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ABSTRACT

Despite representing an important source of genetic
variation, tandem repeats (TRs) remain poorly stud-
ied due to technical difficulties. We hypothesized that
TRs can operate as expression (eQTLs) and methy-
lation (mQTLs) quantitative trait loci. To test this we
analyzed the effect of variation at 4849 promoter-
associated TRs, genotyped in 120 individuals, on
neighboring gene expression and DNA methylation.
Polymorphic promoter TRs were associated with in-
creased variance in local gene expression and DNA
methylation, suggesting functional consequences
related to TR variation. We identified >100 TRs as-
sociated with expression/methylation levels of adja-
cent genes. These potential eQTL/mQTL TRs were
enriched for overlaps with transcription factor bind-
ing and DNaseI hypersensitivity sites, providing a ra-
tionale for their effects. Moreover, we showed that
most TR variants are poorly tagged by nearby single
nucleotide polymorphisms (SNPs) markers, indicat-
ing that many functional TR variants are not effec-
tively assayed by SNP-based approaches. Our study
assigns biological significance to TR variations in the
human genome, and suggests that a significant frac-
tion of TR variations exert functional effects via alter-
ations of local gene expression or epigenetics. We
conclude that targeted studies that focus on geno-

typing TR variants are required to fully ascertain
functional variation in the genome.

INTRODUCTION

Repetitive elements represent more than half of the human
genome (1). These include tandem repeats (TRs), stretches
of DNA comprised of two or more contiguous copies of a
motif arranged in a head-to-tail pattern. The length of the
repeated motif is variable and TRs can be classified based
on their motif size: (i) TRs with repeat units of 1–6 bp are of-
ten referred to as short TRs or microsatellites; (ii) minisatel-
lites have DNA motifs ranging in length from 10–100 bp;
and (iii) larger repeats with unit sizes ≥100 bp are termed
macrosatellites. Some macrosatellites can have unit sizes of
several kb and may include entire genes (2), such that large
macrosatellites spanning exons or entire genes are often re-
ferred as multi-copy genes. As a result of errors during repli-
cation or recombination, TRs can gain or lose copies of the
repeated motif and, consequently, many TRs exhibit length
polymorphism with multiple alleles observed at the popula-
tion level. Such mutation events are several orders of magni-
tude more frequent than that seen for other forms of muta-
tion, such as single nucleotide polymorphisms (SNPs) and
copy number variants (3–5). Adding to their high polymor-
phism and mutation rate, TRs are abundant in the genome
of most species. For example, there are over one million an-
notated TRs in the human genome, and as such TRs repre-
sent an abundant source of genetic variation.

Growing evidence supports the functional importance
of TR variation. Analysis of genomes sequenced to date
has revealed that TRs are often located within coding re-
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gions in many species, and that genes with specific biolog-
ical functions are enriched for variable TRs (6). Targeted
studies have revealed several examples of functional TRs
in the human genome, length variations of which can alter
disease susceptibility (7–10). Furthermore, variable TRs in
coding and non-coding regions can modulate quantitative
phenotypes in several other organisms including prokary-
otes (6,11), yeast (12) and dogs (13,14). Additional evidence
of the functional role of TRs comes from their association
with disease. Several dozen human diseases are caused by
large repeat expansions in either coding or non-coding re-
gions (reviewed by (6)). Although the pathogenic effect of
TRs has mostly been studied in humans, examples in other
vertebrates (15,16) and plants (17) also exist.

Despite their biological relevance, TRs have been poorly
studied, largely due to technical difficulties in their char-
acterization resulting from their repetitive and multi-allelic
nature. Even with the advent of high-throughput genotyp-
ing technologies all but the largest TRs cannot be effectively
assayed by oligonucleotide probes, and are typically ex-
cluded from microarray designs. Similarly, short-read next-
generation sequencing approaches usually fail to capture
TR variations when standard mapping and variant calling
pipelines are used, as their repetitive and highly polymor-
phic nature means that reads mapping to these regions of
the genome are typically discarded. The problem of geno-
typing TR variations by short read technologies is com-
pounded by the need for reads to completely span a repeat
tract and have sufficient anchoring sequence at both flanks
in order to be informative. Therefore, with currently used
read lengths only smaller TR loci can be assayed with next-
generation sequencing (18). As a result of these technical
difficulties in their characterization, TRs are generally ig-
nored in most studies of genetic variation, including GWAS.
In the past few years new approaches for effectively geno-
typing repetitive elements using direct visualization, digital
profiling and sequencing-based approaches have been de-
veloped (19–28), enabling their systematic characterization
in the genome (29–32).

In spite of the challenges, studies of TRs are highly rel-
evant given their abundance and functional associations.
Previously, we characterized large TRs (repeat unit sizes >1
kb) including macrosatellites and multi-copy genes, charac-
terizing their evolution and functional impact in humans
and non-human primates (25). Here we complement our
previous study by focusing on smaller TRs (unit sizes rang-
ing from 1–45 bp) with the aim of assessing their functional
impact in the human genome. Specifically, we aimed to iden-
tify functional TRs by searching for variations in repeat
length that alter local gene expression and DNA methyla-
tion.

