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ABSTRACT
From the wide range of clinical information available for the CFS study, after comparing with other possible alternatives, the Empiric variable (from Illness-class) was chosen as the most comprehensive summary of the disease. A further subset of illness related clinical variables were considered in various multi-locus association analyses where disease was explained either by a selected subset of markers, gene-expressions, or both of these. The additional clinical variables were used as stratifying factors to homogenize the study population and strata-specific marker and expression effects with respect to disease were studied. The WinBUGS software was used in implementation and parameter estimation.  
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1. INTRODUCTION

Association analysis may unravel some unexpected links between considered set of variables. Often the results are interpreted following simple "guilt by association" principle where associations found are simply taken as implications of causality. Genetic association primarily focuses on identifying phenotype-marker association or phenotype-expression-association. 
The considerable size of the gene-expression information available for this study necessitates subset selection and this could be carried out in the framework proposed by Bhattacharjee et. Al.  (2004) wherein an integrated normalization and expression profile could be analyzed. The Bayesian graphical representation of the problem as proposed by them enables us to carry out robust inference with propagation of error through multiple decision making steps.
The data available from the CFS-study makes it possible to study also joint phenotype-marker-expression association (see Hoti and Sillanpää 2006) as well as screening context-specific marker and expression-effects with respect to considered subset of clinical variables. The candidate selection is important part of the analysis in such models and we follow and extend our earlier work (Sillanpää and Bhattacharjee 2005) to the necessary settings which naturally arise from the considered data here.
2. DATA CONSIDERED

2.1 Phenotype data

The variable “Empiric” was selected as a comprehensive summary of the disease phenotype, after critically scrutinizing all available clinical information on the study subjects. Based on Reeves et al. (2005), variable empiric spans the space very similar to the first few principal components extracted from the original clinical variables. Therefore this phenotype can be seen as a linear combination of clinical variables.

The other possible alternate was the “Cluster” valriable which when compared shows a clear relationship with the Empiric-variable (Table-1). Therefore for the present analysis only the Empiric variable was considered. 

Most of the analysis association analyses presented here utilizes data the subgroups containing only individuals in CFS (disease group) and NF (control group). However the microarray based gene-expression analysis has been carried out using data on subjects of all four types of disorder. A few additional analyses, where this variable has been used as a stratifying criterion have also been carried out using data all four categories.
Table 1. Cross tabulation of two major clinical variables best describing the disorder phenotype
	Empiric variable
	Cluster variable

	
	Least
	Medium
	Worst
	Excluded
	Total

	NF
	37
	3
	0
	0
	40

	ISF
	5
	32
	2
	0
	39

	CFS
	0
	16
	23
	0
	39

	Others
	0
	0
	0
	46
	46

	Total
	42
	51
	25
	46
	164


2.2 Marker data:

We selected 9 of the 10 candidate genes, where the gene MAOB was left out because of missing location information in the original data files provided. The location information for the remaining nine gene-regions were also not clear, various sources related to the data resulted in different location annotations (Table-2). In total the data includes 39 SNPs on these noine gene-regions. Availability of accurate location information for both gene-regions and the SNPs within those could potentially increase inferential powers. Models proposed by Sillanpää and Bhattacharjee 2005 utilizes such information and accounts for possible dependence in behavior between two closely placed markers. In absence of such information here it may not be possible to identify such dependence structure reliably, instead we would assume that the SNPS belonging to same gene region exhibit predefined partial dependence (reflected through shared indicators).
Table 2. Location information of markers considered in the analyses
	Marker
	CAMDA data file
	   Hattori 

 et al. 2005
	Pubmed-Unigene

	POMC
	2p24
	2q23.3
	2p23.3

	TH
	11p15
	11p15.5
	11p15.5

	MAOA
	Xp11.2
	Xp11.3
	Xp11.4-p11.3

	TPH2
	12q21
	12q15
	12q21.1

	COMT
	22q11.1
	22q11
	22q11.21-q11.23

	NR3C1
	5q34
	5q31.3
	5q31

	SLC6A4
	17q11.1
	17q11.2
	17q11.1-q12

	CRHR1
	17q21
	17q21.31
	17q12-q22

	CRHR2
	7p15
	7p14.3
	7p14.3


2.3 Clinical variables:

We selected 23 out of 84 illness class related variables based on the data availability (number of missing values) or for the ease of interpretation (Table 3). The some of the variables that appeared to be "continuous" could have been very informative, unfortunately they had to be omitted due to lack of information on their actual scale or their distributional behavior. Incidentally all of the 23 selected variables were of binary type, although that is not essential for most of the analyses presented here.

