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Abstract 

Background: Type 2 diabetes mellitus (T2DM) has been linked to a state of pre-clinical chronic 

inflammation resulting from abnormalities in the innate immune pathway. Serum levels of pro-

inflammatory cytokines and acute-phase proteins, collectively known as ‘inflammatory 

network’, are elevated in the pre-, or early, stages of T2DM and increase with disease 

progression. Genetic variation can affect the innate immune response to certain environmental 

factors, and may, therefore, determine an individual’s lifetime risk of disease.  

Methods: We conducted a cross-sectional study in 6,720 subjects from the TwinsUK Registry  to 

evaluate the association between 18 single nucleotide polymorphisms (SNPs) in five genes 

(TLR4, IL1A, IL6, TNFA, and CRP) along the innate immunity-related inflammatory pathway 

and biomarkers of predisposition to T2DM [fasting insulin and glucose, HDL- and LDL- 

cholesterols, triglycerides (TGs), amyloid-A, sensitive C-reactive protein (sCRP) and vitamin D 

binding protein (VDBP) and body mass index (BMI)]. 

Results: Of 18 the SNPs examined for their association with nine metabolic phenotypes of 

interest, six were significantly associated with five metabolic phenotypes (Bonferroni correction, 

P ≤ 0.0027). Fasting insulin was associated with SNPs in IL6 and TNFA, serum HDL-C with 

variants of TNFA and CRP and serum sCRP level with SNPs in CRP. Cross-correlation analysis 

among the different metabolic factors related to risk of T2DM showed several significant 

associations. For example, BMI was directly correlated with glucose (r=0.11), insulin (r=0.15), 

sCRP (r=0.23), LDL-C (r=0.067) and TGs (r=0.18) but inversely with HDL-C (r=-0.14). sCRP 

was also positively correlated (P<0.0001) with insulin (r=0.17), amyloid-A (r=0.39), TGs 

(r=0.26), and VDBP (r=0.36) but inversely with HDL-C (r=-0.12).  
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Conclusion: Genetic variants in the innate immunity pathway and its related inflammatory 

cascade is associated with some metabolic risk factors for T2DM; an observation that may 

provide a rationale for further studying their role as biomarkers for disease early risk prediction. 
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Background 

Type 2 diabetes mellitus (T2DM) represents a significant global health problem. It is 

estimated that six people die every minute from the disease worldwide, a figure that will soon 

make the disease one of the world’s most prevalent causes of preventable mortality [1]. The 

incidence of T2DM increases with age, obesity, physical inactivity and unhealthy diet, and is 

elevated among certain ethnocultural groups (Hispanics, Africans, and Aboriginals). The disease 

rates are also currently increasing among children [2,3]. T2DM is primarily caused by impaired 

glucose tolerance (IGT), which leads to islet β-cell dysfunction and their subsequent destruction. 

The ensuing insulin deficiency as a result of β-cell dysfunction impacts skeletal muscle, liver and 

adipose tissues [4]. Among individuals with IGT, both host (primarily genetic) and 

environmental factors contribute to the progression of this condition to insulin resistance to 

T2DM [5-9].  

Within the last decade, a hypothesis was proposed to explain the pathogenesis of T2DM 

by connecting the disease to a state of preclinical chronic inflammation that results from 

abnormalities in innate immunity pathways [10,11]. Activation of innate immunity promotes 

various inflammatory reactions that provide the body’s first line of defense against microbial, 

chemical and physical injury, leading to damage repair, isolation of microbial threats and 

restoration of tissue homeostasis [12,13]. The systemic reaction of innate immunity, known as 

the ‘acute-phase response’, is initiated when exogenous threats, such as pathogens or certain 

dietary factors, are detected by pattern-recognition receptors such as toll-like receptors (e.g., 

TLR-4). The binding of the exogenous molecules by TLR-4 triggers the release of pro-

inflammatory cytokines, like tumour necrosis factor (TNF)-α, interleukin (IL)-1β and IL-6 [14]. 

These cytokines are derived primarily from activated macrophages and can directly enhance 

insulin resistance in adipocytes, muscle and liver cells [15,16]. Activation of macrophages 
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towards an inflammatory phenotype results in further cytokine synthesis and release [17,18]. 

Cytokines down-regulate major anabolic cascades involved in insulin signalling and can, 

subsequently, mediate adipocyte insulin resistance [17,18]. Ultimately, this process contributes 

to a systemic disruption of insulin homeostasis, leading to a status of impaired glucose tolerance 

[19]. Cytokines also trigger the synthesis of acute-phase inflammatory proteins such as C-

reactive protein (CRP) and serum amyloid-A. Pro-inflammatory cytokines and acute-phase 

reactants, collectively known as “inflammatory network”, play a role in initiating the early stages 

of T2DM and are known to increase with disease progression. 

Genetic variation in the innate immunity pathway may affect the extent of its activation 

and response upon exposure to stimuli and, consequently, influencing the lifetime risk of a given 

disease [20]. For example, genetic variations along the innate immunity pathway may lead to an 

altered response to dietary factors (e.g., fatty acids) known to bind to TLR4 and initiate a 

downstream signaling cascade leading to the synthesis of pro-inflammatory cytokines [21]. As 

mentioned above, cytokines contribute to initiating a state of impaired glucose tolerance, insulin 

resistance and a subsequent elevated risk of T2DM. Elucidating the relationship between genetic 

variation in innate immunity, inflammation, and biochemical indices of T2DM is, therefore, 

critical to evaluate the feasibility of employing innate immunity-related genetic polymorphisms 

and inflammatory factors in predicting T2DM risk. Such knowledge might also provide 

opportunities for the development of novel approaches for disease prevention in the general 

population and vulnerable sub-populations, e.g., by using nutritional and/or therapeutic factors 

that attenuate low-grade chronic inflammation [21]. 

