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Background: Comparative effectiveness research and research in genomic medicine are not
orthogonal pursuits. Both require a robust evidence base, and each stands to benefit from apply-
ing the methods of the other. There is an exponentially growing literature reporting associations
between single nucleotide polymorphisms (SNPs) and increased risk for diseases such as type
2 diabetes. Literature-based meta-analysis is an important method of assessing the validity
of published gene-disease associations, but a traditional emphasis on exhaustiveness makes
it difficult to study multiple polymorphisms efficiently. Here we describe a novel two-step
search method for broadly yet systematically reviewing the literature to identify the “most-
studied” gene-disease associations, thereby selecting those with a high possibility of replication
on which to conduct abbreviated, simultaneous meta-analyses. This method was then applied
to identify and evaluate the validity of SNPs reported to be associated with increased type 2
diabetes risk, to demonstrate proof of principle.

Methods: A two-step MEDLINE search (1950 to present) was conducted in September
2007 for published genetic association data related to SNPs associated with risk of type
2 diabetes. The top 10 “most-studied” genes were selected for focused searches and final
inclusion/exclusion determinations. To demonstrate the ability to efficiently update this two-
step search for additions to the literature, an update of the second-step search was conducted
9 months later. Abstracted data were sorted based on study design, risk model, and specific
SNPs. Meta-analyses were performed for individual SNPs, with separate analyses done for
case-control and prospective studies, and were compared with the results of more recent
genome-wide association studies.

Results: The first-step search found 1116 articles covering 108 different genes. The top ten
“most-studied” genes were: ABCCS (or SURI), ACE, CAPN10, KCNJI11 (or Kir6.2), HNF1
alpha, HNF4 alpha, IL-6, PGC-1 alpha, PPAR gamma 2, and TCF7L2. The second-step search
found a total of 658 articles, yielding 124 articles for initial data abstraction and analysis. We
also demonstrated the ability to update this search as newer studies appeared, using the same
method almost a year later to find an additional 107 articles (77 were ultimately excluded),
bringing the number of included studies to 154. From these studies, data on 90 different DNA
variants within the ten genes were abstracted. Simultaneous meta-analyses found that higher-
risk alleles for SNPs rs7903146 and rs12255372 in TCF7L2, rs1801282 in PPAR gamma 2,
rs$5219 in KCNJ11, 1s3792267 in CAPNI0, 152144909 in HNF4 alpha, and rs1800795 in IL-6
appeared to be associated with increased type 2 diabetes risk. These findings were generally
highly concordant with the results of traditional literature-based meta-analyses performed for
individual genes.

Conclusions: The methodology described in this manuscript represents a reasonable approach
to more rapidly identifying and evaluating frequently studied genetic-risk markers for diseases

such as type 2 diabetes. Comparison with results of traditional meta-analyses suggests that
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these gains in efficiency do not necessarily come at the price of reduced accuracy. Given the quickening pace of discovery of such mark-

ers, more efficient, unbiased, and readily updatable methods for systematically assessing and re-assessing a changing literature could

prove valuable. Good methods for evidence evaluation are also important to the potential application of genetic markers to comparative

effectiveness research, and vice versa.

Keywords: meta-analyses, genes, inclusion/exclusion, data, genetic risk

Background

It has been a decade since the “first draft” of the human
genome was completed and published.! Genetic and genomic
information have the potential to help tailor risk assessment,
diagnosis, and even therapy to individual biological char-
acteristics, helping to enable the practice of what is often
termed “genomic medicine” or “personalized medicine.”
Comparative effectiveness research (CER) is sometimes
thought of as conventionally valuing only the average benefit
of a given therapy or diagnostic to the average patient, over
entire populations. However, as Sox and Greenfield assert,
CER also extends to “research designed to identify the clini-
cal characteristics that predict which intervention would be
most successful in an individual patient.”> Thus, CER and
research in genomic medicine are not orthogonal pursuits.
As Khoury et al note, both require a robust evidence base to
drive “knowledge-driven practice,” and each stands to benefit
from applying the methods of the other. CER is needed to
rigorously compare outcomes for genome-based care versus
traditional approaches, and genetic and other biomarkers
can help identify the subgroups shown to benefit most from
proven therapies.’

Type 2 diabetes mellitus represents a highly relevant and
important example of a genetically complex chronic disease
that has been a focus of both genomic investigation and CER.
Close to 20 million people currently suffer from diabetes in
the USA, and over a million new cases are diagnosed each
year. These numbers have surged in recent years owing to a
corresponding increase in obesity.* On the other hand, known
risk factors for type 2 diabetes such as obesity are modifi-
able, and studies such as the Diabetes Prevention Program
suggest that diabetes onset can be delayed or prevented if
lifestyle changes are adopted, even among individuals at
higher genetic risk.’

Three waves of discovery research into genetic markers
associated with type 2 diabetes have been described.® The first
wave was characterized by family-based multigenerational
linkage studies searching for genetic loci associated with
inherited forms of diabetes. The second utilized “candidate
gene approaches” to look at the association of single or small
numbers of genes with diabetes, generally in relatively small
case-control studies.

