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Abstract

A current challenge in interpretation of Genome Wide Association studies (GWAS) is to establish
the mechanistic links between the measured genotype and observed phenotype. The integration of
gene expression with disease GWAS is emerging as an important strategy for deciphering these
regulatory mechanisms. For renal disease, the availability of both tissue- and disease-specific
expression data makes the strategy a compelling option. In this review, three approaches of
integrating Single Nucleotide Polymorphism (SNP) genotypes with transcriptional regulation are
discussed: (1) interpreting the functional role of transcripts affected by a SNP, (2) identifying the
mechanistic role of non-coding SNPs in regulation, and (3) identifying regulatory candidate SNPs
with expression associations. Combining these strategies in an integrative manner should allow the
discovery of more extensive regulatory information. Linking genetics to systems biology more
directly promises the opportunity to explain how genetic variants contribute to disease in a truly
holistic manner.

1. Introduction

Renal disease presents a unique opportunity to study complex human disease in an integrative
manner. With renal biopsy tissue available for molecular analysis, tissue and disease-specific
gene expression can be used for the analysis and interpretation of kidney-disease-associated
genetic variants, such as single nucleotide polymorphisms (SNPs). In general, a challenge of
Genome Wide Association studies (GWAS) is linking the observed genotype to phenotype
associations with the molecular mechanisms that drive the associations (see Sedor and
Freedman, introduction to this seminar in nephrology issue 12). Measuring changes in genome-
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wide transcript abundance in glomeruli and tubulointerstitial compartments of kidney biopsies
can define the effect(s) of CKD-associated SNPs on transcriptional regulatory mechanisms.
Importantly, coupled analyses of gene expression and genetic variants can define the functional
pathways disrupted in the disease, addressing a major weakness with many of the GWAS
analyses reported to date. GWAS analyses are powered to identify common variants with small
effect in patients with common diseases, and the functional consequences of the identified
variants have remained unclear.

This review describes strategies by which the genetic etiology of nephropathy could be
approached by integrating GWAS and genome-wide expression data. The use of gene
expression profiling in the study of renal disease is an area of active investigation 3->. However
only one publication, a study using kidney function as an indicator of aging ®, integrates renal
expression analyses with genetic association analysis. We anticipate such studies to become
an integral aspect of the efforts to define the impact of kidney disease risk SNPs and/or other
genetic variants on nephropathy phenotypes in the near future. We present three examples in
which the regulatory role of nephropathy-associated genetic variations can be determined: (1)
using pathway analysis to define the functional role of transcript(s), whose expression level is
altered by a SNP, (2) identifying the mechanistic role for non-coding SNPs associated with
nephropathy phenotypes, and (3) identifying candidate regulatory SNPs using genome
expression data from kidney biopsies as a phenotype(s). We focus on renal disease data, where
possible, but draw broadly from many diseases to illustrate opportunities available to
researchers in the field. Finally, we discuss how these strategies can be used in an integrative
manner to generate more extensive and definitive mechanistic information.

It is important to note that we focus on SNPs, but strategies may vary for other types of genetic
variations, such as copy humber variants. Also, our focus is on non-coding SNPs because, first,
these variants have been the most common output from GWAS analysis, and, second, because
their mechanism and function are less well defined than alterations in protein coding regions.

2. Possible Relationships between Transcripts and SNPs

The first two strategies we discuss uses sets of putative risk genes, each of which with some
relationship to a SNP with a disease-association. These putative risk genes or transcripts, which
we will refer to as candidate genes or transcripts, have traditionally been identified from a
disease GWAS SNP using a strategy of guilt-by-proximity, which, in its simplest form,
identifies genes within some base-pair distance of the SNP on the chromosome. loannidis et
al.” give more detail on candidate selection, but the critical point is that genotyped SNPs are
members of a linkage disequilibrium (LD) block, which is defined by the non-random
association of genetic variants at two or more loci. A SNP showing a strong association with
the disease phenotype is merely a representative of a potentially large group of SNPs and every
member of the haplotype block may be the causal variant. Therefore, sets of putative risk genes
identified by proximity can potentially be large. However, while LD blocks may be large on
certain chromosomes for some populations &, they are formed by the stochastic properties of
recombination and so tend to be bounded by loci where recombination frequently occurs. In
addition, these LD relationships are used for genotype imputation 8 prior to association, an
analytic tool that reduces the chance of missing the causal SNP but is limited by the known
SNPs in the mapping population. Another complication is that guilt-by-proximity is based on
the premise that the causal SNP id physically close to the associated variant. However,
proximity may also be based three-dimensional DNA structures, such as transient looping due
to binding of an enhancer °.

