0.0017 0.081 ± 0.0024 0.0072 
TTC9B Pyrosequencing 0.32 ± 0.0035 0.33 ± 0.0079 0.84 
 

3.3e Biomarker replication is influenced by blood cellular heterogeneity 

We hypothesized that the discrepancy between the prepartum euthymic and 

depressed cohorts may be related to differences in blood cell-type counts between the two 

groups. Various experiments have identified elevated granulocytes and decreased CD8 

and CD4 T-cell and associated cytokine profiles in individuals exhibiting depressed 

mood167, 168. Using DNA methylation proxies in the 19 prepartum depressed and 32 

prepartum euthymic women, we determined that cell-type proportions of CD8 T cells, 

CD4 T cells, B cells and monocytes were significantly reduced in the depressed 

prepartum group, whereas cross-batch controls exhibited nonsignificant differences in the 

opposite direction (Table 7). Pyrosequencing DNA methylation values for HP1BP3 were 

evaluated against all cell types in an additive linear model and identified a trend with 

monocyte proportions (b = -1.11 ± 0.6, P = 0.07). We subsequently evaluated the ratio of 

monocytes to the summed proportions of CD8 T cells, CD4 T cells, B cells and 

granulocytes, and observed a significant association with prepartum depression status 

(cell ratio, depressed = 0.021 ± 5.2 x 10-4, euthymic = 0.032 ± 3.3 x 10-4, P = 2.1 x 10-4) 

but not PPD status (cell ratio, PPD = 0.028 ± 5 x 10-4, non-PPD = 0.028 ± 4.2 x 10-4, P = 
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0.86) (Figure 5a), the distribution of which was similar but opposite to that of HP1BP3 

DNA methylation (Figure 5b). This monocyte to non-monocyte cell-type ratio was 

negatively correlated with DNA methylation of HP1BP3 (Spearman’s ρ = -0.37, P = 

0.0074) (Figure 5c), whereas TTC9B was not associated (Spearman’s ρ = -0.22, P = 

0.11). Linear regression modeling was performed for PPD diagnosis against an 

interaction of HP1BP3 DNA methylation with the cell-type ratio, with TTC9B DNA 

methylation as a covariate. The model was significantly associated with PPD (R2 = 0.38, 

P = 1.9 x 10-4), as were all model terms including DNA methylation of HP1BP3 (β = -

0.22 ± 0.075, P = 0.0044), TTC9B (β = -0.033 ± 0.0081, P = 1.6 x 10-4), the cell-type 

ratio (β = -49.66 ± 14.64, P = 0.0014), and the interaction between HP1BP3 DNA 

methylation and cell-type ratio (β = 8.03 ± 2.4, P = 0.0016). Using a boot-strapping 

method, we predicted PPD status for each individual using the linear model and obtained 

an AUC of 0.82 (Figure 5d). 

 

Table 7. Cell type differences across prepartum mood status and batch 

Mood Status Euthymic PP Depressed PP P value Bonferroni P value 
CD8 T 40 ± 0.048 % 38 ± 0.098 % 1.2x10-3 6.1x10-3 
CD4 T 9.9 ± 0.088 % 7 ± 0.12 % 2.7x10-4 1.4x10-3 
B cell 2.9 ± 0.048 % 1.3 ± 0.06 % 1.5x10-4 7.3x10-4 
Monocyte 2.8 ± 0.032 % 1.7 ± 0.042 % 1.1x10-4 5.3x10-4 
Granulocyte 34 ± 0.05 % 34 ± 0.082 % 0.18 0.92 
Cross Batch Batch1 Control (N=3) Batch 2 Control (N=2) P value Bonferroni P value 
CD8 T 40 ± 0.14 % 39 ± 1.0 % 0.65 1.00 
CD4 T 7.3 ± 0.31 % 8.1 ± 0.046 % 0.28 1.00 
B cell 1.4 ± 0.20 % 3 ± 0.19 % 0.03 0.17 
Monocyte 1.9 ± 0.12 % 2.4 ± 0.13 % 0.18 0.88 
Granulocyte 36 ± 0.12 % 33 ± 0.39 % 0.09 0.45 
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Importantly, the cell proxy analysis only takes into account the relative percentage 

of various cell types, but not the overall WBC count. Where available, prepartum WBC 

counts and proportions of lymphocytes, granulocytes and monocytes were obtained from 

CBC data (N = 17 women). CBC derived total WBC counts were negatively correlated 

with the proxy-derived monocyte to non-monocyte ratio (Spearman’s ρ = -0.7, P = 0.02), 

suggesting that the decreased cell-type ratio observed in the prepartum depressed group 

may be indicative of elevated WBC counts and depression-associated inflammation. This 

effect appeared to be driven by a positive correlation of WBC count with granulocyte 

proportion (Spearman’s ρ = 0.92, P = 2.2 x 10-16), which is consistent with the above-

cited elevations in granulocyte levels with depression168. The ratio of CBC-derived 

monocyte to non-monocyte (lymphocytes and granulocytes) ratio did not correlate with 

those derived by DNA methylation proxy (Spearman’s ρ = 0.24, P = 0.36). We limited 

the analysis to only those 11 samples where CBC data was derived from within the same 

trimester as the blood draw used for microarray analysis and observed a significant 

correlation (Spearman’s ρ = 0.66, P = 0.044). We attempted to predict PPD status via 

bootstrap analysis across all 17 individuals using the linear model generated above with 

CBC data-based monocyte to non-monocyte ratios in place of proxy-based ratios and 

generated a highly accurate prediction of PPD status (AUC = 0.96) (Figure 5d). 
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Figure 5. Cell proportion and biomarker DNA methylation predict PPD. (a) Boxplot of the ratio of 
monocyte percentage over the sum of T-cell, B-cell and granulocyte percentages as a function of prepartum 
depression status and PPD diagnosis. (b) Boxplot of the HP1BP3 DNA methylation percentage as a 
function of prepartum depression status and PPD diagnosis. (c) Scatterplot of the ratio of monocyte 
percentage over the sum of white blood cell and monocyte percentages as a function of the HP1BP3 DNA 
methylation percentage. (d) Receiver operator characteristic (ROC) curve of the sensitivity (y-axis) vs 
specificity (x-axis) of PPD prediction from the linear model of the HP1BP3 DNA methylation and cell-
type ratio interaction, with TTC9B DNA methylation as a covariate. The solid line represents the ROC 
curve from the proxy-based cell proportion measurement and the dashed line represents that of the 
complete blood count-derived subsample. 
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3.3f Functional classification of HP1BP3 and TTC9B 

We attempted to ascertain the function of HP1BP3 and TTC9B loci 

bioinformatically by using the STRING database169 (Appendix III) and by performing 

WGCNA119 against DNA methylation of the HP1BP3 CpG (cg21326881) and TTC9B 

CpG (cg00058938) as the target variables for correlation (Appendix IV). The resulting 

networks of HP1BP3- and TTC9B-coregulated genes were strikingly anticorrelated 

(Spearman’s ρ = -0.76, P = 2.2 x 10-16), suggesting that HP1BP3 and TTC9B are 

coregulated (Appendix IVb). Resultantly, we limited networks to those demonstrating 

significant non-parametric correlation between module membership and correlation 

significance per group and identified two coregulated networks significantly associated 

across both genes (Module 1: HP1BP3 ρ = 0.56, P = 8.8 x 10-4, TTC9B ρ = -0.54, P = 

0.0015; Module 2: HP1BP3 ρ = 0.45, P = 0.0087, TTC9B ρ = -0.46, P = 0.0081) 

(Appendix IVc and d). No significantly enriched pathways were identified by g.Profiler 

in Module 2; however, Module 1 contained a number of significantly enriched KEGG 

(Kyoto Encyclopedia of Genes and Genomes) pathways that can be tied to the 

antidepressant functions of E2 in the hippocampus (Appendix V). 

We applied WGCNA within the PPD and non-PPD women separately, as well as 

within the mouse E2 DMR data to ascertain the normal coregulation pattern of HP1BP3 

and TTC9B genes. The pattern of gene coregulation was positively correlated between 

HP1BP3 and TTC9B in non-PPD cases and mice, but anticorrelated in PPD cases 

(Appendix VI), and is consistent with the proposed heightened sensitivity to E2-mediated 

epigenetic reprogramming in the PPD group. 
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3.4 Discussion 

We addressed the hypothesis that regions of E2-mediated epigenetic change may 

predict PPD risk. Numerous correlations linking E2-mediated epigenetic change with 

DNA methylation changes occurring in the PPD risk population were identified in both 

the original prepartum euthymic cohort as well as in the independent replication cohort of 

women depressed during pregnancy. Cumulatively, the results suggest a systematic 

increase in DNA methylation change occurs in the blood of the PPD group during a 

period where pregnancy hormones are at high levels. As gonadal hormone levels have 

been shown not to predict PPD risk, these data provide suggestive evidence that the 

underlying risk in this group may be related to an increased sensitivity for epigenetic 

change in response to normal levels of circulating hormones. It is important to consider 

that the sample sizes interrogated in the mouse experiments were small, and that higher-

powered experiments may identify additional genomic regions of E2-responsive DNA 

methylation change in the hippocampus. The findings of enriched SP-1 binding sites and 

increased evidence for hippocampal long-term potentiation-associated genes in E2-

responsive DMRs is consistent with the known downstream transcription factor 

activation170-173 as well as antidepressant functions of E2 exposure in the hippocampus174, 

and adds confidence to the assertion that we are detecting true E2 DMRs. 

CpG methylation levels at two loci within the HP1BP3 and TTC9B genes were 

identified as biomarkers predictive of PPD. Both genes have ties to estrogen signaling, as 

HP1BP3 was identified to associate with estrogen receptor β based on tandem affinity 

purification assays performed on MCF-7 breast cancer cells175 and TTC9B expression has 

been shown to be responsive to gonadal hormones176. Owing to the circulating nature of 
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estrogen, the identification of these markers in peripheral blood may be a marker of 

estrogen-mediated epigenetic changes occurring in the hippocampus and potentially 

conferring risk to phenotype based on its actions in the brain. The functional relevance of 

TTC9B may be linked to hippocampal synaptic plasticity as tetratricopeptide repeat 

containing domains, such as that found in TTC9B, have been shown to inhibit HSP90-

mediated trafficking of AMPA (a-amino-3-hydroxy- 5-methyl-4-isoxazolepropionic acid) 

receptors critical for hippocampal long-term potentiation/long-term depression177. 

Although there have been numerous attempts to generate biomarkers for PPD96-98, 

101, 104, 178, few studies report a high prediction accuracy. To our knowledge, the biomarkers 

identified in this study represent the first prospective epigenetic biomarkers capable of 

predicting PPD status with over 80% accuracy from blood. Segregation of the sample by 

the trimester of blood collection did not appear to affect prediction accuracy. These 

results suggest that epigenetic variation at biomarker loci is established early on during 

pregnancy and may represent a latent epigenetic status in the PPD risk group independent 

of pregnancy. The clinical implications of this finding are that early screening of those at 

risk for PPD may be possible, allowing an earlier direction of clinical treatment course. 

The high prediction accuracy of the identified biomarkers replicated in an 

independent cohort of women who were depressed during pregnancy. In this group, the 

PPD status was predicted correctly with 88% accuracy; however, the prediction was in 

the opposite direction, driven by differences at the HP1BP3 locus. An analysis of cell 

subfraction distributions across cohorts identified a difference in the ratio of monocytes 

to lymphocytes and granulocytes significantly decreased in the depressed cohort that 

appeared to account for the discrepancy. Our data are consistent with genome-wide 
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expression studies of WBCs taken from women after parturition that demonstrated an 

association of immune system-related genes with depression scores101. Incorporation of 

the DNA methylation biomarkers with cell count data enabled the prediction of PPD 

status in the entire cohort of women with an AUC of 0.82. A potential confounding factor 

is that DNA methylation between the prepartum euthymic and depressed cohorts was 

assessed in two separate batches, as all initial analyses were performed on the euthymic 

cohort only. To control for this, we normalized DNA methylation levels at all 473 loci 

used for blood count proxy analysis using a cross-batch control. The predicted cell-type 

proportions at these controls showed moderate, but nonsignificant, batch effects between 

cohorts (Table 7); however, the effects were in the opposite direction to the prepartum 

mood status association observed, suggesting that this association is a true effect of 

prepartum mood status and not batch effects. In addition, the significant correlation 

observed with CBC-derived values adds confidence to assertion that the proxy-derived 

values are representative of actual cell sub-type proportions. Finally, the linear model 

incorporating CBC-derived cell proportions generated a highly accurate prediction of 

PPD status (AUC = 0.96). Owing to the small size of the subsample used for this 

prediction, larger prospective cohorts will be required to validate the predictive efficacy 

of this model. Cumulatively, our data suggest that cell count information in combination 

with DNA methylation at HP1BP3 and TTC9B successfully and accurately predicts PPD 

status independent of prepartum mood status. 

The results of this study suggest that an increased sensitivity to E2-based 

epigenetic reprogramming may represent a molecular mechanism of predisposition to 

PPD risk. Future studies will be needed to rigorously test this hypothesis and track 
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epigenetic changes through the course of pregnancy in women at risk and not at risk for 

PPD. The investigated population was in women with a previous history of mood 

disorders; however, studies investigating the efficacy PPD prediction in the general 

population will need to be determined. Accurate prediction of PPD status will enhance 

the clinical management of psychiatric treatment during the course of pregnancy. 
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CHAPTER 4: CELL EPIGENOTYPE SPECIFIC MODEL FOR THE 

CORRECTION OF BRAIN CELLULAR HETEROGENEITY BIAS2 

4.1 Abstract 

Brain cellular heterogeneity may bias DNA methylation patterns, influencing 

findings in psychiatric epigenetic studies. We performed FACS of NeuN positive nuclei 

and Illumina HM450 DNA methylation profiling in post mortem frontal cortex of 29 

MDD subjects and 29 matched controls. We identify genomic features and ontologies 

enriched for cell type specific epigenetic variation. Using the top CETS marks, we 

generated a publically available R package, “CETS,” located at 

http://psychiatry.igm.jhmi.edu/kaminsky/software.htm that is capable of quantifying 

neuronal proportions and generating in silico neuronal profiles capable of removing cell 

type heterogeneity bias from DNA methylation data. We demonstrate a significant 

overlap in MDD DNA methylation associations between FACS separated and CETS 

model generated neuronal profiles relative to bulk profiles. CETS derived neuronal 

proportions correlated significantly with age in the frontal cortex and cerebellum and 

accounted for epigenetic variation between brain regions. CETS based control of cellular 

heterogeneity will enable more robust hypothesis testing in the brain.  

4.2 Introduction 

Until recently, the combination of genetic risk factors in conjunction with 

environmental influence was believed to cause complex non-Mendelian diseases. Over 

recent years, a paradigm shift has occurred and an increasing number of studies have 

focused on a search for epigenetic differences and their contribution to disease risk; 

                                                
2 Guintivano J, Aryee MJ, Kaminsky ZA. A cell epigenotype specific model for the correction of brain cellular heterogeneity bias and 

its application to age, brain region and major depression. Epigenetics. 2013;8:290-302 
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however, despite the promise of epigenetic etiology in conferring disease risk, the success 

of the first round of epigenomic studies in psychiatric disease has been limited179. In the 

first epigenomic profiling studies performed in BP and SCZ, collectively called major 

psychosis, Mill et al. found moderate fold changes in prefrontal cortex DNA methylation. 

In the WDR18 glutamate receptor subunit gene, an 8% DNA methylation difference was 

detected between males with SCZ and controls, while female patients with BP were 6% 

more methylated than controls at the RPL39 gene54. No significant differences were found 

in an analysis of 50 loci in the temporal cortex of SCZ affected individuals180. A recent 

methylome profiling study in MDD did not identify any significant loci after correction 

for multiple testing; however, it successfully validated 60% of the top nominally 

significant differences55. In the above studies, the brain samples interrogated consisted of 

“bulk” brain tissue preparations representing cellularly heterogeneous mixes of neuronal 

and non-neuronal cell types. 

Cellular heterogeneity in the nervous system is important because DNA 

methylation has long been established as a distinguishing feature of differing cell types57-

60. Recent DNA methylation microarray profiling studies using the comprehensive high-

throughput arrays for relative methylation (CHARM) technique61 identified tDMRs in 

CGI adjacent regions called shores181. DNA methylation in shores is capable of 

distinguishing bulk brain regions, as well as pluripotent stem cells from differentiated 

cells181, 182. Other tDMRs were identified as being responsible for myeloid vs. lymphoid 

cell fate decisions from hematopoietic stem cell progenitors183. Tissue heterogeneity could 

therefore confound epigenetic studies in two ways. 
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First, heterogeneity of measurements is brought about by differing ratios of 

cellular subtypes in the individuals tested. This issue is of particular importance in 

psychiatric diseases where the morphology of various brain regions is changed. MRI 

imaging studies identified a reduced hippocampal volume in females with depression66 

while smaller inferior frontal gyri of the dorsolateral prefrontal cortices were correlated 

with increased lifetime manic episodes in BP patients67. Using an optical dissector, Cotter 

et al. demonstrated that neuronal but not oligodendroglial density was decreased in 

cortical layers 1 and 5 in bipolar and depression patients184, while Urnova et al. found a 

reduction of oligodendroglial cells in SCZ, BP, and MDD patients69. Alternate reports 

suggest that neuronal inflammation may elevate levels of activated microglia74, which 

could in turn skew observed levels of cell type specific epigenetic patterns. In this way, a 

large proportion of disease-implicated loci identified in epigenomic studies may be 

simply a consequence of morphological abnormalities of disease or other facets of 

disease state such as inflammation or neurodegeneration. 

The second way cellular heterogeneity may confound psychiatric epigenetic 

studies is a dilution of observed disease effects by alternate cell types not exhibiting the 

disease effect. Using an isotropic fractionation method, Azevedo et al. determined that 

the human CNS contains approximately equal numbers of neurons and glia as a whole, 

but a ratio of 3.76/1 glia to neurons in the cerebral cortex56. Glutamatergic and 

dopaminergic neurons are implicated in SCZ185, 186, while serotonergic systems are 

involved in MDD187; however, the relative proportions of these neuronal subtypes are 

small relative to the cellular architecture in the CNS regions investigated. If psychiatric 
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disease relevant epi- mutations are occurring within specific subtypes, decreases in the 

observed effect sizes may be expected if sampling is performed from bulk tissue. 

In this chapter, we present the generation of CETS maps in the cortex and 

introduce a new bioinformatics model capable of quantifying the proportion of neurons to 

glia based on DNA methylation measures across multiple CETS markers. Furthermore, 

we provide a technique for transforming existing DNA methylation datasets derived from 

bulk tissue preparations generated on Illumina microarrays to remove cell-type 

heterogeneity bias from DNA methylation profiles. We demonstrate the application of 

these techniques to the analysis of DNA methylation differences in MDD, with age, and 

across brain regions. 

4.3 Results 

4.3a Identification of CETS markers 

Following FACS based isolation of neuronal and non-neuronal nuclei (Appendix 

VII), a paired t-test between neuronal and glial DNA methylation samples per locus 

identified 32.3% of loci (n = 112,331 out of 347,536 trimmed loci) exhibited a DNA 

methylation change greater than 5% and were significantly different between neurons and 

glia after false discovery rate (FDR) based correction for multiple testing (Figure 6A). 

While, on average, the effect size of all FDR significant cell type specific differences is 

quite small (0.067%), over 14% (n = 37,399) and 1% (n = 2,693) of significant loci 

exhibit DNA methylation differences greater than 20 and 50%, respectively. An example 

of cell type specific epigenetic differences detected is depicted in Appendix VIII. We 

observed a significant 
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Figure 6. CETS model generation. (A) Volcano plot of DNA methylation vs. -log of FDR significance 
for neuronal vs. glial DNA methylation profiles. Almost the entire microarray identifies FDR significant 
changes across cell types. Red spots represent loci significant at a nominal p-value of 0.05 in a comparison 
of MDD vs. control individuals that are excluded from CETS model generation. Green boxes represent top 
10,000 CETS markers. (B) Scatterplot of DNA methylation as obtained by HM450 microarrays (x-axis) 
and by independent pyrosequencing assays (y-axis) at five loci within the top 1,000 CETS markers. (C) 
Heat map depicting the in silico virtual gradient of neuronal to glial DNA methylation at the top 10,000 
CETS markers generated across our sample of 58 individuals. Yellow and red denote β values of 
methylated and unmethyated DNA, respectively. Linear modeling F-statistic for each neuronal proportion 
is overlaid (blue). Blue dashed line depicts the model prediction of 43%. 
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over-representation of loci exhibiting cell type specific change in the same direction as 

previously identified DMRs unique to both neurons and non-neurons63 at 2,262 

overlapping loci from the top 25th percentile of cell type specific differences in our study 

(Fisher’s OR = 4.6, p value = 1.1 x 10-7). 

In order to generate CETS markers independent of the effects of disease status 

and various medication influences, we selected CpGs significantly different between 

neurons and non-neurons after FDR based correction for multiple testing that were not 

significant in a separate case-control analysis of the MDD phenotype in either neurons or 

non-neurons at a raw significance threshold of 5%, resulting in the exclusion of 21,290 

loci. We performed independent validation of five loci located within the top 10,000 

CETS markers and obtained a significant correlation with microarray values (R2 = 0.95,  

p = 2.2 x 10-16) (Figure 6B). 

4.3b Genomic features associated with neuronal and glial DNA methylation 

differences 

DNA methylation differences distinguishing between neurons and non-neurons 

were evaluated at CpG positions associated with various gene regulatory features. For 

each analysis, the distribution of the absolute cell type specific difference within a 

specific category was compared with that of all CpG loci not falling within that category. 

CGIs exhibited significantly less cell type specific differences (Wilcoxon Rank Sum test, 

CGI = 0.040 ± 1.1 x 10-6, non-CGI = 0.085 ± 7.2 x 10-7, Bonferroni p < 1 x 10-220), while 

CGI shores exhibited significantly more (Wilcoxon Rank Sum test, CGI shore = 0.075 ± 

1.9 x 10-6, non-CGI shore = 0.07 ± 6 x 10-7, Bonferroni p = 1.7 x 10-211). CpG loci within 

5' untranslated regions (UTR), first exons (Wilcoxon Rank Sum test, first exon = 0.035 ± 
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2.0 x 10-6, non-first exon = 0.066 ± 2.6 x 10-7, Bonferroni p < 1 x 10-220), and upstream of 

transcription start sites (TSS) (TSS = 0.047 ± 6.1 x 10-7, non-TSS = 0.07 ± 3.7 x 10-7, 

Bonferroni p < 1 x 10-220) exhibited significantly lower cell type specific DNA 

methylation differences. Conversely, CpGs located within 3'UTRs (Wilcoxon Rank Sum 

test, 3'UTR = 0.087 ± 5.7 x 10-6, non-3'UTR = 0.062 ± 2.5 x 10-7, Bonferroni p < 1 x 10-

220), gene bodies (Wilcoxon Rank Sum test, gene body = 0.082 ± 6.7 x 10-7, non-gene 

body = 0.05 ± 3.5 x 10-7, Bonferroni p < 1 x 10-220), and enhancer sequences (Wilcoxon 

Rank Sum test, enhancers = 0.10 + 2.6 x 10-6, non-enhancers = 0.062 + 5.4 x 10-7, p < 1 x 

10-220) exhibited significantly higher DNA methylation differences between neurons and 

non-neurons. 

4.3c Gene ontology analysis of top CETS markers 

We selected a stringent set of the top 1,000 CETS markers maximizing the DNA 

methylation difference between neurons and glia, corresponding roughly to those loci 

with a FDR p-value less than the lower 0.5th percentile of p-values within the CETS 

marker group. The average DNA methylation difference in this group was 56 ± 9.8 × 10-

5%. Molecular function of genes associated with the top 1,000 CETS markers was 

investigated using the g.Profiler analysis suite166. A number of significantly over- 

represented GO categories dealing with neuron development and function were identified 

such as central nervous system development (GO:0007417), cell morphogenesis involved 

in neuron differentiation (GO:0048667), axonogenesis (GO:0007409), axon guidance 

(GO:0007411), dendritic spine (GO:0043197), synapse (GO:0045202) and post synaptic 

density (GO:0014069). The full list of over-represented GO categories can be viewed in 

Appendix IX. 
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4.3d A model for quantifying neuronal and glial proportions from methylation data 

Using the top 10,000 CETS markers, corresponding roughly to the top 5th 

percentile of CETS loci, we developed a method capable of quantifying the proportions 

of neurons and glia based on generalized and disease non-specific cell type epigenetic 

markers as a proxy for cellular proportions. Mean neuronal and glial DNA methylation 

profiles were used to generate an in silico gradient of DNA methylation mixes from 

100% glia to 100% neurons at our top CETS markers (Figure 6C). To quantify the 

neuronal proportion, we fit a linear slope model of the observed DNA methylation in 

bulk tissue at the top 10,000 CETS loci to the predicted values for each neuronal 

percentage of the in silico gradient. The proportion of neurons, N, is determined by the in 

silico gradient percentage corresponding to the best fit (largest F-statistic). The p-value of 

the linear model at the optimal neuronal proportion is taken as a measure of model 

performance for a given sample after Bonferroni correction for multiple testing. 

Model performance was evaluated using a number of metrics. A reconstitution 

experiment was performed by mixing neuron and glial derived DNA from a single 

individual in 10 percent increments from 0–100% for a total of 11 mixes and followed by 

microarray hybridization (Appendix X). The accuracy of mixed proportions was 

confirmed by comparing the Euclidean distance between arrays and the expected 

proportion of DNA methylation difference between mixes (R2 = 1, p = 4.9 x 10-13). CETS 

model predictions of proportions of neurons to non-neurons matched the empirical mixes 

to a high degree of accuracy (R2 = 0.99, p = 2.7 x 10-11) (Figure 7A). As an independent 

measure, we correlated the CETS model generated neuronal proportions against the ratio  
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Figure 7. CETS model validation. (A) Scatter plot of predicted neuronal proportions vs. empirical mixes 
of neuronal and glial DNA in increments of 10%. (B) Scatter plot of predicted neuronal proportion vs. 
FACS based estimate in 20 bulk tissue samples. (C) Scatter plot of predicted neuronal proportion vs. NeuN 
gene (RBFOX3) expression [2log(fold change)] in 100 bulk brain tissue samples evaluated on Illumina HM27 
microarrays and custom gene expression platforms188. 
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of a neuronal-nuclei specific nuclear protein, NeuN, positive: NeuN negative cell counts 

as determined by FACS in 20 bulk samples and observed a significant correlation (R2 = 

0.6, p = 4.2 x 10-5) (Figure 7B). We next downloaded data generated in a recent analysis 

of human prefrontal cortex DNA methylation and gene expression across the lifespan (n 

= 100) 188 and compared the mean gene expression at probes representative of RBFOX3, 

which encodes the NeuN protein, with neuronal proportions predicted using Illumina 

Infinium Human Methylation 27 BeadChip microarray (HM27) loci and observed a 

significant correlation (R2 = 0.17, p = 3 x 10-5) (Figure 7C). 