Following completion of the HapMap project — a
“sequel” to the Human Genome Project that cataloged
sites of common DNA variation (called single-nucleotide
polymorphisms, or SNPs) across different populations — a
third wave of discovery emerged, driven by large genome-
wide association studies (GWAS) using large cohorts of
unrelated diabetic and nondiabetic individuals. These
GWAS, made possible by newer DNA genotyping tech-
nologies that can test for hundreds of thousands of SNPs
simultaneously and economically, rapidly accelerated the
search for gene-disease connections in type 2 diabetes,
increasing the number of currently known genetic loci to
as many as 40.°

However, a number of issues have been raised regarding
the clinical utility of positive findings of genetic risks for
complex chronic diseases such as type 2 diabetes.” While
biologically interesting, the increases in risk noted for com-
mon DNA variants are generally small. In addition to clear
differences in methods between older and newer studies,
there has also been great variation in how results have been
reported, further confusing matters. Positive chance find-
ings are not uncommon; thus, the clinical validity of these
associations (on which their utility ultimately depends) rests
on their replication in multiple studies.®’

One traditional approach to evidence evaluation is to
conduct meta-analyses that combine reported results to exam-
ine trends across studies. Virtues of such analyses include
their efficiency versus conducting de novo trials or even
observational studies, their ability to combine data across
studies, and rigor. However, there are inherent limitations in
using exhaustive searches for individual markers to evaluate
associations between multiple genetic variants and risk for
complex chronic diseases.

First, these methods require one to select a priori a par-
ticular SNP-disease association of interest. But, given the
sheer volume of markers that have been and could be studied,
deciding which markers ought to be looked at more closely
itself introduces a detection or attention bias of its own.

Second, one is expected to conduct an exhaustive search
for all published articles that examine this relationship, as
well as any unpublished data that one might gain access
to. The rationale for this practice is due to real concerns
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regarding publication bias with respect to negative results.
In the case of studies of genetic risk for complex chronic
diseases, due to the modest effect sizes generally seen and
very large numbers of subjects required, findings may tend to
be falsely negative. Thus, by insisting on being exhaustive up
front, one may risk biasing reviews towards the inconclusive
results of numerous smaller, underpowered studies; that is,
commit a Type 11, or beta error, failing to see an association
that is real.!

Finally, conducting formal meta-analyses of every
genetic variant that has ever been studied for a given dis-
ease or condition is simply not practical. As chip-based
studies continue in different populations, the number of
new, validated, and contested associations is likely to
continue to grow at a rapid rate.” Complicating matters
is the fact that individual SNPs cannot easily be searched
for in scientific literature databases such as MEDLINE,
which presently only index content at the level of indi-
vidual genes.

At the same time, one would not want to rely on the results
of single studies reporting positive gene-disease associations,
haphazardly selected. There is thus a need for new strategies
to search this literature that are “agnostic” to the identity of
the particular markers one is looking for, relatively efficient
in terms of capturing the range of new markers for which
primary marker-disease association data are being reported,
and systematic in their approach.

In this paper we present a two-step, nondirective and
updatable search strategy for identifying which genetic
polymorphisms have been “most-studied” for an association
with risk of type 2 diabetes. Our objective was to identify
associations that had been replicated multiple times in a way
that was comprehensive yet efficient, broad in coverage (ie,
covering many markers at once, or “multiplex”), and capable
of maintaining pace with the emerging literature. The results
of the studies of individual SNPs found by this strategy were
then combined to arrive at point risk estimates for each SNP,
and compared with estimates reported in the literature from
traditional meta-analyses.

Methods

Study selection

A two-step search of MEDLINE (1950 to present) using
PubMed was first conducted in September 2007 for pub-
lished genetic association data related to SNPs associated
with risk of type 2 diabetes. First, an initial comprehensive
search was performed to capture the breadth of genes
that had been studied in this manner, using the five key

search terms plus limits and specific exclusions outlined in
Table 1. These were sorted by publication date, to permit
the addition of new studies in the future. Articles from the
European journal Diabetologia were added using a sepa-
rate search, because of an observed lag between time of
publication and indexing in MEDLINE by medical subject
headings (MeSH).

Two readers independently reviewed all publication titles
for rapid inclusion/exclusion in this initial tally of the num-
ber of studies for each gene symbol. Gene symbol was used
because MEDLINE indexes by gene and not by individual
SNPs. By protocol, abstracts or the article texts themselves
were not consulted during this initial, screening phase in
a deliberate effort to increase efficiency. Ranking genes
in order of frequency of study, the top ten “most-studied”
genes were selected for focused searches and final inclusion/
exclusion determinations were made in a second step (see
Results, below).

The second step involved conducting individual, focused
searches for each of these top ten genes. All listed synonyms
from Entrez Gene were used, along with the terms from
the initial search. (For example, listed synonyms “ppar
gamma,” “PPAR gamma,” and “peroxisome proliferator-
activated receptor gamma” were linked with an “AND”

Table | Terms used for Step | PubMed search

Description Search string

Main search “Diabetes mellitus, type 2/genetics”’[MAJR]
AND (“genetic markers”’[MeSH Terms]
OR “polymorphism, genetic”’[MeSH
Terms] OR “genetic predisposition to
disease”[MeSH Terms] OR *“epidemiologic
studies”[MeSH Terms])

AND (hasabstract[text] AND
“humans”’[MeSH Terms] AND
English[lang] NOT (“adolescent”[MeSH
Terms] AND “child”[MeSH Terms]
AND *“infant”[MeSH Terms]))

