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Pharmacogenomics

Fine-mapping of antipsychotic response
genome-wide association studies reveals
novel regulatory mechanisms

Aim: Noncoding variation has demonstrated regulatory effects on disease treatment
outcomes. This study investigated the potential functionality of previously
implicated noncoding variants on schizophrenia treatment response. Materials &
methods: Predicted regulatory potential of variation identified from antipsychotic
response genome-wide association studies was determined. Prioritized variants
were assessed for association(s) with treatment outcomes in a South African first
episode schizophrenia cohort (n = 103). Results: Bioinformatic and association results
implicated a relationship between regulatory variants, expression of MANBA, COL9A2
and NFKB1, and treatment response. Three SNPs were associated with poor outcomes
(rs230493: p = 1.88 × 10 -6 ; rs3774959: p = 1.75 × 10 -5; and rs230504: p = 1.48 × 10 4
). Conclusion: This study has thoroughly investigated previous GWAS to pinpoint
variants that may play a causal role in poor schizophrenia treatment outcomes, and
provides potential candidate genes for further study in the field of antipsychotic
response.

Ellen S Ovenden1, Britt I
Drögemöller†,1, Lize van der
Merwe1, Bonginkosi Chiliza2,
Laila Asmal2, Robin A Emsley2
& Louise Warnich*,1
1
Department of Genetics, Stellenbosch
University, Stellenbosch, South Africa
2
Department of Psychiatry, Stellenbosch
University, Tygerberg, South Africa
*Author for correspondence:
lw@ sun.ac.za
†
Current address: Department of
Pediatrics, University of British Columbia,
British Columbia, Canada

First draft submitted: 19 June 2016; Accepted for publication: 30 September 2016;
Published online: 19 December 2016
Keywords: antipsychotic treatment response • COL9A2 • ENCODE • flupenthixol decanoate
• MANBA • NFKB1 • rSNPs • schizophrenia

Schizophrenia is a severe psychiatric disorder, usually requiring long-term maintenance
antipsychotic treatment. Treatment response
varies widely, with many patients experiencing persistent symptoms despite ongoing treatment. The extensive heterogeneity
observed in treatment response is largely
brought about by the genetic differences
between individuals in drug metabolism,
neurotransmission and other pathways [1–3 ].
However, studies to date have mostly provided inconsistent results with regard to
candidate genes. Much like other complex
disorders, there are likely to be hundreds
to thousands of common variants across
the genome that cumulatively contribute to
individual treatment response phenotypes,
including adverse drug reactions (ADRs) [4 ].
With large and/or well-characterized sam-
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ple groups, pharmacogenomics enables the
discovery of these variants. Specifically,
genome-wide association studies (GWAS)
have recently been employed to study antipsychotic response. While this approach
improves upon a priori candidate gene studies
by analyzing variants across the genome, the
majority of GWAS lack sufficient biological
interpretation. Often, variants are considered
in isolation and exclusively with regard to the
function of their neighboring gene [5,6] . This
restricts the creation of new hypotheses and
further understanding of treatment response
mechanisms.
Traditionally, coding SNPs have proved
far more amenable to functional analyses,
which means that they are often prioritized
post-GWAS for further study, while noncoding variants are ignored [7]. Recently,
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we have learnt a great deal more about noncoding
regions, largely due to the plethora of results from
the ENCODE project, which sought to characterize
all the functional elements of the genome, including
regulatory factors [8 ]. With this knowledge, it has been
revealed that noncoding SNPs implicated in regulation, or rSNPs, are enriched for in GWAS associations,
highlighting the importance of analyzing these regions
for implications in disease and drug response [9,10 ].
Many bioinformatic tools that make use of the abundance of ENCODE data have recently been developed.
For example, RegulomeDB [11] and rSNPBase [12 ] both
assess the regulatory potential of a SNP: RegulomeDB
looks at expression quantitative trait loci (eQTL) evidence and proximal regulation, and rSNPBase assesses
proximal, distal and post-transcriptional functioning
and predicts downstream gene targets.
Considering these factors, this study aimed to
investigate the functionality of noncoding variants
linked to antipsychotic response, through bioinformatic and association analyses. We assessed previous
antipsychotic response GWAS coupled with linkage
disequilibrium (LD) analyses, and investigated functionality with the use of recent in silico tools. A novel
bioinformatics approach was developed, in which
experimentally validated ENCODE data as well as
predictive tools were employed to isolate rSNPs and
their regulatory impact. To validate these results, the
top variants were genotyped in a well-characterized
South African cohort of first episode schizophrenia
(FES) patients, and assessed for associations with
treatment outcomes.
Materials & methods
Bioinformatic analyses
Data mining

The literature was mined to identify all variants from
GWAS that have been significantly associated with
antipsychotic response in schizophrenia, including
ADRs. This was accomplished with the NHGRI
GWAS Catalog [13,14] , last accessed in August 2014. An
acceptable but less stringent genome-wide significance
level of p ≤ 5 × 10-7 [15] was employed to filter SNPs,
due to the limited amount of studies and in the interest of being as inclusive as possible. Furthermore, the
majority of psychiatric pharmacogenetic studies lack
the sample size needed to reach the commonly used
5 × 10 -8 threshold.
Regions of linkage disequilibrium

Variants in high LD (r2 ≥0.8) [16] with the associated
GWAS variants were identified using SNP Annotation and Proxy search (SNAP) version 2.2 [17] . Different population groups were analyzed depending on
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the ancestral make-up of the patient samples in the
GWAS. The analyses included four data sets (latest versions available at the time of analysis): 1000 Genomes
Pilot 1, HapMap Phase II release 21, HapMap Phase II
release 22 and HapMap Phase III release 2 [18,19 ]. For
each GWAS variant, only SNPs in LD in all relevant
population groups and across both 1000 Genomes and
HapMap datasets were included for further analyses.
rSNP prediction

