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Abstract 
 

Schizophrenia (SZ) is severe neuropsychiatric disorder with significant costs to the 

individual and society.  Accumulating evidence points to the role of DNA methylation 

(DNAm) in either pathogenesis or as a biomarker of disease risk. Studies done to date 

have been underpowered to detect the small methylation changes that have been observed 

in studies of other common diseases, and have not adequately addressed confounding and 

batch effect issues.  

 

In this work, we present an epigenome-wide study of SZ cases and controls using 1334 

samples from three multi-site consortia: the Consortium on the Genetics of 

Endophenotypes in Schizophrenia [COGS], the Project among African-Americans To 

Explore Risks for Schizophrenia [PAARTNERS], and the Multiplex Multigenerational 

Family Study of Schizophrenia [MGI].  DNAm levels of 456,513 CpGs were assayed 

using the Infinium HumanMethylation450 array (Illumina). Findings were replicated in 

an independent dataset of 497 individuals obtained from the Genomic Psychiatric Cohort 

[GPC]. Robust linear regression adjusting for age, gender, race, smoking status, batch 

effects and cell-type heterogeneity revealed 923 SZ-associated differentially methylated 

positions (SZ-DMPs) in the discovery set, of which 172 were replicated in an 

independent dataset, and some are located in one of the top SZ loci identified by GWAS.  

 

To understand the functional significance of these methylation changes, we performed a 

cross-tissue comparison using methylation data obtained from 431 post-mortem 

prefrontal cortex from SZ cases and controls and tested for association with cognitive 
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endophenotypes. The analysis revealed spatial processing as a critical domain affected in 

SZ, and differential methylation at 17 CpGs overlapped between blood and brain tissues, 

corresponding to 14 genes involved in neurodevelopment. Gene ontology analysis 

revealed overlap of functional pathways among the top results obtained in blood and 

brain discovery datasets. 

 

We also developed a statistical method that estimates and adjusts for cell-type 

composition by decomposing neuronal and non-neuronal differential methylation 

signatures. We applied this algorithm to find cell-specific differentially methylated 

regions (DMRs) between prefrontal cortex and hippocampus, and demonstrated the 

universal utility of this method by applying it to both CHARM and Infinium 

HumanMethylation450 array data. Taken together, the methylation results and integration 

with genotypic, endophenotypic data and across tissues, as well as  and the statistical 

framework presented here, constitutes an important contribution to the field of psychiatric 

epigenomics. 

 

Thesis Advisor: Andrew P. Feinberg, MD, MPH 

Thesis Readers: Andrew P. Feinberg, MD, MPH and Margaret Daniele Fallin, PhD 
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Chapter 1- Introduction 

Schizophrenia: A clinically and biologically 

heterogeneous disease 

 
Schizophrenia (SZ) is a complex, debilitating and heterogeneous neurodevelopmental 

disorder affecting 1% of the population worldwide, with significant costs to the 

individual and society. There are three categories of symptoms: positive symptoms 

(consisting of paranoia, delusions and hallucinations), negative symptoms (apathy, social 

withdrawal and anhedonia), and cognitive impairment [1]. While the symptoms of the 

disease typically start around adolescence with positive symptoms that relapse and remit, 

the negative and cognitive symptoms are chronic and cause life-long disability [2]. 

 

The diagnosis of SZ is clinical, based on the patient’s history and mental state exam, and 

using criteria embodied in the DSM-5 or the WHO International Classification of 

Diseases (ICD). While this syndromic approach is helpful in the clinical setting, it does 

not encompass a homogeneous underlying pathogenesis. Current treatments are not 

efficacious for the most disabling symptoms, such as the cognitive deficits and negative 

domains described above, and have significant adverse effects [3]. Therefore, developing 

prevention strategies, as well as the next generation of treatments, requires a deeper 

understanding of the molecular disruptions contributing to SZ in the human brain [4]. 
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1.1 Genetic architecture 

Genetic epidemiological studies have greatly contributed towards understanding genetic 

risk in SZ. Heritability estimates are around 80% [5], and the disease is highly polygenic. 

Multiple common variants (i.e. TCF4 on chromosome 18q21, ZNF804A on chromosome 

2q32.1, RELN on chromosome 7q22, NRGN on chromosome 11q24, RBP1 on 

chromosome 3q23, PLXNA2 on chromosome 1q32, and polymorphisms across the major 

histocompatibility complex MHC) [6, 7], recurrent and de novo copy number variants 

(i.e. deletions in chromosomes1q21.1, 15q13.3 and 22q11) [8], and rare mutations [9] 

[10] have been identified. The Psychiatric Genomics Consortium [PGC2] in the latest SZ 

genome-wide association study (GWAS) identified 108 loci [11] containing regions of 

regulatory DNA with modest effect sizes [12]. Despite this complex picture, the evidence 

accumulated so far suggests convergence into relevant biological processes such as 

synapsis, calcium and glutamate channel and dopamine receptor D2 function, providing a 

link to cognitive dysfunction. Variants seen across the MHC locus, as well as outside the 

MHC, also point to the potential role of immune and inflammatory processes in the 

disease [1]. 

 

Genetic risk in SZ has been shown to be pleiotropic, that is, one gene affects multiple 

phenotypic traits in the brain. Common risk variants for SZ also play a role in bipolar 

disorder, major depressive disorder, attention deficit disorder, and autism spectrum 

disorder [13], suggesting overlapping molecular mechanisms across psychiatric diseases 

and highlighting the inadequacy of current clinical diagnostic categories. 
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Concordance rates for monozygotic twins are 48 to 50%, suggesting a role for non-

genetic factors as well [14]. Environmental risk factors include growing up in urban, 

lower socio-economic settings [15], and maternal factors such as prenatal infections [16], 

nutritional deficiencies [17] and obstetric complications [18]. Evidence from the Dutch 

and Chinese famine suggested that exposure to severe famine during pregnancy doubled 

the risk of SZ in the offspring [19, 20]. The possible molecular mechanisms underlying 

the environmental risks will be further discussed in the epigenetic mechanisms section.  

1.2 Cognitive Endophenotypes in SZ 

Intermediate phenotypes, also called endophenotypes, have been employed as a tool to 

reduce the heterogeneity of SZ and the complexity of symptoms for genetic analysis [21]. 

These endophenotypes are stable, quantitative traits that segregate with the illness, 

providing valuable information about heritability and susceptibility genes. Viable 

endophenotypes are (1) associated with SZ, (2) are highly heritable, showing deficits in 

patients as well as unaffected family members, (3) are stable and reproducible, (4) 

segregate with SZ and (5) reflect and underlying neural circuit pathophysiology [22] [23]. 

 

Computerized neurocognitive batteries have been developed to objectively measure such 

phenotypes in the laboratory, and for this thesis work, we employed neurocognitive 

endophenotypes measured with a computerized neurocognitive battery (CNB) of subjects 

across three consortia studies of SZ for which we also had blood data: COGS [24], MGI 

[25], and PAARTNERS [26]. The CNB evaluates responses for abstraction and mental 

flexibility, attention, verbal, face, spatial and working memory, language, and spatial, 
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emotion and sensorimotor processing, all neurocognitive domains implicated in SZ [27]. 

Although each is scored independently, they are inherently correlated; therefore, factor 

analysis is often needed when analyzing families. Because dysfunctions in these 

pathways can reflect the environmental factors implicated in SZ as well as underlying 

genetic vulnerability, they can provide a unique insight into gene-environment 

interactions. 

1.3 Epigenetic mechanisms in SZ 

Epigenetics refers to “modifications of the DNA or associated proteins, other than DNA 

sequence variation itself, that carry information content during cell division" [28]. These 

modifications influence gene expression through mechanisms including DNA 

modifications, post-translational histone modifications, opening of chromatin, and long-

range chromatin interactions. Besides playing critical roles during embryogenesis and 

across the life span, these processes can confer complex disease susceptibility, as they 

have a genetic component but can be modified by the environment, providing a potential 

link between exposures, genetic risk and SZ. The lack of complete concordance in 

monozygotic twins, the sexual dimorphism, the sporadic onset of symptoms in late 

adolescence, along with its episodic nature and apparent relationship to stress [29] are 

some of the features consistent with an epigenetic contribution to SZ. 

 

DNA methylation (DNAm) is a stable and well-characterized epigenetic mechanism, and 

has been the focus of most studies in psychiatric epigenetics. It involves the transfer of a 

methyl group to position 5 of the cytosine pyrimidine ring of a CpG dinucleotide. DNAm 
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depends on the availability of dietary methyl-donors and cofactors required for the 

formation of S-adenosylmethionine (SAM), including folate, methionine, choline and 

vitamins B12, B2 and B6. Treatment with l-methionine induced psychotic symptoms in 

individuals with SZ in experiments conducted in the 1960s [30] [31].  

 

DNAm at CpG dinucleotides is heritable during cell division because the two daughter 

strands contain hemimethylated DNA, and DNA methyltransferases add a methyl group 

to the cytosines in the daughter strand [32]. Lower DNAm levels at CpG-rich regions, 

called CpG islands, is associated with higher gene expression [33]. Surrounding regions, 

called CpG island shores, are also involved in gene expression as well as tissue 

differentiation [34]. At enhancers, localized demethylation stabilizes transcription factor 

binding, which in turn also ensures gene expression of activated target genes [35]. 

DNAm in intra- or intergenic regions is associated with alternative promoter usage [36], 

and gene body DNAm is associated with enhanced transcription [37]. Although the 

majority of DNAm is found at CpG dinucleotides, up to 25% of methylated cytosines 

occur at non-CpG sites (mCH)[38]. The recent discovery of active demethylation by the 

ten-eleven translocation (TET) proteins, which oxidize 5-methylcytosine(5mC) into 5-

hydroxymethylcytosine (5hmC), accompanied by the enrichment of 5hmC in neurons, 

suggests a role for TET in brain development. Further breakdown products include 5-

formylcytosine (5fC) and 5-carboxycytosine (5caC) [39] [40].  

 

These modifications suggest that remodeling of the DNA methylome during development 

is a dynamic process implicated in the impact of the environment on neuronal cells. Brain 
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development from fetal to young adult exhibits extensive methylome reconfiguration, as 

well accumulation of mCH methylation in neurons but not in glia [41]. DNAm has been 

shown to contribute to memory formation [42], synaptic plasticity [43], reversible 

behavior in honeybees [44], and addiction [45]. Neurodevelopmental disorders have been 

associated to mutations in DNA methyltransferases (Immunodeficiency, centromeric 

instability, and facial anomalies syndrome) [46] and methyl-CpG-binding proteins (Rett 

syndrome) [47] [48]. Such dynamic mechanisms pose challenges for assaying and 

analysis, as they are cell-type specific [49], change over time, are sensitive to 

physiological perturbations, and require specific platforms for detection. 

 

1.3.1 Epigenetic epidemiology and EWAS in SZ 

The field of epigenetic epidemiology, a combination of classic population-based 

epidemiological approaches and emerging epigenomic technologies, spawned from the 

recognition of epigenetic variation in disease. Epigenome-wide association studies 

(EWAS) investigate the differences in DNA methylation associated with a particular 

phenotype and environmental exposure, similarly to how genome-wide association 

studies (GWAS) investigate the association of genetic variability and phenotype.  

 

The availability of cost-effective, high-throughput profiling methods for quantifying 

DNA methylation has made EWAS a popular approach to search for a mechanistic link 

between genetics, exposures and complex disease, or for biomarkers of exposure, 

depending on the study design [50]. However, these studies are more complex to conduct 

and interpret than GWAS. DNA methylation is a binary mark at the single molecule 
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level, but at the tissue level, it becomes an average that reflects the percentage of cells 

that are methylated at any given CpG site. Therefore, the methods for analysis differ from 

those used for the categorical genotypes in GWAS. The cell-type specificity and dynamic 

nature of the epigenetic processes also means that, in addition to study design, additional 

important confounding factors need to be considered when planning and conducting an 

EWAS, such as tissue used, age, sex, and lifestyle environmental exposures.  

 

To date, several EWAS have been conducted using a variety of technologies to assess the 

methylome of individuals with SZ, using post-mortem brain (mostly dorsolateral 

prefrontal cortex) and blood tissues. Candidate gene studies in post-mortem brains of 

patients with SZ found differential methylation in RELN, COMT, HTR2A, OPRM and 

BDNF [51] [52]. After Mill et al. [53] first reported their comprehensive DNA 

methylation analysis of prefrontal cortex in SZ patients using 12,192 CpG-island 

microarrays, several other studies have been performed [54] [55] [56], revealing 

differential genome-wide patterns, but the sample sizes and number of CpGs interrogated 

have been limited. The largest studies to date were published last year by Hannon et al. 

[57] and Jaffe et al. [58], and we were able to incorporate data from the latter in Chapter 

2 of this thesis work. 

 

In contrast to studies using brain tissue, those using peripheral tissue samples such as 

blood can be conducted with larger sample sizes and the potential of multiple data points 

for collection. Several case-control, small-scale studies using blood have been performed 

[59] [60] [61] [62] [63]. Only two large-scale methylome study of equivalent size to ours 
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presented in Chapter 1 of this thesis work has been performed to date, one in 2014 using 

a methylated DNA enrichment method (methyl-cpG binding domain protein-enriched 

genome sequencing, MBD-seq) in a Swedish population [64] and a second in 2016 using 

the Illumina Infinium 450K arrays [65]. Of all of these studies, only two [63, 65] 

calculated and accounted for cell heterogeneity in the statistical modeling, a critical step 

that, if ignored, can lead to false positive results [66, 67]. Remarkably, although all three 

major studies performed stringent statistical analysis and replication, there is little overlap 

of differentially methylated sites across them [68], which could be in part due to 

race/ethnicity differences across the populations studied. 

1.3.2 Methylation QTLs in SZ – coupling DNA methylation and genetic 

variation 

Underlying genotype can influence epigenetic variation [69]; thus, integrating GWAS 

and EWAS is required to unmask potential gene-environment interactions. Genomic loci 

containing genetic variants that affect DNAm levels are known as meQTLs (methylation 

quantitative trait loci), and can involve SNPs that create or abolish CpGs (CpG-SNPs) 

[70] [71]. For most meQTLs, correlations in cis are the most pronounced. Such CpG-

SNPs can potentially influence transcription factor binding, chromatin conformation, 

gene expression, and RNA splicing.  

 

Accumulating evidence from two recent studies shows that brain meQTLs can potentially 

couple common genetic variants conferring risk for SZ and altered DNAm. Jaffe and 

coworkers showed that 62 out of 104 PGC SZ risk loci contain a meQTL. However, SZ-

associated CpGs were not found to be meQTLs to any SZ risk SNP [58]. In a similar 
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approach, Hannon and coworkers showed that fetal meQTLs persist in the adult brain and 

are enriched fourfold for PGC SZ risk loci [57]. Overall, these findings suggest a role for 

epigenomic disturbance during developmentally vulnerable periods in the etiology of SZ, 

but causal variants are yet to be identified. 

1.4 Challenges to characterizing epigenetic variation in SZ 

Research on the role of the DNA methylome in psychiatric disease is still in its infancy, 

with limited guidelines on how to properly design and conduct scientifically rigorous and 

meaningful EWAS. In the case of SZ, the brain is inaccessible for the majority of 

patients, making studies using blood tissue valuable. However, using a surrogate tissue 

poses significant challenges, such as tissue heterogeneity. This barrier can be overcome 

by either using purified single cell types, or, more conveniently, by in silico calculation 

and statistical adjustment of cell-type proportions in individual samples using cell-type 

specific methylation signatures [72]. Failure to do so can obscure true changes or reveal 

false positive results related to cellular composition and not associated with a genuine 

difference due to disease. Other important confounding variables that affect the 

methylome include age, sex, race/ethnicity, smoking habits, and antipsychotic 

medications, in addition to batch effects and technical variability. Moreover, effect sizes 

are small (typically less than 5%), so a large number of samples is needed to detect subtle 

effects. The biggest obstacle is understanding the correlation and relevance of 

methylation changes in blood to changes in brain tissue. This uncertainty necessitates 

paired blood/tissue studies in the same individuals, an enormous and costly task given the 

sample sizes required as discussed above [50]. 
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Studies using brain tissue are also fraught with challenges. To date, most studies 

exploring DNA methylation changes in SZ have focused on the prefrontal areas of the 

cerebral cortex. However, it remains unclear which functional brain regions and 

subregions are involved in the pathophysiology of SZ. Also, each region is organized into 

multiple layers of neurons and glia throughout the cortex, each with their own 

epigenomes and transcriptomes [49]. Even just among neurons, there is remarkable 

phenotypic diversity [73], and neuronal epigenomes experience dynamic changes 

throughout development [41] and in disease states, as oligodendrocyte and microglia 

changes have been linked to neurodegenerative disorders. Some of these barriers can be 

circumvented by isolating more homogeneous populations using cell sorting based on 

NeuN, a nuclear neuronal marker [74]. This is the approach we took in Chapter 4, where 

we present a method we developed to estimate cell-composition using DNAm from 

sorted neurons and glia. Guintivano and coworkers [75] also developed an alternative 

method to correct for cellular heterogeneity. Other critical technical issues unique to post-

mortem brain tissue storage include pH, refrigeration temperature, thawing conditions, 

post-mortem brain interval (time between death and freezing of the tissue). The scarcity 

of high-quality, well phenotyped samples has led to the publication of small cohort 

studies whose results have thus far been difficult to replicate. 
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1.5 Methodology used for comprehensive analysis of DNA 

methylation 

To address the barriers discussed above, we developed an experimental and statistical 

pipeline for assaying and analysis of genome-wide DNAm. The methylome was 

examined using two arrays: CHARM (comprehensive high-throughput array-based 

relative methylation), using methylation-sensitive restriction enzymes; and Illumina’s 

Infinium HumanMethylation450 array, using two different bead types to detect 

methylation in bisulfite-treated DNA. Both will be discussed briefly here and more in 

detail in the method sections of each chapter. 

 

CHARM was a method developed in-house [76] and used at the beginning of this thesis 

work and in the work presented in Chapter 4. After DNA isolation, samples were sheared 

to a range of 1.5-3 kb and split into two aliquots: one for McrBC restriction digestion of 

methylated DNA (yielding the unmethylated DNA fraction), and one for mock digestion 

(representing total input DNA). The unmethylated and total fractions are labeled with 

Cy5 and Cy3 dyes, and samples are hybridized using a custom design on the NimbleGen 

platform after careful randomization to avoid batch effects. The density of the array 

improved from 2.1 million features to over 7 million over the course of 5 years. Samples 

belonging to a single experiment were preprocessed together. For each feature in the 

microarray, M values (log ratios of intensities) were calculated and genome-weighted 

smoothing was performed for regional based analysis, correlating neighboring CpG 

probes’ intensities to borrow information from neighboring sites. Region-based statistical 
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tests such as “bumphunting” [77] were employed to detect differentially methylated 

regions (DMRs) using statistical regression models that took into account cell proportions 

and batch effects. This method did not allow for base pair level resolution. Statistically 

significant regions were mapped to genes and subjected to gene set enrichment and 

pathway analyses. 

 

The Infinium HumanMethylation450 array arose as an extension of an earlier BeadChip, 

the HumanMethylation27 array, and as a high-throughput and cost-effective alternative to 

CHARM. Although it allowed for much faster processing of samples and quantification 

of DNAm at the single site level, it only covered a subset of functional CpG sites in the 

genome [78]. The array contains 485,512 probes, interrogating CpG islands, shores, 

miRNA promoters and selected non-CpG sites [79]. We employed this method for the 

work presented in Chapters 1 and 2, where thousands of samples were assayed. The 

method uses sodium bisulfite to modify unmethylated cytosine to uracil. The bisulfite-

converted DNA is then analyzed on bead arrays. Of note, using this standard method does 

not discriminate between methylation and hydroxymethylation. The minfi Bioconductor 

statistical package [80] was employed for preprocessing, quality control, and 

normalization, removing low-quality probes, probes that overlap with SNPs, and those 

that cross-hybridize to sex chromosomes or multiple genomic locations. Batch effects 

were identified, cell proportions calculated statistically and sex and race/ethnicity 

predictions were confirmed with phenotype data and modeled in robust linear regression 

analyses of differentially methylated positions (DMPs). DMRs and block finding were 

also called and assessed for statistical significance, using the false discovery rate to adjust 
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for multiple testing. In similar fashion to CHARM results, bioinformatics tools for 

enrichment analysis were employed to assess the functional significance of the results. 

1.6 Research objectives and summary of thesis work 

Our overarching goal was to identify genome-wide DNAm differences that distinguish 

individuals with SZ and controls. The following is a summary of the work presented in 

this thesis: 

1. In chapter 2, we set to perform the largest epigenome-wide study to date, using a well-

planned and powered study design of 1334 individuals and stringent statistically methods 

that accounted for cell type heterogeneity, race/ethnicity, smoking status and batch 

effects in a diverse population of Caucasians and African Americans. High-confidence 

findings were replicated in an independent dataset of 497 individuals. We integrated 

genome-wide methylation results with genotype data obtained from a subset of 

individuals as well as published GWAS data. This work was published in the journal 

JAMA Psychiatry in 2016 [81]. 

2. In Chapter 3, we sought to replicate findings from blood tissue in prefrontal cortex of 

adult affected individuals, as parallel signals in both tissues could unveil disease 

pathophysiology and/or serve as biomarkers of disease. We also investigated the 

association of replicated findings with available neurocognitive endophenotypes obtained 

from a computerized battery to further understand the biological processes implicated by 

the epigenetic marks from our recently published EWAS presented in Chapter 1. This 

work has been submitted to the journal Biological Psychiatry. 
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In Chapter 4, we present a method we developed to deconvolve cell-specific methylation 

signatures in the brain. Adapting a statistical method originally developed to estimate cell 

type proportions in blood [72], and taking advantage of neuronal-specific cell sorting, we 

measured genome-wide DNAm profiles in samples from dorsolateral prefrontal and 

temporal cortex as well as hippocampus, to calculate neuronal and glial proportions for 

unsorted samples. We show that failure to account for cell type heterogeneity can lead to 

false positive results. This work was published in the journal Genome Biology in 2013 

[82].   
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2.1 Abstract 

Importance: DNA methylation may play an important role in schizophrenia (SZ), either 

directly as a mechanism of pathogenesis or as a biomarker of risk. 

Objective: To scan genome-wide DNA methylation data to identify differentially 

methylated CpGs between SZ cases and controls. 