We first genotyped TRs located in gene promoters in the
HapMap population using a targeted sequencing method-
ology (22) (Figure 1A), restricting our analysis to promoter-
associated TRs with the assumption that these are more
likely to exert effects on nearby gene activity. We then
performed cis-association analysis to identify expression
(eQTLs) and methylation (mQTLs) quantitative trait loci
(Figure 1B) and analyzed their overlap with regulatory re-
gions (Figure 1C). Finally, we investigated the extent to
which SNP-based approaches can be used to tag potentially

functional TR variations by estimating the degree of link-
age disequilibrium (LD) between TRs and flanking SNPs
(Figure 1D).

MATERIALS AND METHODS

Targeted sequencing of promoter-associated TRs

We used a previously published method using capture and
high-throughput sequencing (22) to genotype 7851 TRs lo-
cated in gene promoters in a total of 120 HapMap indi-
viduals of European (58 CEU individuals) and African (62
YRI individuals) ancestry (Figure 1A). Genomic DNA for
these samples was extracted from lymphoblastoid cell lines
(LCL). We defined promoter TRs as those TRs identified by
the Tandem Repeats Finder algorithm (33) located within
±1 kb of the transcription start site (TSS) of a RefSeq
gene annotated in the hg18 assembly of the human genome.
Briefly, the method uses a custom Nimblegen EZ Capture
system to enrich the genomic sequence flanking, and some-
times including, the target TRs to be genotyped prior to se-
quencing using an Illumina Hiseq2000 instrument. We mul-
tiplexed 24 individuals per sequencing lane and utilized 100
bp single-end reads.

Repeat length genotyping and quality assessment

RepeatSeq was used to determine genotypes for TR length
(21). Reads were mapped to hg18 with Novoalign (http:
//www.novocraft.com/main/downloadpage.php) using pa-
rameters tolerant of indels, and only reads spanning the en-
tire repeat and several flanking bases are used by Repeat-
Seq to predict the length of the two alleles at each TR that
make an individual’s genotype. In our set of 7851 TRs geno-
typed in 120 HapMap individuals, the number of flanking
bases (the sum of both flanking ends, calculated as the read
length minus the predicted repeat length) per genotyped TR
allele had a mean of 62bp (5th percentile 28 bp, 95th per-
centile 74 bp). While our capture design targeted all an-
notated promoter-associated TRs irrespective of their total
length or unit size, we were able to obtain genotype calls
for 4849 of the targeted TRs in at least one individual (unit
sizes ranging from 1–48 bp, median unit size 7 bp) (Supple-
mentary File S1). To assess the quality of RepeatSeq geno-
types generated by targeted sequencing, we compared them
to genotypes generated by lobSTR as part of a catalog of
TR variation in the 1000 Genomes Project based on low
coverage whole-genome sequencing (29). We converted TR
coordinates to hg19 using the liftOver tool and intersected
loci with the lobSTR hg19 reference using BedTools inter-
sectBed (34). Only loci annotated with the same motif and
repeat tract length in both reference sets were included in
the comparison, leaving 2603 distinct TRs with repeat mo-
tif lengths of 2–6 bp. Of these, 1381 loci were called in at
least one overlapping sample in both datasets spanning 82
893 total genotype calls for comparison.

Gene expression and DNA methylation data

We used previously published RNA-seq gene expression
data for 60 CEU (35) and 69 YRI (36) HapMap sam-
ples (GEO accession codes GSE25030 and GSE19480, re-
spectively). RNA-seq for the CEU samples was expressed
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Figure 1. Scheme of the TR genotyping strategy and downstream analyses. (A) Illustration of the TR targeted sequencing approach. Oligonucleotide probes
are designed to hybridize and capture the genomic DNA of a promoter-associated repeat. After sequencing, only reads which span the entire repeat and
have sufficient anchoring sequence at both flanks are informative and considered for genotyping, while other reads are discarded. TR length genotyping is
performed using RepeatSeq (21). (B) For TR:gene and TR:CpG pairs separated by <100 kb we calculated Rho values between mean TR genotypes and (i)
transcript expression levels derived from normalized RNA-sequencing (RNA-seq) data, (ii) CpG methylation levels derived from normalized microarray
data. (C) To assess their functional impact, TRs were overlapped with functional elements such as transcription factor binding sites (TFBS) and DNaseI
hypersensitivity sites (DHS). (D) In order to assess how effectively SNP arrays can tag TRs, we assessed levels of LD between TRs and flanking SNPs.

as reads per kilobase per million (RPKM). Short tran-
scripts with low read counts can result in excessively ele-
vated RPKM values. Therefore, we instead expressed RNA-
seq data in reads per transcript per million (RPTM) using
transcript lengths from the GENCODE Genes annotation,
available for the hg19 version of the human genome as-
sembly and downloaded from the UCSC Genome Browser
(37); because our TR dataset was based on hg18 we pre-
viously lifted over gene transcript coordinates into hg18.
To select transcripts showing variation in gene expression
across samples, we log2-transformed RPTM values and se-
lected those with median value across the 60 CEU samples
greater than zero, leaving approximately one-third (50 716
transcripts) of the initial number of transcripts. On the other
hand, YRI RNA-seq data was expressed as read counts per
exon. To make data comparable between CEU and YRI
datasets, we used the 50 716 gene transcript models retained
in the CEU dataset to calculate RPTM in YRI samples: for
each sample and transcript we aggregated read counts from
exons comprised within the genomic coordinates of that

transcript and normalized by millions of reads in that sam-
ple. RNA-seq data for YRI samples was generated in dupli-
cate (referred to as ‘YRI Argonne’ and ‘YRI Yale’ sets). We
calculated RPTM values in these two data sets separately
and, as done for CEU transcripts, we selected transcripts
with non-zero median expression across samples (44 591
and 44 513 transcripts in Argonne and Yale, respectively).
In subsequent analysis we used 44 381 gene transcripts with
non-zero median expression in either dataset.

