@ © 2007 Nature Publishing Group  hitp://www.nature.com/naturegenetics

LETTERS

nature
gCIlCtICS

A survey of genetic human cortical gene expression

Amanda J Myersl’z’lo, J Raphael Gibbs!®10, Jennifer A Webster®>1%, Kristen Rohrer!, Alice Zhao!,

4,5

Lauren Marlowe!, Mona Kaleem!, Doris Leungl, Leslie Brydenl, Priti Nath!, Victoria L Zismann*>,
Keta Joshipura®?, Matthew ] Huentelman*>, Diane Hu-Lince*>, Keith D Coon*%, David W Craig*°,
John V Pearson*?, Peter Holmans’, Christopher B Heward?, Eric M Reiman*>?, Dietrich Stephan‘l’s’9 &

John Hardy!?3

It is widely assumed that genetic differences in gene expression
underpin much of the difference among individuals and many
of the quantitative traits of interest to geneticists. Despite this,
there has been little work on genetic variability in human gene
expression and almost none in the human brain, because
tools for assessing this genetic variability have not been
available. Now, with whole-genome SNP genotyping arrays
and whole-transcriptome expression arrays, such experiments
have become feasible. We have carried out whole-genome
genotyping and expression analysis on a series of 193
neuropathologically normal human brain samples using the
Affymetrix GeneChip Human Mapping 500K Array Set

and Illumina HumanRefseq-8 Expression BeadChip platforms.
Here we present data showing that 58% of the transcriptome
is cortically expressed in at least 5% of our samples and that
of these cortically expressed transcripts, 21% have expression
profiles that correlate with their genotype. These genetic-
expression effects should be useful in determining the
underlying biology of associations with common diseases of
the human brain and in guiding the analysis of the genomic
regions involved in the control of normal gene expression.

Large-scale assessments of the role of genetic variability in the control
of gene expression have been attempted only recently. Two main
approaches have been used: linkage-based analysis of gene expression
in human lymphoblasts and multiple tissues from rat and mouse
crosses, and association-based expression analyses in human lympho-
blasts. These approaches have all shown that genetic variability is an
important component in the regulation of gene expression'~’.
Although these findings are encouraging, they are limited by the
fact that the only human tissues that have been subject to extensive
assay have been transformed lymphoblasts from individuals who did

not receive any neurologic assessment. Very little has been done with
other tissues because of their inaccessibility. However, it is well
established that mRNA is stable postmortem in the human brain®,
and our and others’ studies have shown that the apolipoprotein
E (APOE) and microtubule-associated protein tau (MAPT) genes
are subject to distortions in allelic expression’!!. Additionally, several
studies using inbred mouse strains have mapped important expression
quantitative trait loci (eQTL) in the mouse brain!=3. With this back-
ground, we developed a resource that allows the assessment of the
genetic effects on normal human cortical gene expression. We isolated
RNA and DNA from human cortical samples by standard protocols
(see Methods) and carried out genotyping on the Affymetrix Gene-
Chip Human Mapping 500K Array Set as previously described!?. RNA
expression was assessed using the Illumina HumanRefseq-8 Expression
BeadChip system. We then treated the expression profile of each
transcript as the sample phenotype and carried out a quantitative trait
analysis on the genotype and expression data by linear regression to
correlate allele dosage with expression. We analyzed samples for
genetic relatedness and ethnic bias and outliers (n = 3 population
outliers, n = 5 samples with some degree of relatedness, see Supple-
mentary Figs. 1 and 2 online and Methods) were excluded from our
analysis. In addition, we corrected for several biological covariates
(gender, age at death and cortical region) and several methodological
covariates (day of expression hybridization, institute source of sample,
postmortem interval and a covariate based on the total number of
transcripts detected in each sample). See Supplementary Table 1
online for covariate and sample statistics.