The present study was undertaken in an attempt to explore the association between 

polymorphisms in various genes along the innate immunity-related inflammation cascade and the 
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metabolic phenotypes associated with risk of T2DM in order to evaluate their possible utility as 

biomarkers in disease early risk prediction. 
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Methods 

We conducted a cross-sectional analysis of the association between factors that can be 

linked to early risk of T2DM (as defined by the profile of risk-related metabolic phenotypes) and 

genetic variation in candidate genes along the innate immunity-related inflammatory pathway, 

using data from the TwinsUK Registry [22].  

Study subjects 

 The UK Adult Twin Registry (TwinsUK) is a database of over 10,000 monozygotic and 

dizygotic twins aged 13 to 83 years, with a mean age of 48 years [22]. Initiated as an 

investigation of osteoporosis and osteoarthritis, the TwinsUK cohort evolved to include 

investigation of the genetics of the metabolic syndrome and cardiovascular disease as one of its 

main research goals [23]. The cohort consists mostly of Caucasian female volunteers from 

throughout the United Kingdom and Ireland who were recruited via media campaigns [22]. This 

research conformed to the ethical standards of the Helsinki Declaration. The study protocol was 

approved by St. Thomas' Hospital Local Research Ethics Committee and all participants gave 

written informed consent prior to commencing the study. Recruitment and data collection began 

in 1993, and nearly half of the cohort has been clinically examined on at least two occasions 

[22]. The specific data for this study were available through a collaboration initiated by the 

Public Health Agency of Canada (A.B.) with McGill University (B.R.) and King’s College 

London (T.D.S.). As such, the investigators had restricted access to the selected genotypic and 

phenotypic data that were analyzed in this study. We only included cohort members aged sixteen 

years and older. The population has been found to be representative of singletons in the UK 

population with respect to prevalence of chronic disease and lifestyle characteristics [24].   
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Phenotypic and genotypic data 

 The serum biochemical indices and phenotypes of predisposition to T2DM [fasting 

insulin and glucose, HDL-cholesterol and LDL-C, triglycerides (TGs), the acute phase proteins 

amyloid-A, highly sensitive C-reactive protein (sCRP) and vitamin D binding protein (VDBP) in 

addition to body mass index (BMI)] were obtained from an extensive set of phenotypes available 

for the TwinsUK study (http://www.twinsUK.ac.uk). We did not have an access to variables 

related to subject prescription drug use and we, therefore, were unable to consider this factor in 

our analysis. Furthermore, study subjects with evidence of diabetes (fasting glucose 

measurement of >=7 mmol/L) were excluded from the analysis (oral glucose tolerance test data 

were not available) and this group is likely to include a substantial fraction of those on lipid- or 

blood pressure-lowering medications from the cohort. Furthermore, genome-wide genotyping 

was performed in the population using the Illumina Hap317K chip [25]. A selected set of SNPs 

(or their proxies) was chosen from among the genotypes available through this genome-wide 

association scan (GWAS). 

SNP identification  

 Eighteen SNPs were identified in five innate immunity candidate genes (TLR4, IL1B, 

IL6, TNFA, and CRP). The studied SNPs were selected based upon their previously published 

effects on increasing the serum levels of a range of inflammatory markers and their potential role 

in the aetiology of T2DM [22,26-35]. We carried out an association analysis on nine preselected 

metabolic markers with the following 18 SNPs [proxy]: IL1A (rs17561, rs1609682 [rs10496444], 

rs2856838 [rs6746923], rs1878321 [rs4848300]); IL-6 (rs1554606, rs2069837, rs1474347 

[rs7801406], rs2069827 [rs11766273]); TLR4 (rs1927906, rs1927914, rs4986790, rs1554973; 

TNFα (rs3093662, rs1800630 [rs2259435]); and CRP (rs2808630, rs1205 [rs2794520], 



  Page 9 of 29 

rs1417938 [rs12093699], rs3093059 [rs11265260]). Where the SNPs of interest were not 

available on the Hap317K chip, we identified proxy SNPs in strong linkage disequilibrium (LD) 

with those of interest (>80%).  LD was assessed by spectral decomposition of pair-wise matrices 

(Additional file 1, Figure S1a – 1e), so that the 18 SNPs examined here represented the variation 

of the above-identified 27 candidate loci within the five studied genes [36,37]. 

 

Statistical methods 

All statistical analyses were performed
 
using SAS software (SAS Institute Inc., Cary, NC, 

USA.). The normality of the
 
variables was assessed, and all phenotypes, except HDL-C and 

LDL-C, were loge-transformed. Since a large majority of our sample (>90%) consisted of 

females, we did not stratify any of the analyses by sex. Covariates considered for the 

multivariable linear regression
 
analyses were age, sex, and BMI. If these covariates were 

associated with the outcome phenotype in a univariate analysis, they were included in a 

subsequent multivariable analysis of association between SNP(s) and phenotype(s). VDBP level 

was adjusted for age and LDL-C, whereas TGs were adjusted for age and BMI. The remainder of 

the covariates were all adjusted for age, sex, and BMI. Where we observed multiple significant 

associations between SNPs in a single gene and a given outcome, we further investigated both 

the independent effects of each SNP as well as the potential joint effects of SNP combinations 

within the same gene simultaneously. To test for independent effects, we considered multiple 

SNPs into the regression models to observe whether significance remained. We created 

multiplicative interaction terms to test for significant joint effects in two-way interactions 

between genotypes. As our dataset included twin pairs, we accounted for non-independence of 

observations using generalized estimating equations with a compound symmetry covariance 
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structure similar to a previously published study of a twins cohort [38]. Spearman correlations 

were calculated among all the adjusted metabolic indices of T2DM examined in the present 

study. All statistical tests assumed an additive effect of the allele using maximum-likelihood 

linear regression analysis. In total, nine independent statistical models were evaluated. Within 

each model, 18 independent statistical tests were performed at the selected loci. Thus, statistical 

significance was declared at P ≤ 0.0027 by applying a Bonferroni correction (cutoff p-value= 

0.05/18). The Bonferroni correction is very conservative and results in highly reduced statistical 

power to detect differentiation among pairs of sample collections [38]. The Benjamini and 

Yekutieli (B-Y) false discovery rate (FDR) method is similar to the Bonferroni correction, but it 

is a less conservative statistical adjustment for multiple comparisons and was, therefore, applied 

in the present study in addition to the Bonferroni test (B-Y cutoff p-value= 0.014) [39]. The B-Y 

critical value (B-Ycrit) is its own modified FDR measure and is calculated as   B-Ycrit = α /∑(1/i).  

