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Abstract
Background A common genetic variant at the glutamate-ammonia ligase (GLUL) locus has been previously 
associated with an increased risk of coronary artery disease (CAD) as well as alterations of glutamic acid metabolism 
and the γ-glutamyl cycle in individuals with type 2 diabetes (T2D). Here we investigated whether less frequent 
variants in GLUL and 15 additional genes in these pathways are associated with differences in CAD risk in T2D.

Methods Coding sequences and regulatory elements of these genes were sequenced in 2,394 individuals with T2D 
from three CAD case/control sets.

Results Ninety-six variants with minor allele frequency [MAF]< 0.05 were identified as being nominally associated 
with CAD status. One of these variants (rs62447457, MAF 0.025), placed in a non-coding region flanking the 
γ-glutamylcyclotransferase (GGCT) gene, showed nominal evidence of replication in two other cases-control sets 
(n = 1,132), with summary OR of 0.54 (p = 2.5 × 10–4). Another variant (rs145322388, MAF = 0.039), flanking the 
dipeptidase 2 (DPEP2) gene, showed association with CAD status across discovery and replications sets (summary OR 
0.61, p = 2.5 × 10–4). A third variant (rs1238275622, MAF 0.004), flanking the GLUL gene, was associated with increased 
risk of CAD (summary OR 1.84, p-value 2.1 × 10–3). Based on their Regulome scores (2b, 2a, and 3a, respectively), all 
three variants are very likely to have regulatory functions.

Conclusions In summary, we have identified low-frequency variants associated with CAD in T2D at two loci involved 
in glutamic acid metabolism and the γ-glutamyl cycle. These findings provide further evidence for a role of these 
pathways in the link between T2D and CAD.
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Background
Individuals with type 2 diabetes (T2D) are at increased 
risk of coronary artery disease (CAD), which can be pres-
ent in about 20% of this population [1]. In recent years, 
a global declining trend has been observed in the preva-
lence [2, 3] of CAD and associated mortality [4]. This 
decline has been more pronounced in individuals with 
T2D than in the population without diabetes, but the for-
mer are still at a higher risk of CAD. While better con-
trol of glucose levels and associated risk factors such as 
dyslipidemia and hypertension [4] have contributed to 
this declining trend, additional interventions are needed 
to fully neutralize the adverse cardiovascular effects of 
T2D whenever its onset cannot be prevented. In order 

to develop such new treatments, a better understanding 
of the causal pathways through which diabetes increases 
cardiovascular risk is required.

Several mechanisms have been proposed as underly-
ing the atherogenic effects of diabetes: lipid alterations 
specific to the hyperglycemic state, inflammation, oxida-
tive stress, and the effect of hyperglycemia on advanced 
glycation end product production [5, 6]. Structural heart 
alterations are also possible explanations of the excess 
mortality seen in T2D [7]. Since the described mecha-
nisms do not fully explain the increased CAD risk seen 
in T2D, one approach that has been pursued to expand 
knowledge in this field is through genetic studies. While 
over 350 loci have been found to be associated with 
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coronary artery disease (CAD) in the general population 
[8–16], a distinctive goal has been to look for genetic loci 
that are associated with CAD specifically among diabetic 
subjects, since these are the genes that can tell us the 
most about the unique mechanisms linking diabetes to 
cardiovascular disease [17].

Following this approach, through a genome-wide asso-
ciation study (GWAS), we identified a common genetic 
variant (rs10911021) that is associated with an increased 
risk of CAD exclusively among individuals with diabe-
tes [18]—a finding that has been independently repli-
cated [19]. The variant is adjacent to the GLUL gene, 
which codes for the enzyme glutamate-ammonia ligase 
catalyzing the conversion of glutamic acid and ammonia 
into glutamine. Two lines of evidence point to a possible 
mechanism for the association between rs10911021 and 
CAD. First, this common variant was found to be asso-
ciated with lower GLUL expression and lower pyroglu-
tamic-to-glutamic acid ratio in plasma of individuals with 
T2D in the GWAS [18]. Second, human umbilical vein 
endothelial cells (HUVEC) that are homozygous for the 
risk allele of this variant were found to have decreased 
intracellular glutathione-to-glutamate ratio and 
increased levels of the atherogenic compound methylg-
lyoxal (MG), which is normally detoxified by glutathione 
through the glyoxylase system [20]. Since pyroglutamic 
acid is an intermediate of the γ-glutamyl cycle and this 
pathway is responsible for generating the natural anti-
oxidant glutathione (Fig.  1) [21], these two lines of evi-
dence, taken together, suggest that an impairment of the 
γ-glutamyl cycle may underlie the association between 
variant rs10911021 and increased CAD risk. If this 
hypothesis is true, genetic variants at other loci involved 
in the γ-glutamyl cycle might also influence CAD risk.