To assess the potential regulatory impact of the
implicated regions, the list of variants was uploaded
to RegulomeDB (Version 1) [20 ]. With the use of a
heuristic scoring system, RegulomeDB predicts the
degree to which an intergenic SNP will interfere with
binding and downstream regulatory processes (see [11]
for an explanation of the scoring system). SNPs with
a score of ≤ 3 were considered important for further
investigation [21]. Additionally, rSNPBase [22 ] was
also employed to assess the regulatory potential of the
variants and to determine the predicted affected gene
targets. Targets are obtained from experimentally supported databases that link a particular SNP to a gene
via a regulatory process.
Variant prioritization

Regulatory SNPs were prioritized for genotyping in our cohort according to the RegulomeDB
results (score ≤3). These findings are robust since
they are based on experimentally validated data such
as ENCODE [11] . rSNPBase does not use a scoring
system to rank variants, however extensive overlap
between the top RegulomeDB variants and rSNPs
predicted by rSNPBase was observed. RegulomeDB
variants were coupled with their proxy SNPs from
antipsychotic response GWAS (provided the GWAS
SNP was not already classified as an rSNP) for a set of
30 variants (Supplementary Table 1) . Figure 1 illustrates
an o verview of the prioritization process .
Genetic association analyses
Patient samples

A South African FES cohort of 103 patients (median
age: 23 ± 7 years; 74% male) was used to investigate
associations with SNPs previously implicated in treatment response [23] . The cohort consisted of 82 South
African Colored (SAC), 13 Xhosa and eight Caucasian individuals. Patients were recruited over four
years at Stikland Hospital in the Western Cape and
assessed with the Structured Clinical Interview for
the DSM-IV [24] . Written informed consent was provided by all patients or their caregivers prior to the
study. Ethical approval was obtained from the Human
Research and Ethics Committee (HREC), Faculty of
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62 SNPs with p ≤ 5 × 10-7

531 SNPs from LD analyses

19 significant SNPS
from RegulomeDB

15 SNPs in common
with rSNPBase

Coupled with GWAS proxies

30 SNPs prioritized
for genotyping

Figure 1. Schematic illustrating the number of significant variants after each step of the bioinformatics approach,
resulting in variant prioritization for genotyping.
GWAS: Genome-wide association studies; LD: Linkages disequilibrium.

Medicine and Health Sciences, Stellenbosch University (ethics numbers for clinical and genetic aspects:
N06/08/148 and 1907/005, respectively).
All patients received treatment with flupenthixol decanoate (Fluanxol®, Lundbeck, Copenhagen, Denmark)
by long-acting injection, according to a fixed protocol [23] . Dose was initiated at 10 mg 2-weekly and gradually increased until remission was achieved – defined
according to the Remission in Schizophrenia Working
Group [25] – or until the maximum recommended or
tolerated dose was reached. Response to treatment was
measured by the Positive and Negative Syndrome Scale
(PANSS) [26] over a period of 12 months, with assessments conducted every 2 weeks for the first 6 weeks,
and every 3 months thereafter. Treatment outcomes
assessed in this study were percentage changes per
month in PANSS scores in the four PANSS domains,
in other words, positive, negative, general and total
symptoms.
Prior to the study, genomic DNA (gDNA) was
extracted from whole blood samples from each patient
as previously described [27,28] .

future science group

Variant genotyping

TaqMan® OpenArray ® Real-Time PCR (Life Technologies™, NY, USA) was employed to genotype the
30 SNPs (Supple mentary Table 1) in the cohort. TaqMan assays were obtained from the SNP Genotyping
Assay Search Tool [29] . In cases where no predesigned
assay was available, a custom assay was designed, and
the final 30-SNP assay was manufactured by Life
Technologies. SNPs that failed custom assay design or
functional testing were excluded and replaced by the
next most significant RegulomeDB SNP and GWAS
proxy. Genotyping of DNA samples was performed at
the University of Utah DNA Sequencing and Genomics Core Facility (UT, USA). Duplicate samples were
included to assess reproducibility of the assay, and
two wells without template DNA per plate served as
negative controls.
Statistical analyses

Allele and genotype frequencies for successfully genotyped SNPs were calculated, and Hardy–Weinberg
equilibrium (HWE) was tested by means of a Pearson’s
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Chi-square (χ²) test or analogue to Fisher’s Exact Test
with SNPStats [30,31] . SNPs with p < 0.01 were considered to deviate from HWE. Subsequently, LD between
SNPs (r2 ≥0.8; LOD ≥3) was assessed with Haploview
version 4.2 [32] .
All statistical modeling was done with functions
from base R and from various R packages. Pairs of
haplotypes, together with their probabilities of being
correct, were inferred for each individual using functions from the R package haplo.stats [33] . Linear
mixed-effects modeling was done using the R packages nlme [34] , lme4 [35] and lmerTest [36] . The four
types of log-transformed (to attain approximate normality) PANSS scores (positive, negative, general and
total) over time were modeled as functions of the
interaction between time of observation and genetic
factor as fixed effects. A random effect was included
to correct for the correlations between multiple measurements over time on the same individual. The
genetic predictors in the models were genotypes (two
degrees of freedom), additive allelic (counting number of minor alleles) and counting individual number of haplotypes, respectively. When a significant
allelic or genotype effect was detected, we inspected
the estimates and then tested the association with the
most likely of dominant, recessive or heterozygote
models. Only the results from the specific model that
fitted the observed data best (smallest p-value) are
reported.
Since the SAC population is highly admixed, any
spurious associations due to population stratification
were accounted for by adjusting each model for ancestry contributions of five different ancestral groups.
This was accomplished by utilizing previously genotyped ancestry informative markers as covariates to
estimate ancestry proportions in ADMIXTURE [37–
39] . The ancestry proportions of the 82 SAC individuals are indicated in Supplementary Figure 1. In
addition to proportion ancestry, all models were also
adjusted for baseline PANSS scores, age, sex and selfreported ethnic group (Caucasian, SAC or Xhosa).
Effect sizes and their 95% CIs were derived from
these models. Because the PANSS scores were logtransformed, effect sizes are estimated percentage
changes over time.
Bonferroni was used to correct for multiple testing
after association analyses. The significance threshold of
0.05 was divided by the total number of tests (n = 240)
performed in the initial analyses. The number of tests
was calculated as follows: number of tests = (number of variants [n = 30]) × (number of models used
[n = 2, genotypic and additive allelic]) × (number of
phenotypes [n = 4, PANSS positive, negative, total and
general scores]). Therefore the adjusted significance
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threshold is 0.0002 (0.05/240).
Results
Bioinformatic analyses