We next sought to compare the performance of the CETS algorithm to that of a 

recently published quadratic programming based algorithm for quantification of cell type 

proportion from DNA methylation data in blood95. Across the three test data sets above, 

the quadratic algorithm performed similarly to the CETS algorithm in evaluating the 

proper proportion of mixes (R2 = 1, p = 2.1 x 10-13), FACS based neuronal percentages in 

bulk tissue (R2 = 0.59, p = 8.1 x 10-5), and NeuN expression (R2 = 0.17, p = 1.9 x 10-5). A 

major difference between the two algorithms was identified in regards to the robustness 

of neuronal prediction to batch effects within a given microarray experiment. This was 

tested by generating in silico batch effects at random proportions of probes within the top 

10,000 CETS markers and predicting neuronal proportion using both algorithms. We 

inserted batch effects by multiplying DNA methylation values at random probes by a 

range of percentages from 10–100% at a range of randomly selected probes within half of 

the reconstitution data set, leaving the other half untouched (Figure 8A and B). Five 

iterations were performed at each level for a total of 500 comparisons. Quadratic 

neuronal predictions were found to be highly influenced by the proportion of probes 
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affected by the batch effect (R2 = 0.99, p = 2.2 x 10-16) (Figure 8C). In the CETS model, 

the predicted neuronal proportions across all permutations were virtually identical to the 

original predictions without in silico induced batch effects (mean R2 > 1 – 1.9 × 10-6) 

(Figure 8C). 

 

As the algorithm uses the relative proportions of DNA methylation across CETS 

markers, the input data required is not limited to data generated on the HM450 platform. 

We performed 100 permutations of randomly selected loci within the CETS marker set 

and determined that numerous combinations of CETS markers of different sizes within 

the top 10,000 CETS set are capable of accurately determining the correct proportions of 

mixed neuronal and non-neuronal input DNA (Table 8; Appendix XI). To confirm this, 

we applied CETS model quantification to DNA methylation profiles of three NeuN 

positive and negative pre- frontal cortical samples profiled by Iwamoto et al. on 

Affymetrix Human Promoter 1.0R arrays63. The ratio of methyl-enriched to non-enriched 

Figure 8. Induction and evaluation of robustness to batch effects. (A)Heat maps of DNA methylation at 
the top 1000 CETS markers as measured by HM450 microarray probes vs. the proportion of mixed non-
neuronal to neuronal DNA content in the empirically mixed reconstitution experiment. (B) An example of 
an in silico batch effect where a randomly selected 40% of loci have an induced increase in DNA 
methylation percentage by 20%. (C) Performance of the CETS model prediction (triangles) and the 
quadratic programming algorithm (circles) at predicting the proper proportions of empirical mixes in the 
reconstitution experiment (x-axis) as a function of the percentage of probes randomly influenced by the 
batch effect. 
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signals at 3,841 probes overlapping with the top 10,000 CETS marker locations were 

used for quantification and generated predictions of 100% and 0% neuronal proportions 

for all NeuN positive and negative samples, respectively (AUC = 1). These analyses 

suggest that while the neuronal proportion prediction accuracy is optimized with large 

sets of CETS markers, the performance of the algorithm in subset of these markers is 

adequate to generate accurate predictions and is dependent only on relative methylation 

as opposed to absolute methylation signals. 

Table 8. Random probe combination performance 

# Probes Mean R2 Standard Deviation 
5 0.93 1.0x10-1 

10 0.98 1.2 x10-2 
25 0.99 9.7 x10-3 
50 0.99 4.6 x10-3 
75 0.99 3.6 x10-3 

100 0.99 2.5 x10-3 
200 0.99 2.1 x10-3 
300 0.99 1.6 x10-3 
400 0.99 1.4 x10-3 
500 0.99 1.3 x10-3 
600 0.99 1.3 x10-3 
700 0.99 1.1 x10-3 
800 0.99 9.5 x10-4 
900 0.99 8.2 x10-4 

1000 0.99 8.6 x10-4 
2000 0.99 6.1 x10-4 
3000 0.99 5.3 x10-4 
4000 0.99 4.6 x10-4 
5000 0.99 3.5 x10-4 
6000 0.99 3.0 x10-4 
7000 0.99 2.6 x10-4 
8000 0.99 1.5 x10-4 
9000 0.99 1.3 x10-4 

10000 0.99 NA 
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4.3e Transformation of bulk tissue profiles to reduce cell type heterogeneity bias 

We generated an algorithm capable of transforming bulk tissue derived DNA 

methylation profiles to an expected neuronal or glial profile in order to reduce cell type 

heterogeneity confounding and improve the power to detect cell type specific differences. 

The method uses the estimated neuronal proportions generated in the above section to 

determine the amount of reference neuronal or glial signal to subtract from each data 

point. If a data point at a given locus is not significant at an FDR level of 5%, no 

transformation is performed. While the quantification algorithm presented above is 

applicable to data generated on multiple microarray platforms, this algorithm is 

applicable only to Illumina HM450 or HM27 platforms since the relationship between 

neuronal proportion and effect on methylation estimates is assumed to be known a priori 

based on the Illumina HM450 reference profiles. We evaluated the algorithm’s capability 

to recover the neuronal profiles in the empirically mixed sample by correlating the 100% 

neuron DNA methylation profile to the bioinformatically generated neuronal profile for 

each 10% mix (Table 9; Figure 9A and B). The model accounted for over 93% of the 

variance across the spectrum of potential neuron to glia ratios (Table 9; Figure 9A and 

B). 

Table 9. Comparison of FACS based v. bioinformatically transformed neuronal profile 

% Neuron DNA % Glia DNA R  non-Transformed R Transformed 
10 90 -0.46 0.98 
20 80 -0.42 0.98 
30 70 -0.32 0.97 
40 60 -0.18 0.97 
50 50 0.03 0.97 
60 40 0.29 0.97 
70 30 0.62 0.97 
80 20 0.88 0.98 
90 10 0.98 0.99 
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Figure 9. Transformation of bulk tissue derived data to in silico neuronal and non-neuronal profiles. 
(A) Heat maps of raw non-transformed, transformed neuronal, and transformed glial DNA methylation 
values at the top 10,000 CETS markers across the empirically mixed sample range. (B) Scatter plots of the 
raw 100% neuronal vs. the transformed neuronal DNA methylation profile at the top 10,000 CETS markers 
across the empirically mixed sample range with the blue line depicting the line of best fit. Red lines 
represent the line of best fit for the correlation between 100% neuronal vs. non-transformed DNA 
methylation profile across the empirically mixed sample range. (C) Scatter plots of the -log of the p-values 
generated from 100 iterations of randomly shuffling 20 bulk tissue samples. The -log(p value) of a Fisher’s 
exact test evaluating the degree of overlap between FACS derived neuronal profiles and the transformed 
and non-transformed bulk tissues in each of the 100 pair wise comparisons (y-axis) is plotted as a function 
of the -log(p-value) of a test evaluating the group-wise neuronal proportion differences (x-axis) for each of 
the 100 random comparisons. 
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4.3f Identification of phenotype associations using transformed data 

The ability of transformed neuronal profiles to identify cell type specific disease 

associations was investigated in 20 bulk tissue preparations hybridized to the HM450 

microarray and compared with FACS isolated neuronal cell preparations. Each sample 

was assigned to one of two groups, followed by statistical comparison of the mean 

neuronal proportion per group and a spot-wise t-test based association to the group 

classifier in the non-transformed bulk tissue and the CETS model transformed cell type 

specific profile. The degree of overlap observed between loci achieving a nominal 

significance of 5% in the FACS separated neurons was compared between the 

transformed and non-transformed bulk tissue data by Fisher’s exact test. We randomly 

permuted group assignments and iterated the test 100 times. We observed that the larger 

the difference in neuronal proportion between groups, the CETS model derived neuronal 

profile identifies significantly higher overlap with neuron specific group associations as 

compared with the bulk derived data (R = 0.48, p = 4.7 x 10-7) (Fig. 9C). Similarly, 

evaluating significance with a linear model incorporating neuronal proportion as a 

covariate generates significantly higher overlap than that of bulk data (R = 0.57, p = 5.2 x 

10-10). These analyses demonstrate the efficacy of the model for identifying cell type 

specific DNA methylation associations in data generated from bulk tissue hybridizations, 

although the cell type responsible for the signal will remain to be determined. 

4.3g A comparison of FACS based v. CETS model transformed MDD DNA 

methylation associations 

CETS based quantification was applied to a data set investigating DNA 

methylation associations in MDD data from the Stanley Medical Research Institute 
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(SMRI) 55. Smoothed DNA methylation levels derived from the CHARM package at 

8,130 probes overlapping the top 10,000 CETS loci were used for quantification of 

neuronal proportions. A significantly higher proportion of neurons were observed in the 

MDD group (mean proportion controls = 0.51 ± 0.0034, mean proportion depression = 

0.55 ± 0.0028, Wilcoxon rank sum p = 0.05) (Figure 10A). A re-analysis of CHARM 

data was per- formed following incorporation of neuronal proportion information. 

CHARM data was transformed by taking the residuals of a linear model of probe fold 

change information and neuronal proportion for each locus, followed by DMR 

identification and quantification using the CHARM package standard functions. Of the 

420 DMRs originally identified as significant below a nominal p-value of 0.05, 33% were 

identified as nominally significant in the CETS model corrected data. While the original 

analysis did not return any hits significant after correction for multiple testing, CETS 

modeled data identified three DMRs located proximal to the LASS2, PCTK1 and 

FAM20B genes. A total of 77 DMRs adjacent to genes exhibited a trend toward 

significant association to MDD at a significance level below 10%. A full list of nominally 

significant DMRs generated in the CETS modeled data appears in Appendix XII. 

We cross-referenced nominally significant DMRs from both analyses with FDR 

significant cell type specific DNA methylation differences generated on the HM450 

microarrays above. A significant correlation was observed between nominally significant 

DMRs from the non-corrected CHARM data and overlapping loci with FDR significant 

cell type specific DNA methylation differences from our FACS based experiments above 

(R2 = 0.33, p = 2.2 x 10-16) (Figure 10B), suggesting a portion of the identified DMRs are 

resultant from the differences in neuronal proportion between groups. Conversely, DMRs  
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Figure 10. Identification and correction of cell heterogeneity in MDD. (A) Boxplots of the proportion 
of CETS model predicted neuronal proportions for control and MDD cases. (B) Scatterplot of the log2 fold 
change (M-value) between MDD and controls in non-corrected CHARM data (x-axis) vs. the percentage of 
DNA methylation difference in FACS separated neuronal and glial nuclei (y-axis) at overlapping loci 
between the CHARM and HM450 microarray platforms. (C) Scatterplot of the M-value between MDD and 
controls in CETS model corrected CHARM data (x-axis) vs. the percentage of DNA methylation difference 
in FACS separated neuronal and glial nuclei (y-axis) at overlapping loci between the CHARM and HM450 
microarray platforms. 
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identified in CETS model transformed data did not demonstrate a relationship to cell type 

specific differences (R2 = 0.006, p = 0.07) (Figure 10C). 

Independently, we generated MDD specific DNA methylation associations in our 

FACS sorted neuronal and non-neuronal nuclear fractions within the Caucasian 

population of the NICHD sample. No loci exhibited significance after correction for 

multiple testing in either comparison. To assess the replicability of MDD associations 

across cohorts, the direction of DNA methylation change between MDD and controls was 

compared at nominally significant DMRs identified from the SMRI CHARM analyses 

and NICHD analyses. DMRs identified in the CETS modeled SMRI data exhibited a 

significantly higher proportion of DNA methylation changes in the same direction as the 

NICHD neuronal data set as compared with the non-transformed CHARM data (CETS 

modeled overlap = 92%, non-modeled overlap = 36%, Fisher’s OR = 17.3, p = 0.0053). 

Similarly in non-neuronal nuclei, a significantly higher agreement between NICHD and 

SMRI CETS modeled data was observed (CETS modeled overlap = 39%, non-modeled 

overlap = 11%, Fisher’s OR = 5.1, p = 3 x 10-4). While the degree of MDD specific DNA 

methylation associations identified in each cohort was not high, these analyses suggest 

that the CETS model transformation leads to a higher cross cohort agreement and that 

removal of cellular heterogeneity based confounds can improve the potential for cross 

cohort replication of disease specific findings. 

4.3h Model based comparison of different brain regions and age 

Using the CETS model, we quantified neuronal proportion across 506 individuals 

and across four brain regions using DNA methylation profiles generated on Illumina 

HM27 bead-chip microarrays by Gibbs et al120. We observed significant variation in 
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neuronal proportion across brain regions relative to the frontal cortex. Frontal cortex was 

significantly different from pons (neuronal proportion pons = 0.093 ± 0.00029, frontal 

cortex = 0.31 ± 0.00076, p = 1.6 x 10-33) and cerebellum (neuronal proportion cerebellum 

= 0.44 ± 0.00062, frontal cortex = 0.31 ± 0.00076, p = 7.5 x 10-32), while the temporal 

cortex was not significantly different (neuronal proportion temporal cortex = 0.32 ± 

0.00082, frontal cortex = 0.31 ± 0.00076, p = 0.12) (Figure 11A). The degree of 

difference is consistent with hierarchical clustering of DNA methylation data presented 

by Gibbs et al. We observe a significant correlation between the relative Euclidean 

distance of between microarrays and the distance between neuronal proportions 

(Spearman’s ρ = 0.69, p = 2.2 x 10-16) (Figure 11B). We performed spot-wise t-tests 

across tissues and observed highly significant FDR corrected differences similar to that of 

our neuron vs. non-neuron comparison in Figure 6A with FDR p-values ranging as low as 

3.1 x 10-126 (Figure 11C). Correcting for neuronal proportion results in no FDR 

significant differences. Cumulatively, this data suggests that a majority of variation in 

DNA methylation previously reported between brain regions is due to differing 

proportions of neuronal to non-neuronal cells. 

We next investigated the relationship between predicted neuronal proportion and 

age per brain region. No correlations were observed in the pons (Spearman’s ρ = -0.11, p 

= 0.21) or temporal cortex (Spearman’s ρ= 0.078, p = 0.38), while neuronal proportion 

was found to increase with age in the frontal cortex (Spearman’s ρ= 0.2, p = 0.021) and 

cerebellum (Spearman’s ρ= 0.53, p = 2.9 x 10-10) (Figure 12). 
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Figure 11. Brain region specific epigenetic variation is a function of neuronal proportion. (A) Boxplots of the CETS 
model predicted neuronal proportion (y-axis) in pons (green), frontal cortex (FCTX, blue), temporal cortex (TCTX, red), and 
cerebellum (CER, black) (x-axis). (B) Plot of the neuronal proportion (y-axis) vs. euclidean distance of each array (x-axis). 
Color coding is the same as in A. (C) Volcano plots depicting the -log FDR significance of FCTX vs. pons (green), TCTX 
(red), and CER (black). 
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Figure 12. Variation of neuronal proportion by age. CETS model predicted neuronal proportion (y-axis) 
vs. age in years (x-axis) for frontal cortex (A), cerebellum (B), and cerebellum excluding outlier neuronal 
predictions (C). Outliers were those predictions located beyond the 9th and 91st percentile of the predicted 
neuronal distribution. 
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4.4 Discussion 

We have generated a novel set of bioinformatics tools designed to identify and 

correct for cellular heterogeneity based bias in genome-scale DNA methylation studies in 

the brain. Recently, techniques have been developed for the bioinformatic adjustment of 

cell subfraction heterogeneity in peripheral blood cells based on DNA methylation 

proxies for FAC sorted cell types95; however, to our knowledge, our study represents the 

first attempt to generate such a model in brain. DNA methylation profiling has been 

performed previously in FAC sorted neuronal and non-neuronal nuclear populations 

using Affymetrix tiling microarrays63; however, the relatively small sample size of three 

individuals for this earlier study calls into question the generalizability of these markers 

for neuronal quantification in the general population. Our results confirm and expand 

upon the original findings by Iwamoto et al. and allow us to define more generalizable 

cell type specific DNA methylation differences between neurons and glia that are 

independent of psychiatric phenotype. The cohort investigated in our study is 

significantly larger and derives from both healthy control brains and those with a 

psychiatric disease. The inclusion of MDD cases in the sample allowed for the refinement 

of a more robust set of CETS markers through exclusion of disease associated loci that 

may exhibit variation in DNA methylation due to disease or medication status.  

Enriched GO categories within the top CETS markers appear to be related to cell 

fate commitment and generation of neurons. These results are consistent with the 

interpretation that DNA methylation marks capable of distinguishing neurons from non- 

neurons also define their cellular identity. We identified enriched neuronal vs. non-

neuronal DNA methylation differences in specific genomic categories, including CGI 
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shores, gene bodies, and 3'UTRs. Conversely, CGIs and promoters exhibited significantly 

less cell type specific differences. These findings are consistent with previous reports 

identifying DNA methylation variation at CGI shores as important regulators of tissue 

identity181. Gene body methylation, specifically at exonic sequences, has been shown to 

direct alternative transcriptional splicing189, 190. Neuronal cell fate determination is largely 

influenced by alternative splicing mechanisms during neuronal development191, while in 

mature neurons alternative splicing variation contributes to a number of key neuronal 

functions including axonal guidance, synaptic vesicle release42, 192, synaptic remodeling, 

and long-term potentiation193, among others191, 194. Cell type specific DNA methylation 

differences in these regions may be related to the GO categories identified in the top 

CETS loci such as axon guidance, dendritic spine, and postsynaptic density. 

We validated the neuronal proportion quantification algorithm using multiple 

metrics. The technique performed best in the reconstitution experiment. The second 

method was a comparison to FACS based measurements of neuronal proportion in a set 

of 20 bulk tissue samples run on the microarrays. In general, FACS based quantification 

of cortical neuronal populations is a well-accepted technique and has been found to be 

more accurate than fluorescent microscopy quantifications using a Neubauer chamber195. 

A possible source of higher variation relative to the reconstitution experiments was that 

microarrays and FACS based quantification were run on the same individual, but on 

different preparations of the bulk tissue such that variation in the cellular composition of 

the sectioned tissue per individual may have added to the experimental noise. A second 

possibility is that variation was induced at the level of selection of FACS gate parameters 

used to define the neuronal population. The comparison of predicted neuronal proportion 
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to the average gene expression of the RBFOX3 gene, which encodes the NeuN protein, 

demonstrated the weakest correlation. The strength of the correlation may have been 

affected by variation of factors know to affect gene expression measurements such as 

brain pH196 and PMI197. Importantly, we observed an average predicted proportion of 

32.2% neurons to non-neurons in the NICHD cortical population and 31.1% and 32.1% 

in the frontal and temporal cortical samples from the Gibbs et al. study. These values are 

similar to the published 32.4% and 27% gray matter and total cortical neuronal content, 

respectively, as determined by Azevedo et al. using isotropic fractionation56. 

The approach designed for quantifying neuronal proportions was enabled by the 

large DNA methylation difference and small variance between neuronal and non-

neuronal DNA methylation profiles at top CETS loci. The technique measures neuronal 

proportions by determining the best match to a gradient of DNA methylation profiles for 

each sample and as such, variation within an individual sample will be tested equally 

across the in silico gradient, allowing for an even chance of proper neuronal prediction 

per sample. These features make the predictions robust to batch effects, as demonstrated 

above. Importantly, we modeled batch effects by induced systematic increases in detected 

DNA methylation values across randomized proportions of probes across the CETS 

marker set and demonstrated that prediction values are independent of these factors and 

out-perform quadratic programming alternatives. The design of the CETS algorithm also 

makes it applicable across multiple experimental platforms that contain overlapping data 

points with the top CETS loci, as evidenced by our perfect classification of NeuN 

positive and negative samples from Iwamoto et al63. This feature makes CETS applicable 

not only to data generated on tiling arrays but also next generation sequencing platforms. 
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The performance of a given platform may vary depending on the distribution of overlaps 

with top CETS loci; however, the neuronal proportions calculated will remain relative 

across a given experiment, allowing for the quantification of cellular heterogeneity bias. 

The technique allows for the correction of cell heterogeneity bias through either a 

transformation or an adjustment approach, depending on the platform used. For Illumina 

platforms containing the same probes, the method can generate a transformed neuronal 

and glial profile that is independent of bias due to differing neuron to glia proportions. 

Regardless of platform, neuronal proportion information can be included as a covariate in 

a linear model, an approach that appears more robust and is recommended in most 

situations. Our permutation analysis of pair-wise differences suggests that both methods 

perform well at generating cell type specific findings when the proportion of neurons is 

unequal between the groups being tested; however, the distinction of whether the 

identified phenotype associations are resultant from neuronal or non-neuronal cells 

cannot be determined. However, a comparison of the pair-wise analysis output from 

neuronal proportion corrected to non-corrected data may indicate the presence of cell 

type specific associations and may direct future analyses such as LCM experiments. 

We provide a proof of principle analysis of recently published MDD specific 

DNA methylation profiling data generated in the SMRI cohort using the CHARM 

algorithm. These analyses demonstrated that a large portion of the originally identified 

DMRs was positively correlated with cell type specific DNA methylation differences. 

This observation is expected, as the proportions of neurons to non-neurons were 

significantly different between MDD and controls. Application of CETS model 

correction identified novel DMRs that did not correlate with cell type specific epigenetic 
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differences and are therefore more likely to be associated with MDD independent of cell 

type heterogeneity. Importantly, a number of the originally identified DMRs remained 

significant after CETS model correction and portion of these that had previously not 

survived multiple correction testing now passed genome-wide significance. Among these 

genes were LASS2, which was validated and discussed in the original study55, FAM20B 

and PCTK1. Epigenetic variation at PCTK1 could be important for MDD, as 

overexpression of this gene in rats has been demonstrated to result in impaired spatial 

working memory and cognitive function192. The degree of overlap across the results 

generated in the CETS modeled SMRI data and the FAC sorted NICHD data was higher 

than the overlap with non-corrected data, suggesting that the statistical removal of 

neuronal to non-neuronal heterogeneity in this sample improved the replicability of 

identified findings across cohorts and may thus be more relevant to the disease phenotype 

in the population. 

A number of reports have identified correlation of DNA methylation in the brain 

at numerous loci with age84, 188, 198. Recently, Horvath et al. identified an age related co-

methylation module in brain and blood84 using many of the same samples investigated 

above. Our analysis identified positive correlations between CETS model predicted 

neuronal proportion and age in both the frontal cortex and cerebellum, suggesting that a 

portion of these findings may be due to variation in cellular content over the course of 

aging. A recent study incorporating the samples from Gibbs et al. identified a series of 

genes where expression levels correlated with age in both the frontal cortex and 

cerebellum199. After isolation of Purkinje neurons through LCM, ~8% (5 out of 60) 

candidates validated, corroborating our interpretation that a majority of age related 
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associations may be due to cell heterogeneity and may be corrected through CETS model 

transformation. 

DNA methylation at the CETS markers should be robust to age related variation 

in order to accurately quantify neuronal proportions over a range of ages. The age of the 

samples used to generate the CETS loci in our study ranged from 13 to 79 y old and did 

not demonstrate age related variation of neuronal or non-neuronal profiles at the CETS 

loci. The CETS model is therefore appropriate to evaluate neuronal proportion in brain 

samples above these ages, such as the study by Kumar et al199. The performance of CETS 

based quantification of neuronal proportions in samples from younger ages will depend 

on the relative conservation of epigenetic patterns at CETS markers during development. 

As highlighted in the Numata et al. study, DNA methylation in the prefrontal cortex 

varies at different developmental time periods and exhibits rapid changes both prenatally 

and in the early postnatal years, specifically in neural developmental genes188. Despite 

this, an analysis of the Numata et al. data demonstrated a significant correlation at the 

521 CETS markers present on the HM27 array between the mean DNA methylation 

profiles of 44 samples less than 13 y old, including 29 prenatal samples, to the remaining 

56 samples ranging from 13 to 78 y old (R = 0.95, p = 2.2 x 10-16). While, neuronal 

proportion quantification in samples younger than age 13 should be interpreted with 

caution, these analyses suggest that at least a portion of CETS patterns vary only 

minimally over earlier age ranges and may be appropriate for neuronal quantification in 

younger samples. Future studies will be necessary to refine specific CETS markers robust 

to early developmental changes and enable reliable quantification of neuronal proportions 

in younger samples. 
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The accuracy of CETS model prediction of neuronal to non-neuronal proportion 

in non-cortical brain regions will be influenced by the conservation of neuron specific 

epigenetic marks across regions. Prediction of cerebellar neuronal content was lower than 

the ~77% reported by Azevedo et al. 56, which is explained by the fact that primarily 

granule neurons in the cerebellum express NeuN, while Purkinje cells do not200, 201. The 

above correlation between age and cerebellar neuronal proportion is therefore most likely 

reflective of age related changes in ratios of undetected neuronal cell types. This 

interpretation is consistent with observations that Purkinje neuron levels and ratios of 

stelate and basket neurons relative to granule neurons have been observed to decrease 

with age in mice202-204. 

Future studies targeting distinct brain regions or cell types within a brain region 

will be necessary to refine CETS models. Importantly, neuronal content predictions were 

demonstrated to adequately account for the observed degree of DNA methylation 

variation across brain regions. Numerous previous studies report large scale DNA 

methylation differences between brain regions120, 205, 206. On both the global and locus 

specific scale, our analyses demonstrate both a strong correlation between brain region 

specific DNA methylation differences and cellular proportion, and a drastic reduction in 

locus specific differences identified between brain regions after adjusting for neuronal to 

non-neuronal proportions per individual. Together, these findings suggest that the 

extreme differences between neurons and non-neurons are the primary driver of the brain 

region epigenetic differences identified and that a majority of the previously identified 

epigenetic variation between brain regions may be largely due to differences in neuron to 
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non-neuron ratios. Control of this detectable heterogeneity will allow for the 

identification of more subtle epigenetic changes in future studies. 

We have generated a publically available R package called “CETS” capable of 

performing the above analyses in DNA methylation data sets 

(http://psychiatry.igm.jhmi.edu/kaminsky/soft- ware.htm). This tool will not only allow 

for the generation of novel data independent of cell heterogeneity based bias, but also 

allowing for a re-analysis of existing data sets. Application of CETS modeling to 

genome-wide DNA methylation data may lead to new levels of understanding of 

epigenetic regulation in the brain and holds the potential to identify to novel discoveries 

related to the epigenetic basis of neurological and psychiatric phenotypes. 
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CHAPTER 5: TRIPLEX FORMING OLIGONUCLETIDE BASED 

ENRICHMENT OF CELL TYPE SPECIFIC GENOMIC DNA 

5.1 Abstract 

 Cellular heterogeneity may confound psychiatric epigenetic studies in two ways, 

either with differing cellular proportions between samples tested, or dilution of signal due 

to differences in cell populations that exhibit disease features. There are many techniques 

to identify changes in cellular proportions; however, current methods to identify cell 

specific DNA methylation changes are resource exhaustive, requiring large amounts of 

starting tissue and specialized equipment. TFOs bind to duplex strands of DNA and are 

stabilized by DNA methylation. We demonstrate that TFOs can form triplex structures 

with genomic DNA in a sequence specific manner, preferentially binding to methylated 

duplex DNA. Real time PCR results demonstrate specific amplification at multiple 

locations along a single chromosome, suggesting that we are able to pull down full-length 

chromosomes from a single TFO capture. Further, we show TFOs are capable of 

enriching for cell-specific strands of DNA based on DNA methylation differences 

previously identified between neurons and non-neurons. We have identified a model 

capable of predicting TFO specificity and ability to enrich for DNA methylation. Here we 

provide the novel use of TFO technology for the enrichment of cell-specific DNA from a 

heterogeneous pool, which represents an inexpensive tool to identify cell type specific 

DNA methylation changes among existing stocks of genomic DNA.  
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5.2 Introduction 

DNA methylation is a field of growing interest, particularly when it comes to 

investigating its role in psychiatric disease etiology. Epigenetic variation, combined with 

genotype, resulting in differential gene expression holds the potential to be of etiological 

significance in a wide range of psychiatric disorders. However, the promise of epigenetic 

etiological factors has been limited with only few significant hits of small effect size. In 

one of the first epigenomic profiling studies of BP and SCZ, collectively called major 

psychosis, Mill et al. identified two significant changes in DNA methylation associated 

with disease, the WDR18 glutamate receptor subunit gene, where an 8% DNA 

methylation difference was detected between males with SCZ and controls, and the 

RPL39 gene where female patients with BP were 6% more methylated than controls54. 