We used PEER (38) to account for sources of variation in
gene expression measures (e.g. batch effects, environmen-
tal variables) that can confound eQTL association analy-
sis. Briefly, PEER first infers hidden covariates influencing
gene expression measures as well as their weight. PEER
then subtracts the component of the hidden covariates and
produces a residual gene expression matrix that can be used
for association analysis. We applied PEER to each of the
three RNA-seq datasets independently (i.e. CEU, YRI Ar-
gonne and YRI Yale). RNA-seq data was log-transformed
(RPTMtransformed = log2(2 + RPTM)) and we allowed PEER
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to fit 15 hidden covariates and account for the mean expres-
sion; all other inference parameters were used as default. We
noted that 11 of the 69 YRI individuals had two technical
replicates in both the YRI Argonne and YRI Yale datasets,
and we only retained that replicate with the highest sequenc-
ing read depth. We observed a high concordance across
samples in the expression residuals produced with PEER
for YRI Argonne and YRI Yale (Supplementary Figure S1)
and, therefore, we averaged expression residuals from the
two datasets for the subsequent analyses. Of the 58 CEU
and 62 YRI individuals genotyped in our study, RNA-seq
data was available for all individuals (Supplementary Table
S1).

We used published DNA methylation data (39) from 133
HapMap samples (60 CEU and 73 YRI) assayed with the Il-
lumina Infinium HumanMethylation 450 BeadChip (GEO
accession code GSE39672), which measures DNA methy-
lation levels, expressed as �-values, at ∼482 000 individ-
ual CpGs. Data were first normalized and probes filtered
(25), and samples with both DNA methylation data and TR
genotypes were selected for subsequent association analysis
(Supplementary Table S1).

Comparison of TR polymorphism and population variation in
gene expression and DNA methylation

For gene expression, we calculated the per-transcript vari-
ance of the PEER-normalized gene expression values in
samples of the same population (CEU or YRI). After ex-
cluding those genotyped TRs with >50% missing genotypes
and those on chrX, we partitioned transcripts into those
which had a TR within ±1 kb of their TSS and those that
did not; the former were further classified into transcripts
with an TR within ±1 kb of their TSS with non-modal
allele frequency (NMAF, calculated as one minus the fre-
quency of the major allele) greater than 0, 5, 10, 25 and 50%.
For each NMAF distribution we tested whether its median
was greater than the null expectation through permutation
analysis: (i) from all N transcripts in which we calculated
the population variance we randomly selected n transcripts,
where n is the number of transcripts in a given NMAF cat-
egory; (ii) we calculated the median population variance of
the random sample and compared to the true median value
of the distribution; (iii) the previous two steps are repeated
a total of 1000 permutations an empirical P-value is cal-
culated as the number of permutations in which the per-
muted median exceeds the true value. The sample analysis
was performed for DNA methylation using instead the per-
transcript variance of the normalized �-values in samples
of the same population (CEU or YRI).

Cis-association analysis of TR lengths with gene expression
and methylation levels

For the CEU and YRI populations separately, we calcu-
lated Spearman Rho values between population values of
TR length and per-transcript PEER-corrected RPTM gene
expression values for TR:transcript pairs that were sepa-
rated by <100 kb. We converted heterozygous TR geno-
types to an average genotype of the length of the two alleles
prior to calculating the correlation. To exclude TRs with

low quality or low levels of polymorphism, we only used
TR loci with genotypes available in ≥50% of individuals and
with NMAF ≥10%. To avoid the potential confounder of X
chromosome inactivation in females, we also removed TRs
located on the X chromosome. These filters resulted in a fi-
nal set of 1198 promoter-associated TRs that were used in
the final association analyses. In each population we cor-
rected nominal Rho P-values for multiple testing through
permutations. For each TR:transcript pair, gene expression
values were randomized and the correlation between these
and the actual TR lengths was calculated; after repeating
the randomization 1000 times, corrected P-values were cal-
culated as the number of permutations that produced a cor-
relation value greater, in absolute terms, than the actual
Rho value. We calculated the Rho values between popula-
tion values of TR length and methylation beta-values for
autosomal TR:methylation probe pairs separated by <100
kb in the CEU and YRI populations separately. We treated
heterozygous genotypes and filtered TRs as described above
for the association analysis with gene expression data. We
carried out multiple-testing correction through permuta-
tions as described above.