NOT review[PT] NOT
(“haplotypes”[TIAB] OR

(“messenger rna”’[Text Word] OR

“rna, messenger”’[MeSH Terms] OR
mRNA[Text Word]) OR ((“mice”[TIAB]
NOT Medline[SB]) OR “mice”’[MeSH
Terms] OR mouse[Text Word]) OR
(“mitochondrial dna”[Text Word] OR
“dna, mitochondrial”’[MeSH Terms] OR
mtDNA[Text Word]))

OR (Diabetologia[All Fields] AND
(“genetic polymorphism”[Text Word]
OR “polymorphism, genetic”’[MeSH
Terms] OR (SNP[AIl Fields] OR
polymorphism[Text Word])))

Limits

Specific exclusions

Diabetologia add-on
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statement to the search string from Table 1 to search for
PPAR gamma 2-related articles that examined its association
with type 2 diabetes.) After sorting by publication date, two
readers again independently reviewed all titles and abstracts
to decide which articles should be obtained for reading based
on predetermined excluded categories. Disagreements were
adjudicated by a third reader. All searches were reviewed by
an expert in library science.

Articles were excluded if they (1) studied complications
or comorbidities of diabetes; (2) were “functional” in nature
(ie, studied physiology or prediabetic phenotypes); (3) took
place in animals or were in vitro; (4) focused on therapies for
diabetes; (5) did not study one of the top ten genes; (6) studied
conditions other than sporadic type 2 diabetes (including
maturity-onset diabetes of the young or gestational diabetes
mellitus); (7) presented no new primary data (ie, reviews or
meta-analyses); (8) presented interim data that were included
in subsequent publications; (9) were “exploratory” in nature
(ie, presented data associated with loci but not individual
polymorphisms); (10) were not at least a case-control study;
(11) did not examine genetic risk; or (12) only presented data
for risk associated with more than one genetic marker but
not individual markers (ie, haplotypes).

More recent GWAS that had been missed owing to their
not having been indexed in MEDLINE by gene were also
added (located by substituting the MeSH term “genome-wide
association study” for gene symbol).

Article reading and coding

All articles were pulled for more detailed review. Final inclu-
sion/exclusion determinations prior to data abstraction and
coding were made, during which process additional articles
were excluded based on the same categories as above, again
subject to a two-reader review process.

Data were then abstracted in consultation with a genetic
epidemiologist, including study design and other character-
istics, genetic risk model(s) used, and results. Genetic risk
models were categorized as “allelic,” in which the unit of
analysis was the individual allele; or “genotypic,” additive/
multiplicative/dominant/recessive, in which the unit of
analysis was the individual subject and his/her genotype,
with some assumption made about the risk conferred by
having zero, one, or two higher-risk forms of the allele in
question. Results for case-control studies were recorded as
odds ratios (ORs) for having one or two higher-risk alleles,
plus confidence intervals (Cls) and P-values where available;
and for prospective cohort or randomized controlled trials as
relative risks or hazard ratios.

Data for all SNPs that had been reported to be signifi-
cantly associated with type 2 diabetes risk in at least one
study were coded. When a series of publications analyzed the
same or overlapping data (eg, from the same cohort at differ-
ent points in time), the latest publication that reported data
from the largest or most recent study was the one included.
Data were abstracted from both the text of the published
article as well as any available supplemental data. All entries
were reviewed a second time for completeness and accuracy
through a separate quality control step.

Demonstration of ability to readily

update search

To demonstrate the ability to efficiently update this two-step
search for additions to the literature, an update of the second-
step search was conducted 9 months later, in June 2008.

Data sorting and final SNP selection

Data abstracted from the included studies were sorted based
on study design (case control, prospective cohort, random-
ized controlled trial), risk model (allelic, etc) as well as by
the specific SNPs. Data for SNPs that were in high linkage
disequilibrium with one another (ie, >0.98) were combined
under a single SNP label. For instance, studies examining
rs5215 and rs5219 in KCNJ11 (also referred to as E23K in
the literature) were grouped under “rs5219” (and will be
referred to as such for the purposes of this paper). Of note,
the polymorphism identified in the ACE gene is an insertion/
deletion variant, not an SNP. Only polymorphisms with three
or more risk estimates were included in a final dataset for
meta-analysis.

For genes in which multiple SNPs had been studied, we
did meta-analysis for the one-two most-studied SNPs within
these genes. Of note, the polymorphism identified in the
ACE gene is an insertion/deletion (I/D) variant, not an SNP.
And in the special case of HNF4 alpha, in which more than
two dozen SNPs had been studied in this gene alone, we
selected six of the most-studied ones, three of which were
clustered in the P2 promoter region, and three of which
were distributed throughout the coding region.

Meta-analysis

For the purposes of meta-analysis, data from included studies
were used if complete risk estimates and confidence intervals
were reported. Results from studies using an allelic model
of risk were grouped with one-copy “genotypic” results in a
single case-control study category. When studies presented
both allelic and “genotypic” risk results, the latter were used.
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Separate meta-analyses were performed for case-control and
prospective studies. Individual risk estimates were pooled
using random effects meta-analysis with inverse variance
weighting in Stata, version 10 (College Station, TX, USA).
It was assumed a priori that there would not be a fixed differ-
ence between one included study and the rest of the studies
in a given meta-analysis, hence the use of random effects.
The I-squared statistic was used to estimate the percentage of
variability across studies that is attributable to heterogeneity,
and tested for deviation from zero.!' Odds ratios reported are
for higher-risk alleles, regardless of prevalence.