In the present study, we aimed to determine the extent 
to which variability in the genes involved in glutamate 

metabolism and the γ-glutamyl cycle modulate CAD risk 
in diabetes, reasoning that identification of other variants 
at these loci would provide further proof of the impor-
tance of these pathways in the pathogenesis of CAD in 
diabetes. We specifically focused our study on low-fre-
quency and rare variants since these may contribute to 
the etiology of complex traits [22, 23], but are not ade-
quately captured by the GWAS arrays that were used in 
previous studies.

Methods
Study subjects
The coding regions of GLUL and 15 other genes shown 
in Fig.  1, along with their flanking regulatory regions, 
were sequenced in subjects with available DNA from 
three discovery sets of CAD cases and controls, all with 
type 2 diabetes (T2D). One set was from the Joslin Heart 
Study (JHS), the other two from the Joslin Kidney Study 
(JKS1 and JKS2). A detailed description of these sets can 
be found in published reports [18, 24, 25]. Briefly, the 
JHS is a series of 1,486 non-Hispanic White CAD cases 
and controls, all with T2D, recruited at the Joslin Dia-
betes Center and Beth Israel Deaconess Medical Center. 
Cases are T2D individuals with angiographic evidence of 
significant stenosis of the coronary artery; controls are 
T2D individuals with a negative cardiovascular history 
and a normal exercise treadmill test; a total of 731 cases 
and 755 controls were included in the present study. The 
Joslin Kidney Study (JKS) is a longitudinal observational 
study of the natural history of declining renal function in 
T1D and T2D. Set JKS1 consisted of 137 individuals with 
T2D only who died of cardiovascular causes and 342 sub-
jects who did not; set JKS2 included another 117 subjects 
with T2D only who experienced fatal or non-fatal CAD 
events during follow-up along with a random sample 

Fig. 1 Schematic representation of the γ-glutamyl cycle and genes coding key enzymes in this metabolic pathway
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of 312 JKS participants who did not experience these 
events.

Replication of the strongest associations was sought 
by two methods. First, we utilized data from two ongo-
ing prospective cohort studies in the US (the Nurses’ 
Health Study [NHS] and Health Professionals Follow-
up Study [HPFS]). The NHS enrolled 121,700 registered 
nurses aged 30–55 years in 1976, and the HPFS enrolled 
51,529 male health professionals aged 40–75 in 1986. 
Biennial follow-up questionnaires were sent to partici-
pants to identify newly diagnosed medical conditions, 
including T2D and CAD. Newly reported cases were 
confirmed according to protocols described in detail pre-
viously [26, 27]. We genotyped two case–control datasets 
including individuals with confirmed T2D from the NHS 
(n = 724; 169 cases and 555 controls) and from the HPFS 
(n = 296; 94 cases and 202 controls) [18]; both are nested 
case–control studies including non-Hispanic White par-
ticipants who had T2D and experienced a fatal or non-
fatal CAD event (CAD cases) or were free of CAD events 
(CAD controls) during follow-up. Only individuals with 
available DNA were included. Second, we browsed asso-
ciation data in the Type 2 Diabetes Knowledge Portal 
(t2d.hugeamp.org) concerning the “Cardiovascular dis-
ease in type 2 diabetes” phenotype derived from up to 
10,717 individuals with T2D.

Target enrichment
To fully interrogate functional genetic variation in the 
regions of the 16 genes described in Fig. 1, we leveraged 
data made available by the ENCODE Project [28] and 
performed targeted next-generation sequencing (NGS) of 
all candidate functional elements at these loci along with 
each gene’s corresponding coding sequences. The candi-
date functional elements included all ENCODE-defined 
chromatin accessibility, histone modification, and tran-
scription factor binding sites identified within 250 Kb up- 
and downstream of the 16 genes in a variety of cell types 
relevant to CAD, including umbilical cord endothelial 
cells, B-lymphocytes, CD4 + monocytes, aortic adventi-
tial fibroblast cells, and aortic smooth muscle cells. These 
regulatory elements spanned a total of 1.57  Mb. Using 
these data, we designed a custom Agilent SureSelectXT 
Target Enrichment System Capture (Agilent, Santa Clara, 
CA) based on 5X tiling of 120-mer RNA baits across all 
the regulatory regions, as defined above, and the entire 
coding sequences of the 16 genes. A complete list of 
genomic coordinates for all 2,787 regions sequenced is 
provided in Additional file 1.

Library preparation and sequencing
Genomic DNA (750 ng per sample) from the three dis-
covery sets was sheared on a Covaris S2 focused-ultra-
sonicator (Covaris, Woburn, MA), aiming at a 150-bp 

median fragment length. After end-repairing and A-tail-
ing, DNA fragments were ligated to unique 6-bp bar-
codes, allowing library pooling from 96 individuals, and 
to Illumina paired-end sequencing adapters according 
to previously published protocols [29] using the Quick 
Ligation™ kit (New England Biolabs). Libraries were then 
amplified with Herculase II Fusion DNA Polymerase 
(Agilent) and pooled in sets of 96 comprising similar 
proportions of CAD-positive cases and CAD negative 
controls. After undergoing target enrichment using the 
custom Agilent SureSelectXT system described above, 
libraries were sequenced at the Bauer Core Facility of 
Harvard University, on an Illumina HiSeq 2500 (Illu-
mina Inc., San Diego, CA) instrument, employing 75-bp 
long paired-end reads in a High Output (Standard) v4 
flow-cell.