Where “α” =0.05 and “I” varies from 1 to 18 representing the number of tests conducted in a 

given regression model. For alpha=0.05 and i=18, B-Ycrit=0.014. Mean values for the examined 

phenotypic measures, stratified by genotype for each of the 18 selected SNPs, as well as minor 

allele frequencies (MAF), are presented in Additional file 2, Table S1.  
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Results 

The clinical characteristics of the study subjects (n=6,720) are summarized in Table 1. 

The age of the study subjects ranged between
 
16 and 83 years. The majority of the subjects were 

female (90.3%). The overall BMI for the cohort was 25.2 kg/m
2
, with 53.7% of the subjects 

showing normal BMI measures between 18.5 and 24.9 kg/m
2
. All serum biochemical indices of 

predisposition to T2DM were, on average, within the normal clinical range.  

Significant associations between genotypes of the selected SNPs and metabolic 

phenotypes are presented in Table 2. Of the 18 SNPs examined against each of the nine 

metabolic indices of T2DM, only six demonstrated a significant association with one or more 

phenotype after B-Y correction (p<0.014). The specific associations were between SNPs in IL6, 

TNFA and CRP and fasting insulin, TGs, HDL-C and sCRP. After  Bonferroni adjustment 

(p≤0.0027), the only remaining associations were between the SNPs in CRP and sCRP. Each 

additional allele of the CRP rs1205 was associated with 39.2% (95%CI: 29.5-47.6 %) decrease 

in serum CRP level while each additional allele of CRP rs1417938 was associated with 67.3% 

(95%CI: 44.5-93.8 %) increase in serum CRP level. The independent effects of these two SNPs 

on serum CRP level remained significant after adjustment for each other (prs1205 = 0.0002; 

prs1417938 = <0.0001). 

In order to identify the association between a set of inflammatory markers and acute 

phase proteins (sCRP, amyloid-A, and VDBP) and the serum biochemical indices of 

predisposition to T2DM (fasting insulin and glucose, HDL-C, LDL-C, and TGs, as well as BMI), 

a cross-correlation analysis was carried out between these factors as shown in Figure 1. sCRP 

was significantly (p<0.0001) correlated with increased levels of fasting insulin (r=0.17), 

amyloid-A (r=0.40), TGs (r=0.26), and VDBP (r=0.36) and with higher BMI (r=0.23, p<0.0001) 



  Page 12 of 29 

but with lower levels of HDL-C (r=-0.12, p<0.0001). As expected, circulating levels of HDL-C 

were inversely correlated with fasting insulin (r=-0.15, p<0.0001), LDL-C (r=-0.05, p=0.024) 

and TGs (r=-0.33, p<0.0001). Furthermore, BMI was linked to elevated serum levels of fasting 

glucose (r=0.11, p<0.0001) and insulin (r=0.15, p<0.0001), LDL-C (r=0.067, p=0.0022), VDBP 

(r=0.048, p=0.049) and TGs (r=0.18, p<0.0001) and with lower serum HDL-C (r=-0.14, 

p<0.0001).  
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Discussion 

In the present study we presented evidence for several associations between 

polymorphisms in various genes along the innate immunity-related inflammation cascade and the 

metabolic phenotypes associated with risk of T2DM.  Several lines of evidence suggest a role for 

inflammation in regulating insulin action, glucose homeostasis and T2DM [7,21]. Compared to 

healthy individuals, subjects with T2DM risk factors such as obesity, hyper-triglyceridemia, or 

low HDL-C exhibit elevated serum levels of pro-inflammatory cytokines and acute-phase 

reactants [10]. Furthermore, it is well established that levels of inflammatory markers exhibit a 

gradual increase as T2DM develops and progresses to its complications. Initial high circulating 

levels of pro-inflammatory cytokines was also thought to contribute, at least partly, to the 

subsequent manifestation of disease [40-45]. 

Genetic variants in innate immunity-related inflammatory pathways may affect metabolic 

phenotypes associated with T2DM risk, and therefore contribute to disease pathogenesis. Indeed, 

a number of studies have noted that inherited variants in genes encoding for this pathway are 

associated with T2DM and other cardio-metabolic disorders [46-50]. We observed several 

associations between SNPs in genes along the innate immunity pathway and metabolic and 

phenotypic indices related to the risk of T2DM (Table 2). For example, fasting insulin levels 

were associated with SNPs in IL6 and TNFA, whereas HDL-C was associated with variants in 

TNFA and CRP (Table 2). The strongest associations observed in the present study were between 

two variants in CRP and serum levels of sCRP (p<0.0001). The CRP variant rs1205 was 

inversely associated with sCRP, while rs1417938 exhibited a direct association with the serum 

levels of sCRP. CRP rs1417938 was also positively associated with circulating HDL-C and 

VDBP.  
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Previous reports have demonstrated a significant association between variants in the 

genes assessed here and serum levels of inflammatory markers, metabolic phenotypes associated 

with T2DM risk, and/or disease incidence (for review see 21). For example, genetic variants in 

the promoter region of the IL6 gene (rs1800795 and rs1800796; both are in LD with the IL6 

SNPs examined here) have been linked with susceptibility to T2DM [26]. Furthermore, the 

association of polymorphisms in the TNFA with T2DM and its related complications has been 

extensively investigated [27-30]. The SNPs rs1800629 and rs361525, both located in the TNFA 

promoter region, have been implicated in the predisposition to T2DM [27]. The minor allele of 

rs1800629 has been linked to increased TNFA transcriptional activity [51], whereas rs361525 is 

located in a repressor site of the gene [52]. In this study, we noted a strong association between 

the TNFA variant rs3093662 and fasting insulin. Each additional allele of TNFA rs3093662 was 

found to be associated with about 37.1% (95%CI: 11.0-69.5%) increase in serum fasting insulin 

levels. Although TNFA rs3093662 was previously linked to a higher serum level of TNF-α [53], 

to our knowledge the present results is the first reported link between this variant and elevated 

levels of serum insulin. This observation substantiates a further investigation for the role of the 

TNFA gene variants in T2DM risk and progression.  