Another methylome profiling study by Sabunciyan et al. looked in MDD and found 438 

nominally significant DMRs, though none remained significant after correction for 

multiple testing. However, they successfully validated 60% of these top nominally 

significant differences using sodium bisulfite pyrosequencing55. In the above studies, the 

brain samples interrogated consist of heterogeneous mixtures of neuronal and non-

neuronal cell types, specifically within the cerebral cortex where the ratio of glia to 

neurons is approximately four to one56. DNA methylation has been established as a 

defining feature of differing cell types57-60, but with differing proportions of cell types in 

the brain, or differences in cell populations that exhibit disease features, epigenomic 

studies using heterogeneous DNA preparations must account for these confounding 

factors. Currently few methods exist to account for this cell-type specific heterogeneity. 

FACS and LCM require a large amount input tissue and specialize equipment for 
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detection, and cannot be used on DNA that has already been extracted207. Bioinformatic 

techniques exist capable of correcting for cell heterogeneity though they are used for 

genome wide DNA methylation data, such as microarrays95, 124. Alternative methods 

capable of enriching for neuronal or glial DNA directly from extracted DNA stocks 

would drastically alleviate the cost and workload of the above techniques and would 

enable cell type specific analyses in a wide range of existing DNA stocks. 

TFOs operate on the basis of Hoogsteen bonding, which allows triplex base-

pairing to in the major groove of duplex DNA208. Triplex binding stability is dependent 

upon numerous factors including sequence content, temperature, pH, and hydrophobicity 

of a particular genomic region121-123. Additionally, the presence of a methylated cytosine in 

the triplex strand has been shown to alter hydrophobicity and stabilize triplex 

formation209. We hypothesized that the presence of methylated cytosines on the duplex 

strand may also serve to stabilize triplex formation and allow for a sequence- and 

methylation-specific binding of TFOs. Such a technique could be used with CpGs known 

a priori to be differentially methylated in neurons and glia, such as those generated in our 

laboratory previously210. Below, we present a method for the sequence and DNA 

methylation specific capture of neuronal DNA using TFO technology, and demonstrate 

the utility of this method to enrich for DNA methylation from a pool of hemi-methylated 

DNA. 
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5.3 Results 

5.3a TFOs capture genomic DNA in a locus-specific manner 

Four TFOs (chr1, chr5, chr17.2, chr17.3) were initially designed to target three 

different chromosomes for capture. To determine the efficiency and specificity of 

binding, TFO captures were performed on hypermethylated genomic DNA, followed by 

qPCR. There was a range of capture efficiencies and specificities observed (Figure 13a). 

Specificity is reported as the ratio of copy numbers captured specific to the TFO to copy 

numbers nonspecific to the TFO loci. In order to determine the size of genomic DNA 

captured by TFOs, we designed additional copy number assays for loci 1 Mb upstream of 

our chr5 TFO and on the opposite chromosomal arm (Figure 13b). Real time PCR results 

demonstrate amplification at all tested locations, suggesting that we are able to pull down 

full-length chromosomes (181 Mb for chromosome 5) from a single TFO capture. 

Notably, the efficiency of capture at each locus exhibited a trend towards decreasing as a 

function of distance from the chr5 TFO target (R-squared = 0.97, p-value = 0.08). Using 

linear modeling, we identified TFO characteristics that are predictive of TFO specificity. 

An additive linear model was produced that shows that TFO CT content and salt adjusted 

Tm (melting temperature) significantly predicts TFO specificity (R-squared = 1, p-value 

= 0.0009). With this model, we designed three additional TFOs (chr4, chr11, chr17.1) 

with a range of predicted specificities to validate our model. As predicted, these three 

TFOs exhibited a range of specificities, and with the addition of all TFOs to our model, 

TFO specificity is still significantly predicted (R-squared = 0.67, p-value = 0.049). 
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Figure 13. Specificity and efficiency of TFO capture. (a) TFO specificity is reported as the ratio of 
specific copy number captured to total nonspecific copy number captured. (b) Chromosomal fragment 
captured by TFO. From the single chr5 TFO capture, copy number analysis showed capture of loci 1 Mb 
away upstream from the target sequence, and on the opposite chromosomal arm (OA). Enrichment is 
reported as fold-change (ratio of captured DNA methylation at each locus to non-TFO control) 
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5.3b TFO-based capture of genomic DNA enriches for DNA methylation 

We tested the ability of TFOs to bind preferentially to methylated sequences, and 

to enable pull down and enrichment of the methylated chromosomes. To determine the 

efficiency of each TFO to enrich for DNA methylation, we performed a TFO capture on 

an artificial mix of fully methylated genomic DNA and fully unmethylated genomic 

DNA at a ratio of 1:1. A range of DNA methylation enrichment performances were 

observed (Figure 14). Methylation enrichment is the DNA methylation fold change 

between TFO captured fraction compared to the artificial DNA mix. An additive linear 

model shows that observed TFO specificity, salt adjusted Tm, and CT content are 

predictive of methylation enrichment (R-squared = 0.70, p-value = 0.09). This model is 

equally predictive of methylation enrichment using specificity values derived from the 

additive linear model above (R-squared = 0.70, p-value = 0.09), due to the high degree of 

concordance between predicted and observed specificity values (R-squared = 0.73, p-

value=0.009). 

5.4 Discussion 

The ability of DNA to form triplex structures has been characterized previously, 

with cytosine methylation within the triplex strand stabilizing binding121-123, 209.  We 

addressed the hypothesis that TFOs can bind to genomic DNA in a sequence specific 

manner and enrich for DNA methylated within the duplex strand. We observed a range of 

TFO specificities to their respective target loci in the genome. While TFO salt adjusted 

Tm and CT content are predictive of specificity and subsequent methylation enrichment, 

other TFO characteristics may explain variation in these outcomes. Triplex formation 

relies on the correct orientation of the third base and the phosphate backbone for  
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Hoogsteen binding121. For that reason, the TFO is designed against the oligopurine strand 

within the duplex. Following previously reported TFO dynamics there are two motifs that 

can be followed, CTG and AGT, which are dictated by the direction of the TFO 

phosphate backbone. The CTG motif is used when the TFO backbone is parallel to the 

oligopurine design strand, while AGT is used for antiparallel TFO backbones. We chose 

Figure 14. DNA methylation enrichment following TFO capture. Enrichment is reported as fold-change 
(ratio of captured DNA methylation at each locus to untreated DNA mix).  
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to adhere to the CT motif for TFO design as the inclusion of guanines into the TFOs 

increases the probability of TFO aggregation. In addition, if this TFO technology were to 

be used to capture several loci at once, utilizing the CT motif would prevent different 

TFOs from dimerizing. Any divergence from this motif could alter efficiency of the TFO 

binding and explain the differences in specificity and enrichment. Of the seven TFOs 

tested, four remained true to the CT motif (chr1, chr5, chr11, chr17.1). Additionally, TFO 

chr17.1 contains two mismatched bases, which may explain its poor performance. Lastly, 

we introduced variation in our TFOs with chr17.2 and chr17.3. Both TFOs target the 

same locus, however their backbone orientations are opposite, with chr17.2 antiparallel to 

its respective oligopurine strand, and chr17.3 parallel. This difference may account for 

chr17.3 outperforming chr17.2, but it should be expected that chr17.2 should not be 

specific for its designed locus due to the backbone orientation and its respective design 

motif. However, it has been suggested that the CT motif may form triplex structures in 

the antiparallel direction, though it is not thermodynamically stable211. The incubation 

temperature and pH used in our reactions may have been favorable conditions for binding 

of TFO chr17.2. 

Fragment length analysis indicates that TFOs have the ability to pull down full 

chromosomes. Here we show that a single TFO can isolate a large 181 Mb chromosome 

(chr5). There appeared to be a negative relationship between loci captured and distance 

from the TFO target (R-squared = 0.97, p-value = 0.08), which may be an effect of DNA 

breakage during washing or other sample processing steps. This result could be an effect 

of non-specific TFO binding, where TFO chr5 binds several genomic loci resulting in 

amplification across the target chromosome. We ensured specificity of our qPCR assays 
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using melting curve analysis and running DNA products on agarose gels following qPCR 

amplification.  Additionally, TFO chr5 is the most specific of all the TFOs tested giving 

more confidence in the result that we are able to capture large chromosomal fragments 

using a single TFO. This finding has important implications for the potential design of 

cell type specific TFOs such that they should be designed as proximal to a locus of 

interest to ensure the most robust enrichment of a distal target region. 

We are the first to demonstrate that utilizing differences in DNA methylation 

within duplex targets stabilizes triplex formation, where previous experiments only show 

cytosine methylation in the TFO itself has such effects. Utilizing the TFO’s ability to 

bind preferentially to methylated CpGs, this technology represents a novel tool for the 

sequence- and methylation-specific isolation of genomic DNA. In most psychiatric 

epigenetic studies, genomic DNA is derived from heterogeneous cell types in the brain, 

and would require cell sorting prior to DNA extraction (FACS, LCM) or genome-wide 

techniques, such as microarrays or whole genome sequencing, to be performed in order to 

derive cell-type specific epigenetic data124. As an alternative to these more involved and 

expensive techniques, TFOs can be used to enrich for DNA from a specific cell type 

using known DNA methylation differences distinguishing cell types. Previous work has 

identified individual CpG sites with differential methylation neuronal and non-neuronal 

cell types from 58 individuals using Illumina HM450 DNA methylation microarrays124. 

TFOs will only perform as well as their oligopurine targets and their respective DNA 

methylation measures. For instance, in the aforementioned study, neuronal and non-

neuronal nuclei were sorted using FACS, and DNA was extracted and hybridized to 

microarrays. The FDR significant differences in DNA methylation between cell types 
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were validated using sodium bisulfite pyrosequencing, the standard in measuring DNA 

methylation. These validated measures provide high quality DNA methylation values 

against which TFOs may be targeted for methylation enrichment. The results of TFO 

enrichment would be unreliable without corresponding reliable measures of DNA 

methylation differences. If we are unsure of the true difference between cell types, then 

we cannot be confident our TFOs are enriching for the correct cell type specific DNA. 

This TFO technology can be used to enrich for any cell type specific DNA beyond brain, 

as long as the target DNA follows the design criteria listed above, specifically a greater 

than 50% increase in DNA methylation for the target cell type, and reliable DNA 

methylation profiles are available. For instance, TFOs may be used to isolate cell specific 

DNA from blood95, or to target imprinted DNA regions for parent of origin analysis.  

In our experimental system using fully methylated DNA, we would expect a 

higher degree of nonspecific binding compared to a biological system where DNA 

methylation will not always be as present. This is especially true for specificity 

experiments where we capture hypermethylated DNA. Our TFOs are designed to 

preferentially bind methylated DNA, using only fully methylated DNA we increase the 

number of potential loci capable of nonspecific binding. This potential for nonspecific 

binding will be decreased when using DNA from tissues such as brain or blood, where 

the average methylation across the genome will be more hemi-methylated. 

The TFOs used in this study were designed against CpGs that exhibited a greater 

methylation in neurons. From these, we have identified models predictive of TFO 

performance. Using the salt adjusted Tm and CT content of putative TFOs, we can 

predict TFO specificity and methylation enrichment. 
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CHAPTER 6: GENERAL DISCUSSION 

Cellular heterogeneity is a major confounding factor that has gone overlooked, as 

the number of psychiatric epigenetic studies has continued to increase. While a majority 

of these studies interrogate post mortem brain tissues, the source of psychiatric diseases, 

blood remains underutilized when studying disease, especially given the urgent need for 

psychiatric biomarkers212-216and the relative inaccessibility of the brain. The work 

outlined in this dissertation represents the importance of accounting for cellular 

heterogeneity in psychiatric epigenetic using both blood and brain, while highlighting the 

potential of blood for the generation of biologically relevant biomarkers for disease. 

With the development of our prospective biomarkers for PPD in Chapter 3, we 

highlight the benefit of using blood to predict future psychiatric disease status. Not only 

did incorporating cellular proportion strengthen our biomarkers ability to predict PPD, 

whether it is CBC or bioinformatic proxy data, but we identified changes in cellular 

proportions based on current mood status (prepartum euthymic v. prepartum depressed). 

Following replication on a more representative sample of the population, including those 

with no previous history of mood disorders, these biomarkers can be employed in a 

clinical setting. It is recommended that expectant mothers have multiple prenatal care 

visits217, 218. During any of these visits, our biomarkers along with CBC data can be used 

as a screening tool for PPD, as we have shown them to be highly predictive despite 

trimester the measurements are taken. For those women deemed at risk for PPD, this 

provides time and options for therapeutic intervention. The work in Chapter 3 

exemplifies our initial hypothesis that cellular heterogeneity may confound epigenetic 

studies with changes in cellular proportions between the samples tested. 
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The work in Chapter 4 expanded the idea of identifying cellular proportions to the 

prefrontal cortex of the brain. By identifying DNA methylation profiles capable of 

distinguishing neurons from non-neurons, we have generated a bioinformatic model 

capable of quantifying cellular proportions in genome-wide DNA methylation studies, 

specifically Illumina HM450 microarrays. Prior to this study, there were few tools that 

allowed for the identification and quantification of cell proportions in psychiatric 

epigenetic experiments using post mortem brain tissues. The available techniques require 

large amounts of tissue and specialized equipment, and even with these vast amounts of 

resource being used cellular proportion measurements may be inaccurate due to 

differences fluorescence gating when using FACS, or inability to recognize all cell types 

of interest when using LCM. Using our R-package, called ‘CETS’, future research can 

interrogate the epigenome, whether that be DNA methylation microarrays or sequencing, 

using less brain tissue that is already in short supply, while being able to identify changes 

in cellular proportion that could otherwise confound results. 

While our CETS markers are able to identify cellular proportions from bulk 

tissues, they are much more limited in their ability to identify dilution effects caused by 

cellular heterogeneity. Taking advantage of the DNA methylation stabilizing effects on 

Hoogsteen binding, we developed TFOs that are capable of enriching cell-type specific 

DNA from heterogeneous stocks of genomic DNA. This novel technique will allow for 

the capture of neuron-specific DNA at target loci, identified in Chapter 4. DNA 

methylation can then be assessed in a cell-specific manner anywhere across the captured 

chromosomal fragments.  
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6.1 The Role of Estrogen in PPD 

The idea of a reproductive subtype of depression has been put forth suggesting that a 

subset of reproductive-aged women experience depressive symptoms following 

fluctuations in hormones at various times in their lives128. The landmark work by Bloch 

et al. supports our hypothesis that inherent differences in response gonadal hormones 

leads to PPD symptoms following hormone withdrawal144. In this work, women with and 

without a previous history of PPD were administered supra-physiological levels of 

estrogen and progesterone to simulate pregnancy. Upon withdrawal of hormones, only 

those women with a previous history of PPD developed significant depressive symptoms. 

This could mean the altered DNA methylation patterns, such as our biomarkers, are 

persistent following PPD episodes. Alternatively, the differential sensitivity is responsive 

to acute periods of hormone exposure (8 weeks), which we are able to measure with our 

biomarkers during the first trimester of pregnancy. While our biomarkers focus on 

estrogen responsive loci, the work by Bloch et al. also implicates progesterone in the 

onset of PPD. Additionally; other hormone systems have also been associated with PPD 

including cortisol and oxytocin. Cortisol and progesterone rise and fall during pregnancy 

in parallel with estrogen. However, their effects on mood and their association with PPD 

may be driven by estrogen. Cortisol levels appear to be modulated by estrogen, with 

levels of basal and stress-induced levels of glucocorticoids being higher in females 

compared to males219-223. Further, cortisol levels rise concurrently with estrogen outside 

of pregnancy, just as they do during224-226. Further work by Bloch et al. demonstrates 

gonadal hormones enhance hypothalamic-pituitary-adrenal (HPA)-axis activity in their 

previous pseudo-pregnancy paradigm, with an enhanced HPA-axis sensitivity in those 
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with a previous history of PPD145, suggesting underlying differences in estrogen 

sensitivity also modulates cortisol and HPA-axis activity. During pregnancy, cortisol 

reaches its apex just before parturition, and then falls dramatically, mirroring estrogen 

levels. Increased cortisol is typically associated with depressive symptom onset, which 

suggests that changes in cortisol related pathways would drive prepartum depression, 

rather than PPD. In fact, work by Katz et al. shows that alterations in glucocorticoid 

receptor signaling are associated with prepartum depression, but not PPD227. With 

regards to our PPD biomarkers, this gives us confidence they are more specifically 

responsive to estrogen, rather than cortisol, as they are robust enough to predict PPD 

status regardless of prepartum mood state, which appears to be driven by cortisol and 

HPA-axis sensitivity.  

The effects of estrogen on cortisol and HPA-axis signaling are potentially 

modulated by progesterone. Increased progesterone attenuates the effects of free cortisol 

by competitively binding the glucocorticoid receptor228, which could have positive effects 

on mood. Progesterone alone, however, has varied effects on mood. Some research 

suggests that, like estrogen, progesterone acts as an anxiolytic and neuroprotectant229, and 

progesterone withdrawal alone can precipitate depressive symptoms230. While other work 

has shown progesterone and its metabolite, allopregnanolone, are mediators of mood 

dysregulation231, which may be caused by progesterone activation of the amygdala232. 

These varied effects may be due in part to progesterone’s ability to activate a wide 

variety of hormone receptors including progesterone, androgen, and glucocorticoid 

receptors233, compared to estrogen which is highly specific to its respective receptors234. 

While progesterone exerts its cannoncial effects via the progesterone receptor, it is 
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regulated estrogen235, 236, which may cause further exacerbations in progesterone 

signaling and sensitivity due to differences in estrogen response, as evidenced by our 

biomarkers.   

 Oxytocin is a peptide hormone that is critical for the establishment and quality of 

maternal behavior following childbirth237. Skrundz et al. suggest that changes to plasma 

oxytocin levels during pregnancy are indicative of future PPD98. However, this may be a 

consequence of differential estrogen sensitivity as oxytocin and its receptor are under 

transcriptional control of estrogen238, 239. Estrogen adminstration has also been shown to 

increase oxytocin mRNA levels in the ventromedial nucleus of the hypothalamus, 

posterior medial nucleus of amygdala, hippocampus, anterior pituitary, and uterine 

tissue240, which are all regions implicated in the neurobiology of depression, sans uterine 

tissue241. Further, estrogen and oxytocin signaling interact to modulate the stress 

response242, which may influence the effect of cortisol on mood. While our biomarkers 

are representative of differences in estrogen response, these differences do not refer to 

changes in DNA methylation alone, but other effects downstream of estrogen as well, 

such as changes to cortisol, progesterone, and oxytocin signaling. 

  Our data are consistent with genome-wide expression studies of WBCs taken 

from women after parturition that demonstrated an association of immune system-related 

genes with depression scores101. We identify changes in DNA methylation associated 

with mood status that are driven by changes in cell populations which may also be 

driving the gene transcriptional changes observed by Segman et al101. Specifically we 

identify changes in the population of monocytes, which are mediated by estrogen. 

Activated estrogen receptors repress the expression pro-cytokine genes that are 
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responsible for the proliferation of monocytes243. Differences in estrogen sensitivity, 

manifested as differential suppression of pro-inflammatory genes, could be responsible 

for the differences observed in activated cell proportions observed in association with 

mood status.  

We identified prospective biomarkers for PPD with the hypothesis that PPD risk 

is due to differences in epigenetic responses to estrogen. This hypothesis was supported 

with our biomarker loci each previously being identified as changing in response to 

estrogen. Since publication of our biomarkers, another prospective study of PPD was 

published by Mehta et al. looking for gene transcription signatures predictive of PPD. 

They identified 116 transcripts differentially expressed during the third trimester between 

women who later develop PPD and those who do not. From these transcripts, they found 

a significant enrichment of estrogen signaling pathways, with no concurrent changes in 

plasma estrogen levels, indicating that during the third trimester differences in estrogen 

response are significantly predictive of future PPD status, confirming our original 

hypothesis.  

 We downloaded the raw microarray data by Mehta et al. (GEO accession: 

GSE45603) and normalized with the variance stabilizing transformation method244 and 

extracted relative expression values for HP1BP3, and TTC9B from the first trimester. 

Using gene transcription variation in the antenatally euthymic women only who would 

(N=55) and would not (N=70) develop PPD, we predicted PPD with an AUC of 0.83. 

When modeling all women independent of antenatal depression status, we generated an 

AUC of 0.75. While we were not able to predict PPD status with our model using third 
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trimester gene transcription data, this may be due to effects of timing and the relationship 

between DNA methylation and gene transcription. 

 Changes in DNA methylation occur upstream of changes to gene transcription, 

with alterations to DNA methylation affecting levels of gene transcription and splice 

variants189. Our DNA methylation biomarkers are robust enough to predict prospective 

PPD status across all three trimesters of pregnancy, whereas the performances of gene 

transcription biomarkers have a more limited window for detection (See section 3.4). In 

relation to the gene transcription profiles generated by Mehta et al., differences in DNA 

methylation laid down early on in pregnancy, as estrogen levels begin to rise, can 

compound as pregnancy progresses and result in the differential gene transcription 

profiles seen between those who develop PPD and those who do not. When looking at the 

gene transcription levels of our biomarkers, our power to predict PPD status may be due 

to the more direct transcriptional control DNA methylation has on the gene alone. As 

pregnancy, the expression of our biomarker genes will be influenced more by the other 

genes that are undergoing significant changes due to the course of pregnancy. From the 

Mehta et al. data, we see there are 786 transcripts differentially expressed between the 

two groups during the first trimester, compared to 116 in the third trimester. This could 

be due to increases in estrogen causing changes in DNA methylation, which in turn alters 

many genes during the onset of pregnancy. At the third trimester, the 786 transcripts from 

the first trimester may have interacted with one another to get the tissue, in this case 

blood, back to homeostasis.  

Our biomarkers represent estrogen-mediated mechanisms upstream of the gene 

transcription changes observed by Mehta et al, which may explain the greater window for 
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prediction. This greater window for prediction is important for potential therapeutic 

intervention for those women at risk for PPD. With the lack of reliable screening methods 

for PPD, there have been few studies looking at therapeutic interventions for women at 

risk. However, these studies show that behavioral education therapy245, psychoanalytic 

therapy alone246-248, or in conjunction with antidepressant treatments249, are effective in 

reducing incidence of PPD in randomized control trials. This gap in identifying potential 

interventions can be addressed with our biomarkers by designing appropriate randomize 

control trials that identify women at risk for PPD, then assigning them to intervention 

groups. 

Intervention is not only important for the mother, but has significant repercussions 

for the baby. Following birth the brain continues to undergo rapid and dynamic change as 

neurodevelopment continues250, however during this time, environmental factors have 

been thought to increase risk for the development of psychiatric illness such as SCZ251, 

252, ASD253, and affective disorders254-256. Specifically, maternal mood status has been 

linked to offspring internalizing behaviors257, psychomotor alterations258, future MDD259, 

severe sleep disturbances that persist later in life260, and increased salivary cortisol at six 

months261. Thus, providing intervention to mitigate PPD symptoms can improve quality 

of life for the mother, set the newborn on a healthy developmental trajectory, while 

strengthening the bond between mother and child. 

Returning to the topic of timing and E2 mediated DNA methylation changes, we 

posit based on the results of our PPD experiments that “epigenetic variation at biomarker 

loci is established early on during pregnancy and may represent a latent epigenetic status 

in the PPD risk group independent of pregnancy.”  However, these latent signatures may 
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have been established prior to pregnancy, particularly in the high-risk cohort of women 

we studied. This high-risk cohort had a previous history of mood disorders, which could 

be driven by hormonal fluctuations, such as premenstrual syndrome (PMS), premenstrual 

dysphoric disorder (PMDD), or the first episode of depressive coinciding with puberty 

onset. This suggests the altered DNA methylation we observe between groups could be 

due to changes in pregnancy levels of hormones, or they may have been altered during 

other times of hormonal fluctuation. And in women with no previous history of mood 

disorders, the high levels hormones may cross a threshold for the development of mood 

symptoms resulting in altered DNA methylation and the onset of prepartum or 

postpartum depression. Previous studies report that 5.7% of PPD case represent first-

episodes of depression262, 263, suggesting the threshold for estrogen sensitivity causing 

mood symptoms may be higher in these women (perimenopausal depression as a first 

episode may also be indicative of this). Alternatively, there may be an inherent sensitivity 

to all women, but the symptoms manifest more subtly in the form of baby blues, or other 

transient changes in mood.  

Gonadal hormones, specifically estrogen, have been implicated in the onset of 

PPD, and the work uncovering our PPD biomarkers supports this hypothesis. Depressive 

symptoms occur as hormone levels precipitously fall to nadir following parturition, and 

hormone levels do not recover until the menstrual cycle begins again. This is an 

important factor to consider when studying PPD, and distinguishing it from other 

depressive episodes. If we consider PPD in the context of following hormone withdrawal, 

then identifying depression up to a year following child-birth is not reflective of 

underlying biology when the start of women’s menstrual cycle varies from three months 
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to nine month post-parturition depending on a number of factors including breastfeeding 

frequency and duration264-266. In future research studies information on the first menstrual 

cycle onset postpartum should be recorded to further elucidate the role hormones play on 

depression onset and relief. For our biomarkers, it will not only be important to replicate 

our findings on prepartum prediction of PPD, but it will also provide critical to 

understand how our estrogen sensitive loci change in the following hormone withdrawal, 

and during the reintroduction of hormones during menstruation. This will further 

elucidate the role of hormones on depressive symptoms.  

6.3 Techniques to address cellular heterogeneity 

 The work presented here highlights the importance of addressing cellular 

heterogeneity in psychiatric epigenetic studies. Since the time our CETS research was 

published, the field began to see an increase in the number of bioinformatic tools 

allowing for the correction of cellular heterogeneity confounders, both for genome-wide 

gene transcription267 and DNA methylation data268. Focusing on the currently available 

DNA methylation algorithms for brain (Guintivano et al. 124 and Montano et al. 268) and 

blood (Houseman et al. 95), there are two main types of algorithms used to identify 

cellular proportions: linear modeling and quadratic programming. The difference between 

these two approaches lies in the complexity of the tissue being deconvolved. Houseman 

et al. utilizes quadratic programming due to increased number of cell types to 

deconvolve; in this work, eight individual cell types were used from blood compared to 

two cell types, neuronal and non-neuronal, used in the brain. However, this distinction 

between neuronal and non-neuronal cells is more specifically cells that express the NeuN 

epitope versus cells that do not as it has been shown that not all neuronal cells, 
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specifically Purkinje cells, express NeuN200, 201. Additionally, there may not be an equal 

ratio of RBFOX3 transcription and NeuN epitope production269, which could explain the 

weaker correlation between predicted neuronal proportions to the average gene 

expression of the RBFOX3 gene in our study.  