Bioinformatics analyses
Fastq files obtained from the sequencing facility were 
demultiplexed with fastq-multx. Sequenced reads were then 
aligned to the human genome (hg19) with the Burrows-
Wheeler Aligner (bwa-mem) version 0.7.17 [30]. Aligned 
reads were then sorted, deduplicated, and recalibrated using 
Genome Analysis Toolkit (GATK) version 4.2.0 [31]. Depth 
of coverage was assessed by mosdepth version 0.2.3 [32]. 
GATK’s HaplotypeCaller was used for joint variant calling. 
Variants were annotated by ANNOVAR [33] and Regulom-
eDB, version 2.2 for genome assembly hg19 [34]. In brief, 
ANNOVAR provides variant annotation regarding location, 
predicted function, and MAF, whereas Regulome assigns a 
score to each variant denoting the likelihood of it bearing 
regulatory function. The score is based on the variant seat-
ing in one or more of the following: expression quantita-
tive trait locus (eQTL), transcription factor (TF) binding, 
TF motif, DNAse footprint, and DNAse peak. Additionally, 
variants were searched for significant cis-eQTLs on one of 
the 16 corresponding target genes in our panel in the eQTL-
Gen Consortium database, which aggregates data on the 
expression of genes in whole-blood samples (eqtlgen.org).

Variant genotyping
Variants prioritized for replication were genotyped in the 
HPFS and NHS cohorts using the TaqMan Open Array 
Genotyping System along with custom-made oligonucle-
otide positive controls to allow the accurate genotyping of 
infrequent alleles as previously done for other projects [35].

Statistical analysis
Since the present analysis was focused on low-frequency 
and rare variants, variants with minor allele frequency 
(MAF) ≥ 5% were filtered out. To account for the small 
number of minor allele carriers, single variant analysis 
was carried out by means of Fisher’s tests as implemented 
in PLINK [36] separately for each discovery dataset. 

https://t2d.hugeamp.org/
https://eqtlgen.org/
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Results were then meta-analyzed by Fisher’s method 
as implemented in Metal [37] and in the meta R pack-
age [38]. Summary odds-ratios (ORs) were calculated by 
the Cochran-Mantel–Haenszel method. Variants with 
p-values < 0.01 for association with CAD and those with 
p-values < 0.05 that had a high Regulome score (1 or 2) 
were further investigated in nested case–control stud-
ies from the NHS and HPFS cohorts [35]. Association of 
each variant with CAD was analyzed by Fisher’s test as 
described above. Results were then meta-analyzed along 
with the results from the discovery stage to obtain sum-
mary statistics. A p-value smaller than 0.05 corrected for 
the 22 comparisons that were carried out at this stage 
(p < 2.27 × 10–3) across discovery and replication datasets 
was considered as significant evidence of association.

All variants prioritized for replication were also 
searched for association with the “Cardiovascular dis-
ease in type 2 diabetes” phenotype in the datasets avail-
able in the Type 2 Diabetes Knowledge Portal (T2DKP; 
t2d.hugeamp.org). Results were meta-analyzed along 
with our original data to provide further evidence of 
replication. Association of the same SNPs with hepatic 
phenotypes aspartate aminotransferase (AST), alanine 
aminotransferase (ALT), γ-glutamyl transferase (GGT), 
and alkaline phosphatase (ALP) was also searched for to 
provide further evidence of the involvement of the SNPs 
in the γ-glutamyl cycle.

Power
The number of cases and controls in the discovery sets 
provided at least 80% power to detect nominally signifi-
cant (α = 0.05) associations with CAD with OR ranging 

from 0.4 (MAF = 0.01) to 0.65 (MAF = 0.05) for protective 
variants and from 1.45 (MAF = 0.05) to 2.2 (MAF = 0.01) 
for predisposing variants. The combined discovery sets 
and T2DKP datasets provided > 80% power to detects 
association with CAD of those magnitudes at an alpha 
error accounting for the number of variants for which 
replication was sought (α = 0.05/22 = 2.27 × 10–3).

Data and resource availability
The data and resources generated or analyzed in this 
study are available from the corresponding author upon 
reasonable request.

Human subjects research approval
The study protocols of the JHS, JKS1, and JKS2 were 
approved by the Joslin Committee on Human Studies 
(protocol numbers 99-20, 01-38 and 08-31). The study 
protocols of the NHS and HPFS were approved by the 
Institutional Review Boards of the Brigham and Women's 
Hospital and the Harvard T.H. Chan School of Public 
Health (protocol number 2000P002221).