The Mlumina HumanRefseq-8 chip probes 24,357 transcripts, of
which we included 58% in our analyses because they were detected in
at least 5% of our 193 samples. To avoid a possible bias introduced
by poorer-quality samples, we added a methodological covariate based
on a sample’s detection for these transcripts. Additionally, SNPs with
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Cis gene-SNP distances and P values
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Figure 1 Distance of cis effects. Only cis SNP-
transcript pairs that were significant after
correction for multiple testing, covariates and
polymorphisms located in probes (see Methods)
are plotted. See Supplementary Table 2 for list of
individual SNPs and transcripts. The x axis of the
scatter plot is the distance between the SNP and
the start or stop of the gene; for SNPs in the
gene, the distance is given as zero. The y axis is
the uncorrected and —logq transformed WALD
P values. Plot was created in R using the scatter
plot function from the car package, which
produces a scatter plot with box plots!®
included the axis margins. For each box plot,
top bar is maximum observation, lower bar is
minimum observation, top of box is upper or third
J quartile, bottom of box is lower or first quartile,
middle bar is median value and circles are
possible outliers.
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call rates <90%, exact Hardy-Weinberg equilibrium P values <0.05
and minor allele frequencies <1% were filtered out during the
analysis to eliminate noise from putative genotyping error. We
assessed correlations among 366,140 SNPs on the Affymetrix platform
and the expression of the 14,078 detected transcripts.

We divided our results into cis associations and trans associations.
We defined cis associations as those that involved SNPs that were in the
gene and within 1 Mb of either its 5 or 3’ end. The mean and median
of the sizes of these cis regions were both ~2.1 Mb. We defined trans
associations as associations involving SNPs elsewhere in the genome. In
this analysis, after using a permutation test correction (see Methods)
and excluding results with a possible covariate effect, we found
433 SNP-transcript pairs (99 transcripts) that showed a significant

Figure 2 Enrichment of cis associations over trans
associations. Plotted is the distance between the
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(2,876 transcripts) that showed a significant
trans association. Closer inspection of the
positions of the cis SNP associations (Fig. 1)
showed that most of these associations were
near the gene, but in a few cases, effects were
observable over long distances. Additionally,
within ~70 kb of each associated transcript, there was an enrichment
of cis associations over trans associations by ~3-3.5 fold (Fig. 2).

As we were looking at how DNA variation correlates with RNA
expression, another possible confound was the presence of sequence
variation within the transcript probe used on the Illumina expression
chips. If such variation exists, the SNP may alter transcript binding in
a way that is not biologically relevant. There was a polymorphism
located within the transcript probe in 13% of our significant cis data
and 5% of our significant trans data. Table 1 shows a subset of our
significant cis results from eight transcripts where there was no
variation located within the transcript probe, where the transcript-
specific empirical P values from 1,000 simulations were <0.05, the
gene expression detection rate within the samples was >99%, the SNP

Cis enrichment
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SNP and the transcript (x axis) for cis SNPs
against the average proportion of cis versus trans 354
effects at that particular distance (y axis). Counts ”
of cis versus trans effects were taken at 21 §
intervals from a distance of 0.1-1,000 kb from 2 301
the transcript to the cis SNP (called the cis g
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Cis threshold distance (distance between SNP and start or end of gene to be considered cis)
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Table 1 Subset listing of gene-SNP cis associated pairs

Gene Ch Start base Stop base SNP SNP base SNPloc ~ MAF  AAexp(sd) ABexp(s.d.) BBexp(s.d) pvlK

B3GTL 13 30672131 30803656 rs1005824 30714015 Intron 28%  2.14(0.17) 2.02(0.18) 1.87(0.23) 0.001
CHST7 X 46318135 46342781 rs760697 46332287 Intron 45%  2.37(0.14) 2.46 (0.14) 2.56 (0.14) <0.001
HBS1L 6 135323208 135417714  rs1590975 135393780 Intron 49% 217 (0.11) 2.06 (0.12) 1.97 (0.16) <0.001
HBS1L 6 135323208 135417714  rs2150681 135416924 Intron 49%  2.17(0.11) 2.06 (0.12) 1.97 (0.16) <0.001
HBS1L 6 135323208 135417714  rs4896128 135391448 Intron 35%  2.13(0.12) 2.04 (0.13) 1.92(0.17) 0.002
HBSI1L 6 135323208 135417714  rs6923765 135376868 Intron 49%  2.17(0.11) 2.06 (0.12) 1.97 (0.16) <0.001
HBS1L 6 135323208 135417714  rs7741515 135416060 Intron 49% 217 (0.11) 2.06 (0.12) 1.97 (0.16) 0.001
KIF1B 1 10193417 10364241 rs10492972 10275698 Intron 33%  2.39(0.16) 2.23(0.18) 1.83(0.27) <0.001
KIF1B 1 10193417 10364241 rs12120042 10267911 Intron 35%  2.40(0.15) 2.25(0.18) 1.86 (0.26) <0.001
KIF1B 1 10193417 10364241 rs12120191 10268358 Intron 35%  2.40(0.15) 2.25(0.18) 1.86 (0.26) <0.001
KIF1B 1 10193417 10364241 rs1555849 10323188 Intron 33%  2.39(0.16) 2.24 (0.18) 1.85(0.29) <0.001
KIF1B 1 10193417 10364241 rs3748577 10279992 Intron 33%  2.39(0.16) 2.24(0.18) 1.83(0.27) <0.001
KIF1B 1 10193417 10364241 rs3748578 10343504 Intron 31%  2.36(0.18) 2.24 (0.20) 1.88(0.28) <0.001
KIF1B 1 10193417 10364241 rs946501 10232166 Intron 35%  2.40(0.15) 2.25(0.18) 1.85(0.27) <0.001
MAPT 17 41327623 41461546  rs17571739 41388780 Intron 23%  2.28(0.16) 2.17 (0.17) 2.03(0.18) 0.05

