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ARTICLE INFO ABSTRACT

Keywords: Schizophrenia is a common mental disorder with high heritability. It is genetically complex and to date more
DNA methylation than a hundred risk loci have been identified. Association of environmental factors and schizophrenia has also
Schizophrenia been reported, while epigenetic analyses have yielded ambiguous and sometimes conflicting results. Here, we
Machine learning analyzed fresh frozen post-mortem brain tissue from a cohort of 73 subjects diagnosed with schizophrenia and
g}iss::}?:;;lon 52 control samples, using the Illumina Infinium HumanMethylation450 Bead Chip, to investigate genome-wide

DNA methylation patterns in the two groups.

Analysis of differential methylation was performed with the Bioconductor Minfi package and modern ma-
chine-learning and visualization techniques, which were shown previously to be successful in detecting and
highlighting differentially methylated patterns in case-control studies. In this dataset, however, these methods
did not uncover any significant signals discerning the patient group and healthy controls, suggesting that if there
are methylation changes associated with schizophrenia, they are heterogeneous and complex with small effect.

1. Introduction

Schizophrenia is characterized by hallucinations, delusions, thought
disorder, and cognitive deficits. It is a complex disease that affects
approximately 0.5-1% of the population. Even though schizophrenia
has a strong genetic component (Rujescu, 2012), the disorder does not
show Mendelian inheritance. In addition of the complex genetics of
schizophrenia, other complexities include fluctuating disease course
with periods of remission and relapse, sex differences, peaks of disease
susceptibility that coincide with hormonal changes etc. (Mill et al.,
2008). In addition, environmental risk such as urbanicity (Pedersen and
Mortensen, 2001), migrant status (Cantor-Graae and Selten, 2005),
childhood maltreatment (Arseneault et al., 2011), prenatal infections
(Brown and Derkits, 2010), and cannabis use (Moore et al., 2007) also
contribute to schizophrenia susceptibility.

These observations have led to the speculation that epigenetics is

involved in the disease development (Labrie et al., 2012). Epigenetics is
chemical modifications of the DNA or associated proteins that can affect
gene regulation, without altering the nucleotide sequence. One example
of such a modification is DNA methylation (DNAm), which is the ad-
dition of a methyl group to cytosine and converts cytosine to a 5-me-
thyl-cytosine. The modification is correlated with gene expression
(Jakovcevski and Akbarian, 2012). Interestingly, DNAm is actively in-
volved in regulating glial cell differentiation from neural stem cells and
function in the brain (Takizawa et al., 2001). Therefore, studying the
epigenetic modifications present in brain cells is critical to gain a more
complete understanding of the role of the epigenome in brain functions.

It is not possible to perform methylation studies in vivo in the brain,
and many studies are done using peripheral tissue such as blood.
Although working with peripheral tissue has its advantages, methyla-
tion studies in blood may not detect the pathogenesis of brain disorders.
In a recent study, it was observed that only 7.9% of CpG sites showed a
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statistically significant, large correlation between blood and brain
tissue (Walton et al., 2016). Therefore, studies in post-mortem brain
tissue are very important. Previous studies have indicated that schizo-
phrenia is associated with a global gene expression disturbance across
cortical regions in the brain (Horvath et al., 2011) and DNA methyla-
tion may be involved in these gene expression changes (Labrie et al.,
2012).

Using the Illumina's Infinium® HumanMethylation450 BeadChip Assay
it is possible to analyze 450 000 CpG sites across the genome. Several
methylation studies in brain tissue from subjects diagnosed with schi-
zophrenia have been published during the last years using this tech-
nology (Gagliano et al., 2016; Lee and Huang, 2016; McKinney et al.,
2017; Montano et al., 2016; Ruzicka et al., 2017). The majority of the
studies have targeted specific regions although some genome-wide
studies have been performed, as reviewed previously (Dempster et al.,
2013).