Distributions of TR:transcript and TR:CpG distances

For the TR:transcript pairs included in the correlation anal-
ysis we calculated the distance between the midpoint of the
TR (calculated using the start and end coordinates as anno-
tated in hg18, that is, without using the actual range of al-
lele lengths seen in our data) and the transcript TSS. We split
TR:transcript distances into two mutually exclusive groups:
(i) corresponding to a Rho values significant (nominal Rho
P < 0.05) in any of the two populations (CEU or YRI) (i.e.
nominally significant) and (ii) corresponding to a Rho val-
ues not significant in any of them (i.e. non-significant), and
in each group we generated the distribution of TR:probe
distances using bins of 1 kb. We proceeded in the same
way to generate the distribution of TR:CpG distances, mea-
sured between the midpoint of the TR and the methylation
probe tagging the corresponding CpG site. In the distribu-
tions of both TR:transcript and TR:CpG separations, we
anticipated a higher relative frequency of small distances.
This was because (i) our experimental design targeted TRs
within 1 kb of the gene TSS, and (ii) the array used to gen-
erate the DNA methylation data has a higher coverage of
CpG sites located within or nearby gene promoters. To ac-
count for this, we calculated the enrichment of significant
correlations in each 1 kb bin as the difference between rela-
tive frequencies in the significant and non-significant distri-
butions. In addition, we tested whether the calculated 1 kb
enrichment values were greater than expected by chance as
follows: in each type of data, we randomly split TR:TSS (or
TR:CpG) distances into the two mutually exclusive signifi-
cant and non-significant groups, keeping their sizes as in the
true data, and calculated the permuted enrichment ratio; af-
ter repeating the randomization 1000 times, in each 1 kb
bin we computed the permutation P-value for the true en-
richment value as the number of permutations in which the
permuted enrichment ratio was higher than the true value.
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Overlap of promoter-associated TRs with TFBS and DHS

We downloaded predicted transcription factor binding sites
(TFBS) in LCLs from http://centipede.uchicago.edu/ (pos-
terior P > 0.99, with overlaps) (40). Because coordinates
in this dataset correspond exclusively to the DNA motif
that is recognized by the transcription factor, we extended
these TFBS coordinates by ±10 bp the start and end of the
TFBS genomic coordinates in order to be more inclusive.
We downloaded from the UCSC Genome Browser the ge-
nomic coordinates of ENCODE DNaseI hypersensitivity
sites (DHS) in the HapMap sample GM12878 (41). Since
both TFBS and DHS were annotated in the hg19 human
genome assembly we lifted the coordinates over to hg18.
For each type of TR length correlation (i.e. with gene ex-
pression and with DNA methylation) and for each type of
functional element (i.e. TFBS and DHS) we proceeded as
follows. First, we filtered correlation values to only select
those involving TRs with <5% missing genotypes in either
population which were located within 5 kb of the gene TSS
or methylation probe used in the calculation. We split the
remaining correlation values into two mutually exclusive
groups: (i) Rho values with nominal P < 0.05 in any of the
two populations (CEU or YRI) (referred to as ‘significant’)
and (ii) Rho values not significant in any of them (referred
to as ‘non-significant’). After intersecting the genomic co-
ordinates of the significant and non-significant TRs with
those of the corresponding set of functional elements, we
calculated the frequency of overlap in each category (Sup-
plementary Table S2).

Linkage disequilibrium analysis

HapMap Phase II SNP genotypes for CEU and YRI indi-
viduals were downloaded (release 24, http://hapmap.ncbi.
nlm.nih.gov), and SNPs with minor allele frequency <0.05,
Hardy Weinberg Equilibrium (HWE) P < 0.05 or tri-allelic
states were removed. After excluding TRs with NMAF <
0.05 (i.e. TRs in which the frequency of the major allele is
>95%), we selected TR:SNP pairs separated by <250 kb,
provided that the frequency of genotyped SNP and TR al-
leles in the pair was >75%. Variants were first phased us-
ing Beagle version 3.3.2 (42) with 1000 iterations, and af-
ter converting SNP genotypes to numerical format, for each
TR:SNP pair we calculated the Pearson correlation between
SNP and TR genotypes to derive the coefficient of determi-
nation (r2).

RESULTS

Genotyping of promoter-associated TRs by targeted sequenc-
ing

In order to characterize repeat length variation in promoter-
associated TRs, we used a recently developed targeted se-
quencing methodology (22), which overcomes many of the
technical difficulties in genotyping TRs. Briefly, the first step
involves targeted enrichment of the genomic regions to be
sequenced. Here we focused on TRs in gene promoters, rea-
soning that these are more likely to have a functional im-
pact on gene activity. We defined promoter-associated TRs
as those within ±1 kb of the TSS of RefSeq genes anno-
tated in the human genome (Figure 1A). In total we targeted

7851 TRs with our assay, identifying 31% of RefSeq genes as
having a promoter-associated TR. We then performed en-
richment and sequencing of this set of promoter-associated
TRs in 120 HapMap individuals with European (58 CEU
samples) and African (62 YRI samples) ancestry (Supple-
mentary Table S1). Using 100 bp Illumina reads, we multi-
plexed 24 individuals per sequencing lane, achieving a me-
dian coverage of 47× informative spanning reads per TR.
Finally, we produced personal TR genotypes using Repeat-
Seq, a microsatellite variant caller for Illumina sequencing
(21). After mapping of the reads using an aligner tolerant of
indels, RepeatSeq uses aligned reads spanning the entire re-
peat length to determine genotypes for the two TR alleles in
each sample. Supplementary File S1 contains the genotypes
of the 7851 TRs for the 120 HapMap individuals. After fil-
tering to retain those loci successfully genotyped in ≥50%
of samples, we obtained genotype data for 3600 promoter-
associated TRs (Supplementary Figure S2).