PTDOO4 2 174645420 174821610  rs10930638 174682841 Intron 45%  1.92(0.13) 2.03(0.14) 2.14(0.13) <0.001
PTD004 2 174645420 174821610  rs10930654 174771758 Intron 48%  2.12(0.13) 2.02 (0.14) 1.91(0.13) <0.001
PTDOO4 2 174645420 174821610 rs11674895 174722208 Intron 49%  2.12(0.13) 2.03(0.13) 1.91(0.13) <0.001
PTD004 2 174645420 174821610  rs4144329 174779123 Intron 48%  2.12(0.13) 2.02(0.14) 1.91(0.13) <0.001
PTD004 2 174645420 174821610  rs4972643 174767946 Intron 49%  2.12(0.13) 2.03(0.14) 1.91(0.13) <0.001
PTDOO4 2 174645420 174821610  rs6433464 174717017 Intron 48%  2.12(0.13) 2.02(0.14) 1.91(0.13) <0.001
SQSTM1 5 179180502 179197683 rs10277 179197336 Exon 44%  2.02(0.23) 1.93 (0.23) 1.68 (0.22) <0.001
SQSTM1 5 179180502 179197683  rs1065154 179197520 Intron 44%  2.00(0.21) 1.94 (0.24) 1.68 (0.22) 0.006
ZNF419 19 62690944 62697859 rs2074074 62695684 Intron 28%  2.38(0.07) 2.43 (0.06) 2.48 (0.06) <0.001
ZNF419 19 62690944 62697859 rs2360761 62699596 3 28%  2.38(0.07) 2.43 (0.06) 2.47 (0.06) <0.001
ZNF419 19 62690944 62697859 rs6510084 62694476 Intron 28%  2.38(0.07) 2.43(0.06) 2.47 (0.06) <0.001

Table shows chromosomal physical positions for the associated gene and SNP pairs (Ch, gene chromosomal location; start base, gene start; stop base, gene end; SNP base, SNP
position; all relative to the published human sequence, build 36), the location of the SNP relative to the gene (SNP loc), the minor allele frequency for this SNP (MAF, based on
these samples), genotype groups average expression with s.d. (AA, AB and BB Exp (s.d.)) and the empirical P values from 1,000 permutations (pv1K, see Methods). Subset listing
was generated from the full list of cis associated gene-SNP pairs (full list is in Supplementary Table 2). Criteria for generation of subset include: no polymorphisms located within
transcript probe, transcript specific empirical P value from 1,000 simulations <0.05, gene expression detection rate within samples >99%, SNP call rate within portion of sample
used >99%, number of minor homozygotes (BB genotype) >3 and distance from SNP to gene <3 kb. Genes are listed in alphabetical order.

call rates within the portion of the sample used were >99%, the
number of minor homozygote samples was >3 and the distance from
the significant SNP to the gene was <3 kb. Supplementary Table 2
online lists all data for cis SNP-transcript pairs with transcript-specific,
empirically significant P values in cases where there was no poly-
morphism located within the transcript probe and no covariate
effects. Supplementary Table 3 online lists all cis data for SNP-
transcript pairs with transcript-specific, empirically significant
P values where there was no covariate effect but there was a
polymorphism located within the transcript probe. Supplementary
Table 4 online lists the subset of our trans pairs that met all the criteria
we used to build Table 1 for our cis results, with the exception that for
this table, the SNP-transcript pair had to be mapped to distances
greater than 1 Mb from the 5" or 3’ end of the transcript and not
within the transcript. Out of the 16,701 SNP-transcript pairs we found
to be associated in trans, these 336 pairs (161 transcripts) represent
our most probable trans results.

