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eAppendix. The Genetic Architecture of Major Depressive Disorder in Han Chinese 
Women	
	
 
DNA sequencing and imputation of genotypes	
	
Detailed methods for sequencing and genotype imputation are described previously.1 Briefly, 
DNA was extracted from saliva samples and sequencing reads obtained from Illumina Hiseq 
machines were aligned to the human genome. GATK2 was used to perform base quality score 
recalibration, variant discovery, genotyping at all polymorphic SNPs in the 1000 Genomes 
Project East Asian (1KGP-ASN) haplotype reference panel (Phase 1, v3),3 and variant quality 
score recalibration using bi-allelic SNPs polymorphic in the 1KGP-ASN haplotypes as a true 
positive set. Genotype likelihoods (GLs) were calculated at selected sites using SNPtools.4 
BEAGLE5 was used to impute genotypes at those sites without a reference panel, and at all 
bi-allelic SNPs polymorphic in 1KGP -ASN using the 1KGP -ASN haplotypes as a reference 
panel. These two datasets were merged by dropping overlapping sites from the former dataset 
to generate a final set of allele dosages. Whole genome sequence was acquired to a mean 
depth of 1.7X (95% CIs 0.7-4.3) per individual from which 22781340 SNP sites were 
identified.	
	
	
Population Stratification	
	
To control for the effects of population stratification, ancestry principal components (PC) 
were estimated using EIGENSOFT 3.06  and SMARTPCA.7 To correct for dependence 
between markers and avoid the potential disruption of the eigenvalue structure SNPs were 
pruned at r2 > 0.02 prior to PC analysis. A total of 15,963 autosomal SNPs with Pr(G) ≥ 0.9, 
< 1% missing rate, MAF > 5%, and HWE > 10-6 were used to generate 10 PCs. To 
circumvent over-fitting,8 only PC1 and PC2, which distinguished north-south regional 
differences (Supplemental Figure 1), were used in subsequent analyses. 	
 We applied the LD-score regression approach9 that was shown previously to 
distinguish polygenicity from confounding population stratification in the large PGC mega-
analysis of schizophrenia.10 Based on summary statistics for a filtered set of high-quality 
SNPs (imputation information > 0.9; MAF>0.01), we obtained estimates of λ and λ1000 (λ 
scaled to a sample size of 1000 cases and 1000 controls) of 1.077 and 1.014, respectively. 
The estimated LD-score regression intercept of 1.009, in the presence of genome-wide 
inflation of test-statistics, is taken to imply that this inflation is a signature of polygenicity 
rather than a confounding effect of population stratification or some other technical artifact.  	
	
	
Estimate of MDD population prevalence for SNP-based heritability analyses	
	
Both GCTA and LDAK recommend the transformation of estimates to the liability scale for 
binary traits to account for scale and ascertainment bias.11,12 Population prevalence for MDD 
in China have been consistently lower than those commonly found in Western countries but 
have been increasing over the last two decades, probably as a result of increasing cultural 
acceptance.13 Thus population based estimates of MDD in China are probably substantially 
downward biased due to false negative reports. Survey of the literature cites rates from 2-
14%.14,15 Three recently obtained estimates of lifetime prevalence for MDD in China are i) 
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3.6% for women from Shanghai and Beijing,16 ii) 5.8% in women aged 45-59 (close in age to 
our CONVERGE cohort) in Beijing,17 and iii) 6.5% in both sexes in Shenzen Province which 
would translate in estimates of 8-10% on women.15 There is also a considerably higher point 
prevalence estimate in both sexes of 4.3% from Zhejiang province, immediately south of 
Shanghai.18 The ratio of point to lifetime prevalence for MDD is probably around 3:1 or 
4:1,19 so the Zhejiang study, while something of an outlier, is consistent with a lifetime 
prevalence in both sexes of 12-15% and in females of around 20% -- similar to that found in 
other countries. From the World Mental Health Survey, 29% of MDD cases report only a 
single lifetime episode (Kessler R, personal communication, 6/2/14) while 71% have 
recurrent illness. Given these range of considerations, we conservatively estimated that the 
true prevalence in China for MDD in women is ~ 12% of whom 8% would have recurrent 
illness and therefore meet criteria for CONVERGE. As such we have used k = 0.08 as our 
population prevalence parameter for GCTA and LDAK estimates. However, given the 
variability in national estimates for MDD we have included Supplemental Table 1 that 
reports snp-based heritability estimates (using GCTA) by varying population estimates 
(ranging from 2 to 20%).	
	