A number of SNPs in the CRP gene have been linked to elevated levels of serum sCRP 

[32], insulin sensitivity [33], and T2DM [34,35]. As noted previously, in the present study we 

observed an association between two CRP variants and sCRP (rs1205 and rs1417938, Table 2). 

These variants markedly modulated the serum levels of sCRP where each additional allele of 

rs1205 conferred approximately 40% lowering in serum sCRP while an additional allele of 

rs1417938 resulted in about 67% increase in sCRP. These results are in line with observations 

indicating a strong impact of local SNPs of the CRP gene on plasma CRP levels although no 
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direct evidence were established to demonstrate that these genetically controlled CRP elevations 

may contribute to cardiometabolic phenotypes [54]. However, several studies have reported that 

serum CRP, particularly in T2DM, can be influenced additively via the interaction between 

SNPs in IL6 and CRP [54-57].  Furthermore, a number of GWAS report have been carried out in 

order to identify loci that may modulate the serum levels of the metabolic indices such as LDL-

C, HDL-C, CRP, TGs, etc. that were examined in this study [58-60]. Of the variants identified in 

these studies, only the CRP SNP rs2794520, which is in LD with rs1205, was examined in the 

present study and, as discussed earlier, was found play a role in attenuating the serum levels of 

sCRP (Table 2). 

Although several genetic variants were implicated in risk of T2DM, it is not clear 

whether these variants are themselves causal or in LD with other causal SNPs. A reason for not 

taking into account (Bonferroni correction) the number of phenotypes may be that the 

phenotypes are strongly correlated with each other. Further studies, such as pathway analyses, 

are required to understand the functional consequences of the present findings and to clarify the 

causal relationships between the studies (and other) variants along the innate-immunity-related 

inflammation and the risk of T2DM. This is particularly essential with the present findings, 

particularly where several of the outcomes of association analysis (Table 2) were found to 

correlated with one another. In addition, identification of additional SNPs or copy number 

variations (CNVs) of inflammation-related genes, their frequencies and their association with 

risk of T2DM will assist in further clarifying the genetic basis of the disease and in designing 

strategies for early risk prediction.  Gene-gene interactions may present a potential to partly 

explain phenotypic variability and disease risk.  Although we only investigated one such instance 

in this analysis (i.e., the interaction between CRP polymorphisms affecting circulating sCRP 
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levels), with improved methodologies for large scale gene-gene interaction analysis, additional 

analyses may prove valuable in elucidating mechanisms by which T2DM develops, as well as in 

improving risk prediction [61]. Gene-environment interactions, and in particular gene-diet 

interactions, may also contribute to inter-individual variability in disease risk, and the potential 

modifying effects of nutrients with anti-inflammatory properties, such as vitamin D, on the 

relationship between genetic variants and metabolic phenotypes associated with increased T2DM 

risk are being currently investigated. A potential limitation of this study stems from its focus on a 

selected panel of SNPs without investigating a more comprehensive set of genome-wide variants 

in association with the metabolic trait of interest. This candidate gene approach is known to have 

a limited power in identifying novel loci compared to a genome-wide association scan (GWAS). 

Moreover, investigating only a few SNPs along a particular pathway (e.g., innate immunity-

related inflammation as investigated here) will preclude the assessment of interactions between 

multiple related pathways on disease etiology (e.g., various metabolic and phenotypic indices 

related to risk of T2DM). Our choice, however, of SNPs along the inflammatory cascade was 

substantiated from numerous reports implicating this signaling pathway in susceptibility to 

T2DM [22,26-35]. 

The results of the present study demonstrate inter-correlations between various metabolic 

phenotypes that are linked to T2DM risk. These correlations include associations between 

biomarkers of inflammation such as sCRP (whose serum levels increase as a downstream effect 

of the action of pro-inflammatory cytokines) and dysregulation of lipid metabolism, such as 

increased fasting glucose and insulin, decreased HDL-C and increased serum TGs (Figure 1). 

The observed correlations between the assessed metabolic phenotypes of T2DM risk are in 

agreement with existing knowledge with respect to the clinical interaction between these 
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biomarkers [62,63]. Furthermore, the inter-correlation between the different metabolic and 

phenotypic indices of disease risk provides an integrated view of the T2DM risk profile as being 

determined by the dysregulation of several physiologic pathways, such as glucose metabolism, 

lipid metabolism, and the inflammatory response. This view is also supported by our observation 

that several of the SNPs assessed here were associated with phenotypes from multiple metabolic 

pathways. In this respect, we observed a significant correlation between increased BMI and 

biochemical indices of T2DM (e.g., measures of glucose, lipid metabolism, and inflammatory 

markers; see Figure 1). This result is agreement with previous research implicating obesity in the 

predisposition to T2DM [7,44] and suggest the use of BMI as a robust surrogate of 

cardiometabolic dysfunction. Extensive experimental, clinical and epidemiological studies have 

previously linked obesity to the activation of inflammatory signalling pathways and to the 

subsequent manifestations of T2DM [7,64,65]. This observation further suggests a possible role 

of the innate immunity-related inflammatory pathway in the etiology of T2DM and implicates 

factors that attenuate inflammation as an approach for disease intervention [21].  
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Conclusions 
In conclusion, our results support previous evidence demonstrating that genetic variants 

along innate immune-related inflammatory pathways are associated with metabolic risk factor 

phenotypes for T2DM. This research contributes toward the knowledge base for biomarker 

discovery for early T2DM detection. The findings from this study also highlight multiple 

associations between biochemical indices of T2DM and suggest an underlying network of 

various pathways that become dysregulated during the onset and progression of the disease.  