We assumed that the correlations we found between genotype and
phenotype should be linear, such that expression would vary consis-
tently with allele dosage; therefore, associations that follow the rules
expAA > expAB > expBB or expBB > expAB > expAA, where A is
the major allele at a locus and B is the minor allele at that locus, have
prima facie biological plausibility. In contrast, cases where the hetero-
zygote is either the highest or lowest expressor (for example, expAB >
expAA > expBB, expAB > expBB > expAA, expAA > expBB >
expAB or expBB > expAA > expAB) do not have prima facie

biological plausibility. In our fully filtered (no covariate effects and no
polymorphisms in probes) cis dataset, we found 1 instance out of 376
that did not follow these above rules (expAA > expAB > expBB or
expBB > expAB > expAA). In addition, there were 10 instances
where the heterozygote group had a higher expression level than the
major homozygote group, but the expression level in the minor
homozygote group was not reliably measured. For these 10 instances,
because the expression level was unknown for the minor homozygote
group, we could not determine whether the expression followed
biologically plausible rules. In the trans dataset that contains our
most likely effects (Supplementary Table 4), we found 6 SNP-
transcript pairs with nonlinear expression-SNP correlations out of a
total of 336 pairs. For all 336 pairs in the trans dataset, we had
expression data for each possible genotype.

We have previously shown that within these samples, MAPT
expression is affected by MAPT haplotype'l. Analysis of our data
from the genome-wide screen was consistent with our previous data
on these samples: alleles that occurred on the major haplotype of
MAPT (H1) were associated with higher Tau transcript expression
(Fig. 3). This provides an internal positive control within our full-
genome screen; by looking genome wide, we can find effects we have
seen in candidate-gene analysis of our samples.

Comparing our screen to the previous eQTL screens carried out
using human lymphoblasts®” yielded few results in common. This was
not surprising, considering the different sources and platforms for
analysis. There were two results in common across the lymphoblast
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Figure 3 MAPTresult. (a) Box plot comparing the
expression profiles of MAPT for the genotypes at
rs17571739. rs17571739 was used because it
was the most significantly associated SNP within

3 kb of MAPT (Table 1). The x axis represents 3.0
the three genotype groups: AA (major 8
homozygote), AB (heterozygote) and BB (minor 254 T

homozygote). For this, SNP the major allele is A,
and this allele falls on the previously defined
high-expressing H1 MAPT haplotypell. Note that
we could not detect subhaplotypes of H1 in our
current screen. The genotype groups consist of
the following numbers of samples: AA, n = 113;
AB, n =66 and BB, n = 11. The y axis is the . ;
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expression level, which is the logiq value of the
rank-invariant normalized intensity values. Plot
was created in R using the box plot function from
the graphics package, which produces a plot
showing the five-number summaries for the three

T
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Genotype

genotype groups in which the top bar is maximum observation, the lower bar is minimum observation, the top of box is upper or third quartile, the bottom
of box is lower or first quartile, the middle bar is median value and the circles are possible outliers. (b) Linkage disequilibrium (LD) pattern of our dataset
calculated using Haploview?°. Black boxes with no numbers indicate /2 = 1, which indicates that there is perfect LD and that each marker is a genetic
surrogate for the other. For r2 values <1, the r2 value is given in white text in the box. As can be seen in the figure, all of the markers yielding empirically
significant cis P values (P < 0.05) are in high LD with the major haplotypes of MAPT (H1 and H2), which can be delineated by a 238-base-pair insertion/

deletion polymorphism in intron 9 of MAPT (indel on figure).

screens: eQTLs were found for transcripts encoding cystatin B (CSTB)
and copine I (CPNEI) (refs 6,7). Within our screen, neither transcript
was correlated with genotype. We found one transcript that was also
reported to show a cis genotype-transcript association by Cheung and
colleagues®. This transcript was RPS26, which encodes ribosomal
protein S26, a ribosomal protein that is a component of the 40S
subunit. This replication might reflect true results; however, further
analysis will be needed to ensure that the same haplotypes are
associated with expression in each screen. See Figure 4 for the profiles
of RPS26 from our data. For our most likely frans associations
(Supplementary Table 4), the only transcript that was in common
with the other two screens was that encoding the binding protein of
integrin B1 (ITGBIBPI), which was also found in the report by
Cheung et al. (described in their series as ICAP-1A). However, each
screen reported the trans effect with SNPs located on different

Figure 4 RPS26 result. Shown is the one
transcript that we replicated from the previous
genotype-expression screens®’. (a,b) For RPS26,
Cheung and colleagues® reported significant
association with marker rs2271194, which is in 35 :
complete LD with two out of our six associated |
SNPs, including rs11171739, which was the
SNP that gave the strongest association in our
screen and which is graphed in a. (b) LD plot
using the CEPH HapMap data to compare the
markers from the two studies for RPS26. The
significant variant from Cheung et al. is circled.
Because there is complete LD between our
marker and the marker in Cheung’s study, it is
likely that both screens are picking up the same
association for RPS26. Plots were created in R

4.0 4
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chromosomes, indicating that each study was detecting a different
trans effect from this transcript.

