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ABSTRACT 

GENOME-WIDE FINE-MAPPING OF DIABETIC TRAITS 

 

 

Brittany Baur 

 

Marquette University, 2013 

 

 

Type 2 diabetes results from both genes and the environment. Mapping genetic loci in 

animal models can help identify genes that are involved in type 2 diabetes to better understand the 

disease. Heterogeneous stock (HS) rats are derived from eight inbred founder strains and 

maintained in a breeding strategy that minimizes inbreeding. HS rats have a highly recombinant 

genome, which allows for rapid fine-mapping of complex traits genome-wide. However, this 

results in a complicated set of relationships between animals that is non-existent in traditional 

genetic mapping methods. To fine-map traits involved in type 2 diabetes, multiple diabetic 

phenotypes were collected in 1,038 HS male rats and these animals were genotyped using the 

Affymetrix 10K SNP array. Following ancestral haplotype reconstruction, a mixed modeling 

approach was used to identify genetic loci involved in two phenotypes suggestive of diabetes: 

fasting glucose and glucose area under the curve after a glucose tolerance test. Sibship was used 

as a random effect in the model to account for the complex family relationships.  A genome-wide 

significant marker interval was detected on chromosome 11 for fasting glucose with a 95% 

confidence interval of 5.75 Mb. Genome-wide significant marker intervals were also detected on 

chromosomes 1,3, 10, and 13 for glucose area under the curve, with the average 95% confidence 

interval for these loci being only 3.15 Mb. A multilocus modeling technique involving resample 

model averaging was applied to the fasting glucose phenotype. This technique determines how 

frequently each locus is detected when resampling a portion of the original data-set, thus reducing 

potential false positives. Multilocus modeling results for fasting glucose coincided with the 

significant marker interval demonstrated in the mixed modeling approach. Both approaches are 

effective at detecting significant marker intervals that are expected to be involved in the 

phenotype of interest with a greater resolution over traditional methods
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I. INTRODUCTION 

 

 

 Type 2 diabetes is a serious condition, which over time can lead to heart disease, 

blindness, kidney damage and nerve damage. The prevalence of the disease is approximately 13% 

in the US and is predicted to more than double by 2050 (Cowie et al., 2009; Boyle et al., 2010). 

Studies of various racial and ethnic groups suggest a genetic component to the disease. 

Prevalence of type 2 diabetes is as high as 50% in Pima Indians, whereas prevalence is close to 

5% in non-Hispanic whites in the Unites States (King & Rewers, 1993). Genome-wide 

association studies have revealed many genes involved in type 2 diabetes in humans (Morris et 

al., 2012). However, many of these genes only contribute a small percentage to the population 

variance. One way to find additional genes is to use animal models, such as heterogeneous stock 

rats.  

Heterogeneous stock (HS) rats are derived from eight inbred founder strains, and then 

maintained in a breeding paradigm that minimizes inbreeding. This strategy creates a high degree 

of recombination events in the HS animals. In other words, the genetic material in each HS rat is 

a random mosaic of each of the founder strains. This random mosaic allows rapid identification of 

quantitative trait loci (QTLs) with greater resolution over traditional methods. Quantitative traits 

are traits that can be measured numerically, such as height and weight, or in this case diabetic 

traits such as fasting glucose. QTLs are regions in the genome that are found to be significantly 

associated with a trait of interest. A QTL involvement in the phenotype of interest can be 

attributed to underlying changes in DNA. QTLs are important because they allow for the 

identification of genetic regions involved in complex traits, thus leading to identification of 

possible candidate genes. Importantly, narrower QTLs reduce the number of possible candidate 

genes that underlie the locus. 