Design: Epigenome-wide association study begun in 2008 using DNA methylation levels 

of 456,513 CpG loci measured on the Infinium HumanMethylation450 array (Illumina) in 

a consortium of case-control studies for initial discovery and in an independent 

replication set. Primary analyses used general linear regression, adjusting for age, gender, 

race, smoking, batch and cell type heterogeneity. The discovery set contained 689 SZ 

cases and 645 controls (N=1334), from three multi-site consortia: the Consortium on the 

Genetics of Endophenotypes in Schizophrenia (COGS), the Project among African-

Americans To Explore Risks for Schizophrenia (PAARTNERS), and the Multiplex 

Multigenerational Family Study of Schizophrenia (MGI). The replication set contained 

247 SZ cases and 250 controls (N=497) from the Genomic Psychiatry Cohort (GPC).  

Main outcomes and measures: Identification of differentially methylated positions 

(DMPs) across the genome in SZ cases compared to controls. 

Results: Of the 689 case participants in the discovery set, 477(69%) were men and 258 

(37%) were non–African American; of the 645 controls, 273 (42%) were men and 419 

(65%) were non–African American. In our replication set, cases/controls were 76% male 

and 100% non–African American. We identified SZ-associated methylation differences 

at 923 CpGs in the discovery set (false discovery rate, <0.2). Of these, 625 showed 

changes in the same direction including 172 with P < .05 in the replication set. Some 
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replicated differentially methylated positions are located in a top-ranked SZ region from 

genome-wide association study analyses. 

Conclusions and relevance: This analysis identified 172 replicated new associations 

with SZ after careful correction for cell type heterogeneity and other potential 

confounders. The overlap with previous GWAS data can provide potential insights into 

the functional relevance of genetic signals for SZ.  
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2.2 Introduction 

Schizophrenia (SZ) is a neurodevelopmental disorder affecting 1% of the population 

worldwide, often resulting in life-long disability [1]. Treatments are not efficacious for 

the most disabling symptoms, such as deficits in working memory, attention, and social 

cognition [2]. Understanding the underlying biology of SZ can inform both treatment and 

prevention strategies. Heritability estimates are high (70-81%) and some genetic variants 

have now been identified [3] including multiple common variants [4,5], copy number 

variants [6], and rare mutations [7,8]. The Psychiatric Genomics Consortium (PGC2) has 

identified 108 loci [9]; despite its size, this study has highlighted modest effect sizes and 

the importance of regulatory DNA [10]. Mechanistic studies in transgenic animals have 

significant limitations, as animal models have different brain structures and cannot fully 

recapitulate the phenotypic components of SZ [11]. 

 

Discordance rates between monozygotic twins are 48 to 50%, reflecting a complex 

genetic architecture and a role for non-genetic factors in the etiology of SZ [12]. 

Environmental risk factors include growing up in lower socio-economic and urban 

environments [13], prenatal infections [14], obstetric complications [15] and maternal 

malnutrition [16]. Some of these environmental factors, such as obstetric complications, 

can interact with genetic risk factors to alter risk or worsen the course of SZ [17]. 

 

Epigenetic processes, which can be modified by environment but also have a genetic 

component and regulate genetic signals, have been postulated as links between 

environmental exposures, genetic risk, and SZ.  Epigenetics refers to heritable 



 

 30 

modifications of DNA or associated factors that have information content beyond the 

primary DNA sequence. DNA methylation (DNAm), a stable modification of cytosines 

in CpG dinucleotides, regulates neurobiological processes and is implicated in disorders 

such as Rett syndrome [18]. DNAm depends on dietary sources of the essential amino 

acid methionine, and periods of famine have doubled SZ risk [19,20]. The later onset of 

SZ, its episodic nature, and the induction of psychotic episodes upon treatment with l-

methionine [21] also suggest a role for epigenetics.  

 

Several case-control studies using blood [22-26] and post-mortem brain tissues [27-30] 

have revealed differential genome-wide methylation patterns, but the number of CpGs 

interrogated and sample sizes have been limited. To our knowledge, only one large-scale 

methylome study of SZ of equivalent size to ours has been published. It used a 

methylated DNA enrichment method (methyl-CpG binding domain protein-enriched 

genome sequencing) in a Swedish population [31], but did not account for cell 

heterogeneity in blood, which can lead to false positive results [32,33]. Only one of the 

smaller studies incorporated this critical step in their analysis [26].  

 

In this study, we described a comprehensive analysis of genome-scale DNAm in a SZ 

case-control consortium and its relationship to genetic variation. We profiled genome-

wide DNAm in 1334 blood samples using the Illumina HumanMethylation450 

BeadChip, accounting for cell type heterogeneity, to identify DNAm associated with 

disease. High-confidence findings were replicated in an independent set of 497 

individuals. We established genotypic-methylation relationships and integrated these 
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results with published GWAS data. This study supports the importance of integrating 

DNAm and quantitative trait analyses into population-based SZ genomic analysis.  

2.3 Methods 

Study samples  

Table S1 in the Supplement describes the demographic characteristics of the discovery 

and replication samples. The discovery set consisted of 1334 blood-derived DNA samples 

(689 SZ cases, 645 controls) from a population of probands and controls derived from the 

collaborative efforts of three ongoing, National Institute of Mental Health-funded, multi-

site consortia: the Consortium on the Genetics of Endophenotypes in Schizophrenia 

(COGS) [34], the Project among African-Americans To Explore Risks for Schizophrenia 

(PAARTNERS) [35], and the Multiplex Multigenerational Family Study of 

Schizophrenia (MGI) [36]. In the replication stage, 497 independent samples (247 SZ 

cases, 250 controls) from the Genomic Psychiatry Cohort (GPC)[37] were frequency 

matched with respect to smoking status, age, and sex. Written informed consent was 

obtained from all individuals, and the study was approved by the Johns Hopkins 

Medicine Office of Human Subjects Research Institutional Review Board and the 

Consortium on the Genetics of Endophenotypes in Schizo- phrenia, the Project Among 

African-Americans to Explore Risks for Schizophrenia, the Multiplex Multigenerational 

Family Study of Schizophrenia, and the Genomic Psychiatry Cohort. 
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Phenotype assessment 

Eligible probands were at least 18 years of age and received SZ diagnosis according to 

the DSM-IV. Participants from PAARTNERS self-identified as African-American and 

had family members available for assessment. Diagnostic assessment was performed 

using the Diagnostic Interview for Genetic Studies (DIGS), along with medical records. 

MGI probands were of European American descent from multigenerational families with 

at least one affected family member with SZ or schizoaffective disorder. COGS 

participants had at least one unaffected full sibling. Self-identified race/ethnicity was later 

confirmed with genetic information derived from the Infinium HumanMethylation450 

BeadChip (Illumina) (Figure S1 in the Supplement).  

 

Data processing and statistical modeling 

Microarray processing and Quality Control. Experimental flow is presented in Figure 1. 

All analyses were performed in R v3.1.1, and raw intensity files were preprocessed and 

stratified quantile normalized together using the Bioconductor package minfi v1.8.9 [38].  

Probes on the sex chromosomes were removed, along with probes with annotated single-

nucleotide polymorphisms (SNPs) (via the Single Nucleotide Polymorphism database 

137 [National Center for Biotechnology Information]) in the CpG site (N=16,817) or at 

single base extension sites (N=7,781), which left a total of 456,513 autosomal probes for 

calculation of beta scale methylation ratios and association analysis. Of the 2891 unique 

samples in the discovery set (including family members), subsequent samples were 

dropped according to the following quality control measures: (1) median methylated and 

median unmethylated signal average < 10.5 (N=9); (2) separate clustering in first 
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principal component of genome-wide DNAm (N=8); (3) discrepancy between self-

reported gender and predicted gender from DNAm and genotypes (N=18); (4) 

discrepancy between self-reported race/ethnicity and predicted ancestry from DNAm data 

(N=0); (5) missing age, smoking, or phenotype in the database (N=84). After removing 

family members, 1334 samples were left as the discovery arm of the case-control study. 

For the replication set, the same criteria were applied (1 dropped after principal 

component analysis and 2 were incongruent for race/ethnicity prediction). The resulting 

497 samples constituted the replication set. 

 

Identification of SZ-associated differentially methylated positions (DMPs). To identify 

DMPs associated with SZ, we fit a linear regression model using the limma Bioconductor 

package [39]. We tested the association between proportion methylation values (Illumina 

“Beta” scale) and SZ diagnosis status at each CpG site, adjusting for sex, age, race 

(binary African American vs. Non-African American), current smoking status, estimated 

cell proportions for the six cell types, and the first two principal components of the 

negative control probes, as follows: 

 

DNAm ~ β0+β1(Diagnosis)+β2(sex)+β3(age)+β4(current smoking)+β5(race)+β6(CD8T)+β7(CD4T)+β8(NK)+β9(B 

cell)+β10(monocytes)+β11(granulocytes)+β12(PC1 neg ctrl probes )+β13(PC2 neg ctrl probes ) 

 

To adjust for multiple testing, a false discovery rate (FDR) cutoff of <0.2 was employed 

for genome-wide significance. We used all of the samples and adjusted for race to 

improve the power of our study, but also performed three additional race/ethnicity and 
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gender stratified analyses (African American and non-African American only, and male 

only) for clarification of findings. 

 

DNAm[AA] ~ β0+β1(Diagnosis+β2(sex)+β3(age)+β4(current smoking)+β5(CD8T)+β6(CD4T)+β7(NK)+β8(B 

cell)+β9(monocytes)+β10(granulocytes)+β11(PC1 neg ctrl probes)+β12(PC2 neg ctrl probes) 

DNAm[non-AA] ~ β0+β1(Diagnosis+β2(sex)+β3(age)+β4(current smoking)+β5(CD8T)+β6(CD4T)+β7(NK)+β8(B 

cell)+β9(monocytes)+β10(granulocytes)+β11(PC1 neg ctrl probes)+β12(PC2 neg ctrl probes) 

DNAm[males] ~ β0+β1(Diagnosis+β2(age)+β3(current smoking)+β4(race)+β5(CD8T)+β6(CD4T)+β7(NK)+β8(B 

cell)+β9(monocytes)+β10(granulocytes)+β11(PC1 neg ctrl probes)+β12(PC2 neg ctrl probes) 

 

The eMethods in the Supplement include a detailed description of genome-wide 

measurement of DNA methylation, assessment of cell heterogeneity and potential 

confounders, replication analysis, gene ontology and pathway analyses, Illumina genome-

wide genotyping and meQTL analysis. 

2.4 Results 

Estimating and correcting for cell heterogeneity across samples 

In epigenetic studies using DNA from heterogeneous tissue, such as blood, it is critical to 

account for potential confounding by cell type. Each cell type has distinct methylation 

signatures [40], and differences in relative abundance of these cell populations between 

SZ cases and controls can create associations that are not causal. We implemented a 

statistical algorithm that estimates cell proportions based on reference DNAm signatures 

obtained from cell-specific data [32-37,41]. The calculated cell proportions for CD4+ and 

CD8+ T cells, B cells, monocytes, granulocytes and natural killer cells for the discovery 
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and replication sets are presented in Figure S2 in the supplement. The largest statistically 

significant differences in cell proportions between cases and controls were observed in 

CD8+T cells and monocytes, with SZ showing decreased CD8+T cells and increased 

monocytes (CD8+T discovery p-value = 3.80e-9, replication p-value = 2.95e-5; 

monocyte discovery p-value = 3.80e-3, replication p-value = 8.73e-4). Granulocyte 

proportions were also higher among SZ cases in the discovery and replication sets 

(discovery p-value = 0.11, replication p-value = 6.76e-4). CD4+T, NK and B cells did not 

show statistically significant differences in the same direction in both discovery and 

replication sets.  

 

To our knowledge, only one smaller epigenome-wide association study of SZ (N=105) 

has accounted for cell heterogeneity [26]. Our findings are consistent with the magnitude 

and direction of their estimated cell proportion differences. We observed no significant 

association between antipsychotic use and proportions of CD8+T counts (p-value = 

0.623), monocytes (p-value= 0.579), or granulocytes (p-value= 0.535, Figure S3 in the 

Supplement).  

 

Genome-wide methylation differences in discovery and replication sets 

Our discovery sample included 1334 unrelated individuals (689 SZ cases, 645 controls) 

from three large NIMH consortia: COGS, MGI, and PAARTNERS (see eMethods and 

Table S1 in the Supplement for demographic information). Of the 456,513 CpGs 

examined, 945 CpGs were associated with case-control status at an FDR <0.20. 
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We found it critical to account for cell type proportions, even after adjusting for sex, age, 

race/ethnicity, smoking, and batch effects (removing the first two principal components 

of negative control probes). Cell type correction markedly reduced the number of 

significant results (Figure S4, Figure S5 in the Supplement). To assess residual 

confounding after adjusting for cell proportion estimates, we plotted adjusted estimates 

and residual values against cell proportions, and showed that the linear models provided 

an adequate correction for these factors (Figure S6, Figure S7 in the Supplement).  In 

addition to controlling for smoking status, we further removed 294 CpGs directly 

associated with smoking [42,43]. This eliminated 22 CpGs from the discovery results, 

leaving 923 SZ-associated DMPs (Table S2 in the Supplement). 

 

We sought to confirm our results in a replication set of 497 independent samples (247 SZ 

cases, 250 controls). Of the 923 DMPs from the discovery set, 625 (68%) showed 

association in the same direction and 172 (19%) of these had a replication p-value <0.05. 

Quadrant correspondence (proportion of replication CpG effect estimates in the same 

direction as the discovery estimate) was even stronger when considering more stringent 

FDR thresholds among the discovery sample, with 80% correspondence at FDR <0.05 

(Figure 2A). 

 

The location, effect size (magnitude of covariate adjusted methylation change comparing 

SZ cases with controls), and statistical support for each of the 172 replicated SZ-DMPs 

are reported in Table S3 in the Supplement.  The first 15 DMPs with the lowest FDR 

values are presented in Table 1. Among the genes near DMPs, those previously 
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associated with SZ include: RPS6KA1 [44], MAD1L1 [5], KLF13 [45], SULT4A1 [46], 

NPDC1 [47], AUTS2 [48], PIK3R1 [49], and PNPO [50]. We found genes previously 

reported to play a role in neuronal development and function (S100A2, SULT4A1, HES1, 

NTM, MARK4, KIFC3, NPDC1, SCAP, DHCR24, HS6ST1, GAS7, CARD10, DYRK2, 

RPS6KA4, SLC38A10, CUTA, FOXO1, LRFN3, IRS1) and genes involved in both T-cell 

development and neuronal-cell fate (ZC3H12D, TCF3, MAP3K1 and IKZF4). Genes with 

multiple DMPs nearby included two genes previously associated with SZ (DDR1 [51] 

and IFITM1 [52]), a component of the mechanistic target of rapamycin (mTOR) signaling 

pathway that facilitates synaptic plasticity (RPTOR [53]), and a gene critical in 

neurogenesis (NCOR2 [54], Figure 2B,C). Genes with SZ-DMPs near them have the 

same average length as genes on the whole array, but do have more probes per gene. 

 

In male-only analyses, 23 replicated SZ-DMPs were identified (Table S4 in the 

Supplement), 16 of which were among the replicated DMPs in the sex-combined 

analyses. Stratified analysis in non-African American samples revealed similar results, 

although with less statistical significance given the reduction in sample size (Table S5 in 

the Supplement). The African American group showed a greater number of statistically 

significant DMPs, despite the lower sample size, potentially owing to uncorrected 

population stratification among samples of African descent because ethnicity adjustment 

in these data were categorized as African American versus non-African American (Table 

S6 in the Supplement). Preliminary post-hoc analysis of the influence of antipsychotic 

medications on DNAm revealed that atypical antipsychotics exerted the biggest effect. 

We then grouped the SZ cases into two subgroups: one that received atypical 



 

 38 

antipsychotics, and one that received typical antipsychotics only or no treatment. Four out 

of the 172 SZ-DMPs were affected by atypical antipsychotic treatment (p-value ≤0.05), 

with one probe inside of the gene MARCH11 and three near the promoters of the genes 

SATB1 and IFITM1 (Figure S8 in the Supplement). 

 

Pathway and gene ontology analysis 

Statistically significant (FDR < 0.2) functional pathway categories among SZ-DMPs 

included those related to regulation of signaling and signal transduction (Table S7 in the 

Supplement).  While gene ontology is centered on genes, network analysis focuses on 

their physical interactions. Consistent with the gene ontology results, the top three most 

relevant regulatory networks from our pathway analysis included 1) Amino Acid 

Metabolism, Energy Production, Post-Translational Modification; 2) Hereditary Disorder, 

Neurological Disease, Psychological Disorders (Figure S9 in the Supplement); and 3) 

Neurological Disease, Organismal Injury and Abnormalities, Embryonic Development. 

 

Relationship between SZ-DMPs and SZ-associated genetic loci  

Our replicated SZ-DMPs overlap three genetic regions recently identified in a 2014 

Psychiatric Genomics Consortium (PGC2) mega-analysis [9]: regions 7, 11, and 37 from 

that publication list. Enrichment analysis using a Fisher’s exact test was not statistically 

significant (p=0.47); however, the 450K array covers only 87 of the 105 autosomal PGC 

regions. In region 11(chromosome 15), two SZ-SNPs (rs7177338 and rs2071382) are 

associated with methylation at the SZ-DMP (cg25647583), located in an intergenic 

region, equidistantly located (approximately 500 base pairs) between FURIN and FES 



 

 39 

genes (Figure 3A-C, and Table S8 in the Supplement). Notably, we observed the same 

genetic risk association to these SNPs in our data (Figure 3D).  We further assessed the 

potential for DNAm mediation of this genetic risk. We estimated the effect of the SNP 

genotype G on SZ (SZ ~ G), and the effect of the SNP on SZ, adjusting for methylation 

M at the CpG locus (SZ ~ G + M). Conditioning on M did not significantly reduce the 

effect of G on SZ (beta coefficient estimate for G alone = -0.301, p= 0.043; beta 

coefficient estimate for G conditioning on M = -0.280, p= 0.06; Figure 3E), suggesting 

that genotype is controlling M and SZ independently.  

2.5 Discussion 

To our knowledge, our study is the largest epigenome-wide association study of SZ to 

date, using methods robust to cell-type confounding and with supporting genetic data. We 

identified and replicated 172 schizophrenia-associated DMPs in 689 cases and 645 

controls. The small but significant changes in DNA methylation are of similar effect size 

to other methylome studies of complex disorders [33,55,56], and highlight the potential 

usefulness of using blood as a cost-effective surrogate tissue. 

 

The SZ-DMPs discovered in this study include genes important in neuronal function (e.g. 

NCOR2, SULT4A1, HES1), genes previously associated to SZ (e.g. RPS6KA1, MAD1L1, 

DDR1), and genes also involved in T cell development (ZC3H12D, TCF3, and IKZF4). 

Several of the neuronal genes have been implicated in Alzheimer’s disease (AD) 

pathology (SORL1 [57], HES1 [58], MARK4 [59], SCAP [60], DHCR24 [61], GAS7 [62], 
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CARD10 [63], CDC37 [64], CUTA [65], IRS1 [66] and FOXO1 [67]), supporting a 

common network of dysregulation in SZ and Alzheimer disease [68].  

 

Schizophrenia cases exhibited statistically significant lower estimated CD8+T and higher 

monocyte and granulocyte counts than the controls, and these cell proportion differences 

constitute an important confounder of blood epigenetic studies. The direction of bias can 

be positive (as is typically presumed) inflating association signals, or negative, reducing 

ability to see true associations. Cell-specific studies using sorted purified samples are 

ideal, but not always practical in epidemiologic settings, and this adjustment method can 

alleviate some bias associated with this limitation.  

 

To understand the genetic architecture underlying our results, we integrated methylome-

wide data with genotyping information from our samples. The Psychiatric Genomics 

Consortium association results revealed SZ-SNPs controlling the methylation level of an 

SZ-DMP (cg25647583), where the risk allele was associated with lower methylation 

levels in SZ cases. Even though our genotyping dataset was relatively small (N=374), we 

confirmed findings from the large psychiatric consortium meta-analysis.  

 

We attempted to replicate previously published methylome-wide SZ association results. 

One study reported 450K platform findings among two small Japanese study samples 

(N=105 discovery, N=48 replication) [26]. Although this study adjusted for cell 

proportions, the samples were not adequately randomized by diagnosis on the arrays, 

creating batch effects. Attempting to remove this bias using aggressive batch effect 
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correction methods would render the studies non-comparable. We also attempted to 

replicate the recent large (N=1497) case-control study of SZ samples from Sweden [31], 

but the samples were assayed using methyl-CpG binding domain protein-enriched 

genome sequencing, a different technology from the one we used in this study, containing 

largely non-overlapping CpGs. Only one of their 15 replicated methylation blocks 

overlapped probes available on the 450K array. For their top gene, FAM63B, the closest 

450K CpG (cg21149266) lies 126 bp away from their closest validated position (chr15: 

59146756).  We observed no statistically significant difference between SZ cases and 

controls at this position in our discovery set (p-value = 0.115) but detected a difference in 

the same reported direction in our replication set (p-value = 0.002) (Figure S10 in the 

Supplement). 

 

In this emerging area of SZ epigenetics, there is bound to be an initial period of valid and 

interesting differences of opinion and gaps in our knowledge. Moreover, in the case of 

SZ, the brain is inaccessible, making blood studies valuable.  While the effect sizes are 

small, that is also the case with genetic variation [69]. Other issues will require 

clarification, including the relative causal and risk weight of factors associated with SZ 

(diet, medications, stress) and how these factors increase risk or whether they are 

epiphenomena. The more causal interpretation is supported by the well known 

biologically based brain developmental effects of environmental factors such as the 

Dutch Hunger Winter and influenza on the developing brains of embryos. A single study 

cannot answer all of these challenging questions. We will be looking at the relationship 

of the blood results reported in this study and related brain and neurocognitive data in 
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subsequent studies. Future a priori planned GWAS and sequencing of these Consortia 

cohorts and integration with epigenetic analysis in these same subjects will undoubtedly 

add to the value to both approaches. This report will hopefully be a foundational element 

raising as many questions as it resolves in an exciting but novel area of SZ research. 