illustrates the process of SNP selection and
prioritization using the bioinformatics approach.

Figure 1

Data mining & LD analyses

Data mining of literature uncovered nine GWAS that
identified a combined total of 62 SNPs associated with
antipsychotic treatment responses in schizophrenia at
p ≤ 5 × 10 -7 (Table 1). The associated responses were
diverse and included: adverse motor side effects, metabolic changes, changes in symptom severity rated both
by the patient and clinician, adverse cardiac symptoms
and treatment-refractoriness. Six of the nine GWAS
made use of the data from the CATIE trial [40] to
identify associations.
For the LD analyses, populations were selected
according to the ancestral make-up of each GWAS, as
indicated in Supplementary Table 2. All GWAS were
corrected for ancestry, in cases where the cohort was
comprised of more than one ethnic group. Additionally, many of the studies performed subsample testing
in order to ascertain whether a particular population
group was driving a significant association. Except for
a few instances in which an SNP was invariant in a
particular subgroup, the majority of SNPs were significant – albeit to varying degrees – across population
subgroups. Therefore, to be as inclusive as possible, no
population groups were excluded for further LD analysis. Once results from different population groups were
combined, there was a total of 531 unique SNPs.
rSNP prediction

Nineteen SNPs received scores meeting the RegulomeDB threshold set in this study (≤3). These include
two original GWAS SNPs, namely rs6741819 [42] and
rs10458561 [5] , and 17 SNPs identified from LD analyses. All 19 SNPs show evidence for changes in chromatin state and histone modifications at their particular
locus.
The top nine results obtained a RegulomeDB score
of 1, meaning that they have shown to act as eQTLs,
altering the expression of several genes. These variants are listed in Table 2 together with their predicted
regulatory effect. All nine SNPs are in LD with a
significant variant (rs230529) from the study by
Liou et al. [46] and are all eQTLs for both MANBA
gene and the COL9A2 gene. These nine variants also
form part of a group of 14 SNPs that occur in the 4q24
region. Further investigation of this locus with the use
of the University of California, Santa Cruz (UCSC)
ENCODE browser [48] revealed that there are several
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12p12.1
18q12.2
2p25.3
13q12.11
18q12.2
14q32.13
2p25.1
9q33.1
10p11.22
8q22.3
11q23.1
2p24.1
16q23.3
9q31.1
11q23.1
7p21.1
11q23.1

rs17651157
rs6735179
rs518590
rs10502661
rs1187614
rs6741819
rs4838255
rs2994684
rs977396
rs7105881
rs1117324
rs4783227
rs320209
rs7108821
rs10499504
rs7119817

15q14

rs1568679
7p22.3

4q24

rs1405687

rs1464500

5q14.3

rs11954387

rs13224682

5q14.3

rs1967256

11q24.1

rs2126709
15q14

4q24

rs7669317
rs1568679

2p12

Locus

rs17022444

Variant

Intergenic

Intergenic

Intergenic

Intergenic

Intergenic

Intergenic

Intergenic

Intergenic

Intergenic

ASTN2 (intron)

RNF144A (intron)

CLMN (intron)

FHOD3 (intron)

Intergenic

Intergenic

FHOD3 (intron)

SOX5 (intron)

PRKAR2B (intron)

MEIS2 (intron)

Intergenic

GPR98 (intron)

GPR98 (intron)

MEIS2 (intron)

ZNF202 (3´-UTR)

Intergenic

Intergenic

Gene

Hip circumference

Total cholesterol

Hip circumference

Glucose

Total cholesterol

Hip circumference

Hip circumference

Total cholesterol

Triglycerides

Triglycerides

Triglycerides

Total cholesterol

Triglycerides

HDL cholesterol

Triglycerides

Triglycerides

HDL cholesterol

Triglycerides

Waist circumference

Hip circumference

Hemoglobin A1c

Hemoglobin A1c

Hip circumference

EPS (SAS)

EPS (AIMS)

EPS (SAS)

Response measurement

-

+
+
-7

+
-

-7
-7

+
+

-7
-7

+
+

-7
-7

+
+

-7
-7

+
-7

5 × 10

-

4 × 10 -7

4 × 10

4 × 10

-

4 × 10 -7

3 × 10

3 × 10

+

3 × 10 -7

3 × 10

3 × 10

+

2 × 10 -7

2 × 10

2 × 10

+

2 × 10 -7

1 × 10

1 × 10

+

+
-7

6 × 10

1 × 10 -7

-8

6 × 10 -8

5 × 10

+

+
-8

3 × 10

+
-8

+

3 × 10 -8

1 × 10

-8

+

4 × 10

+

-7

+

[42]

[41]

Effect† Ref.