	
Enrichment of DNaseI-hypersensitive sites (DHS)	
	
In addition to the confidence intervals reported in the main text we also assessed statistical 
significance of enrichment by a separate method by constructing an empirical null 
distribution as follows. We generated 100000 random assignments of DHS to SNPs and then 
drew the enrichment curves against the log10 p-values. We measured the height of the curves 
at p = 10-6, a rough threshold for near-genome-wide significance, and then compared the 
heights of the observed curves, for various tissues, to these null curves. All analyses were 
performed in R20 and code is available upon request.	
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eTable 1. SNP-Based Heritability Estimates by Major Depression Population Prevalence 	
	

K Software Transformed	
Estimate	(SE) 

p‐value 

0.20 GCTA 0.285	(0.037) <10‐16 
0.18 GCTA 0.276	(0.036) <10‐16 
0.16 GCTA 0.266	(0.035) <10‐16 
0.14 GCTA 0.255	(0.033) <10‐16 
0.12 GCTA 0.243	(0.032) <10‐16 
0.10 GCTA 0.229	(0.030) <10‐16 
0.08 GCTA 0.214	(0.028) <10‐16 
0.06 GCTA 0.196	(0.025) <10‐16 
0.04 GCTA 0.173	(0.023) <10‐16 
0.02 GCTA 0.143	(0.019) <10‐16 

Note: Untransformed (observed) Estimate = 0.218 with SE = 0.03, K = assumed population 
prevalence, GCTA = Genome-wide Complex Trait Analysis, SE = standard error, 
Transformed Estimate = observed estimate transformed to liability scale based on disease 
prevalence, K.	
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eTable 2a. MDD Heritability Estimates of Whole-Genome SNP Sets Partitioned by LD Quartiles And MAF Quintiles	
	

	 1st LD Quartile	 2nd LD Quartile	 3rd LD Quartile	 4th LD Quartile	 All Quartiles	

MAF quintiles	 h2	 se	 SNPs	 h2	 se	 SNPs	 h2	 se	 SNPs	 h2	 se	 SNPs	 h2	

(0.005,0.0351]	 0.0000	 0.014	 269976	 0.0018	 0.011	 236981	 0.0013	 0.009	 222301	 0.0028	 0.005	 215425	 0.0060	

(0.0351,0.0931]	 0.0125	 0.014	 254673	 0.0000	 0.011	 231646	 0.0000	 0.009	 226777	 0.0041	 0.005	 229808	 0.0166	

(0.0931,0.186]	 0.0000	 0.014	 237936	 0.0000	 0.011	 237238	 0.0047	 0.009	 237154	 0.0035	 0.006	 232165	 0.0082	

(0.186,0.324]	 0.0334	 0.014	 217040	 0.0151	 0.012	 238222	 0.0282	 0.010	 243849	 0.0075	 0.006	 244846	 0.0842	

(0.324,0.5]	 0.0399	 0.012	 199508	 0.0175	 0.011	 235117	 0.0078	 0.009	 249736	 0.0201	 0.006	 257344	 0.0853	

All Quintiles	 0.0858	 	 	 0.0344	 	 	 0.0421	 	 	 0.0379	 	 	 	

Total	 0.2003	 	 	 	 	 	 	 	 	 	 	 	 	

	 	 	 	 	

SNPs = number of single nucleotide polymorphisms per bin, LD = linkage disequilibrium, MAF = minor allele frequency, h2 = SNP-based heritability estimate, se = standard 
error.	
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eTable 2b. MDD Heritability Estimates of Whole-Genome SNP Sets Partitioned by MAF 
Quintiles	
	