2.6 Conclusions 

We identified novel differential methylation loci between SZ and control individuals from 

a large diverse population, employing a widely used and cost effective high-throughput 

technology. Using a robust analysis pipeline, with cell proportion correction and 

sequential replication in independent datasets, we provide candidate loci that contribute 

to the knowledge of SZ and possibly other psychoses. These findings lay a firm 

groundwork for the implementation of genome-wide methylation approaches to the 

understanding of neuropsychiatric disorders.  
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Figure 1. Analysis Workflow. Filtering steps and statistical design.
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Figure 2. Changes in DNA methylation are concordant between discovery and replication datasets. (a) Regression coefficients 

of the DNA methylation differences at the top-ranked 150 DMPs in the discovery set are significantly correlated with the coefficients 

found in the replication set (r=0.63, p-value < 2.2e-16). (b) DNA methylation for an individual CpG in the intron of NCOR2, in the 

discovery (top) and replication (bottom) datasets, and corresponding p-values for neighboring CpGs.  
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Figure 3. Genotype-dependent DMP in PGC2 schizophrenia-associated locus. (a) 
PGC2 GWAS locus (region 11) with an overlapping SZ-associated CpG. Dashed lines 

indicate SNP-CpG cis-regulation between the two SZ-SNPs and locus cg25647583. (b) 

Methylation differences between SZ cases and controls at locus cg25647583. (c) 

Association between DNA methylation and genotype. In the PGC2 GWAS, the A allele 

is the risk allele (OR=1.0662). (d) Association between genotype and SZ phenotype. The 

risk allele has increased frequency in our SZ cases. (e) β coefficient estimate of the 

dependence of genotype on SZ phenotype, before and after adjusting for methylation. 

Error bars represent the 95% confidence interval for the estimate of β. 
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Table 1. Genome-wide significant schizophrenia-associated DMPs (top 15) 

Probe chr position 

Illumina 

gene 

annotation 

Genes within 50 kb of 

associated CpG 

Discovery set (N=1334) 
Replication set 

(N=497) 

Δ P value FDR Δ P value 

cg04792777 chr14 106322429 - 

IGHE; IGHG1; IGHD; 

KIAA0125; MIR4507; 

MIR4538; MIR4537; MIR4539 

-0.007 1.06E-07 0.01 -0.008 2.13E-04 

cg13092108 chr1 26857284 RPS6KA1 RPS6KA1; MIR1976 -0.008 1.16E-07 0.01 -0.009 4.38E-05 

cg04962621 chr16 4714733 MGRN1 MGRN1; NUDT16L1; ANKS3 -0.009 1.32E-07 0.01 -0.007 6.95E-05 

cg13997435 chr1 153538406 S100A2 

S100A6; S100A5; S100A4; 

S100A3; S100A2; S100A16; 

S100A14 

-0.007 3.26E-07 0.01 -0.005 2.77E-02 

cg26385126 chr12 124912021 NCOR2 NCOR2 0.006 4.99E-07 0.01 0.010 3.91E-07 

cg07458272 chr19 34744396 KIAA0355 LSM14A; KIAA0355 0.010 5.39E-07 0.01 0.007 2.10E-02 

cg13549638 chr17 78860076 RPTOR RPTOR 0.013 6.70E-07 0.01 0.008 3.72E-02 

cg10975863 chr14 68830704 RAD51B RAD51B 0.011 6.90E-07 0.01 0.010 1.62E-02 

cg22891595 chr3 193570256 - AK091265 (cDNA) 0.011 6.94E-07 0.01 0.006 4.98E-02 

cg06996599 chr6 30619232 C6orf136 

PPP1R10; MRPS18B; ATAT1; 

DHX16; PPP1R18; NRM; 

MDC1 

0.007 9.39E-07 0.02 0.006 3.28E-03 

cg23387863 chr15 77472416 PEAK1 PEAK1 0.010 1.02E-06 0.02 0.011 6.62E-04 

cg25323444 chr7 2111060 MAD1L1 MAD1L1 0.011 1.07E-06 0.02 0.011 2.32E-04 

cg11621113 chr19 12776725 MAN2B1 
ZNF791; MAN2B1; DHPS; 

FBXW9; WDR83; TNPO2; 
-0.008 1.09E-06 0.02 -0.013 8.72E-10 

cg23009327 chr19 1630248 TCF3 MBD3; UQCR11; TCF3 0.010 1.32E-06 0.02 0.007 7.92E-03 

cg12939085 chr11 67166104 PPP1CA 

POLD4; CLCF1; RAD9A; 

PPP1CA; TBC1D10C; 

CARNS1; RPS6KB2; 

PTPRCAP; CORO1B 

0.008 2.45E-06 0.02 0.006 4.65E-03 
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2.8 Supplementary Information 

2.8.1 Supplementary Methods 
 

Genome-wide measurement of DNA methylation 

For the discovery set, whole blood samples from the multi-site consortia were processed 

at the Rutgers University Cell and DNA repository (RUCDR) for DNA isolation using 

Qiagen Autopure LS and the pellets were hydrated in TE buffer. The samples were 

shipped to JHU for analysis, and DNA integrity and concentration were confirmed by gel 

electrophoresis and NanoDrop. A total of 3168 samples, randomized for case-control 

status to minimize batch effects, were hybridized to the Infinium array for the discovery 

set (including technical replicates from 277 blood samples and liver and placenta samples 

across every plate for quality control, and blood samples from family members of 

probands for a separate study). For the replication set, DNA also was isolated at RUCDR. 

Of those, 516 samples were hybridized to the array (with 16 replicates from liver and 

-converted using the EZ 

DNA Methylation™ Kit (Zymo Research, catalog No. D5001), according to the 

manufacturer’s guidelines for the 450K array. DNAm for the discovery and the 

replication sets was measured using the Infinium HumanMethylation450 BeadChip assay 

(Illumina, San Diego, CA). We chose to use the same methylation platform for discovery 

and replication to accurately calculate and model cell proportion differences between 

cases and controls and maximize data harmonization (see Data processing and statistical 

modeling section).  
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Data processing and statistical modeling 

Assessment of cell heterogeneity and potential confounders. Several efforts were made to 

quantify and correct for confounders known to affect DNAm in blood. First, self-reported 

race was confirmed via multidimensional scaling of beta scale methylation ratios from 65 

SNPs selected to discriminate genetic background in the 450K array [1](Figure S1). For 

a subset of samples, the 450K race prediction was confirmed with genotyping data 

(N=374, see genotyping section). Given the large proportion of African American 

participants, samples were separated in two categories: African American (AA) and non-

African American (non-AA). Second, cell proportion estimates for six cell types (CD8+ 

and CD4+ T cells, B cells, monocytes, granulocytes, and natural killer cells) were 

calculated for each sample using software available in the minfi Bioconductor package, 

using an adaptation of a published algorithm [2,3]. Third, we compared gender estimates 

calculated using software available in minfi and from genotype data with self-reported 

gender. Fourth, self-reported current smoking status was ascertained for all individuals, 

and samples with missing smoking information were dropped. Moreover, to ensure that 

potential methylation differences revealed in the present study were not due to residual 

smoking confounding (even after explicitly modeling smoking in linear regression), we 

further removed 294 CpGs associated with smoking status in previous publications from 

our association results [4,5]. Fifth, we used ANOVA to test the effects of medication on 

predicted cell proportions, using the following antipsychotic medication categories: 0=No 

antipsychotics, 1=Typical antipsychotics, 2=Atypical antipsychotics, and 3=Typical and 

Atypical antipsychotics. Sixth, we applied the “Remove Unwanted Variation, 2-step” 
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(RUV-2) method [6] to correct potential batch effects by unmeasured factors, using the 

first two principal components of the raw intensities in the green and red channels of the 

negative control probes of the 450K array.  

 

Replication analysis.  We fit a similar robust linear regression model to that of the 

discovery set, using the same covariates except for race (all of the samples were 

identified as non-AA). We considered only the statistically significant DMPs from the 

discovery results. We applied a threshold of nominal p-value <0.05 and same direction of 

association to declare replication. We also assessed quadrant correlations (akin to a 

Kappa statistic) between the discovery and replication regression estimates across these 

DMPs. Post-hoc analysis to assess the influence of antipsychotic treatment on DNA 

methylation levels was performed using the 679 cases with complete medication 

information, correcting for multiple testing using the Sidak test in the mutoss package [7]. 

 

Gene ontology and pathway analyses. To investigate the potential biological meaning and 

functional significance of the SZ-DMPs identified, we undertook gene ontology and 

pathway analyses. We tested for enrichment of genes for SZ-associated DMPs based on 

Gene Ontology (Biology Processes database) using the GOstats bioconductor package 

[8]. Network analyses were generated through the use of QIAGEN’s Ingenuity Pathway 

Analysis (IPA®, QIAGEN, Redwood City, www.qiagen.com/ingenuity) and GeneMania 

(http://www.genemania.org). 
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Illumina genome-wide genotyping and meQTL analysis. A subset of the case-control 

samples (N=380) were genotyped using the HumanOmni5Exome-4v1 chip. Genotyping 

was conducted at the Genetic Resources Core Facility, Johns Hopkins Institute of Genetic 

Medicine, Baltimore, MD. QC was performed following the CHARGE consortium best 

practices [9]. Samples included for analysis had >99% call rates (N=1 dropped) and 

consistent inferred and recorded gender (N=5 dropped). SNP filtering eliminated 

monomorphic SNPs, those with call rates <95%, and duplicated SNPs. This resulted in 

3,796,870 autosomal SNPs on 374 samples (165 SZ cases and 209 controls). QC and 

quantification of population stratification were performed using the package PLINK 

(http://pngu.mgh.harvard.edu/purcell/plink/). To identify meQTL SNPs, 209 control 

individuals with both DNAm and SNP data were selected, and 456,513 autosomal 

methylation probes were tested for association with autosomal SNPs. Cis-meQTLs were 

selected for having a maximum distance of less than 50 Kb between the CpG and the 

SNP. Analysis was carried out using the package MatrixEQTL and a significance level of 

FDR <0.01 [10]. The PGC2 SZ-associated SNP set was derived from the published 

Psychiatric Genomics Consortium latest mega-analysis [11]. Significance of overlap 

between SZ-DMPs and PGC2 regions was assessed using Fisher’s exact test. To assess 

replication between these studies, we looked for overlap of significant meQTLs with 

statistically significant SZ-SNPs reported by the PGC. 

 

 

http://pngu.mgh.harvard.edu/purcell/plink/
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Figure S1. Self-identified race check using 65 Infinium450K SNPs. MDS plot of beta 

scale methylation ratios from selected SNPs discriminates African American and non-

African American samples. Discovery set African American samples in grey color, 

Discovery non-African American samples in blue, and replication samples in red. All but 

2 replication samples clustered with the non-African American samples. 

 



 

 61 

 

Figure S2. Estimated cell proportion differences in SZ cases vs. controls. Calculated cell proportions in the discovery set (top 

panel) and replication set (bottom panel) for six cell types (CD8+ and CD4+ T cells, monocytes, granulocytes, B cells, and natural 

killer (NK) cells). 
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Figure S3. Association of estimated cell proportions and pharmacological treatment 

in SZ cases. (a) Distribution of SZ probands by treatment categories (No antipsychotic, 

typical antipsychotic, atypical antipsychotics, and combination of both typical and 

atypical). 70% of the probands were treated with atypical antipsychotics. Estimated (b) 

CD8+T counts (p-value = 0.623), (c) monocytes (p-value= 0.579), and (d) and 

granulocytes (p-value= 0.535) in each category. 
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Figure S4. Volcano plots of DMPs with and without adjusting for cell type. (a) Plots 

of –log10 (p-value) against beta scale methylation ratios of the methylation difference 

between SZ cases and controls in the discovery set, without (left) or with (right) cell type 

adjustment. Both models adjust for sex, smoking, age, race, and batch.  (b) Same analysis 

as in (a), but in the replication set. The dashed line represents the approximate p-value for 

an FDR = 0.20, the cutoff used in this study. 
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Figure S5. QQ plots of p-values with and without adjusting for cell type. Expected 

vs. observed P-value distributions from the case-control analysis, for the discovery (a) 

and replication (b) sets.  Blue lines represent the 95% confidence intervals for the null 

distribution. Lambda represents the genomic inflation factor. 
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Figure S6. Testing for residual confounding after regression using loci where CD8+T cell counts and methylation change are 

positively correlated. (a) Top panel shows unadjusted methylation change for locus cg04962621, bottom panel shows methylation 

after adjusting for covariates. (b) Top left, calculated CD8+T cell counts by diagnosis; top right: correlation of calculated CD8+T cell 

counts and unadjusted methylation; bottom left: correlation of calculated CD8+T cell counts and adjusted methylation; bottom right: 

correlation of calculated CD8+T cell counts and residuals from linear regression. (c) and (d) show the same analysis for monocytes 

and granulocytes, respectively. 
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Figure S7. Testing for residual confounding after regression using loci where CD8T cell counts and methylation change are 

negatively correlated. (a) Top panel shows unadjusted methylation change for locus cg11621113, bottom panel shows methylation 

after adjusting for covariates. (b) Top left, calculated CD8+T cell counts by diagnosis; top right: correlation of calculated CD8+T cell 

counts and unadjusted methylation; bottom left: correlation of calculated CD8+T cell counts and adjusted methylation; bottom right: 

correlation of calculated CD8+T cell counts and residuals from linear regression. (c) and (d) show the same analysis for monocytes 

and granulocytes, as in Figure S6.  
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Figure S8. Post-hoc testing for the effect of atypical antipsychotic medication on 

methylation levels. The four methylated loci affected by atypical antipsychotic treatment 

(p-value ≤0.05). They correspond to three genes: MARCH11, SATB2, and IFITM1.  
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Figure S9. IPA Network analysis of genes identified in our genome-wide study. Top two regulatory networks included (a)Amino 

Acid Metabolism, Energy Production, Post-Translational Modification, and (b) Hereditary Disorder, Neurological Disease, 

Psychological Disorders. 
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Figure S10. Methylation levels at closest locus to Aberg et al. MWAS top result 

FAM63B. Methylation levels in the discovery set for cg21149266 in position chr15: 

59146882, 126 bp away from the closest validated position at chr15: 59146756. Left, 

values for discovery set. Right, values for replication set. 
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Table S1. Characteristics of the discovery and replication populations (blood tissue 

samples) 

Variable Controls Cases Total 

Discovery 

No.Participants 645 689 1334 

Sex, n (%) 

        Male 273 (42.3%) 477(69.2%) 

      Female 372 (57.7%) 212(30.8%) 

 Race/Ethnicity, n (%) 

        non-African American 419 (65%) 258 (37.4%) 

      African American 226 (35%) 431 (62.6%) 

 Study, n (%) 

        Study-Cogs  412 (63.9%) 238 (34.5%) 

      Study-MGI 84 (13%)  28 (4.1%) 

      Study-Paartners 149 (23.1%) 423 (61.4%) 

 Age 39.53 37.65 

 Smoking 

        Current Smoker 97(15%) 402(58.3%) 

 Psychiatric treatment, n (%)   

      No antipsychotic 633a(100%) 57 (8.4%) 

      Typical antipsychotic 0 80 (11.8%) 

      Atypical antipsychotic 0 475 (70.0%) 

      Both typical and atypical antipsychotic 0 67 (9.9%)  

 
   

Replication 

No.Participants 250 247 497 

Sex, n (%) 

        Male 190 (76%) 188 (76.1%) 

      Female 60 (24%) 59 (23.9%) 

 Race/Ethnicity, n (%)   

      non-African American 250 (100%) 247 (100%) 

 Age 35.1 34.96 

 Smoker 125 (50%) 123 (49.8%) 
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Table S2. Summary of discovery and replication results 

     

            Discovery Study Replication Study 

FDR  All 

Minus 294 

Smoking 

CpGs 

No. CpGs with Δ methylation in same 

direction 

No. CpGs with Δ methylation in 

different direction % Replication  

P<0.05 P 0.05-0.10 P>0.10 Total P<0.05 P 0.05-0.10 P>0.10 Total 

Quadrant 

Correspondence 

0.05 120 113 36 8 46 90 1 1 21 23 79.65 

0.1 248 234 68 17 94 179 3 3 49 55 76.50 

0.15 547 527 125 29 223 377 9 5 136 150 71.54 

0.2 945 923 172 48 405 625 16 17 265 298 67.71 
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Table S3. SZ-associated DMPs (all samples) 

    

         
Probe 

Illumina 

annotation  

(nearest gene) 

chr position 

Discovery set (N=1334) Replication set 

(N=497) 

Δ Beta P Value FDR Δ Beta P Value 

cg04792777 KIAA0125 chr14 106322429 -0.007 1.06E-07 0.010 -0.008 2.13E-04 

cg13092108 RPS6KA1 chr1 26857284 -0.008 1.16E-07 0.010 -0.009 4.38E-05 

cg04962621 MGRN1 chr16 4714733 -0.009 1.32E-07 0.010 -0.007 6.95E-05 

cg13997435 S100A2 chr1 153538406 -0.007 3.26E-07 0.011 -0.005 2.77E-02 

cg26385126 NCOR2 chr12 124912021 0.006 4.99E-07 0.014 0.010 3.91E-07 

cg07458272 KIAA0355 chr19 34744396 0.010 5.39E-07 0.014 0.007 2.10E-02 

cg13549638 RPTOR chr17 78860076 0.013 6.70E-07 0.014 0.008 3.72E-02 

cg10975863 RAD51B chr14 68830704 0.011 6.90E-07 0.014 0.010 1.62E-02 

cg22891595 

RP11-

699L21.1 chr3 193570256 

0.011 6.94E-07 0.014 0.006 4.98E-02 

cg06996599 C6orf136 chr6 30619232 0.007 9.39E-07 0.015 0.006 3.28E-03 

cg23387863 PEAK1 chr15 77472416 0.010 1.02E-06 0.015 0.011 6.62E-04 

cg25323444 MAD1L1 chr7 2111060 0.011 1.07E-06 0.016 0.011 2.32E-04 

cg11621113 MAN2B1 chr19 12776725 -0.008 1.09E-06 0.016 -0.013 8.72E-10 

cg23009327 TCF3 chr19 1630248 0.010 1.32E-06 0.017 0.007 7.92E-03 

cg12939085 PPP1CA chr11 67166104 0.008 2.45E-06 0.023 0.006 4.65E-03 

cg06721411 AUP1 chr2 74753759 0.009 2.67E-06 0.023 0.006 3.72E-02 

cg12619262 CHST12 chr7 2480493 0.016 2.85E-06 0.024 0.012 7.44E-03 

cg03038262 IFITM1 chr11 315262 -0.007 3.02E-06 0.024 -0.006 2.27E-02 

cg19769147 PACS2 chr14 105860954 0.009 3.08E-06 0.024 0.007 2.27E-02 

cg16038738 FAM102B chr1 109103731 -0.006 3.27E-06 0.025 -0.005 1.23E-03 

cg14827056 AGO2 chr8 141550539 0.006 3.78E-06 0.028 0.004 4.65E-02 

cg25792439 CARD14 chr17 78163268 0.007 4.89E-06 0.029 0.006 2.28E-02 

cg11186858 SEC14L1 chr17 75096382 0.011 4.93E-06 0.029 0.014 1.38E-04 

cg13390284 MIR101-1 chr1 65531864 -0.007 5.11E-06 0.029 -0.004 2.76E-02 

cg00417304 PRDM11 chr11 45124456 -0.009 5.39E-06 0.030 -0.013 2.95E-05 

cg04535902 GFI1 chr1 92947332 -0.013 5.73E-06 0.031 -0.011 1.90E-02 

cg27457201 RPTOR chr17 78854232 0.008 7.92E-06 0.038 0.009 8.35E-03 

cg04232128 TMEM173 chr5 138861241 -0.005 8.39E-06 0.040 -0.003 2.49E-02 

cg20359445 IKZF4 chr12 56415591 -0.006 9.06E-06 0.042 -0.004 1.69E-03 

cg24489015 LPO chr17 56316162 -0.006 9.34E-06 0.043 -0.006 1.04E-04 

cg11977605 RNF212 chr4 1076247 -0.006 1.04E-05 0.045 -0.005 7.14E-04 

cg00994936 DAZAP1 chr19 1423902 0.003 1.08E-05 0.045 0.004 2.61E-02 

cg14114377 MARK4 chr19 45756845 -0.008 1.07E-05 0.045 -0.008 1.31E-03 

cg13451416 AGAP1 chr2 236671149 -0.005 1.15E-05 0.046 -0.005 7.72E-03 

cg03497652 ANKS3 chr16 4751569 0.009 1.26E-05 0.049 0.012 7.00E-05 

cg24517501 GFI1 chr1 92952702 -0.008 1.30E-05 0.050 -0.008 4.99E-04 
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cg07333545 MCM3 chr6 52170606 -0.011 1.44E-05 0.052 -0.009 1.12E-02 