 Traditional mapping methods include the F2 intercross, in which two inbred strains are 

mated and then their offspring are mated. This provides some recombination events to map QTLs, 
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but the number of possible genes in the region is large. The difficulty of detecting the underlying 

genes in traditional crosses can be attributed to a number of factors. Importantly, the genetic 

heterogeneity in these crosses is not representative of the total genetic variance present in animal 

populations in the wild (Mott, Talbot, Turri, Collins & Flint, 2001). Furthermore, multiple genes 

affecting a trait can be present within the same region which will appear to be one large QTL 

(Mott et al., 2001). HS rats circumvent these potential problems by increasing the number of 

parents from two to eight, followed by outbreeding for many generations, allowing for increased 

genetic diversity than an F2 intercross (Mott et al., 2001). Both the phenotypic and genetic 

diversity in the HS rat allows the colony to be more representative of the total phenotypic and 

genetic diversity of animal populations in the wild. Additionally, recombination distances are 

only a few centiMorgans (Mott et al., 2001). This could potentially separate multiple QTLs 

involved in the phenotype of interest that are within close proximity, and provides a narrow 

region for the trait of interest, leading to a smaller number of candidate genes (Flint & Eskin, 

2012). 

 Heterogeneous stock rats allow for greater mapping resolution, but results in a 

complicated set of relationships between animals; an issue not existent in traditional F2 crosses. 

Due to the complex correlation structure, many false positives could result during mapping if the 

family structure is not taken into account (Valdar, Holmes, Mott & Flint, 2009).  All 

heterogeneous stock rats are related at some level, and siblings are likely to have similar 

phenotypes than non-siblings. To take into account this complex structure, multilocus modeling 

or a mixed modeling approach with family as a random intercept can be used.  The mixed 

modeling approach has previously been used for a single region on rat chromosome 1 (Solberg 

Woods, Holl, Tschannen & Valdar, 2010; Solberg Woods et al., 2012). This study narrowed 

down a region, Niddm1, which was previously identified in F2 studies and implicated in various 

metabolic traits.  
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 Using a mixed model with family as a random effect controls for the unequal relatedness 

among animals to a large extent, but does not model associations between loci directly. These 

associations do not necessarily have to do with relatedness, but can be due to unmodeled 

environmental effects or other heritable elements that cannot be captured by overall genetic 

relatedness. In such cases, it is better to use a multilocus modeling approach which models 

confounding associations between loci directly (Valdar et al., 2009). Multilocus modeling reduces 

the number of false positives compared to the mixed-modeling approach. 

 The present study used a genome-wide fine-mapping approach for glucose area under the 

curve (AUC) and fasting glucose, two phenotypes indicative of type 2 diabetes. Fasting glucose is 

a marker of type 2 diabetes in humans (Nichols, Hillier & Brown, 2008). Glucose AUC is 

typically used in animal models to determine type 2 diabetes (Solberg Woods et al., 2010). The 

fasting glucose phenotype involved a basal sample of blood taken after 16   hours of fasting. 

For glucose AUC, subsequent samples were taken 15, 30, 60 and 90 minutes after a 1 g/kg body 

weight glucose injection. Glucose AUC is the area under this curve. Over 1,000 animals were 

genotyped and phenotyped for use in this study. The average spacing between any two genotyped 

SNPs was 353 Kb. 

This study rapidly identified several QTLs across the genome in a two-step approach. 

The first step involved estimating the expected proportions of founder haplotypes between each 

marker interval (Mott et al., 2001). In the second step, an appropriate null formula was found and 

then mixed model linear regression was used to identify significant QTLs. Mixed model linear 

regression is a type of regression model that allows the deterministic component to be a linear 

function of separate predictors made up of both fixed and random effects (Gelman & Hill, 2007). 

Using a fixed effect assumes the subjects in which measurements are drawn from are fixed. Using 

a random effect assumes that the measurements are drawn from a random sample of a larger 

population. A random effect was chosen for family because the differences between family 

members are of interest. Restricted estimate maximum likelihood (REML) was used for fitting 
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linear mixed models. A likelihood ratio test was performed between a model that omits locus-

specific information and a model that contains the vector of haplotype proportions, which 

followed the full model. The additive model, which was not tested in this thesis, allows for 

increased phenotypic effect when the number of causal alleles increases. The full model follows 

the additive model, but allows for interactions between alleles, including dominance (Valdar et 

al., 2006). Additionally, a multilocus approach, which used non-parametric resampling of the 

population and forward selection to predict the QTL model, was applied to the fasting glucose 

phenotype (Valdar et al., 2009). This approach can reduce the number of false positives by 

detecting only true QTLs, and not peaks that may be confounded with the true QTL. 
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II. METHODS 

 

 

 QTLs were fine-mapped by first inferring the underlying haplotype structure. The 

HAPPY algorithm was applied, which uses hidden Markov models to estimate the expected 

proportions of founder haplotypes in each marker interval based on the observed genotypes (Mott 

et al., 2001). The genotypes of each HS rat chromosome are treated as observed symbols emitted 

from a chain of unobserved haplotype states. The vector of haplotype proportions,      , for a 

marker interval m of rat i is then used in place of the raw genotype (Solberg Woods et al., 2010). 