  Page 19 of 29 

Competing interests 
 The authors declare no competing interests.   

 

Authors’ contributions 

 PA, BGB and ZD participated in study design, performed data analysis and 

interpretation, and drafted the manuscript. DB performed data analysis and interpretation. AV 

selected the proxies of the candidate SNPs in the genes of interest. SM contributed in developing 

the collaboration between PHAC and McGill University. TDS supervised cohort recruitment and 

genotyping. MK, BR and AE-S participated in study design and data interpretation and 

coordination. AB conceived of the study, participated in its design and coordination and in data 

interpretation and manuscript writing. All authors provided critical manuscript revisions, read 

and approved the final manuscript. 

 

Acknowledgements and Funding 

 The TwinsUK study was funded by the Wellcome Trust, European Commission 

Framework (FP7/2007-2013), ENGAGE project HEALTH-F4-2007-201413, and the FP5 

GenomEUtwin Project (QLG2-CT-2002-01254). It also receives support from the Arthritis Re- 

search Campaign, Chronic Disease Research Foundation, the National Institute for Health 

Research (NIHR) comprehensive Biomedical Re- search Centre Award to Guy’s and St Thomas’ 

NHS Foundation Trust in partnership with King’s College London, and a Biotechnology and 

Bio- logical Sciences Research Council project grant (G20234). This work was supported by 

grants from the Canadian Foundation for Innovation, the Canadian Institutes of Health Research 

(CIHR), Fonds de la recherche en sante du Quebec and the Jewish General Hospital. BR and ZD 



  Page 20 of 29 

are supported by the CIHR. AE-S holds a Canada Research Chair in Nutrigenomics. PA, BGB, 

DB, AV, SM, MK and AB received support from the Public Health Agency of Canada.  



  Page 21 of 29 

References 

 

 1.  Wild S, Rolic C, Green A: Global prevalence of diabetes: Estimates for the year 2000 

and projection for 2030. Diabetes Care 2004, 37: 1047-1053. 

 2.  Mokdad AH, Bowman BA, Ford ES, Vinicoor F, Marks JS, Koplan JP: The continuing 

epidemics of obesity and diabetes in the United States. J Am Med Assoc 2001, 286: 

1195-1200. 

 3.  Venkataraman R, Nanda NC, Baweja G, Parikh N, Bhatia V: Prevalence of diabetes 

mellitus and related conditions in Asian Indians living in the United States. Am J 

Cardiol 2004, 94: 977-980. 

 4.  Stumvoll M, Goldstein B, van Haeften T: Type 2 diabetes: principles of pathogenesis 

and therapy. Lancet 2005, 365: 1333-1346. 

 5.  Dandona P, Aljada A: A rational approach to pathogenesis and treatment of type 2 

diabetes mellitus, insulin resistance, inflammation, and atherosclerosis. Am J Cardiol 

2002, 90: 27G-33G. 

 6.  Dandona P, Aljada A, Chaudhuri A, Bandyopadhyay A: The potential influence of 

inflammation and insulin resistance on the pathogenesis and treatment of 

atherosclerosis-related complications in type 2 diabetes. J Clin Endocrinol Metab 

2003, 88: 2422-2429. 

 7.  Dandona P, Aljada A, Bandyopadhyay A: Inflammation: the link between insulin 

resistance, obesity and diabetes. Trends Immunol 2004, 25: 4-7. 

 8.  Zimmet P, Alberti KG, Shaw J: Global and societal implications of the diabetes 

epidemic. Nature 2001, 414: 782-787. 

 9.  Alberti KG: Treating type 2 diabetes - today's targets, tomorrow's goals. Diabetes 

Obes Metab 2001, 3 Suppl 1: 3-10. 

 10.  Pickup JC, Matttock MB, Chusney GD, Burt D: NIDDM as a disease of the innate 

immune system: association of acute phase reactants and interleukin-6 with 

metabolic syndrome X. Diabetologia 1997, 40: 1286-1292. 

 11.  Pickup JC, Crook MA: Is Type II diabetes mellitus a disease of the innate immune 

system? Diabetologia 1998, 41: 1241-1248. 

 12.  Beutler B: Innate immunity: an overview. Mol Immunol 2004, 40: 845-859. 

 13.  Takeda K, Akira S: TLR signaling pathways. Semin Immunol 2004, 16: 3-9. 

 14.  Medzhitov R, Janeway C: Innate immunity. N Engl J Med 2000, 343: 338-344. 



  Page 22 of 29 

 15.  Bilan PJ, Samokhvalov V, Koshkina A, Schertzer JD, Samaan MC, klip a: Direct and 

macrophage-mediated actions of fatty acids causing insulin resistance in muscle 

cells. Arch Physiol Biochem 2009, 115: 176-190. 

 16.  Hotamisligil GS: Inflammation and metabolic disorders. Nature 2006, 444: 860-867. 

 17.  Lumeng CN, Bodzin JL, Saltiel AR: Obesity induces a phenotypic switch in adipose 

tissue macrophage polarization. J Clin Invest 2007, 117: 175-184. 

 18.  Lumeng CN, Deyoung SM, Bodzin JL, Saltiel AR: Increased inflammatory properties 

of adipose tissue macrophages recruited during diet-induced obesity. Diabetes 2007, 

56: 16-23. 