Table 3. Clinical Variables selected for the analyses
	Clinical variable
	Categories and counts

	
	Category-1
	Count-1
	Category-2
	Count-2
	Missing

	Onset
	Gradual
	113
	Sudden
	11
	40

	sex
	Female
	131
	Male
	33
	0

	MDDM Current
	NO
	139
	YES
	22
	3

	MDD Current
	NO
	155
	YES
	6
	3

	Sore Throat
	No
	122
	Yes
	42
	0

	Tender Nodes
	No
	135
	Yes
	29
	0

	Diarrhea
	No
	94
	Yes
	70
	0

	Post Exertion Fatigue
	No
	80
	Yes
	84
	0

	Muscle Pain
	No
	38
	Yes
	126
	0

	Joint Pain
	No
	65
	Yes
	99
	0

	Fever
	No
	141
	Yes
	23
	0

	Chills
	No
	112
	Yes
	52
	0

	Unrefreshing Sleep
	No
	38
	Yes
	126
	0

	Sleep Problems
	No
	33
	Yes
	131
	0

	Headache
	No
	71
	Yes
	93
	0

	Memory
	No
	126
	Yes
	38
	0

	Concentration
	No
	115
	Yes
	49
	0

	Nausea
	No
	129
	Yes
	35
	0

	Abdominal Pain
	No
	111
	Yes
	53
	0

	Sinus Nasal
	No
	59
	Yes
	105
	0

	Shortness of breath
	No
	120
	Yes
	44
	0

	Photophobia
	No
	101
	Yes
	63
	0

	Depression
	No
	93
	Yes
	71
	0


2.4 Expression data:

Of the 177 arrays five were excluded due to non-availability of clinical data on these subjects. The remaining 172 arrays included 8 replicate arrays on 8 subjects. Four such duplicate arrays were excluded after carrying out quality check between the two replicate arrays on an individual. For the remaining four individuals one array each were selected (the ones without “rep” in filenames) in order to maintain balance in information. It may however be mentioned that the models proposed for expression data analysis do not require design to be balanced. 

The resulting 164 arrays were used for further analysis after carrying out quality check of the data contained. The intensity cut-off was set at 100 and all values below the cut-off were treated as missing. Of the 20160 spots with data on more than 20 individuals were missing for any of the phenotype group (namely, NF, ISF, CFS and others) were eliminated. This resulted in the selection of 9953 spots. The data was also checked for positional information, intensity quality and annotation information.
3. STATISTICAL MODELS AND ESTIMATION
We consider here the Bayesian association mapping models closely related to the one used in Sillanpää and Bhattacharjee (2005), where variable selection in the model is based on indicator variables controlling inclusion / exclusion of the genetic effects from the model. Unlike Sillanpää and Bhattacharjee (2005), due to lack of accuate location information the prior for indicator variables at SNP/marker level were assumed to be shared by all SNPs in a gene-region and the indicators for all nine gene-regions were modeled with independent Bernoulli variables with a user-specified shrinkage parameter (S). The parameter S can be interpreted as the prior probability of selecting a candidate variable (that is, the corresponding indicator is one) in the model. The estimation of model parameters was conducted with WinBUGS software (Gilks et al. 1994; Spiegelhalter et al. 1999).

3.1 Handling of missing values
In the association analyses models, we used missing data model 2 of Sillanpää and Bhattacharjee (2005) to handle missing values in the genotype data. In the joint analysis of marker-expression data to handle missing observations in gene expressions we assumed normal prior with pre-specified mean and variance.

In case there were values missing in the stratifying variables the augmentation was carried out using posterior frequency distribution resulting from Uniform-Bernoulli prior assumption on the respective distribution.

For expression analysis the missing values are augmented through the integrated model for normalization and differential analysis. The augmentation is thus based on information of the location of a gene on the array, information about expression behavior of other neighboring genes and expression pattern of the same gene on other arrays and also overall expression pattern of all individual in the relevant treatment group.