Recent studies have demonstrated that mMRNA expression levels vary in both natural and
experimental populations. To explain the genetic basis for the observed variation, Expression
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Quantitative Trait Locus (eQTL) mapping characterizes the genomic variation that regulates
transcript abundance. eQTLs identify putative regulatory associations that help clarify the
relationship between SNPs and gene transcripts (see below for further discussion). However,
they are subject to both LD and correlation among expression probes. We use the terms
proximal and distal when referring to SNP-transcript relationships based on sequence distance,
and cis- and trans-associations to refer to proximal and distal relationships with a confirmed
regulatory effect. Note that a cis- or trans-association is not necessarily causal for the disease
phenotype. A SNP-gene relationship may be determined either using candidate genes identified
via guilt-by-proximity or an eQTL analysis. However, the identification of SNPs affecting
distal regulatory regions with eQTL has yet to be addressed in human disease populations in
a comprehensive manner.

3. Interpreting Impact of Variation on Cellular Function and Disease

The mechanistic effect(s) of a disease-associated SNP may be deduced by understanding the
cellular or tissue function of the transcript(s) it regulates. One approach to this task is to
characterize a group of disease-associated SNPs with functional and/or pathways analysis to
define the mechanisms underlying the associations and link putative risk genes to the disease
phenotype. The premise underlying analysis of gene expression and GWAS datasets is that
renal disease phenotypes manifest renal tissue-specific changes in transcript regulation, and so
the integration of MRNA expression from renal tissue will help focus the analysis. Therefore,
in this setting, we can use differential expression between diseased and unaffected tissue to
identify regulatory pathways and transcriptional mechanisms in a disease- and tissue specific
manner.

We currently envision a sequential strategy (Figure 1) to prioritize candidate transcripts for
further validation. First, disease candidate transcripts are screened for their expression in renal
tissue compartments. Next, differential regulation of transcripts in tissue compartments
involved in disease manifestation could be assessed. After disease regulation is established,
two further strategies to integrate these transcripts in a disease context are possible.

The first strategy uses co-regulation to infer functional roles of the candidate transcript(s).
Following the strategy of guilt-by-association, transcripts strongly co-regulated in both a
disease- and tissue compartment-specific manner with the candidate transcript could be used
to identify putative functional roles for the transcript. An advantage to this approach is that it
does not require a priori functional characterization of the candidate transcript, and has the
potential to provide initial clues on the regulatory pathways associated with a novel gene.
However, the functional mechanism responsible for co-regulation may range from a direct
interaction at the molecular level to alteration in the cellular fabric of the tissues studied.
Therefore, defining experimental validation for these dependencies can be challenging.

The second strategy is to identify the regulation of transcript dependent pathways. If a
functional role of a candidate transcript can be identified from prior biological knowledge, the
presence of the transcript in a functional pathway with disease-associated regulation would
link this pathway to the disease phenotype. This strategy can be particularly powerful if a
transcription factor is targeted by a SNP(s). In this case, promoter regions of differentially
regulated mMRNAs can be screened for the presence of putative or experimentally validated
transcription factor binding sites, which are altered by a GWAS associated SNP. RNAs with
the putative binding site and altered expression in disease can help to further define the
downstream functional consequences of the genetic variant. Differentially regulated MRNAs
targeted by the SNP-associated transcription factor can be evaluated for enrichment in
functional categories, which can establish a link to the phenotype studied in the GWAS (for
description of promoter modeling approaches employed in these studies see 3+°).
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4. Identifying Mechanistic Role of Variations