Results
Study subjects
Clinical characteristics of individuals included in the 
three discovery stage datasets are shown in Table  1. 
In the JHS dataset, CAD cases were older, had a higher 
frequency of hypertension, were more often taking 
lipid-lowering medications, and were more frequently 
smokers than controls. They also had lower eGFR and 
total, LDL, and HDL-cholesterol. In the JKS1 dataset, 
CAD cases were older and had longer diabetes duration 

Table 1 Baseline characteristics of discovery cohorts
JHS JKS1 JKS2
Cases Controls p-value* Cases Controls p-value* Cases Controls p-value*

n 731 755 137 342 117 312
Age (years) 64.8 (7.1) 63.9 (5.9) 0.0071 60.6 (7.7) 56.1 (10.1)  < 0.0001 58.3 (5.5) 58.3 (5.7) 0.9497
Duration (years) 12.2 (8.7) 12.5 (6.3) 0.5313 17.0 (7.8) 12.7 (7.8)  < 0.0001 15.2 (7.9) 14.6 (8.0) 0.5170
BMI (kg/m2) 32.4 (5.9) 32.4 (5.6) 0.8530 30.2 (6.8) 29.7 (6.2) 0.4356 33.5 (7.2) 31.5 (6.9) 0.0115
eGFR (ml/min) 70.3 (24.4) 76.3 (21.7)  < 0.0001 77.5 (33.4) 92.4 (30.0)  < 0.0001 72.7 (21.4) 74.2 (20.3) 0.5070
Female (%) 26.2 39.2  < 0.0001 39.4 46.9 0.1546 29.1 35.9 0.2086
Hypertension (%) 88.5 74.8  < 0.0001 72.3 56 0.0009 85.1 76.6 0.1046
Lipid medication (%) 84.8 72.1  < 0.0001 NA NA NA 68.4 81.7 0.0039
A1c (%) 7.4 (1.4) 7.4 (1.3) 0.6912 8.7 (1.6) 8.4 (1.7) 0.0593 8.2 (1.7) 8.1 (1.4) 0.4843
Oral antidiabetics (%) 66.4 68.5 0.4053 20.4 37.2 0.0003 59 52.6 0.2765
Insulin (%) 49.3 50.7 0.3725 77.4 51.9  < 0.0001 65 66.4 0.8194
Smoking (%) 65.8 44.3  < 0.0001 NA NA NA 62.7 55.7 0.2159
Total cholesterol (mg/dL) 155 (38) 169 (36)  < 0.0001 236 (54) 227 (46) 0.1161 177 (42) 174 (39) 0.5210
HDL (mg/dL) 40 (12) 47 (18)  < 0.0001 NA NA NA 42 (12) 48 (17) 0.0010
LDL (mg/dL) 85 (31) 94 (33)  < 0.0001 NA NA NA 97 (37) 93 (30) 0.2245
Triglycerides (mg/dL) 181 (130) 175 (114) 0.3387 NA NA NA 188 (117) 165 (143) 0.1194
JHS Joslin Heart Study, JKS Joslin Kidney Study, BMI: body mass index, eGFR estimated glomerular filtration rate, NA not available

*p value for comparison between cases and controls, within each dataset

https://t2d.hugeamp.org/
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than controls. They were also more frequently hyperten-
sive, had lower eGFR, and were less likely to be taking 
oral glucose-lowering medications and more likely to be 
on insulin therapy. In the JKS2 dataset, cases had higher 
BMI and were less likely to be taking lipid-lowering med-
ications than controls.

Variants associated with CAD in the discovery stage
The median depth of coverage of the genomic regions 
sequenced in the discovery stage was 27X (interquar-
tile range 17–34), with 72.5% of regions being cov-
ered at ≥ 20X (Supplementary Figure S1). After filtering 
out variants with less than 10X coverage, 7,102 single 
nucleotide variants (SNV) with MAF below 5% were 

identified. Of those, 1,036 (14.6%) were low-frequency 
(1% ≤ MAF < 5%) and 6,066 (85.4%) were rare (MAF < 1%) 
(Fig. 2A). Most SNVs were in non-coding regions (51.4% 
intronic, 23.7% intergenic, 10% intronic in non-coding 
RNA [ncRNA]), with only 5.4% placed in exons (Fig. 2B). 
Available Regulome scores for all but one [7,101] of the 
SNVs are shown in Fig.  2C, with 1,012 (14.3%) show-
ing scores ≤ 2, which indicate a high likelihood of being 
functional.

Plots of each genomic region, showing all variants 
detected in the discovery stage with genomic coordi-
nates, p-value for association with CAD, and Regulome 
score, are shown in Fig. 3. Ninety-six of the 7,102 SNVs 
showed a nominally significant association with CAD in 
a meta-analysis of the discovery datasets (Supplementary 
Table S1).

Variants associated with CAD in the replication stage
Of the variants identified in the discovery stage as being 
nominally associated with CAD, 22 were selected for 
replication according to the criteria described in the 
Methods: 10 were selected for having p-values < 0.01 for 
association with CAD and 12 for having p-values in the 
0.01–0.05 range along with Regulome scores ≤ 2 (Supple-
mentary Table S1). Three additional variants that met 
these criteria were excluded from the replication analy-
sis: one because it was in complete linkage disequilibrium 
with another variant selected for replication and two 
because of failure of the genotyping assay.