Founder haplotypes characterize the rat's genome better than raw genotypes, as two strains 

exhibiting opposite effects at a QTL may share the same alleles at the genotyped marker, thus 

making the QTL impossible to detect. HAPPY uses flanking marker information and 

recombination distances to estimate the haplotype state, thus providing more information than 

obtained with a single marker, leading to gains in mapping power. Importantly, a HS rat’s 

genome should be characterized as the founder haplotypes on marker intervals because it is 

highly unlikely that a raw, genotyped SNP is also a causal variant.  

 To run HAPPY, an alleles file and a data file are needed for each chromosome. The 

alleles file contains the position of each marker, as well as the probability that each allele is found 

in each of the eight founder strains. The data file contains the phenotype information, as well as 

each of the genotyped markers for all of the animals used in the study. The Python programming 

language was used to create these files from the original genotype and phenotype raw data files. 

Non-informative markers were excluded from the analysis. Non-informative markers are defined 

as markers where all of the founders are homozygous for the same allele. 1,963 uninformative 

SNPs were removed from the genome. This brought the total number of SNPs from 10,714 to 

8,751. This served to reduce run-time without affecting the output. 

 Given the probabilities that each allele is found in each of the eight founder strains and 

the genotyping information for all of the HS animals, HAPPY can then estimate the ancestral 
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haplotypes for each individual. As a result of the HAPPY algorithm, the interval between two 

genotyped, observed SNPs is thus described as the estimated descent of founder haplotypes 

within that interval for each individual in the HS population (Mott et al., 2001). This is used for 

both the mixed modeling technique and the multilocus modeling technique to provide locus-

specific information to the model. The vector of haplotype proportions is included in both of the 

models described below.  

 All identification of normalizing transformations were guided by the Box-Cox procedure. 

Any values three standard deviations from the mean were removed to moderate the effects of 

outliers. Only one outlier was removed for fasting glucose, and none for glucose AUC. Sibship 

was added to the model as a random effect to account for the complex correlation structure of the 

HS rat in mixed-modeling analysis. Environmental covariates were also taken into account, as 

they may explain some of the residual variance and lead to gains in the ability to detect true QTLs 

(Broman & Sen, 2009). Covariates were tested with an ANOVA using the R function lme from 

the package MASS (Venables & Ripley, 2002). Additionally, the log likelihood of the model with 

just sibship as a random effect was compared to the model with sibship plus the covariate.   

After transformation to approximate residual normality, Valdar et al. (2009) defines the 

model for the effect of a genetic locus on the phenotype of rat i as: 

        
         

                

   

 

 In the above equation,       is defined as the value of covariate c of individual i. C is the 

set of all covariates (Solberg Woods et al., 2010). The set of pretreatment covariates is defined as: 

bleeder for fasting glucose and number of glucose injections and injector for glucose AUC. 

      is the vector of haplotype proportions, as described above, from the HAPPY algorithm for 

the full models (Solberg Woods et al., 2010).   is used generically to describe the predictor's 

effect.       is the effect of sibship k to which rat i belongs.          
   and            are 
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random intercepts taken from a normal distribution (Solberg Woods et al., 2010). All models 

were fitted by restricted estimate maximum likelihood (REML). The nominal significance of 

association at each locus was calculated by a likelihood ratio test based on full likelihoods at the 

REML estimates of a model that omits locus-specific information against one that contains the 

vector of haplotype proportions,        (Solberg Woods et al., 2010). The equation above is a 

standard approach. Modeling the overall effects of genetic relatedness via one or more random 

intercepts was originally used in plant and animal breeding strategies prior to the HS rat (Valdar 

et al., 2009).  