To measure the quality of our set of repeat length geno-
types, we compared them to genotypes generated by lob-
STR as part of a catalog of TR variation in the 1000
Genomes Project (29) (Supplementary Figure S3). We
found that mean TR length was significantly correlated
across datasets (r2 = 0.53, P-value smaller than the numer-
ical precision of Python). Overall, 57% of TR calls showed
concordant genotypes. Consistent with our previous analy-
sis (22), the majority of discordant genotypes occurred at
dinucleotide repeats that differed by a single repeat unit
(Supplementary Table S3), with TRs with motif lengths >2
bp yielding 79% concordant genotypes. Furthermore, 43%
of errors could be attributed to loss of one allele at heterozy-
gous loci in the lobSTR calls, most likely due to the low
sequencing coverage of the 1000 Genomes Project. Overall
we conclude that TR genotypes generated by our targeted
sequencing approach are generally robust.

Effects of TR polymorphism on local gene expression and
DNA methylation

We hypothesized that polymorphic TRs can act as func-
tional elements by altering gene expression and DNA
methylation in the local vicinity. We took advantage of the
fact that HapMap individuals included in this study had
been previously characterized for gene expression through
RNA-seq (35,36) and DNA methylation by microarray (39)
experiments (Supplementary Table S1).

In order to gain global insight into functional effects of
variation in promoter TRs, we first analyzed variance of
gene expression and DNA methylation levels for genes lack-
ing TRs within their promoters compared with those that
have polymorphic promoter TRs. We found that genes with
a promoter-associated TR showed significantly higher vari-
ation in both expression and DNA methylation levels, and
that this effect was more pronounced for genes with highly
polymorphic promoter TRs (Figure 2). Although this ob-
servation does not establish causation between repeat vari-
ation and changes in expression or methylation, it suggests
that TR polymorphisms contribute to local variation in
gene activity and epigenetics.

To address this question, we performed association stud-
ies to identify specific TR variations that correlate with
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Figure 2. Increased expression and methylation variation associated with
polymorphic TRs. Distributions of variance in local (A) gene expression
and (B) DNA methylation levels for CEU (light gray) and YRI (dark gray)
samples based on increasing rates of TR polymorphism. NMAF refers
to the non-modal allele frequency, the aggregated frequencies of all alle-
les other than the most common. To the right of each plot the number of
genes in each category is indicated in parentheses, while asterisks indicate
a significant difference of the median from the null distribution, as inferred
through permutation analysis (*P < 0.05; **P < 0.01; ***P < 0.001). In
the top panel (variance of gene expression), to allow for meaningful com-
parison in a single plot we normalized the ranges of values in CEU and
YRI by dividing each by the median value of genes with no promoter-
associated TR. In each figure the vertical gray line indicates the median
value for the ‘No TR’ category. TR:gene and TR:CpG pairs were based
on a separation of ≤1 kb.

changes in local gene expression and DNA methylation lev-
els. To identify potential eQTLs and mQTLs we calculated
pairwise Spearman correlations (Rho) between TR geno-
types and expression levels for TR-transcript pairs in which
the repeat was closer than ±100 kb of the TSS of the gene
(Figure 1B), calculating correlations in CEU and YRI indi-
viduals separately. Of the 10 489 TR-transcript pairs (Sup-
plementary File S2), 421 correlations corresponding to 183
unique TRs were significant in either CEU or YRI after
correcting for multiple testing through permutation (Sup-
plementary File S3). Eight of these putative 183 eQTL TRs
(∼5%) were detected in both CEU and YRI populations
and consistently showed the same effect on expression lev-
els (Supplementary Table S4). For instance, we found an 11
bp repeat in which population values of TR length and gene
expression were positively correlated in both CEU and YRI

individuals, yet only in the former the correlation Rho value
was significant (Figure 3A and B). This multi-allelic TR
lies in the promoter region of the NFE2L1 gene [GeneBank
Gene ID: 4779], in a region containing multiple regulatory
elements (Figure 3C). In addition, we observed that methy-
lation of NFE2L1 [GeneBank Gene ID: 4779] is also corre-
lated with length variation of this TR:methylation levels at
the CpG sites located in the promoter of this gene decrease
with increasing number of copies of the 11 bp repeat (Sup-
plementary Figure S4).

In the mQTL association analysis we calculated corre-
lation Rho values between repeat lengths and methylation
�-values for all TR:CpG pairs separated by ≤10 0kb (Fig-
ure 1B). Of the 88 492 TR:CpG pairs (Supplementary File
S4), 3694 correlations corresponding to 463 unique TRs
were significant in at least one of the two populations af-
ter correcting for multiple testing (Supplementary File S5).
However, only 39 of these 462 loci (∼8%) were detected in-
dependently in both the CEU and YRI populations and
with consistent directionality in the two groups (Supple-
mentary Table S4). We found a TR located downstream of
the TRIP11 gene [GeneBank Gene ID: 9321] in which the
number of tandemly repeated copies of a TGTT motif cor-
relates with methylation levels at the promoter of this gene.
Although this correlation only remained significant after
multiple-testing correction in CEU individuals, the same
trend was also observed in YRI samples (Figure 4). We also
observed a weak correlation of TRIP11 [GeneBank Gene
ID: 9321] expression levels with this same TR in CEU sam-
ples (Rho = −0.26, nominal P = 0.05). TRIP11 [GeneBank
Gene ID: 9321] encodes for the thyroid hormone receptor
interactor 11 protein, which acts as a co-activator of tran-
scription activity. Intersection of TRs scored as significant
mQTLs and probes on the Infinium 450 k array used to in-
terrogate methylation levels of each CpG showed that only
13 of the 463 mQTL TRs (2.8%) directly overlap with the
methylation probe, indicating that probe:TR overlaps do
not significantly influence our results.