8 × 10 -8

1 × 10 -10

p-value

Direction of effect of minor allele, where ‘+’ denotes minor allele frequency associated with poorer response or presence of ADRs.
‡
Identical cohort from the CATIE study [40].
§
Joint probability from meta-analysis of initial and replication cohorts.
AA: African–American; ADR: Adverse drug reaction; AIMS: Abnormal involuntary movement scale; Cau: Caucasian; CGI-S: Clinical global impression severity scale; EA: European–American; EPS: Extrapyramidal
symptom; Hemoglobin A1c: Glycohemoglobin (used to measure plasma glucose levels); HDL: High-density lipoprotein; PANSS: Positive and negative syndrome scale; PGI: Patient global impression scale;
QTc: Interval between ventricular depolarization (Q wave) and repolarization (T wave) in electrocardiogram, corrected for heart rate; SAS: Simpson–Angus scale.

†

57% EA, 29% AA,
14% other

738‡

Size: initial; Ethnicity
replication

Sample

Åberg et al.
(2010)

Study (year)

Table 1. Significant SNPs from antipsychotic pharmacogenomic GWAS identified by the NHGRI GWAS Catalog.
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Åberg et al.
(2012)

Athanasiu
et al. (2012)

100% Cau

57% EA, 29% AA,
14% other

57% EA, 29% AA,
14% other

57% EA, 29% AA,
14% other

1p13.3

rs12726652

4p15.1

rs11722719

8q21.3
12q21.1

rs7838490
rs11615274

1p31.1

2q14.3

rs17727261

rs10458561

12q23.1

rs7968606

6p25.2

9q33.3

rs888219

rs4959235

4p15.1

rs17390445

21q22.11

1q42.3

rs7520258

rs2833556

12q23.1

rs11110077

11q23.2

1q32.1

rs11240594

rs11214606

11p13

Intergenic

Intergenic

Intergenic

SLC22A23 (intron)

Intergenic

CNTNAP5 (exon)

ANKS1B (intron)

Intergenic

Intergenic

HUNK (intron)

DRD2 (intron)

Intergenic

GPR137B (intron)

ANKS1B (intron)

SLC26A9 (intron)

EHF (intron)

2p12

rs399885
rs286913

Intergenic

5q31.3

rs17100498

PPARD (intron)

Gene

6p21.31

Locus

rs9658108

Variant

HDL cholesterol

BMI

QTc interval prolongation

Positive symptoms (PANSS)

Negative symptoms (PANSS)

Negative symptoms (PANSS)

Negative symptoms (PANSS)

Positive symptoms (PANSS)

Neurocognition: reasoning

Neurocognition: working
memory

Neurocognition: working
memory

Neurocognition: working
memory

Neurocognition: working
memory

Neurocognition: processing
speed

Neurocognition: vigilance

Intergenic

Hemoglobin A1c

Glucose

Response measurement

+
-7

+
-7

-8

9 × 10

+

6 × 10 -8

4 × 10

+

2 × 10 -7

5 × 10

5 × 10

-

-7

+
-7

3 × 10 -7

2 × 10

1 × 10

-

+

+

+

+

-

-

-7

5 × 10 -7

5 × 10 -7

5 × 10 -7

5 × 10 -7

4 × 10 -7

1 × 10 -7

7 × 10 -8

5 × 10 -7

+

Heart
rate

5 × 10

+

-7

[45]

[5]

[44]

[43]

+

Effect† Ref.

5 × 10 -7

p-value

§

‡

†

Direction of effect of minor allele, where ‘+’ denotes minor allele frequency associated with poorer response or presence of ADRs.
Identical cohort from the CATIE study [40].
Joint probability from meta-analysis of initial and replication cohorts.
AA: African–American; ADR: Adverse drug reaction; AIMS: Abnormal involuntary movement scale; Cau: Caucasian; CGI-S: Clinical global impression severity scale; EA: European–American; EPS: Extrapyramidal
symptom; Hemoglobin A1c: Glycohemoglobin (used to measure plasma glucose levels); HDL: High-density lipoprotein; PANSS: Positive and negative syndrome scale; PGI: Patient global impression scale;
QTc: Interval between ventricular depolarization (Q wave) and repolarization (T wave) in electrocardiogram, corrected for heart rate; SAS: Simpson–Angus scale.

738

‡

738‡

Size: initial; Ethnicity
replication

McClay
et al. (2011)

McClay et al.
(2011)

Adkins et al.
(2011; cont.)

Study (year)

Table 1. Significant SNPs from antipsychotic pharmacogenomic GWAS identified by the NHGRI GWAS Catalog (cont.).
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139
73; 40; 92

738‡

Malhotra
et al. (2012)

Clark et al.
(2013)

57% EA, 29% AA,
14% other

55% Cau, 23%
AA, 22% other;
70% Cau, 30%
AA; 100% Cau;
100% Cau

100% Han Chinese

1q23.3

rs10218843

16q22.1
5q12.1
2q22.1
1q23.2
11q14.1
5q12.1
5q12.1
15q13.1
18q21.3
4q24
4q24
15q13.1
15q13.1

rs8050896
rs17382202
rs10170310
rs6688363
rs7395555
rs17742120
rs2164660
rs711355
rs2980976
rs2636697
rs2636719
rs785423
rs813676

18q21.32

1q23.3

rs11265461
rs489693

4q24

Locus

rs230529

Variant

Intergenic

Intergenic

PPA2 (intron)