MAF quintiles	 h2	 se p‐value SNPs	

(0.00244,0.0351]	 0.006473	 0.015158 0.3262 944531	
(0.0351,0.0931]	 0.019118	 0.015633 0.09989 942813	
(0.0931,0.186]	 0.000001	 0.016487 0.5 945065	
(0.186,0.324]	 0.081373	 0.018584 1.65E-06 944026	

(0.324,0.5]	 0.087344	 0.016452 9.25E-10 941307	

Total	 0.194309	 	

SNPs = number of single nucleotide polymorphisms per bin, MAF = minor allele frequency, h2 = SNP-based 
heritability estimate, se = standard error.	
	
 
e Table 2c. MDD Heritability Estimates of Whole-Genome SNP Sets Partitioned by LD 
Quartiles	
	

LD quartiles	 h2	 se p-value SNPs	

1st	 0.0817	 0.0243 0.0002494 1179133

2nd	 0.0330	 0.0198 0.04536 1179204

3rd	 0.0607	 0.0170 0.0001265 1179817

4th	 0.0512	 0.0108 2.51E-08 1179588

Total	 0.2266	 	
SNPs = number of single nucleotide polymorphisms per bin, LD = linkage disequilibrium, h2 = SNP-based 
heritability estimate, se = standard error.	
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eTable 3. Predictive Value of P Value Threshold Polygenic Risk Scores (PRS) of MDD 
Status 	
	

Set	 pT	 R2
Nagelkerke	 R2

liab beta se p-value	 AIC(∆AIC)	
     Sample 1	 1E-05	 0.0032	 0.0061 3.72 1.05 0.0004	 7249.7 (-10.5)

Sample 1	 1E-04	 0.0016	 0.0060 8.99 3.63 0.0131	 7256.1 (-4.2)

Sample 1	 0.001	 0.0005	 0.0064 14.89 10.62 0.1607	 7260.3 (0)

Sample 1	 0.01	 0.0017	 0.0071 91.25 35.00 0.0091	 7255.4 (-4.8)

Sample 1	 0.1	 0.0039	 0.0092 443.36 113.74 9.71E-05	 7247 (-13.3)

Sample 1	 0.2	 0.0055	 0.0096 765.54 164.89 3.44E-06	 7240.5 (-19.7)

Sample 1	 0.3	 0.0055	 0.0095 965.01 206.58 2.99E-06	 7240.3 (-20)

Sample 1	 0.4	 0.0055	 0.0096 1138.03 243.59 2.98E-06	 7240.3 (-20)

Sample 1	 0.5	 0.0050	 0.0093 1227.78 276.21 8.78E-06	 7242.4 (-17.9)

Sample 1	 1	 0.0048	 0.0088 1627.61 375.09 1.43E-05	 7243.3 (-16.9)

Sample 2	 1E-05	 0.0001	 0.0070 0.83 1.10 0.4526	 7254.6 (1.4)

Sample 2	 1E-04	 4.39E-05	 0.0058 1.32 3.17 0.6766	 7255 (1.8)

Sample 2	 0.001	 0.0005	 0.0050 15.71 10.74 0.1436	 7253.1 (-0.1)

Sample 2	 0.01	 0.0015	 0.0059 86.59 35.02 0.0134	 7249.1 (-4.1)

Sample 2	 0.1	 0.0044	 0.0075 473.11 113.56 3.10E-05	 7237.8 (-15.4)

Sample 2	 0.2	 0.0049	 0.0087 719.10 163.58 1.10E-05	 7235.8 (-17.4)

Sample 2	 0.3	 0.0047	 0.0088 885.96 204.60 1.49E-05	 7236.4 (-16.8)

Sample 2	 0.4	 0.0048	 0.0088 1041.21 238.12 1.23E-05	 7236 (-17.2)

Sample 2	 0.5	 0.0044	 0.0084 1127.79 269.35 2.83E-05	 7237.6 (-15.6)

Sample 2	 1	 0.0039	 0.0082 1432.01 367.10 9.58E-05	 7239.9 (-13.3)

Note: The total sample was split into Sample 1 and Sample 2, MDD = major depressive 
disorder, pT = p-value threshold, R2

Nagelkerke = Nagelkerke’s pseudo-R2, R2
liab = liability-scale 

R2, beta = regression coefficient, se = standard error, AIC = Akaike’s information criterion, 
∆AIC = change in AIC relative to logistic model including only ancestry principal components 
(2).	
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eTable 4. Predictive Value of MDD Status From BLUP Polygenic Risk Score (PRS) 
Constructed From Half of the Sample (Sample 1) and Tested in the Remaining 50% (Sample 
2).	