cg11597902 SEC14L1 chr17 75096239 0.010 1.49E-05 0.054 0.011 4.65E-04 

cg27093918 MIR1538 chr16 69564625 -0.012 1.71E-05 0.059 -0.015 7.17E-05 

cg23542902 HES1 chr3 193807749 -0.005 1.73E-05 0.059 -0.004 1.47E-02 

cg08940169 ZFPM1 chr16 88540241 0.004 1.89E-05 0.063 0.006 2.87E-05 

cg26581729 NPDC1 chr9 139939792 -0.010 1.95E-05 0.063 -0.016 1.72E-07 

cg08869118 MLXIP chr12 122617908 0.004 1.99E-05 0.064 0.003 2.36E-02 

cg09308580 ZFP36L2 chr2 43405947 -0.006 2.31E-05 0.066 -0.004 8.91E-03 

cg27431877 NCOR2 chr12 124911924 0.005 2.29E-05 0.066 0.008 1.64E-04 

cg10397932 SKI chr1 2166155 -0.005 2.33E-05 0.066 -0.003 2.37E-02 

cg21581415 SCAP chr3 47460784 0.006 2.38E-05 0.067 0.005 1.94E-02 

cg22887491 NTM chr11 131618277 0.005 2.43E-05 0.067 0.002 3.22E-02 

cg05036937 ITGA2 chr5 52283760 -0.006 2.50E-05 0.068 -0.005 6.13E-03 

cg03078690 VPS52 chr6 33235504 0.006 2.97E-05 0.074 0.006 5.65E-03 

cg17901584 DHCR24 chr1 55353706 -0.010 3.14E-05 0.076 -0.011 6.95E-03 

cg01115923 KIFC3 chr16 57793728 -0.005 3.16E-05 0.076 -0.003 4.81E-02 

cg01765406 HS6ST1 chr2 129231478 -0.007 3.35E-05 0.077 -0.006 1.46E-02 

cg16111190 DDR1 chr6 30860887 0.011 3.78E-05 0.084 0.009 1.27E-02 

cg01676795 POR chr7 75586348 0.011 4.03E-05 0.086 0.010 2.46E-02 

cg26253134 TGFA chr2 70751721 -0.006 4.15E-05 0.088 -0.005 9.43E-04 

cg04359840 XYLT1 chr16 17563300 -0.011 4.14E-05 0.088 -0.017 2.28E-05 

cg00066663 CHD3 chr17 7792674 -0.004 4.38E-05 0.091 -0.003 5.23E-03 

cg20384132 RANBP3L chr5 36302349 0.009 4.39E-05 0.091 0.007 2.03E-02 

cg06315217 GMDS chr6 1629850 0.006 4.51E-05 0.093 0.006 4.58E-03 

cg03762242 GAS7 chr17 9940004 -0.005 4.76E-05 0.096 -0.003 2.69E-02 

cg27115863 CARD10 chr22 37921640 -0.010 4.77E-05 0.096 -0.011 1.30E-03 

cg02117086 B3GNT7 chr2 232265670 0.010 4.90E-05 0.097 0.006 4.79E-02 

cg19148201 DDR1 chr6 30860237 0.011 5.09E-05 0.098 0.009 4.53E-02 

cg04462774 AQP6 chr12 50368110 0.005 5.22E-05 0.098 0.005 3.32E-02 

cg00812833 PLD5 chr1 242687412 -0.004 5.20E-05 0.098 -0.003 3.34E-02 

cg25722983 STK40 chr1 36840028 -0.007 5.27E-05 0.098 -0.012 4.95E-06 

cg14741228 FAM60A chr12 31476479 -0.005 5.36E-05 0.099 -0.005 1.33E-03 

cg10236687 EMP2 chr16 10626884 -0.011 5.65E-05 0.102 -0.009 1.94E-02 

cg10839385 VSIG8 chr1 159825049 0.006 5.68E-05 0.102 0.004 8.76E-03 

cg23479922 MARCH11 chr5 16179633 -0.010 5.85E-05 0.103 -0.009 1.43E-02 

cg11356547 ZFR chr5 32355062 0.010 5.96E-05 0.103 0.007 2.89E-02 

cg04189320 KLF13 chr15 31691214 -0.005 5.98E-05 0.103 -0.005 1.72E-02 

cg20143111 CLNK chr4 10673188 0.003 5.98E-05 0.103 0.002 4.81E-02 

cg16660971 RPTOR chr17 78860029 0.011 5.97E-05 0.103 0.017 1.03E-04 

cg19235307 IFT122 chr3 129160154 -0.007 6.25E-05 0.104 -0.006 4.67E-03 

cg15246238 FSCN1 chr7 5635134 -0.010 6.41E-05 0.105 -0.019 1.32E-06 
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cg07791897 MAP3K1 chr5 55897584 0.007 6.39E-05 0.105 0.006 1.03E-02 

cg13442969 DYRK2 chr12 68044208 -0.007 6.52E-05 0.105 -0.006 1.18E-02 

cg09277709 FBXO46 chr19 46224285 0.007 6.52E-05 0.105 0.009 1.87E-03 

cg07552087 MLST8 chr16 2258457 0.005 6.62E-05 0.105 0.005 9.28E-03 

cg11311053 NCOR2 chr12 124912049 0.006 6.70E-05 0.105 0.013 5.07E-09 

cg10626063 SPRED3 chr19 38881032 0.011 6.87E-05 0.106 0.023 1.86E-06 

cg20930290 RPS6KA4 chr11 64138764 0.007 7.30E-05 0.108 0.004 3.42E-02 

cg20610950 SEC14L1 chr17 75096202 0.012 7.93E-05 0.112 0.021 9.21E-05 

cg05919456 PXDC1 chr6 3722818 -0.009 8.02E-05 0.113 -0.008 2.65E-02 

cg10836392 SULT4A1 chr22 44258132 -0.008 8.86E-05 0.118 -0.007 2.85E-02 

cg16815625 TRAPPC9 chr8 141229477 0.011 9.19E-05 0.119 0.009 3.89E-02 

cg13871900 SLC38A10 chr17 79235968 0.008 9.14E-05 0.119 0.008 1.03E-02 

cg23565821 CUTA chr6 33385056 -0.007 9.36E-05 0.119 -0.016 8.09E-08 

cg07781445 RAP1GAP2 chr17 2886250 0.006 9.35E-05 0.119 0.007 6.06E-03 

cg04172533 NOD2 chr16 50743027 -0.005 9.43E-05 0.119 -0.004 3.26E-02 

cg00159243 SELPLG chr12 109023799 -0.007 9.61E-05 0.119 -0.011 1.10E-06 

cg04777348 GFI1 chr1 92952897 -0.007 9.77E-05 0.120 -0.012 3.10E-05 

cg02027561 NCOA7 chr6 126110790 -0.008 1.01E-04 0.121 -0.006 4.69E-02 

cg17879299 DDR1 chr6 30860300 0.015 9.97E-05 0.120 0.019 1.91E-03 

cg06636316 CCNE1 chr19 30303495 -0.006 1.07E-04 0.123 -0.006 9.50E-04 

cg05006142 

RP5-

1086L22.1 chr6 170536124 

0.011 1.08E-04 0.124 0.015 1.69E-04 

cg00695799 ZC3H12D chr6 149803087 -0.007 1.09E-04 0.125 -0.007 4.55E-05 

cg03897436 UNKL chr16 1425469 0.004 1.20E-04 0.131 0.004 2.59E-02 

cg00390724 SATB1 chr3 18484742 -0.013 1.22E-04 0.132 -0.010 4.03E-02 

cg10552523 IFITM1 chr11 313478 -0.010 1.24E-04 0.132 -0.009 1.43E-02 

cg06902929 PPT2 chr6 32123258 -0.004 1.27E-04 0.134 -0.005 9.64E-03 

cg07558761 SLC7A5 chr16 87866696 0.007 1.32E-04 0.135 0.008 1.48E-02 

cg26687842 FOXO1 chr13 41055491 0.007 1.36E-04 0.136 0.011 7.66E-05 

cg18431951 PUF60 chr8 144906507 0.008 1.39E-04 0.136 0.007 3.72E-02 

cg10134910 RNF212 chr4 1076041 -0.006 1.42E-04 0.139 -0.009 1.63E-03 

cg00834988 AUTS2 chr7 70060153 0.008 1.42E-04 0.139 0.006 2.22E-02 

cg07021906 SLC7A5 chr16 87866833 0.008 1.43E-04 0.139 0.014 1.76E-04 

cg25338134 GXYLT2 chr3 72940510 -0.006 1.45E-04 0.139 -0.006 3.99E-03 

cg09778958 LRFN3 chr19 36427721 -0.006 1.46E-04 0.139 -0.006 7.65E-03 

cg02203067 SLC7A5 chr16 87866800 0.006 1.47E-04 0.139 0.006 1.49E-02 

cg22091236 RPTOR chr17 78853966 0.007 1.52E-04 0.141 0.005 3.48E-02 

cg03620886 FDX1L chr19 10420353 -0.003 1.52E-04 0.141 -0.003 3.93E-02 

cg10987503 GET4 chr7 922825 0.006 1.52E-04 0.141 0.009 2.34E-03 

cg15742245 CD177 chr19 43857717 0.011 1.55E-04 0.142 0.014 7.99E-03 

cg21302812 CDC37 chr19 10506915 0.004 1.59E-04 0.142 0.005 1.16E-02 

cg06647844 MRPL19 chr2 75888565 0.006 1.59E-04 0.142 0.007 3.19E-02 
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cg07328664 DIS3L2 chr2 233125062 0.005 1.62E-04 0.143 0.004 3.79E-02 

cg00933443 DBR1 chr3 137892432 -0.005 1.62E-04 0.143 -0.004 4.99E-02 

cg19190163 PSMB8 chr6 32810785 -0.007 1.63E-04 0.143 -0.007 7.63E-03 

cg02731632 UNCX chr7 1328627 -0.004 1.64E-04 0.143 -0.004 8.03E-03 

cg25290355 LENG9 chr19 54975087 0.012 1.71E-04 0.147 0.007 1.43E-02 

cg23606421 ENTPD8 chr9 140330621 -0.005 1.73E-04 0.148 -0.007 6.13E-03 

cg21220247 KIAA0125 chr14 106321936 -0.008 1.77E-04 0.149 -0.010 1.86E-03 

cg00916854 VPS37B chr12 123350361 0.005 1.85E-04 0.152 0.005 1.82E-02 

cg12754982 IGF2R chr6 160409942 0.008 1.86E-04 0.152 0.008 2.42E-02 

cg07336872 ULBP3 chr6 150393535 -0.008 1.88E-04 0.152 -0.007 2.63E-02 

cg21746997 BMPR1B chr4 95679381 -0.007 1.96E-04 0.155 -0.005 4.27E-02 

cg13171679 GOLGA7 chr8 41258634 -0.005 1.98E-04 0.155 -0.004 1.93E-02 

cg17636309 EEF1D chr8 144672242 0.007 2.06E-04 0.158 0.007 2.96E-02 

cg03370704 MIR143HG chr5 148785408 -0.015 2.11E-04 0.159 -0.013 4.08E-02 

cg14078053 IRS1 chr2 227661656 0.006 2.15E-04 0.160 0.011 1.20E-04 

cg05028773 LOC284454 chr19 13947162 -0.004 2.15E-04 0.160 -0.004 9.82E-03 

cg20566897 IFITM1 chr11 313527 -0.010 2.18E-04 0.160 -0.008 1.48E-02 

cg21019522 SLC22A18AS chr11 2920789 -0.005 2.27E-04 0.164 -0.005 1.22E-03 

cg24502330 CDA chr1 20914028 -0.006 2.32E-04 0.164 -0.005 1.56E-02 

cg16931076 WNT5B chr12 1702001 -0.007 2.31E-04 0.164 -0.012 1.23E-06 

cg07979747 DDR1 chr6 30860136 0.007 2.31E-04 0.164 0.007 4.54E-02 

cg25647583 FES chr15 91427184 -0.005 2.33E-04 0.164 -0.003 1.26E-02 

cg03940776 SYNJ2 chr6 158490013 -0.005 2.40E-04 0.167 -0.004 3.11E-02 

cg22964469 SORL1 chr11 121337508 -0.005 2.49E-04 0.170 -0.006 6.97E-04 

cg09665571 TBCD chr17 80861008 0.006 2.48E-04 0.170 0.007 3.89E-03 

cg07722722 C1orf228 chr1 45187551 0.009 2.55E-04 0.171 0.004 4.90E-02 

cg20562447 CPT1A chr11 68611596 0.004 2.53E-04 0.171 0.003 2.43E-02 

cg14986464 ABHD16A chr6 31669902 -0.005 2.60E-04 0.172 -0.009 3.85E-05 

cg00294109 CRBN chr3 3219781 -0.004 2.60E-04 0.172 -0.003 3.12E-02 

cg27241044 BASP1P1 chr13 23499838 -0.007 2.64E-04 0.172 -0.009 9.35E-03 

cg17368760 THBD chr20 23029287 -0.007 2.68E-04 0.173 -0.006 7.17E-03 

cg18532239 CEP72 chr5 619883 0.005 2.64E-04 0.172 0.004 2.20E-02 

cg25767870 FAM46C chr1 118188756 0.006 2.69E-04 0.173 0.006 1.56E-02 

cg05541096 TTLL11 chr9 124854664 -0.005 2.86E-04 0.177 -0.010 3.76E-07 

cg16568360 TAOK2 chr16 29987261 -0.005 2.86E-04 0.177 -0.006 1.02E-03 

cg20054248 IKZF4 chr12 56414508 -0.004 2.89E-04 0.177 -0.003 1.60E-02 

cg22675767 ACAP3 chr1 1234367 0.005 2.97E-04 0.179 0.004 3.88E-02 

cg12002745 FAM83A chr8 124179875 -0.004 3.10E-04 0.182 -0.004 7.12E-03 

cg17126555 ICAM3 chr19 10445516 0.006 3.17E-04 0.183 0.006 2.21E-02 

cg17343451 AP2M1 chr3 183899704 0.006 3.20E-04 0.184 0.007 7.39E-03 

cg20817228 LINC00623 chr1 149614778 0.007 3.33E-04 0.186 0.008 1.86E-02 
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cg26076905 PIK3R1 chr5 67522298 0.006 3.44E-04 0.191 0.005 1.38E-02 

cg09801824 DNAJB12 chr10 74076930 -0.005 3.54E-04 0.193 -0.004 2.07E-03 

cg03459202 DIP2C chr10 676740 -0.003 3.57E-04 0.193 -0.004 1.10E-02 

cg23344523 IGF2R chr6 160380572 0.006 3.60E-04 0.193 0.007 4.45E-03 

cg22996004 PNPO chr17 46018654 0.007 3.63E-04 0.193 0.006 6.19E-03 

cg15943584 EIF2B2 chr14 75472643 -0.006 3.63E-04 0.193 -0.006 8.71E-03 

cg06784563 NFATC1 chr18 77284509 -0.006 3.67E-04 0.193 -0.007 1.29E-03 

cg23622878 PWWP2B chr10 134225120 0.006 3.70E-04 0.193 0.005 3.33E-02 

cg08933467 FCRL1 chr1 157776690 -0.004 3.69E-04 0.193 -0.005 2.31E-03 

cg27225680 GALK1 chr17 73760817 0.004 3.92E-04 0.197 0.003 8.12E-04 

cg27300045 ZC3H4 chr19 47610813 -0.004 3.93E-04 0.197 -0.004 1.58E-03 

cg09868768 ASPRV1 chr2 70188605 0.007 3.98E-04 0.198 0.006 2.97E-02 

cg20914572 PRRT1 chr6 32119874 -0.006 4.04E-04 0.198 -0.005 4.71E-03 
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Table S4. SZ-associated DMPs (stratified analysis, males only) 

  

         

Probe 

Illumina 

annotation  

(nearest 

gene) 

chr position 

Discovery set (N=750) Replication set 

(N=497) 

Δ Beta P Value FDR Δ Beta P Value 

cg13092108 RPS6KA1 chr1 26857284 -0.011 5.64E-08 0.009 -0.008 9.80E-04 

cg04792777 KIAA0125 chr14 106322429 -0.008 5.52E-06 0.094 -0.007 5.45E-03 

cg23565821 CUTA chr6 33385056 -0.011 6.71E-06 0.096 -0.013 1.88E-04 

cg14986464 ABHD16A chr6 31669902 -0.008 6.84E-06 0.096 -0.008 2.32E-03 

cg14326196 KIF12 chr9 116860650 -0.023 8.44E-06 0.096 -0.013 3.48E-02 

cg10626063 SPRED3 chr19 38881032 0.016 9.87E-06 0.104 0.027 4.23E-07 

cg04962621 MGRN1 chr16 4714733 -0.009 1.27E-05 0.109 -0.007 3.02E-04 

cg08933467 FCRL1 chr1 157776690 -0.006 1.65E-05 0.126 -0.005 4.32E-03 

cg10785394 FAM20B chr1 178993006 -0.009 1.83E-05 0.127 -0.007 8.24E-03 

cg05541096 TTLL11 chr9 124854664 -0.008 1.85E-05 0.127 -0.011 7.00E-07 

cg16660971 RPTOR chr17 78860029 0.015 1.92E-05 0.129 0.016 1.95E-03 

cg11621113 MAN2B1 chr19 12776725 -0.009 1.94E-05 0.129 -0.012 1.83E-06 

cg10615591 RTEL1 chr20 62318433 -0.008 2.51E-05 0.133 -0.007 1.50E-02 

cg09778958 LRFN3 chr19 36427721 -0.009 2.64E-05 0.133 -0.006 1.60E-02 

cg11597902 SEC14L1 chr17 75096239 0.012 2.97E-05 0.137 0.010 3.41E-03 

cg06096184 LRIG1 chr3 66549732 -0.009 4.24E-05 0.155 -0.005 2.75E-02 

cg06682039 

RP5-

1086L22.1 chr6 

170536047 0.014 4.45E-05 0.156 0.008 2.58E-02 

cg25647583 FES chr15 91427184 -0.007 4.96E-05 0.159 -0.004 8.06E-03 

cg16568360 TAOK2 chr16 29987261 -0.007 5.66E-05 0.166 -0.007 1.47E-03 

cg10836392 SULT4A1 chr22 44258132 -0.010 5.74E-05 0.166 -0.010 1.31E-02 

cg14239983 SORL1 chr11 121337384 -0.008 8.16E-05 0.186 -0.008 2.73E-03 

cg23968113 SNTG2 chr2 1234756 -0.004 8.99E-05 0.190 -0.003 4.39E-02 

cg05006142 

RP5-

1086L22.1 chr6 

170536124 0.014 9.94E-05 0.194 0.018 1.64E-04 
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Table S5. SZ-associated DMPs (stratified analysis, only non-African Americans) 

         
Probe 

Illumina 

annotation  

(nearest gene) 

chr position 

Discovery set (N=677) Replication set 

(N=497) 

Δ Beta P Value FDR Δ Beta P Value 

cg15132169 ZC3H12D chr6 149805995 -0.017 4.92081E-07 0.028 -0.008 1.93E-02 

cg22891595 

RP11-

699L21.1 chr3 193570256 0.013 7.33932E-06 0.073 0.006 4.98E-02 

cg09502149 SLC2A1 chr1 43406792 0.011 1.08666E-05 0.087 0.006 2.23E-02 

cg11699125 ACOT7 chr1 6341327 0.006 0.000011777 0.090 0.004 6.32E-03 

cg13549638 RPTOR chr17 78860076 0.014 1.26229E-05 0.090 0.008 3.72E-02 

cg09249800 ACOT7 chr1 6341287 0.005 1.38433E-05 0.090 0.003 9.78E-03 

cg13136655 ZC3H12D chr6 149806131 -0.012 0.000014062 0.090 -0.005 2.12E-02 

cg04983687 ZFPM1 chr16 88558223 0.007 1.81063E-05 0.098 0.006 4.61E-04 

cg09802688 TRAF3IP3 chr1 209942066 -0.011 1.95438E-05 0.099 -0.007 1.55E-03 

cg22344793 TRIM29 chr11 120039642 -0.008 2.23543E-05 0.104 -0.003 3.92E-02 

cg00390724 SATB1 chr3 18484742 -0.021 2.22985E-05 0.104 -0.010 4.03E-02 

cg16660971 RPTOR chr17 78860029 0.016 2.32846E-05 0.104 0.017 1.03E-04 

cg18082788 ZC3H12D chr6 149806339 -0.017 2.56209E-05 0.105 -0.008 3.61E-02 

cg23479922 MARCH11 chr5 16179633 -0.017 3.17613E-05 0.116 -0.009 1.43E-02 

cg09391371 PDCD1 chr2 242790370 -0.005 3.36901E-05 0.120 -0.004 1.35E-03 

cg13997435 S100A2 chr1 153538406 -0.008 3.90229E-05 0.130 -0.005 2.77E-02 

cg14389122 EDC3 chr15 74945851 -0.009 4.38037E-05 0.136 -0.007 3.89E-03 

cg10836392 SULT4A1 chr22 44258132 -0.012 4.44516E-05 0.136 -0.007 2.85E-02 

cg00812833 PLD5 chr1 242687412 -0.006 6.16995E-05 0.152 -0.003 3.34E-02 

cg21019522 SLC22A18AS chr11 2920789 -0.007 7.18738E-05 0.161 -0.005 1.22E-03 

cg19003304 TOX chr8 60029914 0.006 7.35323E-05 0.161 0.003 2.22E-02 

cg12946371 

NDUFC2-

KCTD14 chr11 77757383 0.004 0.000090358 0.168 0.002 2.95E-02 

cg00682367 

RP11-

290F20.1 chr20 48963280 -0.007 9.40389E-05 0.168 -0.004 2.00E-03 

cg13046440 UBE3A chr15 25684837 0.008 9.44532E-05 0.168 0.004 7.85E-03 

cg08940169 ZFPM1 chr16 88540241 0.005 9.75324E-05 0.169 0.006 2.87E-05 

cg09308580 ZFP36L2 chr2 43405947 -0.007 0.000110849 0.172 -0.004 8.91E-03 

cg07458272 KIAA0355 chr19 34744396 0.011 0.000130475 0.184 0.007 2.10E-02 

cg04276536 CCDC102A chr16 57567813 -0.006 0.000134158 0.186 -0.005 9.43E-04 

cg22887491 NTM chr11 131618277 0.006 0.000150868 0.193 0.002 3.22E-02 
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Table S6. SZ-associated DMPs (stratified analysis, only African Americans, first 100 

DMPs) 

         

Probe 

Illumina 

annotation  

(nearest 

gene) 

chr position 

Discovery study (N=657) Replication study 

(N=497) 