Results

The yield from the two-step search strategy is depicted in
Figure 1A and 1B. The first-step search found 1903 articles,
yielding 1116 articles covering 108 different genes. The top
ten “most-studied” genes, from this first step of the two-step
search strategy, were (in alphabetical order): ABCCS (or
SURI), ACE, CAPNI10, KCNJ11 (or Kir6.2), HNF1 alpha,
HNF4 alpha, IL-6, PGC-1 alpha, PPAR gamma 2, and
TCF7L2. Cohen’s kappa statistic for interrater agreement
for article inclusion/exclusion was 0.73.

The second-step search — a focused search for studies of
each of these ten genes — found a total of 658 articles. Review
of titles and abstracts yielded 135 included articles. Figure 2
depicts the distribution and categories of those excluded. The
addition of genome-wide association studies brought the total
number of articles pulled for more detailed review to 139.
After reading and prior to data abstraction and coding, final
inclusion/exclusion determinations excluded 15 additional
articles based on the same categories, bringing the total
number of articles read and coded to 124.

The update conducted 9 months later found an additional
107 articles; 74 were excluded immediately, and 33 were
selected for full-text review. Of these, 30 were ultimately
included, bringing the updated total of studies included in the
final dataset to 154, of which 134 had complete data for analy-
sis, covering 90 separate SNP—diabetes risk associations.

The results of meta-analyses for SNPs from eight of the
ten genes are reported, which met the criteria for numbers
of studies and completeness of data described earlier; these
are listed in Table 2.>12-%8¢ Meta-analyses of the case-control
studies found that higher-risk alleles for SNPs rs7903146
(OR=1.42;95% CI1.36-1.48) and rs12255372 in TCF7L2
(OR = 1.40; 95% CI 1.32-1.50), rs1801282 in PPAR
gamma 2 (OR = 1.16; 95% CI 1.02-1.32), rs5219 in
KCNJI1 (OR = 1.16; 95% CI 1.12-1.20), rs3792267 in
CAPN10(OR=1.09;95% CI1.03-1.16), 152144909 in HNF4

Step one search

Broad search for published
gene-T2DM associations
(n, = 1903)

787 studies rapidly
excluded based on titles

Genes examined by remaining articles
tabulated, ranked to generate list of
‘most-studied’ genes
(n, = 1116)

Step two search

Focused searches conducted
for each of these
‘most-studied’ genes (n,= 658)

523 studies excluded
(see Figure 2)

Studies retrieved for reading,
plus4 GWAS manually added
(n, = 139)

15 additional studies
excluded after reading

Studies from which data were
abstracted for analysis (n, = 124)

B Studies from which data were
abstracted for analysis (n, = 124)

Step two update

Searches for ‘most-studied’
genes repeated 9 months later;
107 new articles found

77 studies excluded
using same criteria

Studies included
in final dataset
(n, = 154)

Studies with complete
information included
in final meta-analyses
(n, = 134)

Figure | (A and B) Two-step study selection process.

Notes: n =number of articles yielded at each stage of initial broad search; n,=number
of articles yielded by subsequent, focused searches for “most-studied” genes.
Abbreviation: GWAS, genome-wide association study.
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B Complications
B Comorbidities
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B Therapy
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B Meta-analysis
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B Monogenic DM
B Not genetic

W Haplotype-only

Figure 2 Distribution and categories of excluded articles.

alpha (OR=1.13;95% CI 1.00-1.27), and rs1800795 in /L-6
(OR = 1.45; 95% CI 1.12—1.88) were each associated with
increased type 2 diabetes risk in a statistically significant
manner across multiple studies. The ACE insertion/deletion
(I/D) polymorphism and rs8192678 in PGC-I alpha were
not found to be significantly associated with risk for type 2
diabetes. Only two SNPs had three or more prospective cohort
studies examining progression to diabetes to warrant meta-
analysis: rs5219 in KCNJ11 (OR =0.96; 95% CI 0.63—1.45)
and rs7903146 in TCF7L2 (OR =1.24; 95% CI 1.01-1.50).
Three representative Forest plots are shown in Figures 3-5.
(Also see Supplemental Figures 1-13 for additional plots.)

These results were then compared to the results of other,
more traditional meta-analyses that studied individual genes
and their association with type 2 diabetes risk. A 2004 meta-
analysis of CAPNI10 and rs3792267 (also referred to as

Table 2 SNPs included in meta-analyses

Gene Polymorphisms?*

ACE IID

CAPNI0O rs2975760 (SNP-44)
rs3792267 (SNP-43)

HNF4 alpha® rs1884614
rs1885088
rs2144908
rs2425637
rs3818247

IL-6 rs1800795 (C-174G)

KCNJI1 rs5219 (E23K)

PGC-1 alpha rs8192678 (Gly482Ser)

PPAR gamma 2 rs1801282

TCF7L2 rs7903146
rs12255372

Notes: *Other common names appearing in the literature are in parentheses;
ba sixth HNF4 alpha SNP, rs4810424, did not have three studies providing complete
data; ‘linkage disequilibrium of rs5219 and rs5215 > 0.99.

Abbreviations: I/D, insertion/deletion; SNPs, single-nucleotide polymorphisms.