Set	 n	 % case	 h2	 p	 R2	 L-R2	 AIC(∆AIC)	
Sample 1	 5236	 0.504	 0.190	 1.4E-12	 0.013	 0.00369	 7198.3 (-32.5)	
Sample 2	 5238	 0.504	 0.213	 2.6E-11	 0.011	 0.00337	 7206.1 (-35.2)	

Note: Polygenic risk scores constructed from half of the sample (Sample 1) and tested in the 
remaining 50% (Sample 2), MDD = major depressive disorder, BLUP = best linear unbiased 
predictor, n = sample size, h2 = SNP-based heritability estimate, R2 = Nagelkerke’s pseudo-
R2, L-R2 = liability scale R2, AIC = Akaike’s information criterion, ∆AIC = change in AIC 
relative to logistic model including only ancestry principal components (2).	
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e Figure 1. For 10 Ancestry Pcs Generated Using Smartpca (EIGENSTRAT), each consecutive pair is plotted against each other below; 
coloration is with respect to the latitude of each sample’s geographical origin. For Pcs 1 and 2, North-South Differences Are Clearly Visible.	
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eFigure 2a:.Variance of MDD Explained (h2) by Each Chromosome as a Function of its Length: for joint (blue) and separate (orange). The 
variance explained by each chromosome is represented as a filled circle (1-22,X). R2 is the correlation coefficient of chromosome length to 
proportion of variance explained. 	
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eFigure 2b. Variance of MDD Explained (h2) by Each Chromosome as a Function of Number of SNPs: for Joint (blue) and Separate (orange). 
The variance explained by each chromosome is represented as a filled circle (1-22,X). R2 is the correlation coefficient of number of SNPs to 
proportion of variance explained. The correlation between number of SNPs per chromosome and chromosome length is 0.943.	
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eFigure 3. Enrichment of SNPs With Small P Values in MDD Analysis for DHS in 
ENCODE Samples	
	

	
Enrichment curves as in Figure 3 (Main text) for all ENCODE samples as of July 2014. The 
numbers beside each tissue type (e.g. blood (12, 1.9) at top) are first: the number of samples 
of that type, and second: the mean of -log10(pval) for the enrichment in that tissue type; for 
blood the typical p-value is 10e-1.9 = .0126.)	
	
	
Calling rare exonic variants 	
	
All sequenced reads mapping to exonic regions of the human genome reference GRCh37.p5 
passing a series of quality control were interrogated using SAMtools mpileup.21 Read-pairs 
with both reads uniquely mapped, with mapping quality above 55, were included in this 
analysis. The exon coordinates were downloaded from the Ensembl release 67 Homo 
sapiens gtf file (ftp.ensembl.org/pub/release-67/gtf/homo_sapiens). The coordinates 
contained 96130824 base pair positions in 254986 exons in 21946 genes. Singletons (both 
SNPs and INDELs) were called when two or more reads supported the same alternative in a 
single sample. We chose a set of genes expressed in the brain (eGenetics/SANBI EST) 
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downloaded from biomart22 for Ensembl release 75 February 2014. The expression data 
comes from ESTs in dbEST which were annotated with eVOC terms by SANBI23 and 
sequence mapped to Ensembl gene predictions. A list of nuclear encoded mitochondrial 
genes was obtained from MitoCarta,24 excluding three genes that overlapped with nuclear 
mitochondrial sequences from the hg19 NUMT track from UCSC. We calculated true 
positive rates for the called singletons by comparing with genotypes called in nine individuals 
for whom we also had 10X coverage. We assumed the singletons found in the same sample in 
both the low and 10X coverage data were true positives. We successfully amplified DNA at 
64 deleterious variant sites, including 12 insertions and Sanger sequencing was obtained of 
each amplicon to validate the rare variant calls from next generation sequencing 
(Supplemental Material: Validation of rare variant calls). As we found good validation rate 
for SNP and deletion calls, but not insertions, we excluded all insertion calls from further 
analysis. 	
	