 A genome-wide significance threshold was applied by repeating the genome scan on 200 

sets of phenotypes generated by parametric bootstrap from the fitted null model (Solberg Woods 

et al., 2010). The maximum logPs of those scans were used to fit a generalized extreme value 

distribution. The upper 5% quantile was taken to be the 5% genome-wide significance threshold 

(Solberg Woods et al., 2010). To calculate the genome-wide significance threshold, the null scan 

results from all chromosomes were used simultaneously, therefore it inherently took into account 

comparisons between chromosomes. 95% confidence intervals were approximated using the 1.5-

LOD (logarithm of odds) drop method. The 1.5-LOD drop is defined as the markers enclosing the 

interval that lie just outside of the 1.5-LOD drop (Solberg Woods et al., 2012). In cases where the 

LOD score drops below 1.5 and then comes back, a larger connected interval was used (Broman 

& Sen, 2009). 

 A model selection approach, as described by Valdar et al. (2009), was used to model 

confounding associations between loci directly. This approach distinguishes between true QTLs 

and confounding associations. The equation for the multilocus model is defined by Valdar et al. 

(2009) as: 
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where M is the set of all genetic predictors and            is a variable indicating inclusion or 

exclusion of the predictor from the model (Valdar et al., 2009). In order to predict   , non-

parametric resampling was used, in which a proportion of the full data set was used to generate a 

new data set (Valdar et al., 2009). The QTL model was chosen using forward selection. When the 

logP of the partial F-test failed to exceed the 5% genome-wide significance threshold determined 

by permutation, forward selection was terminated (Valdar et al., 2009). Loci were excluded from 

further analysis if the logP of the partial F-test failed to exceed the 20% genome-wide 

significance threshold determined by permutation.  

 Applying model selection to the R resamples gives the following R x n(M) matrix: 

                      

The number of times a genetic locus, m, is included in the multilocus model is given by the 

Resample Model Inclusion Probability (RMIP).  A RMIP of .25 has been found to be true in 70% 

of cases (Valdar et al., 2006). 

The models were fitted and covariates were analyzed using the statistical package R (R-

Core-Development-Team, 2004) with the add-on packages lme4 (Bates, Maechler & Bolker, 

2011) and MASS (Venables & Ripley, 2002). The HAPPY software was used for the haplotype 

reconstruction methods (Mott et al., 2001). The software BAGPIPE was used for the mixed 

model linear regression and significance thresholds (Valdar et al., 2009).  Bagphenotype was used 

for the multilocus modeling (Valdar et al., 2009).  
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III. RESULTS 

 

 

A. Transformation and Environmental Covariates 

 

Fasting glucose was normalized with a square root transformation. After transformation, 

the correlation coefficient of the normal probability plot of the residuals was 0.99. Bleeder was 

added to the model as a covariate, as it increased the log likelihood from -395.2 to  -379.3. 

Glucose AUC was normalized with the inverse square root transformation. After transformation, 

the correlation coefficient of the normal probability plot of the residuals was 0.99. Number of 

glucose injections (DblInj) had a significant p-value of 0.007 when an ANOVA was performed. 

Injector did not give a significant p-value, but did increase the log likelihood from 6588 to 6596. 

Injector and number of glucose injections were only relevant to the glucose AUC phenotype, 

since fasting glucose was measured before any injection. Bleeder had a larger effect on fasting 

glucose than glucose AUC possibly because of the lack of other stimuli in collecting the fasting 

glucose data. Figure 1 shows the plots for fasting glucose and glucose AUC versus family. These 

plots demonstrate a high degree of variability, both between and within family, for these traits. 

There are 273 unique families and between one to thirteen animals per family. 

 

 
Figure 1:  Fasting glucose(left) and glucose AUC(right) against family. 
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B. Fasting Glucose 

 

 Following ancestral haplotype reconstruction, mixed model linear regression was 

performed, using sibship as a random intercept. This approach largely takes into account the 

family structure of the HS rat. After performing a likelihood ratio test between the null model 

(Equation 1) and the model containing the vector of haplotype proportions for the full model 

(Equation 2), the -logP values were plotted against chromosomal position in centiMorgans (cM). 

cM was used because HAPPY uses recombination distances to estimate the haplotype variation. 