Table 2 shows the association of the 22 variants with 
CAD in the discovery and replication stages, as well 
as in the two stages combined. The strongest evidence 
of association was observed for variants rs62447457 
and rs145322388. Variant rs62447457 is placed in the 
γ-glutamylcyclotransferase [GGCT] locus on chromo-
some 7. The A allele (MAF in Europeans = 2.5%) was asso-
ciated with protection from CAD in the discovery stage 
(OR 0.56, p-value 0.016), in the replication stage (OR 
0.44, p-value 0.023), and in the two stages combined (OR 
0.54, p-value of 2.5 × 10–4, p-value for heterogeneity 0.79). 
This variant had a Regulome score of 2b based on the fol-
lowing evidence: 68 ChIP-Seq peaks (the most notable 
being a peak for the transcription factor CTCF in car-
diac muscle cells); 127 chromatin state marks (including 
3 for Weak transcription in heart); 20 DNA-accessibility 
marks (also in HUVEC and aortic smooth muscle cells); 
2 matched motifs. Variant rs145322388 (placed in the 
dipeptidase 2 (DPEP2) locus on chromosome 16) showed 
a nominally significant association with CAD in the repli-
cation stage that went in the same direction as in the dis-
covery stage, with the A allele (MAF in Europeans = 3.9%) 
being protective for CAD (discovery OR 0.69, p-value 
0.016; replication OR 0.43, p value 5.0 × 10–3; overall OR 
0.61 p-value 2.5 × 10–4, p-value for heterogeneity 0.52). 

Fig. 2 Descriptive statistics of the 7,102 variants found in the discovery 
stage. A. Distribution according to minor allele frequency (MAF); B: Distri-
bution according to functional annotation (using ANNOVAR); C. Distribu-
tion according to Regulome Score. NA: not available
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This variant, placed about 140 kilobase pairs (Kb) 5’ 
of the transcription start of the DPEP2 gene, was a sig-
nificant cis-eQTL for DPEP2 in whole-blood (p-value 
2.0 × 10–5) and had a Regulome score of 2a based on the 
following evidence: presence of 318 ChIP-Seq peaks 
(transcription factor binding sites); 127 chromatin state 
marks, among which 1 weak transcription mark and 3 
active TSS (transcription start site) marks in heart; 35 
DNA accessibility marks (most notably in HUVEC and 
aortic smooth muscle cells); 9 matched motifs (computa-
tionally predicted DNA binding motifs with one or more 
matched transcription factors).

A third variant, rs1238275622 (MAF in Europe-
ans = 0.4%), flanking the GLUL gene (on chromosome 1), 
while not associated with CAD in the replication data-
sets, showed a significant p-value (p < 2.3 × 10–3) in the 
discovery/replication aggregate results. The T allele was 

associated with increased risk of CAD (OR 1.80, p-value 
4.2 × 10–3 in the discovery stage; OR 2.93, p-value 0.34 in 
the replication stage; OR 1.84, p-value 2.1 × 10–3 in the 
two stages combined, p-value for heterogeneity 0.76). 
This variant had a Regulome score 3a, based on the fol-
lowing findings: 28 ChIP-Seq peaks; 127 chromatin state 
marks (including Quiescent/Low in heart/aorta and Low 
Transcription in heart); 13 DNA-accessibility marks; 
2 unmatched motifs (computationally predicted DNA 
binding motifs without a matched transcription factors).

None of the other 19 SNVs showed evidence of repli-
cation, including the top variant in the discovery stage 
(rs11465742 at the GLS2 locus), which showed an asso-
ciation with CAD in opposite direction in the replication 
stage (Table 2).