The work presented in Chapter 4, along with the work of Montano et al, utilize 

brain regions with neuronal populations that express the NeuN epitope. While both 

studies make use of linear modeling to derive cellular proportion data there are important 

advantages to using our CETS R-package. First, we make use of Illumina HM450 

microarrays, which measure DNA methylation at single base resolution. This allows 

algorithm to be used across several platforms including other microarrys, and epigenome 

or exome sequencing, without any calibration or additional cell sorting. The other method 

put forth by Montano et al. is currently available on the CHARM platform and HM450 

microarrays with the disclaimer “We have demonstrated our method on data from both 

CHARM and the Illumina HM450 array. To apply our method to a new measurement 

platform or new brain regions, we recommend performing cell sorting on a subset of the 

samples to first obtain the cell-type specific signals needed for the cell-fraction 

estimation.” We set forth to develop the CETS algorithm so that precious tissue samples 

and other resources can be saved from this needless prior sorting. A further advantage of 

the CETS algorithm is its ability to withstand batch effects compared to other methods 

(See Section 4.3d). This allows for the incorporation of more data with a high a level of 

confidence in the downstream results.   

 The utility of our CETS R-package has already been demonstrated outside of our 

publication investigating ASD270 and multiple sclerosis–affected brains271. While neither 



101 

one of these studies identified disease associated changes in cellular proportions, these 

findings contribute to the understanding of the underlying morphology and pathology of 

disease.  

We have demonstrated that TFO technology can be used to enrich cell-specific 

strands of DNA based on the presence of DNA methylation, and generated prediction 

models to optimize TFO design. Using these models, optimized TFOs can be designed to 

enrich for a full cell-specific genome, following confirmation of captured DNA fragment 

length which will determine the number TFOs required to capture the genome. Technical 

optimization can be done to multiplex TFOs, creating a new platform for cell-specific 

enrichment. These methods can be adapted to enrich for any individual cell type, but will 

be dependant on reliable DNA methylation differences measured between heterogeneous 

cell populations. TFO based enrichment allows for DNA methylation assessment 

anywhere across the genome, replacing more resource intensive methods such as LCM or 

FACS. This technology not only enriches for cell-specific signals that may have been 

missed due to cellular dilution in human samples, but it can also be adapted to enrich for 

cell-specific DNA in other organisms. 

6.4 Future Directions 

 The findings of these studies all address the importance of cellular heterogeneity 

in blood and brain as they relate to psychiatric epigenetic studies. Moreover, we provide 

tools to account for heterogeneity confounders, as well as utilize cellular proportion data 

in the prediction of psychiatric disease. Our studies interrogate blood and brain, with an 

emphasis on using blood as a peripheral tissue indicative of changes that occur in the 

brain. However, using tissue that is even less invasive to obtain, such as hair or buccal 
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cells, would prove more advantageous for prospective studies provided that these tissues 

yield reliable DNA methylation measures and are able to account for environmental 

confounders272. While the current work focuses on DNA methylation, parallel 

investigations must also be conducted using alternative epigenetic modifications, such as 

histone protein modifications, to determine not only the relationship between epigenetic 

marks, but also how their interactions contribute to psychiatric disease.  

 The PPD biomarkers presented have great potential for clinical use. However, 

replication on larger cohorts that are more representative of the general population of 

pregnant women must be conducted in order to obtain more accurate metrics of their 

predictive power. These replication studies should also include preconception and 

postpartum sample collection time points, when available, to elucidate how these 

biomarkers behave prior to the pregnancy surge in estrogen and following hormone 

withdrawal. Additionally, due to the estrogen responsiveness of our biomarker genes, 

HP1BP3 and TTC9B, further prospective studies can investigate the role these genes play 

in other hormone related depression states, such as PMDD and perimenopausal 

depression. Also, as more molecular studies elucidate the specific roles of HP1BP3 and 

TTC9B we can better understand if these genes play functional roles in PPD etiology, or 

if they are merely proxies indicative of differential estrogen sensitivities. 

 As researchers continue to make use of our CETS algorithm, further refinements 

can be made to identify changes that may be occurring within specific subtypes of 

neurons and glia. This would require a greater undertaking in isolating the numerous 

individual cell subtypes273, 274 further complicated by the fact that post mortem tissue 

contains extracellular antigens that have been destroyed by the freezing process making 
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sorting difficult if not impossible. Additionally, FFPE tissues result in DNA damage and 

artifacts not suitable for microarray experiments, so appropriate methods to collect sorted 

DNA for methylation analysis will need to be developed. CETS can be further expanded 

to measure cellular proportions in animal models, however, there is no standardized 

platform to measure genome-wide DNA methylation in mice or rats, similar to the 

HM450 microarrays.  

 The approaches taken in this work highlight the importance of addressing cellular 

heterogeneity as a potential confounder as the number of psychiatric epigenetics studies 

increase. These tools provide researchers with the ability to assess cellular proportion 

from epigenome data ultimately leading to a better understanding of disease pathology. 

Furthermore, our work in PPD underscores the importance of using blood to develop 

prognostic biomarkers, opening a new avenue of research to help patients affected by 

psychiatric disease.  
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APPENDIX I. E2 DMRS 

UCSC ACCESSION Gene Chr DMR start DMR end E2 hypomethylation  
fold change P value 

NM_172725 C330006K01Rik chr5 142716287 142716630 0.36 0 

NM_011131 Pold1 chr7 44402558 44402624 0.30 0 

NM_019571 Tspan5 chr3 138770588 138770660 -0.53 0 

NM_031870 Msh4 chr3 153822894 153823134 -0.70 0.001 

NM_023645 Kdelc1 chr1 44047157 44047579 1.13 0.001 

NM_194061 D630045J12Rik chr6 38057185 38057286 -0.44 0.001 

NM_008350 Il11 chr7 4379268 4379714 0.35 0.002 

NM_001081175 Itpkb chr1 182169004 182169206 0.19 0.002 

NM_009462 Usp10 chr8 122798961 122799239 -0.64 0.002 

NM_001039385 Vgf chr5 137314642 137314847 0.26 0.002 

NR_040404 Gm15417 chr3 89482144 89482334 0.37 0.002 

NM_008321 Id3 chr4 135415780 135415933 0.57 0.002 

NM_177185 Ubn2 chr6 38363426 38363568 0.29 0.002 

NM_183406 Cox6b2 chr7 4355563 4355677 0.52 0.002 

NM_172895 Fam71e2 chr7 4355563 4355677 0.52 0.002 

NM_175296 Mael chr1 168072970 168073076 0.69 0.002 

NM_019767 Arpc1a chr5 145361869 145361946 -0.44 0.002 

NM_021392 Ap4m1 chr5 138406896 138407331 -0.37 0.003 

NM_009315 Taf6 chr5 138406896 138407331 -0.37 0.003 

NM_007765 Crmp1 chr5 37536071 37536210 -0.83 0.003 

NM_029963 Mrps5 chr2 127281923 127282033 1.01 0.003 

NM_011304 Ruvbl2 chr7 45290647 45290758 -0.50 0.003 

NM_007544 Bid chr6 120871090 120871186 -0.62 0.003 

NM_007559 Bmp8b chr4 122607298 122607374 0.38 0.003 

NM_145575 Cald1 chr6 34640993 34641067 0.76 0.003 

NM_144913 Mepce chr5 138009411 138009485 0.23 0.003 

NM_027242 Ppp1r35 chr5 138009411 138009485 0.23 0.003 

NM_025531 Slmo2 chr2 174112066 174112141 -0.64 0.003 

NM_013510 Epb4.1l1 chr2 156111607 156111971 0.37 0.004 

NM_173437 Nav1 chr1 137400282 137400545 0.38 0.004 

NM_010808 Mmp24 chr2 155468020 155468243 -0.45 0.004 

NM_175284 Fzd10 chr5 128916003 128916187 0.33 0.004 

NM_028182 Sh2d4a chr8 71204592 71204769 -0.48 0.004 

NM_172679 4932438A13Rik chr3 37075246 37075387 -0.30 0.004 

NM_053070 Car7 chr8 107430051 107430195 0.47 0.004 

NR_029648 Mir297-2 chr8 107430051 107430195 0.47 0.004 

NM_019436 Sit1 chr4 43504643 43504787 0.46 0.004 

NM_010072 Dpm1 chr2 167920902 167921011 0.36 0.004 

NM_001160330 Mocs3 chr2 167920902 167921011 0.36 0.004 

NM_029983 Sla2 chr2 156577947 156578058 -0.33 0.004 
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NM_145387 Athl1 chr7 140792628 140792702 0.37 0.004 

NM_001033350 Bank1 chr3 136262752 136262817 -0.86 0.004 

NM_016681 Chek2 chr5 111079135 111079322 -0.84 0.004 

NM_153571 Hscb chr5 111079135 111079322 -0.84 0.004 

NM_001033768 Pin1-ps1 chr2 104513145 104513219 0.16 0.004 

NM_023230 Ube2v1 chr2 167323111 167323176 -0.23 0.004 

NM_009557 Zfp46 chr4 135562605 135562677 0.34 0.004 

NM_015770 a chr2 154705826 154705899 0.69 0.004 

NM_027979 Chit1 chr1 135928927 135929167 0.39 0.005 

NM_010700 Ldlr chr9 21471696 21471931 -0.40 0.005 

NM_182995 6330503K22Rik chr7 118513543 118513691 0.86 0.005 

NR_037972 BB014433 chr8 15045082 15045221 -1.26 0.005 

NM_011671 Ucp2 chr7 100369017 100369158 0.40 0.005 

NM_001012726 Aym1 chr5 113594032 113594143 0.40 0.005 

NM_024255 Hsdl2 chr4 59673909 59674018 -0.89 0.005 

NM_031197 Slc2a2 chr3 28888130 28888362 0.49 0.005 

NM_020003 0610031J06Rik chr3 88411883 88411970 -0.66 0.005 

NR_033188 4931409K22Rik chr5 24050271 24050343 0.53 0.005 

NM_133981 Alg9 chr9 50523884 50523957 -0.47 0.005 

NM_080444 Asb10 chr5 24050271 24050343 0.53 0.005 

NM_030000 Cep110 chr2 34977374 34977448 0.87 0.005 

NM_177610 Duox2 chr2 121975444 121975510 -0.89 0.005 

NM_198675 Fdxacb1 chr9 50523884 50523957 -0.47 0.005 

NM_008359 Il17ra chr6 120431223 120431305 -0.35 0.005 

NM_029309 Morn5 chr2 35877064 35877131 -0.38 0.005 

NM_024246 Tmem79 chr3 88411883 88411970 -0.66 0.005 

NM_001114079 Pabpc1l chr2 163718210 163718570 0.49 0.006 

NM_172205 Sbsn chr7 30458794 30459045 0.35 0.006 

NM_001081258 Kif14 chr1 138282969 138283144 0.49 0.006 

NM_025316 Ndufb5 chr3 32930679 32930856 -0.46 0.006 

NM_011521 Sdc4 chr2 164115945 164116123 0.37 0.006 

NM_019552 Abcb10 chr8 126868775 126868908 0.29 0.006 

NM_145606 Chmp1a chr8 126098225 126098375 0.42 0.006 

NM_027084 1700027L20Rik chr1 89019395 89019504 0.83 0.006 

NM_027450 Glipr2 chr4 43977222 43977329 0.40 0.006 

NR_028114 Pex16 chr2 92178355 92178465 0.56 0.006 

NM_183096 Ttc29 chr8 81108985 81109086 -1.48 0.006 

NM_009442 Ttf1 chr2 28888623 28888729 0.69 0.006 

NM_197991 2310044H10Rik chr7 44360048 44360120 0.71 0.006 

NR_040290 4933424G06Rik chr1 36701825 36701901 0.36 0.006 

NM_027195 Casz1 chr4 147785279 147785352 -0.35 0.006 

NM_026360 Ddx47 chr6 134980224 134980294 -0.45 0.006 

NM_013503 Drd5 chr5 38608889 38608966 0.56 0.006 
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NM_001005865 Mtus1 chr8 42490854 42490921 -0.66 0.006 

NM_001085378 Myh7b chr2 155299473 155299574 -1.08 0.006 

NR_045576 Plk4 chr3 40896732 40896771 0.61 0.006 

NM_021491 Smpd3 chr8 109175459 109175529 0.94 0.006 

NM_009271 Src chr2 157116405 157116479 -1.00 0.006 

NM_175557 Zfp384 chr6 124975433 124975500 0.78 0.006 

NM_183170 Mpv17l2 chr8 73683936 73684336 0.31 0.007 

NM_009001 Rab3a chr8 73683936 73684336 0.31 0.007 

NM_172289 Slc36a4 chr9 15459546 15459759 -0.55 0.007 

NM_025572 2610528J11Rik chr4 118025397 118025555 0.82 0.007 

NM_007599 Capg chr6 72474768 72474929 -0.47 0.007 

NM_009898 Coro1a chr7 126492742 126492891 0.22 0.007 

NM_007568 Btc chr5 92477729 92477843 0.38 0.007 

NM_016777 Nasp chr4 116100433 116100538 -0.39 0.007 

NM_183163 Rhbdl2 chr4 123289494 123289599 -0.74 0.007 

NM_011368 Shc1 chr3 89510352 89510451 -0.77 0.007 

NM_145937 Sumf1 chr6 108110019 108110129 -0.49 0.007 

NM_198899 Uggt1 chr1 36187737 36187903 -0.47 0.007 

NM_027156 Ddx51 chr5 110890684 110890757 0.48 0.007 

NM_053208 Egln2 chr7 26873581 26873653 0.42 0.007 

NR_028593 Gm10069 chr6 128404371 128404446 0.18 0.007 

NM_001080776 Gm1123 chr9 98844094 98844261 0.48 0.007 

NM_183166 Gm4884 chr7 40805453 40805527 -0.82 0.007 

NM_008168 Grik5 chr7 24719427 24719503 0.46 0.007 

NM_153570 Noc4l chr5 110890684 110890757 0.48 0.007 

NM_011122 Plod1 chr4 146769867 146769937 -0.29 0.007 

NM_183161 Slc17a9 chr2 180664685 180664757 0.30 0.007 

NM_172463 Sned1 chr1 95065998 95066072 -0.41 0.007 

NM_027121 Vkorc1l1 chr5 130226407 130226487 0.33 0.007 

NR_045010 Sfpq chr4 126524953 126525380 -0.16 0.008 

NM_175511 Fam78a chr2 31904688 31904948 0.27 0.008 

NR_027373 Arhgap1 chr2 91452537 91452725 -0.58 0.008 

NM_009647 Ak4 chr4 100917161 100917264 0.49 0.008 

NM_146732 Olfr488 chr7 108046533 108046637 0.71 0.008 

NM_027154 Tmbim1 chr1 74221029 74221167 -0.50 0.008 

NM_009519 Wnt11 chr7 98722768 98722948 -0.45 0.008 

NM_001033243 Ccdc114 chr7 45803180 45803252 0.44 0.008 

NM_172899 Dmkn chr7 30483925 30483993 0.41 0.008 

NM_013920 Hnf4g chr3 3493017 3493087 0.89 0.008 

NM_019923 Itpr2 chr6 146457505 146457572 -0.80 0.008 

NM_001111102 Lmna chr3 88588198 88588267 0.16 0.008 

NM_028946 Nhedc1 chr3 135285709 135285786 1.09 0.008 

NM_011153 Ppp1r17 chr6 55948029 55948097 0.93 0.008 
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NM_178778 Scai chr2 39011303 39011376 -1.12 0.008 

NM_023755 Tfcp2l1 chr1 120456529 120456623 0.80 0.008 

NM_145369 Wfdc5 chr2 163866019 163866132 1.68 0.008 

NM_001029985 Kcp chr6 29456617 29456890 0.27 0.009 

NM_178803 Aebp2 chr6 140585326 140585495 0.17 0.009 

NM_029530 6330527O06Rik chr2 135751037 135751181 0.48 0.009 

NM_001039482 Klhl20 chr1 162967661 162967800 0.11 0.009 

NM_029216 Chd5 chr4 151206472 151206582 0.63 0.009 

NM_053204 Erc1 chr6 119542370 119542480 -0.51 0.009 

NM_146141 Ppa2 chr3 133248998 133249107 -0.67 0.009 

NR_040651 1700125G02Rik chr4 124396764 124396835 0.44 0.009 

NR_033568 9430041J12Rik chr7 3723694 3723757 0.41 0.009 

NM_053080 Aldh1a3 chr7 66266263 66266340 -0.41 0.009 

NM_023326 Bmyc chr2 25529499 25529594 0.43 0.009 

NM_177041 Flad1 chr3 89494972 89495048 0.42 0.009 

NM_011881 Grk1 chr8 13402818 13402893 -1.10 0.009 

NM_146191 Lrrk1 chr7 66266263 66266340 -0.41 0.009 

NM_021324 Ttyh1 chr7 3723694 3723757 0.41 0.009 

NM_173002 Zxdc chr6 90336003 90336071 0.27 0.009 

NM_007463 Speg chr1 75270168 75270505 -0.38 0.01 

NM_175388 Rnf169 chr7 99808949 99809361 -0.32 0.01 

NM_024467 Zfp319 chr8 98216679 98216901 -0.32 0.01 

NM_013742 Cars chr7 143402202 143402394 0.35 0.01 

NM_020575 7-Mar chr2 60007408 60007564 -0.89 0.01 

NM_172728 Creb5 chr6 53503926 53504040 -0.39 0.01 

NM_001081241 Fam65a chr8 108504651 108504760 0.43 0.01 

NM_145596 Gatad2a chr8 72907488 72907617 0.89 0.01 

NM_008494 Lfng chr5 140867241 140867347 0.78 0.01 

NR_035492 Mir1966 chr8 108504651 108504760 0.43 0.01 

NM_001033313 Pdap1 chr5 145388067 145388179 -1.26 0.01 

NM_024260 Ccdc132 chr6 3450152 3450220 0.90 0.01 

NM_144941 Mtap7d1 chr4 125757601 125757692 0.38 0.01 

NM_175306 Phactr4 chr4 131627878 131628025 1.10 0.01 

NM_207683 Pik3c2g chr6 139802805 139802878 0.81 0.01 

NM_175022 Prr12 chr7 44916074 44916152 -0.29 0.01 

NM_054093 Ube3b chr5 114654839 114655004 0.92 0.01 

NM_001164597 Znf512b chr2 181519651 181519725 -0.57 0.01 

NM_029409 Mff chr1 82606486 82606791 0.58 0.011 

NM_178886 Ldlrad3 chr2 101976666 101976887 0.67 0.011 

NM_027164 Lrrc27 chr7 139061670 139062124 0.62 0.011 

NM_001162540 Stk32c chr7 139061670 139062124 0.62 0.011 

NM_007558 Bmp8a chr4 122824097 122824294 0.72 0.011 

NM_022033 Oxct2a chr4 122824097 122824294 0.72 0.011 
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NM_145920 Evc2 chr5 37692668 37692808 0.51 0.011 

NM_153405 Rbm45 chr2 76172595 76172734 0.39 0.011 

NM_016661 Ahcy chr2 154763933 154764047 0.92 0.011 

NM_031186 Ndst3 chr3 123571964 123572066 0.69 0.011 

NM_172204 Noxa1 chr2 24916436 24916537 0.85 0.011 

NM_021424 Pvrl1 chr9 43497518 43497711 0.43 0.011 

NM_021344 Tesc chr5 118320776 118320882 0.76 0.011 

NM_021538 Cope chr8 73239166 73239233 -0.53 0.011 

NM_172704 Dnajc11 chr4 150775968 150776035 -0.57 0.011 

NM_001081096 Fam154a chr4 86028885 86029000 0.56 0.011 

NM_178887 Fibcd1 chr2 31634647 31634723 -0.28 0.011 

NM_020605 Jph3 chr8 124614857 124614922 -1.26 0.011 

NM_033039 Ocm chr5 144270597 144270682 0.57 0.011 

NM_019943 Papolb chr5 142782468 142782545 -0.36 0.011 

NM_178702 Radil chr5 142782468 142782545 -0.36 0.011 

NM_172276 Sfswap chr5 129869400 129869473 -0.38 0.011 

NM_011445 Sox6 chr7 115621357 115621431 -0.33 0.011 

NM_009500 Vav2 chr2 27246563 27246640 -0.26 0.011 

NM_133697 1110003E01Rik chr5 65770481 65770804 -0.45 0.012 

NM_010876 Ncf1 chr5 134512080 134512421 0.32 0.012 

NM_015792 Fbxo18 chr2 11694265 11694425 -0.46 0.012 

NM_026945 Adh6a chr3 138250684 138250788 -1.03 0.012 

NM_007456 Ap1m1 chr8 75171377 75171482 -0.45 0.012 

NM_175244 Hectd3 chr4 116499647 116499766 -0.75 0.012 

NM_010706 Lgals4 chr7 28544309 28544414 0.46 0.012 

NM_010707 Lgals6 chr7 28544309 28544414 0.46 0.012 

NM_001177867 Sgol2 chr1 57941667 57941775 -0.70 0.012 

NM_021481 Treh chr9 44421983 44422087 -0.30 0.012 

NM_176952 6430573F11Rik chr8 37953728 37953800 -0.91 0.012 

NM_139153 Agap3 chr5 23988823 23988895 0.70 0.012 

NM_009677 Ap1g1 chr8 112669295 112669359 -0.23 0.012 

NM_013479 Bcl2l10 chr9 75130412 75130480 0.85 0.012 

NM_138719 Gnb5 chr9 75130412 75130480 0.85 0.012 

NM_001145403 Kcnt1 chr2 25724336 25724412 -0.59 0.012 

NM_177725 Lrrc8a chr2 30065059 30065125 0.92 0.012 

NM_008632 Mtap2 chr1 66255878 66255951 -0.94 0.012 

NM_197992 Pcgf1 chr6 83044176 83044247 0.35 0.012 

NM_001033634 Zyg11b chr4 107750533 107750608 -0.40 0.012 

NM_011291 Rpl7 chr1 16088596 16089001 -0.35 0.013 

NM_153112 Cadm4 chr7 24203625 24203870 -0.33 0.013 

NR_033626 1810010D01Rik chr7 145016261 145016526 0.26 0.013 

NM_054077 Prelp chr1 135729143 135729328 -0.43 0.013 

NM_177652 Ryr3 chr2 112554964 112555107 0.60 0.013 
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NM_007461 Apba2 chr7 64376671 64376790 0.59 0.013 

NM_007491 Art5 chr7 101971054 101971169 -0.35 0.013 

NM_008077 Gad1 chr2 70364654 70364769 0.32 0.013 

NM_011995 Pclo chr5 14519507 14519613 -1.19 0.013 

NR_040325 A730056A06Rik chr7 73247277 73247381 0.63 0.013 

NM_026523 Nmb chr7 80773169 80773247 0.45 0.013 

NM_008841 Pik3r2 chr8 73700654 73700728 0.55 0.013 

NM_023268 Qsox1 chr1 157574865 157574996 0.29 0.013 

NM_177740 Rgma chr7 73247277 73247381 0.63 0.013 

NM_025575 Sys1 chr2 164154854 164154926 -0.84 0.013 

NR_027976 Wdr73 chr7 80773169 80773247 0.45 0.013 

NM_026014 Cdt1 chr8 125450819 125451173 0.48 0.014 

NM_023735 Actr3 chr1 127261752 127261986 -0.76 0.014 

NM_021369 Chrna6 chr8 28877806 28878059 0.60 0.014 

NM_177383 Gpr21 chr2 37340047 37340295 -0.43 0.014 

NM_146121 Rabgap1 chr2 37340047 37340295 -0.43 0.014 

NM_021502 Trappc2l chr8 125501154 125501400 -0.37 0.014 

NM_001098799 Tox2 chr2 162939233 162939411 -0.40 0.014 

NM_001039137 Scoc chr8 86347514 86347662 0.39 0.014 

NM_020584 Terf2ip chr8 114898120 114898275 0.57 0.014 

NR_015500 A530013C23Rik chr2 167380637 167380742 0.37 0.014 

NM_009883 Cebpb chr2 167380637 167380742 0.37 0.014 

NM_145390 Tnpo2 chr8 87927429 87927551 0.57 0.014 

NR_033199 1700001G17Rik chr1 33612396 33612469 0.66 0.014 

NR_038350 AV039307 chr2 120543246 120543319 -0.43 0.014 

NM_009824 Cbfa2t3 chr8 125513216 125513292 -0.94 0.014 

NM_134255 Elovl5 chr9 77702975 77703045 0.38 0.014 

NM_001033170 Fam83e chr7 45589746 45589821 0.23 0.014 

NM_001122647 Mup10 chr4 60556128 60556199 0.55 0.014 

NM_001199995 Mup12 chr4 60556128 60556199 0.55 0.014 

NM_008647 Mup2 chr4 60556128 60556199 0.55 0.014 

NM_001126319 Mup9 chr4 60556128 60556199 0.55 0.014 

NM_171824 Pgbd5 chr8 127269200 127269270 -0.49 0.014 

NM_008922 Prim2 chr1 33612396 33612469 0.66 0.014 

NM_021291 Slc7a9 chr7 35156770 35156855 0.21 0.014 

NM_027055 Spaca4 chr7 45589746 45589821 0.23 0.014 

NM_008227 Hcn3 chr3 89233871 89234121 0.19 0.015 

NM_172288 Nup133 chr8 126782772 126783042 -0.36 0.015 

NM_001166645 Zfp882 chr8 74837401 74837609 0.29 0.015 

NM_018771 Gipc1 chr8 86551467 86551647 0.64 0.015 

NM_027315 Ube2q1 chr3 89860352 89860540 -0.12 0.015 

NM_029094 Pik3cb chr9 98845211 98845357 -0.58 0.015 

NM_144929 Rtbdn chr8 87836078 87836327 -0.17 0.015 
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NM_029859 4921530D09Rik chr2 25437894 25437966 -0.51 0.015 

NM_007442 Alx4 chr2 93440439 93440512 0.26 0.015 

NM_145570 Fam176a chr6 82008977 82009142 0.69 0.015 

NM_019739 Foxo1 chr3 52357915 52357987 0.28 0.015 

NM_008171 Grin2b chr6 136011922 136011995 -0.60 0.015 

NM_178641 Inpp5f chr7 128403030 128403105 0.31 0.015 

NM_144531 Kazn chr4 141430679 141430819 0.64 0.015 

NM_008490 Lcat chr8 108826003 108826076 0.13 0.015 

NM_173189 Mcph1 chr8 18746157 18746238 0.58 0.015 

NR_039581 Mir5121 chr7 44992507 44992578 0.19 0.015 

NM_153458 Olfm3 chr3 114897543 114897615 -1.25 0.015 

NM_008905 Ppfibp2 chr7 107384497 107384571 -0.87 0.015 

NM_013640 Psmb10 chr8 108826003 108826076 0.13 0.015 

NM_009438 Rpl13a chr7 44992507 44992578 0.19 0.015 

NM_144907 Sesn2 chr4 131781606 131781677 -0.27 0.015 

NR_000002 Snord32a chr7 44992507 44992578 0.19 0.015 

NR_001277 Snord33 chr7 44992507 44992578 0.19 0.015 

NR_002455 Snord34 chr7 44992507 44992578 0.19 0.015 

NR_000003 Snord35a chr7 44992507 44992578 0.19 0.015 

NM_001033301 Fhdc1 chr3 84565924 84566182 0.42 0.016 

NM_026821 D4Bwg0951e chr4 80379892 80380237 0.71 0.016 

NM_029868 Gpbp1l1 chr4 116055025 116055201 0.35 0.016 

NM_172907 Olfml1 chr7 107355689 107355826 1.17 0.016 

NM_026731 Ppp1r14a chr7 28999814 28999962 0.35 0.016 

NM_178900 Prkd2 chr7 16002001 16002136 0.20 0.016 

NR_045380 1700034I23Rik chr3 40998734 40998843 -0.54 0.016 

NM_026622 3110057O12Rik chr3 40998734 40998843 -0.54 0.016 

NM_199023 4930526D03Rik chr2 181624963 181625066 0.72 0.016 

NM_010043 Des chr1 75242597 75242701 -0.31 0.016 

NM_008078 Gad2 chr2 22472024 22472137 -0.53 0.016 

NM_175032 Galntl6 chr8 60853987 60854110 -0.41 0.016 

NR_027360 5930416I19Rik chr6 128320786 128320868 -0.59 0.016 

NM_133348 Acot7 chr4 151038476 151038549 -0.54 0.016 

NM_178118 Dixdc1 chr9 50417801 50417870 0.47 0.016 

NM_001243104 Gm6408 chr5 146473886 146473962 0.46 0.016 

NM_028231 Kcnmb2 chr3 32090219 32090283 -0.29 0.016 

NR_024025 Mtmr2 chr9 13498629 13498705 -1.17 0.016 

NM_010902 Nfe2l2 chr2 75503596 75503669 -0.52 0.016 

NM_025403 Nop10 chr2 112062585 112062658 -0.23 0.016 

NM_011098 Pitx2 chr3 129200152 129200225 -0.11 0.016 

NM_009257 Serpinb5 chr1 108688821 108688898 -0.55 0.016 

NM_001005343 Sp9 chr2 73072721 73072792 0.48 0.016 

NM_011657 Tulp3 chr6 128320786 128320868 -0.59 0.016 
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NM_010426 Foxf1a chr8 123972763 123972914 0.49 0.017 