Δ Beta P Value FDR Δ Beta P Value 

cg23565821 CUTA chr6 33385056 -0.014 5.30E-08 0.004 -0.016 8.09E-08 

cg14114377 MARK4 chr19 45756845 -0.013 1.55E-07 0.006 -0.008 1.31E-03 

cg12939085 PPP1CA chr11 67166104 0.012 2.87E-07 0.008 0.006 4.65E-03 

cg07722722 C1orf228 chr1 45187551 0.018 2.96E-07 0.008 0.004 4.90E-02 

cg05419096 LINC00443 chr13 107467865 -0.010 4.17E-07 0.009 -0.005 1.73E-02 

cg19190163 PSMB8 chr6 32810785 -0.014 4.87E-07 0.010 -0.007 7.63E-03 

cg12582905 IFITM2 chr11 310771 -0.006 7.88E-07 0.012 -0.002 2.00E-02 

cg20170777 COX10-AS1 chr17 13972099 -0.015 8.89E-07 0.014 -0.009 1.47E-02 

cg07622001 AC008697.1 chr5 158758903 -0.009 1.11E-06 0.014 -0.005 5.56E-04 

cg19465320 STAT5B chr17 40426890 -0.012 1.29E-06 0.015 -0.010 1.29E-04 

cg11977605 RNF212 chr4 1076247 -0.010 1.86E-06 0.017 -0.005 7.14E-04 

cg03762242 GAS7 chr17 9940004 -0.008 3.99E-06 0.025 -0.003 2.69E-02 

cg01435039 PTCHD3P1 chr10 29700804 -0.008 4.68E-06 0.026 -0.006 7.95E-04 

cg19939130 IFI16 chr1 158978468 -0.012 5.30E-06 0.028 -0.006 3.23E-02 

cg23429047 HS6ST1 chr2 129028542 0.009 5.63E-06 0.028 0.004 1.48E-02 

cg00417304 PRDM11 chr11 45124456 -0.014 5.58E-06 0.028 -0.013 2.95E-05 

cg18906043 GRAP chr17 18967111 -0.007 5.96E-06 0.028 -0.003 5.15E-03 

cg07678266 GLT1D1 chr12 129444630 0.021 8.37E-06 0.034 0.011 4.42E-02 

cg03147185 NCAPH chr2 97008030 -0.009 8.82E-06 0.035 -0.007 8.75E-04 

cg25247520 PVT1 chr8 128808017 -0.011 9.87E-06 0.037 -0.010 3.04E-04 

cg03438552 TAP2 chr6 32805548 -0.013 1.01E-05 0.037 -0.006 4.11E-02 

cg00094412 GABBR1 chr6 29592854 -0.013 1.04E-05 0.037 -0.007 2.34E-02 

cg13092108 RPS6KA1 chr1 26857284 -0.011 1.09E-05 0.037 -0.009 4.38E-05 

cg09605818 TRPV1 chr17 3489147 0.006 1.10E-05 0.037 0.004 8.14E-03 

cg19235307 IFT122 chr3 129160154 -0.013 1.15E-05 0.037 -0.006 4.67E-03 

cg16472834 AC098823.3 chr2 231533021 -0.014 1.18E-05 0.037 -0.005 3.96E-02 

cg26581729 NPDC1 chr9 139939792 -0.014 1.22E-05 0.037 -0.016 1.72E-07 

cg11356290 ZCWPW2 chr3 28390998 -0.002 1.25E-05 0.037 -0.001 4.13E-02 

cg20930290 RPS6KA4 chr11 64138764 0.010 1.39E-05 0.039 0.004 3.42E-02 

cg01062024 IMPDH2 chr3 49065979 -0.013 1.48E-05 0.039 -0.008 7.77E-03 

cg02220008 PHACTR1 chr6 13192742 -0.011 1.51E-05 0.039 -0.007 2.21E-02 

cg24351076 ITPRIPL1 chr2 96992044 -0.010 1.55E-05 0.039 -0.005 2.11E-02 

cg20842997 UGDH-AS1 chr4 39529386 -0.008 1.58E-05 0.039 -0.003 3.28E-02 

cg16778018 MGRN1 chr16 4736225 0.011 1.70E-05 0.041 0.006 4.31E-02 

cg23965590 CBL chr11 119133451 -0.010 1.78E-05 0.042 -0.008 6.70E-04 

cg14827056 AGO2 chr8 141550539 0.008 1.81E-05 0.042 0.004 4.65E-02 
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cg20384132 RANBP3L chr5 36302349 0.016 1.81E-05 0.042 0.007 2.03E-02 

cg11186858 SEC14L1 chr17 75096382 0.014 2.03E-05 0.045 0.014 1.38E-04 

cg19845878 TACC3 chr4 1742857 0.009 2.19E-05 0.046 0.008 1.74E-03 

cg04172533 NOD2 chr16 50743027 -0.008 2.36E-05 0.048 -0.004 3.26E-02 

cg08880817 TXNDC5 chr6 7909642 -0.009 2.50E-05 0.049 -0.003 4.46E-02 

cg11356547 ZFR chr5 32355062 0.016 2.50E-05 0.049 0.007 2.89E-02 

cg02505676 ACSF3 chr16 89220516 0.005 2.55E-05 0.049 0.003 3.80E-03 

cg25628989 SSRP1 chr11 57093345 -0.017 2.64E-05 0.049 -0.010 3.73E-02 

cg19769147 PACS2 chr14 105860954 0.013 2.90E-05 0.051 0.007 2.27E-02 

cg05438719 CMIP chr16 81476518 -0.008 2.96E-05 0.051 -0.004 4.56E-02 

cg18529294 CENPO chr2 25016799 -0.004 3.09E-05 0.052 -0.002 3.52E-02 

cg23962746 MIR205HG chr1 209105888 -0.010 3.17E-05 0.053 -0.005 4.53E-02 

ch.3.638689R GADL1 chr3 31240746 -0.003 3.25E-05 0.054 -0.001 4.28E-02 

cg15922057 KSR1 chr17 25784714 -0.010 3.36E-05 0.055 -0.004 1.31E-02 

cg14741228 FAM60A chr12 31476479 -0.008 3.41E-05 0.055 -0.005 1.33E-03 

cg24143729 RASA3 chr13 114820861 0.007 3.47E-05 0.055 0.007 1.61E-03 

cg26812615 MAP1LC3B2 chr12 116996773 -0.008 3.67E-05 0.056 -0.007 5.41E-03 

cg08932533 CD47 chr3 107812758 0.008 3.68E-05 0.056 0.004 3.30E-02 

cg11003133 AIM2 chr1 159046391 -0.013 3.75E-05 0.056 -0.008 1.33E-02 

cg21742048 NEURL1B chr5 172099681 -0.010 3.79E-05 0.056 -0.005 4.42E-02 

cg23222278 LINC00312 chr3 8623867 -0.007 3.83E-05 0.056 -0.004 1.40E-02 

cg19668951 SLC39A13 chr11 47430812 -0.009 3.94E-05 0.057 -0.010 7.69E-07 

cg09132240 NCOR2 chr12 124922727 0.008 4.58E-05 0.061 0.006 2.97E-03 

cg12619262 CHST12 chr7 2480493 0.021 4.69E-05 0.061 0.012 7.44E-03 

ch.2.1137729

48R PAX8 chr2 114056478 -0.005 4.88E-05 0.062 -0.001 3.27E-02 

cg16111190 DDR1 chr6 30860887 0.016 5.40E-05 0.065 0.009 1.27E-02 

cg05146536 FAM47E chr4 77140678 -0.007 5.46E-05 0.065 -0.003 2.91E-02 

cg04962621 MGRN1 chr16 4714733 -0.011 5.93E-05 0.066 -0.007 6.95E-05 

cg01408817 FXYD3 chr19 35606534 -0.008 5.88E-05 0.066 -0.005 1.48E-02 

cg15072976 GAL3ST2 chr2 242715549 0.011 6.12E-05 0.067 0.006 2.10E-02 

cg08112313 XRCC1 chr19 44079105 -0.008 6.67E-05 0.070 -0.005 2.54E-02 

cg16568360 TAOK2 chr16 29987261 -0.008 6.66E-05 0.070 -0.006 1.02E-03 

cg02772266 PARP11 chr12 4060781 0.008 6.91E-05 0.070 0.005 1.13E-02 

cg04239024 CENPE chr4 104119155 -0.005 6.98E-05 0.070 -0.002 2.18E-02 

cg14986464 ABHD16A chr6 31669902 -0.009 6.97E-05 0.070 -0.009 3.85E-05 

cg15921436 ARL17A chr17 44337874 -0.008 7.01E-05 0.070 -0.006 4.76E-02 

cg23542902 HES1 chr3 193807749 -0.008 7.20E-05 0.070 -0.004 1.47E-02 

cg19835796 ZNF608 chr5 123637793 -0.006 7.17E-05 0.070 -0.004 4.51E-02 

cg02100497 DAPK1 chr9 90273707 -0.007 7.39E-05 0.070 -0.004 3.47E-02 

cg10921517 MOB2 chr11 1520881 0.006 7.43E-05 0.070 0.003 4.92E-02 

cg27115863 CARD10 chr22 37921640 -0.016 7.48E-05 0.070 -0.011 1.30E-03 
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cg05809481 ISG20L2 chr1 156696467 -0.012 7.53E-05 0.071 -0.006 2.68E-02 

cg02023550 GPC1 chr2 241294007 -0.007 7.73E-05 0.071 -0.005 3.70E-03 

cg22515589 BAHCC1 chr17 79426432 0.011 7.85E-05 0.071 0.007 2.73E-02 

cg09247619 PTPRC chr1 198648849 -0.009 7.95E-05 0.071 -0.006 6.09E-03 

cg22422264 USP8 chr15 50792856 0.014 7.98E-05 0.071 0.012 1.64E-03 

cg23009327 TCF3 chr19 1630248 0.012 8.12E-05 0.071 0.007 7.92E-03 

cg03897436 UNKL chr16 1425469 0.007 8.49E-05 0.073 0.004 2.59E-02 

cg01511901 HMGB1 chr13 31004719 -0.011 8.83E-05 0.073 -0.006 1.76E-02 

cg16759443 ACSF3 chr16 89200506 0.005 8.90E-05 0.073 0.003 4.57E-02 

cg13442969 DYRK2 chr12 68044208 -0.011 8.92E-05 0.073 -0.006 1.18E-02 

cg22052056 DNMT3B chr20 31351813 -0.010 9.10E-05 0.073 -0.006 4.55E-02 

cg06696905 PDE12 chr3 57539284 -0.007 9.48E-05 0.075 -0.004 3.08E-02 

cg26385126 NCOR2 chr12 124912021 0.007 9.96E-05 0.077 0.010 3.91E-07 

cg14819242 GRAMD3 chr5 125782749 -0.008 1.02E-04 0.077 -0.005 1.05E-02 

cg22129111 ALOXE3 chr17 8009699 -0.008 1.02E-04 0.077 -0.005 1.89E-02 

cg01765406 HS6ST1 chr2 129231478 -0.009 1.04E-04 0.077 -0.006 1.46E-02 

cg22940798 TAP2 chr6 32805554 -0.011 1.07E-04 0.078 -0.006 3.53E-02 

cg10919344 OR5A1 chr11 59210634 -0.010 1.12E-04 0.079 -0.006 2.74E-02 

cg09186031 METTL9 chr16 21677966 -0.010 1.12E-04 0.079 -0.008 5.02E-05 

cg12378753 ABLIM1 chr10 116527201 -0.011 1.14E-04 0.079 -0.011 3.99E-04 

cg11344352 ERCC1 chr19 45927696 -0.013 1.15E-04 0.080 -0.008 6.94E-07 

cg13463033 SEC16A chr9 139360276 0.007 1.16E-04 0.080 0.005 5.66E-03 

cg08348165 OR2A12 chr7 143791397 0.010 1.19E-04 0.081 0.008 1.60E-02 
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Table S7. Gene Ontology characterization of SZ-associated DMPs 

in blood  

     

 

        

 

  

GO.ID Term Annotated Significant Expected Odds 

Ratio 

p-value 

(FDR) 

1 GO:0051056 regulation of small GTPase mediated signal transduction 546 15 4.69 3.56 0.114 

2 GO:0031929 TOR signaling 60 5 0.51 10.88 0.114 

3 GO:0009966 regulation of signal transduction 2487 38 21.34 2.12 0.114 

4 GO:0023051 regulation of signaling 2773 41 23.80 2.07 0.114 

5 GO:0010646 regulation of cell communication 2786 41 23.91 2.06 0.114 

6 GO:0061462 protein localization to lysosome 16 3 0.14 27.26 0.148 

7 GO:0051058 
negative regulation of small GTPase mediated signal 

transduction 41 4 0.35 12.85 0.163 

8 GO:0046578 regulation of Ras protein signal transduction 520 13 4.46 3.18 0.185 

9 GO:0097264 self proteolysis 5 2 0.04 78.20 0.191 

10 GO:0035556 intracellular signal transduction 2194 33 18.83 2.02 0.191 

11 GO:0032006 regulation of TOR signaling 48 4 0.41 10.80 0.191 

12 GO:0032007 negative regulation of TOR signaling 22 3 0.19 18.65 0.196 

13 GO:0035023 regulation of Rho protein signal transduction 486 12 4.17 3.12 0.199 

14 GO:0007264 small GTPase mediated signal transduction 488 12 4.19 3.11 0.199 

15 GO:0008216 spermidine metabolic process 6 2 0.05 58.64 0.199 
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Table S8. meQTLs that overlap with SZ-SNPs from PGC  

Probe P Value FDR chr position SNPs PGC Ranks 

cg25647583 2.29E-07 2.55E-05 15 91428636 rs7177338 11 

cg25647583 7.89E-06 0.000621 15 91428197 rs2071382 11 
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3.1 Abstract 

Background: Recent work has identified DNA methylation changes in schizophrenia 

patients. The functional significance of these changes and their tissue specificity are 

unclear, limiting our knowledge of the epigenetics of schizophrenia.  

Methods: Methylation levels at 172 recently published schizophrenia-associated 

Differentially Methylated Positions (SZ-DMPs) in blood from 689 schizophrenia cases 

and 645 controls were  

tested for association with endophenotype data collected using the University of 

Pennsylvania Computerized Neurocognitive Battery (CNB) from a 3 consortium, multi-

site discovery dataset. Methylation levels at these 172 DMPs from blood were also 

compared to methylation at the same DMPs in 240 post-mortem schizophrenia brain 

samples and 191 control brain samples allowing for peripheral-central nervous system 

comparisons.  Gene ontology and pathway analyses were performed to test for 

enrichment of genes near SZ-DMPs in each data set and results were compared between 

blood and brain. Methylation data were measured via the Illumina 

HumanMethylation450 BeadChip as previously published. 

Results: Endophenotype analysis revealed spatial processing as a critical domain of 

overlap between SZ-DMRs and spatial processing scores, particularly near loci related to 

immune response. Among 172 SZ-DMPs previously identified in blood samples, we 

found 94 (54.7%) had directionality that was concordant with schizophrenia-associated 

methylation differences in prefrontal cortex, of which 17 were differentially methylated 

at p<0.05.  Fourteen genes showed blood and brain concordance including those 

associated with schizophrenia, neuronal signaling, immune function and other key 
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neuronal functions (e.g. DDRI, PNPO). Further, we observed overlap of the functional 

pathways enriched in blood and brain discovery methylation lists from epigenome-wide 

association studies (EWAS).  

Conclusions:  

We report novel blood-brain cross-tissue findings from a large eEWAS of schizophrenia, 

using blood-based discovery and independent replication samples as well as post mortem 

brain samples. Fourteen genes had concordant blood-brain methylation changes and these 

converged on crucial neuronal processes implicated in schizophrenia risk and expression. 

These data open a novel portal for examining the importance of blood to brain 

methylation impact on DNA and extend to the associated neurocognitive dysfunction of 

schizophrenia.  
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3.2 Introduction 

Schizophrenia (SZ) is a severely disabling neurodevelopmental disorder that affects 1% 

of the population, causing widespread deficits including neurocognitive impairment in 

working memory, attention, and social cognition and associated real-world functional 

impairment [1]. Recent genetic discoveries have identified over 100 genes likely 

contributing to SZ, although specific pathogenesis remains elusive [2]. Recent evidence 

has also shown that epigenetic mechanisms might play a role in SZ.  Epigenetic marks, 

which alter gene regulation and information content, may form important links between 

genetic risk, environmental exposures, and schizophrenia [3]. DNA methylation (DNAm) 

is a stable modification of cytosines in CpG dinucleotides and has recently been 

associated with SZ risk by our group and others [3-13]. We recently described a 

comprehensive analysis of genome-wide DNAm across 3 schizophrenia case-control 

Consortia consisting of 1334 blood samples (689 cases and 645 controls).  High 

confidence findings were replicated in an independent dataset of 497 samples identifying 

172 SZ-associated DMPs [3]. Moreover, we found significant differences between cases 

and controls for CD8+T cell and monocyte levels, with lower estimated CD8+T cell 

counts and higher levels of monocytes in SZ cases. The SZ-DMPs discovered in the 

study were located near genes important in neuronal function.  

  

It is important to further characterize the phenotypes associated with particular 

mechanisms of risk.   For example, neurocognitive deficits have been a hallmark of 

schizophrenia since Bleuler identified loose associations and disordered thinking as key 

features of "The Group of Schizophrenias"[14]; thus, neurocognitive deficits can serve as 
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a portal on brain-behavior and genetic relationships. We have neurocognitive 

endophenotypic characterization of subjects across the “TOSCA” family of 3 Consortia 

studies of schizophrenia: COGS[15], MGI[16] and PAARTNERS[17]. These provide 

quantitative measurement of cognitive traits that are associated with schizophrenia 

development and disease progression.  Patients with schizophrenia and their family 

members have shown robust and highly replicated cognitive deficits when compared to 

controls, with patients showing maximal deficits and clinically unaffected relatives 

showing deficits intermediate between the patients and healthy controls per the criteria 

for endophenotypes impacting schizophrenia risk [18-21].  In this report, we used 

cognitive endophenotypes available for the individuals with blood data to further 

understand the biological processes implicated by the epigenetic marks discovered in our 

earlier publication.  

 

Our work, and much of the psychiatric epigenetic literature, has been based primarily in 

blood. It is possible that the methylation loci identified in blood could represent findings 

unique to only blood and not to brain. Blood is clearly the more accessible tissue and can 

reflect in-life biology, as opposed to autopsy-obtained brain samples, but loses the tissue 

specificity regarding schizophrenia.  In this report, we examine the overlap in 

schizophrenia associated methylation signals between blood and brain tissue samples, 

comparing results from our recently published EWAS [3] and schizophrenia brain results 

from a large dataset of prefrontal cortex autopsy samples [22].  By correlating the multi-

consortia blood based results to other tissues and to the extensive cognitive 
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endophenotype data, we have further expanded the detailed characterization of the 

functional significance of schizophrenia-specific methylation changes. 

3.3 Methods 

Study samples  

 

Demographic characteristics of the discovery and replication blood samples are presented 

in Table S1. The details of the experimental design have been presented elsewhere [3]. 

The EWAS discovery dataset consisted of 1334 blood-derived DNA samples (689 

schizophrenia cases, 645 controls) from the collaborative efforts of three ongoing, 

NIMH-funded multi-site consortia: the Consortium on the Genetics of Endophenotypes in 

Schizophrenia (COGS) [15], the Project among African-Americans To Explore Risks for 

Schizophrenia (PAARTNERS) [17], and the Multiplex Multigenerational Family Study 

of Schizophrenia (MGI) [16], collectively referred to as “TOSCA” (Trio of Schizophrenia 

Cognitive Consortia).  Each study had somewhat varied selection criteria. COGS 

participants had at least one unaffected full sibling. MGI probands were of European 

American descent from multigenerational families with at least one additional first-

degree affected family member with schizophrenia or schizoaffective disorder. 

Participants from PAARTNERS self-identified as African-American and had family 

members available for assessment. The replication dataset consisted of 497 independent 

blood samples (247 schizophrenia cases, 250 controls) from the Genomic Psychiatry 

Cohort (GPC) [23], which were frequency matched to the discovery set with respect to 

smoking status, age, and sex. To replicate the blood results in brain tissue, we obtained 

data from 431 prefrontal cortex samples (240 controls, 191 schizophrenia cases) from the 
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Lieber Institute for Brain Development (LIBD). In addition, we downloaded two publicly 

available data sets measured on the 450K array using prefrontal cortex samples (N=76, 

38 controls and 38 schizophrenia cases, accession numbers GSE61431 and GSE61380) 

[9]. For demographic information, see Table S2.  

 

Informed consent was obtained from all individuals, and the study was reviewed and 

approved by the Johns Hopkins Medicine Office of Human Subjects Research 

Institutional Review Board as well as collaborating sites. 

 

Phenotype assessment 

 

Eligible probands were at least 18 years of age and had received diagnosis of 

schizophrenia according to the DSM-IV. Diagnostic assessment was performed using the 

Diagnostic Interview for Genetic Studies (DIGS), along with medical records. For the 

discovery samples with methylation measured in blood, endophenotype data was 

collected from a computerized neurocognitive battery (CNB, 

https://penncnp.med.upenn.edu), a publicly available tool with automated scoring 

[24,25]. The battery evaluates accuracy and speed of responses for: Executive functions 

(abstraction and mental flexibility, attention, working memory); Episodic memory 

(verbal, face, spatial); Complex cognition (language, spatial processing); Social cognition 

(emotion identification) and Sensorimotor speed.  

 

Genome-wide measurement of DNA methylation 

 

https://penncnp.med.upenn.edu/
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Blood samples from the multi-site consortia were processed at the Rutgers University 

Cell and DNA repository (RUCDR) for DNA isolation. DNA integrity and concentration 

were confirmed at JHU. All samples were bisulfite-converted using the EZ DNA 

Methylation™ Kit (Zymo Research, Irvine, CA, catalog No. D5001) and subsequently 

DNAm was measured using the Illumina Infinium HumanMethylation450 BeadChip 

assay (450K array), as previously published [3]. For details on DNA methylation 

measurement of brain samples, see Jaffe AE et al [22]. 

 

Data processing and statistical modeling 

 

Microarray processing and Quality Control. Experimental flow is presented in Figure 1. 

All analyses were performed in R v3.1.1, and raw intensity files were preprocessed and 

stratified quantile normalized together using the Bioconductor package minfi v1.8.9 [26].  

See Montano et al for a detailed explanation of quality control [3]. Briefly, probes 

annotated to sex chromosomes and to SNPs via dbSNP 137 in the CpG or single base 

extension sites were removed, and 456,513 autosomal probes were used for calculation of 

beta scale methylation. Criteria based on median methylated and unmethylated signal 

average, clustering in first principal component of DNAm, and sex and race predictions 

were used to select final set of samples in discovery and replication datasets. 

Assessment of cell heterogeneity and potential confounders. Cell proportion estimates for 

six cell types (CD8+ and CD4+ T cells, B cells, monocytes, granulocytes, and natural 

killer cells) were calculated using an adaptation of a published algorithm [27, 28].  To test 

the effect of medications on test proportions, ANOVA was used with the following 

antipsychotic categories: 0=No antipsychotics, 1=Typical antipsychotics, 2=Atypical 



 

 

 

94 

antipsychotics, and 3=Typical and Atypical antipsychotics. Smoking was explicitly 

modeled in linear regression models, and 294 CpGs associated with smoking in previous 

publications [29, 30] were removed from the results. To correct potential batch effects by 

unmeasured factors, we applied the “Remove Unwanted Variation, 2-step” (RUV-2) 

method [31]. Detailed description of the subject characterizations are provided in the 

COGS, MGI and PAARTNERS references [15-17].  

 

Identification of schizophrenia-associated differentially methylated positions (DMPs). We 

used the DMPs associated with schizophrenia and replicated in an independent blood 

dataset as reported by Montano and colleagues, which were found by fitting a linear 

regression model adjusting for sex, age, race, current smoking status, estimated cell 

proportions and the first two principal components of the negative control probes [3]. To 

adjust for multiple testing, a false discovery rate (FDR) cutoff of 0.2 was employed for 

genome-wide significance and we assessed overlap in the replication dataset using a p-

value cutoff of 0.05, requiring the same direction of methylation change. On the 

replicated DMPs, we performed a post-hoc analysis to assess the influence of 

antipsychotics on DNAm levels, adjusting for multiple testing using a Sidak test in the 

mutoss package [32], which gives slightly less conservative correction than the more 

well-known Bonferroni correction but which still controls family-wise type-I error.  