Fig. 3 Plots of each locus included in the study showing genomic positions and log p-values for association with CAD of individuals variants found in 
the discovery stage. Circle sizes denote MAF and colors represent Regulome scores. A: GCLM (chr1); B: GLUL (chr1); C: GAD1 (chr2); D: GLS (chr2); E: GCLC 
(chr6); F: GGCT (chr 7); G: GSR (chr 8); H: OPLAH (chr 8); I: GAD2 (chr 10); J: ALDH18A1 (chr 10); K: GOT1 (chr 10); L: GLS2 (chr 12); M: GOT2 (chr 16); N: DPEP2 
(chr 16); O: GSS (chr 20); P: GGT1 (chr 22)
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Data from the T2D knowledge portal
Aggregate statistics about genetic variants associated 
with CAD in other populations with T2D were retrieved 
from the T2DKP. Data concerning the phenotype “Car-
diovascular disease in type 2 diabetes” in individuals of 
European ancestry were available from the AMP-T2D 
UCSD Diabetic Complications Study-European dataset 
for 17 of the 22 SNV selected for replication, as described 
in Table  3. According to these data, the replicated vari-
ant rs62447457 showed an association with CAD in the 
AMP-T2D that went in the same direction (OR = 0.83) as 
in the discovery and replication stages, although without 
reaching statistical significance (p = 0.08). A meta-analy-
sis of these data along with our findings from the discov-
ery and replication stages yielded a p-value of 8.0 × 10–4, 
with an I2 of 0 for heterogeneity (p = 0.34) (Table  3). 
Association of rs145322388 with the phenotype was not 
replicated in T2DKP. No phenotype data were available 
for rs1238275622. Another variant, rs191582687, which 
had not been replicated in our study, showed a p-value 
of 0.004 for association with CAD in the T2DKP datasets 
that went in the same direction as in the discovery and 
replication stages. A meta-analysis of our data with those 
from the portal yielded a p-value of 2.9 × 10–3, also with 
low heterogeneity (I2 = 0, p = 0.95) (Table  3). This vari-
ant has Regulome score 2b, based on the finding of 39 
ChIP-Seq peaks; 127 chromatin state marks (including 3 
active TSS and 1 flanking active TSS in heart, as well as 
1 enhancer mark in aorta); 12 DNA-accessibility marks 
(most notably in heart and HUVEC); 2 matched motifs.

Data about the association with hepatic markers aspar-
tate transaminase (AST), alanine transaminase (ALT), 
γ-glutamyltransferase (GGT), and alkaline phosphatase 
(ALP) were available in the T2DKP for 18 of the 22 SNPs. 
Variant rs145322388 was associated with all four markers: 
AST (p-value 6.76 × 10–5), ALT (p-value 1.07 × 10–2), GGT 
(p-value 7.85 × 10–3), and ALP (p-value 1.77 × 10–6). No 
association of those phenotypes with rs62447457 was seen. 
Six other variants (rs11465742, rs141886579, rs150255305, 
rs187364908, rs191582687, and rs2490283) showed signifi-
cant associations (Supplementary table S2).

Discussion
The last two decades have seen unprecedented progress 
in identifying common genetic variants associated with 
common diseases. The GWAS approach, studying mil-
lions of common variants throughout the genome, has 
been widely successful in identifying significant asso-
ciations with CAD across diverse populations [15, 16]. 
However, some limitations of this approach can spe-
cifically impact the understanding of CAD in T2D. First, 
GWASs are usually performed for one phenotype at the 
time. Studying cross-phenotype associations can be chal-
lenging, especially when phenotypes are causally con-
nected such as T2D and CAD [39]. Second, findings from 
GWASs have fallen short of entirely explaining genetic 
predisposition to disease, thereby challenging the com-
mon disease-common variant hypothesis and pointing to 
a potential role of rare genetic variation in common mul-
tifactorial disorders, such as CAD in T2D [40].

Table 3 Association of variants with the phenotype “Cardiovascular disease in type 2 diabetes” in the Type 2 Diabetes Knowledge 
Portal
SNP Joslin + HSPH T2DKP Joslin + HSPH + T2DKP

OR P-value OR P-value same direction n P-value HetISq HetPVal
rs62447457 0.54 2.55E-04 0.83 8.40E-02 yes 3,032 8.01E-04 0.0% 3.35E-01
rs191582687 2.95 7.05E-02 1.65 4.00E-03 yes 9,010 2.93E-03 0.0% 9.52E-01
rs150362059 1.55 1.98E-02 1.12 9.10E-02 yes 9,814 1.67E-02 59.5% 3.03E-02
rs2490283 0.91 5.17E-01 0.91 3.90E-02 yes 10,544 3.90E-02 51.1% 6.92E-02
rs17111645 0.84 2.08E-01 0.93 7.70E-02 yes 10,717 5.14E-02 58.0% 3.61E-02
rs150255305 2.25 3.67E-03 1.06 6.00E-01 yes 9,010 1.49E-01 36.6% 1.63E-01
rs117658070 1.58 6.29E-02 1.07 3.10E-01 yes 9,814 1.49E-01 31.6% 1.99E-01
rs144013746 1.75 8.82E-02 1.12 4.00E-01 yes 9,010 1.62E-01 20.0% 2.83E-01
rs111358122 0.98 8.83E-01 1.20 1.00E-01 no 9,506 2.18E-01 43.0% 1.35E-01
rs150416223 1.89 2.20E-02 1.01 9.00E-01 yes 9,506 4.93E-01 40.2% 1.37E-01
rs78980639 2.50 1.48E-02 0.98 8.60E-01 no 9,010 6.97E-01 27.3% 2.40E-01
rs77316565 1.00 9.89E-01 0.97 5.50E-01 yes 10,515 6.97E-01 70.4% 4.71E-03
rs62179904 0.46 2.26E-02 1.02 8.90E-01 no 9,010 7.66E-01 59.1% 4.43E-02
rs62508274 0.70 1.27E-02 1.02 6.50E-01 no 10,544 7.86E-01 34.4% 1.79E-01
rs187364908 2.21 9.92E-03 0.98 7.90E-01 no 10,276 8.06E-01 50.4% 1.09E-01
rs145322388 0.61 2.53E-04 1.00 9.10E-01 no 10,622 9.10E-01 66.6% 1.05E-02
rs141886579 0.54 1.08E-02 1.00 9.90E-01 no 9,814 9.90E-01 26.6% 2.35E-01
HSPH harvard school of public health, T2DKP: Type 2 Diabetes Knowledge Portal, HetISq: I-squared for heterogeneity, HetPVal: p-value for heterogeneity