In one of the studies using this array, 20 subjects and 23 control
individuals have been analyzed. Four CpG sites were found to be dif-
ferentially methylated, close to the genes GSDMD, RASA3, HTR5A and
PPFIA1. Gene ontology (GO) analyses of significant sites indicated that
genes associated with differentially methylated CpG sites were enriched
for pathways related to ‘schizophrenia and other neuropsychiatric dis-
orders’ and ‘nervous system development and function (Pidsley et al.,
2014). In another study genome-wide methylation patterns in pre-
frontal cortex were compared between 108 adult subjects diagnosed
with schizophrenia and 136 non-psychiatric control individuals using
the 450K array. GO analysis revealed that the top differentially me-
thylated CpGs were located near genes involved in embryo develop-
ment, cell fate commitment and nervous system differentiation (Jaffe
et al., 2016). The GSDMD gene (identified in the smaller study) has
been found to be marginally significant in the larger study but the
findings for the other genes could not be replicated. The difficulty to
find consistent results among different studies, both at the genetic level
and in the pathway analyses might be due to the limitations of the
analysis methods, including the computational methods, as well as
clinical heterogeneity of the subjects, including antipsychotic medica-
tion history.

The ambiguous and varying results of previous studies of methyla-
tion modifications in schizophrenia brain tissue prompted us to in-
vestigate DNA methylation using a different computational analysis
approach. We analyzed brain tissue obtained from 73 individuals di-
agnosed with schizophrenia and 52 control subjects, using the Illumina
450K bead chip array. The data was analyzed using both canonical
methods and state-of-the-art machine learning methods, that have been
successfully applied on other DNAm data detecting methylation pat-
terns in ageing and cancer subtyping.

2. Materials and methods
2.1. Study design

Frontal cortex post-mortem brain tissue samples from subjects di-
agnosed with schizophrenia and healthy subjects were obtained from
international brain banks. In total, tissue samples from 73 subjects di-
agnosed with schizophrenia and 52 individuals were obtained
(Supplementary Table 1). The tissue samples were obtained from four
different biobanks, Harvard Brain Tissue Resource center, (HBRC)
Massachusets (USA), University of Mississippi Medical Center (UMMC)
(USA), London Neurodegenerative Brain Bank (LNDBB) (UK) and MRC
Sudden Death Brain and Tissue Bank (MRCE), Edinburgh (UK), with
age and sex matched between subjects with a schizophrenia diagnosis
and healthy subjects for each tissue bank. At the time of the autopsy the
next-of-kin was always asked if the tissue could be used for research
purposes, this was done also in cases where subjects had agreed to
participate in the study prior to death. The families of the deceased
individual were interviewed and informed that the tissue would be used
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Table 1
Demographics of the samples obtained from the brain banks.
Demographics Schizophrenia Control (n = 52)  Statistics
(n=73)
Age * s.d. 52.5 + 16.9 58.6 + 15.3 0.04 (t-test)
Gender 32F: 41M 21F: 31M 0.72 (Chi-
square)
DLPFC: OFC 67: 6 40: 12 0.04 (Chi-
square)
PMI (hours) + s.d 32 = 21.9 38 + 19.9 0.15 (t-test)
pH * sd 6.5 = 0.2 6.3 = 0.1 0.01 (t-test)
RIN + s.d 69 = 1.1 6.7 = 1.0 0.31 (t-test)

DLPFC: dorsolateral prefrontal cortex; OFC: orbitofrontal cortex; PMI: post-
mortem interval.
M: male; F:female; RIN: RNA integrity number.