	
Validation of rare variant calls	
	
We called only those variants detected by two or more reads in a single individual, using a 
custom code that counts the number of high quality reads supporting each allele at every 
variant position in the exome regions of the genome among all CONVERGE samples. As 
such, multiallelic sites were also taken into account, though only those alleles supported by 
two or more reads in a single sample, and occurring only in that sample, would be counted 
(Methods). Using this approach, we identified 302838 rare coding SNPs and insertion-
deletion polymorphisms (INDELs).  Supplemental Figure 4 shows the distribution of number 
of samples with more than two reads at singleton sites we discovered, and the graph below it 
shows the cumulative percentage of singleton sites with more than each percentage of 
samples having 2 reads covering it. The mean number of samples having more than 2 reads at 
a singleton site is 4126 (38.8% of the whole sample), corresponding to an allele frequency of 
0.024%. 	

As this analysis was based on hard filters for high quality sequencing reads, and 
counting of number of reads supporting each private allele, there were concerns regarding the 
true positive and false positive rates of variant calling, therefore affecting the validity of 
using these variants for any further analysis. We therefore compared the positions and alleles 
called at private variants sites in nine samples for whom there were 10X coverage sequence 
data. This comparison estimated a true positive rate of 96.5% for SNPs and 97.2% for 
INDELs (Supplemental Table 5), while none of the private variant calls were false positives. 
The false negative rate, however, was very high, as requiring two reads support of 1x 
coverage sequencing for a private variant is a very stringent filter that most heterozygous 
sites, which are expected to make up most of the private variant sites, would not be able to 
fulfill. The false negative rate is 87.8%.	
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e Figure 4: Histogram of Number of Samples With More Than Two Reads at Private 
Variant Sites Discovered in CONVERGE This histogram shows the number of samples 
with more than two reads at all 302838 private variant sites discovered in CONVERGE. The 
mean number of samples having more than 2 reads at a private variant site is 4126 (38.8% of 
the whole cohort), corresponding to an allele frequency of 0.024%	
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Sample 
Number	

Variants occurring in only one sample in CONVERGE	
SNPs	 INDELs	
Discovered	 True Positive (%)	 Discovered	 True Positive (%)	

1	 77	 96.10	 6	 100.00	
2	 56	 94.64	 4	 100.00	
3	 44	 88.64	 9	 88.89	
4	 57	 100.00	 6	 100.00	
5	 41	 100.00	 4	 100.00	
6	 83	 96.39	 3	 100.00	
7	 88	 96.59	 12	 100.00	
8	 43	 100.00	 1	 100.00	
9	 72	 95.83	 7	 85.71	
	
eTable 5. True Positive Rates in the Exomes of Variant Calls Occurring Only Once in 
the CONVERGE Cohort. The table shows the results of comparing singleton variants 
(defined as occurring on two or more reads in a single individual out of 10640) from 1.7x 
coverage sequence data, with genotypes called on the same individuals from 10X coverage 
data. The first column shows the Barcode of the nine samples for whom we have 10x 
coverage data. The next two columns show the number of singleton SNPs discovered in the 
1.7x coverage sequencing data in each sample (Discovered) and the percentage of it 
confirmed by the 10x sequencing data (True Positive (%)). The next two columns show the 
same information for insertions and deletion mutations (INDELs).  	
	