4. EXPRESSION ANALYSIS
4.1 Data checking and annotations
As mentioned earlier the data was critically checked before utilizing in analysis. Quality of few of the arrays was found quite doubtful, however for present analysis they have not been excluded. Position check of the spots confirmed predominantly more values missing from the top four blocks. Also few images clearly showed poor quality around the top edges. Spot annotations were obtained from the array manufacturer’s site. Incidentally the ordering of annotations in the file thus obtained were slightly different compared to the order of reporting the intensities in the expression data files. Expression data files present annotations of spots according to meta-row x row x meta-column x column. However spot annotations as downloaded from manufacturer’s website are according to meta-row x meta-column x row x column. Annotations being crucial for correct interpretation of results of analysis, this mismatch unfortunately consumed some effort at the initial phase of data-exploration till the pattern behind the observed mismatch was identified eventually. Using the manufacturer’s description of spots further annotations were obtained from public databases. The location information in particular was not satisfactory, with different spot-annotation type and different sources yielding conflicting positional information. However as a part of initial attempt tentative positions were obtained by manually scrutinizing each conflicting entry and deriving subjective consensus.   
4.2 Normalization:
Even though we selected only 79 arrays, pertaining to 40 NF subjects and 39 CFS individuals, for the further consideration, this analysis was performed for all 164 arrays. The normalization was done using the block-level-piecewise-linear-regression normalization method of Bhattacharjee et al. (2004). Therefore for every array and every block parameters necessary for carrying out five-piece-connected Bayesian linear regression were utilized (assuming known knot-points). All the arrays were normalized against the observed average intensities over all arrays for each spot. The estimated mean normalized expression values of particular genes, for particular phenotype category and array were utilized as known prior means in the missing value imputations of subsequent analyses where expression values were included in analysis. 
4.3 Selection of genes
By carrying out a joint normalization and expression analysis (following model of Bhattacharjee et al 2004), we selected 21 genes for further analysis (Table 4). The selection was based on the similarity of their genomic positions (screened from the databases at the band-level as explained above in the annotations) to the nine candidate genes and the expression difference they showed with respect to the disease phenotype (between CFS and NF groups). Few of the expression values were marked as missing because of the poor quality of the particular expressions.
Table 4. List of 21 genes selected based on their expression pattern (given by log-difference of expression) and location information
	Gene/Spot
	Location
	NF vs. average
	CFS vs. average
	CFS vs. NF

	NM_013264_1
	11q24
	0.00
	1.00
	1.01

	AJ315644_1
	12q12
	0.59
	-0.29
	0.88

	AB002386_1
	17q21.1-q21.3
	0.51
	-0.27
	0.79

	AK000062_1
	17q21.33
	0.37
	-0.36
	0.73

	BC001427_1
	11p11.2
	0.24
	-0.43
	0.67

	AF110323_1
	7p21.1
	0.35
	-0.30
	0.65

	BC026107_1
	12q21.1
	0.07
	-0.58
	0.65

	AF134986_1
	17q22
	0.35
	-0.29
	0.65

	AF478457_1
	12q24.13
	0.50
	-0.10
	0.60

	NM_005734_1
	11p13
	-0.28
	0.32
	0.59

	AK024188_1
	2p24.1
	-0.22
	0.37
	0.59

	BC001127_1
	12q24.2
	0.27
	-0.30
	0.58

	NM_014309_1
	22q13.1
	0.41
	-0.16
	0.57

	NM_003004_1
	17q25
	0.22
	-0.35
	0.57

	BC002474_1
	11p15.5
	0.28
	0.85
	0.57

	NM_003073_1
	22q11.23
	0.39
	-0.16
	0.55

	NM_005940_1
	22q11.2
	0.15
	-0.40
	0.55

	BC008658_1
	2p23.3
	-0.20
	0.32
	0.53

	NM_080718_1
	12q24.1
	0.24
	-0.27
	0.51

	AJ272057_1
	Xp11.4
	0.27
	-0.22
	0.49

	BC017834_1
	12q21
	0.00
	0.49
	0.49


5. DISEASE-MARKER ASSOCIATION
Association analysis of the 39 SNPs belonging to the nine gene regions were performed with (S=1/9) and without shrinkage (S=1/2). In addition of overall mean, each gene region had own indicator variable (shared by SNPs of the gene), which controls inclusion/exclusion of the particular gene from the model. Each SNP marker had two allelic effect coefficients (with the common variance for the respective gene-region).

Results: The analyses, with or without shrinkage, practically showed no association signals.

5.1 Stratified analyses
Our experience on other genetic diseases indicates that behind a complex disease genetic mechanism may vary across subsets of individuals. This motivated us to use the 23 selected clinical variables to be used as stratifying factors in order to obtain possibly more homogeneous subsets of individuals withb respect to genetic activities. 
The clinical variables were considered as stratifying factors one at a time in separate multilocus disease-marker association analyses (although all 23 models were implemented simultaneously in order to be comparable with respect to missing value augmentation). 
To control confounding due to the specific clinical factors in these analyses, we allowed two overall mean parameters in the model to the both levels of the factor considered. Moreover, to allow factor-specific genetic effects in the model, we stratified genetic effects of each SNP by introducing strata-specific coefficients within both observation classes (four coefficients per SNP with common variance). We performed 24 such separate stratified analyses (with and without shrinkage as above).