to increase the knowledge regarding neurological and psychiatric dis-
orders. The specimens were handled according to standardized proce-
dures used in brain research. The majority of the samples (n = 107)
were from the dorsolateral prefrontal cortex (Brodmann areas 8 and 9)
and 18 samples were from orbitofrontal cortex (Brodmann areas 11 and
12). In the analysis the tissues from the different Brodmann areas were
analyzed together, since a parallel analysis of the transcriptome did not
show significant differences in expression between the two brain re-
gions. Demographic data for age, gender, brain region, pH, post-
mortem interval (PMI) and RNA Integrity (RIN) for the subjects diag-
nosed with schizophrena and the control group are summarized in
Table 1. Regional Ethical Review Board in Uppsala approved the use of
samples in this study (Dnr, 2012/082). For brain samples from the
University of Mississippi Medical Center, recruitment, tissue collection,
and retrospective psychiatric assessment were performed under a pro-
tocol approved by the Institutional Review Boards at University of
Mississippi Medical Center and University Hospitals Cleveland Medical
Center, Cleveland, OH. All work was carried out in accordance with The
Code of Ethics of the World Medical Association (Declaration of Hel-
sinki). Informed written consent was obtained from legally-defined
next-of-kin for tissue collection, access to medical records, and in-
formant interviews. Tissues were collected at autopsy at the Cuyahoga
County Medical Examiner's Office, Cleveland, OH, and rapidly frozen.
Subjects died suddenly without a prolonged agonal state and the cause
of death was determined by the Medical Examiner. Blood samples were
assayed by the Medical Examiner's Office for all currently available
antidepressant and antipsychotic medications, as well as ethanol, bar-
biturates, benzodiazepines, cocaine, amphetamines, opiates, phency-
clidine, cannabinoids, and antiepileptic drugs. A licensed clinical social
worker administered the Structured Clinical Interview for DSM-IV
Disorders, to knowledgeable next-of-kin for all subjects. Psycho-
pathology was independently assessed by a clinical psychologist and a
psychiatrist (both board certified) and a consensus diagnosis was
reached using information from the interview, medical records, law
enforcement, and the medical examiner. Twenty one and five subjects
met DSM-IV criteria for schizophrenia and schizoaffective disorder,
respectively. Retrospective psychiatric assessments for the University of
Mississippi Medical Center samples were performed as outlined in (Zhu
et al., 2012).

Fresh frozen tissue samples were molded in Optimal Cutting
Temperature (OCT) and approximately 15-20 sections (10 pm) were
sliced with a cryostat microtome. DNA was extracted using the QIAamp
DNA Mini Kit (Qiagen, Cat No./ID: 51306). The quantity of the DNA
was estimated using a Qubit® flourometer 2.0 (Invitrogen/Life tech-
nologies); Between 500 ng and 1 ug of DNA was sent to the SNP&SEQ
Technology Platform at Uppsala University for bisulfite conversion and
methylation detection with Illumina's Infinium® HumanMethylation450
BeadChip Assay. More than 450 000 CpG sites were analyzed, covering
99% of the RefSeq genes, with an average of 17 CpG sites per gene
region distributed across the promoter, 5'UTR, first exon, gene body,
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and 3'UTR (Illumina's HumanMethylation450 BeadChip Data Sheet).

2.2. Data Analysis

We analyzed the DNA methylation (DNAm) data in order to identify
possible differentiating patterns between schizophrenic and control
samples. The methylation level is estimated by the beta value, a value
between 0 and 1, which represents the ratio of methylated and un-
methylated alleles in a cell population.

We started by reading the raw data (IDAT-files) into Bioconductor's
Minfi package (version 1.20.2) (Aryee et al., 2014). The raw data was
preprocessed using “preprocesslllumina” function, leading to 485,512
probes and then the beta values were generated from the intensities
data. As next step, differentially methylated regions (DMRs) were tar-
geted using bumphunter Bioconductor package. To obtain significant
(p-value < 0.05) bump(s) (or DMRs) with at least 3 probes in each
region (L = 3), we tried setting different values for the cutoff parameter
(identifying the percentage of the difference between case and control),
with 1000 permutations (B = 1000).

We then classified the samples based on their methylation levels
using Monte Carlo feature selection (MCFS) (Draminski et al., 2008),
and the ROSETTA rule-based modeling software (Qhrn and
Komorowski, 1997; Komorowski et al., 2002). In brief, this method
works based on a structure known as a decision table, where each row
represents a sample and the columns list the features (attributes) of the
samples. The features in our analysis are the CpG sites from the chip
and their measured beta values. The last column in the table is the
outcome (or decision). Here it was either “schizophrenia” or “control”.

In order to remove the CpG sites carrying no differentiating signal
over all samples, we applied a standard deviation (SD) filtering. Since
applying a SD filtering of 0.2 (as we did in Moghadam et al., 2017), i.e.
excluding CpG sites with a standard deviation smaller than 0.2 over all
samples, left us with only 3710 probes, we applied a less stringent filter
of 0.06, leading to 351,112 probes. We also excluded the probes from
chromosomes X and Y to adjust for the gender effect.