As discussed earlier, a candidate causal relationship between a variation and a gene is generally
defined by sequence proximity. The underlying assumption for this approach is if a variant
allele occurs more frequently in (disease) cases than in controls and, at the same time, if changes
in gene expression co-occur in the nearby genes, then there is likelihood for causality. The
subsequent research required to determine the putative functional roles a given candidate
susceptibility gene may have in the onset or progression of, or the protection from a disease is
time consuming but necessary for our understanding of the disease pathophysiology. Several
caveats make this a difficult task: candidate SNPs might show similar association with
expression differences in several nearby genes, making the pre-selection of candidate
susceptibility genes difficult. In addition, a variation in a (nearby) gene (partially) responsible
for a disease might only affect protein function and not gene expression itself, or it might affect
gene expression in a different cell-type/organ or under different (patho)-physiological
conditions.

Our focus here is on a strategy to prioritize candidate SNPs proximal to a gene for their potential
to have a cis-effect. Numerous approaches have been conducted to test whether alleles at
polymorphic sites in the 5’ region are able to alter the level of promoter activity. For example,
Giacopelli et al.10 characterized three polymorphic variants of the OPN promoter, and showed
that the haplotype determined the promoter activity and different alleles led to changes in the
transcription factor binding affinity. Predicted transcription factor binding sites were obtained
through in silico methods and confirmed using Electrophoretic Mobility Shift Assays (EMSA).
Consistent with these findings, over-expression of transcription factors with binding
capabilities at the SNP-induced alterations in the promoter activity consistent with others,
providing evidence that allelic variants alter transcriptional regulation through modification of
transcription factor binding sites (recent studies:11-14). We illustrate this approach using a
GWAS analysis of the Genetics of Kidneys in Diabetes (GoKinD) dataset to define
susceptibility genes for diabetic nephropathy (DN) in type 1 diabetes 1° (also see article by
Pezzolesi et al in this issue). Thirteen SNPs were associated with diabetic nephropathy and
were replicated in the Diabetes Control and Complications Trial (DCCT)/Epidemiology of
Diabetes Interventions and Complications (EDIC) cohort. Six of those 13 SNPs were located
in relative proximity to four genes: FRMD3, CARS, CPVL/CHN2. Animputed SNP rs1888747
had the strongest statistical association and is located 1745 basepairs proximal to the first
transcription start site (TSR 340242) of the gene FRMD3. Current knowledge about FRMD3
is limited, confirming the agnostic approach of GWAS; to date, a PubMed search using FRMD3
as keyword only identifies three papers (search date: November, 2009). FRMD3 belongs to a
protein superfamily that shares the highly conserved membrane-association domain FERM
and is defined by the erythrocyte membrane-cytoskeleton linker protein band 4.1. FRMD3 has
been identified as a putative tumor suppressor gene but has not been reported in a diabetes or
renal disease context. With a priori information limited, a strategy of integrating both (a) a
functional context for FRMD3 in DN, and (b) a theoretical model for transcriptional regulation
altered by the SNP rs1888747 could yield sufficient functional insight into the disease-specific
regulation of FRMD3 to allow the generation of testable hypothesis for further experimental
validation.

Genome wide mRNA expression signatures were obtained from 20 protocol biopsy samples
of micro-dissected glomeruli from Pima Indians with type 2 diabetes with and without clinical
signs of DN 16, This population reveals similar minor allele frequencies to the initial GoKinD
population used to establish the association (rs1888747 has a MAF in Pima Indians of 0.26,
and 0.28 in the GoKinD population (personal communication with A.S. Krolewski and M.G.
Pezzolesi)). Using a gene expression data driven approach, transcripts with significant co-
regulation with FRMD3 were identified in the DN glomeruli. FRMD3 co-regulated transcripts

Semin Nephrol. Author manuscript; available in PMC 2011 March 1.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Keller et al.

Page 5

in DN showed significant enrichment in canonical pathways with established functions in DN
(top scoring pathways in Ingenuity Pathway Analysis Software: BMP, IGF-1 and Insulin).