Overall, we observed a strong concordance for TRs that
were significant eQTLs to also be mQTLs. Between 90
and 96%, depending on the population compared, of TRs
scored as eQTLs were also significantly associated with
changes in local DNA methylation levels (Supplementary
Figure S5). We performed gene ontology analysis to search
for functional annotation terms enriched among genes as-
sociated with eQTLs and mQTLs using GOrilla (http://cbl-
gorilla.cs.technion.ac.il/), but did not detect any significant
enrichment.

We investigated the characteristics of functional TRs,
comparing the frequency of motif length and sequence for
TRs scored as significant QTLs (either eQTLs, mQTLs or
both) to TRs that were non-significant QTLs. Grouping
TRs by motif length (Supplementary Table S5) indicated
a strong positive relationship of the size of a TR unit on
propensity to be a QTL, with TRs with motif length ≥4
bp being overall 3.4-fold more likely to act as QTLs com-
pared to TRs with shorter dinucleotide motifs (P = 4.3 ×
10−23, Fisher’s Exact Test). Considering motif lengths with
at least 30 occurrences in the set of 1198 TRs that were used
in our association analyses, we observed suggestive evidence
for a linear relationship between motif length and odds ra-
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Figure 3. Identification of a TR eQTL associated with expression of NFE2L1. In (A) CEU and (B) YRI populations, scatter plots of TR length geno-
types against gene expression values inferred from RNA-seq for the ENST00000361665 transcript of the NFE2L1 gene [GeneBank Gene ID: 4779];
RPTM correspond to reads per transcript per million of reads after PEER normalization (see ‘Materials and Methods’ section). Shown are the Rho val-
ues with P-values corrected for multiple testing through permutations and the best linear fit of the data (trend line). (C) The CCGCCAACGTT repeat
(chr17:43,479,993–43,480,025, hg19) (blue star) is located upstream of the NFE2L1 gene [GeneBank Gene ID: 4779] and overlaps a predicted DHS.

tio for TRs to act as a QTL (Supplementary Figure S6), al-
though this did not reach statistical significance (r2 = 0.54,
P = 0.16). We then searched for specific TR motifs that were
associated with probability of being a significant QTL. We
first grouped motifs that were the same when inverted or
reverse complemented (e.g. AC, CA, GT and TG were con-
sidered as a single motif) and then calculated relative en-
richment for each motif that was represented ≥10 times in
the dataset (Supplementary Table S6). Results indicate that
TRs comprised of AAC, AAAC and AAAT motifs were sig-
nificantly over-represented among significant QTLs, while
AC dinucleotide TRs were significantly under-represented.
However, it is possible that the enrichments for these spe-
cific TR motifs may simply reflect the underlying relation-
ship between motif length and probability of being a QTL.

Previous work indicates that the majority of SNPs that
act as eQTLs are preferentially located close to the TSS
of the gene they regulate (43). Similarly, SNPs that act as
mQTLs tend to be located close to the CpG sites that they
are associated with (44). We therefore analyzed the dis-
tribution of separation between significant TR:gene and
TR:CpG pairs relative to the background. We first gener-
ated a null distribution of TR:TSS and TR:CpG pairwise

distances from those TRs which had no significant associa-
tion with gene expression and DNA methylation, respec-
tively (Rho nominal P > 0.05 in both CEU and YRI),
and compared this to TRs with nominal evidence of eQTL
or mQTL activity (P < 0.05 in at least one of the two
populations). We observed a significant enrichment for TR
eQTLs and mQTLs within ±1 kb of their target compared
to the null (permutation P < 0.05) (Figure 5). This preferen-
tial co-localization of functional TRs with their associated
TSSs/CpGs is consistent with the hypothesis that some TR
variants influence local levels of DNA methylation and gene
expression.

Overlap of TRs with regulatory elements

Previous analyses have identified thousands of SNPs that
affect nearby chromatin accessibility, a genomic mark of
regulatory potential, and that such SNPs often also act
as eQTLs (45). Reasoning that functional TR variants
that alter the expression and methylation patterns of adja-
cent genes would preferentially overlap regulatory elements,
we investigated the co-localization of our TR eQTLs and
mQTLs with TFBS and DHS. Consistent with this hypoth-
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Figure 4. Identification of an TR mQTL affecting methylation at TRIP11. Scatter plots of population values of TR length against methylation values of
probe cg14294158 in (A) CEU and (B) YRI individuals. Shown are correlation Rho values with P-values corrected for multiple testing through permutation,
and the best linear fit of the data. (C) Location of the TGTT-repeat (blue star) at chr14:91,484,391–91,484,491, downstream of the TRIP11 gene [GeneBank
Gene ID: 9321].

esis, in each category tested we observed that TRs scored as
significant eQTLs/mQTLs overlapped TFBS and DHS reg-
ulatory elements more frequently than other TRs, although
due to limited sample size this enrichment achieved statis-
tical significance in only two of the four cases (2.3-fold en-
richment for eQTL TRs overlapping DHS, P = 0.02 and
1.9-fold enrichment for mQTL TRs overlapping TFBS, P
= 0.02) (Figure 6). Among those TFBS overlapping with
eQTL and mQTL, none showed a frequency higher than
10% nor was enriched compared to level of overlapping seen
for non-eQTL and non-mQTL loci (data not shown).