The beta values were discretized as follows: unmethylated for the
beta values smaller or equal to 0.2, intermediate for beta values between
0.2 and 0.8, and methylated for beta values higher or equal to 0.8. MCFS
was applied to detect the CpG sites that significantly contribute to
classification. This process is done prior to training the rule-based
modeling in order to reduce the computation time or make it feasible by
including only informative features (CpG sites). The selected features
were then extracted out of the original decision table into a new one
with the same number of samples but only the selected set of features,
and then the classifier was generated using ROSETTA.

ROSETTA is based on rough set modeling and its classifier consists
of a set of minimal IF-THEN rules that are easy to read and directly
interpretable. Each rule shows how a single condition (singleton rule)
or a combination of conditions (conjunctive rule) leads to a certain
outcome (decision). Here the decisions are “schizophrenic” or “con-
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IF  CG; = methylated =~ AND
CGs3 = methylated THEN ‘schizophrenic’.

The rules should be read as: if the condition(s) in the IF part are
satisfied for a sample, the model predicts it belongs to the decision class
(the THEN part of the rule). Each rule can be evaluated by support and
accuracy. The support shows the number of samples for which both IF
part and THEN part match the rule, and accuracy is calculated by di-
viding support by the number of samples matching the IF part of the
rule.

Next, we analyzed the data with an unsupervised learning method
named methylSaguaro (Torabi Moghadam et al., manuscript in pre-
paration) that segments the genome into differentially methylated
patterns. This method employs Saguaro (Zamani et al., 2013), an al-
gorithm that combines neural networks and hidden Markov models. In
contrast to the supervised learning methods, here no a priori hypothesis
is given to the system while being trained.

Finally, to investigate and highlight the general patterns of DNAm
between the schizophrenic and control samples, we wused Piil
(Moghadam et al., 2017), an interactive gene pathway browser. Piil.
facilitates specific hypothesis testing and searching for specific patterns
by projecting the DNA methylation and/or gene expression data onto
KEGG pathways, and providing a comprehensive set of analytical
functions; among them, various filters for selecting a subset of multiple
CpG sites that are related to a specific gene. This avoids the informative
sites to be averaged by the other non-informative ones. We projected
the data over KEGG pathways implicated in schizophrenia, including
“Neurotrophin signaling pathway”, “Dopaminergic synapse”, “Ser-
otonergic synapse”, “Axon guidance”, “GABAergic synapse” and “ErbB
signaling pathway” (Brisch et al., 2014).

CG, = unmethylated =~ AND

3. Results

No significantly differentially methylated regions (DMR) were
identified in the bumphunter analysis tool using parameters mentioned
in the Method section and a cutoff threshold of 0.2. To get any sig-
nificant result, we had to lower the cutoff threshold down to 0.05. Using
this parameter, we obtained 10 regions, with half of them located on
chromosome 6, covering different HLA class II beta chain paralogs.
Other regions called by bumphunter included the genes VAX1, OTX2,
HOOK2, ROPN1B and VTRNA2-1. The differentially methylated re-
gions, identified with the decreased cutoff are listed in Table 2 and the
beta-values for the differentially methylated probes for all individuals
are listed in Supplementary Table 2.

In previous analyses, we have successfully applied our feature se-
lection and classification method to identify combinatorial patterns of
DNAm over age in healthy human brain based on data from the 27K
HumanMethylation BeadChip (Torabi Moghadam et al., 2016). MCFS
ranks the features by their Relative Importance (RI) score, which is a
measurement of the contribution of features in the classification. This
pipeline, however, did not return any significant features on this data