UCSNP-43 or SNP-43), which pooled data from eleven
studies, found increased odds of type 2 diabetes of 1.19
(95% C11.07-1.33).!7 A meta-analysis of KCNJ11 from 2005,
which combined primary data from two case-control studies
with data from eight previously published studies, found
rs5219 (or E23K) had an OR of 1.12 (95% CI 1.01-1.23).%7
In 2007, Ludovico et al published a meta-analysis of 41 PPAR
gamma 2 studies, which found the higher-risk form of
rs1801282 had an OR of 1.23 (95% CI 1.14-1.33).%8 This
finding was replicated by Gouda et al in their 2010 Human
Genome Epidemiology (HuGE) review and meta-analysis;
across 66 studies the OR for the higher-risk allele was 1.16
(95% CI 1.11-1.23).%

Another HuGE review, this one from 2009, examined
35 studies of TCF7L2 and T2DM risk and found that the higher-
risk allele for rs7903146 conferred an OR of 1.41 (95% CI 1.34—
1.48); and forrs12255372 an OR 0f 1.36 (95% CI 1.29-1.43).%°
A meta-analysis published in 2010 by Sookoian et al appeared
to validate an association with T2DM risk for two haplotype
blocks and three single SNPs in the HNF4 alpha gene.”! Finally,
another meta-analysis from 2010 looked at 24 studies of the
ACE /D polymorphism, concluding that there was a significant
association with type 2 diabetes risk, with an OR of 1.14 (95%
CI 1.04-1.24).2 Table 3 summarizes the comparison between
our results and those of these other studies.

Discussion

A reproducible, updatable search strategy was developed to
systematically and efficiently find the “most-studied” genetic
polymorphisms associated with risk of a genetically complex
chronic disease, and proof of principle demonstrated in the
case of type 2 diabetes. The intent was not to be exhaustive,
but to relatively rapidly establish what genes have been
most frequently studied in terms of association with disease
risk — and thus have the greatest possibility of having been
replicated — and then to determine whether or not these asso-
ciations had in fact been validated multiple times. Six of the
ten genes looked at were found to contain at least one SNP
meeting this standard: TCF7L2, PPAR gamma 2, KCNJ11,
CAPNI10, HNF4 alpha, and /L-6. Each SNP conferred an
increase in odds of type 2 diabetes that was between 1.0 and
1.5 (1.09-1.42).

In addition, when compared to the results of separately
conducted, more traditional meta-analyses for individual
genes, the findings from our abbreviated, simultaneous
method were generally highly concordant, suggesting that
these gains in efficiency do not necessarily come at the price
of reduced accuracy. The two exceptions were the ACE I/D
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Odds ratio .
TCF7L2 rs7903146 (95% Cl) % weight
Allelic :
Chang?® = 1 0.81(0.50, 1.31) 0.72
Elbein (African-American)® —_— : 1.05 (0.80, 1.37) 1.96
Saadis’ n - 1.16 (0.81, 1.64) 1.26
Rees% ——— 1.31 (1.11, 1.56) 3.65
Scott’ —— 1.34 (1.21, 1.49) 5.70
Saxena’’ —-— 1.40 (1.30, 1.50) 6.94
MiyakeS' —:—.— 1.48 (1.20, 1.84) 2.74
Weedon3 —— 1.48 (1.36, 1.60) 6.57
Cauchi (Austria)7® —— 1.52 (1.29, 1.78) 3.88
Cauchi (Morocco)78 —:I— 1.56 (1.22, 1.89) 2.65
Cauchi®? - 1.69 (1.55, 1.83) 6.50
Salonens? L 1.71 (1.41, 2.08) 3.10
Elbein (White)5s - - 1.72 (1.25, 2.37) 1.48
Subtotal (I-squared = 65.5%, P = 0.001) <> 1.44 (1.34, 1.55) 47.15
1
1
1-copy 1
Guos3 —_— ! 1.04 (0.82, 1.32) 235
Parrass o— 1.23 (0.85, 1.78) 1.16
Ng7® o— 1.27 (0.71, 2.29) 0.50
Hayashi’® —. 1.31(1.00, 1.72) 1.93
Marzi64 —— 1.33 (1.09, 1.62) 3.03
Scott76 —B— 1.33 (1.14, 1.56) 3.99
Groves® —m— 1.35 (1.19, 1.53) 494
Kimbers® —B— 1.36 (1.21, 1.52) 534
van Vliet-Ostaptchouk®® —_— 1.37 (1.08, 1.73) 2.39
DGI3® . s 1.38 (1.31, 1.46) 7.56
Lewis80 —— 1.39 (1.21, 1.60) 4.49
Chandak’® —q— 1.39 (1.08, 1.78) 219
Bodhinisé —a— 1.44 (1.18, 1.76) 2.99
Mayans’2 —— 1.49 (1.21, 1.83) 2.86
1
Sladeks! —— 1.65 (1.46, 1.84) 5.29
Dahigren’ - O 1.88 (1.32, 2.67) 1.26
Rens? L = 1.98 (1.13, 3.38) 0.57
Subtotal (I-squared =22.8%, P = 0.190) é 1.40 (1.33, 1.46) 52.85
1
Overall (I-squared = 51.1%, P = 0.001) o 1.42 (1.36, 1.48) 100.00
1
1
I I I I I
0.7 1 15 2 25 3
SNP less predictive SNP more predictive
Figure 3 Forest plot for case control studies of TCF7L2 rs7903 146.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
Odds ratio . i
HNF4 alpha rs2144908 (95% Cl) % weight
Allelic :
Vaxillaire'® —_— : 0.80 (0.66, 0.97) 13.70
Winckler?® — 1.09 (0.94, 1.25) 16.37
Takeuchi'® — 1.11(0.94, 1.32) 14.89
Johansson? — 1.21 (1.05, 1.38) 16.69
Love-Gregory? ’—I— 1.46 (1.12, 1.91) 10.28
Subtotal (I-squared = 76.1%, P=0.002) < > 110(0.94,129)  71.92
1-copy
Bonnycastle?* —'— 1.11 (0.95, 1.29) 15.80
Silander? —_— 1.33 (1.06, 1.65) 12.28