NM_001081141 Gabbr2 chr4 46687870 46688018 -0.38 0.017 

NM_016928 Tlr5 chr1 184809786 184809927 -0.71 0.017 

NM_030254 Tusc3 chr8 40473479 40473624 -0.50 0.017 

NM_009791 Aspm chr1 141268706 141268823 0.56 0.017 

NM_145953 Cth chr3 157857026 157857291 0.58 0.017 

NM_172739 Grlf1 chr7 15721703 15721803 -0.70 0.017 

NM_145554 Ldlrap1 chr4 134037667 134037777 -0.51 0.017 

NM_207663 Synm chr7 67632847 67632953 0.33 0.017 

NM_009323 Tbx15 chr3 99381565 99381681 0.28 0.017 

NM_172643 Zbtb41 chr1 141268706 141268823 0.56 0.017 

NM_030251 Abtb1 chr6 88805435 88805505 -0.31 0.017 

NM_144932 Acsf3 chr8 125673876 125673947 0.87 0.017 

NM_008381 Inhbb chr1 121246545 121246621 -1.13 0.017 

NM_176973 Podxl2 chr6 88805435 88805505 -0.31 0.017 

NM_153125 Sec16a chr2 26252922 26252997 0.55 0.017 

NM_134229 Vmn1r67 chr7 9322329 9322401 -0.77 0.017 

NM_133791 Wwc2 chr8 49489307 49489421 -0.32 0.017 

NM_177462 Zmym6 chr4 126580710 126580786 0.82 0.017 

NM_181040 Atpaf1 chr4 115283473 115283831 -0.50 0.018 

NM_001099314 Msmp chr4 43601578 43601761 0.48 0.018 

NM_008875 Pld1 chr3 28210740 28211025 -0.42 0.018 

NM_172866 Rgp1 chr4 43601578 43601761 0.48 0.018 

NM_013853 Abcf2 chr5 24086943 24087048 0.31 0.018 

NM_001039495 Ccdc108 chr1 74844377 74844483 0.37 0.018 

NM_001037298 Fam38a chr8 125382803 125382906 0.50 0.018 

NM_008320 Irf8 chr8 123626294 123626401 -0.41 0.018 

NM_026658 Mto1 chr9 78233891 78233995 0.42 0.018 

NM_011860 Nlrp5 chr7 23109574 23109677 -0.59 0.018 

NM_177782 Prex1 chr2 166288105 166288214 0.85 0.018 

NM_145539 Tm4sf4 chr3 57514154 57514259 0.91 0.018 

NM_054068 Vsx1 chr2 150379069 150379178 0.56 0.018 

NM_146186 Wdr62 chr7 29961647 29961852 -0.35 0.018 

NM_172850 Ankmy1 chr1 94732359 94732522 -0.44 0.018 

NM_015804 Atp11a chr8 12756049 12756118 -0.27 0.018 

NM_172711 Guf1 chr5 69838078 69838147 0.80 0.018 

NM_010576 Itga4 chr2 79053668 79053736 0.58 0.018 

NM_080466 Kcnn3 chr3 89607915 89607983 0.63 0.018 

NR_004443 Nphs1as chr7 30168702 30168812 0.46 0.018 

NM_001172121 Rbms3 chr9 117202624 117202695 -0.34 0.018 

NM_001013024 Usp13 chr3 33010570 33010644 -0.51 0.018 

NM_172296 Dmrta2 chr4 109473106 109473602 -0.48 0.019 

NM_008184 Gstm6 chr3 108070049 108070372 -0.39 0.019 



112 

NM_001081292 Map3k10 chr7 27375247 27375542 0.35 0.019 

NM_021311 Piwil1 chr5 129047855 129048114 0.74 0.019 

NM_175324 Acad11 chr9 103985281 103985466 0.48 0.019 

NM_001081027 Kcnt2 chr1 142169552 142169731 0.69 0.019 

NM_001177504 Gm6588 chr5 112691247 112691396 -0.32 0.019 

NM_010569 Invs chr4 48365734 48365878 0.66 0.019 

NM_009196 Slc16a1 chr3 104764502 104764678 -0.47 0.019 

NM_029398 Tmem14a chr1 21203797 21203937 0.17 0.019 

NM_023220 2010106G01Rik chr2 126623586 126623700 -0.44 0.019 

NM_001109914 Apold1 chr6 134949242 134949353 0.26 0.019 

NM_175652 Hist4h4 chr6 136766737 136766888 -0.61 0.019 

NM_175419 Actr5 chr2 158327667 158327745 0.58 0.019 

NM_008940 Klk8 chr7 43662390 43662464 0.92 0.019 

NM_028660 Klk9 chr7 43662390 43662464 0.92 0.019 

NR_037312 Mir3474 chr2 158327667 158327745 0.58 0.019 

NM_025595 Mrpl51 chr6 125155256 125155328 0.41 0.019 

NM_010836 Msx3 chr7 139899179 139899245 -0.28 0.019 

NM_146171 Ncapd2 chr6 125155256 125155328 0.41 0.019 

NM_206896 Olfr12 chr1 94451060 94451130 0.41 0.019 

NM_133925 Rbm28 chr6 29109049 29109248 -0.69 0.019 

NM_001013780 Slc25a34 chr4 140892558 140892629 0.31 0.019 

NM_013690 Tek chr4 94232361 94232435 -0.66 0.019 

NM_009394 Tnnc2 chr2 164470296 164470369 -0.50 0.019 

NM_030708 Zfhx4 chr3 5198326 5198394 -0.47 0.019 

NM_144817 Camk1g chr1 195067510 195067882 -0.40 0.02 

NM_011756 Zfp36 chr7 28087737 28087996 0.35 0.02 

NM_015730 Chrna4 chr2 180968559 180968883 0.37 0.02 

NM_181066 Baat1 chr5 140953547 140953801 0.54 0.02 

NM_177076 Fbxl13 chr5 21054742 21054886 -0.33 0.02 

NR_033461 Gm9999 chr7 46844297 46844439 -0.63 0.02 

NM_028833 Iqce chr5 140953547 140953801 0.54 0.02 

NM_028977 Lrrc17 chr5 21054742 21054886 -0.33 0.02 

NM_025281 Lyar chr5 38512231 38512374 -0.80 0.02 

NM_008854 Prkaca chr8 86881824 86881935 -0.53 0.02 

NM_080448 Srgap3 chr6 112911520 112911629 -0.58 0.02 

NM_009534 Yap1 chr9 7963100 7963208 0.51 0.02 

NM_194446 Cdk10 chr8 126112064 126112135 0.31 0.02 

NM_007917 Eif4e chr3 138462947 138463019 1.02 0.02 

NM_021899 Foxj2 chr6 122786753 122786822 1.06 0.02 

NM_010470 Hp1bp3 chr4 137487532 137487639 0.82 0.02 

NR_035481 Mir1956 chr3 138462947 138463019 1.02 0.02 

NM_001033256 Spata5l1 chr2 122321481 122321551 0.26 0.02 

NM_009464 Ucp3 chr7 100347709 100347782 0.39 0.02 



113 

NM_010934 Npy1r chr8 69634555 69634751 0.74 0.021 

NM_198170 Szt2 chr4 117875407 117875584 -0.46 0.021 

NR_029460 6530402F18Rik chr2 29070709 29070859 -0.33 0.021 

NM_007602 Capn5 chr7 98049403 98049556 0.22 0.021 

NM_172667 Cwc22 chr2 77742054 77742196 -0.58 0.021 

NM_009086 Polr1b chr2 128793870 128794018 0.57 0.021 

NM_145400 Ube4a chr9 44675986 44676128 0.74 0.021 

NM_013478 Azgp1 chr5 138211401 138211510 0.49 0.021 

NM_011274 C80913 chr7 37690137 37690246 -0.56 0.021 

NM_009845 Cd22 chr7 30574503 30574615 -0.67 0.021 

NM_010684 Lamp1 chr8 13161352 13161527 0.77 0.021 

NM_026894 1500001M20Rik chr6 115002702 115002773 0.52 0.021 

NM_001081174 6330545A04Rik chr4 140482671 140482852 0.75 0.021 

NM_133240 Acot8 chr2 164495862 164495934 0.41 0.021 

NM_009774 Bub3 chr7 131348933 131349007 0.66 0.021 

NM_007759 Crabp2 chr3 88031455 88031523 -0.74 0.021 

NM_010562 Ilk chr7 105607776 105607849 -0.49 0.021 

NM_001081235 Mn1 chr5 111658370 111658461 -0.40 0.021 

NM_133951 Rrp8 chr7 105607776 105607849 -0.49 0.021 

NR_031759 Syce2 chr8 87764327 87764397 -0.63 0.021 

NM_178375 Zswim3 chr2 164495862 164495934 0.41 0.021 

NM_010269 Gdap2 chr3 100290972 100291228 -0.27 0.022 

NM_175552 Wdr3 chr3 100290972 100291228 -0.27 0.022 

NM_001081317 Anubl1 chr6 116229619 116229759 0.24 0.022 

NM_029425 4833424O15Rik chr3 117566478 117566590 0.27 0.022 

NM_178162 Agfg2 chr5 137879932 137880035 -0.29 0.022 

NM_027998 Cldn23 chr8 37293303 37293405 0.44 0.022 

NM_175308 Mob3c chr4 115328251 115328354 0.42 0.022 

NM_011969 Psma7 chr2 179969026 179969132 0.29 0.022 

NM_016858 Rab33b chr3 51572170 51572275 0.29 0.022 

NM_013862 Rabgap1l chr1 162141854 162141955 -0.26 0.022 

NM_178750 Ss18l1 chr2 179969026 179969132 0.29 0.022 

NM_146115 A830007P12Rik chr2 25016777 25016849 -0.35 0.022 

NM_026241 Ankrd39 chr1 36490231 36490303 -0.72 0.022 

NM_183162 BC006779 chr2 181162714 181162795 -0.76 0.022 

NM_138651 Cds2 chr2 131956103 131956175 -1.18 0.022 

NM_177150 Cenpt chr8 108738039 108738112 0.77 0.022 

NM_174998 Hpcal4 chr4 122690779 122690860 0.40 0.022 

NM_001126047 Sema4c chr1 36490231 36490303 -0.72 0.022 

NM_001004185 Whamm chr7 81445954 81446019 -0.83 0.022 

NM_001042421 Kntc1 chr5 124009984 124010315 0.33 0.023 

NM_025438 Rsrc2 chr5 124009984 124010315 0.33 0.023 

NM_020588 Tmem183a chr1 136177780 136178031 0.41 0.023 
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NM_008129 Gclm chr3 122238691 122239028 -0.28 0.023 

NM_008154 Gpr3 chr4 132483506 132483693 0.44 0.023 

NM_010212 Fhl2 chr1 43096345 43096490 -0.49 0.023 

NM_009367 Tgfb2 chr1 188333685 188333825 0.87 0.023 

NM_020582 Atp5j2 chr5 145433384 145433497 0.73 0.023 

NM_001003920 Brsk1 chr7 4315776 4315880 -0.53 0.023 

NM_178576 Cpsf4 chr5 145433384 145433497 0.73 0.023 

NM_028677 Ppih chr4 118817149 118817334 -0.94 0.023 

NM_177887 Tmem150b chr7 4315776 4315880 -0.53 0.023 

NM_001081167 B3gnt6 chr7 98069014 98069087 0.28 0.023 

NM_153507 Cpne2 chr8 97439886 97440055 0.52 0.023 

NM_001033292 Espnl chr1 93152134 93152247 0.30 0.023 

NM_001031667 Gsk3a chr7 24943656 24943728 0.34 0.023 

NM_010626 Kif7 chr7 79587108 79587180 0.46 0.023 

NM_025533 Nosip chr7 44928044 44928119 0.74 0.023 

NM_022999 Prrg2 chr7 44928044 44928119 0.74 0.023 

NM_009704 Areg chr5 92215714 92216121 0.25 0.024 

NM_001085509 Myom3 chr4 135045798 135046237 0.44 0.024 

NR_033144 4921524J17Rik chr8 88322114 88322325 -0.09 0.024 

NM_030701 Niacr1 chr5 124125997 124126178 -0.64 0.024 

NM_053015 Mlph chr1 92780698 92780842 0.45 0.024 

NM_001101647 Prlh chr1 92780698 92780842 0.45 0.024 

NM_029949 Snapc3 chr4 82889873 82890017 -0.32 0.024 

NM_027970 1700023E05Rik chr5 78092626 78092827 -0.37 0.024 

NM_133210 Sertad3 chr7 27178733 27178845 0.58 0.024 

NM_027338 Vps36 chr8 23658550 23658665 -0.23 0.024 

NM_024474 Emid2 chr5 137048801 137048875 0.69 0.024 

NM_026355 Ergic2 chr6 148165353 148165428 -0.85 0.024 

NM_144731 Galnt7 chr8 60439781 60439855 -0.71 0.024 

NM_178017 Hmgxb4 chr8 77890668 77890747 0.48 0.024 

NM_015816 Lsm4 chr8 73600650 73600720 -0.62 0.024 

NM_133823 Mmaa chr8 82189495 82189561 0.37 0.024 

NM_019489 Ppie chr4 122641024 122641089 -0.61 0.024 

NM_011427 Snai1 chr2 167231504 167231580 0.53 0.024 

NM_178638 Tmem108 chr9 103613833 103613907 1.04 0.024 

NM_023331 Mrpl46 chr7 78651438 78651578 -0.32 0.025 

NM_023739 Nfx1 chr4 41161115 41161255 0.57 0.025 

NR_036616 Srsf9 chr5 115589319 115589471 0.26 0.025 

NM_001033820 Zfp551 chr7 11324557 11324707 0.46 0.025 

NM_177259 Dab1 chr4 104228936 104229049 0.47 0.025 

NM_207706 Elmo2 chr2 165005787 165005897 0.27 0.025 

NM_172409 Fmnl2 chr2 52926938 52927056 -0.72 0.025 

NM_008559 Mc1r chr8 126292559 126292666 -0.41 0.025 
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NM_153423 Wasf2 chr4 132446840 132446991 0.80 0.025 

NR_028122 2310001K24Rik chr2 163164183 163164254 0.40 0.025 

NR_015574 4930513N10Rik chr8 98697929 98698109 0.82 0.025 

NM_027907 Agxt2l1 chr3 130604169 130604246 -0.85 0.025 

NM_001198841 Csrp3 chr7 48712803 48712881 -1.00 0.025 

NM_001167898 Frem3 chr8 83507786 83507858 -0.78 0.025 

NR_027618 Vps39 chr2 120005759 120005832 0.46 0.025 

NM_054057 Prosc chr8 28508466 28508906 0.24 0.026 

NM_177647 Cdnf chr2 3429320 3429446 -0.47 0.026 

NM_015765 Hspa14 chr2 3429320 3429446 -0.47 0.026 

NM_010594 Kap chr6 133817250 133817407 0.37 0.026 

NM_022995 Pmepa1 chr2 172864160 172864277 0.91 0.026 

NM_001160412 Triml2 chr8 44692042 44692149 -0.31 0.026 

NM_175277 Bola3 chr6 83314829 83314898 0.42 0.026 

NM_023873 Cep70 chr9 99051328 99051401 0.32 0.026 

NM_007788 Csnk2a1 chr2 151917951 151918023 0.32 0.026 

NM_010320 Gng8 chr7 16049105 16049176 0.79 0.026 

NM_010368 Gusb chr5 130285936 130286003 0.51 0.026 

NM_001164797 Hephl1 chr9 14838315 14838384 -0.77 0.026 

NR_033638 Olfr29-ps1 chr4 43803304 43803375 -0.44 0.026 

NM_033042 Tnfrsf25 chr4 150959265 150959340 0.60 0.026 

NM_178883 Gorab chr1 165240178 165240356 0.30 0.027 

NM_027016 Sec62 chr3 30989453 30989635 -1.02 0.027 

NM_001081125 Gli2 chr1 120664813 120664960 -0.30 0.027 

NM_027985 Mad2l2 chr4 146982144 146982291 0.30 0.027 

NM_145541 Rap1a chr3 105927752 105927896 -0.69 0.027 

NR_037617 St5 chr7 109339265 109339413 -0.67 0.027 

NM_010657 Hivep3 chr4 119593107 119593214 0.42 0.027 

NM_178051 Mterfd2 chr1 95134826 95134938 -0.36 0.027 

NM_027993 2310028H24Rik chr4 41707096 41707163 -0.25 0.027 

NM_027152 Cd164l2 chr4 132494690 132494757 0.52 0.027 

NM_133660 Ces1e chr8 96118194 96118262 0.64 0.027 

NM_001102670 Kbtbd8 chr6 95084101 95084177 -0.44 0.027 

NM_001160366 Srcrb4d chr5 136246532 136246605 0.54 0.027 

NM_031405 Srrt chr5 137531133 137531206 0.23 0.027 

NM_023231 Stoml2 chr4 43047121 43047193 -0.35 0.027 

NM_001099328 Zfp831 chr2 174288126 174288200 -0.26 0.027 

NM_133764 Atp6v0e2 chr6 48465493 48465637 0.48 0.028 

NM_028099 Dusp11 chr6 85926037 85926244 -0.73 0.028 

NM_010111 Efnb2 chr8 8660097 8660210 0.38 0.028 

NM_001033410 Gm757 chr2 25054235 25054339 -0.30 0.028 

NM_026764 Gstm4 chr3 108171854 108171973 0.39 0.028 

NM_147079 Olfr547 chr7 102409290 102409399 -0.21 0.028 
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NM_080854 Slc34a3 chr2 25054235 25054339 -0.30 0.028 

NM_007514 Slc7a2 chr8 42358042 42358149 0.86 0.028 

NM_175183 Atxn7l2 chr3 108332034 108332111 -0.49 0.028 

NM_001142952 Fam46c chr3 100615398 100615472 0.95 0.028 

NM_026572 Gcsh chr8 119879310 119879384 0.31 0.028 

NR_003967 Gm4759 chr7 106233337 106233407 -1.03 0.028 

NM_175439 Mars2 chr1 55179522 55179593 1.05 0.028 

NM_013791 Mkln1 chr6 31329102 31329168 0.32 0.028 

NM_029686 Pkd1l2 chr8 119879310 119879384 0.31 0.028 

NM_173403 Slc10a4 chr5 73283494 73283565 -0.41 0.028 

NM_181418 Ushbp1 chr8 74311356 74311422 0.47 0.028 

NM_020262 Zfp109 chr7 23944984 23945057 -0.57 0.028 

NM_133897 Lrrc8c chr5 105820615 105820869 -0.41 0.029 

NM_145218 Wbscr17 chr5 131591393 131591647 0.15 0.029 

NM_027077 1700016C15Rik chr1 179565857 179566032 -0.34 0.029 

NM_001013829 Shf chr2 122055995 122056141 -0.37 0.029 

NM_027188 Smyd3 chr1 180988693 180988845 0.54 0.029 

NM_199143 Znrf2 chr6 54747244 54747386 -0.21 0.029 

NM_023336 Brd3 chr2 27296091 27296203 -0.17 0.029 

NM_008489 Lbp chr2 157996366 157996472 0.56 0.029 

NM_172684 Rsbn1 chr3 104043616 104043736 0.36 0.029 

NM_007574 C1qc chr4 136159201 136159280 0.32 0.029 

NM_146157 C230096C10Rik chr4 138621923 138621998 -0.68 0.029 

NM_198602 Cux1 chr5 136584858 136584926 -0.89 0.029 

NM_008052 Dtx1 chr5 120968964 120969040 0.76 0.029 

NM_016867 Gipc2 chr3 152089159 152089302 -0.70 0.029 

NM_174865 Klk15 chr7 43800309 43800384 -0.37 0.029 

NM_023536 Mrto4 chr4 138621923 138621998 -0.68 0.029 

NM_011386 Skil chr3 31287624 31287699 0.90 0.029 

NM_178387 Spata18 chr5 73927005 73927046 -0.26 0.029 

NM_013735 Trp53bp1 chr2 120961769 120962319 -0.29 0.03 

NM_028158 1700021F07Rik chr2 173162067 173162479 -0.54 0.03 

NM_001081103 Stim2 chr5 54341066 54341351 -0.83 0.03 

NM_028417 Ttc9b chr7 27362377 27362560 0.44 0.03 

NM_007652 Cd59a chr2 103897609 103897752 -0.67 0.03 

NM_001163775 Taok2 chr7 126673444 126673555 -0.63 0.03 

NM_028389 Tmem219 chr7 126673444 126673555 -0.63 0.03 

NM_026754 Ucma chr2 4890192 4890299 -0.71 0.03 

NM_028189 B3gnt3 chr8 74624796 74624904 -0.37 0.03 

NM_016812 Banp chr8 124858837 124858907 -0.22 0.03 

NM_133781 Cab39 chr1 87622049 87622120 0.47 0.03 

NM_021600 Chrnd chr1 89022155 89022230 0.30 0.03 

NM_008183 Gstm2 chr3 108109853 108109920 0.33 0.03 
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NM_028450 Gulp1 chr1 44492906 44492980 -0.47 0.03 

NM_198030 Hsd17b13 chr5 104217446 104217517 -0.58 0.03 

NM_010658 Mafb chr2 160054903 160054977 0.36 0.03 

NM_026605 Sympk chr7 18208378 18208448 0.45 0.03 

NM_133932 Tada3 chr6 113341408 113341481 0.81 0.03 

NM_015751 Abce1 chr8 82607710 82608034 0.36 0.031 

NM_026904 Anapc10 chr8 82607710 82608034 0.36 0.031 

NM_172290 Ntm chr9 29711959 29712169 0.25 0.031 

NM_026634 A930018P22Rik chr2 103924165 103924299 -0.29 0.031 

NR_027874 0610040B10Rik chr5 143594529 143594636 -0.75 0.031 

NM_013588 Lrrc23 chr6 124736564 124736674 0.60 0.031 

NM_001085491 1700125D06Rik chr4 128992642 128992714 0.49 0.031 

NM_001009819 A3galt2 chr4 128263978 128264051 -0.67 0.031 

NM_144819 Ccdc92 chr5 125150946 125151021 -0.33 0.031 

NM_138591 Gfm1 chr3 67551750 67551827 -0.16 0.031 

NM_025454 Ing5 chr1 95635596 95635707 -0.37 0.031 

NM_016753 Lxn chr3 67551750 67551827 -0.16 0.031 

NM_080442 Tssk3 chr4 128992642 128992714 0.49 0.031 

NM_001101535 Ccdc8 chr7 16153067 16153701 0.26 0.032 

NM_173004 Cntn4 chr6 105643488 105643808 0.24 0.032 

NM_013587 Lrpap1 chr5 35421721 35422003 -0.43 0.032 

NM_001033320 Rltpr chr8 108579872 108580052 0.52 0.032 

NM_001081386 Cdh19 chr1 112784135 112784313 -0.48 0.032 

NM_177279 4732415M23Rik chr8 126100690 126100801 0.78 0.032 

NM_008859 Prkcq chr2 11169956 11170068 -0.44 0.032 

NM_178164 Rod1 chr4 59642581 59642699 0.18 0.032 

NR_033782 4921531C22Rik chr2 179903890 179903964 -0.83 0.032 

NM_009887 Cer1 chr4 82355366 82355433 -0.99 0.032 

NM_027562 Clec2g chr6 128942367 128942441 -0.62 0.032 

NM_212450 Ctdspl2 chr2 121647995 121648067 0.45 0.032 

NM_029978 Fam57b chr7 126611330 126611459 -0.46 0.032 

NM_026656 Mcoln2 chr3 146085959 146086089 1.04 0.032 

NM_031181 Siglece chr7 43526652 43526730 0.75 0.032 

NM_008767 Slc22a18 chr7 143282559 143282632 0.88 0.032 

NM_011464 Spint2 chr7 28988185 28988258 -0.53 0.032 

NM_001081092 Taf4a chr2 179903890 179903964 -0.83 0.032 

NM_178240 Trim50 chr5 135634798 135634873 -0.65 0.032 

NM_001134384 Iqsec1 chr6 90659190 90659413 -0.47 0.033 

NM_009482 Utf1 chr7 139795426 139795607 0.30 0.033 

NM_145568 Krcc1 chr6 71203067 71203343 -0.55 0.033 

NM_016717 Scly chr1 93150175 93150322 0.72 0.033 

NM_001199695 Txlna chr4 129127236 129127383 -0.30 0.033 

NR_045545 Zmynd8 chr2 165498906 165499047 -0.22 0.033 
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NM_146217 Aars chr8 113941766 113941872 -0.41 0.033 