 19.  Hotamisligil GS, Arner P, Caro JF, Atkinson RL, Spiegelman BM: Increased adipose 

tissue expression of tumor necrosis factor-a in human obesity and insulin resistance. 
J Clin Invest 1995, 95: 2409-2415. 

 20.  Le Souef PN: Gene-environmental interaction in the development of atopic asthma: 

new developments. Curr Opin Allergy Clin Immunol 2009, 9: 123-127. 

 21.  Badawi A, Klip A, Haddad P, Cole DEC, Garcia Bailo B, El-Sohemy A et al.: Type 2 

Diabetes Mellitus and Inflammation: Prospects for Biomarkers of Risk and 

Nutritional Intervention. Diabetes, Metabolic Syndrome and Obesity: Targets and 

Therapy 2010, 3: 173-186. 

 22.  Spector TD, Williams FM: The UK Adult Twin Registry (TwinsUK). Twin Res Hum 

Genet 2006, 9: 899-906. 

 23.  The UK Adult Twin Registry.  26-4-2010.  

Ref Type: Internet Communication 

 24.  Andrew T, Hart DJ, Snieder H, de LM, Spector TD, MacGregor AJ: Are twins and 

singletons comparable? A study of disease-related and lifestyle characteristics in 

adult women. Twin Res 2001, 4: 464-477. 

 25.  Illig T, Gieger C, Zhai G, Romisch-Margl W, Wang-Sattler R, Prehn C et al.: A genome-

wide perspective of genetic variation in human metabolism. Nat Genet 2010, 42: 137-

141. 

 26.  Huth C, Heid IM, Vollmert C, Gieger C, Grallert H, Wolford JK et al.: IL6 gene 

promoter polymorphisms and type 2 diabetes: joint analysis of individual 

participants' data from 21 studies. Diabetes 2006, 55: 2915-2921. 

 27.  Kubaszek SA, Pihlajamaki J, Komarovski V, Lindi V, Lindstrom L, Eriksson J et al.: 

Finnish diabetes prevention study: promoter polymorphisms of the TNF-a (G-308A) 

and IL-6 (C-174G) genes predict the conversion from impaired glucose tolerance to 

type 2 diabetes: the Finnish diabetes prevention study. Diabetes 2003, 52: 1872-1876. 



  Page 23 of 29 

 28.  Hoffstedt J, Eriksson P,  HL, Rossner S, Ryden PAM: Excessive fat accumulation is 

associated with the TNF a-308 G/A promoter polymorphism in women but not in 

men. Diabetologia 2000, 43: 117-120. 

 29.  Susa S, Daimon M, Sakabe J, Sato H, Oizumi T, Karasawa S et al.: A functional 

polymorphism of the TNF-alpha gene that is associated with type 2 DM. Biochem 

Biophys Res Commun 2008, 369: 943-947. 

 30.  Rasmussen SK, Urhammer SA, Jensen JN, Hansen T, Borch-Johnsen K, Pedersen O:  

The -238 and -308 G>A polymorphisms of the tumor necrosis factor a gene 

promoter are not associated with features of the insulin resistance syndrome or 

altered birth weight in Danish Caucasians. J Clin Endocrinol Metab 2000, 85: 1731-

1734. 

 31.  Zeggini E, Groves CJ, Parkinson JR, Halford S, Owen KR, Frayling TM et al.: Large-

scale studies of the association between variation at the TNF/LTA locus and 

susceptibility to type 2 diabetes. Diabetologia 2005, 48: 2013-2017. 

 32.  Hage FG, Szalai AJ: C-reactive protein gene polymorphisms, C-reactive protein 

blood levels, and cardiovascular disease risk. J Am Coll Cardiol 2007, 50: 1115-1122. 

 33.  Obisesan TO, Leeuwenburgh C, Ferrell RE, Phares DA, McKenzie JA, Prior SJ et al.: C-

reactive protein genotype affects exercise training-induced changes in insulin 

sensitivity. Metabolism 2006, 55: 453-460. 

 34.  Zee RY, Germer S, Thomas A, Raji A, Rhees B, Ridker PM et al.: C-reactive protein 

gene variation and type 2 diabetes mellitus: a case-control study. Atherosclerosis 

2008, 197: 931-936. 

 35.  Lange LA, Burdon K, Langefeld CD, Liu Y, Beck SR, Rich SS et al.: Heritability and 

expression of C-reactive protein in type 2 diabetes in the Diabetes Heart Study. Ann 

Hum Genet 2006, 70: 717-725. 

 36.  Wakefield J, De VF, Hung RJ: Bayesian mixture modeling of gene-environment and 

gene-gene interactions. Genet Epidemiol 2010, 34: 16-25. 

 37.  The International HapMap Project. Nature 2003, 426: 789-796. 

 38.  Mucci LA, Hsieh CC, Williams PL, Dickman PW, Bjorkman L, Pedersen NL: Birth 

order, sibship size, and housing density in relation to tooth loss and periodontal 

disease: a cohort study among Swedish twins. Am J Epidemiol 2004, 159: 499-506. 

 39.  Narum SR: Beyond Bonferroni: Less conservative analyses for conservation genetics. 

Conservation Genetics 2006, 7: 783-787. 

 40.  Pradhan AD, Manson JE, Rifai N, Buring JE, Ridker PM: C-reactive protein, 

interleukin 6, and risk of developing type 2 diabetes mellitus. JAMA 2001, 286: 327-

334. 



  Page 24 of 29 

 41.  Festa A, D'Agostino R, Jr., Tracy RP, Haffner SM: Elevated levels of acute-phase 

proteins and plasminogen activator inhibitor-1 predict the development of type 2 

diabetes: the insulin resistance atherosclerosis study. Diabetes 2002, 51: 1131-1137. 

 42.  Thorand B, Lowel H, Schneider A, Kolb H, Meisinger C, Frohlich M et al.: C-reactive 

protein as a predictor for incident diabetes mellitus among middle-aged men: 

results from the MONICA Augsburg cohort study, 1984-1998. Arch Intern Med 2003, 

163: 93-99. 