In this analysis we present associations between single SNPs and
expression levels that suggest that genetic variability can contribute to
the variability of transcript expression. The importance of these data is
clear. First, when genetic associations are reported between SNPs and
common neurologic or psychiatric diseases, one can use these data to
predict relative mRNA expression levels at the locus, under the
assumption that for common sporadic disease, the risk variants will
be present in a considerable proportion of the control sample, for
example, as with the H1 haplotype of MAPT. Second, they will
provide the raw material for researchers to delineate the control of
normal human cortical gene expression. Of course, it is likely that this
analysis will underestimate the true contribution of SNP variation to
gene expression, as the relationship between haplotypes at a locus and

b
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NM_001029
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using the box plot function from the graphics T
package, which produces a plot showing the five- AA
number summaries for the three genotype groups

where top bar is maximum observation, lower bar

T T
AB BB
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is minimum observation, top of box is upper or third quartile, bottom of box is lower or first quartile, middle bar is median value and circles are possible
outliers. Haplotype block plots were created using Haploview?C. Black boxes with no numbers indicate r2 = 1. For r2 values <1, the r2 value is given in

white text in the box.
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the gene expression is likely to be more complex. In addition, it is
likely that different biological covariates and genomic duplications and
deletions have important roles in the control of gene expression.
Further analyses of these data and of data from other, similar datasets
will be required to elucidate such complex interactions. To facilitate
this analysis, we have made the data files used to generate the analysis
for this paper available on our website (see Methods). Additional data
and information is available through NCBIs Gene Expression Omni-
bus (GEO) and are accessible through GEO Series accession number
GSE8919. Lastly, DNA from the samples used in this screen is available
on request through the National Cell Repository for Alzheimer’s
Disease for fine mapping of particular effects.

METHODS

Samples. We wrote to all the National Institute of Aging Alzheimer Centers and
the Miami Brain Bank and asked for samples of 1 g of human cortex from
control brain. We received 279 samples that met our criteria: first, they were
self-defined as ethnically of European descent; second, they had no clinical
history of stroke, cerebrovascular disease, Lewy bodies or co-morbidity with
any other known neurological disease; third, they were assessed by a board-
certified neurologist and, where available, they had a Braak and Braak score
<3 (43% of controls used for this paper assessed) or a CERAD score indicating
either sparse or no neuritic plaques (34% of controls used for this paper
assessed); and fourth, they had an age at death >65 years. 201 of those samples
had both genotype and expression data, and 193 samples were used for analysis
after excluding ethnic outliers and samples that were possibly related. Sample
statistics are given in Supplementary Table 1.

Genotyping and expression profiling. 250 ng of DNA was hybridized to the
Affymetrix GeneChip Human Mapping 500K Array Set as previously
described'?. Allele calls were determined using the Affymetrix BRLMM Analysis
Tool. The resulting sample genotyping call rate had a mean of 97% and range
of 90-99%.

250 ng of RNA was reverse transcribed into cRNA and biotin-UTP labeled
using the Illumina TotalPrep RNA Amplification Kit (Ambion). We quantified
cRNA by three replicate measurements using a nanodrop spectrophotometer.
cRNA was hybridized to the Illumina HumanRefseq-8 Expression BeadChip
using standard protocols (see URL in Methods for further details on chip
design). We ran 6-8 chips (24-32 control samples) in parallel for each
hybridization. Average detection scores across each expression chip were greater
than 0.99. Transcripts that were detected in less than 5% of the series were
excluded from our study. All expression profiles were extracted and rank-
invariant normalized!31> using BeadStudio software (Illumina).