NM_028483 Cib4 chr5 30821040 30821148 0.45 0.033 

NM_007715 Clock chr5 77378271 77378382 0.71 0.033 

NM_028274 Exosc6 chr8 113941766 113941872 -0.41 0.033 

NM_175356 Pi4kb chr3 95084976 95085089 -0.78 0.033 

NM_009611 Actl7a chr4 56835734 56835802 -0.62 0.033 

NM_173406 Jazf1 chr6 52842637 52842712 -0.60 0.033 

NM_177727 Lsm14b chr2 179952062 179952133 -0.51 0.033 

NM_138744 Ssx2ip chr3 146355013 146355089 -0.33 0.033 

NM_027495 Tmem144 chr3 79927460 79927530 -0.47 0.033 

NM_027944 1700007B14Rik chr8 78342145 78342289 -0.43 0.034 

NM_028982 8430419L09Rik chr6 135163575 135163723 0.48 0.034 

NM_001033285 Cdc42bpa chr1 181982515 181982660 0.79 0.034 

NM_001099637 Cep170 chr1 178592847 178592990 0.80 0.034 

NM_001081417 Chd7 chr4 8785338 8785477 -0.82 0.034 

NM_008034 Folr1 chr7 101734019 101734281 -0.54 0.034 

NM_001081171 Lama5 chr2 180153395 180153722 -0.43 0.034 

NM_019394 Mia1 chr7 26887255 26887402 -0.58 0.034 

NM_029391 Rab4b chr7 26887255 26887402 -0.58 0.034 

NM_028041 Ddx54 chr5 120888264 120888365 -0.32 0.034 

NM_178142 Lcorl chr5 46143368 46143475 1.14 0.034 

NM_001018031 Otol1 chr3 70113150 70113258 -0.64 0.034 

NM_029912 Tmem116 chr5 121716509 121716617 0.64 0.034 

NM_019765 Clip1 chr5 123931083 123931158 0.68 0.034 

NM_148952 E2f4 chr8 108188169 108188239 -0.27 0.034 

NM_030694 Ifitm2 chr7 140802935 140803005 -0.58 0.034 

NM_008491 Lcn2 chr2 32206213 32206286 -0.34 0.034 

NM_020560 Mrps31 chr8 23877885 23877963 -1.23 0.034 

NM_029786 Pomgnt1 chr4 115646979 115647050 -0.73 0.034 

NR_037569 1810026B05Rik chr7 73414567 73414945 -0.20 0.035 

NM_001081345 Chd2 chr7 73414567 73414945 -0.20 0.035 

NM_009334 Tfap2b chr1 19191137 19191457 -1.95 0.035 

NM_001010825 Ficd chr5 113996845 113997016 0.35 0.035 

NM_153396 Mical3 chr6 120995166 120995302 0.46 0.035 

NM_177268 Ankrd16 chr2 11701318 11701388 -0.61 0.035 

NM_145760 Arfgap1 chr2 180896497 180896565 0.37 0.035 

NM_021306 Ecel1 chr1 88984316 88984389 0.37 0.035 

NM_139272 Galnt2 chr8 127116813 127116918 0.34 0.035 

NR_037908 Icmt chr4 151146576 151146644 0.48 0.035 

NM_010546 Ikbkb chr8 24153677 24153751 -0.47 0.035 

NM_001033352 Klhl21 chr4 150856877 150856944 -0.37 0.035 

NM_172146 Ppat chr5 77998776 77998953 -1.08 0.035 

NM_145149 Rasgrp4 chr7 28839778 28839917 0.46 0.035 
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NM_177683 Vgll4 chr6 114872373 114872451 0.75 0.035 

NM_025804 Tcf25 chr8 126260320 126260576 0.31 0.036 

NM_021409 Pard6b chr2 167774700 167774876 -0.31 0.036 

NM_029332 Akap13 chr7 75598853 75598962 0.97 0.036 

NM_172124 B3gat2 chr1 23715014 23715120 -0.54 0.036 

NM_001199432 Dnmt1 chr9 20703159 20703272 -0.30 0.036 

NM_013834 Sfrp1 chr8 24877522 24877618 0.18 0.036 

NM_029848 Hyal4 chr6 24695809 24695874 -0.66 0.036 

NM_010837 Mtap6 chr7 99143192 99143263 0.16 0.036 

NM_026509 Murc chr4 48683961 48684028 0.97 0.036 

NM_010905 Nfia chr4 97606112 97606184 0.86 0.036 

NM_153424 Nphp4 chr4 151321465 151321534 0.21 0.036 

NM_146444 Olfr458 chr6 42389184 42389261 -0.58 0.036 

NM_011206 Ptpn18 chr1 34400547 34400614 -0.45 0.036 

NM_011305 Rxra chr2 27526538 27526614 0.41 0.036 

NM_021053 Slc46a2 chr4 60008087 60008161 0.64 0.036 

NM_021436 Tmeff1 chr4 48683961 48684028 0.97 0.036 

NR_045485 Tor2a chr2 32577053 32577126 0.55 0.036 

NM_027206 Tnfaip8l2 chr3 95225257 95225621 0.22 0.037 

NM_018773 Skap2 chr6 51941102 51941243 -0.54 0.037 

NM_009236 Sox18 chr2 181599179 181599382 -1.17 0.037 

NM_172748 Fbxl19 chr7 127540208 127540323 0.59 0.037 

NM_199308 Mast3 chr8 73719812 73719919 -0.32 0.037 

NM_181547 Nostrin chr2 68937626 68937736 -0.69 0.037 

NM_010285 Ghrh chr2 157037652 157037755 0.54 0.037 

NM_010899 Nfatc2 chr2 168281419 168281489 0.38 0.037 

NM_183308 Pon2 chr6 5246375 5246510 -0.56 0.037 

NM_001037170 Tomm40l chr1 173056833 173056905 0.64 0.037 

NM_009516 Wee1 chr7 109915651 109915717 0.55 0.037 

NM_007578 Cacna1a chr8 87304689 87304873 0.24 0.038 

NM_010204 Fgf6 chr6 126982482 126982661 -0.47 0.038 

NM_011383 Six5 chr7 18254305 18254502 0.23 0.038 

NM_008596 Sypl2 chr3 108343741 108344086 -0.73 0.038 

NM_177190 Tcp11l1 chr2 104507494 104507639 1.02 0.038 

NM_007598 Cap1 chr4 122379764 122380001 0.51 0.038 

NM_032610 Spnb4 chr7 27108854 27109075 0.58 0.038 

NM_172309 Arntl2 chr6 146759914 146759990 0.45 0.038 

NM_145209 Oasl1 chr5 115197592 115197672 0.33 0.038 

NM_181595 Ppp1r9a chr6 4853010 4853084 0.33 0.038 

NM_178667 Tfdp2 chr9 96005770 96005837 0.23 0.038 

NM_198306 Galnt9 chr5 110782575 110782826 -0.70 0.039 

NM_008091 Gata3 chr2 9794828 9795078 0.37 0.039 

NR_040560 Gm12522 chr3 108511046 108511258 0.45 0.039 
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NM_019976 Psrc1 chr3 108511046 108511258 0.45 0.039 

NM_138306 Dgkz chr2 91743836 91744161 0.38 0.039 

NM_010919 Nkx2-2 chr2 146874768 146874905 0.42 0.039 

NR_030769 Nkx2-2as chr2 146874768 146874905 0.42 0.039 

NM_023223 Cdc20 chr4 117930722 117930872 0.32 0.039 

NM_019422 Elovl1 chr4 117930722 117930872 0.32 0.039 

NM_001024147 Gm5868 chr5 72860861 72860927 0.29 0.039 

NM_008228 Hdac1 chr4 129016691 129016789 0.19 0.039 

NM_010807 Marcksl1 chr4 129016691 129016789 0.19 0.039 

NM_019982 Sez6l chr5 112815651 112815753 0.26 0.039 

NM_026922 Atp2c2 chr8 122618007 122618078 0.34 0.039 

NM_146152 Ipo13 chr4 117395813 117395888 0.37 0.039 

NM_178036 Lcn10 chr2 25505932 25506007 0.42 0.039 

NM_009473 Nr1h2 chr7 44418207 44418285 -0.20 0.039 

NM_146356 Olfr521 chr7 99637433 99637508 -0.63 0.039 

NM_012045 Pla2g2f chr4 138027338 138027529 -0.62 0.039 

NM_177698 Psd3 chr8 70883438 70883508 0.46 0.039 

NM_011263 Rest chr5 78339019 78339092 -0.61 0.039 

NM_001160319 Ubr4 chr4 138732050 138732119 -0.79 0.039 

NM_009465 Axl chr7 25496548 25496832 0.32 0.04 

NM_172477 Dennd2a chr6 39452490 39452667 0.53 0.04 

NM_172297 Ccdc9 chr7 15441443 15441586 0.25 0.04 

NM_027920 8-Mar chr6 116304249 116304467 -0.55 0.04 

NM_178694 Zer1 chr2 29918952 29919180 0.27 0.04 

NM_134448 Dst chr1 34101323 34101432 -0.86 0.04 

NM_022654 Lrdd chr7 141293870 141293974 0.33 0.04 

NM_011374 St8sia1 chr6 142920278 142920382 0.26 0.04 

NM_001081101 4933407H18Rik chr5 33694893 33694962 0.20 0.04 

NM_172723 Adap1 chr5 139578897 139578963 -0.16 0.04 

NM_008487 Arhgef2 chr3 88706205 88706272 0.61 0.04 

NM_001039514 Dhps chr8 87961595 87961665 0.28 0.04 

NM_133943 Hsd3b7 chr7 127588554 127588631 0.45 0.04 

NM_178446 Rbm47 chr5 66306194 66306268 0.38 0.04 

NM_178029 Setd1a chr7 127588554 127588631 0.45 0.04 

NM_009222 Snap23 chr2 120261396 120261577 0.71 0.04 

NM_177672 Tmem201 chr4 148581511 148581632 0.24 0.04 

NM_025667 Tmem222 chr4 132548830 132548907 0.44 0.04 

NM_026399 Wdr83 chr8 87961595 87961665 0.28 0.04 

NM_028640 Whrn chr4 62922938 62923010 -0.40 0.04 

NM_145157 Defb19 chr2 152263514 152263878 0.77 0.041 

NM_207276 Defb21 chr2 152263514 152263878 0.77 0.041 

NM_001081118 Phrf1 chr7 141110077 141110267 0.29 0.041 

NM_009525 Wnt5b chr6 119509169 119509302 0.30 0.041 
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NM_015733 Casp9 chr4 141063504 141063631 -0.52 0.041 

NM_022019 Dusp10 chr1 185736310 185736431 0.53 0.041 

NM_177261 Kndc1 chr7 139792231 139792301 0.48 0.041 

NM_011630 Nr2c2 chr6 92105376 92105451 -0.47 0.041 

NM_011155 Ppp5c chr7 16186280 16186356 0.22 0.041 

NM_012052 Rps3 chr7 99355445 99355516 0.62 0.041 

NR_002172 Snord15a chr7 99355445 99355516 0.62 0.041 

NM_133916 Eif3b chr5 140671007 140671203 0.22 0.042 

NR_040333 A230108P19Rik chr2 6237929 6238080 0.89 0.042 

NM_029835 5730590G19Rik chr7 79568328 79568437 -0.58 0.042 

NM_023595 Dut chr2 124938958 124939065 0.35 0.042 

NM_007415 Parp1 chr1 182405932 182406037 0.39 0.042 

NM_008679 Ncoa3 chr2 165726543 165726619 -0.42 0.042 

NM_146214 Tat chr8 112875517 112875590 -0.34 0.042 

NM_212468 Ssbp1 chr6 40400425 40400997 -0.14 0.043 

NR_027362 A930003O13Rik chr5 22258479 22259001 0.26 0.043 

NM_147221 Glis1 chr4 107056248 107056539 -0.39 0.043 

NM_133193 Il1rl2 chr1 40270566 40270744 0.25 0.043 

NM_012044 Pla2g2e chr4 138153757 138153929 0.56 0.043 

NM_021885 Tub chr7 108802270 108802449 0.30 0.043 

NM_198010 Ankrd17 chr5 91385097 91385249 -0.84 0.043 

NM_019490 Uso1 chr5 93220368 93220617 -0.50 0.043 

NM_011075 Abcb1b chr5 8801763 8801867 -0.92 0.043 

NM_178799 Acad12 chr5 121879419 121879526 0.25 0.043 

NM_001081084 Cubn chr2 13409035 13409147 0.64 0.043 

NM_001164573 Myo1h chr5 114613427 114613538 -0.29 0.043 

NM_020276 Nelf chr2 24873285 24873393 -0.46 0.043 

NM_146251 Pnpla7 chr2 24873285 24873393 -0.46 0.043 

NM_026552 Arpc4 chr6 113354447 113354518 -0.68 0.043 

NM_030235 Avl9 chr6 56645818 56645894 -0.23 0.043 

NM_007942 Epo chr5 137714129 137714210 0.37 0.043 

NM_175184 Fam125b chr2 33627936 33628004 0.21 0.043 

NR_015497 LOC319574 chr8 125331529 125331594 0.22 0.043 

NM_028716 Phf19 chr2 34731747 34731827 0.79 0.043 

NM_177547 Sgk3 chr1 9856022 9856089 0.52 0.043 

NM_133923 Ttll3 chr6 113354447 113354518 -0.68 0.043 

NM_173429 Zfp775 chr6 48541342 48541415 0.79 0.043 

NM_001033303 Ampd1 chr3 103205998 103206135 -0.44 0.044 

NM_001033877 Adamts17 chr7 66904012 66904119 0.62 0.044 

NM_001007589 Akirin2 chr4 34740595 34740701 0.17 0.044 

NM_001080819 Arid1a chr4 132952566 132952678 0.32 0.044 

NM_019707 Cdh13 chr8 121270680 121270787 -0.51 0.044 

NM_029814 Chmp5 chr4 41137460 41137574 -0.64 0.044 
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NM_198619 Zfp933 chr4 146691851 146691963 -0.20 0.044 

NM_001081120 Fam89a chr8 127637533 127637607 0.47 0.044 

NM_144908 Galnt11 chr5 24759385 24759466 0.79 0.044 

NM_153558 Lcn13 chr2 25522409 25522475 -0.61 0.044 

NM_008630 Mt2 chr8 97062200 97062271 0.46 0.044 

NM_130866 Olfr78 chr7 102631803 102631984 -0.80 0.044 

NM_026021 Zmynd19 chr2 24772915 24772983 -0.90 0.044 

NM_031394 Sytl2 chr7 90268327 90268673 -0.48 0.045 

NM_025350 Cpa1 chr6 30586615 30586797 0.43 0.045 

NR_024323 4930426L09Rik chr2 18915656 18915803 0.16 0.045 

NM_026033 Gatad1 chr5 3653139 3653288 -0.23 0.045 

NM_008845 Pip4k2a chr2 18915656 18915803 0.16 0.045 

NM_178056 Tm2d3 chr7 65572098 65572250 0.40 0.045 

NM_197997 4930422G04Rik chr3 127544738 127544845 0.51 0.045 

NM_001163793 C530008M17Rik chr5 77934279 77934383 -0.63 0.045 

NM_138593 Larp7 chr3 127544738 127544845 0.51 0.045 

NM_133942 Plekha1 chr7 130657849 130657974 -0.25 0.045 

NM_133907 Ube3c chr5 29900102 29900319 0.50 0.045 

NR_030695 B330016D10Rik chr4 140819435 140819510 -0.82 0.045 

NM_016746 Ccnc chr4 21819046 21819119 -0.37 0.045 

NM_153599 Cdk8 chr5 146598103 146598172 0.41 0.045 

NR_028053 Ngrn chr7 80131543 80131617 0.94 0.045 

NM_030072 Plb1 chr5 32508933 32509001 0.87 0.045 

NM_080844 Serpinc1 chr1 162817391 162817468 1.10 0.045 

NM_177765 Ttll13 chr7 80131543 80131617 0.94 0.045 

NM_001081236 2410131K14Rik chr5 118505953 118506202 0.30 0.046 

NM_001109902 Rnft2 chr5 118505953 118506202 0.30 0.046 

NM_029935 Chst15 chr7 132110681 132110792 0.23 0.046 

NM_001134741 Tdrd5 chr1 158138230 158138333 0.94 0.046 

NM_207264 BC052040 chr2 115269173 115269277 -0.85 0.046 

NM_020263 Cacna2d2 chr9 107255655 107255733 0.30 0.046 

NM_007588 Calcr chr6 3714254 3714331 0.18 0.046 

NM_016890 Dctn3 chr4 41902289 41902354 0.45 0.046 

NM_139149 Fus chr7 127758704 127758773 0.39 0.046 

NM_178876 Ints3 chr3 90486777 90486850 -0.27 0.046 

NM_175386 Lhfp chr3 53127287 53127358 -0.25 0.046 

NM_027009 Rfc3 chr5 151918302 151918369 -0.33 0.046 

NM_172468 Snx30 chr4 59897511 59897579 -0.39 0.046 

NM_027594 Ttll7 chr3 146790572 146790750 -0.76 0.046 

NM_001122754 Txk chr5 73016349 73016428 -1.12 0.046 

NM_011669 Usp12 chr5 147072439 147072509 0.46 0.046 

NM_178079 Pm20d1 chr1 133624991 133625496 -0.30 0.047 

NM_016739 Caprin1 chr2 103597224 103597621 0.27 0.047 
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NM_183224 Fam19a3 chr3 104905258 104905581 0.31 0.047 

NM_027982 Ppm1j chr3 104905258 104905581 0.31 0.047 

NM_175016 Alkbh2 chr5 114388760 114389051 0.26 0.047 

NM_011677 Ung chr5 114388760 114389051 0.26 0.047 

NM_007878 Drd4 chr7 141142479 141142849 0.28 0.047 

NM_028846 Usp20 chr2 30804300 30804447 0.21 0.047 

NM_001024136 Anks6 chr4 47060307 47060524 0.49 0.047 

NM_181417 Csrp2bp chr2 144056787 144056899 -0.62 0.047 

NM_023876 Elp4 chr2 105540297 105540434 0.63 0.047 

NM_001164813 Gm20571 chr2 144056787 144056899 -0.62 0.047 

NM_026840 Pdgfrl chr8 42423706 42423846 -0.76 0.047 

NM_172520 Arhgef19 chr4 140515283 140515356 0.28 0.047 

NM_178220 Arrb1 chr7 99405580 99405647 0.67 0.047 

NM_025784 Bcs1l chr1 74522108 74522183 0.16 0.047 

NM_029195 Ccdc146 chr5 20886928 20887000 0.53 0.047 

NM_013812 Cdk2ap1 chr5 124613131 124613209 0.21 0.047 

NM_029295 Cklf chr8 107140465 107140569 -1.09 0.047 

NM_008153 Cmklr1 chr5 113910778 113910849 -0.47 0.047 

NR_033567 E130304I02Rik chr7 35508925 35508997 0.51 0.047 

NM_028443 Fam101a chr5 125294430 125294501 0.55 0.047 

NM_178762 Fam113a chr2 130113990 130114061 -0.55 0.047 

NM_008013 Fgl2 chr5 20886928 20887000 0.53 0.047 

NM_010492 Ica1 chr6 8706297 8706367 0.56 0.047 

NM_175372 Rdh13 chr7 4048610 4048684 0.33 0.047 

NM_177739 Zfp507 chr7 35508925 35508997 0.51 0.047 

NM_133349 Zfand2a chr5 139737041 139737749 -0.52 0.048 

NR_037979 Gm1631 chr2 71520535 71520671 0.27 0.048 

NM_011902 Tekt2 chr4 125825997 125826141 0.35 0.048 

NM_011273 Xpr1 chr1 157178464 157178658 0.69 0.048 

NM_027966 1700019O17Rik chr1 88256574 88256769 0.36 0.048 

NM_001163020 Klhl32 chr4 24883247 24883355 0.25 0.048 

NM_008768 Orm1 chr4 62832563 62832671 -0.39 0.048 

NM_011281 Rorc chr3 94462378 94462484 -0.27 0.048 

NM_027948 1700003E16Rik chr6 83121014 83121095 -0.44 0.048 

NM_007406 Adcy7 chr8 91163382 91163453 -0.31 0.048 

NM_026193 Ap4b1 chr3 103939087 103939175 0.67 0.048 

NM_178643 C230052I12Rik chr7 35101820 35101919 0.55 0.048 

NM_028120 Ccdc123 chr7 35101820 35101919 0.55 0.048 

NM_001243009 Col6a3 chr1 92646938 92647012 -0.64 0.048 

NM_026082 Dock7 chr4 98462864 98462932 -0.55 0.048 

NM_016805 Hnrnpu chr1 180174146 180174219 0.89 0.048 

NM_023684 Lime1 chr2 181309577 181309652 -0.41 0.048 

NM_053172 Mepe chr5 104563931 104564003 0.66 0.048 
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NM_025298 Polr3e chr7 120710083 120710155 0.24 0.048 

NM_182993 Slc17a7 chr7 45039664 45039735 -0.87 0.048 

NM_019972 Sort1 chr3 108488270 108488343 0.38 0.048 

NM_023790 Wdr54 chr6 83121014 83121095 -0.44 0.048 

NM_144894 Zgpat chr2 181309577 181309652 -0.41 0.048 

NM_001098636 Pwwp2b chr7 139102595 139102740 0.38 0.049 

NM_145522 Rabepk chr2 34600815 34600955 -0.53 0.049 

NM_144529 Arhgap17 chr7 123158518 123158630 -0.18 0.049 

NM_001134300 8430427H17Rik chr2 153185284 153185361 -0.25 0.049 

NM_011996 Adh4 chr3 138353054 138353121 0.63 0.049 

NM_024178 Alg14 chr3 121284531 121284599 -0.46 0.049 

NM_027159 Ccdc115 chr1 34380176 34380249 -0.89 0.049 

NM_010228 Flt1 chr5 148036262 148036339 0.47 0.049 

NM_183193 Foxi2 chr7 135248509 135248575 0.51 0.049 

NM_001145863 Gm14139 chr2 149875926 149876005 0.66 0.049 

NM_001159507 Grip2 chr6 91763020 91763090 0.37 0.049 

NM_172418 Mamstr chr7 45504190 45504266 0.93 0.049 

NM_145525 Osbpl6 chr2 76207993 76208066 0.44 0.049 

NM_028544 Rasip1 chr7 45504190 45504266 0.93 0.049 

NM_175162 Stox2 chr8 48724826 48724903 0.52 0.049 

NM_011537 Tbx5 chr5 120092290 120092386 -0.25 0.049 

NM_194343 Trim45 chr3 101051507 101051581 0.24 0.049 

NM_027426 2610109H07Rik chr4 146973678 146974307 0.30 0.05 

NM_026724 Rpl34 chr3 130717973 130718187 0.54 0.05 

NM_001199350 Rpl34-ps1 chr3 130717973 130718187 0.54 0.05 

NM_030080 Creb3l4 chr3 90327569 90327720 -0.33 0.05 

NM_007932 Eng chr2 32470950 32471096 0.36 0.05 

NM_008719 Npas2 chr1 39136850 39136990 0.49 0.05 

NM_001195094 Ccdc42b chr5 120894303 120894415 0.57 0.05 

NM_146103 Tmem185b chr1 121350870 121350981 -0.32 0.05 

NM_007496 Zfhx3 chr8 111845934 111846044 -0.23 0.05 

NM_023117 Cdc25b chr2 130884599 130884672 0.51 0.05 

NM_001081294 Prr19 chr7 25007513 25007579 -0.25 0.05 

NM_008871 Serpine1 chr5 137355420 137355489 0.71 0.05 

NM_001081362 Trrap chr5 145018938 145019005 0.39 0.05 
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APPENDIX II. HIPPOCAMPAL E2 DMR ENRICHED MOTIFS.  

(a) Plot depicting motif enrichment analysis using Multiple EM for Motif Elucidation software (MEME) of 
400 bp sequences surrounding the top 100 significant E2 DMRs. A significant enrichment for the SP-1 
transcription factor binding motif was identified (JASPAR_CORE_2009, MA0079.2, E value = 0.038, p = 
4.4 x 10-5, q = 0.015). (b) To validate that the identified DMRs were indicative of true biological changes, 
we selected mean DNA methylation of an identified DMR in the promoter of the hippocampally expressed 
ERβ gene as our target for array wide correlation. As ERβ expression has been shown to be dependent on 
promoter DNA methylation status275, we expected epigenetic regions correlated with the ERβ promoter to 
demonstrate an over-representation of the ER binding motif. Motif enrichment analysis of 400 bp 
surrounding the top 100 ERβ correlating sequences identified a significant enrichment for the SP-1 binding 
motif (JASPAR_CORE_2009, MA0112.2, E-value = 0.0015, p = 1.7 x 10-6, q = 0.0015) as well as for a 
nominally significant enrichment of the estrogen receptor binding motif (JASPAR_CORE_2009, 
MA0112.2, E-value = 0.15, p = 1.7 x 10-4, q = 0.30 ). 
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APPENDIX III. STRING IMPLICATED GENE INTERACTIONS 

Gene interactions implicated by the STRING database for HP1BP3 (a) and TTC9B (b). Green, blue, red, 
and black lines represent connections based on text mining algorithms, interaction databases, experimental 
evidence, and co-expression experiments, respectively. Various HP1BP3 and TTC9B interacting genes are 
involved in neurogenesis and plasticity in the brain. The ELAVL1 gene (a) is essential for neuronal 
plasticity in the mature brain276, while STAT3 and various IL-6 genes (b) have been demonstrated to be 
necessary for hippocampal LTD and neuronal plasticity277, 278.  
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APPENDIX IV. HP1BP3 AND TTC9B CO-REGULATED NETWORKS 

(a) Cluster dendrogram of co-regulated networks identified in 13,091 nominally significant loci by 
WGCNA. (b) Heatmap of correlation statistics of identified modules with HP1BP3 and TTC9B DNA 
methylation. (c) Scatter plot of a metric of locus specific significance for association to the PPD phenotype 
(y-axis) as a function of the degree of module membership (x-axis) for the first module commonly 
identified for both HP1BP3 and TTC9B (Spearman’s ρ = 0.22, p = 1.7 x 10-105).  (d) Scatter plot of a metric 
of locus specific significance for association to the PPD phenotype (y-axis) as a function of the degree of 
module membership (x-axis) for the first module commonly identified for both HP1BP3 and TTC9B 
(Spearman’s ρ = 0.18, p = 3.6 x 10-9).   Positive correlations denote that network ‘hub’ loci, those with 
stronger module membership, are associated more strongly with phenotype. 
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APPENDIX V. KEGG PATHWAY ANALYSIS OF HPIBP3 AND TTC9B 

MODULES 

KEGG Pathway Freq Expected Freq Observed Corrected P value Pathway Description 

KEGG:04810 0.017 0.375 8.17x10-5 Regulation of actin cytoskeleton 

KEGG:05200 0.023 0.333 6.46x10-4 Pathways in cancer 

KEGG:04010 0.02 0.34 1.03x10-3 MAPK signaling pathway 

KEGG:04151 0.024 0.32 4.10x10-3 PI3K-Akt signaling pathway 

KEGG:04724 0.009 0.393 5.05x10-3 Glutamatergic synapse 

KEGG:04510 0.015 0.341 1.06x10-2 Focal adhesion 

KEGG:05131 0.006 0.443 1.85x10-2 Shigellosis 

KEGG:04723 0.008 0.388 2.09x10-2 Retrograde endocannabinoid signaling 

KEGG:04728 0.01 0.36 3.63x10-2 Dopaminergic synapse 

KEGG:05032 0.008 0.38 4.93x10-2 Morphine addiction 
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APPENDIX VI. HP1BP3 AND TTC9B CO-REGULATED NETWORKS BY 

PHENOTYPE 

(a) Heatmap of correlation statistics of identified modules by WGCNA with HP1BP3 and TTC9B DNA 
methylation in 3,606 top mouse E2 DMRs depicting a positive relationship between HP1BP3 and TTC9B 
co-regulated modules. A single module overlapping between the two loci was identified (Module 1: 
HP1BP3 Rho = -0.85, p = 0.0017, TTC9B Rho = -0.63, p = 0.047). No enriched KEGG pathways were 
identified; however GO analysis of genes in this module demonstrated an enrichment for GO:0030036 
‘actin cytoskeleton organization and biogenesis’ (Observed frequency = 0.12, expected frequency = 0.033, 
p = 0.024). In contrast to the human samples, module association statistics across associated networks 
between the two loci in the mouse dataset were positively correlated (Spearman’s ρ = 0.92, p = 2.2 x 10-16) 
suggesting that under normal conditions, HP1BP3 and TTC9B are co-regulated in the hippocampus in 
response to E2. (b) Heatmap of correlation statistics of identified modules with HP1BP3 and TTC9B DNA 
methylation in 13,091 loci in non-PPD cases only. Results depict the positive relationship (Spearman’s ρ= 
0.53, p = 3.8 x 10-11) observed between HP1BP3 and TTC9B co-regulated modules, suggesting that in non-
PPD cases, HP1BP3 and TTC9B are co-regulated in a similar manner to the mouse hippocampus. (c) 
Heatmap of correlation statistics of identified modules with HP1BP3 and TTC9B DNA methylation in 
13,091 loci in non-PPD cases only. Results depict the negative relationship (Spearman’s ρ = -0.2, p = 
0.0043) between HP1BP3 and TTC9B co-regulated modules. The direction of module correlation in the 
PPD cases is consistent with the proposed heightened sensitivity to E2 mediated epigenetic reprogramming 
in the PPD group.  
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APPENDIX VII. FAC SORTING OF NEURONAL AND NON-NEURONAL 

NUCLEI 

Fluorescent microscopy image of FACS isolated neuronal and non-neuronal nuclei and an example plot of 
FACS sorting gates distinguishing NeuN positive neurons from NeuN negative non-neuronal cells. 
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APPENDIX VIII. UCSC GENOME BROWSER TRACKS OF CELL-TYPE 

SPECIFIC DNA METHYLATION DIFFERENCES. 