 43.  Thorand B, Baumert J, Kolb H, Meisinger C, Chambless L, Koenig W et al.: Sex 

differences in the prediction of type 2 diabetes by inflammatory markers: results 

from the MONICA/KORA Augsburg case-cohort study, 1984-2002. Diabetes Care 

2007, 30: 854-860. 

 44.  Pradhan A: Obesity, metabolic syndrome, and type 2 diabetes: inflammatory basis of 

glucose metabolic disorders. Nutr Rev 2007, 65: S152-S156. 

 45.  Meigs JB, Hu FB, Rifai N, Manson JE: Biomarkers of endothelial dysfunction and 

risk of type 2 diabetes mellitus. JAMA 2004, 291: 1978-1986. 

 46.  Bidwell JL, Wood NA, Morse HR, Olomolaiye OO, Keen LJ, Laundy GJ: Human 

cytokine gene nucleotide sequence alignments: supplement 1. Eur J Immunogenet 

1999, 26: 135-223. 

 47.  Haukim N, Bidwell JL, Smith AJ, Keen LJ, Gallagher G, Kimberly R et al.: Cytokine 

gene polymorphism in human disease: on-line databases, supplement 2. Genes 

Immun 2002, 3: 313-330. 

 48.  Hollegaard MV, Bidwell JL: Cytokine gene polymorphism in human disease: on-line 

databases, Supplement 3. Genes Immun 2006, 7: 269-276. 

 49.  Bidwell J, Keen L, Gallagher G, Kimberly R, Huizinga T, McDermott MF et al.: 

Cytokine gene polymorphism in human disease: on-line databases. Genes Immun 

1999, 1: 3-19. 

 50.  Ollier WE: Cytokine genes and disease susceptibility. Cytokine 2004, 28: 174-178. 

 51.  Kroeger KM, Carville KS, Abraham LJ: The -308 tumor necrosis factor-alpha 

promoter polymorphism effects transcription. Mol Immunol 1997, 34: 391-399. 

 52.  Fong CL, Siddiqui AH, Mark DF: Identification and characterization of a novel 

repressor site in the human tumor necrosis factor alpha gene. Nucleic Acids Res 

1994, 22: 1108-1114. 

 53.  Abhimanyu, Mangangcha IR, Jha P, Arora K, Mukerji M, Banavaliker JN et al.: 

Differential serum cytokine levels are associated with cytokine gene polymorphisms 

in north Indians with active pulmonary tuberculosis. Infect Genet Evol 2011. 



  Page 25 of 29 

 54.  Kushner I, Jiang SL, Zhang D, Lozanski G, Samols D: Do post-transcriptional 

mechanisms participate in induction of C-reactive protein and serum amyloid A by 

IL-6 and IL-1? Ann N Y Acad Sci 1995, 762: 102-107. 

 55.  Vickers MA, Green FR, Terry C, Mayosi BM, Julier C, Lathrop M et al.: Genotype at a 

promoter polymorphism of the interleukin-6 gene is associated with baseline levels 

of plasma C-reactive protein. Cardiovasc Res 2002, 53: 1029-1034. 

 56.  Libra M, Signorelli SS, Bevelacqua Y, Navolanic PM, Bevelacqua V, Polesel J et al.: 

Analysis of G(-174)C IL-6 polymorphism and plasma concentrations of 

inflammatory markers in patients with type 2 diabetes and peripheral arterial 

disease. J Clin Pathol 2006, 59: 211-215. 

 57.  Paik JK, Kim OY, Koh SJ, Jang Y, Chae JS, Kim JY et al.: Additive effect of 

interleukin-6 and C-reactive protein (CRP) single nucleotide polymorphism on 

serum CRP concentration and other cardiovascular risk factors. Clin Chim Acta 

2007, 380: 68-74. 

 58.  Kathiresan S, Manning AK, Demissie S, D'Agostino RB, Surti A, Guiducci C et al.: A 

genome-wide association study for blood lipid phenotypes in the Framingham Heart 

Study. BMC Med Genet 2007, 8 Suppl 1: S17. 

 59.  Palmer ND, Langefeld CD, Ziegler JT, Hsu F, Haffner SM, Fingerlin T et al.: Candidate 

loci for insulin sensitivity and disposition index from a genome-wide association 

analysis of Hispanic participants in the Insulin Resistance Atherosclerosis (IRAS) 

Family Study. Diabetologia 2010, 53: 281-289. 

 60.  Benjamin EJ, Dupuis J, Larson MG, Lunetta KL, Booth SL, Govindaraju DR et al.: 

Genome-wide association with select biomarker traits in the Framingham Heart 

Study. BMC Med Genet 2007, 8 Suppl 1: S11. 

 61.  Wakefield J: Bayes factors for genome-wide association studies: comparison with P-

values. Genet Epidemiol 2009, 33: 79-86. 

 62.  Vallianou NG, Evangelopoulos AA, Panagiotakos DB, Georgiou AT, Zacharias GA, 

Vogiatzakis ED et al.: Associations of acute-phase reactants with metabolic 

syndrome in middle-aged overweight or obese people. Med Sci Monit 2010, 16: CR56-

CR60. 

 63.  Genest J: C-reactive protein: risk factor, biomarker and/or therapeutic target? Can J 

Cardiol 2010, 26 Suppl A: 41A-44A. 

 64.  Wellen KE, Hotamisligil GS: Inflammation, stress, and diabetes. J Clin Invest 2005, 

115: 1111-1119. 

 65.  Shoelson SE, Lee J, Goldfine AB: Inflammation and insulin resistance. J Clin Invest 

2006, 116: 1793-1801. 

 



  Page 26 of 29 

 Figure and Figure legend 

 

Figure 1:  Cross-correlation analysis between serum biochemical indices and metabolic 

risk factors of T2DM.  