 To further validate the variant calls by variant type and chromosomal context, we 
performed a validation experiment for 75 private variants randomly chosen to represent each 
type of variant (SNPs, and insertions and deletions each of varying length) and each 
chromosome and chromosomal position (near ends of chromosome, near centromeres, 
others). These private variants were chosen from random from the whole CONVERGE 
cohort, regardless of MDD case status. We obtained Sanger sequencing data for 64 variants 
of the 75 variants selected (6 primer design failures, 5 PCR failures). Alleles were called at 
the private variant sites from manual inspection of the Sanger sequencing traces. 52of the 64 
rare variant sites were  confirmed with Sanger sequencing for the right variant, mostly 
heterozygous, showing a high true-positive predictive value (81.25%) of the rare variant 
calling process. Three examples are shown in Supplemental Figure 5. Of the 12 sites that did 
not validate, 9 were insertions, while there was no insertion that validated. As such, we 
disregarded all insertion variant calls for further analysis, since the calling accuracy for 
insertions were apparently worse than the other types of variants. Removing the insertions 
from the raw call set would give, based on the Sanger sequencing validation, a 94.5% true 
positive rate of calling the other types of variants.  Based on this validation exercise, the 
majority of singletons in our data are likely to represent true variant calls.	
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eFigure 5. Sanger Sequencing Read Trace of Three Private Variants Validated. This 
figure shows three sanger sequencing traces showing private variants in three samples at 
three locations in the exome, the leftmost being a synonymous SNP with T/C genotype at the 
third position of codon 652 in exon3 of TMEM70 gene, the center being a non-synonymous 
SNP with G/A (shown as the reverse strand, T/C) genotype at the third position of codon 788 
in exon 5 of PRSSS7 gene, and the rightmost being a non-synonymous SNP with A/T 
genotype at the second position of codon 1010 in exon12 of gene CER54. 	

	
	
Testing for private variant enrichment in MDD	

There are a large number of hypotheses we could potentially test about the role of rare 
variants in the etiology of major depression – one could examine rare variants occurring at 
different frequencies, variants belonging to different annotation classes, classified using 
different algorithms, occurring in different gene sets and occurring in different diagnostic 
categories. Given the large sample size in CONVERGE but low sequencing coverage over 
the exome, and the high false negative rate in detection of private variants as a result, we 
could only test whether there are differences in the frequency of private variants in cases of 
MDD compared to controls. 	

The primary hypothesis was therefore threefold, in order of specificity: a) that private 
variants would be enriched in cases of MDD, b) private variants that cause coding changes 
could be enriched in cases of MDD, and c) private deleterious variants would be enriched in 
cases of MDD. A Bonferroni corrected p-value for this test is 0.05/3 = 0.0167. To classify the 
private variants based on their effect on coding and potential consequences to protein 
function, we annotated all the private variants using ANNOVAR (Methods), and defined as 
‘deleterious singletons’ the sum of stop gain, stop loss, nonsynonymous, and frameshift 
deletion variants. 	

We then tested for differences in the frequency of private variants between cases of 
MDD and controls for four categories of variants: a) all variants, b) synonymous SNPs, c) 
non-synonymous SNPs, and d) all deleterious variants (including stop-gains, stop-losses and 
frameshift deletions). Insertion events were excluded because of the poor quality of our calls 
for this type of variant. While cases of MDD and controls did not differ significantly in 
sequencing metrics, including origin, ancestry (based on principal components), experimental 
batch and technical features of the sequencing (per gene coverage, GC content, and sequence 
quality), cases had significantly more singleton deleterious mutations than controls (p = 0.003 
from logistic regression, Table 1). 	
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To confirm the p-values from the enrichment analyses were not inflated due to 
technical artifacts not yet accounted for, we ran a series of analyses in which the MDD case 
status was permuted. For each permutation of the MDD case status we obtained a p-value 
from logistic regression for the number of private variants per sample on the permuted MDD 
case status. We performed 10000 such permutations and logistic regressions to generate a 
distribution of p-values. Quantile-quantile plots were then generated to see if there was any 
deviation of p-values from the null distribution. These plots indicate no inflation of p-values 
(Supplemental Figure 6).	

	

	

	

eFigure 6. Quantile-Quantile Plot for the Enrichment of Coding Private Variants in 
Cases of MDD. Each graph shows the expected association value (negative logarithm base 1) 
on the horizontal axis and the observed value on the vertical axis. Data are from 10000 
permutations in which MDD case and control status has been randomly assigned. Plots are 
shown for all variants, and three annotation categories: non synonymous, synonymous, and 
deleterious variants. The latter are defined as the sum of stop gain, stop loss, 
nonsynonymous, and frameshift deletion variants, using annotation categories from 
ANNOVAR software.	