Subtotal (I-squared = 42.4%, P = 0.188) i 1.19(1.00,1.42)  28.08

Overall (I-squared = 68.8%, P = 0.004) = 1.13(1.00,1.27)  100.00
T T T : T T
06 08 1 14 18 2
SNP less predictive SNP more predictive

Figure 4 Forest plot for case-control studies of HNF4 alpha rs2144908.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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KCNJ11 rs5219 R‘;;a;f,}:ecﬁ‘)s" % weight

Cohort 1

Lyssenko® = : 0.70 (0.50, 1.10) 25.47
!

Florez® —-—‘ 0.71(0.55, 1.92) 25.31
!

Vaxillaire® : —e 1.34(1.08, 1.68) 30.20
!

Laukkanen?®® 3 > 1.48(0.67,3.27) 15.02
|

Overall (I-squared = 82.9%, P = 0.001) <:

0.96 (0.63, 1.45) 100.00

——

0?5 0.|75
SNP less predictive

Figure 5 Forest plot for prospective cohort studies of KCNJI | rs5219.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.

polymorphism and the HNF4 alpha gene. In the case of
ACE 1/D, only three studies ended up having usable data. In
the latter instance, despite the fact that three of four point
estimates did not fall within the 95% confidence intervals
from a more traditional meta-analysis, there was still quite a
bit of overlap between the confidence intervals arrived at via
these two methods. Moreover, the use of haplotype blocks by
the comparison meta-analysis — defined as comprising two

Table 3 Comparison of new method with results from traditional

15 2
SNP more predictive

or more SNPs in linkage disequilibrium (LD) >0.8 — may
not make these results directly comparable.’!

Advantages versus traditional

meta-analysis

A strength of this two-step search strategy is the nondirective
identification of a list of genes that have been studied multiple
times in terms of a possible association with increased risk

meta-analyses

Genetic OR from new method Number OR from traditional Number New point estimate
polymorphism (95% CI) of meta-analysis (95% CI) of falls within 95% CI
studies studies of traditional result?

ACE

/D 0.96 (0.73-1.26) 3 1.14 (1.04-1.24) 24 No
CAPNI0O

rs3792267 1.09 (1.03-1.16) 3 1.19 (1.07-1.33) I Yes
HNF4 alpha

rs1884614* 1.13 (0.96-1.34) 5

rs2144908* 1.13 (1.00-1.27) 7 0.91 (0.87-0.95) 17 No

rs2425637° 1.10 (0.98-1.22) 5 1.02 (0.96-1.08) 17 No

rs1885088¢ 1.07 (0.93-1.24) 5 0.97 (0.89-1.05) 17 No

rs3818247 1.00 (0.90-1.10) 6 1.03 (0.98-1.08) 17 Yes
KCNJT'1

rs5219¢ 1.16 (1.12-1.20) 14 1.12 (1.01-1.23) 10 Yes
PPAR gamma 2

rs1801282 1.16 (1.02-1.32) 15 1.23 (1.14-1.33)° 41 Yes

116 (1.11-1.23) 66 Yes

TCF7L2

rs7903146 1.42 (1.36-1.48) 30 1.41 (1.34-1.48) 35 Yes

rs12255372 1.40 (1.32-1.50) 23 1.36 (1.29-1.43) 35 Yes

Notes: °rs1884614 and rs2 144908 were included with one other SNP in a haplotype block by Sookoian et al.”' The OR presented here for the purposes of comparison is the
random-effects resultfor the entire haplotype block; °rs2425637 was included with one other SNPina haplotype block by Sookoian etal.” OR for comparisonis for this entire block;
°rs 1885088 was included with two other SNPs in a haplotype block by Sookoian et al.”’ OR for comparison is for this entire block; ‘linkage disequilibrium of rs5219 and rs5215 >
0.99; *from meta-analysis by Ludovico etal.® Because the ORs reported by Ludovico etal were for minor allele, which is the lower-risk one, the OR presented here for comparison
was calculated by inverting, ie, = I/x where x is the OR from that meta-analysis. ffrom meta-analysis by Gouda et al.®’ The same calculation was performed as for the Ludovico et al

comparison.®
Abbreviations: OR, odds ratio; Cl, confidence interval; I/D, insertion/deletion; SNPs

, single-nucleotide polymorphisms.
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for a common chronic disease, in this case type 2 diabetes.
Such an approach is less prone to a form of attention bias
that results from the a priori selection of particular candi-
date genes for further study — mirroring the genome-wide
approach to genetic epidemiology that has been made pos-
sible by advances in genotyping technology. Each gene on
this list has crossed a “threshold” in terms of having been
studied on multiple occasions relative to its peers, which is
important because it selects for genes that have a high pos-
sibility of demonstrated reproducibility, required for any
clinically valid biomarker. In addition, this approach allows
for evaluation of new gene-disease associations, as other loci
not originally included are studied with increasing frequency.
Over time, the result is an organic, evolving, and systemati-
cally curated list of promising candidate genes. And for SNPs
within these genes for which this modified meta-analysis has
already been performed, any new results can be incorporated
into the previous analyses.