 

Comparison with schizophrenia brain data. We obtained data from 431 prefrontal cortex 

samples (240 controls, 191 cases) from the Lieber Institute for Brain Development 

(LIBD) as well as two publicly available data sets (GSE61431 and GSE61380, see Study 
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Samples section for details). Illumina HumanMethylation450 raw data was preprocessed 

and normalized using the same pipeline used for the blood samples, and linear models 

were fit adjusting for age, race, smoking and antipsychotic treatment. Cellular 

composition was calculated using the minfi package for NeuN+ and NeuN- cell types. 

 

Gene ontology and pathway analyses. We tested for enrichment of genes for 

schizophrenia -associated DMPs in blood and brain tissue based on Gene Ontology 

(Biology Processes database) using the GOstats Bioconductor package [33]. Network 

analyses using cognitive endophenotypes (see below) were performed using GeneMania 

(http://www.genemania.org). 

 

Comparison with cognitive endophenotype analysis. To assess whether any of the SZ-

DMPs identified in our study were associated with endophenotypic traits, we fit linear 

models for accuracy and speed, normalized to scores of control subjects for each of the 

10 neurocognitive domains measured. This analysis was performed in control subjects 

only to avoid bias. We corrected for multiple testing using the Sidak test. 

 
DNAm[Controls] ~ β0+β1(NeurocogScore)+β2(Sex)+β3(Age)+β4(Smok)+β5(CD8T)+β6(CD4T)+β7(NK)+β8(B 

cell)+β9(monocytes)+β10(granulocytes)+β11(PC1 negative control probes)+β12(PC2 negative control probes ) 

3.4 Results 

Association of SZ-DMPs to neurocognitive endophenotypes 

 

We took advantage of extensive, quantitative CNB cognitive endophenotype data using a 

computerized neurocognitive battery collected on the 3 Consortia discovery dataset. Of 

the 10 cognitive endophenotypes examined (abstraction and mental flexibility, attention, 



 

 

 

96 

working memory; verbal, face and spatial memory; language, spatial processing, emotion 

identification and sensorimotor speed), spatial processing (SPA) was associated with the 

most SZ-DMPs; 13 DMPs had a p-value <0.005, and four three of those remained 

statistically significant after multiple-test correction for FWER (Table 1). None of the 

other endophenotypes had more than one significant associations after multiple-testing 

correction.  

 

The significant associations of SZ-DMPs and the spatial processing domain relate our 

results to temporo-parietal network dysfunction. The SPA domain is measured with the 

computerized Judgment of Line Orientation (JOLO), an adaptation of Benton’s test [34]. 

In this test, the subject is presented with two lines at an angle and must identify the 

corresponding line from an array (Figure 2A). In previously published studies, JOLO 

performance is linked to activation in the right hemisphere, especially parietal, 

occipitoparietal and occipitotemporal regions [35, 36] Statistically significant differences 

in scores, observed in schizophrenia patients [37], are also seen in our schizophrenia 

subjects (p-value = 0.0021, Figure 2B). 

 

Functional association network analysis using the top four three SPA-DMPs revealed that 

these loci are connected to genes that regulate innate immune response and antigen 

processing and presentation [38, 39](Figure 2C), an area of considerable interest in 

schizophrenia genomics research [2]. Thus, combining endophenotype-genomic-

epigenomic data can help reveal the underlying brain dysfunction in schizophrenia, using 

brain-surrogate tissues like blood. 
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Comparison of blood-derived SZ-DMPs with schizophrenia brain data 

 

In order to assess the correlation of schizophrenia-specific methylation changes across 

tissues, we used data obtained and recently published by our group [3]. We found 923 

DMPs using the discovery set, of which 625 (68%) showed association in the same 

direction in the replication set and 172 (19%) of these had a replication p-value <0.05.  

The analysis presented here uses these 172 replicated SZ-DMPs to compare to 

methylation changes from prefrontal brain cortex samples from the LIBD (see Table S2 

for demographic information). 

 

Among 431 samples of prefrontal brain cortex, 94 of 172 blood SZ-DMPs (54.7%) were 

associated with SZ in the same direction in brain tissue, and 17 of these (10%), 

representing 14 unique genes, reached a p-value <0.05 (Table 2). This overlap does not 

show significant enrichment (Fisher’s exact test p=0.48). However, of the 14 genes near 

the 17 overlapping CpGs, neuronal genes included S100A2 (100 bp from 3’ UTR) [40], 

NPDC1(intronic) [41], ZFP36L2 (43 Kb from 5’ UTR) [42], DDR1 (three probes, all 

within exon 8/17) [43], RAP1GAP2 (intronic) [44], IFITM1 (two probes, 513 bp and 464 

bp from 5’ UTR) [45], SORL1 (intronic) [46], and PNPO (235 bp from 5’ UTR)[47]. 

SLC7A5 (intronic) [48] is involved in nutrient transport across the blood-brain barrier. 

Notably, two of the 17 CpGs were found in both the LIBD and a smaller publicly 

available dataset (accession numbers GSE61431 and GSE61380 [12]): cg13997435 in the 

S100A2 locus, and cg12002745 in the FAM83A locus (Figure S1).  
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As previously reported, preliminary post-hoc analysis of the influence of antipsychotic 

medications on DNAm revealed that atypical antipsychotics exerted the biggest effect. 

Grouping the schizophrenia cases into two groups, one that received atypical 

antipsychotics, and one that received typical antipsychotics only or no treatment, revealed 

that methylation levels in blood of 2 out of the 17 SZ-DMPs were affected by atypical 

antipsychotic treatment (p-value ≤0.05). The two probes corresponded to the gene 

IFITM1 (Figure S2). Given the direction of effect, it does not appear that treatment is 

driving the signal at these loci. 

 

Gene ontology analysis 

 

Among the functional pathway categories enriched in the blood DMPs, five of these 

categories were also significant in brain (FDR < 0.2): TOR signaling, regulation of signal 

transduction, regulation of signaling, regulation of cell communication and intracellular 

signal transduction (Table 3). Signaling pathways have frequently been associated with 

both genetic risk [49] and diagnosis of schizophrenia [50, 51].  Thus functional pathways 

implicated by blood EWAS do overlap with those from brain EWAS, although this 

overlap is not statistically significant (chi-squared test p-value of 0.3). 

3.5 Discussion 

We report cognitive phenotype and cross-tissue findings from one of the largest 

epigenome-wide association studies (EWAS) of schizophrenia to date. We describe DMP 

relationships to neurocognitive endophenotype function.  We also paired blood and brain 

methylation data to examine the overlap of cross-tissue schizophrenia associations. Using 
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neurocognition rather than dichotomous clinical diagnosis allowed us to identify spatial 

processing, with its underlying temporo-parietal neural network, as a crucial pathway 

altered in schizophrenia.  The functional analysis using the “top results” revealed 

association with immune regulatory networks, providing further support for the role of 

immune system dysregulation in the pathogenesis of schizophrenia.  

 

Although specific CpG associations were not markedly overlapping between brain and 

blood data sets, we did observe overlap of the functional pathways enriched in the blood 

and brain EWAS, pointing towards a common network of genes altered in schizophrenia 

across tissues.   These functional pathways include target of rapamycin (TOR) signaling, 

regulation of signal transduction, regulation of neuronal signaling, regulation of cell 

communication and immune function intracellular signal transduction. The 14 genes with 

concordant methylation change that were found to be statistically significant in blood and 

brain tissues include neuronal genes such as S100A2, NPDC1, ZFP36L2, DDR1, 

RAP1GAP2, IFITM1, SORL1, and PNPO. SLC7A5 plays a role in blood-brain barrier 

nutrient transport. The methylation change near S100A2, one of our top replicated blood 

schizophrenia –DMPs, was replicated in both the LIBD post mortem brain dataset and 

one additional independent dataset from prefrontal cortex. In addition, we found multiple 

probes near genes previously associated with schizophrenia risk. For example, 3 of the 17 

significant probes were located in exons of DDR1 (discoidin domain receptor tyrosine 

kinase 1), a tyrosine kinase located in the MHC I region found to be expressed prenatally 

in neurons and postnatally in myelin, oligodendrocytes and astrocytes [52], which has 

been postulated as a key risk-related gene in schizophrenia [43]. Moreover, 2 of the 17 
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probes were located in the 5’ UTR region of the Interferon induced transmembrane 

protein 1 (IFITMI), a neuroimmune protein found to be overexpressed in the prefrontal 

cortex [45] and hippocampus [53] of individuals with schizophrenia. This finding fits the 

recent reports of immune gene associations and dysfunction in schizophrenia [2][54].  

 

As is the case for many psychiatric conditions, choice of tissue in which to measure 

methylation is a challenge, given considerations of tissue relevance, design, and feasible 

sample collection.  Blood-based studies are possible because samples can be obtained 

from large numbers of individuals at low cost and low subject burden, and DNA is 

already available for many schizophrenia studies previously used in GWAS and 

sequencing approaches. Among types of epigenetic marks, DNAm marks are stable in 

frozen samples and thus feasible for large-scale interrogation. However, blood is 

presumed to be only a surrogate tissue for schizophrenia, although there are peripheral 

comorbidities in schizophrenia [55]. On the other hand, using brain samples has its own 

challenges, as the pathology of schizophrenia is not confined to a discrete brain region, 

but rather to spatially distributed regions of brain dysfunction reflecting complex neural 

circuit disturbances [56, 57].  The challenges regarding multiple cell type heterogeneity 

exist in both brain and blood-based designs, although tools for accommodating this have 

now been developed and applied for both.  Finally, brain tissue availability is severely 

limited compared to blood, making the sample sizes, and potential for replication, much 

greater for blood-based designs.  Our results are encouraging in this regard given that 

biological processes enriched in blood-based results correspond to those observed in 

brain analyses.  
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This work is limited by the genome coverage available in the 450K array platform, as 

only a fraction of all CpGs are represented, and only methylation changes in CpGs were 

assayed (as opposed to non-CpG changes or hydroxymethylation). This is a common 

limitation also seen in widely-used GWAS platforms and is not seen by us as a major 

problem. The small but significant differences in methylation detected are of similar 

effect size to other studies of epigenetic changes in postmortem brain [58-60]. In those 

cases, the key question is how small effect size deficits relate to gene network 

dysfunction and clinical deficits. Our neurocognitive data help to answer the second 

question: the reported deficits are linked to clinically significant cognitive dysfunction.  

 

This study used blood and brain methylation data in the context of robust, quality assured 

clinical diagnosis and neurocognitive battery findings in 3 highly quality assured 

schizophrenia projects. Cumulatively, the blood-brain methylation strategy described in 

this paper appears to open a novel window on understanding the importance of 

epigenetics in schizophrenia. 
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Figure 1. Analysis Workflow. Filtering steps and statistical design. 
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Figure 2. Association of SZ DMPs to the spatial accuracy neurocognitive 

endophenotype. (a) Judgment of Line Orientation (JOLO) test: The subject must identify 

the correct angled lines from an array. The inset box shows a lesion map for the JOLO 

with right occipito-temporal region activation (from [35]) (b) The distribution of spatial 

processing (SPA) scores is different in SZ cases and controls (D=0.10, p-value = 0.0021). 

(c) Functional analysis network of top SPA-associated loci. 
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Table 1. SZ-associated DMPs correlated to spatial accuracy scores 
 

       
Probe 

Illumina annotation  

(nearest gene) 
chr position Methylation Δ P Value  Šidák correction 

cg21302812 CDC37 chr19 10506915 0.004 4.46E-05 0.008 

cg19190163 PSMB8 chr6 32810785 0.005 2.39E-04 0.040 

cg12002745 WDR67 chr8 124179875 0.003 2.88E-04 0.048 

cg03897436 UNKL chr16 1425469 0.004 4.56E-04 0.075 

cg04172533 NOD2 chr16 50743027 0.003 7.90E-04 0.127 

cg11977605 RNF212 chr4 1076247 0.003 8.54E-04 0.137 

cg25647583 FES chr15 91427184 0.003 2.02E-03 0.294 

cg10839385 VSIG8 chr1 159825049 -0.003 2.50E-03 0.350 

cg03940776 SYNJ2 chr6 158490013 0.002 3.54E-03 0.457 

cg27093918 MIR1538 chr16 69564625 0.005 3.62E-03 0.464 

cg26687842 FOXO1 chr13 41055491 -0.004 3.71E-03 0.472 

cg16038738 FAM102B chr1 109103731 0.003 3.83E-03 0.483 

cg14114377 MARK4 chr19 45756845 0.003 4.38E-03 0.530 
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Table 2. SZ-associated DMPs replicated in brain tissue  

 

  

 

 

 

 

     

 

 

  

 

 

 

 

Probe 

Annotation  

(nearest 

gene) 

Distance from nearest 

gene 
chr position 

Discovery set (N=1334) Replic. set 

(N=497) 

LIBD set (N=431) 

Δ Beta P Value FDR Δ Beta P Value Δ Beta P Value FDR 

cg13997435 S100A2 100 bp (from 3' UTR) chr1 153538406 -0.007 3.26E-07 0.011 -0.005 2.77E-02 -0.010 1.16E-03 0.034 

cg06996599 C6orf136 0 bp (exonic) chr6 30619232 0.007 9.39E-07 0.015 0.006 3.28E-03 0.006 4.02E-02 0.289 

cg26581729 NPDC1 0 bp (intronic) chr9 139939792 -0.010 1.95E-05 0.063 -0.016 1.72E-07 -0.010 1.34E-02 0.160 

cg09308580 ZFP36L2 43594 bp (from 5' UTR) chr2 43405947 -0.006 2.31E-05 0.066 -0.004 8.91E-03 -0.014 1.68E-02 0.181 

cg20384132 RANBP3L 831 bp (from 3' UTR) chr5 36302349 0.009 4.39E-05 0.091 0.007 2.03E-02 0.020 1.06E-03 0.031 

cg02117086 B3GNT7 0 bp (exonic) chr2 232265670 0.010 4.90E-05 0.097 0.006 4.79E-02 0.014 1.93E-03 0.047 

cg19148201 DDR1 0 bp (exonic) chr6 30860237 0.011 5.09E-05 0.098 0.009 4.53E-02 0.006 2.49E-02 0.226 

cg07791897 C5orf67 0 bp (intronic) chr5 55897584 0.007 6.39E-05 0.105 0.006 1.03E-02 0.017 2.09E-02 0.205 

cg07781445 RAP1GAP2 0 bp (intronic) chr17 2886250 0.006 9.35E-05 0.119 0.007 6.06E-03 0.013 1.44E-02 0.166 

cg17879299 DDR1 0 bp (exonic) chr6 30860300 0.015 9.97E-05 0.120 0.019 1.91E-03 0.005 2.92E-02 0.245 

cg10552523 IFITM1 513 bp (from 5' UTR) chr11 313478 -0.010 1.24E-04 0.132 -0.009 1.43E-02 -0.015 3.10E-02 0.253 

cg07021906 SLC7A5 0 bp (intronic) chr16 87866833 0.008 1.43E-04 0.139 0.014 1.76E-04 0.010 1.17E-02 0.147 

cg20566897 IFITM1 464 bp (from 5' UTR) chr11 313527 -0.010 2.18E-04 0.160 -0.008 1.48E-02 -0.010 1.12E-02 0.144 

cg07979747 DDR1 0 bp (exonic) chr6 30860136 0.007 2.31E-04 0.164 0.007 4.54E-02 0.018 3.44E-03 0.070 

cg22964469 SORL1 0 bp (intronic) chr11 121337508 -0.005 2.49E-04 0.170 -0.006 6.97E-04 -0.012 1.31E-02 0.157 

cg12002745 FAM83A 11412 bp (from 5' UTR) chr8 124179875 -0.004 3.10E-04 0.182 -0.004 7.12E-03 -0.006 7.78E-03 0.116 

cg22996004 PNPO 235 bp (from 5' UTR) chr17 46018654 0.007 3.63E-04 0.193 0.006 6.19E-03 0.010 4.04E-02 0.290 
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Table 3. Comparison of Gene Ontology characterization of SZ-

associated DMPs in blood and in prefrontal cortex  
     

 

        

 

  

GO.ID Term Annotated Significant Expected Odds 

Ratio 

p-value 

(FDR) 

 

Brain 

FDR 

1 GO:0051056 regulation of small GTPase mediated signal transduction 546 15 4.69 3.56 0.114 0.794 

2 GO:0031929 TOR signaling 60 5 0.51 10.88 0.114 0.184 

3 GO:0009966 regulation of signal transduction 2487 38 21.34 2.12 0.114 0.119 

4 GO:0023051 regulation of signaling 2773 41 23.80 2.07 0.114 0.086 

5 GO:0010646 regulation of cell communication 2786 41 23.91 2.06 0.114 0.070 

6 GO:0061462 protein localization to lysosome 16 3 0.14 27.26 0.148 0.685 

7 GO:0051058 
negative regulation of small GTPase mediated signal 

transduction 41 4 0.35 12.85 0.163 0.879 

8 GO:0046578 regulation of Ras protein signal transduction 520 13 4.46 3.18 0.185 0.772 

9 GO:0097264 self proteolysis 5 2 0.04 78.20 0.191 NA 

10 GO:0035556 intracellular signal transduction 2194 33 18.83 2.02 0.191 0.179 

11 GO:0032006 regulation of TOR signaling 48 4 0.41 10.80 0.191 0.432 

12 GO:0032007 negative regulation of TOR signaling 22 3 0.19 18.65 0.196 0.471 

13 GO:0035023 regulation of Rho protein signal transduction 486 12 4.17 3.12 0.199 0.721 

14 GO:0007264 small GTPase mediated signal transduction 488 12 4.19 3.11 0.199 0.259 

15 GO:0008216 spermidine metabolic process 6 2 0.05 58.64 0.199 0.458 
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3.7 Supplementary Information 

Table S1. Characteristics of the discovery and replication populations (blood 

tissue samples) 

Variable Controls Cases Total 

Discovery 

No.Participants 645 689 1334 

Sex, n (%) 

        Male 273 (42.3%) 477(69.2%) 

      Female 372 (57.7%) 212(30.8%) 

 Race/Ethnicity, n (%) 

        non-African American 419 (65%) 258 (37.4%) 

      African American 226 (35%) 431 (62.6%) 

 Study, n (%) 

        Study-COGS  412 (63.9%) 238 (34.5%) 

      Study-MGI 84 (13%)  28 (4.1%) 

      Study-PAARTNERS 149 (23.1%) 423 (61.4%) 

 Age 39.53 37.65 

 Smoking 

        Current Smoker 97(15%) 402(58.3%) 

 Psychiatric treatment, n (%)   

      No antipsychotic 633a(100%) 57 (8.4%) 

      Typical antipsychotic 0 80 (11.8%) 

      Atypical antipsychotic 0 475 (70.0%) 

      Both typical and atypical  

     antipsychotic 

0 67 (9.9%)  

 
   

Replication 

No.Participants 250 247 497 

Sex, n (%) 

        Male 190 (76%) 188 (76.1%) 

      Female 60 (24%) 59 (23.9%) 

 Race/Ethnicity, n (%)   

      non-African American 250 (100%) 247 (100%) 

 Age 35.1 34.96 

 Smoker 125 (50%) 123 (49.8%) 
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Table S2. Characteristics of the study population (post-mortem 

brain tissue samples) 

 

 

 

      

Variable Controls Cases Total 

LIBD Samples 

No.Participants 240 191 431 

Sex (%F) 30.8 37.7 

 Race (%Caucasian) 45 55 

 Age 42.3(16) 50.1(14.4) 

 pH 6.57(0.27) 6.41(0.26) 

 PMI (hr) 29.5(14.4) 39.1(23.7) 

 Smoker (%) 25.2 42.9 

 Death (Natural /Accidental) 71.8/13.1 65.1/12/7 

 
    LBBND and DBCBB (from GEO 

repository)     

No.Participants 38 38 76 

Sex (%F) 21.10 31.58 

 Race (%Caucasian) NA NA 

 Age 54.2(19.7) 54.2(18.1) 
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Figure S1. Examples of SZ-associated DMPs replicated in brain tissue. Four 

examples of differentially methylated loci: Left panel shows results in the discovery 

dataset, middle panel for the replication dataset, right panel for the LIBD post-mortem 

brain dataset.
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Figure S2. Post-hoc testing for the effect of atypical antipsychotic medication on 

methylation levels. Two methylated loci affected by atypical antipsychotic treatment (p-

value ≤0.05), corresponding to IFITM1.  
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4.1 Abstract  

The behavior of epigenetic mechanisms in the brain is obscured by tissue heterogeneity 

and disease-related histological changes. Not accounting for these confounders leads to 

biased results. We develop a statistical methodology that estimates and adjusts for 

celltype composition by decomposing neuronal and non-neuronal differential signal. This 

method provides a conceptual framework for deconvolving heterogeneous epigenetic 

data from postmortem brain studies. We apply it to find cell-specific differentially 

methylated regions between prefrontal cortex and hippocampus. We demonstrate the 

utility of the method on both Infinium 450k and CHARM data. 

4.2 Introduction 

The brain is a particularly good example of highly specialized and diverse functions 

arising from the same genetic program. Epigenetic mechanisms copy information other 

than the sequence itself during cell division, such as DNA methylation and chromatin 

arrangements [1]. Therefore, epigenetics is an attractive substrate for understanding 

specialized brain function and its disruption in disease. An example of an epigenetic 

mechanism is DNA methylation, which at CpG dinucleotides is heritable during cell 

division, because that sequence is recognized by a DNA methyltransferase on newly 

replicated strands. In post-mitotic cells such as neurons, DNA methylation has been 

shown to contribute to memory formation [2], other types of synaptic plasticity [3], drug 
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addiction [4], and reversible behavior in the honeybee Apis mellifera [5]. Neurological 

diseases have also been linked to mutations in DNA methyltransferases [6] and methyl-

CpG-binding proteins [7]. 