Next, we performed in silico studies to test for the presence of a common, regulatory
transcriptional mechanism shared between the BMP-pathway associated and in DN co-
regulated genes and FRMD3. For this, we used the concept that promoter modules are
responsible for tissue- and disease- specific differential regulation. These modules are
characterized by a set of two or more transcription factors in the same relative order and spacing
working in concert in a defined functional context. This approach has been used to define co-
regulated podocyte slit diaphragm specific transcripts and NF-kB dependent networks in DN
(for a detailed discussion of this approach see 3:°).

A systematic computational search of transcriptional frameworks among the promoter regions
of the 8 co-regulated BMP pathway members and FRMD3 identified a common module of
four transcription factor binding sites. To test the model for enrichment in BMP pathway
members, the search window in the promoter region was extended to cover the same distance
as seen in the DN associated SNP 1888747 in the FRMD3 promoter (1745 base pairs proximal
of the first transcription start site). With this approach, the conserved transcriptional regulatory
module was found in the promoter sequence of four additional BMP pathway members
(BMPR2, CREBBP, PITX2, RAF1). This example illustrates that the definition of
transcriptional regulatory patterns can help prioritize allelic variants for experimental
validation of their influence on transcriptional regulation. Based on these in silico predictions,
strategies for experimental validation can be developed to expand these associations towards
conditional dependencies.

5. Associating Variation with Regulation

The final strategy we discuss is the association of genetic variation and expression levels,
otherwise known as expression Quantitative Trait Loci (eQTL). These associations are
computed using standard QTL approaches 17 generally using normalized transcript expression
levels, derived from tissue-specific or disease-specific microarray experiments using biologic
samples from the genotyped population. Quantitative traits have a long history in plant genetics
going back to Mendel, with recent initial efforts in “systems genetics” focused on
Arabidopsis®22, However, eQTL analysis has been increasingly applied in the interpretation
of human disease GWAS (see Cookson et al.1” for examples).

While disease GWAS with a thousand to two thousand subjects tend to be underpowered,
tissue- or disease-specific eQTL studies tend to be severely underpowered, sometimes with
subjects numbering fewer than one hundred and analysis requiring huge numbers of hypothesis
tests that require correction for multiple comparisons 17. (For instance, an all-against-all
association of Illumina RefSeq-8 probes with 2 million imputed SNPs, yields around 46 billion
association pairs.) While eQTL power can be improved by considering non-genetic factors
affecting expression 23, the power issue is unlikely to be resolved by increasing the number of
subjects due to issues with the collection of tissue for expression, and so care is needed in
formulating hypotheses. (See 23 for a discussion of power in QTL studies.) One way this
challenge has been addressed to perform eQTL analysis over a set of transcripts prioritized by
some other approach — the recent publication on kidney aging by Wheeler et al.® is an example.
Another approach is to consider proximal and distal associations separately, and to recognize
that trans-acting variations will tend to regulate specific biological pathways.

Proximal associations are candidates for cis-acting SNPs, though many also affect intronic or
downstream enhancers or repressors. Proximal associations are computed using standard QTL
algorithms, and proximity is determined by distance from the expression probe, though care
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is required in the case of large genes 24. For instance, we might call proximal any SNP within
one kilobase of the probe, which might miss the promoter region for a gene that is longer than
a kilobase. For these genes, we need to extend the definition based on the gene (or, better,
transcript), and add associations for all probes for that gene. Veyreyas et al.2> also consider a
novel strategy of splitting the proximal region of a gene into buckets.

Distal (called trans in the literature) associations are those not covered by the definition of
proximal. However, trans-SNPs identified by an eQTL often associate with several genes
(called a trans-hotspot)19:26, These hotspots presumably correspond to associations with co-
regulated transcripts, suggesting these SNPs affect a, so-called, master regulator of a regulatory
subsystem. Therefore, a network-based analysis is appropriate, and approaches that build
networks before, during and after the eQTL analysis have all been proposed.