Therefore, -logP values indicate the significance of association between the haplotype variation 

along the chromosome and the phenotype of interest. Megabases (Mb) are reported for the 

purpose of identifying candidate genes, with one cM being approximately two Mb. 

 

[1]  sqrt(Gluc0) ~ (1|Family) + Bleeder 

[2] sqrt(Gluc0) ~ (1]Family) + Bleeder + interval.full(THE.LOCUS) 

 

 

This mixed-modeling approach demonstrated a broad, significant marker interval on 

chromosome 11 for the fasting glucose phenotype (Figure 2 & 3). The 5% genome-wide 

significance threshold for this phenotype was 5.258. The peak marker interval of this region was 

from 27.12 Mb to 27.26 Mb with a -logP of 6.8. When accounting for the multiple peaks in close 

proximity, the 1.5-LOD drop interval stretched from 21.76 Mb to 27.51 Mb (5.75 Mb). 

 

 
Figure 2: Genome-wide scan of fasting glucose 
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Figure 3: Significance of association of haplotype variation with fasting glucose on chr. 11 

 

 

 A multilocus approach was also applied to the fasting glucose phenotype. This model 

selection approach uses resample model averaging in order to predict those true QTLs that do not 

result from confounding associations between loci. The proportion of the full data set that was 

used to generate the new data set was 0.8. One thousand forward selections executed in order to 

predict the QTL model. Loci were excluded from analysis if the logP of the partial F-test failed to 

exceed 4.39, the 20% genome-wide significance threshold determined by permutation of the 

fitted null model. Forward selection was terminated if the logP of the partial F-test failed to 

exceed 5.00, the 5% genome-wide significance threshold determined by permutation of the fitted 

null model. 

 A similar peak in this approach corresponded with the peak above (Figure 4). The peak 

resample model inclusion probability was 0.151 and this was the highest peak in the genome. 

This peak interval ranged from 27.12 Mb to 27.25 Mb. The colors in Figure 4 vary with window 

radius size, and darker colors indicate a larger window size (Valdar et al., 2009). The window 

radius sizes chosen were 1 cM, 2 cM and 4 cM. The light green, for instance, indicates the 

probability that a marker would be chosen within 1 cM of any given point on the x axis. At the 

highest peak of 0.151, there is a 0.31 probability that a marker is chosen within a 1 cM window 

size, 0.47 within a 2 cM window and 0.624 within a 4 cM window. 
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Figure 4: Resample model inclusion probabilities across chr. 11 

 

C. Glucose Area Under the Curve 

 

 The mixed-modeling approach was applied to an additional phenotype, glucose AUC. A 

likelihood ratio test was performed between the null model (Equation 3) and the null model plus 

locus specific information (Equation 4). 

 

[3] 1/sqrt(GTotalAUC)~(1|Family) + DblInj + injector 

[4] 1/sqrt(GTotalAUC)~(1|Family) + DblInj + injector + interval.full(THE.LOCUS) 

 

 

The 5% genome-wide significance threshold for the glucose AUC was 5.153.  As seen in 

Figure 5, significant loci were detected on chromosomes 1, 3, 10 and 13.  

 

 
Figure 5: Genome-wide scan of glucose AUC 

 

 

Due to the sharp drop in -logP and the numerous previously discovered QTLs in this 

region, chromosome 1 will be reported as having  two separate peaks (Figure 6). The first peak 
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marker for this region was from 210.11 Mb to 210.31 Mb with a -logP of 6.2. The 1.5-LOD drop 

was from 209.12 Mb to 211.45 Mb (2.33 Mb). The second peak was 220.63 Mb to 220.87 Mb 

with a -logP of 5.2. The 1.5-LOD drop interval was from 220.21 Mb to 220.87 Mb (0.67 Mb). 

 

 
Figure 6: Significance of association of haplotype variation on with glucose AUC on chr. 1 

 

 Another marker interval that passed  the genome-wide significance threshold is located 

on chromosome 3 (Figure 7).  The peak marker interval for this region was 152.56 Mb to 153.13 

Mb. The –logP for this interval was 5.49. The 1.5-LOD drop interval spanned from 150.66 Mb to 

154.22 Mb (3.56 Mb). 

 

 
Figure 7: Significance of association of haplotype variation with glucose AUC on chr. 3 
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 A larger region on chromosome 10 was also detected as a significant QTL (Figure 8). 