 

Despite its importance, the epigenetic profile of the brain has not yet been explored in 

depth due to, among other factors, brain region and cell type heterogeneity. The cerebral 

cortex has distinct functional regions, each organized into cell layers of neurons and glia 

that vary throughout the cortex [8]. While neurons are the main signaling unit, glia play 

an important role in scaffolding and maintaining synapses [9]. Epigenetic profiling of 

neurons and non-neurons using the Illumina GoldenGate assay has shown that neurons 

and glia have a unique DNA methylation signature that cannot be assessed using samples 

from bulk cortex [10]. This is important because shifts in glial cell populations such as 

oligodendrocytes contribute to defects in cortical myelination, and microglia activation 

has been linked to neurodegenerative disorders [11]. 

 

Traditional epidemiological studies using brain tissue done so far do not account for 

differences in cell type composition [12-14]. Statistical methods for estimating cell-type 

composition from genomic profiles have been developed for gene expression [15-18], 

and DNA methylation in blood tissue [19] and in brain [20]. DNA methylation can then 

be used to calculate and potentially adjust for differing cell proportions, a crucial step 

when studying diseases where cell population shifts occur [21].  
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While DNA methylation data can now be used to calculate differing cell proportions, 

individual cell type profiling has not been done yet due to the extensive mixture 

combinations required for validation in blood (at least five different cell types) [19]. In 

contrast, cell profiling in the brain can be achieved by separating the cell types into two 

main compartments: neurons and glia. In a recent publication [20], a method is proposed 

for estimating neuron and glia proportions similar to the approach proposed for whole 

blood [19]. While this is a useful step toward correcting for cell distribution, this 

approach does not permit the unbiased estimation of glia- and neuron- specific 

differences between two sets of samples [20].  Such calculated cell-type specific analysis 

offers a crucial advantage in studies of the brain, where neurons and glia cannot generally 

be dissociated. For example, many brain bank specimens contain pulverized material or 

even paraffin fixed specimens, for which methods exist to isolate DNA for genome-scale 

methylation analysis [22]. Flow sorting, as done here to develop this method, generally 

does not yield sufficient quantities of material for genome-scale analysis, and is also 

extremely labor intensive and costly. 

 

Here we have developed a novel statistical epigenetics approach that takes advantage of 

the stability and cell-type specificity of DNA methylation, as well as the fact that the 

brain is made up of two major cell types, neurons and glia, in order to deconvolve the two 

main cell components in the brain. Thus, the method allows one to measure DNA 

methylation, e.g. across brain regions, and from those data calculate to a first 

approximation the difference in DNA methylation that is neuron- or glia- specific. 

Moreover, once sorted data is available for a given brain region, investigators can use 
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such data to calculate cell proportions on any unsorted sample measured on the same 

methylation platform without the need to sort themselves. This approach should have 

broad application to a range of problems in neurodevelopment and disease research. 

4.3 Methods 

Generative model of methylation signal 

To illustrate our model, we consider the case of estimating differences in methylation 

between DLPFC (D) and HF (H).  We assume these brain tissues are composed of 

two cell  types,  NeuN+ (+) and  NeuN- (-).   For  a  fixed genomic position, we let 

µj,k   be the methylation  level  in region j, j ∈ {H, D} and cell type  k, k ∈ {+, −}.   

Scientifically,  we are interested in identifying genomic locations where µH,k  − µD,k 

≠ 0, i.e., where NeuN+  or NeuN- have different methylation levels in the two brain 

regions. 

  

Given a sample  i  and  considering a  fixed  genomic  position,  we  define Xi  as  the 

indicator that sample i is from the hippocampus,  i.e., Xi = 1 if sample i is from the 

hippocampus and 0 otherwise. We also define πi to be the fraction of sample i that 

consists of NeuN- cells ( 1 − πi is the fraction of NeuN+  cells).  We can then derive the 

expected value of the methylation signal of sample i at that genomic position as 

 

E(Yi) = {πiµD,− + (1 − πi)µD,+}(1 − Xi) + {πiµH,− + (1 − πi)µH,+}(Xi). 
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Rearranging terms gives: 

 

E(Yi) = µD,+ + (µD,− − µD,+)πi + (µH,+ − µD,+)Xi(1 − πi) + (µH,− − µD,− )Xiπi  (1) 

 

Suppose we wanted to estimate whether there is a difference in methylation between the 

two brain regions being considered, H and D. If we fit a model with terms matching those 

above, i.e., 

 

E(Yi) = β0 + β1πi + β2Xi(1 − πi) + β3Xiπi                [M2]  

 

then our estimated coefficients have interpretations equivalent to the generative model in 

Equation 1. Specifically, we can test the hypothesis of no difference in NeuN+ 

methylation between D and H (µH,+ − µD,+= 0) by testing the hypothesis that β2 = 0, and 

the hypothesis of no difference in NeuN- methylation between D and H (µH,− − µD,− = 0) 

by testing the hypothesis that β3 = 0. 

 

From the equations above, we can see that estimating the fraction of cells of each 

type, πi, allows us to explicitly find locations with brain-region differences specific to 

NeuN+ or NeuN- cells. 

 

Naïve models are biased 

In general, πi is unknown and therefore not included in the linear model, i.e., the model  

 



 

 125 

                          E(Yi) = α0 + α1Xi                               [M1] 

 

is fitted. However, this model does not account for all the sources of variation in Yi , and 

the least squares estimate �̂�1   is a biased estimate of the difference in methylation 

between H and D under the null hypothesis.  To see this, we can write E(�̂�)  = (X tX 

)−1X tE(Y ),  where X is the design matrix of the above model and �̂� is the vector (�̂�0, �̂�1) 

and the hats represent least squares estimates. For simplicity, we assume equal numbers 

of samples from H and D. We then have 

 

E(�̂�1) = µH,+ − µD,+ + (µH,− − µH,+)π̄ H  − (µD,− − µD,+)π̄ D 

 

Where π̄ j is the mean fraction of NeuN- cells in region j. Under the null hypothesis of 

no difference between D and H in either + or -, we have  µH,+ − µD,+  = 0 and also (µH,- 

− µH,+) =  (µD,- − µD,+) ≐  𝛿 , which gives 

 

E(�̂�1) = δ(π̄ H  − π̄ D ). 

 

This means that where + and – have different methylation levels (δ ≠ 0), a difference in 

the fractions of + and – cells in the different brain regions can lead to false-positive 

signals of brain region differences in methylation.  

 

Guintivano et al. [20] estimate πi and propose an ad hoc approach to adjust for this that is 

approximated by fitting the following model  
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                      E(Yi) = γ0+ γ1Xi + γ2 πi                             [M3] 

 

However, this model does not account for all the sources of variation in Yi either and the 

least squares estimate 𝛾1  is a biased estimate of the difference in methylation between H 

and D.  To see this, we can write E(𝛾)  = (X tX )−1X tE(Y ),  where X is the design 

matrix of the above model and 𝛾 is the vector (𝛾0, 𝛾1, 𝛾2) and the hats represent least 

squares estimates. For simplicity, we assume equal numbers of samples from H and D. 

We then have 

 

E(𝛾1) =  µH,+ − µD,+ + K((µH,− − µH,+)   − (µD,− − µD,+)) 

 

Where K is a function of the πi ‘s that does not depend on the sample size: 

 

𝐾 =
�̅�𝐻  (

1
2 �̅�𝐻 �̅� +

1
2 𝜋2̅̅̅̅ − (�̅�)2) +

1
2 𝜋2̅̅̅̅

𝐻(�̅� – �̅�𝐻)

1
2

(𝜋2̅̅̅̅ − (�̅�𝐻)2) +  �̅�(�̅�𝐻 −  �̅�)
 

 

with �̅� and �̅�𝐻the average of the πi ‘s in all samples and H samples, respectively, and 𝜋2̅̅̅̅  

and 𝜋2̅̅̅̅
𝐻the average of the 𝜋𝑖

2 ‘s in all samples and H samples, respectively. Note that the 

bias is directly proportional to the difference between NeuN+ and NeuN- fractions, 

demonstrating that this approach is incapable of deconvolving these quantities of 

interest. 
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Estimation of mixture proportions 

Although we have shown that fitting the misspecified model, which does not include 

the cell-fraction terms, can lead to bias under the null hypothesis, the cell fractions for 

a given sample are unknown a priori. At any given methylation site, we are assuming 

that there is some underlying mean methylation value within each combination of cell 

type (+, -) and brain region (D, H). If we know these underlying means, we can 

derive an estimate of the unknown cell fraction at a particular site, given an observed 

methylation signal and assuming the generative model above.  For example, suppose 

sample i is from D and we observe methylation signal Yi at a given locus.  From 

Equation 1, we have 

 

E(Yi) = µD,+ + πi(µD,− − µD,+) = πiµD,− + (1 − πi)µD,+   (2) 

 

If we assume µD,+  and µD,− are known, πi is the only unknown in this equation, so it 

can be estimated. Note that we do need to constrain our estimate of πi to be between 0 

and 1. Also, the means µ are not known, so we collected data to allow us to estimate 

these means, by measuring methylation in pure cell sorted + or – fractions from each 

brain region of interest. Given that these methylation measurements have uncertainty, 

we want to reduce the uncertainty in our estimate of πi by using many informative 

genomic regions. We first select a set of genomic regions where + and - methylation 

differs. We then find the optimal value of πi to explain the observed methylation for 

sample i in these locations, as a function of our estimated means and πi, subject to 
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the constraint that πi is between 0 and 1. This procedure closely follows that 

presented by Houseman et al. [19] 

 

Selection of the genomic locations can be based on a variety of factors, such as the 

range of observed methylation at these locations, the variance of the methylation 

estimates, and the length of the region of differential methylation.   For our 

estimation, we chose the 500 genomic regions which were the strongest + vs - 

DMR candidates in the brain region of interest in relation to the amount of methylation 

difference and the length of the region showing the methylation difference. We found 

that our results were quite robust to the number of regions selected, with 500 performing 

well.  

 

To investigate whether it is absolutely necessary to have sorted data from a given brain 

region to estimate cell proportions in unsorted data from that region, we identified a set 

of “universal” genomic regions. These universal regions had different NeuN+ and 

NeuN- methylation signals within a brain region, but showed consistent NeuN+ and 

NeuN- methylation levels across the three brain regions for which we had data (DLPFC, 

HF, and STG). Many of these + vs - DMR candidates had consistent NeuN+ and 

NeuN- levels across brain regions, with 14-17% of the probes in the + vs - DMRs 

belonging to genomic regions of consistent signal. We estimated the means µ in these 

regions of consistent signal using sorted data from DLPFC alone, and then performed 

cell fraction estimation in the unsorted samples from DLPFC, HF and STG using these 

mean values. Since we do not know the true cell fractions in these unsorted samples, we 
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used the estimates we had obtained for each brain region using the region-specific DMRs 

and mean values, as described above, as our gold standard.  

 

All analysis was implemented in R (R Core Team, R: A Language and Environment for 

Statistical Computing. R Foundation for Statistical Computing: Vienna, Austria, 2012; 

http://www.r-project.org/). The data discussed in this publication have been deposited in 

NCBI’s Gene Expression Omnibus and are accessible through GEO series accession 

number GSE48610. 

 

Effect of inaccurate mixture estimates 

As previously described, failure to account for differences in cell-mixtures in our 

samples can lead to biased estimates of brain-region differences under the null 

hypothesis of no brain region difference. However, inaccurate mixture estimates can 

also lead to bias.  For example, consider the methylation signal in sample i 

 

E(Yi) = β0 + β1πi + β2Xi(1 − πi) + β3Xiπi 

 

Now suppose we have an inaccurate estimate of πi , called πi*, where  πi* = πi + γi. Using 

this inaccurate estimate gives us the following contribution to our regression formulation 

from sample i:  

 

 

 

http://www.r-project.org/
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β0 + β1πi*+ β2Xi(1 − πi*) + β3Xi  πi* = β0 + β1(πi  + i) + β2Xi(1 − πi  + i) + β3Xi(πi  + i) 

                                                                             = β0 + β1i + β1πi  + β2Xi(1 – πi)+ β3Xiπi  + (β3 – β2)Xii  

                                                                             = β0 + β1i + β1πi  + β2Xi(1 – πi)+ β3Xiπi  + (β3 – β2)Xi(i (1 − πi) – (1 − i) πi) 

       = β0 + β1i + β1πi  + β2Xi(1 – πi)+ β3Xiπi  + (β3 – β2)i Xi(1 − πi) + (β3  – β2) (1 − i)Xiπi  

       = β0 + β1i + β1πi  + (β2 + (β3 –  β2)i)Xi(1 – πi)+ (β3 + (β3 –  β2) (1 − i))Xiπi  

 

where ηi  is between 0 and 1, and the third line follows from the fact that γi  must be 

between –πi and 1 − πi to ensure that πi*
  is between 0 and 1. We can see that the 

coefficient of Xi(1 − πi) is no longer measuring just the quantity we are interested in 

(the difference between NeuN+ methylation in regions H and D), but  it also has an 

additional  factor related  to the size of the estimation error, and similarly for the 

coefficient of Xiπi. 

 

CHARM DNA methylation analysis 

Genomic DNA was isolated from brains using the Masterpure kit from Epicentre, 

according to the manufacturer’s protocol.  For genome-wide DNA methylation 

assessment, 1 ug of genomic DNA from each sample was digested, fractionated, labeled 

and hybridized to a CHARM array as described [33, 34] using a custom Nimblegen 2.1 

million feature array assaying 5,114,655 CpG sites. We used the Bioconductor package 

‘charm’ for sample preprocessing along with the package ‘bumphunter’ for DMR 

identification and permutation computation.  

 

Human post-mortem brain samples 

Fluorescence-activated cell sorting was performed on frozen post-mortem dorsolateral 

prefrontal cortex (n=4), and hippocampal formation (n=4) and superior temporal gyrus 
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(n=3) from individuals not affected with neurological or psychiatric disease. To validate 

the statistical model, we used additional 9 healthy samples from the dorsolateral 

prefrontal cortex. These samples underwent nuclei extraction and sorting as described 

below. The model was applied to additional unsorted control samples (19 samples from 

DLPFC, 13 samples from HF, 31 samples from STG) to deconvolve NeuN+ and NeuN- 

methylation signatures. All samples were obtained from the bank of the Center for 

Neurodegenerative Disease Research (CNDR) in the Department of Pathology and 

Laboratory Medicine at the University of Pennsylvania (directed by Dr. John Q. 

Trojanowski, see Additional File 1, Tables S2-4 for demographic information). 

 

Nuclei extraction, NeuN labeling and sorting 

Total nuclei were extracted via sucrose gradient centrifugation as previously 

described[25]. 250 mg of frozen tissue per sample was homogenized in 5 ml of lysis 

buffer (0.32M sucrose, 10mM Tris pH 8.0, 5mM CaCl2, 3 mM Mg acetate, 1 mM DTT, 

0.1 mM EDTA, 0.1% Triton X-100) by douncing 50 times in a 40-ml dounce 

homogenizer. Lysate was transferred to a 15 ml ultracentrifugation tube and 9 mL of 

sucrose solution (1.8 M sucrose, 10 mM Tris pH 8.0, 3 mM Mg acetate, 1mM DTT) was 

pipetted to the bottom of the tube. The solution was then centrifuged at 27,000 rpm for 

2.5 h at 4C (Beckman, L8-80 M; SW28.1 rotor). After centrifugation, the supernatant was 

removed by aspiration and the nuclei pellet was resuspended in 500 ul of PBS.  

 

The nuclei were incubated in a staining mix (0.71% normal goat serum, 0.036% BSA, 

1:1200 anti-NeuN NeuN (Millipore, MAB377), 1:1400 Alexa647 goat anti-mouse 
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secondary antibody (Invitrogen, 21236) for 45 min by rotating in the dark at 4C. 

Unstained nuclei and nuclei stained with only secondary antibody served as negative 

controls. The fluorescent nuclei were run through a FACS machine with proper gate 

settings. A small portion of the NeuN+ and NeuN- nuclei were re-run on the FACS 

machine to validate the purity. Immunonegative (NeuN-) nuclei were collected in 

parallel. To pellet the sorted nuclei, 2 mL of sucrose solution, 50 uL of  1 M CaCl2, and 

30 ul of Mg acetate were added to 10 mL of nuclei in PBS, incubated on ice for 15 min, 

then centrifuged at 3,000 rpm for 20 min. The nuclei pellet was resuspended in 10 mM 

Tris (pH 7.5), 4 mM MgCl2, and 1 mM CaCl2. Fluorescent images were taken on a Zeiss 

Axio Observer.Z1 microscope with a Plan-Apochromat 100x/1.40 oil-immersion 

objective lens. Images were generated using an Axiocam MR3 microscope camera and 

Axiovision software (AxioVs40, version 4.8.2.0, Carl Zeiss, Inc).  Images were processed 

using ImageJ.  

4.4 Results and discussion 

Estimation of mixture proportions  

We measured DNA methylation profiles for dorsolateral prefrontal cortex (DLPFC), 

hippocampal formation (HF), and superior temporal gyrus (STG) samples dissected from 

frozen brains of normal individuals using the comprehensive high-throughput arrays for 

relative methylation (CHARM) technique [23]. We also labeled and separated neuronal 

nuclei in a subset of samples using a neuron-specific antibody (NeuN) and fluorescence-

activated cell sorting (FACS)[24, 25]. Neuronal (NeuN+) and non-neuronal (NeuN-) 

fractions from DLPFC, HF and STG were collected for downstream processing and 
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methylation analysis with CHARM (Additional File 1, Figure S1).  

To illustrate the downstream effects of the cell population confounding problem, and 

focusing on two brain regions for clarity, we examined a genomic region for which 1) no 

difference was observed between DLPFC and HF in either neuronal or glial fractions and 

2) a difference was observed between neuronal and glial nuclei within each brain region 

(Figure 1a). Note that a strong methylation difference between brain regions is observed 

between the non-cell-sorted brain samples. This must be a false positive and, as we 

demonstrate below, must be due to differences in cell-type composition between the brain 

regions. 

We modified a statistical method originally developed to estimate cell populations in 

blood [19] to calculate neuronal and glial proportions for each of our unsorted samples, 

adapting it to use a constrained linear optimization model (Figure 1b, see overview in 

Additional File 1, Figure S2a). We confirmed that our approach effectively estimated 

these cell proportions using a mixture experiment with an independent set of samples 

(Additional File 1, Figure S2b). To demonstrate that the false positives results of Figure 

1 are due to difference in cell-type distribution, we mathematically reconstructed the 

unsorted sample methylation profile using the pure neuronal and glial profiles and their 

estimated frequencies and predicted this result (Additional File 1, Figure S2c). 

While the above results rely on having neuronal and glial methylation signals for each 

brain region, we performed additional analyses to determine whether accurate estimates 

of neuronal and glial proportions in unsorted samples from a brain region could be 

obtained using selected data from another brain region. Figure 1c shows the accuracy of 
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estimates obtained from such “universal” data, compared to estimates based on sorted 

data from each individual brain region. We also accurately reproduce the cell proportion 

estimates from our mixture experiment (Additional File 1, Figure S2d, see Materials 

and Methods for additional details of how this analysis was performed). Our results 

indicate that accurate estimates could be obtained for a new brain region without the need 

to sort samples from that region. 

Generative model of methylation signal  

Currently, obtaining cell-type specific DMRs from unsorted samples is a mathematically 

intractable problem. However, because in human post-mortem brain samples we are 

interested in just two cell fractions (neurons and glia), we were able to develop a novel 

statistical procedure to perform this deconvolution.  The methylation signal for any 

sample i at a given genomic location, Yi, can be modeled as a linear combination of the 

methylation levels of neuronal and glial fractions in the brain region where the sample i 

was obtained. Specifically, for any given CpG, the DNAm profile of a mixed sample can 

then be written as (see Materials and Methods): 

𝑌𝑖 =  𝜇𝐷,+ + (𝜇𝐷,− −  𝜇𝐷,+)𝜋𝑖 + (𝜇𝐻,+ − 𝜇𝐷,+)𝑋𝑖(1 − 𝜋𝑖) +  (𝜇𝐻,− −  𝜇𝐷,−)𝑋𝑖𝜋𝑖 + 휀𝑖.  

Here, we define 𝜇𝐷,+ and 𝜇𝐷,− to be the methylation level of neuronal and glial fractions, 

respectively, in DLPFC, with 𝜇𝐻,+ and 𝜇𝐻,− defined similarly for HF. For each sample i,  

𝑋𝑖 is 1 if sample 𝑖 was obtained from HF and 0 for DLPFC samples. We let 𝜋𝑖 to be the 

fraction of glia in sample 𝑖, so that 1 − 𝜋𝑖 is the fraction of neurons. Finally, 휀𝑖 represents 

biological variability and measurement error. The statistical insight is that because the 
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term 𝜋𝑖can be estimated with high precision (Additional File 1, Figure S2c), it can be 

treated as fixed. With this assumption in place, the equation above is actually a linear 

model of the form 

𝑌𝑖 =  𝛽0 + 𝛽1𝜋𝑖 + 𝛽2𝑋𝑖(1 − 𝜋𝑖) + 𝛽3𝑋𝑖𝜋𝑖 + 휀𝑖 , 

in which the parameters 𝛽2 and 𝛽3represent the quantities we are interested in measuring, 

that is, the differences in neurons and glia, respectively, between brain regions. We refer 

to this model as M2. Fitting this linear model by least squares and obtaining estimates for 

millions of genomic locations is computationally feasible. (Fitting the model for 4 million 

probes took about 5 seconds on our laptop).  

 This statistical framework also exposes the problem with existing naïve approaches to 

assess DNA methylation signatures in mixed samples. To date, most published analyses 

ignore cell composition [26-30] and look for associations in a way equivalent to fitting a 

simple linear regression model 𝑌𝑖 =  𝛼0 + 𝛼1𝑋𝑖 + 휀𝑖 (where the t-test is derived from 

the 𝑋𝑖 = 0 𝑜𝑟 1). We refer to this model as M1. In M1, the parameter 𝛼1 represents a 

combination of the methylation differences in neurons and glia in which it is impossible 

to deconvolve cell type-specific contributions. Furthermore, we can mathematically 

demonstrate that the least squares estimate of 𝛼1 will be biased by differences in cell-type 

frequency under the null hypothesis of no difference in methylation between brain 

regions (Figure 2a, see Methods Section). Similarly, a naïve model suggested by 

Guintivano et al. [20]  that incorporates cell-type proportions 𝑌𝑖 =  𝛾0 + 𝛾1𝑋𝑖 + 𝛾2𝜋𝑖 + 휀𝑖 

(we refer to this as model M3) will lead to biased results as well, and to decreased power 

to detect methylation differences (Additional File 1, Figure S3). We also note that even 
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the superior methods show a small amount of bias (boxplot not centered at 0), which can 

be explained by slightly inaccurate mixture estimates (see Materials and Methods).  