Associations with prior networks are computed by first building a collection of moderately
small networks of transcripts, and then computing the association either with an aggregate
expression level for each network, or some form of multi-trait analysis 19:20:27_ For instance,
we might base our networks on metabolic pathways, in which case we would partition the
transcripts first by pathway, and then keep edges that correspond to high positive correlations
of expression intensity. We can also build networks based solely on the correlation between
expression probes, and use a sufficiently high threshold on the correlation to form subnetworks
for the association.

An alternative is for the association algorithm to compute the subnetworks during the
computation. For instance, in the algorithm by Kim and Xing 28, the correlation network of
expression probes is constructed, given to the algorithm, and the algorithm computes the
subnetworks with the best association with the genotype. Lee et al.2% use a similar strategy,
but also integrate evidence of functional relationships of transcripts. These approaches are less
dependent on the definition of the prior network, and may be more likely to find new
relationships.

Posterior networks are computed after the eQTL analysis, and so may suffer from issues of
statistical power that do not apply to analyses based on prior networks. Early approaches to a
posteriori network construction 18:30 use functional annotations to construct putative
regulatory networks from the eQTL associations. More recent work (e.g., Aten et al.3! and
Kang et al.32) construct probabilistic causal networks by inferring regulatory relationships
among transcripts from expression probe correlation and the strength of SNP-probe
associations.

These approaches give us putative regulatory associations that could potentially be used to
explain disease phenotype associations with genetic variants identified by GWAS 24:33,
However, naive matching of associations from eQTL analysis and GWAS may not properly
capture regulatory causality. Schadt 34 uses a model of causality that relates genotype to
transcript and disease phenotype in one analysis, and has applied this approach in several
studies 35738, This model allows the analysis to identify regulatory associations that also are
putatively causal, which can better focus follow-up analysis and confirmatory experimentation.
The approach of systems genetics would similarly allow identification of regulatory
associations that also explain QTL for protein abundance or metabolite levels 22 as a further
step toward understanding associations with the molecular mechanism of the disease
phenotype.
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6. Conclusions

The integration of gene expression with disease GWAS is an important strategy to deciphering
the regulatory mechanisms leading to disease phenotypes. For renal disease, the availability
of both tissue- and disease-specific expression makes the strategy even stronger.

Though we have described three distinct strategies, we expect the application of a holistic
strategy that captures aspects of all approaches discussed depending on the sources of the
different kinds of data. A situation in which disease phenotype, expression and genotype are
all available from the same individuals presents the optimal opportunity to use a computational
strategy as described by Schadt 34, followed by analysis of proximal associations to prioritize
those more likely to have a cis-effect, and by pathway analysis of affected transcripts to identify
putative functional roles. In the case of the integration of data obtained from different
populations (e.g., expression data obtained from one population being analyzed with genotypes
obtained from an independent population), this strategy will need to be relaxed and, for
instance, combine tissue-specific eQTL analysis with GWAS with suitable statistics from
different populations.

In addition, more sophisticated models will need to be developed that are open to the integration
of additional measures of regulatory activity, such as miRNA levels, post-transcriptional
regulation, as well as epigenetic modifications. Beyond capturing regulation better, we can
also look forward to the use of additional quantitative measurements of cellular, tissue or
disease systems such as protein abundance and metabolites. Linking genetics to systems
biology more directly promises to help explain how genetic variants contribute to disease in a
truly holistic manner.
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Friortzation by Callular Function and Disease
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Figure 1. Linking Genome Wide Association Studies to phenotypes via transcriptional network
analysis

Positional candidate genes are identified in GWAS. Disease specific gene expression
alterations are defined by genome wide mRNA expression profiling of the tissue manifesting
the GWAS phenotype.

GWAS candidates can be prioritized for further analysis using disease specific regulation of
the candidate gene.

The functional impact of the candidate gene on the disease phenotype can be assessed by
defining the disease-associated regulation of canonical pathways with established relevance
of the candidate gene (a priori network). Co-regulation and transcriptional network modeling
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approaches can be used to established de novo disease specific networks potentially impacted
by the candidate gene.
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