(a) An image derived from the UCSC genome browser (http://genome.ucsc.edu/) depicting cell-type 
specific epigenetic patterns via Bedgraph tracks over RefSeq gene tracks of the ELAVL4 gene, a gene 
thought to be involved in neuron specific RNA processing. The mean percentage of neurons minus non- 
neurons (y-axis) is depicted as a function of the relative genomic coordinates per CpG on the hg18 human 
genome build (x-axis). Positive values are depicted in blue and negative values are depicted in red. (b) A 
blow up of the promoter region of an alternatively spliced variate of ELAVL4. ENCODE Chromatin State 
Segmentation by HMM tracks are depicted for the GM12878 lymphoblastoid cell line and the H1-hESC 
human embryonic stem cell line and demonstrate that cell-type specific epigenetic patterns fall within 
regulatory regions that appear to vary based on alternative splice variants of the gene. Yellow, green, blue, 
purple, and grey tracks depict weak enhancers, weak transcription start sites, insulator sequences, poised 
promoters, and heterochromatic regions, respectively. 
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APPENDIX IX. SIGNIFICANTLY OVER-REPRESENTED GENE ONTOLOGY 

CATEGORIES AT TOP 1000 CETS LOCI 

Gene 
Ontology 

Corrected  
P-value 

Expected 
Freq 

Observed 
Freq Description 

GO:0007399 3.1E-14 0.19 0.07 nervous system development 

GO:0048731 3.7E-11 0.29 0.05 system development 

GO:0048856 2.9E-10 0.31 0.05 anatomical structure development 

GO:0022008 4.8E-10 0.13 0.07 neurogenesis 

GO:0048468 1.2E-09 0.15 0.06 cell development 

GO:0007275 1.3E-09 0.31 0.05 multicellular organismal development 

GO:0032502 1.8E-09 0.34 0.05 developmental process 

GO:0048699 3.7E-09 0.12 0.07 generation of neurons 

GO:0009653 4.3E-09 0.19 0.06 anatomical structure morphogenesis 

GO:0048667 1.0E-08 0.08 0.09 cell morphogenesis involved in neuron 
differentiation 

GO:0048812 1.6E-08 0.08 0.09 neuron projection morphogenesis 

GO:0048666 4.4E-08 0.10 0.08 neuron development 

GO:0031175 4.7E-08 0.09 0.08 neuron projection development 

GO:0030182 1.0E-07 0.11 0.07 neuron differentiation 

GO:0045202 1.6E-07 0.07 0.09 synapse 

GO:0032990 2.3E-07 0.09 0.08 cell part morphogenesis 

GO:0030030 2.7E-07 0.10 0.07 cell projection organization 

GO:0048858 3.4E-07 0.09 0.08 cell projection morphogenesis 

GO:0007154 5.2E-07 0.36 0.04 cell communication 

GO:0007409 6.4E-07 0.07 0.08 axonogenesis 

GO:0000904 7.0E-07 0.09 0.08 cell morphogenesis involved in differentiation 

GO:0035637 7.8E-07 0.09 0.07 multicellular organismal signaling 

GO:0032501 1.1E-06 0.39 0.04 multicellular organismal process 

GO:0019226 1.6E-06 0.09 0.07 transmission of nerve impulse 

GO:0030154 1.7E-06 0.22 0.05 cell differentiation 

GO:0023052 2.2E-06 0.35 0.04 signaling 

GO:0048869 6.3E-06 0.23 0.05 cellular developmental process 

GO:0032989 1.2E-05 0.10 0.06 cellular component morphogenesis 

GO:0007268 2.1E-05 0.08 0.07 synaptic transmission 

GO:0000902 2.2E-05 0.10 0.06 cell morphogenesis 

GO:0043005 2.2E-05 0.08 0.07 neuron projection 

GO:0071842 3.8E-05 0.25 0.05 cellular component organization at cellular level 

GO:0016043 5.4E-05 0.30 0.04 cellular component organization 

GO:0023051 5.8E-05 0.17 0.05 regulation of signaling 

GO:0042995 8.5E-05 0.12 0.06 cell projection 

GO:0050794 1.5E-04 0.50 0.04 regulation of cellular process 

GO:0048519 1.9E-04 0.24 0.04 negative regulation of biological process 
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GO:0046903 2.1E-04 0.09 0.06 secretion 

GO:0065007 2.3E-04 0.55 0.04 biological regulation 

GO:0010646 2.4E-04 0.13 0.05 regulation of cell communication 

GO:0051552 2.6E-04 0.01 0.83 flavone metabolic process 

GO:0050804 2.9E-04 0.04 0.11 regulation of synaptic transmission 

GO:0071841 3.4E-04 0.25 0.04 cellular component organization or biogenesis 
at cellular level 

GO:0048523 3.9E-04 0.22 0.05 negative regulation of cellular process 

GO:0030425 4.5E-04 0.05 0.09 dendrite 

GO:0071840 5.0E-04 0.30 0.04 cellular component organization or biogenesis 

GO:0050877 5.3E-04 0.11 0.06 neurological system process 

GO:0003008 8.8E-04 0.14 0.05 system process 

GO:0051969 9.4E-04 0.04 0.10 regulation of transmission of nerve impulse 

GO:0065008 1.6E-03 0.20 0.05 regulation of biological quality 

GO:0044456 1.6E-03 0.05 0.08 synapse part 

GO:0051179 1.8E-03 0.29 0.04 localization 

GO:0030234 2.1E-03 0.09 0.06 enzyme regulator activity 

GO:0050789 2.1E-03 0.52 0.04 regulation of biological process 

GO:0051716 2.6E-03 0.35 0.04 cellular response to stimulus 

GO:0060589 2.6E-03 0.05 0.07 nucleoside-triphosphatase regulator activity 

GO:0031644 2.7E-03 0.04 0.10 regulation of neurological system process 

GO:0006836 3.1E-03 0.03 0.12 neurotransmitter transport 

GO:0003001 3.2E-03 0.05 0.08 generation of a signal involved in cell-cell 
signaling 

GO:0023061 3.2E-03 0.05 0.08 signal release 

GO:0008092 3.5E-03 0.07 0.07 cytoskeletal protein binding 

GO:0052695 5.2E-03 0.01 0.40 cellular glucuronidation 

GO:0007165 5.9E-03 0.30 0.04 signal transduction 

GO:0050896 6.0E-03 0.44 0.04 response to stimulus 

GO:0007267 7.2E-03 0.10 0.05 cell-cell signaling 

GO:0009790 7.5E-03 0.09 0.06 embryo development 

GO:0007010 7.7E-03 0.08 0.06 cytoskeleton organization 

GO:0015020 8.2E-03 0.01 0.24 glucuronosyltransferase activity 

GO:0007269 8.9E-03 0.02 0.14 neurotransmitter secretion 

GO:0007411 1.0E-02 0.05 0.08 axon guidance 

GO:0008289 1.1E-02 0.07 0.06 lipid binding 

GO:0030695 1.1E-02 0.05 0.07 GTPase regulator activity 

GO:0040011 1.2E-02 0.11 0.05 locomotion 

GO:0044327 1.4E-02 0.02 0.12 dendritic spine head 

GO:0014069 1.4E-02 0.02 0.12 postsynaptic density 

GO:0044309 1.4E-02 0.03 0.10 neuron spine 

GO:0043197 1.4E-02 0.03 0.10 dendritic spine 

GO:0048513 1.8E-02 0.18 0.04 organ development 

GO:0007417 1.8E-02 0.07 0.06 central nervous system development 
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GO:0032940 1.9E-02 0.07 0.06 secretion by cell 

GO:0001505 2.1E-02 0.02 0.11 regulation of neurotransmitter levels 

GO:0052696 2.2E-02 0.01 0.67 flavonoid glucuronidation 

GO:0052697 2.2E-02 0.01 0.67 xenobiotic glucuronidation 

GO:0009966 2.2E-02 0.14 0.05 regulation of signal transduction 

GO:0005856 2.2E-02 0.14 0.05 cytoskeleton 

GO:0030054 2.3E-02 0.07 0.06 cell junction 

GO:0051234 2.5E-02 0.24 0.04 establishment of localization 

GO:0044057 2.5E-02 0.05 0.07 regulation of system process 

GO:0006063 3.6E-02 0.01 0.30 uronic acid metabolic process 

GO:0019585 3.6E-02 0.01 0.30 glucuronate metabolic process 

GO:0016758 3.7E-02 0.03 0.09 transferase activity, transferring hexosyl groups 

GO:0016020 4.2E-02 0.49 0.04 membrane 

GO:0035556 4.3E-02 0.14 0.05 intracellular signal transduction 

GO:0009987 4.6E-02 0.74 0.03 cellular process 

GO:0044297 4.6E-02 0.04 0.08 cell body 
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APPENDIX X. RECONSTITUTION EXPERIMENT.  

(a) Heat maps of DNA methylation at the top 1000 CETS markers as measured by HM450 microarray 
probes vs. the proportion of mixed non-neuronal to neuronal DNA content in the empirically mixed 
reconstitution experiment. (b) An in silico profile using only DNA methylation profiles from 100% neurons 
and 100% non-neurons. Yellow and red denote beta values of methylated and un-methyated DNA, 
respectively. 
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APPENDIX XI. PERFORMANCE OF RANDOMLY SELECTED CETS LOCI 

Box plots of the R2 value obtained predicting the neuronal composition of the reconstitution experiment (y-
axis) at variable numbers of randomly selected probes within the top 10000 CETS marker loci (x-axis).  
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APPENDIX XII. DMRS IDENTIFIED BETWEEN MDD AND CONTROLS IN 

THE SMRI COHORT USING CETS MODEL NORMALIZED DATA 

Chr DMR Start 
Position 

DMR End 
Position Strand 

Con 
M 

value 

MDD 
M 

value 
P value Q value Gene 

chr1 149205007 149207269 - -0.17 0.22 3.9E-05 0.02 CERS2 

chrX 46963843 46965626 + -0.23 0.07 4.9E-05 0.02 CDK16 

chr1 177258142 177260823 + -0.16 0.19 8.1E-05 0.03 FAM20B 

chr4 24639056 24640556 - -0.13 0.16 5.7E-04 0.09 LGI2 

chr11 64165119 64166240 - -0.17 0.09 9.2E-04 0.09 NRXN2 

chr11 2646100 2647390 + -0.20 0.19 9.9E-04 0.09 KCNQ1 

chr11 2646100 2647390 - -0.20 0.19 9.9E-04 0.09 KCNQ1OT1 

chr2 27457680 27458835 - -0.19 0.34 1.0E-03 0.09 PPM1G 

chr2 240722028 240723321 - -0.12 0.17 1.0E-03 0.09 MYEOV2 

chr2 240722028 240723321 - -0.12 0.17 1.0E-03 0.09 OTOS 

chr12 128901255 128903704 - -0.16 0.14 1.2E-03 0.09 TMEM132D 

chr18 72665010 72666135 + -0.22 0.29 1.2E-03 0.09 ZNF236 

chr8 65454106 65455384 + 0.08 -0.10 1.4E-03 0.09 MIR124-2 

chr9 35596963 35598217 - -0.10 0.30 1.4E-03 0.09 CD72 

chr9 35596963 35598217 + -0.10 0.30 1.4E-03 0.09 MIR4667 

chr9 35596963 35598217 + -0.10 0.30 1.4E-03 0.09 TESK1 

chr15 41448049 41448880 + -0.29 0.33 1.4E-03 0.09 TUBGCP4 

chr15 41448049 41448880 - -0.29 0.33 1.4E-03 0.09 ZSCAN29 

chr6 19942656 19943598 + -0.20 0.17 1.4E-03 0.09 ID4 

chr10 71682451 71683820 - -0.18 0.11 1.5E-03 0.09 NPFFR1 

chr21 42514676 42515666 + -0.17 0.05 1.5E-03 0.09 ABCG1 

chr11 61205037 61206245 + -0.18 0.15 1.8E-03 0.09 DAGLA 

chr18 42748311 42749636 - -0.21 0.08 1.8E-03 0.09 PIAS2 

chr5 10810689 10813272 - -0.12 0.25 2.0E-03 0.09 DAP 

chr16 24930974 24932491 - -0.18 0.18 2.0E-03 0.09 ARHGAP17 

chr17 41333088 41334478 + -0.15 0.06 2.0E-03 0.09 MAPT 

chr2 46776712 46779284 + -0.13 0.12 2.1E-03 0.09 SOCS5 

chr2 66524037 66525057 + 0.19 -0.09 2.3E-03 0.09 MEIS1 

chr13 31897083 31898689 - -0.17 0.16 2.5E-03 0.09 N4BP2L1 

chr6 1566549 1567892 - 0.17 -0.08 2.6E-03 0.09 GMDS 

chr3 48447035 48447980 - -0.20 0.22 2.6E-03 0.09 CCDC51 

chr12 12738945 12739887 - -0.21 0.31 2.6E-03 0.09 GPR19 

chr9 102276236 102277338 + -0.13 0.02 2.7E-03 0.09 C9orf30-TMEFF1 

chr9 102276236 102277338 + -0.13 0.02 2.7E-03 0.09 TMEFF1 

chr2 45727957 45728971 + -0.17 0.15 2.8E-03 0.09 PRKCE 

chr1 152793949 152794964 - -0.14 0.17 2.8E-03 0.09 UBE2Q1 

chr19 18806136 18809906 + -0.15 0.18 2.8E-03 0.09 UPF1 
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chr7 99527097 99528437 + -0.12 0.22 2.9E-03 0.09 COPS6 

chr7 99527097 99528437 - -0.12 0.22 2.9E-03 0.09 MCM7 

chr7 99527097 99528437 - -0.12 0.22 2.9E-03 0.09 MIR106B 

chr7 99527097 99528437 - -0.12 0.22 2.9E-03 0.09 MIR25 

chr7 99527097 99528437 - -0.12 0.22 2.9E-03 0.09 MIR93 

chr14 59625050 59626775 + -0.25 0.25 3.1E-03 0.09 C14orf135 

chr6 43349584 43350421 + -0.25 0.19 3.1E-03 0.09 TTBK1 

chr8 123864819 123865925 + -0.21 0.05 3.1E-03 0.09 ZHX2 

chr11 67734524 67735497 - -0.15 0.14 3.6E-03 0.09 SUV420H1 

chr12 619020 620405 - -0.21 0.17 3.6E-03 0.09 NINJ2 

chr18 10717206 10718300 - -0.22 0.17 3.6E-03 0.09 PIEZO2 

chr15 63453612 63454521 - -0.21 0.23 3.7E-03 0.09 IGDCC3 

chr18 19338642 19341009 + -0.21 0.13 3.7E-03 0.09 C18orf8 

chr16 30290036 30290945 + -0.15 0.15 3.8E-03 0.09 MYLPF 

chr11 82119685 82120597 - -0.13 0.02 3.8E-03 0.09 FAM181B 

chr14 73252127 73253442 - -0.21 0.19 3.8E-03 0.09 C14orf43 

chr3 148605310 148606048 + 0.22 -0.17 3.9E-03 0.09 ZIC1 

chr3 148605310 148606048 - 0.22 -0.17 3.9E-03 0.09 ZIC4 

chrX 49011887 49012808 + -0.15 0.00 3.9E-03 0.09 PPP1R3F 

chr19 59336763 59337884 + -0.16 0.27 4.1E-03 0.09 CNOT3 

chr8 1748166 1749177 + -0.28 0.18 4.1E-03 0.09 MIR596 

chr2 28643762 28645072 + -0.15 0.25 4.1E-03 0.09 PLB1 

chr9 135226940 135227953 - -0.11 0.13 4.3E-03 0.09 SURF4 

chr7 131913456 131914368 - -0.18 0.29 4.5E-03 0.09 PLXNA4 

chr7 142765236 142766108 - -0.13 0.24 4.5E-03 0.09 FAM131B 

chr1 45857508 45858521 - -0.23 0.09 5.0E-03 0.10 CCDC17 

chr1 90060313 90061188 + -0.13 0.09 5.1E-03 0.10 LRRC8D 

chr13 40664060 40665179 - -0.14 0.23 5.2E-03 0.10 KBTBD7 

chr1 145112378 145113308 + -0.20 0.08 5.2E-03 0.10 PDIA3P 

chr17 6864655 6865600 + -0.12 0.14 5.3E-03 0.10 BCL6B 

chr17 8472272 8473007 - -0.11 0.04 5.3E-03 0.10 MYH10 

chr19 10393453 10394257 + -0.15 0.11 5.4E-03 0.10 PDE4A 

chr19 44571225 44572032 + -0.13 0.26 5.5E-03 0.10 MED29 

chr19 44571225 44572032 - -0.13 0.26 5.5E-03 0.10 PAF1 

chr20 17538065 17538760 - -0.26 0.14 5.5E-03 0.10 RRBP1 

chr8 141605860 141606708 - -0.19 0.07 5.8E-03 0.10 EIF2C2 

chr21 42029452 42030526 - -0.14 0.16 5.8E-03 0.10 RIPK4 

chr8 117846305 117847314 + -0.25 0.10 5.9E-03 0.10 UTP23 

chr21 46688703 46689662 + -0.22 0.15 5.9E-03 0.10 PCNT 

chr17 61726624 61727730 + -0.14 0.19 5.9E-03 0.10 PRKCA 

chr4 108858413 108859265 - -0.15 0.03 6.2E-03 0.10 PAPSS1 

chr14 104335698 104337022 + -0.21 0.16 6.7E-03 0.11 ZBTB42 

chr1 241705671 241706511 + -0.12 0.23 7.1E-03 0.11 SDCCAG8 
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chr17 7321840 7322572 + -0.13 0.02 7.5E-03 0.11 SLC35G6 

chr17 7321840 7322572 - -0.13 0.02 7.5E-03 0.11 ZBTB4 

chr19 63146186 63147161 - -0.16 0.17 7.6E-03 0.11 ZNF256 

chr1 191356259 191357046 + -0.19 0.05 7.8E-03 0.11 CDC73 

chr9 113434899 113436010 + -0.19 0.13 7.9E-03 0.11 DNAJC25-GNG10 

chr9 113434899 113436010 + -0.19 0.13 7.9E-03 0.11 DNAJC25 

chr2 130828273 130829181 + -0.18 0.19 7.9E-03 0.11 PTPN18 

chr9 118490209 118490911 - -0.15 0.03 8.0E-03 0.11 ASTN2 

chr9 118490209 118490911 + -0.15 0.03 8.0E-03 0.11 TRIM32 

chrX 48662051 48662717 - -0.16 0.02 8.0E-03 0.11 OTUD5 

chr1 35793439 35794207 - -0.14 0.05 8.0E-03 0.11 KIAA0319L 

chr1 35793439 35794207 + -0.14 0.05 8.0E-03 0.11 NCDN 

chr6 117974266 117975034 + -0.07 0.25 8.1E-03 0.11 DCBLD1 

chrX 122923708 122924379 + -0.13 0.00 8.5E-03 0.12 STAG2 

chr11 71490269 71491178 - -0.09 0.17 8.6E-03 0.12 LAMTOR1 

chr11 71490269 71491178 + -0.09 0.17 8.6E-03 0.12 LRTOMT 

chr1 165154952 165155747 - -0.15 0.15 8.6E-03 0.12 ILDR2 

chr1 167340362 167341097 + -0.24 0.11 9.3E-03 0.12 ATP1B1 

chr1 231008657 231009287 + -0.20 0.08 9.4E-03 0.12 KIAA1383 

chr1 154447763 154448357 + -0.26 0.21 9.5E-03 0.12 PMF1-BGLAP 

chr1 154447763 154448357 + -0.26 0.21 9.5E-03 0.12 PMF1 

chr1 154447763 154448357 + -0.26 0.21 9.5E-03 0.12 SLC25A44 

chrX 68300264 68300942 - -0.20 0.08 9.7E-03 0.12 PJA1 

chr19 46574695 46575406 + -0.16 0.16 9.9E-03 0.12 TMEM91 

chr6 109875204 109875903 - -0.20 0.21 9.9E-03 0.12 MICAL1 

chr11 1721356 1721917 - -0.15 0.27 9.9E-03 0.12 IFITM10 

chr11 1721356 1721917 - -0.15 0.27 9.9E-03 0.12 MOB2 

chr2 98592630 98593365 + -0.15 0.27 1.0E-02 0.12 UNC50 

chr5 96170866 96172056 - -0.13 0.17 1.0E-02 0.12 ERAP1 

chr8 31008436 31009105 - -0.26 0.25 1.0E-02 0.12 PURG 

chr8 31008436 31009105 + -0.26 0.25 1.0E-02 0.12 WRN 

chr11 1861935 1862643 + -0.20 0.29 1.0E-02 0.12 LSP1 

chr10 14687772 14688330 - -0.25 0.14 1.0E-02 0.12 FAM107B 

chr10 448015 448714 - -0.19 0.16 1.1E-02 0.12 DIP2C 

chr4 141394232 141395189 + -0.16 0.04 1.1E-02 0.12 SCOC 

chr15 98696403 98697183 - -0.13 0.11 1.1E-02 0.12 ADAMTS17 

chrX 46658048 46658687 + -0.18 0.05 1.1E-02 0.12 PHF16 

chr10 42289709 42290303 + -0.22 0.24 1.1E-02 0.12 LOC84856 

chr7 44127559 44128331 - -0.19 0.21 1.1E-02 0.12 POLD2 

chrX 48652807 48653506 - -0.16 0.03 1.1E-02 0.12 PIM2 

chrX 48652807 48653506 - -0.16 0.03 1.1E-02 0.12 SLC35A2 

chr12 68267498 68268230 + -0.25 0.28 1.1E-02 0.12 CCT2 

chr1 201539178 201540054 + -0.06 0.21 1.1E-02 0.12 BTG2 
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chr1 201539178 201540054 - -0.06 0.21 1.1E-02 0.12 LOC730227 

chr1 247070836 247071446 - -0.22 0.39 1.2E-02 0.12 SH3BP5L 

chr11 304013 305240 + 0.11 -0.14 1.2E-02 0.12 IFITM1 

chr10 75200551 75201325 + -0.18 0.08 1.2E-02 0.12 FUT11 

chr10 75200551 75201325 + -0.18 0.08 1.2E-02 0.12 SEC24C 

chr1 119963865 119964588 - -0.16 0.21 1.2E-02 0.12 ZNF697 

chr5 83052359 83053195 - -0.16 0.08 1.2E-02 0.12 HAPLN1 

chr9 35063775 35064737 - -0.10 0.18 1.2E-02 0.12 FANCG 

chr1 101477375 101478182 + 0.14 -0.12 1.2E-02 0.12 S1PR1 

chr18 46337590 46338545 + -0.17 0.10 1.2E-02 0.12 MAPK4 

chr12 6545756 6546918 - -0.14 0.12 1.2E-02 0.12 CHD4 

chr12 6545756 6546918 - -0.14 0.12 1.2E-02 0.12 NOP2 

chr10 126671127 126671960 - -0.17 0.16 1.3E-02 0.12 CTBP2 

chr5 180552907 180553597 - -0.27 0.13 1.3E-02 0.12 TRIM7 

chrX 48319718 48320404 + -0.25 0.18 1.3E-02 0.12 RBM3 

chrX 48545640 48546273 + -0.17 0.01 1.3E-02 0.12 HDAC6 

chr4 483878 484652 + -0.20 0.22 1.3E-02 0.12 PIGG 

chr19 47273762 47274425 + -0.18 0.09 1.3E-02 0.12 ZNF574 

chr11 45126068 45126922 + -0.19 0.19 1.3E-02 0.12 PRDM11 

chr17 62392962 62393523 + -0.13 0.06 1.4E-02 0.12 CACNG4 

chr9 100596282 100597515 - -0.14 0.20 1.4E-02 0.12 ANKS6 

chr11 6460616 6461207 + -0.39 0.29 1.4E-02 0.13 FXC1 

chr3 51407226 51407994 + -0.14 0.20 1.4E-02 0.13 RBM15B 

chr3 51407226 51407994 - -0.14 0.20 1.4E-02 0.13 VPRBP 

chr17 7080439 7081174 - -0.14 0.23 1.4E-02 0.13 GABARAP 

chr17 7080439 7081174 - -0.14 0.23 1.4E-02 0.13 PHF23 

chrX 48822257 48823492 - -0.09 0.14 1.4E-02 0.13 WDR45 

chr4 2252556 2253666 - -0.14 0.15 1.5E-02 0.13 ZFYVE28 

chrX 153648386 153649052 + -0.21 0.20 1.5E-02 0.13 DKC1 

chrX 153648386 153649052 + -0.21 0.20 1.5E-02 0.13 SNORA36A 

chr4 48189773 48190508 - -0.16 0.17 1.5E-02 0.13 FRYL 

chr4 48189773 48190508 + -0.16 0.17 1.5E-02 0.13 ZAR1 

chr12 54786518 54787701 + -0.14 0.25 1.5E-02 0.13 PA2G4 

chr17 39387600 39388733 - -0.15 0.11 1.5E-02 0.13 PYY 

chrX 48786644 48787167 - -0.14 0.02 1.5E-02 0.13 TFE3 

chr2 96849334 96849964 + -0.17 0.22 1.5E-02 0.13 CNNM3 

chr13 31896076 31896864 - -0.23 0.11 1.5E-02 0.13 N4BP2L1 

chr20 16499455 16500052 - -0.32 0.31 1.5E-02 0.13 KIF16B 

chr20 33048988 33049549 + -0.28 0.04 1.6E-02 0.13 MYH7B 

chr9 111443375 111443903 + -0.13 0.03 1.6E-02 0.13 PALM2 

chr20 29772762 29773392 - -0.16 0.07 1.6E-02 0.13 BCL2L1 

chr1 6290253 6291438 - -0.06 0.25 1.6E-02 0.13 ACOT7 

chr11 30559392 30560166 - -0.19 0.20 1.6E-02 0.13 MPPED2 
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chr17 78268497 78269865 + -0.10 0.23 1.6E-02 0.13 FN3KRP 