Only significant correlations are highlighted and numbered. For each significant 

correlation, Pearson’s correlation coefficients (r), p-values and sample sizes are 

shown in parentheses. 
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Tables 

 

Table 1: Characteristics of the study subjects from the TwinsUK cohort.
1
 

 

 

Measure 

 

 

n 

 

Mean ±±±± SE
2
 

 

Range 

 

Age (years) 

 

Sex 

      Male 

      Female 

 

Fasting glucose (mmol/L) 

 

Triglycrides (mmol/L) 

 

Fasting Insulin (µIU/ml) 

 

LDL-C (mmol/L) 

 

HDL-C (mmol/L) 

 

sCRP (mg/L) 

 

Amyloid-A (mg/L) 

 

VDBP (ng/L) 

 

BMI (Kg/m
2
) 

 

6,720 

 

 

653 

6,067 

 

6,623 

 

5,541 

 

2,414 

 

1,780 

 

4,878 

 

5,464 

 

360 

 

1,730 

 

4,710 

 

 

46.2 ± 0.16 

 

 

9.7% 

90.3% 

 

4.6 ± 0.01 

 

1.1 ± 0.01 

 

11.9 ± 0.31 

 

3.3 ± 0.02 
 

1.5 ± 0.01 

 

3.1 ± 0.09 

 

6.7 ± 0.41 

 

301 ± 1.23 
 

25.2 ± 0.07 

 

16.1 – 83.8 

 

 

 

 

 

2.1 – 6.7 

 

0.15 – 8.9 

 

2 – 177 

 

0.3 – 6.9 

 

0.2 – 3.1 

 

0.0 – 161 

 

2 – 91 

 

190 – 602 

 

13.2 – 52.4 

1
Study population excluded subjects with fasting glucose of ≥ 7 mmol/L (i.e., possible diabetics) 

and those under 16 years of age. 
2
Values represent unadjusted mean ± standard error of n subjects. 
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Additional files 

 
 

Additional file 1:  

 Title: Figure S1.  

Description: LD structure for all genotyped SNPs from hapmap CEU population in 

the studied genes (www.hapmap.org). (a) TNFA, (b) CRP, (c) IL1A, (d) IL6, (e) TLR4 

 

Additional file 2:  

 Title: Table S1.  

 Description: Frequencies and means of metabolic markers across genotypes. 

 



Amyloid

sCRP

HDL

Insulin

LDL

TGs

VDBP

BMI

(1)

(2)

(3) (4) (5)

(6) (7)

(8) (9) (10) (11) (12) (13)

(14) (15) (16) (17)

(18) (19) (20) (21) (22) (23) (24)

( 1 )( 2 )( 3 )( 4 )( 5 )( 6 )( 7 )( 8 )( 9 )( 1 0 )( 1 1 )( 1 2 )( 1 3 )( 1 4 )( 1 5 )( 1 6 )( 1 7 )( 1 8 )( 1 9 )( 2 0 )( 2 1 )( 2 2 )( 2 3 )( 2 4 )

r = 0 . 3 9 3 9 , p < 0 . 0 0 0 1 ( n = 3 2 0 )r = � 0 . 1 2 3 9 , p < 0 . 0 0 0 1 ( n = 2 , 9 9 6 )r = 0 . 2 9 7 1 , p < 0 . 0 0 0 1 ( n = 2 , 5 1 4 )r = 0 . 1 6 6 4 , p = < 0 . 0 0 0 1 ( n = 2 , 5 8 8 )r = � 0 . 1 4 9 8 , p = < 0 . 0 0 0 1 ( n = 2 , 3 5 6 )r = 0 . 0 8 0 5 4 , p = 0 . 0 0 0 6 ( n = 1 , 8 1 9 )r = � 0 . 0 5 1 0 4 , p = 0 . 0 2 4 1 ( n = 1 , 9 5 2 )r = 0 . 1 3 8 3 , p < 0 . 0 0 0 1 ( n = 3 , 0 3 9 )r = 0 . 1 1 7 2 , p = 0 . 0 3 8 5 ( n = 3 1 2 )r = 0 . 2 5 9 2 , p = < 0 . 0 0 0 1 ( n = 2 , 9 5 4 )r = � 0 . 3 3 4 1 , p = < 0 . 0 0 0 1 ( n = 3 , 1 8 4 )r = 0 . 2 0 6 0 , p < 0 . 0 0 0 1 ( n = 2 , 3 1 1 )r = 0 . 2 2 1 7 , p < 0 . 0 0 0 1 ( n = 1 , 9 6 5 )r = 0 . 1 6 3 2 , p = 0 . 0 2 1 9 ( n = 1 9 7 )r = 0 . 3 6 4 9 , p < 0 . 0 0 0 1 ( n = 1 , 5 6 7 )r = 0 . 0 6 5 8 5 , p = 0 . 0 2 0 5 ( n = 1 , 2 3 8 )r = 0 . 2 0 8 8 , p < 0 . 0 0 0 1 ( n = 1 , 5 6 9 )r = 0 . 1 0 6 2 , p < 0 . 0 0 0 1 ( n = 3 , 5 4 2 )r = 0 . 2 3 0 8 , p < 0 . 0 0 0 1 ( n = 3 , 3 3 2 )r = � 0 . 1 3 8 2 , p < 0 . 0 0 0 1 ( n = 3 , 2 4 0 )r = 0 . 1 5 2 5 , p < 0 . 0 0 0 1 ( n = 2 , 5 9 5 )r = 0 . 0 6 6 7 1 , p = 0 . 0 0 2 2 ( n = 2 , 1 0 4 )r = 0 . 1 7 6 8 , p < 0 . 0 0 0 1 ( n = 3 , 2 0 7 )r = 0 . 0 4 8 4 2 , p = 0 . 0 4 9 4 ( n = 1 , 6 4 7 )
Figure 1
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