Another strength is the relative efficiency of this method
over standard ones, in terms of time and effort spent on
a per-variant basis. Using this method, we were able to
systematically evaluate 90 polymorphisms across ten genes
in a single two-step search. A PubMed search in August
2011 using MeSH terms “diabetes mellitus, type 2” and
“polymorphism, genetic,” limited by article type to include
only meta-analyses, found 15 published meta-analyses of 31
polymorphisms in 13 genes associated with type 2 diabetes
risk. The earliest of these studies date back to 1998, since
which time hundreds of gene-diabetes associations have been
reported in the peer-reviewed literature.”

This paucity of secondary meta-analyses of published
genetic associations — for a condition that has been among
the most studied in this regard — may be due to there being a
limited number of type 2 diabetes polymorphisms that have
been studied multiple times, but probably also reflects the
effort required to complete a traditional meta-analysis. In the
method described in this paper, the goal of the searches was
not to be exhaustive but to be representative, focusing on the
importance of replication as the sine qua non of validity.”

Comeparison with genome-wide

association studies

Some might argue that GWAS will render meta-analyses of
the published literature obsolete. However, the considerable
costs associated with conducting genome-wide scans across
populations of adequate size and consistently characterized
phenotypes make it likely there will be limits to the extent
to which new GWAS are undertaken solely for the sake

of replication.* The continuing need for assessments of
replicability, moreover, is illustrated by the example of a
recent review, which lists 39 common DNA variants as being
associated with type 2 diabetes risk. Thirty-four were identi-
fied in GWAS, and a third of these in single studies.®

One option for confirming validity would be to use
already collected raw data pooled from multiple studies
to conduct “mega”-analyses for any gene-disease associa-
tion of interest. This has been the strategy of groups such
as the Diabetes Genetics Replication and Meta-analysis
(DIAGRAM) consortium.***> While there is a move towards
making these data publicly available and recorded in standard
ways — through consortia and other means (including for
type 2 diabetes), and emerging tools such as field synopses
to help synthesize data from diverse sources — such “mega”-
analyses are still somewhat of a futuristic prospect for most
diseases.”

Another example of an alternative to direct replication
has been described, in which an electronic medical record
linked to genetic information was used to examine previously
reported genetic associations for a number of diseases — a
form of GWAS using a naturally occurring cohort.”” But
to date the routine banking of biologic specimens from
well-annotated clinical populations is not yet widespread
outside of large, independently funded cohort studies (eg, the
eMERGE network).”

When none of the above approaches is possible, efficient
and systematic methods of surveying the broader published
literature represent yet another cost-effective strategy to dis-
tinguish true signals — particularly when non-replication has
been observed in one or more studies — from the proverbial
noise. A combination of methods will thus continue to be
useful %

Limitations

General limitations of the two-step method presented here
include that it cannot be as exhaustive as separate meta-
analyses of individual polymorphisms. Supplemental data
not reported in the body of the published article but made
available by the publishing journal (eg, online) were exam-
ined where available — especially important in the case
of GWAS — but data from unpublished studies were not
specifically sought out for the reasons mentioned earlier.
These simultaneously conducted “multiplex” reviews also
cannot provide as nuanced a view of data quality, populations
studied, or other considerations related to study design as
when the entire body of available literature on a single asso-
ciation is examined. Such considerations include gene—gene
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and gene-environment interactions. In addition, the adequacy
of standard statistical methods for addressing heterogeneity
among studies becomes a concern if meta-analyses are done
over a small number of studies, which is more likely in the
method described here.”

Some precision in the risk estimates themselves may
also be sacrificed. On the other hand, Lin and Zeng have
argued that meta-analysis of summary results is statistically
as efficient as analysis of individual participant data.'” The
true significance of this limitation is further lessened given
that the increases in risk noted from individual markers are
generally small (ORs < 1.5). It is certainly reassuring that
our results did not appear to differ significantly from those
of more traditional meta-analyses, except where clear and
knowable issues related to the limitations mentioned above
were present.

The inherent limits of indexing in PubMed may also
be an issue, as it was for some journals and GWAS not
indexed by gene symbol. A related issue is the “sensitivity”
of the two-step “multiplex” search method. Although there
was no apparent systematic bias in the kinds of studies that
were captured, from 13% (three of 24, for ACE 1/D) to 86%
(30 of 35, for rs7903146 of TCF7L2) of the articles cited in
traditional meta-analyses (where they existed) were included
in our abbreviated meta-analyses. In the case of ACE /D,
this discrepancy related to data quality and the absence of
sufficient quantitative data from older studies excluded from
our analysis.