trol”. A sample rule looks like the following: set, i.e. CpG sites that contribute significantly in classifying
Table 2
List of differentially methylated regions called by bumphunter.
Chrom. Start-End Neighboring gene Number of probes p-val. Average beta values for cases/controls SD of beta values for cases/controls
Chr3 125708958-125709740 ROPN1B 6 0.008 0.2433/0.3224 0.1604/0.1708
Chr5 135416205-135416613 VTRNA2-1 10 0.004 0.4785/0.4132 0.1828/0.2161
Chr19 12876846-12877188 HOOK2 4 0.01 0.3580/0.4340 0.1778/0.17
Chr6 32606845-32607224 HLA-DQA1 4 0.02 0.5527/0.4857 0.2302/0.2137
Chr6 32549139-32549361 HLA-DRB1 3 0.02 0.6255/0.5491 0.1998/0.2276
Chr6 33033176-33033484 HLA-DPA1 3 0.03 0.7730/0.7015 0.1607/0.2027
Chr10 118892211-118892869 VAX1 4 0.04 0.3116/0.3665 0.1021/0.1048
Chr14 57276789-57277366 OTX2 4 0.04 0.4163/0.4709 0.0639/0.0760
Chré 32526021-32526260 HLA-DRB5 3 0.04 0.5810/0.5156 0.3014/0.3054
Chré 32546743-32547167 HLA-DRB5 3 0.04 0.4450/0.3801 0.1672/0.1473
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schizophrenic and control samples. We thus chose the first 100 features
ranked by their RI score, and used them to train our model. In order to
compare the accuracy of the model, we repeated this procedure by
selecting top 200, 300, ...and 1000 ranked features and generating a
classifier for each set. The best accuracy mean, calculated by a 10-fold
cross validation was obtained for the model trained with the top 500
features. The rules in this classifier were filtered for their accuracy (over
95%) and their coverage (over 70%). Coverage shows the percentage of
samples that each rule classifies, and helps avoiding rules that are too
specific in the model. Using the filtered rules, we could classify the
schizophrenic samples with conjunctive rules with average 20 condi-
tions, but since none of the rules for the control class passed the fil-
tering, the accuracy of the model dropped down to 60%, which is only
slightly above the expectation of 50% for a random null model.

We also tried this method with different discretization of the beta
values. In this experiment, we divided the intermediate range into two
and three equal bins. Again, MCFS did not return any significant fea-
ture, and by generating the classifier with top ranked features, as be-
fore, we did not obtain a more accurate classifier.

Our unsupervised learning method has been applied on the same
type of array data; successfully detecting clusters matching with dif-
ferent cancer types and also subtypes of the same cancer in a different
study (Torabi Moghadam et al., manuscript in preparation). In the
present study, the algorithm grouped the samples into two clusters;
however, as Fig. 1 shows, the schizophrenic state is not the factor that
separates them. The differentiating regions that make these clusters
consist of 3 CpG sites at the upstream (possible promoter region) of the
HLA-DRBI gene, 3 sites located at one of its introns and 6 sites located
at intronic parts of the HLA-DRB6 gene.

Furthermore, we utilized PiilL (Moghadam et al., 2017) which fa-
cilitates assessing DNAm patterns in the context of gene pathways or on
a list of candidate genes. We projected the data over multiple pathways
related to schizophrenia, mentioned in the Data Analysis section. As a
representative example, we show in Fig. 2 the KEGG's “dopaminergic
synapse” pathway, with color-coded methylation data generated using
PiiL. Among various options for choosing a subset of all CpG sites that
relate to a gene, we filtered out the CpG sites with a standard deviation
(SD) lower than 0.05 over all samples. Genes that are shown in gray are
the ones with no site passing the filter. Increasing the SD filter to 0.1
leaves only a few genes highlighted, indicating that for most of the
genes the difference among the samples is very small. The genes colored
in blue have a beta value close to zero and the color fades into white as
the beta value approaches zero and turns from light red to darker red
the closer beta value is to 1. The gray genes are the ones with no CpG
site surviving the standard deviation filtering (or any other applied
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filter) and the genes in light green had no match with any of the an-
notated sites in the data.

In PiiL's “group-wise view”, for each of the matching genes in the
pathway, the average methylation level of the samples with schizo-
phrenia and the average methylation level of the controls are shown in
two adjacent boxes. This visualization, which transforms the beta va-
lues to colors, facilitates the comparison of the two groups and confirms
that there is no difference based on the schizophrenic versus control
grouping in the dopaminergic synapse pathway, as shown in Fig. 2.

Using Piil's functionality, we could easily confirm that the differ-
entiation in the highlighted genes is randomly distributed between the
samples of both affected subjects and control group, i.e. for the high-
lighted genes there is no difference in average methylation between the
two groups. For example, a single site in the SOS1 gene shows differ-
ential methylation between samples that survives our standard devia-
tion threshold. However, while we could detect signals, none of them
were linked to mental disease, with cases and controls being indis-
tinguishable, and is likely a result of natural variation in the population
(Fig. 3).