Page 10 of 13Giuffrida et al. Cardiovascular Diabetology          (2024) 23:406 

More than a decade ago, we were able to address the 
first of the limitations described above by designing a 
GWAS of CAD exclusively among individuals with T2D, 
which led to the identification of a common variant at 
the GLUL locus that is specifically associated with an 
increased risk of CAD in this population—an effect that 
appeared to be mediated by alterations of the γ-glutamyl 
cycle [18]. In the present study, we tried to address the 
second limitation, by using deep resequencing to inves-
tigate whether less frequent genetic variants at the GLUL 
locus and 15 other loci involved in the regulation of the 
γ-glutamyl cycle also affect the risk of CAD among indi-
viduals with T2D. Through this effort, we have found 
robust evidence of association with CAD for a low-fre-
quency variant at the GGCT locus (rs62447457) as well 
as suggestive evidence for two low-frequency variants at 
the DPEP2 (rs145322388) and GLUL (rs1238275622) loci.

Variant rs62447457 showed the strongest overall evi-
dence of association with CAD, with a p-value of 8 × 10–4 
in a combined analysis of our datasets with data from the 
T2DKP. The minor allele A was protective for CAD, with 
an OR of 0.54 in the combined discovery and replication 
stages and 0.84 in T2DKP. Association of this variant 
with other phenotypes has not been reported in litera-
ture. GGCT—the gene adjacent to this variant—codes 
for the enzyme γ-glutamylcyclotransferase, catalyzing the 
formation of pyroglutamate from γ-glutamyl dipeptides. 
This metabolite is a precursor of glutamate, which is the 
substrate of the GLUL enzyme (Fig. 1). In Regulome, this 
variant is associated with regulatory elements in relevant 
cell types such as left ventricle and aortic smooth muscle. 
Since this allele is protective for CAD, we can hypothe-
size that, by increasing the availability of pyroglutamate 
in the γ-glutamyl cycle, this variant increases glutathi-
one (GSH) synthesis, thereby decreasing CAD risk. No 
eQTL data are currently available to corroborate this 
hypothesis.

Variant rs145322388, located at the DPEP2 locus, 
showed the strongest evidence of association with CAD 
in the discovery and replication stages of our study 
(summary OR = 0.61), but this finding was not sup-
ported by the T2DKP data (OR = 1.0). It is a significant 
eQTL in whole-blood, with the A allele being associ-
ated with increased expression of DPEP2 (z-score 4.27, 
p-value = 2.0 × 10–5). This gene codes the enzyme dipep-
tidase 2, which cleaves cysteine-glycine dipeptides into 
single amino acids. Cysteine is then combined with 
glutamate to form γ-glutamyl cysteine, which in turn is 
combined with glycine to form GSH. Since the A allele 
is protective for CAD, our working hypothesis is that 
overexpression of DPEP2 improves functioning of the 
γ-glutamyl cycle by increasing the breakdown of cyste-
ine-glycine and consequently glycine availability, thereby 
enhancing GSH synthesis. While no association with 

CAD was found for this variant in the T2DKP, the find-
ing of an association with serum levels of AST, ALT, 
GGT, and ALP in that same dataset provides support 
for the involvement of this variant in the γ-glutamyl 
cycle. Of note, another rare variant at the DPEP2 locus 
(rs191582687) that was nominally associated with CAD 
in the discovery sets, although not in the replication sets, 
showed evidence of association with CAD in T2DKP. In 
this case, the minor allele increased the risk of CAD (OR 
2.79 in discovery + replication stages and 1.65 in T2DKP).

Allele T of the rs1238275622 variant, flanking the 
GLUL gene, was associated with increased risk of CAD 
(summary OR = 1.84). The C allele of the common vari-
ant rs10911021, previously associated with increased 
risk of CAD in individuals with diabetes, was associated 
with 32% lower expression of GLUL in homozygotes [18]. 
While no eQTL data are available for rs1238275622, we 
hypothesize that rs1238275622 may be also associated 
with lower expression of GLUL, thereby increasing the 
risk of CAD by similar mechanisms. The finding of asso-
ciation with quiescent chromatin states in relevant tis-
sues supports this hypothesis.