Linkage disequilibrium between TRs and SNPs

Given that GWAS utilize SNP markers in an effort to iden-
tify genetic variants that modify disease susceptibility, we
evaluated the extent to which TR variants are ‘tagged’ by
local SNP markers by estimating patterns of LD between
TRs and nearby SNP variants. We first phased TR and SNP
genotypes using Beagle (42), and then calculated pairwise
correlations between TR and SNP alleles (r2) in both the
CEU and YRI populations for all TRs and SNPs separated
by ≤250 kb. We considered the maximum observed r2 for
each TR as a measure of how well its variation could be
captured by local SNP markers (Figure 7). Overall we ob-

served low levels of LD between SNP and TR alleles and
a sharp decay in LD with TR length diversity. In the CEU
population (Figure 7A), even for TRs with only two alleles
there was broad variation in the best TR:SNP correlation:
the median r2 for bi-allelic TRs was 0.65, but some TR loci
were poorly tagged by nearby SNPs. For TRs with more
than four alleles, the best tag SNPs for most of these multi-
allelic variants showed r2 < 0.4. The low LD between TRs
and SNPs was even more pronounced in the YRI individu-
als (Figure 7B). No TR achieved an r2 value >0.60, even
in bi-allelic TRs, and for multi-allelic TRs the median r2

value was <0.2. Overall, these results indicate that most TR
variants, particularly those with multiple alleles, are poorly
tagged by SNP markers.

DISCUSSION

TR variations are often excluded from genomic studies, and
as a result their potential functional impacts are largely
unexplored. Previously, we have demonstrated that copy
number variation of macrosatellites is often associated with
functional impacts on the local genomic environment (25).
In the present study, we hypothesized that repeat length
variation of smaller TRs might show similar functional ef-
fects. To test this hypothesis we profiled repeat length vari-
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Figure 5. TRs that are significant eQTLs and mQTLs preferentially co-localize with their associated target. After first dividing eQTL and mQTLs into
those that were either nominally significant (P < 0.05 in either CEU or YRI, blue outline) or non-significant (P > 0.05 in both CEU and YRI, gray
shading), we plotted the separation of (A) TR:TSS and (B) TR:CpG pairs for the two groups in 1 kb bins. The red line shows the frequency difference
between the non-significant and significant distributions, with the significance of the enrichment determined through permutations (see ‘Materials and
Methods’ section). For both eQTLs and mQTLs, significant associations are enriched for separations of <1 kb. These results mirror those from previous
studies using SNPs, which have shown a strong enrichment for eQTLs occurring in close proximity to the TSS of the associated gene (43), and for mQTLs
to colocalize with their associated CpG (44).

Figure 6. Significant eQTL and mQTL TRs preferentially overlap regulatory elements. We divided eQTL and mQTLs into those that were either nominally
significant (P < 0.05 in either CEU or YRI, black) or non-significant (P > 0.05 in both CEU and YRI, gray), and performed overlaps with high-confidence
TFBS and DHS assayed in LCLs. Significance between pairs of frequencies were calculated with the two-sided Fisher test.
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Figure 7. Decay of LD between TRs and SNPs with TR length diversity. We calculated the LD (r2) between TRs and SNPs separated by <250kb, and after
binning TRs based on the number of observed alleles (x-axis), plotted the maximum r2 observed for each TR in the (A) CEU and (B) YRI populations.
The number of TRs represented in each boxplot is indicated in gray above the x-axis. Horizontal lines correspond to r2 = 0.8 (dashed) and the population
median for all TRs analyzed (solid gray).

ation at thousands of promoter-associated TRs, and per-
formed cis-association analyses with nearby gene expres-
sion and DNA methylation. We found that genes contain-
ing polymorphic TRs in their promoters exhibit higher vari-
ance of gene expression and DNA methylation. This mir-
rors previous observations made among primates in which
genes with polymorphic repeats have increased expression
divergence (31), suggesting a mechanistic link between TR
variation and local genome function. We then identified
∼500 specific promoter-associated TRs linked to changes
in the expression or methylation levels of nearby genes and
thus putatively acting as cis eQTLs/mQTLs. TRs scored
as eQTLs and mQTLs tend to be located close (<1 kb) to
the genes or CpGs that they influence, in agreement with
previous SNP-based studies (43,44). Moreover, our results
suggest that many of these putative cis QTL TRs influence
both gene expression and methylation, with almost all TRs
scored as eQTLs also being identified as putative mQTLs.
Finally, we observed that putatively functional TRs are en-
riched for overlaps with TFBS and DHS, which mirrors
similar observations made for SNPs that are associated with
altered chromatin accessibility and gene expression (45).
Furthermore, by analyzing LD patterns of TRs with flank-
ing SNPs we show that the majority of TRs, particularly
those that are highly polymorphic, are not effectively tagged
by nearby SNP markers.