	2016	American	Medical	Association.	All	rights	reserved.			18	

	

Private variant enrichment in brain and mitochondrial genes in MDD	

Upon finding enrichment in deleterious variants in cases in all genes, we asked if we could 
narrow the sets of genes driving this enrichment by asking two further questions: a) is the 
enrichment present in variants occurring in genes expressed in the brain, as opposed to genes 
not expressed in the brain, and b) is the enrichment present in nuclear encoded genes whose 
protein products are exported to the mitochondrion? We therefore counted singleton 
deleterious mutations occurring in genes expressed in brain, not expressed in the brain, and 
those whose protein products were localized to the mitochondria. The Bonferroni corrected 
significant p-value for all three hypothesis, when applied on the four gene sets (including the 
original set containing all genes), is therefore 0.05/12 = 0.0042. Table 1 shows a significant 
(p = 0.004) excess of private deleterious mutations in cases for genes in expressed in the 
brain. In contrast, no significant enrichment was seen for associations between MDD and 
variants in genes not expressed in brain (p = 0.41). 	

While the choice for genes expressed in the brain is intuitive given MDD is a 
psychiatric disease likely to have neurobiological underpinnings in its etiology, we have 
previously found GWAS loci near two genes with mitochondrial functions, SIRT1 and 
SLC25A37.1 This led to the inquiry of whether singleton deleterious mutations would be 
enriched in nuclear-encoded genes with mitochondrial localized gene products.24 As the 
genes whose products are localized to the mitochondria may have “mitochondrial copies” in 
the mitochondrial genome similar in sequence, and in some cases encoding similar subunits 
for the same respiratory complexes, we intersected the list of nuclear encoded genes whose 
proteins are imported into the mitochondria with the nuclear mitochondrial (NUMT) loci 
from the hg19 NUMT track from UCSC, and found only three nuclear encoded genes 
contained NUMTs (these are: ENSG00000171612, ENSG00000132286 and 
ENSG00000102738), then excluded all three genes from the analysis. Table 1 shows a 
modest enrichment in deleterious variants in nuclear-encoded mitochondrial genes (p = 
0.009), not passing the significance threshold after Bonferroni correction, but in the direction 
as expected. 	

To determine if the increase in the odds ratios attributable to deleterious variants in 
brain-expressed and nuclear-encoded mitochondrial genes was likely due to chance effects, 
we randomly selected a set of genes whose total coding length was equal to each gene set, 
and tested for enrichment in deleterious singletons, keeping case and control status 
unchanged in 10000 random selections. The empirical p-value for the odds ratio observed in 
the brain-expressed gene set was 0.035 and 0.017 for that in the nuclear-encoded 
mitochondrial genes (Supplemental Figure 7), indicating that the enrichments are unlikely 
due to chance.	



	2016	American	Medical	Association.	All	rights	reserved.			19	

	
eFigure 7. Enrichment of Singleton Variants in Gene Subsets. Empirical estimation of 
the odds ratio increase when singleton enrichment analysis is restricted to a subset of 
genes. The graphs show the empirical distribution of odds ratios obtained by randomly 
selecting an amount of coding DNA equal in length to that used when the analysis is 
restricted to nuclear encoded mitochondrial genes (upper figure) and genes expressed in the 
brain (lower figure). Horizontal axes show odds ratios and the vertical axis the frequency 
with which an odds ratio occurs in 10000 analyses. The vertical red lines are the observed 
odds ratios from analyzing enrichment of singleton variants in MDD cases. Gene sizes were 
calculated using data from Ensembl release 77 October 2014 downloaded from 
ftp://ftp.ensembl.org.	
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eTable 6. SNP-Based Heritability for MDD Subtypes Are Not Significantly Different	
	

Trait	 n	
% case	

h2	
(SE)	

p-value

MDD	
K = 0.08	

10474	
0.5039	

0.2138
(0.0279)	

<5.0x10-16

MEL	
K = 0.05	

9683	
0.4633	

0.2048
(0.0264)	

<5.0x10-16

non-MEL	
K = 0.05	

5987	
0.1321	

0.1347
(0.0852)	