The peak marker interval for this QTL was from 49.78 Mb to 50.07 Mb, and had a –logP of 5.94. 

The 1.5 LOD-drop interval spanned from 49.36 Mb to 55.3 Mb (5.94 Mb). 

 

 
Figure 8: Significance of association of haplotype variation with glucose AUC on chr. 10 

 

 

 Finally, a significant marker interval was detected on chromosome 13 (Figure 9). This 

thin peak spanned from 68.98 Mb to 69.38 Mb, with a –logP of 5.24. The 1.5-LOD-drop interval 

ranged from 68.82 Mb to 69.62 Mb (.8 Mb). The significant intervals for the mixed-modeling 

analysis are summarized in the table below. 

 

Figure 9: Significance of association of haplotype variation with glucose AUC on chr. 13 
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Phenotype Chr Peak Marker  

Interval 

-logP 1.5-LOD drop  

(size in Mb) 

Fasting Glucose 11 27.12 - 27.26 6.80 21.76 - 27.51 

(5.75) 

Glucose AUC 1 210.11 - 210.31 6.20 209.12 - 211.45 

(2.33) 

Glucose AUC 1 220.63 - 220.87 5.20 220.21 - 220.87 

(0.67) 

Glucose AUC 3 152.56 - 153.13 5.49 150.66 - 154.22 

(3.56) 

Glucose AUC 10 49.78 - 50.07  5.94 49.36 - 55.3 

(5.94) 

Glucose AUC 13 68.98 - 69.38 5.24 68.82 - 69.62 

(0.8) 

Table 1: Summary of genome-wide significant QTLs detected in linear mixed-model regression 
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IV. DISCUSSION 

 

 

 All significant marker intervals detected in this study, except for the region on 

chromosome 13, overlap with at least one previously discovered QTL involved in a diabetic 

phenotype. Many of the previously known QTLs were determined by more traditional methods 

(such as F2 intercross or backcrosses) and therefore span a much larger range then the peaks 

detected in this study. Narrowing down the known QTLs is important because it reduces the 

number of possible candidate genes in the region. 

 According to the Rat Genome Database (www.rgd.mcw.edu), the region on chromosome 

11 for fasting overlaps with Iddm17, which is involved in non-fasting glucose levels (Yokoi et al., 

1997). Iddm17 spans from 19.46 Mb to 87.76 Mb, a 68.3 Mb region. Assuming that the same 

QTL is being observed in this study, the present marker interval narrows the region for Iddm17 to 

only 5.75 Mb. There are 35 known genes within this region. Of interest are Adamts1 and 

Adamts5, two genes that fall within the 1.5-LOD drop range.  These genes are potential 

candidates because Adamts9 has been identified in a human genome-wide association study, 

where it was implicated in type 2 diabetes (Zeggini et al., 2008). Adamts proteins are 

metalloproteases that degrade aggrecan, one of the major components of the extracellular matrix 

in cartilage (Mitani et al., 2006). Adamts1 inhibits capillary sprouting and causes angiopathy, a 

common problem in diabetic patients (Hohberg et al., 2011).  

The significant marker interval on chromosome 11 for fasting glucose also overlaps with 

a known QTL, Niddm51 (Watanabe et al., 1999), a QTL identified in the OLETF rat for body fat. 

Although this is a different phenotype from fasting glucose, many diabetic phenotypes are inter-

related (Scott et al., 2012). Therefore, this QTL could have the same underlying gene. However, 

there is a possibility that separate genes within the same region are governing these two 

phenotypes. The base pair positions for Niddm51 are 22.21 Mb to 43.16 Mb, over a 20 Mb 
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region. Niddm51 was discovered by using a backcross method, in which a hybrid is crossed with 

a parent.  