The beta values for all individuals and probes are submitted to the
GEO repository (accession number: GSE128601).

4. Discussion

Our results suggest that there is no obvious link between DNAm and
schizophrenia, at least not detectable with the samples and resolution of
analysis used in the present study. It is well known that schizophrenia is
highly genetically complex and heterogeneous, with recent genome-
wide association studies (GWAS) yielding > 100 loci explaining a
minor fraction of the heritability (Schizophrenia Working Group of the
Psychiatric Genomics, 2014). A similar level of complexity and con-
tribution to risk at the level of methylation would not be possible to
detect unless a significantly larger sample size was used. Meanwhile,
studies of gene expression in schizophrenia have highlighted genes and
pathways that exhibit differential expression, using sample sizes in the
tens to hundreds (Chang et al., 2017; Fromer et al., 2016). Our results
indicate that simple methylation differences do not seem to account for
these expression changes. Previous studies of methylation in schizo-
phrenia have yielded conflicting results with little overlap between
studies, and some have also indicated a lack of major differentially
methylated sites between subjects diagnosed with schizophrenia and
controls (Teroganova et al., 2016). Thus, while there is an observed
component of family origin and risk of developing schizophrenia, both
previous genetic studies and our results suggest that schizophrenia is
highly complex and heterogeneous at both at the level of genetics and

Fig. 1. methylSaguaro clusters the samples into two groups, where schizophrenic and control samples are mixed between clusters.
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standard deviation filtering and shows a differentiating pattern between samples, but the samples with a different methylation level are not overrepresented in

neither the patient nor control groups.

epigenetics.

Although, our analysis do not identify a clear association between
methylation and schizophrenia, we noted a trend towards significant
finding in the HLA-region. The finding is interesting since the HLA re-
gion is one of the most consistent positive finding in schizophrenia
association studies. In addition, other bumps hit different regions of
VAX1, OTX2, HOOK2, ROPN1B and VTRNA2-1. Of these, VAX1 and
OTX2 are both important for normal brain development, with expres-
sion restricted to the brain. Mutations in these genes are associated with
eye disorders as well as intellectual disability/developmental delay
(Schilter et al., 2011; Slavotinek et al., 2012). VTRNA2-1 could also be
of potential interest since strong allele specific imprinting is observed
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for this gene in several tissues, including brain tissue with hy-
permethylation of the maternal allele (Paliwal et al., 2013) and could
be a possible link between environmental factors and schizophrenia. In
addition, VTRNA2-1 has previously been shown to display methylation
differences associated with season of birth (Silver et al., 2015). An as-
sociation between season of birth and risk for schizophrenia is a well
established and robust finding in epidemiological studies (Davies et al.,
2003). Unfortunately, we do not have date of birth information for the
individuals included in this study, and can therefore cannot exclude
that the trend we see is actually a results of differences in birth season
between patients and controls.

We cannot rule out that current technology limits the sensitivity of
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detecting subtle changes in methylation. The current analysis was
performed on bulk frontal cortex tissue, which contains a range of
different cell types. In addition we do not have information regarding
the layers from which the samples are derived. Single cell methylation
analysis might provide more detailed information about cell type spe-
cific changes. Whole genome bisulfite re-sequencing would also in-
crease the resolution of analysis by covering all CpG sites in the genome
and not only the ones represented on the 450k array. Given the success
of the analysis methods applied to other areas, such as ageing or DNAm
changes in cancer, it is unlikely that the lack of signal is due to in-
adequate data processing. Therefore, any potential methylation signals
are rather weak and below detection levels. In practical terms, our re-
sults suggest that methylation is not a viable target for treatment of
schizophrenia in the near future.

We examined the data using three proven methods, yet yielding no
conclusive results with regards to how schizophrenia might be linked to
aberrant or different patterns in DNAm.

While we cannot rule out that schizophrenia might be linked to
altered methylation, the apparent absence of a strong connection might
give valuable insights into the onset, progression and treatment of
schizophrenia: the DNAm status of any given CpG site is not necessarily
permanent, yet extremely difficult to alter from the outside of a cell, in
particular when targeting a specific type of cells.

In conclusion, we expect that our findings with regards to schizo-
phrenia and DNAm, albeit negative on the surface, will contribute to
future research.
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