PPA2 (intron)

Intergenic

Intergenic

PDE4D (intron)

PDE4D (intron)

Intergenic

Intergenic

SPOPL (intron)

PDE4D (intron)

Intergenic

Intergenic

Intergenic

Intergenic

NFKB1 (intron)

Gene

PGI

PGI

CGI-S

CGI-S

CGI-S

PGI

PGI

PGI

CGI-S

CGI-S

PGI

PGI

CGI-S

Severe weight gain, several
other metabolic indices

Treatment-refractory
schizophrenia

Response measurement

-8

+
-

-7
-7

-7

+
+

-7
-7

-

-7
-7

5 × 10

5 × 10

+

5 × 10 -7

4 × 10

3 × 10

-

2 × 10 -7

2 × 10

-

2 × 10 -7

2 × 10

2 × 10

+

1 × 10 -7

4 × 10

-

4 × 10 -8

+

+

6 × 10 -12§

3 × 10

+

-7§

+

[6]

[47]

[46]

Effect† Ref.

2 × 10 -7§

2 × 10 -7§

p-value

†

Direction of effect of minor allele, where ‘+’ denotes minor allele frequency associated with poorer response or presence of ADRs.
‡
Identical cohort from the CATIE study [40].
§
Joint probability from meta-analysis of initial and replication cohorts.
AA: African–American; ADR: Adverse drug reaction; AIMS: Abnormal involuntary movement scale; Cau: Caucasian; CGI-S: Clinical global impression severity scale; EA: European–American; EPS: Extrapyramidal
symptom; Hemoglobin A1c: Glycohemoglobin (used to measure plasma glucose levels); HDL: High-density lipoprotein; PANSS: Positive and negative syndrome scale; PGI: Patient global impression scale;
QTc: Interval between ventricular depolarization (Q wave) and repolarization (T wave) in electrocardiogram, corrected for heart rate; SAS: Simpson–Angus scale.

522 cases
and 806
controls;
273 cases

Size: initial; Ethnicity
replication

Liou et al.
(2012)

Study (year)

Table 1. Significant SNPs from antipsychotic pharmacogenomic GWAS identified by the NHGRI GWAS Catalog (cont.).
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4:103481560

4:103486215

4:103414174

4:103515312

rs230504

rs230493

rs747559

rs4648055

1f

1f

1f

1f

1f

1f

1f

1d

1b

MANBA, COL9A2

MANBA, COL9A2

MANBA, COL9A2

MANBA, COL9A2

MANBA, COL9A2

MANBA, COL9A2

MANBA, COL9A2

MANBA, COL9A2

MANBA, COL9A2

Score† eQTL target(s)

‡

†

Score defined by Boyle et al. [11].
PWM corresponds to motif in bold. The red box indicates the SNP position.
PWM: Position weight matrix.

4:103465611

4:103450166

rs230532

4:103443568

4:103481350

rs230505

rs230520

4:103511113

rs3774959

rs1599961

Position
(GRCh37/ hg19)

SNP

FOS

None

RFX3

None

None

None

None

BATF

RFX3

Bound
protein(s)

None

Pitx2, Cdc5

Six-1

None

None

None

Nanog

PWM‡

Sequence motif(s)

E12, Six4, Myf6, MyoD

Lmo2complex

Name

Table 2. Predicted expression quantitative trait loci from RegulomeDB with associated regulatory targets and effects.
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lines of evidence across different cell types that point
to regulatory function in this region, including transcription factor binding sites, histone marks and open
chromatin, and DNase I hypersensitive sites (Figure 2).
The rSNPbase tool predicted that 219 of the
531 SNPs affected regulation, either proximally, distally
or post-transcriptionally. Notably, 104 of the 219 rSNPs
were predicted to affect the expression of NFKB1. Furthermore, the nine eQTLs for COL9A2 and MANBA
that were identified by RegulomeDB were assigned the
same function by rSNPBase and were also shown to
affect NFKB1.
To further investigate the role of these variants
on gene expression, the Genotype-Tissue Expression
project database [49,50] was used for independent verification. These analyses revealed that the nine rSNPs
predicted to be eQTLs for COL9A2 and MANBA
by RegulomeDB were also shown to significantly
decrease the expression of NFKB1 in adipose tissue
(top p = 4.3 × 10 -8 for rs230504 and rs230493), similar
to the results obtained from rSNPBase. This highlights
the important role that these variants are likely to play
in regulating the expression of different genes.
Genetic association analyses

Genotyping

was

successful

for

all

SNPs

in

Supplementary Table 1 and duplicate samples were con-

cordant. All genotyped SNPs demonstrated a minor
allele frequency ≥ 0.05 in the cohort of 103 patients,
and are thus considered common variants within
this cohort [51] . Additionally, all SNPs were in HWE
(p ≥ 0.01).

chr4

(q24)

15.1 14

Scale
chr4:

103,400,000

Common SNPs (141)
100
Layered H3K27Ac
0
Txn Factor ChIP
TFBS Conserved
GM12878 Syn Pk
DNase Clusters
H1-hESC Syn Pk
K562 Syn Pk

q12
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After Bonferroni adjustment for multiple testing, three variants were significantly associated with
PANSS outcomes (p < 0.0002). Two of these variants
(rs230504 and rs230493) were associated with poorer
PANSS N outcomes, while the third SNP (rs3774959)
was associated with poorer PANSS N and PANSS T
outcomes. All three of these variants are in LD with
a variant that was significantly associated with treatment-refractoriness by Liou et al. [46] . Table 3 shows
these variants together with their associated outcomes,
inheritance models and predicted effect sizes with
95% CIs.
All of these significantly associated variants were
present in the 4q24 region. Further investigation of
this region revealed that 14 SNPs in the 4q24 region
(overlapping with the NFKB1 transcription start site)
are in strong LD within the FES cohort, similar to
the LD observed in previous analysis of the Han Chinese cohort (Figure 3) [46] . The two designated haplo
type blocks were analyzed further for associations
with treatment outcomes and one of these haplotypes
was significantly associated with worse positive symptom scores (Table 3). Additional analyses of haplotypes
with frequencies greater than 0.01 are indicated in
Supplementary Tables 3a–e.
In addition to those variants surpassing the Bonferroni adjusted significance threshold, there were ten
SNPs and seven haplotypes that were associated with
one or more treatment outcomes (unadjusted p < 0.05),
with several of these variants associated with more
than one symptom domain (Supplementary Table 4) .
PANSS Negative was the most significant and most fre-

q24 q25 q26

28.3

50 kb
hg19
103,450,000
103,500,000
UCSC genes (RefSeq, GenBank, CCDS, Rfam, tRNAs & Comparative genomics)
NFKB1
NFKB1
NFKB1
Simple nucleotide polymorphisms (dbSNP 141) found in >= 1% of samples

H3K27Ac mark (Often found near active regulatory elements) on 7 cell lines from ENCODE

Transcription factor ChIP–seq (161 factors) from ENCODE with factorbook motifs
HMR conserved transcription factor binding sites
DNaseI / FAIRE / ChIP synthesis from ENCODE / OpenChrom (Duke/UNC/UTA)
DNaseI hypersensitivity clusters in 125 cell types from ENCODE (V3)
DNaseI / FAIRE / ChIP synthesis from ENCODE / OpenChrom (Duke/UNC/UTA)

Figure 2. Magnified view of the 4q24 genomic region on the UCSC Genome Browser with ENCODE data tracks.
This region contains 14 of 19 predicted rSNPs according to RegulomeDB. ENCODE tracks show (A) transcription
start of NFKB1 gene, (B) common SNPs (minor allele frequency >1%) identified in this region, (C) peaks for
histone mark H3K27Ac, associated with open chromatin, (D) TFBS by ChIP-Seq and (E) DNaseI hypersensitive sites
determined by various experiments. Different colors indicate evidence in different cell lines.
TFBS: Transcription factor binding site.
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Table 3. SNP and haplotype associations that survived correction for multiple testing (p < 0.0002).
Variant/haplotype

Associated
response
measurement

Inheritance
model

Comparison

p-value

Effect†

95% CI

rs230504

PANSS negative

Dominant

TT+CT vs CC

1.48 × 10 -4

1.47

0.71–2.24

rs230493

PANSS negative

Genotype

TA vs TT

1.88 × 10 -6

1.98

1.20–2.76

0.38

-0.84–1.62

1.82

1.01–2.63

0.31

-0.85–1.48

-5

1.67

0.91–2.44

0.72

-0.39–1.84

1.68 × 10 -4

4.41

2.10–6.78

AA vs TT
rs3774959

PANSS negative

Genotype

GA vs GG

1.75 × 10

-5

AA vs GG
PANSS total

Genotype

PANSS positive

Each additional
haplotype

GA vs GG

8.38 × 10

AA vs GG
C.A.T.A.C.A.G.T.G.A.A.A.A.G‡

Effect measured in percentage change in PANSS score per month.
SNPs: rs230534, rs230532, rs230529, rs230526, rs118882, rs230520, rs230505, rs230504, rs230492, rs230493, rs230495, rs230539, rs3774959, rs4648055.
PANSS: Positive and Negative Syndrome Scale.
†
‡

quently associated treatment outcome domain within
the cohort.
Discussion
Previous GWAS designs

GWAS is a powerful tool that can be used to examine
the genetics of antipsychotic treatment response outcomes, however, these data only point toward regions of
interest and do not identify causal variants. Although
the majority of antipsychotic GWAS performed to date
acknowledge that the intergenic findings may affect
regulatory processes, for the most part, the GWAS
follow the trend of interpreting function in terms of
the closest gene, and deprioritize genes that have not
previously been implicated in antipsychotic response,
neurological functioning or schizophrenia. All of the
GWAS included in this study investigated LD to a
limited extent, with some performing haplotype analyses, but once again these variants or haplotypes were
related back to the closest gene. By implementing the
strategy to rigorously investigate regulatory variation,
this study has attempted to address these deficits in
past research.
Significant rSNPs & functional implications