Concerning the specific application of this method
reported here, ie, to evaluate common DNA variants associ-
ated with type 2 diabetes risk, the use of an older literature
dataset (including articles published from 1996-2008) is
clearly another limitation. Our analysis therefore may not
be fully reflective of the types of studies published since
then. However, the period covered is historically and meth-
odologically important for spanning the three major waves of
genetic association discovery described earlier, particularly
as methods for locating rarer variants and causal variants
remain in development.'”

Improvements to our method could include inserting a
step, prior to the start of coding, that involves simply counting
(and ranking) the number of times specific polymorphisms
within these genes have been studied, to help prioritize data-
abstraction efforts, as well as automating steps where possible
using machine learning and natural language-processing
approaches. We could also consider requiring the inclusion
of a higher minimum number of studies with usable data for a
given association, prior to performing a meta-analysis. At the

same time, particularly with respect to GWAS, study number
should probably be balanced against study size.

Future directions include additional testing in other com-
mon chronic diseases for which a large number of SNPs have
been reported to confer increased risk. One example with CER
implications was an analysis of the predictive power of a panel
of 101 SNPs and a diagnosis of cardiovascular disease.!® In
this study, the selection criteria for markers included in the
panel were boiled down to one: a single published finding of
a significant association with either a diagnosis of CVD or a
surrogate outcome (such as cholesterol), with a P value <107>.
Some critics pointed to the probability that variants which
had not been adequately validated were included in the panel,
with predictable consequences in terms of disease-risk pre-
diction.'! Yet, a PubMed search found only one published
meta-analysis of genetic polymorphisms associated with
increased cardiovascular-disease risk, that of SNPs located
in the oft-studied 9p21 locus.'* The new method presented
here could be applied to more systematically examine, for
instance, which of the included SNPs had been studied — and
validated — on multiple occasions. Though still labor intensive,
the time required would be less than that required to conduct
traditional meta-analyses of all 101 SNPs.

Conclusions

In summary, the methodology described in this paper repre-
sents a reasonable approach to more rapidly identifying and
evaluating frequently studied genetic risk markers for diseases
such as type 2 diabetes. Comparison with results of traditional
meta-analyses suggests that these gains in efficiency do not
necessarily come at the price of reduced accuracy. Given the
quickening pace of discovery of such markers, more efficient,
unbiased, and readily updatable methods for systematically
assessing and reassessing a changing literature could prove
valuable, having the potential to increase the capacity to
determine whether published associations are, in fact, valid.
Such a tool can also contribute to CER around the question
of genome-based versus non-genome-based care.
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Supplementary materials
Description

Supplemental Figure 13 is the Forest plot of prospective

cohort studies of TCF7L2 rs7903146.

The rest of the Forest plots generated for variants with a

sufficient number of usable studies (ie, three or greater).
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Overall (I-squared = 0.0%, P = 0.784) <:> 0.96 (0.73, 1.26) 100.00
T : T T
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SNP less predictive SNP more predictive
Figure S| Forest plot for case control studies of ACE I/D polymorphism.
Abbreviations: I/D, insertion/deletion; Cl, confidence interval; SNP, single-nucleotide polymorphism.
_ Odds ratio
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Figure S2 Forest plot for case control studies of CAPN/0 rs2975760.

Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S3 Forest plot for case control studies of CAPN /0 rs3792267.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S4 Forest plot for case control studies of HNF4 alpha rs|884614.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S5 Forest plot for case control studies of HNF4 alpha rs|885088.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S6 Forest plot for case control studies of HNF4 alpha rs2425637.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S7 Forest plot for case control studies of HNF4 alpha rs3818247.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.

IL-6 rs1800795 — 1 copy

lllig (2005)25

lllig (2004)27

Vozarova (White)?®

Vozarova (Native American)?®

Overall (I-squared = 40.9%, P = 0.166)

T T
1.6 1.9

SNP more predictive

Odds ratio
(95% CI)

% weight
1.20 (0.90, 1.59)  36.33
1.51(1.11,2.07) 33.41

1.60 (1.12,2.30) 28.75

\

2 9.39(1.17,75.20)  1.51

1.45(1.12,1.88) 100.00

T
0.8 1

SNP less predictive

|

1.5

Figure S8 Forest plot for case control studies of IL-6 rs|1800795.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S9 Forest plot for case control studies of KCNJI | rs5219.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S10 Forest plot for case control studies of PGC-/ alpha rs8192678.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S11 Forest plot for case control studies of PPAR gamma 2 rs|801282.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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Figure S12 Forest plot for case control studies of TCF7L2 rs12255372.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.

SNP more predictive

Comparative Effectiveness Research 2012:2

submit your manuscript

Dove


www.dovepress.com
www.dovepress.com
www.dovepress.com

Cho et al Dove

Relative risk

TCF7L2 rs7903146 | A % weight
Florez® ——-_g_ 1.08 (0.92,1.29) 47.90
Vaxillaire® E L 1.39 (1.12,1.73) 38.93
Wang™® E o 1.42 (0.87, 2.33) 13.17

Overall (I-squared = 45.9%, P = 0.158) 1.24(1.01,1.50) 100.00

T T T T
0.8 1.1 1.5 2 25

SNP less predictive SNP more predictive

Figure S13 Forest plot for prospective cohort studies of TCF7L2 rs7903146.
Abbreviations: Cl, confidence interval; SNP, single-nucleotide polymorphism.
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