Results: Stratification seemed to improve our ability to find associations. Thus, several SNPs were found to show the association signals in this analysis (with shrinkage). The results from the   analyses without shrinkage were unclear (too many genes had their indicators simultaneously one), preventing any clear conclusions. Therefore we decided to concentrate only on the analyses with shrinkage in following. 
The SNPs and size of the signals were substantially different in different analyses (see Figures 1 and 2). When inspecting onset-time specific analysis genes MAOA, CRHR1, and SLC6A4 showed up (Figure 1). For looking at sex-specific strata analysis genes SLC6A4, POMC and COMT showed high allelic effects in males (Figure 2). The gene CRHR1 was found to show also allelic variation in the category “yes” for MDD-current.  
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Figure 1. Sex-specific effects of SNPs in disease-marker association analysis.
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Figure 2. Onset-specific effects of SNPs in disease-marker association analysis.
6. DISEASE-EXPRESSION ASSOCIATION
 Based on gene-expression data analysis 21 genes/spots were selected (as explained above) and used as candidates to the disease-expression association model. Each expression had own regression coefficient (with prespecified prior variance) and indicator variable which controls inclusion / exclusion of the particular expression from the model. The analyses were performed with shrinkage (S=1/10).
Results: Few expressions were found to show the association signals in this analysis (Table-5).
Table 5. Genes showing high association with “Empiric” variable when analyzed using expression data

	Gene
	Location
	Inclusion probability
	Regression coefficient

	NM_013264_1
	11q24
	0.77
	0.54

	AK000062_1
	17q21.33
	0.51
	-0.76

	BC001427_1
	11p11.2
	0.58
	-0.98

	BC008658_1
	2p23.3
	0.60
	1.15


7. JOINT DISEASE-MARKER-EXPRESSION ANALYSIS 
The 21 expressions were selected as explained above in expression analysis. These 21 expressions were taken to the multilocus association model together with 39 SNPs to explain the disease phenotype. Each expression and each gene region had own indicator variable which controls inclusion / exclusion of the particular expression or gene from the model. Each expression had own regression coefficient (as above) and each SNP had two allelic effect coefficients (with gene-region specific common variance). The analysis was performed with shrinkage (with own shrinkage parameters S(1)=1/9 for gene region and S(2)=1/10 for expressions). 
Results: Surprisingly SNPs continued to show no effects in this analysis also, however gene-expressions showed association signals. The associated genes were the same found above and two additional genes were also noticeable. We also noted that the positions of several of the genes whose expressions showed some associations were located partly at the same gene regions than the markers showing some signals in stratified-disease-marker association analysis (Table-6).
Table 6. Genes showing high association with “Empiric” variable when analyzed using expression data in stratified analysis and gene-region closeby

	Gene
	Location
	Inclusion probability
	Regression coefficient
	Gene-region
	Location

	NM_013264_1
	11q24
	0.57
	0.35
	
	

	AK000062_1
	17q21.33
	0.93
	-1.63
	CRHR1
	17q21

	BC001427_1
	11p11.2
	0.57
	-0.89
	TH
	11p15

	AF134986_1
	17q22
	0.50
	-0.49
	CRHR1
	17q21

	BC008658_1
	2p23.3
	0.83
	1.51
	POMC
	2p24

	BC017834_1
	12q21
	0.55
	0.57
	TPH2
	12q21


7.1 Stratified analyses
This encouraged us to carryout an extension of the previous analysis using the clinical variables as stratifying factors. As in disease-marker association, we performed 23 different stratified analyses also here so that single clinical variable was considered, although implementation was simultaneous for all 23 for reasons explained above. As earlier, we allowed two overall mean parameters in the model to the both levels of the factor. Moreover, we allowed factor-specific effects for both, SNPs (four coefficients with common variance) and gene-expressions (two coefficients independently), in the model. These analyses were performed with shrinkage (S(1) and S(2) as above).

Results: Also here, SNPs did not show any clear association signals. Only expressions were found to show some signs of the disease-association. Here also the important expressions were partly overlapping in same genomic regions with the markers found in earlier stratified-disease-marker association analyses for that corresponding stratification analysis.
8. DISCUSSION

To better understand why the markers did not show any effects in the joint disease-marker-expression association analysis, an additional genetical genomics (treating selected expressions as phenotypes in the phenotype-marker association) analysis was executed with shrinkage (S=1/9). The model was similar to that in disease-marker association above.  This analysis was done separately for all selected 21 expression-phenotypes. However, we  did not find any association signals (that would have indicated presence of in-cis effects) between 39 markers and 21 expressions. It is still unclear if the modified model having SNP-specific indicators would have led to stronger conclusions.  

We performed also stratified phenotype-marker association analyses using clinical variables as phenotype and empiric as stratifying factor (results not shown here). 
There would have been still room to do more extensive functional genomic analysis for the expression data. Also, we have approached this problem without prior knowlegde of disease etiology and would like to emphasize that with input from experts of this particular disorder, the proposed models and methods of analyses could be easily modified / extended to reflect better knowledge and elicite newer dimensions of disease etiology.
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