Bioinformatic analyses revealed that the results from
both RegulomeDB and rSNPBase were enriched for
the chromosome 4q24 region. Of the 19 SNPs predicted to be of regulatory importance by RegulomeDB,
14 occur at this locus. Nine of these variants received
a score of 1, highlighting that variants in this region
(4q24) have been experimentally linked to changes
in the expression of specific genes. Furthermore, the
ENCODE tracks in this region show extensive evidence of regulation in different cell lines. The specific
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region also includes the start of transcription of the
NFKB1 gene. Interestingly, the nine most significant
SNPs were classified as eQTLs for MANBA (cis-acting)
and COL9A2 (trans-acting) by both RegulomeDB
and rSNPBase [52] . This illustrates the importance of
thoroughly assessing available regulatory information
rather than assuming that a variant’s effects are limited
to the closest gene.
The eQTL evidence for this group of SNPs originates from a large-scale study by Zeller et al. [52] in
which the transcriptome of monocytes was assessed in
1490 individuals. These nine variants are most likely
reflective of one signal associated with the expression
of these two genes. Given that this locus is associated with expression of these two genes, and is also
associated with treatment response in our cohort, it
is possible that there is a relationship between expression of these genes and treatment outcomes, however
this requires further investigation. While neither gene
has been previously associated with antipsychotic
treatment response, both have shown links to schizophrenia. Variation in the MANBA gene is responsible
for the development of β-mannosidosis, a lysosomal
storage disorder [53] . These disorders are often accompanied by psychiatric disturbances including cognitive impairments, psychosis, schizophrenia and mood
disorders [54] . Furthermore, a study by Altar et al. [55]
on schizophrenia (independent of β-mannosidosis)
found decreased expression of the MANBA gene in
the hippo
campal neurons of cases relative to controls. In a post-mortem analysis of gene expression
in the dorsolateral prefrontal cortex of schizophrenia
patients, levels of COL9A2 mRNA were 12-fold lower
in patients than controls [56] . While there are no other
studies directly linking this gene to schizophrenia,
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the NF-κB transcription factor interacts with either
MANBA or COL9A2. Nonetheless, because NF-κB
is a wide-acting transcription factor, it is possible that
the gene expression results obtained by Zeller et al. [52]
reflect the downstream effects of a decrease in NFKB1
gene expression and NF-κB activity. This hypothesis
requires validation in future studies.
There is a long-standing hypothesis that schizo
phre
nia development is associated with abnormal
immune functioning. In fact, the major histo
compatibility locus is the most replicated genomic
region with regard to associations with schizophrenia
risk, and is a target of the NFκB transcription factor
[61] . Several other immune factors were implicated in
the regulatory analyses of this study, including RFX3
[62] and the transcription factors CEBP [63] and EBF1
[64] . These results suggest that regulation of different aspects of the immune system could contribute
to variation in schizophrenia treatment response, particularly nonresponse. Supporting this idea, a recent

rs230529

rs230532

rs230534

rs3774933

rs747559
1

rs1599961

Glatt et al. [57] determined through analysis of blood
mRNA that COL9A2 was significantly dysregulated
in children with autism, and there is substantial evidence for genetic overlap between different psychiatric
disorders [58,59] .
In addition to the evidence that was provided relating to the role that these variants play as eQTLs for
COL9A2 and MANBA, the rSNPBase tool predicted
that the majority of input SNPs in the 4q24 region
affected the expression of NFKB1. In fact, this gene
was predicted to be affected by 104 SNPs, although
no such evidence was obtained from RegulomeDB.
The role that these variants play in NFKB1 regulation was substantiated by Genotype-Tissue Expression analysis, which revealed that variants in this
region are associated with decreased expression of
the gene. NFKB1 encodes part of a highly conserved
transcription factor that regulates over 200 genes, and
plays important roles in cancer and the immune system [46,60] . To our knowledge, there is no evidence that
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16
18

4
8

Figure 3. Two haplotype blocks on chromosome 4, designated by Haploview version 4.2 (r2 ≥ 0.8; LOD ≥3) [32] . Dark red squares
indicate significant linkage disequilibrium between SNPs in the cohort; r2 values are shown as a percentage in each square.
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meta-analysis of 23 studies revealed that antipsychotics produce anti-inflammatory effects in schizophrenia
[65] . Having said this, direct involvement of NFKB1
and other immunity factors in antipsychotic treatment
response remains to be determined.
Validation of findings through association
analyses in the South African first episode
schizophrenia cohort

The association analyses confirmed the importance of
the 4q24 region in antipsychotic treatment response.
Many SNPs in this region were nominally associated
with PANSS outcomes, although only the associations
of rs230504, rs230493 and rs3774959 with negative
symptoms, and rs3774959 with total symptoms survived Bonferroni correction (Table 3) . None of these
variants have previously been associated with treatment outcomes, however the initial GWAS variant
(rs230529) that is in LD with these SNPs was associated with treatment refractoriness [46] , providing additional evidence for the role that this region plays in
treatment outcomes. These results illustrate the limitations of tag SNPs utilized in GWAS. All of the 4q24
rSNPs were identified from LD analysis of rs230529,
however, this original GWAS variant was not predicted by RegulomeDB to affect regulatory regions
significantly, even though all the SNPs in this region
were in strong LD for three independent population
groups. Further substantiating this, the tag SNP was
not significantly associated with any treatment outcomes in the South African cohort, despite having a
relatively high frequency of 0.46. The lack of associations for rs230529 reveals that this SNP is not an
accurate proxy for the region in all populations and
illustrates the importance of analyzing each variant at
a locus to identify the causal variant.
In addition to pinpointing potentially causal variants, the association of the variants identified in this
study with negative symptomology in our cohort
is encouraging. The negative symptoms of schizo
phrenia, in other words, avolition and blunted emotion, are especially complex and difficult to treat [66] .
These symptoms tend to persist even when positive
symptoms have improved, and have been shown to
influence the extent of residual cognitive deficits and
functional outcomes in schizophrenia patients [67–69] .
Therefore, these results could lead to further insight
into the mechanisms of negative symptom treatment.
Furthermore, the top associations within the FES
cohort were all predicted to be associated with less
improvement in PANSS score outcomes after antipsychotic treatment, with effect sizes ranging from
0.31 to 1.98% per month for individual SNPs. This
relative lack of improvement points to nonresponse for
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these symptom domains, which is consistent with the
association observed by Liou et al. [46] , and likely contributes to treatment-refractoriness. These three SNPs
also have eQTL evidence linking them to MANBA,
COL9A2 and NFKB1 [52] , suggesting that aberrant
expression could contribute to poor outcomes in the
negative symptom domain.
The large haplotype on chromosome 4 that contains the minor alleles for rs230504, rs230493 and
rs3774959 was nominally associated with PANSS
positive, negative and total scores, and maintained
significance with positive scores after correction for
multiple testing (Table 3, Supplementary Table 4) . The
three individual variants were also nominally associated with positive symptom outcomes. These results
suggest that, in combination, the three significant
alleles in the haplotype produce an additive effect in
relation to positive symptom changes over the course
of treatment. Although this haplotype occurred at a
low frequency in the cohort (0.03), its presence is associated with a substantial difference in PANSS positive
scores (4.41% per month higher). Therefore, these
variants and different haplotypic combinations should
be further studied in larger cohorts to validate these
findings.
Study limitations & future directions