 The significant marker interval on chromosome 1 for glucose AUC from 209.12 Mb to 

211.45 Mb overlaps with 8 previously discovered QTLs involved in diabetic phenotypes (Solberg 

Woods et al., 2010). This marker interval does not overlap, but is close to the glucose AUC QTL 

that was fine-mapped in a similar HS population in Solberg Woods et al., 2010. The 1.5-LOD 

drop region reported here is only 2.33 Mb. According to the Rat Genome Database, there are 69 

known genes in this region. The second significant marker interval from 220.21 to 220.87 

contains a gene, Gcnt1, that has been implicated in type 2 diabetes (Nishio et al., 1995). This 

enzyme may be responsible for the increased deposition of glycoconjugates  and abnormal heart 

function found in the hearts of diabetic rats (Nishio et al., 1995).  

The significant marker interval on chromosome 3 for glucose area under the cruve 

overlaps with Niddm39 (Ogino et al., 1999). This QTL has been implicated in non-fasting blood 

glucose levels. Niddm39 spans a large region, with positions approximately 93.89 Mb to 161.98 

Mb (68.12 Mb). Hnf4a is a candidate gene for Niddm39, as evidenced by a study involving SNPs 

in the P2 promoter region of this gene (Borroso et al., 2008). The region identified in the current 

study is 3.56 Mb and contains 23 known genes.  Interestingly, hnf4a lies just outside of this 

region and could therefore be a candidate gene for this QTL. 

 The significant marker interval on chromosome 10 for glucose area curve also overlaps 

with a known QTL, Gluco60, and was detected using the Goto-Kakizaki rat, a model of early 

onset type 2 diabetes (Nobrega, Woods, Fleming & Jacob, 2009). The position for Gluc60 is 

14.72 Mb to 154.167 Mb, or 139.45 Mb. The interval reported here is much smaller than this 

region, at only 5.94 Mb, and containing 49 genes.   

 The narrow peak on chromosome 13 for glucose AUC does not overlap with any 

previously discovered diabetic QTL. It is possible that this QTL was missed by traditional 

methods because of the small interval size. There are only 7 genes in this region. Interestingly, 
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Cacna1e is among these genes. Cacna1e is a voltage-gated ion channel involved in the regulation 

of insulin secretion in a cellular response to glucose stimulus (Matsuda, Saegusa, Zong, Noda & 

Tanabe, 2001). This gene has been associated with hyperglycemia (Matsuda et al., 2001), which 

is strongly associated with the glucose AUC phenotype and is therefore a potential candidate gene 

for this QTL.  

 As expected, the multilocus modeling results correspond with the mixed modeling 

results, indicating the chromosome 11 QTL for fasting glucose, is likely a true QTL. The peak 

marker interval for both the RMA and the mixed-modeling is the same (27.12 Mb to 26.26 Mb). 

The mixed-modeling approach is more readily understandable, less computationally expensive, 

easier to use and largely takes into account the uneven distribution of phenotypes among siblings. 

However, the multilocus approach models the loci directly and therefore reduces the number of 

false positives by taking into account confounding associations. There could be a number of 

unmodeled environmental effects or effects that are not captured well by genetic relatedness. The 

multilocus modeling technique compensates for these issues by modeling loci directly. Whenever 

possible, a peak detected with mixed-model linear regression should be complimented with a 

model selection approach. 

 Both approaches are successful at detecting QTLs across the genome for a variety of 

complex traits (Valdar et al., 2006). The QTLs are detected at a narrower interval than in 

traditional mapping methods. Traditional mapping methods work well for quickly determining 

larger loci that may play a role in the phenotype of interest without the complications that arise 

from a complex family structure. However, HS rats can narrow these previously known QTLs to 

a few megabases with the methods described above.  These narrower intervals lead to rapid 

identification of candidate genes in this study, which would not be possible with an F2 intercross. 

This demonstrates the usefulness of having narrower intervals for QTLs. 

 Future work should be geared towards implementing an approach that takes into account 

epistatic interactions between loci, which was not done here. Furthermore, additional traits will be 
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analyzed, including insulin phenotypes, and the additive model will be used. The 1.5-LOD drop is 

limited as a method of estimation. It is possible for the causal gene to lie just outside of the 

identified confidence interval. Therefore, bootstrapping should be performed to provide 

additional confidence to the region (Solberg Woods et al., 2012). Finally, follow up expression 

and sequence analysis of key candidate genes from this study will aid to confirm or dismiss the 

gene's involvement in type 2 diabetes. 
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