Statistical analysis. Before the analysis of the 366,140 SNPs and 14,078 gene
transcripts, chromosome physical positions for each SNP and transcript were
reannotated from NCBI’s dbSNP and Entrez Gene based on Genome Build 36.
We obtained information about the ethnic structure of our cohort using the
program Structure'®!” and removed ethnic outliers (Supplementary Methods
online). After the three ethnic outliers were eliminated, we examined the degree
of relatedness among the samples within our cohort by using the pairwise
identity-by-state and identity-by-descent calculators available in the PLINK
analysis toolset'® and Supplementary Methods. Rank-invariant normalized
expression data were logjy transformed, and missing data were encoded as
missing, not as a zero level of expression. We excluded transcripts that were
expressed in less than 5% of the series from the analysis. The following
minimum SNP cut-off values were used during analysis: per sample call rate
at least 90%, per SNP call rate at least 90%, per SNP minor allele frequency of
at least 1%, and lack of significance (P > 0.05) for Hardy-Weinberg
equilibrium tests. Categorical covariates were encoded and log;, transformed,
again where missing values were indicated as such.

For our analysis, we used the PLINK analysis toolset (64-bit version) to carry
out a one-degree-of-freedom allelic test of association. Briefly, the expression
level of each transcript per sample was regressed on the number of minor alleles
(0, 1 or 2) for the 366,140 SNPs that met the cut-off criteria to compute the
effects of allele dosage on expression level. We analyzed transcripts one at a

time and did not take into consideration interdependence among transcripts.
Transcript-specific empirical P values were calculated by permuting the
sample identifiers (see multiple testing section below), and only those
pairs with transcript-specific empirical P values (1,000 permutations) <0.05
were retained.

The analysis results were then separated into cis and trans significantly
associated SNP-transcript pair sets. Cis SNPs were defined as SNPs within 1 Mb
of the 5" end of the transcript or 1 Mb of the 3" end of the transcript and within
the transcript. SNP-transcript associated pairs that had a methodological
covariate (day of expression hybridization, institute source of sample, post-
mortem interval and a covariate based on the total number of transcripts
detected in each sample) or biological covariate (gender, age at death and
cortical region) effect were then removed from the result set. For the assessment
of covariate effects, we used a conservative approach in which any SNP-
transcript pair covariate term with an uncorrected P value < 0.05 was deemed
to have an effect. To account for any potential confounding effect of SNPs loca-
ted within the transcript hybridization probes on the Illumina ref-seq® chips,
significant cis SNP-transcript effects were divided into pairs where there was no
variant within the transcript probe (Table 1 and Supplementary Table 2)
and pairs where there was a variant in the transcript probe (Supplementary
Table 3). Please see Supplementary Methods for further details. Trans SNP-
transcript results were determined in the same fashion as the cis results but
filtered to reduce the dataset from 16,701 SNP-transcript pairs to a more
manageable 336 SNP-transcript pairs, which we believe are the most likely
results within the larger dataset. The criteria for filtering the trans data were as
follows: (i) no polymorphisms located within transcript probe, (ii) transcript-
specific empirical P value (1,000 permutations) <0.05, (iii) gene expression
detection rate within samples >99%, (iv) SNP call rate within portion of
sample used >99%, (v) number of minor homozygotes (BB genotype) >3
and (vi) distance between SNP and transcript greater than £1 Mb of the gene.

This study used the high-performance computational capabilities of the
Biowulf Linux cluster. We carried out permutation analysis on the Translational
Genome Research Institute’s IBM System Cluster 1350, which contains a total of
1,024 computing nodes and is housed on the Arizona State University campus.

Statistical significance and corrections for multiple testing. Multiple testing
was corrected by simulation (Supplementary Methods). Uncorrected Wald
P values are given in the pyWALD columns in Supplementary Tables 1—4. All
empirical P values from 1,000 permutations are given in the pvlK columns on
each table, and those from the 87 transcripts for which we carried out 100,000
replicates are shown on Supplementary Table 2 in the pv100K column. Sidak
multitranscript-corrected empirical P values for the four transcripts where we
carried out 1 million permutations and applied a Sidak correction for the
effects of testing multiple transcripts are given in the pvSIDAK column on
Supplementary Table 2.

Data and biomaterial access. The data files used to generate the analysis for
this paper are available at http://labs.med.miami.edu/myers/. DNA from the
samples used in this screen is available on request through the National Cell
Repository for Alzheimer’s Disease for fine mapping of particular effects http://
ncrad.iv.edu. Details of Illumina chip design are available at http://www.
illumina.com/pages.ilmn?ID=51.

Accession codes. National Center for Biotechnology Gene Expression Omni-
bus: Microarray data have been deposited with GEO accession code GSE8919.

Note: Supplementary information is available on the Nature Genetics website.
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