Limitations of our study include the fact that the
ENCODE data are relatively recent, and the bio
informatics tools that have stemmed from its release are
still in their infancy. The limited consensus between
the tools demonstrates the need for improved bioinformatic design and database curation, as well as the complexity of genetic regulation. Second, ENCODE has
received criticism for its claim that 80% of the genome
is functional [70] , and one must keep in mind that the
data may overestimate functionality.
Importantly, this study is limited by the comparison of significant variants between different treatment
cohorts and outcomes from previous GWAS. There
are several factors that restrict direct comparison, and
thus the results should be interpreted with caution and
validated in other cohorts. Our ability to only replicate
significant associations with variants in regions previously associated with efficacy may relate to the fact that
genetic variants are not transferable across different
treatment phenotypes (e.g., weight gain).
While previous GWAS studies cumulatively made
use of a variety of first and second generation antipsychotics, the South African cohort was treated with a
first generation antipsychotic due to its low cost and
availability. Although we acknowledge that our findings may not be generalizable to patients treated with
other agents, we consider this unlikely for the follow-
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ing reasons: first, first generation and second generation antipsychotics are not homogeneous classes; in
fact it has been recommended that this distinction be
abandoned [71] . Second, flupenthixol is regarded as a
‘partially atypical’ antipsychotic [72] , sharing receptor
binding characteristics of several of the second generation antipsychotics [73] . There are several studies providing evidence that genetic variants associated with
treatment response are transferable across antipsychotic classes [39,40,74] . In any event, the variants that
were significantly associated with treatment outcomes
in this study (directly or by LD proxy) may point to
general or overlapping mechanisms between different
antipsychotic classes. Future studies examining replicative, drug-specific cohorts and different treatment
phenotypes are warranted.
The FES cohort is small compared with, for example, the CATIE cohort. However, it is important to
note that the FES cohort is extremely well-characterized and homogenized. Considering the clinical
stringency and limited confounders, this study provides increased statistical power [75,76] . The importance of this has been well-documented in a study by
Malhotra et al. [47] , which demonstrated the ability to
detect and replicate a genome-wide signal in a patient
group of comparable size (n = 139) to the FES cohort.
Our study did not have a validation cohort available to
confirm associations, however, as the regions of interest investigated were identified via past antipsychotic
GWAS, this study may be considered a replication of
these findings, the results of which have been further
substantiated by bioinformatic predictions.
Although this study has revealed potential candidate genes for antipsychotic response, there are several aspects of the design that require further research
and functional validation. First, although the LDinclusive and fine-mapping approach of this study
has aided in narrowing down the signals responsible
for significant associations, further study is required
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before presuming causal relationships between, for
example, the chromosome 4q24 locus and treatment
outcomes. Additionally, it remains to be determined
which regulatory mechanism(s) or gene product(s)
are responsible for alterations in treatment response.
Each of the three genes hypothetically connected to
treatment response should be tested in, for example, a
knock-out model combined with antipsychotic treatment, to determine their functional consequences.
This future research will be aided by tissue-specific
culture or animal model work in order to determine
if these factors are expressed in tissues relevant to
schizophrenia and drug response, such as the brain
and the liver.
Conclusion
This study successfully used a unique bioinformatics approach validated by genetic association analyses to identify variants associated with schizophrenia
treatment response, and can potentially be applied to
other disorders. The all-encompassing nature of this
approach – in other words, analysis of LD regions,
focus on noncoding variants and evaluation of diverse,
well-characterized clinical outcomes – has led to the
formation of new hypotheses regarding the biology
of antipsychotic mechanisms and treatment response.
The suggested relationship between 4q24 variation,
COL9A2, MANBA, NFKB1 and negative symptomology remains undefined, but is a promising avenue
of investigation for further study, given that negative
symptoms are poorly understood and difficult to treat.
This study has identified potential causal variation
by demonstrating enrichment of the 4q24 region in
regulation and downstream affected genes that have
established links to schizophrenia. The connections
to regulatory functioning, immunity and treatment
nonresponse suggest that this locus has important and
widespread implications in schizophrenia, and should
be further investigated.

Executive summary
• Despite the promise of GWAS, there is little replication and functional validation of the plethora of results
generated, particularly with regard to noncoding variants.
• The ENCODE results, coupled with user-friendly online prediction tools, enable thorough investigation of the
role of noncoding variants in regulatory mechanisms.
• Investigation of previous GWAS results revealed enrichment for regulatory variants potentially affecting
NFKB1, MANBA and COL9A2 expression.
• Three variants and one haplotype in this region were associated with poor treatment outcomes in both
positive and negative symptom domains.
• These findings support the association of variation in this region with treatment-refractoriness in a group of
Han Chinese individuals [46] .
• Discovering associations with negative symptoms is encouraging, since this symptom domain is
characteristically difficult to treat.
• Suggested associations between COL9A2, MANBA, NFKB1 and antipsychotic treatment response were
uncovered, and this relationship should be investigated further through functional validation.
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