0.0483

	
Note: SNP = single-nucleotide polymorphism, MDD = major depressive disorder, h2 = SNP-
based heritability, MEL =  melancholic MDD subtype, K = population prevalence parameter.	
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eTable 7. Predictive Value of MDD Subtype From BLUP Polygenic Risk Score (PRS) 
Constructed From Half of the Sample and Tested in the Remaining 50%	
	

Model	 non-MEL	 MEL	

Set	 Sample	 n	 est.	 SE p R2 est. SE p	 R2

1	 1	 5236	 5.42E+7	 1.67E+7 0.00114 0.01063 4.87E+7 8.70E+6 2.23E-8	 0.00923

2	 2	 5238	 2.69E+7	 9.95E+6 0.00691 0.00111 3.26E+7 5.39E+6 1.56E-9	 0.00997

3	 1	 5236	 5.09E+7	 1.37E+7 0.00020 0.00791 3.65E+7 7.30E+6 5.70E-7	 0.00945

4	 2	 5238	 1.14E+7	 9.88E+6 0.24708 0.00162 2.96E+7 5.29E+6 2.24E-8	 0.00658

5	 1	 5239	 1.29E+7	 1.02E+7 0.20655 0.00230 3.42E+7 5.42E+6 2.79E-10	 0.01145

6	 2	 5235	 3.21E+7	 1.38E+7 0.01988 0.00239 4.45E+7 7.50E+6 2.99E-9	 0.00972

7	 1	 5236	 5.55E+7	 1.27E+7 0.00001 0.01503 4.19E+7 6.83E+6 8.54E-10	 0.00989

8	 2	 5238	 2.72E+7	 1.48E+7 0.06600 0.00082 5.92E+7 8.01E+6 1.44E-13	 0.01626

9	 1	 5232	 1.91E+7	 1.04E+7 0.06760 0.00187 3.70E+7 5.66E+6 6.3E-11	 0.01236

10	 2	 5242	 5.55E+7	 1.72E+7 0.00126 0.00680 5.48E+7 9.12E+6 1.89E-9	 0.00951

11	 1	 5234	 5.67E+7	 1.53E+7 0.00021 0.01001 4.94E+7 8.12E+6 1.15E-9	 0.01200

12	 2	 5240	 2.45E+7	 1.08E+7 0.02349 0.00308 3.64E+7 5.74E+6 2.38E-10	 0.00970

13	 1	 5238	 3.25E+7	 1.31E+7 0.01311 0.00728 4.34E+7 7.02E+6 6.46E-10	 0.01285

14	 2	 5236	 2.32E+7	 1.13E+7 0.04018 0.00066 3.62E+7 6.00E+6 1.58E-9	 0.00854

15	 1	 5240	 2.44E+7	 1.07E+7 0.02294 0.00082 3.41E+7 6.02E+6 1.49E-8	 0.00851

16	 2	 5234	 2.34E+7	 1.23E+7 0.05729 0.00522 3.31E+7 6.08E+6 5.10E-8	 0.00959

17	 1	 5239	 3.76E+7	 1.38E+7 0.00650 0.00728 5.01E+7 7.47E+6 2.01E-11	 0.01392

18	 2	 5235	 6.22E+7	 1.38E+7 0.00001 0.01089 4.47E+7 7.35E+6 1.13E-9	 0.00902

19	 1	 5236	 2.09E+7	 1.58E+7 0.18575 0.00406 6.18E+7 8.75E+6 1.57E-12	 0.01330

20	 2	 5238	 4.30E+7	 1.18E+7 0.00026 0.00549 3.77E+7 6.28E+6 1.91E-9	 0.01058

	
Note: Polygenic risk scores (PRS) constructed from half of the sample and tested in the 
remaining 50%, MDD = major depressive disorder, BLUP = best linear unbiased predictor, n 
= sample size, non-MEL = MDD cases that do not meet criteria for melancholia (~15% of 
MDD cases), MEL = melancholia (85% of cases), est = partial regression coefficient for 
PRS, SE = standard error, p = p-value, R2 = Nagelkerke’s pseudo-R2.	
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