Overall, these results provide further support to the 
hypothesis that dysregulation of the γ-glutamyl cycle and 
GSH synthesis contribute to CAD in T2D. This hypoth-
esis was initially suggested by metabolomic data [18] and 
then corroborated by our studies in cultured HUVEC 
showing that the allele C of the common GLUL vari-
ant rs10911021, which is associated with an increased 
risk of CAD, is also associated with lower expression of 
GLUL, lower glutathione-to-glutamate ratio, and higher 
levels of MG—an atherogenic precursor of advanced 
glycation end-products (AGEs) that is normally detoxi-
fied by glutathione [20]. Similar studies will be needed 
to investigate the impact of the rare variants identified 
in this report on these intracellular processes, although 
these are hampered by the low frequencies of these vari-
ants, making the identification of endothelial cells natu-
rally carrying these sequence differences, as it was done 
for rs10911021, quite challenging. An alternative may be 
to introduce these variants by genome editing through 
CRISPR, but since this technique cannot be easily used in 
primary cell cultures such as HUVEC, the pros and cons 
of introducing rare mutations in cell types less relevant to 
the pathophysiological processes studied here should be 
weighed against each other.

While the variants that we have identified show evi-
dence of replication in independent datasets, their sta-
tistical significance in the meta-analysis of discovery 
and replication sets did not reach genome-wide criteria. 
This is consistent with the results of other studies inves-
tigating the association of rare/infrequent variants with 
common disorders, many of which were only able to 
demonstrate nominal significance. For instance, Ahituv 
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et al. did not find individual rare variants in a panel of 
obesity-associated genes to be associated with extreme 
obesity in comparison with lean individuals. When 
grouping variants together, they found non-synonymous 
variants to be more common in obese individuals, reach-
ing nominal significance [41]. Another example is the 
study by Bonnefond et al., which analyzed the associa-
tion of rare variants in the MTNR1B gene with T2D. No 
significant association of single variants with the pheno-
type were found, but when pooling together 36 variants 
with MAF < 0.1%, a significant association was seen, with 
a p-value in the 10–4 order of magnitude as in our study 
[42]. Similar findings were obtained in the lipid field 
regarding HDL-cholesterol and hypertriglyceridemia 
[43]. These examples illustrate the challenges of studying 
the association of rare variants with clinical phenotypes. 
In our study, we addressed this problem by focusing on 
genomic regions that were adjacent to the candidate loci 
and showed evidence of functional relevance. Although 
regulatory regions can be located many thousands of 
base pairs distant from target genes [44], this approach 
reduced the possibility of false positives by minimizing 
the number of comparisons that were made and maxi-
mizing the prior probability of a functional effect for the 
variants included in the analysis.

In addition to the emphasis on functional regions, 
another strength of our study was the focus on individu-
als selected for having been diagnosed with T2D before 
the ascertainment of CAD phenotypes. As shown in our 
previously published GWAS, this design is effective in 
capturing genetic predisposition to CAD that is unique to 
diabetes [17]. Nonetheless, some limitations of our study 
should be acknowledged. First, the sample size of our 
discovery sets provided us enough power to detect only 
relatively large genetic effects. While these were consis-
tent with the magnitude that one would expect for infre-
quent variants, we may have missed some weaker, but 
still relevant genetic effects. Second, for those variants 
with discovery stage p values in the 0.01 to 0.05 range, 
we attempted replication only for those with strong evi-
dence of a potential functional role (Regulome score ≤ 2), 
in order to contain the number of variants tested at the 
replication stage. By doing so, we may have missed true 
associations concerning variants with weaker functional 
evidence. Third, our study included only White subjects, 
making the generalizability of results to subjects of dif-
ferent ancestries unknown. This reflects the challenges 
of finding suitable studies including individuals of non-
White ancestries characterized for two phenotypes, one 
of which (T2D) must have temporally preceded the other 
one (CAD). Fourth, the association between genetic vari-
ants and CAD may have been influenced by measured or 
unmeasured population characteristics or environmental 
factors. Imbalances in these characteristics between cases 

and controls may have led to false positives and/or false 
negatives, and differences in these factors among cohorts 
may have been responsible for some of the observed dis-
crepancies in the association between identified variants 
and CAD. The requirement for replication to consider a 
variant as being genuinely associated with CAD attenu-
ated the concern for false positives but did not address 
the possibility of false negatives. Fifth, only individuals 
with available DNA were included, which may impact 
the generalizability of our findings. Finally, no eQTL data 
were available for some of the replicated variants, which 
limited our ability to make inferences about their func-
tional relevance. However, those variants for which eQTL 
data were not available showed several other regulatory 
marks captured by their high Regulome scores, indicat-
ing a high likelihood of being functional.

Conclusions
In summary, we have identified low-frequency genetic 
variants associated with coronary artery disease in 
individuals with T2D that are placed in non-coding 
regions with a high probability of regulating the expres-
sion of genes involved in glutamate metabolism and the 
γ-glutamyl cycle. While further studies are necessary to 
confirm the functional role of these variants, these find-
ings provide further support to the hypothesis of a dys-
regulation of the γ-glutamyl cycle as playing an important 
role in the etiology of CAD in T2D.
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