chr2 3683652 3684754 + -0.12 0.16 1.6E-02 0.13 ALLC 

chr5 11435762 11436356 - -0.15 0.27 1.7E-02 0.13 CTNND2 

chr18 74928557 74929212 + -0.28 0.19 1.7E-02 0.13 ATP9B 

chr6 112516541 112517126 + -0.22 0.09 1.7E-02 0.13 C6orf225 

chr3 192528827 192529382 + -0.13 0.06 1.7E-02 0.13 CCDC50 

chr3 192528827 192529382 - -0.13 0.06 1.7E-02 0.13 UTS2D 

chr4 54787801 54788500 + 0.07 -0.14 1.7E-02 0.13 PDGFRA 

chr16 79666962 79667733 - -0.12 0.07 1.7E-02 0.13 C16orf46 

chr7 149702311 149704338 + -0.13 0.18 1.7E-02 0.13 ZNF775 

chrX 50572120 50572679 - -0.20 0.08 1.7E-02 0.13 SHROOM4 

chr7 36155998 36156641 + -0.33 0.21 1.7E-02 0.13 EEPD1 

chr18 58343569 58344251 + -0.13 0.04 1.7E-02 0.13 ZCCHC2 

chr2 73150164 73150884 - -0.13 0.03 1.7E-02 0.13 RAB11FIP5 

chr2 73150164 73150884 - -0.13 0.03 1.7E-02 0.13 SFXN5 

chr2 24866640 24867598 + -0.18 0.18 1.8E-02 0.13 CENPO 

chr2 24866640 24867598 - -0.18 0.18 1.8E-02 0.13 PTRHD1 

chr13 24340632 24341121 + -0.20 0.22 1.8E-02 0.13 RNF17 

chr19 48838529 48839365 - -0.21 0.20 1.8E-02 0.13 PLAUR 

chr14 94853971 94854568 - -0.18 0.04 1.8E-02 0.13 CLMN 

chr6 88008796 88009476 + -0.22 0.23 1.8E-02 0.13 ZNF292 

chr4 21558225 21558858 - -0.13 0.03 1.8E-02 0.13 KCNIP4 

chr10 72103618 72104348 + -0.17 0.12 1.9E-02 0.13 ADAMTS14 

chr6 109909114 109909849 - -0.13 0.30 1.9E-02 0.13 ZBTB24 

chr10 106103791 106104678 + -0.10 0.25 1.9E-02 0.13 CCDC147 

chr6 144370101 144370715 - 0.11 -0.16 1.9E-02 0.13 HYMAI 

chr6 144370101 144370715 - 0.11 -0.16 1.9E-02 0.13 PLAGL1 

chr8 42025071 42025710 - -0.20 0.20 1.9E-02 0.13 KAT6A 

chr18 5283123 5283748 - -0.25 0.26 2.0E-02 0.13 ZFP161 

chr5 16752065 16752933 - -0.12 0.13 2.0E-02 0.13 MYO10 

chr17 69708402 69709077 + -0.18 0.15 2.0E-02 0.13 RPL38 

chr17 45941315 45942125 + -0.21 0.22 2.0E-02 0.13 MYCBPAP 

chr9 964916 965699 + 0.09 -0.08 2.0E-02 0.13 DMRT3 

chr2 3453436 3454102 + -0.12 0.17 2.0E-02 0.13 TTC15 

chr11 133286858 133287527 - -0.11 0.11 2.0E-02 0.13 IGSF9B 

chr4 1159532 1160054 - -0.18 0.22 2.1E-02 0.13 SPON2 

chr3 58254377 58255004 + -0.19 0.11 2.1E-02 0.13 ABHD6 

chr18 33397919 33398483 - -0.14 0.03 2.1E-02 0.13 CELF4 

chr9 123892239 123893541 - -0.15 0.04 2.1E-02 0.13 TTLL11 

chr11 2865116 2865609 - -0.12 0.18 2.1E-02 0.13 SLC22A18AS 

chr14 56806614 56807172 + -0.29 0.36 2.1E-02 0.13 MUDENG 

chr1 172393314 172393959 + -0.19 0.19 2.1E-02 0.13 RABGAP1L 

chr10 79351812 79352483 - -0.20 0.16 2.2E-02 0.13 DLG5 
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chr22 30668396 30669235 - -0.24 0.15 2.2E-02 0.13 C22orf24 

chr22 30668396 30669235 + -0.24 0.15 2.2E-02 0.13 YWHAH 

chr12 122810256 122810917 + -0.15 0.18 2.2E-02 0.13 ATP6V0A2 

chr12 122810256 122810917 + -0.15 0.18 2.2E-02 0.13 DNAH10 

chr4 83700648 83701242 - -0.17 0.11 2.2E-02 0.13 TMEM150C 

chr5 112848374 112849448 - -0.27 0.22 2.2E-02 0.13 MCC 

chr16 75784275 75784839 + -0.23 0.26 2.2E-02 0.13 MON1B 

chr8 87587760 87588516 - -0.16 0.18 2.2E-02 0.13 FAM82B 

chr17 32381040 32383521 + -0.22 0.26 2.2E-02 0.13 AATF 

chr8 23369164 23369692 - -0.19 0.13 2.3E-02 0.13 ENTPD4 

chr2 96788621 96789179 + -0.23 0.21 2.3E-02 0.13 CNNM4 

chr1 53457074 53457923 - -0.22 0.12 2.3E-02 0.13 C1orf123 

chr4 8443294 8444156 - -0.16 0.15 2.3E-02 0.13 ACOX3 

chrX 11684329 11685138 + -0.21 0.08 2.3E-02 0.13 MSL3 

chrX 48907521 48908136 + -0.13 0.22 2.4E-02 0.13 MAGIX 

chr12 55758479 55759146 - 0.01 -0.22 2.4E-02 0.13 TMEM194A 

chr11 2676311 2676665 + -0.13 -0.02 2.4E-02 0.13 KCNQ1 

chr11 2676311 2676665 - -0.13 -0.02 2.4E-02 0.13 KCNQ1OT1 

chr11 74822002 74822491 - -0.16 0.15 2.4E-02 0.13 GDPD5 

chr19 15440703 15441300 - -0.21 0.34 2.4E-02 0.13 PGLYRP2 

chr14 103094209 103094836 - -0.20 0.16 2.4E-02 0.13 BAG5 

chr16 65747456 65747969 + -0.14 0.20 2.4E-02 0.13 FBXL8 

chr16 65747456 65747969 - -0.14 0.20 2.4E-02 0.13 TRADD 

chr1 57663713 57664358 - -0.23 0.26 2.4E-02 0.13 DAB1 

chr12 27287335 27288136 + -0.21 0.23 2.4E-02 0.13 STK38L 

chr9 37642272 37643031 + -0.04 0.26 2.4E-02 0.13 FRMPD1 

chrX 47307607 47309064 + -0.21 0.14 2.5E-02 0.13 ARAF 

chr10 131823502 131823955 + -0.28 0.18 2.5E-02 0.13 GLRX3 

chr22 29696207 29696816 + -0.15 0.04 2.5E-02 0.13 TUG1 

chr11 46319608 46320334 + -0.17 0.12 2.5E-02 0.13 DGKZ 

chr1 201201028 201201796 - -0.20 0.23 2.5E-02 0.13 CYB5R1 

chr1 220859486 220860119 + -0.16 0.22 2.5E-02 0.13 MIA3 

chr17 4786819 4787482 - -0.10 0.22 2.6E-02 0.13 PFN1 

chr17 4786819 4787482 + -0.10 0.22 2.6E-02 0.13 RNF167 

chr1 59050928 59051796 + -0.23 0.09 2.6E-02 0.13 LOC100131060 

chr7 149167479 149167971 + -0.20 0.19 2.6E-02 0.13 ZNF862 

chr11 66811620 66812250 + -0.09 0.16 2.7E-02 0.13 ANKRD13D 

chr11 65236788 65237484 + -0.09 0.13 2.7E-02 0.13 KAT5 

chr19 5159373 5160045 - -0.40 0.18 2.7E-02 0.13 PTPRS 

chr11 61485922 61486519 + -0.10 0.13 2.7E-02 0.13 BEST1 

chr11 61485922 61486519 - -0.10 0.13 2.7E-02 0.13 FTH1 

chr7 134503991 134504516 - -0.20 0.20 2.7E-02 0.13 C7orf49 

chr13 101842779 101843855 - -0.16 0.07 2.8E-02 0.13 FGF14-IT1 
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chr13 101842779 101843855 - -0.16 0.07 2.8E-02 0.13 FGF14 

chr13 101842779 101843855 + -0.16 0.07 2.8E-02 0.13 LOC283481 

chr7 7977782 7978500 + -0.09 0.02 2.8E-02 0.13 GLCCI1 

chr3 173911076 173911636 - 0.13 -0.15 2.8E-02 0.13 NCEH1 

chr20 11818365 11818911 + -0.11 0.03 2.8E-02 0.13 BTBD3 

chr17 37517127 37517814 - -0.10 0.12 2.8E-02 0.13 DHX58 

chr17 37517127 37517814 - -0.10 0.12 2.8E-02 0.13 KAT2A 

chrX 151750686 151751139 + -0.23 0.03 2.8E-02 0.13 NSDHL 

chr19 4345046 4345666 - -0.20 0.15 2.8E-02 0.13 SH3GL1 

chr9 111297986 111299000 - -0.21 0.21 2.8E-02 0.13 PTPN3 

chr20 18217674 18218608 + -0.16 0.14 2.8E-02 0.13 ZNF133 

chr2 72966377 72967118 + -0.15 0.24 2.8E-02 0.13 SPR 

chr7 75797667 75798120 - -0.25 0.15 2.8E-02 0.13 YWHAG 

chrX 15603098 15603788 + 0.05 -0.24 2.9E-02 0.13 CA5BP1 

chr3 124226674 124227328 - -0.19 0.10 2.9E-02 0.13 SEMA5B 

chr7 31341062 31341653 - -0.11 0.17 2.9E-02 0.13 NEUROD6 

chr6 41756041 41756668 - -0.09 0.23 2.9E-02 0.13 TFEB 

chr6 31742300 31742756 + -0.17 0.04 2.9E-02 0.13 CSNK2B 

chr6 31742300 31742756 + -0.17 0.04 2.9E-02 0.13 LY6G5B 

chr16 83241772 83242396 + -0.12 0.25 2.9E-02 0.13 KLHL36 

chr17 28644700 28645440 - -0.15 0.07 2.9E-02 0.13 ACCN1 

chr12 6471443 6472328 - -0.07 0.24 2.9E-02 0.13 MRPL51 

chr12 6471443 6472328 + -0.07 0.24 2.9E-02 0.13 NCAPD2 

chr11 2628364 2628957 + -0.11 0.02 3.0E-02 0.13 KCNQ1 

chr11 2628364 2628957 - -0.11 0.02 3.0E-02 0.13 KCNQ1OT1 

chr12 32148845 32149833 + -0.16 0.21 3.0E-02 0.13 BICD1 

chrX 30815860 30816520 - -0.15 0.00 3.0E-02 0.13 TAB3 

chr11 33745709 33746195 - -0.16 0.21 3.0E-02 0.13 FBXO3 

chr19 41126098 41127029 + -0.27 0.19 3.0E-02 0.13 LRFN3 

chr10 718075 718793 - -0.15 0.19 3.0E-02 0.13 DIP2C 

chr3 49036537 49037180 - -0.13 0.12 3.0E-02 0.13 IMPDH2 

chr3 187560715 187561207 - -0.14 0.07 3.0E-02 0.13 DGKG 

chr5 138560183 138561157 - -0.15 0.21 3.0E-02 0.13 SIL1 

chr19 51939847 51940406 + -0.12 0.05 3.1E-02 0.13 FKRP 

chr19 51939847 51940406 - -0.12 0.05 3.1E-02 0.13 STRN4 

chr10 30386596 30387049 - -0.12 0.06 3.1E-02 0.13 KIAA1462 

chr19 52708584 52709337 - -0.16 0.13 3.1E-02 0.13 NAPA 

chr13 35440501 35441050 - -0.14 0.18 3.1E-02 0.13 DCLK1 

chr17 40746938 40747424 - -0.19 0.11 3.1E-02 0.13 MAP3K14 

chr7 49781252 49781834 + -0.15 0.26 3.1E-02 0.13 VWC2 

chr11 109482228 109482717 + -0.28 0.12 3.1E-02 0.13 ZC3H12C 

chr19 3934249 3934705 - -0.17 0.08 3.2E-02 0.13 EEF2 

chr12 48509053 48509686 + -0.16 0.28 3.2E-02 0.13 LOC100286844 
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chr3 180852398 180852858 + -0.16 0.03 3.2E-02 0.13 USP13 

chr17 25728563 25729177 + -0.18 0.11 3.2E-02 0.13 CPD 

chr18 27928280 27929061 + -0.18 0.17 3.2E-02 0.13 RNF138 

chr8 118031930 118032668 + -0.15 0.22 3.3E-02 0.13 SLC30A8 

chr1 117010061 117010550 - -0.19 0.10 3.3E-02 0.13 IGSF3 

chr15 57519355 57520073 + -0.15 0.24 3.3E-02 0.13 FAM81A 

chr5 114540890 114541509 - -0.10 0.25 3.3E-02 0.13 TRIM36 

chr17 2253255 2253875 - -0.15 0.18 3.3E-02 0.13 LOC284009 

chr8 29172908 29173522 - -0.18 0.08 3.3E-02 0.13 KIF13B 

chr12 122764552 122765113 + -0.15 0.25 3.3E-02 0.13 ATP6V0A2 

chr6 112514720 112515281 + 0.07 -0.16 3.4E-02 0.13 C6orf225 

chr6 112514720 112515281 - 0.07 -0.16 3.4E-02 0.13 TUBE1 

chr22 47267067 47267700 + -0.12 0.12 3.4E-02 0.13 FAM19A5 

chr19 63760156 63760853 + -0.12 0.10 3.4E-02 0.13 LOC100131691 

chr19 63760156 63760853 - -0.12 0.10 3.4E-02 0.13 UBE2M 

chr10 717061 717862 - -0.10 0.26 3.4E-02 0.13 DIP2C 

chr22 28026417 28027337 + -0.16 0.19 3.4E-02 0.13 EWSR1 

chr21 32169637 32170152 + -0.16 0.06 3.4E-02 0.13 HUNK 

chr10 627677 628238 - -0.20 0.11 3.4E-02 0.13 DIP2C 

chrX 48659914 48660439 - -0.16 0.07 3.4E-02 0.13 OTUD5 

chrX 48659914 48660439 - -0.16 0.07 3.4E-02 0.13 PIM2 

chr14 22602056 22602581 - -0.16 0.23 3.4E-02 0.13 ACIN1 

chr11 111404692 111405870 + -0.22 0.12 3.4E-02 0.13 DLAT 

chr4 47607910 47608450 - -0.19 0.14 3.4E-02 0.13 NFXL1 

chr17 2595144 2595741 - -0.24 0.17 3.5E-02 0.13 MIR1253 

chr12 13047385 13047970 + -0.21 0.22 3.5E-02 0.13 HTR7P1 

chr5 176489559 176490322 + -0.15 0.12 3.5E-02 0.13 NSD1 

chr9 22435479 22436177 + -0.23 0.27 3.5E-02 0.13 DMRTA1 

chr11 129442869 129443874 + -0.22 0.14 3.5E-02 0.13 APLP2 

chr10 18984451 18985048 + -0.13 0.27 3.5E-02 0.13 ARL5B 

chr16 31140226 31140871 + -0.24 0.17 3.5E-02 0.13 TRIM72 

chr11 17053254 17054110 - -0.17 0.22 3.5E-02 0.13 RPS13 

chr7 120283648 120284242 - -0.12 0.11 3.6E-02 0.13 TSPAN12 

chr14 28313409 28313938 + 0.07 -0.14 3.6E-02 0.13 C14orf23 

chrX 100490943 100491468 - -0.15 0.03 3.6E-02 0.13 BTK 

chr18 45271846 45272338 - -0.11 0.05 3.7E-02 0.13 RPL17-C18ORF32 

chr18 45271846 45272338 - -0.11 0.05 3.7E-02 0.13 RPL17 

chr18 45271846 45272338 - -0.11 0.05 3.7E-02 0.13 SNORD58B 

chr8 19843358 19843919 + -0.14 0.13 3.7E-02 0.13 LPL 

chr20 61044569 61045097 + -0.23 0.16 3.7E-02 0.13 C20orf11 

chrX 70360230 70360797 + -0.16 0.08 3.8E-02 0.13 GJB1 

chr19 40730494 40731162 - -0.17 0.13 3.8E-02 0.13 ATP4A 

chr12 47648751 47649299 - -0.17 0.09 3.8E-02 0.13 WNT10B 
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chr17 7084638 7085220 - -0.11 0.01 3.8E-02 0.13 CTDNEP1 

chr17 7084638 7085220 - -0.11 0.01 3.8E-02 0.13 GABARAP 

chr13 38163297 38163822 + -0.12 0.26 3.8E-02 0.13 FREM2 

chr8 81245286 81245745 - -0.18 0.07 3.8E-02 0.13 TPD52 

chr3 194442742 194443333 + -0.14 0.05 3.8E-02 0.13 HRASLS 

chr3 194442742 194443333 + -0.14 0.05 3.8E-02 0.13 MGC2889 

chr2 9482490 9483232 + -0.35 0.16 3.8E-02 0.13 CPSF3 

chrX 113726128 113726653 + -0.14 0.04 3.8E-02 0.13 HTR2C 

chr17 33873596 33874124 + -0.17 0.05 3.8E-02 0.13 ARHGAP23 

chr2 73315753 73316506 + -0.13 0.14 3.8E-02 0.13 CCT7 

chrX 9401174 9401806 + -0.18 0.25 3.9E-02 0.13 TBL1X 

chr7 6179112 6179634 - 0.13 -0.07 3.9E-02 0.13 CYTH3 

chr17 33862654 33863074 + -0.23 0.08 3.9E-02 0.13 ARHGAP23 

chr12 107571939 107575062 - -0.13 0.11 3.9E-02 0.13 CORO1C 

chr2 241857067 241857595 - -0.07 0.26 3.9E-02 0.13 HDLBP 

chr1 154314843 154315422 - -0.15 0.27 3.9E-02 0.13 MEX3A 

chr1 32442122 32442679 + -0.11 0.17 3.9E-02 0.13 CCDC28B 

chr1 32442122 32442679 + -0.11 0.17 3.9E-02 0.13 IQCC 

chr8 10502949 10503579 - -0.14 0.24 3.9E-02 0.13 RP1L1 

chr11 6586698 6587224 + -0.16 0.22 3.9E-02 0.13 ILK 

chr11 6586698 6587224 - -0.16 0.22 3.9E-02 0.13 TAF10 

chr11 6586698 6587224 - -0.16 0.22 3.9E-02 0.13 TPP1 

chr11 66949660 66951976 + -0.19 0.12 3.9E-02 0.13 RPS6KB2 

chr2 97645203 97645688 - -0.14 0.08 4.0E-02 0.13 ACTR1B 

chr10 79064449 79064961 - -0.11 0.02 4.0E-02 0.13 KCNMA1 

chr19 50235063 50235555 + -0.16 0.17 4.0E-02 0.13 CLASRP 

chr2 238198882 238199431 + -0.11 0.21 4.0E-02 0.13 LRRFIP1 

chr21 44230555 44231116 + -0.18 0.08 4.0E-02 0.13 AGPAT3 

chr15 81410867 81411320 - -0.10 0.10 4.0E-02 0.13 HOMER2 

chr19 44030070 44030901 - -0.19 0.09 4.1E-02 0.13 HNRNPL 

chr3 161187883 161188548 + -0.15 0.25 4.1E-02 0.13 IL12A 

chr7 6582296 6582791 + -0.18 0.25 4.1E-02 0.13 ZDHHC4 

chr6 150501718 150502280 + -0.15 0.21 4.1E-02 0.13 PPP1R14C 

chr16 54780036 54780705 - -0.15 0.08 4.1E-02 0.13 DKFZP434H168 

chr16 54780036 54780705 + -0.15 0.08 4.1E-02 0.13 GNAO1 

chr16 54780036 54780705 - -0.15 0.08 4.1E-02 0.13 LOC283856 

chr1 31853842 31854363 + -0.15 0.22 4.2E-02 0.13 HCRTR1 

chr7 142690513 142691038 + -0.18 0.20 4.2E-02 0.13 TMEM139 

chr4 7099357 7099921 + -0.07 0.14 4.2E-02 0.13 TADA2B 

chr11 63767443 63767896 + -0.15 0.28 4.2E-02 0.13 FKBP2 

chr11 63767443 63767896 - -0.15 0.28 4.2E-02 0.13 PPP1R14B 

chr15 41573307 41573927 - -0.13 0.07 4.2E-02 0.13 TP53BP1 

chr16 65169614 65170214 + -0.11 0.17 4.2E-02 0.13 CKLF-CMTM1 
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chr16 65169614 65170214 + -0.11 0.17 4.2E-02 0.13 CMTM1 

chr16 65169614 65170214 + -0.11 0.17 4.2E-02 0.13 CMTM2 

chr4 187530917 187531475 - -0.15 0.13 4.2E-02 0.13 LOC285441 

chr12 31999188 31999939 + -0.18 0.22 4.2E-02 0.13 C12orf35 

chr2 25325753 25326311 - -0.04 0.24 4.2E-02 0.13 DNMT3A 

chr14 23779701 23780226 - -0.17 0.27 4.2E-02 0.13 TINF2 

chr13 22939387 22939912 + -0.19 0.11 4.3E-02 0.13 LINC00327 

chr20 36321174 36321881 - -0.15 0.00 4.3E-02 0.13 KIAA1755 

chr11 22320376 22320800 + 0.10 -0.16 4.3E-02 0.13 SLC17A6 

chr7 4866074 4866527 - -0.26 0.21 4.4E-02 0.13 PAPOLB 

chr7 4866074 4866527 - -0.26 0.21 4.4E-02 0.13 RADIL 

chrX 96026295 96026845 + -0.13 0.16 4.4E-02 0.13 DIAPH2 

chrX 96026295 96026845 + -0.13 0.16 4.4E-02 0.13 RPA4 

chr11 31781425 31781989 - 0.09 -0.10 4.4E-02 0.13 PAX6 

chr17 33859199 33859763 + -0.18 0.09 4.4E-02 0.13 ARHGAP23 

chr18 9696406 9696970 + -0.16 0.22 4.4E-02 0.13 RAB31 

chr8 22074998 22075518 + -0.11 0.22 4.4E-02 0.13 BMP1 

chr8 22074998 22075518 + -0.11 0.22 4.4E-02 0.13 SFTPC 

chr9 135209461 135210152 - -0.16 0.12 4.4E-02 0.13 SURF1 

chr9 135209461 135210152 + -0.16 0.12 4.4E-02 0.13 SURF2 

chrX 118622830 118623396 - -0.12 0.02 4.4E-02 0.13 NKRF 

chr6 26647985 26648477 + -0.14 0.27 4.4E-02 0.13 HMGN4 

chr19 4916933 4917488 + -0.15 0.11 4.4E-02 0.13 KDM4B 

chr11 125583297 125583846 + -0.08 0.18 4.4E-02 0.13 FAM118B 

chr11 125583297 125583846 - -0.08 0.18 4.4E-02 0.13 RPUSD4 

chr19 54839410 54839998 + -0.18 0.21 4.4E-02 0.13 SCAF1 

chr12 56294287 56294746 + -0.20 0.21 4.5E-02 0.13 ARHGEF25 

chr18 8777822 8778278 + -0.18 0.10 4.5E-02 0.13 CCDC165 

chr12 56310028 56310610 - -0.13 0.06 4.5E-02 0.13 B4GALNT1 

chr3 154034189 154034681 + -0.25 0.16 4.5E-02 0.13 P2RY1 

chr7 82831446 82831935 - -0.16 0.11 4.6E-02 0.13 SEMA3E 

chr12 50715779 50716235 + -0.17 0.10 4.6E-02 0.13 NR4A1 

chr15 99839721 99840282 - -0.11 0.12 4.6E-02 0.13 PCSK6 

chr19 15420185 15420671 + -0.12 0.05 4.6E-02 0.13 MIR1470 

chr19 15420185 15420671 - -0.12 0.05 4.6E-02 0.13 RASAL3 

chr19 15420185 15420671 - -0.12 0.05 4.6E-02 0.13 WIZ 

chr12 47008744 47009236 + -0.06 0.22 4.6E-02 0.13 H1FNT 

chr5 177946841 177947366 - -0.19 0.07 4.6E-02 0.13 COL23A1 

chr15 29409641 29410133 + -0.21 0.09 4.6E-02 0.13 KLF13 

chr6 26138210 26138738 - -0.21 0.23 4.6E-02 0.13 HIST1H2AB 

chr6 26138210 26138738 - -0.21 0.23 4.6E-02 0.13 HIST1H3B 

chr14 67156961 67157483 + -0.13 0.03 4.6E-02 0.13 ARG2 

chr2 105867156 105867576 + -0.17 0.16 4.6E-02 0.13 NCK2 
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chr16 8963040 8963490 - -0.15 0.07 4.7E-02 0.13 USP7 

chr20 60055875 60056406 - 0.12 -0.10 4.7E-02 0.13 TAF4 

chr6 33155034 33155583 - -0.21 0.06 4.7E-02 0.13 HLA-DPA1 

chr6 33155034 33155583 + -0.21 0.06 4.7E-02 0.13 HLA-DPB1 

chr7 126677088 126677508 - -0.16 0.05 4.7E-02 0.13 GRM8 

chr21 15357216 15357666 - -0.08 0.01 4.7E-02 0.13 NRIP1 

chr9 98655007 98655466 - -0.16 0.05 4.7E-02 0.13 ZNF782 

chr11 2672645 2673170 + -0.14 0.12 4.7E-02 0.13 KCNQ1 

chr11 2672645 2673170 - -0.14 0.12 4.7E-02 0.13 KCNQ1OT1 

chr8 79739505 79739991 + -0.21 0.21 4.7E-02 0.13 FAM164A 

chr5 139262484 139262937 - -0.18 0.19 4.7E-02 0.13 NRG2 

chr19 16060922 16061372 + -0.26 0.11 4.7E-02 0.13 TPM4 

chr5 179212218 179212826 - -0.28 0.17 4.7E-02 0.13 C5orf45 

chr1 113061023 113061548 + -0.16 0.18 4.8E-02 0.13 FAM19A3 

chr13 112682119 112682575 + 0.17 -0.12 4.8E-02 0.13 MCF2L 

chr11 2801295 2801823 + -0.26 0.22 4.8E-02 0.13 KCNQ1 

chr16 15654429 15654921 + -0.17 0.10 4.9E-02 0.13 NDE1 

chr2 175056895 175057420 - -0.13 0.22 4.9E-02 0.13 GPR155 

chr10 31342256 31342766 - -0.14 0.12 4.9E-02 0.13 ZNF438 

chr3 46908328 46908745 + -0.21 0.06 4.9E-02 0.13 PTH1R 

chr12 47635774 47636197 - -0.18 0.05 4.9E-02 0.13 ARF3 

chr18 44981829 44982285 - -0.23 0.21 4.9E-02 0.13 DYM 

chr11 64859347 64862294 + -0.14 0.07 5.0E-02 0.13 DPF2 

chr8 1911335 1911899 + -0.14 0.08 5.0E-02 0.13 KBTBD11 

chr1 110001637 110002177 + -0.15 0.17 5.0E-02 0.13 GSTM4 

chr16 4404218 4404674 - -0.17 0.06 5.0E-02 0.13 CORO7-PAM16 

chr16 4404218 4404674 - -0.17 0.06 5.0E-02 0.13 CORO7 

chr16 30695692 30696079 - -0.21 0.13 5.0E-02 0.13 ZNF629 

chr11 111095622 111096114 + -0.07 0.14 5.0E-02 0.13 SIK2 
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