To test the utility of our model, we confirmed our theoretical results with experimental 

data. First, we obtained estimates of significant neuron-specific methylation differences 

between DLPFC and HF using sorted brain samples (gold standard, FDR <0.05, 

Additional File 1, Table S1). We then used the unsorted brain data to calculate the 

parameters representing the differences in brain-region methylation using models M1 

(total methylation difference, 𝛼1) and M2(neuron-specific methylation difference, 𝛽2). 

Figure 2b shows that we can estimate neuron-specific methylation differences more 

accurately with model M2. Therefore, we can assess neuron-specific methylation 

differences between DLPFC and HF using whole tissue after estimating cell proportions.  

Using the sorted samples, we did not find statistically significant DMRs in the non-

neuronal fraction, which highlights the importance of isolating a neuronal signal from 

total methylation values. The result is in agreement with recently published literature 

suggesting that glia cells, contained in the NeuN- fraction, have less diverse transcription 

patterns across brain regions than neurons [31], the latter having a distinct DNA-

methylation signature [10]. Interestingly, proteins involved in modifying chromatin were 

found among the brain-region neuronal DMRs, supporting the role of epigenetic 

mechanisms in neuronal function and synaptic plasticity [32]. For example, neuron-

specific methylation of the histone methyltransferase SETD3, which methylates histone 

H3 at lysine 36, was lower in HF than in DLPFC, and histone deacetylase HDAC4 shows 

hypomethylation in DLPFC. Other genes involved in neural differentiation include JAG1, 

TTL1, NPAS4, CUX-2, DOCK2, NGEF, OLFM1, SATB2, and GIT2.  
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Application to Illumina Infinium HumanMethyation450 Dataset 

While the CHARM platform has many advantages for studying methylation patterns due 

to the high density and location of probes, the assay requires restriction-enzyme digestion 

and lacks single-base resolution. The Illumina Infinium HumanMethylation450 (450K) 

array has emerged as an affordable alternative to obtain reliable quantitative 

measurements of methylation. To demonstrate the performance of our method on data 

from the 450K array, we used data accessible at NCBI GEO database (Guintivano et 

al.[20], accession GSE41826), consisting of 77 normal samples from prefrontal cortex, of 

which 29 were sorted into neuronal and glial fractions, 9 were mixtures of neurons and 

glia of known proportions and 10 were unsorted, whole-tissue samples. We first applied 

our method to obtain accurate cell-fraction estimates on the known mixture samples 

(Additional File 1, Figure S4a). Using these cell-fraction estimates and the pure 

neuronal and glial profiles, we mathematically reconstructed the methylation profile for 

the mixture samples in a set of genomic regions and compared these results to the actual 

observed methylation for these samples (Additional File 1, Figure S4b). The cell 

proportion calculations agreed with Guintivano et al.’s estimates for prefrontal cortex. 

Our CHARM cell proportion estimates are on average higher than those obtained using 

450K arrays, as the CHARM data was sampled using 2 mm dermal biopsy punches to 

minimize white matter contamination. The mathematical reconstruction of the 

methylation signal was also done for the unsorted samples (Additional File 1, Figure 

S4c).   

Given that sorted data on the 450K array is only available for one brain region, we cannot 

demonstrate our improved ability to detect true brain-region differences in cell-type 
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specific methylation on this platform. However, to show our ability to reduce false-

positive signal, we constructed an artificial comparison by grouping the mixture samples 

with the highest and lowest neuronal fractions and applied models M1 and M2 to look for 

differences between these two groups. Any such differences are clearly due only to cell-

fraction variation, and model M2 reduces the number of false positive signals 

(Additional File 1, Figure S4d), as we saw for our CHARM data (Figure 2a). These 

results indicate that our methods apply well to data from the 450K array. 

4.5 Conclusions 

We describe an algorithm to address a gap in the analysis of methylation data from 

complex tissues with varying degrees of cell type heterogeneity such as the brain. To 

appropriately measure the methylation differences between two brain cortical regions, we 

separated a small number of samples of the brain nuclei into neuronal and non-neuronal 

fractions by cell sorting, and developed a statistical method to account for cell 

heterogeneity in a set of unsorted samples by decomposing the signal into its two 

components. Our proposed method takes advantage of the separation of the brain cells 

into two nuclei fractions. The neuronal fraction encompasses a diverse population of 

neuronal cells, and the non-neuronal nuclei contain astrocytes, oligodendrocytes, a 

minority of NeuN-negative neurons, and endothelial cells. To separate the methylation 

signal into more than two fractions is mathematically plausible, as one can simply define 

𝜋𝑖 as the fraction of cells of the cell-type of interest, fit model M2, and consider 𝛽3. 

However, investigating how robust our results are to the noise in cell fraction estimates 

when there are more than two cell types will require further study.  
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The experimental design presented here provides for efficient use of scarce tissue bank 

resources and limited funds for methylation profiling. Once purified methylation profiles 

are obtained from the brain regions of interest using a small number of samples, the gold-

standard methylation data can be used for any further analysis, and by any laboratory, 

without the need to sort nuclei again. We have demonstrated our method on data from 

both CHARM and the Illumina 450K 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. If brain-region specific data are not available, we have also shown that for 

samples measured with CHARM, accurate estimates of cell proportions in samples from 

one brain region could be obtained using sorted data from another brain region. We 

provide a framework that can be applied, even retrospectively, to psychiatric case-control 

studies using frozen post-mortem brain samples, and can be easily adapted to other 

microarray or sequencing platforms, and to other target tissues. 
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Figure 1. The proportion of neuronal cells in a given brain region influences the identification of differentially methylated 

regions. (a) Whole-tissue methylation signals show false-positive brain-region differences. Panel shows a plot of smoothed 

methylation signals from sorted neuronal and glial cells (teal and purple lines) from DLPFC and HF (solid and dashed lines) as well as 

from whole-tissue DLPFC (gold line) and HF (grey line). (b) Estimated neuronal fraction of cells for whole-tissue samples differs 

between DLPFC and HF (Mean DLPFC=0.53 (n=19), mean HF=0.30 (n=13), two-sample t-test p-value 6.3x10-6). (c) Estimated 

neuronal fraction of cells for whole-tissue samples using universal DMRs vs estimated neuronal fraction using brain region-specific 

DMRs from DLPFC (gold), HF (grey), and STG (blue).  
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Figure 2. Effects of direct modeling on false-positives and accuracy. (a) Explicit modeling for differences in cell type reduces 

false-positive rate. Boxplots of test statistics for the difference in means based on linear regression estimation from models M1 and 

M2. 80% of regions from M1 show a statistically significant difference in overall mean (at level 0.05). 16% and 12% of regions from 

M2 show a statistically significant difference in neurons or glia, respectively (at level 0.05). (b) Explicit modeling of neuronal 

methylation differences improves estimation accuracy. Comparison of gold-standard mean difference in methylation in neuron-

specific DMRs to the estimated mean difference from models M1 (left) and M2 (right), along with the linear regression fit to the data 

(95% CI for the slope of the regression line of M1 = (0.29, 0.44), for M2 = (0.68, 0.95). 
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4.7 Supplementary Information 

 

 

 
 

 

 

Figure S1. Neurons and glia have a distinct methylation profiles across the genome. 
(a) Schematic of experimental approach. Steps: 1) separate nuclei via FACS, 2) identify 

NeuN+ vs. NeuN- DMRs, and 3) compute cell fractions and estimate cell-type specific 

methylation differences. (b) An example of separation of neuronal and non-neuronal 

nuclei by FACS. The left panel shows the negative control, and the right panel shows 

nuclei sorting using Alexa Fluoro 647-conjugated anti-NeuN antibody. (c) Microscopic 

examination of neuronal (NeuN-Positive, top panel) and non-neuronal nuclei (NeuN-

Negative, bottom panel) extracted from prefrontal cortex. Scale bars, 25 μ. 
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Figure S2. Validation of cell-fraction estimation method using tissue-specific and 

universal DMRs. (a) Overview of statistical method used to measure proportion of cell 

types and model cell-type differences between brain regions. (b) Estimated fraction of 

NeuN+ cells in calibrated data. Expected fraction of NeuN+ cells plotted against 

estimated, for each of the six known mixture samples (95% CI for the slope of the linear 

regression = (0.89, 1.22)). (c) Observed vs model-predicted methylation in whole-tissue 

samples. For the region shown in Fig. 1a, model-predicted mean methylation measures 

for each DLPFC or HF whole-tissue sample plotted against observed mean methylation 

measurements (95% CI for the slope = (0.94, 1.61)). (d) Estimated fraction of NeuN+ 

cells in calibrated data using universal DMRs. Expected fraction of NeuN+ cells plotted 

against estimated, for each of the six known mixture samples (95% CI for the slope of the 

linear regression = (0.93, 1.37). 
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Figure S3. Comparison of three models and their effects on false-positives and 

accuracy. (a) Explicit modeling for differences in cell type reduces false-positive rate. 

Boxplots of test statistics for the difference in means based on linear regression 

estimation from M1, M2, M3. (b) Explicit modeling of NeuN+ methylation differences 

improves estimation accuracy. Comparison the gold-standard mean difference in 

methylation in NeuN+ DMRs as measured by our sorted data to the estimated mean 

difference from models M1 (left), M3 (center), and M2 (right), along with the linear 

regression fit to the data. 
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Figure S4. Cross-platform validation of cell-fraction estimation method using 

Infinium HumanMethylation450 data. (a) Estimated fraction of NeuN+ cells in 

calibrated data from Guintivano et al. Expected fraction of NeuN+ cells plotted against 

estimated using 450K data, using nine known mixtures (95% CI for the slope of the linear 

regression = (0.99, 1.05)). (b) Observed vs model-predicted methylation in set of dilution 

samples. Model-predicted mean methylation measures for each of the nine dilution 

samples plotted against observed mean methylation measurements (95% CI for the slope 

= (0.93, 1.03)). (c) Observed vs model-predicted methylation as in (b), using whole 

tissue. Model-predicted mean methylation measures for each of the whole-tissue samples 

plotted against observed mean methylation measurements (95% CI for the slope = (0.61, 

2.06)). Insert shows the estimated neuronal fraction of cells. (d) Explicit modeling for 

differences in cell type reduces false-positive rate in 450K data. Boxplots of test statistics 

for the difference in means based on linear regression estimation from models M1 and 

M2. 100% of regions from M1 show a statistically significant difference in overall mean 

(at level 0.05). 12% and 14% of regions from M2 show a statistically significant 

difference in neurons or glia, respectively (at level 0.05).
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Table S1. DMRs identified between the NeuN+ fractions of Hippocampus and Dorsolateral Prefrontal Cortex. 
chr start end area gene annotation description strand FDR 

chr2 37039120 37039610 4.443539234 VIT NM_053276 inside intron + 0 

chr8 1847802 1850582 11.89279892 ARHGEF10 NM_014629 inside intron + 0 

chr14 99879140 99881527 15.23427008 SETD3 NM_199123 covers exon(s) - 0 

chr3 134444719 134445145 3.256150921 EPHB1 NM_004441 upstream + 0.01 

chr12 110399098 110399580 4.050596254 GIT2 NM_139201 covers exon(s) - 0.01 

chr5 43280159 43280721 4.077190617 MGC42105 NM_153361 inside exon + 0.01 

chr1 88425088 88425642 4.091172379 LMO4 NM_006769 downstream + 0.01 

chr8 11641173 11641729 4.116021713 NEIL2 NM_001135748 inside intron + 0.01 

chr20 10615005 10615632 4.347689131 JAG1 NM_000214 downstream - 0.01 

chr2 2700270 2700914 4.371461694 MYT1L NM_015025 upstream - 0.01 

chr9 126110153 126110714 4.408873 CRB2 NM_173689 upstream + 0.01 

chr4 152586540 152587166 4.496346065 FAM160A1 NM_001109977 downstream + 0.01 

chr5 79552987 79553619 4.629053385 SERINC5 NM_178276 promoter - 0.01 

chr13 97841718 97842508 4.647641695 MBNL2 NM_144778 upstream + 0.01 

chr19 39165134 39165832 4.764111249 ACTN4 NM_004924 inside intron + 0.01 

chr9 77257015 77257711 4.886381545 RORB NM_006914 overlaps exon upstream + 0.01 

chr16 15694009 15694630 4.968160497 KIAA0430 NM_014647 covers exon(s) - 0.01 

chr18 72616630 72617539 5.240600888 ZNF407 NM_001146189 inside intron + 0.01 

chr10 3319323 3320093 5.358165546 PITRM1 NM_014889 upstream - 0.01 

chr14 93533158 93533928 5.371861002 ITPK1 NM_014216 inside intron - 0.01 

chr16 14136601 14137391 5.532921973 MKL2 NM_014048 upstream + 0.01 

chr2 233786532 233787304 6.062064385 NGEF NM_001114090 inside intron - 0.01 

chr22 43481815 43482651 6.295384928 TTLL1 NM_012263 inside intron - 0.01 

chr8 19315281 19316259 6.399131696 CSGALNACT1 NM_001130518 covers exon(s) - 0.01 

chr5 169222175 169223145 6.85926359 DOCK2 NM_004946 inside intron + 0.01 
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chr2 200172781 200173879 6.952085002 SATB2 NM_015265 covers exon(s) - 0.01 

chr13 113707930 113709047 7.108499079 MCF2L NM_024979 inside intron + 0.01 

chr15 52539082 52540210 7.261516407 MYO5C NM_018728 covers exon(s) - 0.01 

chr1 230333645 230335033 8.008702856 GALNT2 NM_004481 inside intron + 0.01 

chr10 11502874 11504701 8.036172846 USP6NL NM_001080491 inside exon - 0.01 

chr5 175112809 175114833 8.488052895 HRH2 NM_001131055 overlaps 3' + 0.01 

chr2 240245239 240246533 9.27557277 HDAC4 NM_006037 inside intron - 0.01 

chr2 73234791 73236953 9.391043874 SFXN5 NM_144579 inside intron - 0.01 

chr20 45838118 45840082 9.615809696 ZMYND8 NM_183048 overlaps 3' - 0.01 

chr9 137971767 137974592 10.33741847 OLFM1 NM_006334 inside intron + 0.01 

chr2 101256055 101258440 10.76724963 PDCL3 NM_024065 downstream + 0.01 

chr6 170461840 170464498 10.82805786 LOC154449 NR_002787 downstream - 0.01 

chr8 41573754 41575828 11.15282585 ANK1 NM_020476 covers exon(s) - 0.01 

chr11 66189852 66192238 11.48907956 NPAS4 NM_178864 covers exon(s) + 0.01 

chr20 10649134 10651710 11.8631313 JAG1 NM_000214 inside intron - 0.01 

chr1 13911103 13913166 11.88146905 PDPN NM_001006624 overlaps 5' + 0.01 

chr8 1308533 1310995 12.72216718 DLGAP2 NM_004745 upstream + 0.01 

chr8 2130797 2133523 12.82866082 MYOM2 NM_003970 downstream + 0.01 

chr4 10086786 10089172 13.47183264 WDR1 NM_005112 inside intron - 0.01 

chr12 111650690 111653035 14.36275222 CUX2 NM_015267 covers exon(s) + 0.01 

chr6 144271110 144271738 3.952381893 PLAGL1 NM_002656 inside intron - 0.04 

chr10 82301270 82301902 4.003159615 SH2D4B NM_001145719 inside intron + 0.04 

chr3 18435710 18436338 4.135739027 SATB1 NM_002971 overlaps exon downstream - 0.04 

chr21 27194944 27195643 4.371307384 GABPA NM_002040 downstream + 0.04 

chr15 67700041 67700741 4.392595742 IQCH NM_001031715 inside intron + 0.04 

chr8 878111 878832 4.522753479 ERICH1 NM_207332 upstream - 0.04 

chr4 54373997 54374770 4.846130189 LNX1 NM_032622 covers exon(s) 
- 

0.04 
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chr18 74938463 74939313 5.129278532 GALR1 NM_001480 upstream + 0.04 

chr12 129283194 129284113 5.558910236 SLC15A4 NM_145648 covers exon(s) - 0.04 

chr18 72843401 72844371 6.184551614 ZADH2 NM_175907 downstream - 0.04 

chr18 74196717 74197701 6.189582852 ZNF516 NM_014643 upstream - 0.04 

chr1 9809315 9810427 6.336957397 CLSTN1 NM_001009566 covers exon(s) - 0.04 

chr14 99858056 99859161 6.484303042 SETD3 NM_032233 downstream - 0.04 

chr2 42565533 42566582 6.566014634 EML4 NM_001145076 downstream + 0.04 

chr2 206551441 206552559 6.862291363 NRP2 NM_201264 inside intron + 0.04 

chr2 97617891 97619103 7.401627122 FAM178B NM_001122646 inside intron - 0.04 

chr14 91816995 91818823 7.656942855 CCDC88C NM_001080414 inside intron - 0.04 

chr2 233784409 233785741 7.752771309 NGEF NM_001114090 covers exon(s) - 0.04 

chr9 98793828 98795228 8.085993671 NCRNA00092 NR_024129 upstream - 0.04 

chr13 21290180 21291528 8.169115031 IL17D NM_138284 inside intron + 0.04 

chr14 35870200 35872141 8.20357444 NFKBIA NM_020529 overlaps 3' - 0.04 

chr19 39190539 39192579 8.239046764 ACTN4 NM_004924 covers exon(s) + 0.04 

chr17 80876486 80878706 9.111939115 TBCD NM_005993 covers exon(s) + 0.04 

chr1 179785533 179787811 9.342791391 FAM163A NM_173509 downstream + 0.04 

chr6 167171793 167174183 9.955538426 RPS6KA2 NM_001006932 inside intron - 0.04 

chr2 101041834 101042310 3.013924561 CHST10 NM_004854 upstream - 0.042 

chr16 83253486 83253982 3.344500564 CDH13 NM_001257 inside intron + 0.042 

chr5 126924996 126925488 3.448898493 PRRC1 NM_130809 downstream + 0.042 

chr7 70191802 70192292 3.532135383 AUTS2 NM_001127231 inside intron + 0.042 

chr6 126549389 126549883 3.570148657 C6orf173 NM_001012507 upstream + 0.042 

chr19 39189431 39189987 3.935035615 ACTN4 NM_004924 inside intron + 0.042 

chr10 3279310 3282015 9.826597241 PITRM1 NM_014889 upstream - 0.042 

chr19 6268153 6270889 9.95728243 MLLT1 NM_005934 covers exon(s) - 0.042 

chr3 10367730 10370389 10.26507183 ATP2B2 NM_001683 inside exon 
- 

0.042 
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Table S2. Demographic information for the 11 subjects whose samples were used for 

sorting and CHARM 

 

 

 

Characteristic DLPFCa STGb HFc 

n 4 3 4 

Aged (years) 84.3(15.2) 82.3(8.3) 76.3(18.8) 

Sex (M:F) 2:2 3:0 1:3 

PMId,e (hours) 5.7(1.5) 7.0(2.4) 17.1(10.6) 

pHd 6.4(0.1) 6.5(0.5) 6.4(0.4) 
 

 

 

aDLPFC= Dorsolateral Prefrontal Cortex 
bSTG = Superior Temporal Gyrus 
cHF = Hippocampal Formation 
dValues are given as mean (SD) 
ePMI = Postmortem Interval 
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Table S3. Demographic information for the subjects whose samples were used for 

validation  

 

 

 

Sample Age (years) Sex PMI(hours) pH 

DLPFC-1 72 F 4 6.99 

DLPFC-3 67 F 5.5 6.16 

DLPFC-5 89 F 7 6.3 

DLPFC-12 99 F 6 NA 

DLPFC-14 89 F 6 6.3 

DLPFC-16 88 M 31 6.35 

DLPFC-17 76 F 2.9 NA 

DLPFC-19 86 F 8 6.78 

DLPFC-20 89 M 6.9 6.21 

 83.9(10.1) 2:7 8.6(8.5) 6.4(0.3) 
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Table S4. Demographic information for the subjects whose whole-tissue, unsorted 

samples were used for cell proportion calculations 

 

 

 

Characteristic DLPFCa STGb HFc 

n 19 31 13 

Aged (years) 82.9(12.2) 80.4(11.2) 68.1(23.8) 

Sex (M:F) 7:12 12:19 4:9 

PMId,e (hours) 8.7(6.8) 9.9(6.8) 13(12.9) 

pHd 6.4(0.3) 6.5(0.3) 6.5(0.3) 
 

 

 

aDLPFC= Dorsolateral Prefrontal Cortex 
bSTG = Superior Temporal Gyrus 
cHF = Hippocampal Formation 
dValues are given as mean (SD) 
ePMI = Postmortem Interval 
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Chapter 5- Conclusions 
 

In the work presented in this thesis, we present a comprehensive genome-wide DNAm 

analysis of SZ including the role of genetic variation, blood-brain correlations, and 

cognitive endophenotypes. The 1334 samples for the discovery set (689 cases and 645 

controls) were obtained through three multi-site consortia: the Consortium on the 

Genetics of Endophenotypes in Schizophrenia (COGS), the Multiplex Multigenerational 

Family Study of Schizophrenia (MGI), and the Project among African-Americans To 

Explore Risks for Schizophrenia (PAARTNERS). Blood and brain samples for 

independent replication were obtained through collaborations with the Genomic 

Psychiatry Cohort (GPC, 497 blood samples) and the Lieber Institute for Brain 

Development (LIBD, 431 prefrontal brain samples). After careful correction for cell type 

heterogeneity and other potential confounders, we identified 923 SZ-associated DMPs in 

the discovery set and independently replicated 172 CpGs, some of which were located in 

a top-ranked SZ region identified in the PGC2 GWAS. After integrating results with 

neurocognitive endophenotypes, we found significant associations with the spatial 

processing domain, suggesting a temporo-parietal network dysfunction in SZ. Besides the 

large scale of the study, the comprehensive interrogation of the methylome, racial 

diversity, independent replication, integration with genetic and neurocognitive data, and 

novel and stringent statistical analyses distinguish this study from prior analyses. We also 

described an algorithm to account for and deconvolve cell-type specific methylation in 

the brain by decomposing the signal into neuronal and glial components. This approach 

constitutes an important contribution to the field, as it provides for efficient use of 
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precious tissue samples, can be applied retrospectively, and can be adapted to other array 

or sequencing platforms using a small set of control samples. 
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