We hypothesize several possible mechanisms whereby
insertion/deletion of TR units could exert functional ef-
fects on the local genomic environment: (i) the direct ad-
dition or removal functional DNA motifs, such as TFBS,
present within each repeat unit. In support of this notion,
we observed that significant eQTL/mQTL TRs are enriched
for overlaps with TFBS and DHS compared to the null.
(ii) Modification of local DNA/RNA secondary structure.
Pertinent to this, many TRs, particularly those composed
of AT- or GC-rich motifs, are capable of forming stable
structures such as hairpins and G-quadruplexes via intra-
molecular base pairing. In some cases the modulation of
these secondary structures has been shown to have func-
tional consequences (46). (iii) Epigenetic modification of
the local region, for example through changes in CpG con-
tent. Such mechanisms are known to operate in the case of
some triplet repeat diseases such as Fragile X, where ex-
treme expansions of a CGG repeat become highly methy-
lated, resulting in local transcriptional suppression (47).
(iv) Altered spacing of cooperative elements that function
optimally at certain separation. This mechanism has been
shown to operate in bacterial promoters, where expansion
and contraction of promoter-associated TRs can be asso-
ciated with altered mRNA levels (48). Similarly in mRNA
splicing, the intronic branch site has an optimal separa-
tion (typically 15–55 bp) from the end of intron for effi-
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cient for lariat formation (49). (v) Alterations of local nu-
cleosome positioning. Nucleosome occupancy is influenced
by the underlying DNA sequence, and the presence of cer-
tain polynucleotides that are commonly observed in TRs,
such as poly(dA/dT) motifs, can modify local nucleosome
occupancy (50). (vi) Modifying the relative spatial orienta-
tion of cooperative motifs on the helical turn of the DNA
strand, where one turn is made every ∼10 bp (51). For exam-
ple, paired protein binding sites may work optimally when
arranged in a specific relative orientation to each other on
the DNA helix (52). These mechanisms are not mutually
exclusive, and we speculate that diverse functional mecha-
nisms likely operate at different TR loci depending on their
specific sequence and genomic context.

The approach used here to assess the effect of TR vari-
ation in the human genome has several limitations. First,
despite the use of specialized approaches, the accuracy of
TR genotyping by targeted sequencing is imperfect (22),
and such errors would create additional noise in our as-
sociation testing, resulting in reduced power. Second, our
use of read lengths of 100 bp creates a limitation that TRs
with a span exceeding ∼80–90 bp cannot be effectively as-
sayed (22). We note however, that our previous analysis in-
dicates that 100 bp reads are sufficiently long to capture the
majority of TR alleles in gene promoters, and that the use
of longer reads provides only marginal increases in geno-
type yields (22). Third, despite that fact that our study gen-
erated genotypes for individual TR alleles, our association
testing utilized averaged TR lengths and linear regression.
This method is conservative, and assumes that any quanti-
tative effects of TR variation are directly proportional to re-
peat length. As a result, more complex non-linear effects of
TR variation on gene expression and epigenetics would not
be accurately modeled, thus potentially reducing the power
of our analysis. In particular, previous in vitro manipula-
tions of TR lengths in yeast have indicated non-linear re-
lationships between the length of promoter TRs and gene
expression levels (53). However, in a discovery setting at-
tempts to model more complex relationships have a strong
likelihood of over-fitting, which would create large num-
bers or false positive associations. Moreover, there may be
other genetic variation between individuals that confound
the link between repeat variation and gene expression or
methylation. For instance, the phenotypic effect of polyg-
lutamine expansions is modified by secondary mutations
in Arabidopsis thaliana (54). Finally, our association anal-
yses utilized a relatively small sample size, with only ∼60
individuals in both the CEU and YRI populations. As a
result, our study has relatively low power, which likely ex-
plains why only a small proportion of the eQTLs/mQTLs
identified were shared across both CEU and YRI popula-
tions (Supplementary Table S4). Given these caveats, and
the fact that our study only analyzed a small fraction of all
TRs in the genome, future studies that assay larger popu-
lations with increased power will be needed to uncover the
full spectrum of functional TR variation in the genome.

If a significant number of TR variants have functional ef-
fects on the genome, what are the chances that these can be
identified in conventional disease-mapping studies? GWAS
typically use dense SNP panels typed using microarrays,
and rely on the notion that putative functional variants will

either be directly interrogated or tagged by genotyped SNPs
that are in LD with the functional variant. However, as a
result, GWAS provide little information on variants that
are not well tagged by the available SNP markers. Our re-
sults provide evidence that TRs have generally low LD with
nearby SNP markers, and that LD is generally lower both
for TR loci with many different alleles and in African pop-
ulations (Figure 7). Considering that the rule-of-thumb is
that variation at one locus can be effectively tagged by a
second marker if these show an r2 > 0.8, our results imply
that many functional TR alleles are not effectively tagged
by SNP-based GWAS approaches. The limited ability of
GWAS to effectively assay genomic variants which are not
well tagged by SNPs has been proposed as a possible expla-
nation for the so-called ‘missing heritability’, that is, the gap
between estimates of heritability and phenotypic variation
explained by loci identified in GWAS studies (55). We pro-
pose that variations of TRs contribute to this phenomenon.

To conclude, here we performed targeted sequencing and
genotyping of thousands of promoter-associated TRs. Our
results suggest that there are potentially thousands of TR
variants in the human genome that exert functional ef-
fects via alterations of local gene expression or epigenetics.
Our results also suggest that conventional SNP-based map-
ping approaches have limited ability to assay many of these
functional TR variants, as repeat length variation is poorly
tagged by nearby SNPs. We conclude that specific studies
that focus on genotyping TR variants are required to fully
ascertain functional variation in the genome.
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