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Abstract

Understanding complex disease requires deep integration of information spanning multiple levels of biological scale. Small genetic variations among individuals act through biological networks, pathways and systems in both quantitative and qualitative fashion to produce higher order consequences manifest in disease susceptibility. Environmental factors interact with this backdrop of genetic variation to induce disease in predisposed individuals. The integration of such diverse information can be achieved computationally by simultaneous phenotyping and genotyping of a reference population of individuals. The CAMDA chronic fatigue syndrome data set is an excellent example of this approach to integrative systems biology of disease. Combinatorial algorithms can be applied to draw connections within and among the diverse data types. Differential diagnosis and development of therapeautic targets can be achieved by integrative analysis of diverse disease related data types.
1. Introduction
Complex multi-factorial diseases such as chronic fatigue syndrome (CFS) are the result of multiple genetic and environmental interactions. Single nucleotide polymorphisms (SNPs) and other naturally occurring variation, along with environmental exposures act as perturbations of the molecular networks that cause disease.  Genetic covariance in mRNA expression and other high throughput molecular phenotypes is also induced by complex interactions of genetic, molecular and environmental factors. Systems genetic analysis is a systems biological approach, in which the molecular networks subserving large sets of higher order phenotypes are constructed via analysis of the effects of genetic variation. 

[image: image4.emf] 

[image: image1.wmf] Figure 1: The systems genetic model, a graph-based representation of complex disease. 

Naturally occurring polymorphisms are the causal elements of the genetic component of the covariance structure. The mRNA abundance correlations can be used to construct a biological network in which highly inter-connected genes may reflect the influence of common genetic regulatory mechanisms that can be extrapolated through many levels of biological scale in reference populations. Typically, microarray data sets obtained in genetic populations are analyzed via simple quantitative trait locus (QTL) detection and the resulting loci are connected to phenotypes by hypothesis driven correlation analysis (Brem, Yvert et al. 2002; Abiola, Angel et al. 2003; Schadt, Monks et al. 2003; Chesler, Lu et al. 2005; Li and Burmeister 2005). In contrast to this bottom up approach, we have developed combinatorial approaches for the top-down extraction of gene-to-phenotype networks from the covariance network of all measured attributes, which we refer to as the ‘systems genetic model’ (Chesler and Langston 2005). These techniques rely on the use of both statistical approaches for building weighted graphs which represent the relations among attributes of reference populations members, coupled with combinatorial approaches, fixed-parameter tractable algorithms, and high-performance computing applications(Zhang, Abu-Khzam et al. 2005) for extraction of highly connected genes and phenotypes (Baldwin, Chesler et al. 2005).  

In this graph-based representation (Fig. 1), verticies represent each attribute of the individuals in a reference population, including SNPs, transcript abundances, protein peaks, and disease- related phenotypes. Edges are drawn within and among attribute classes, for example, in the transcriptome, many edges are drawn based on the co-expression of transcripts. Other edges reflect relations among classes of attributes, e.g. the causal edges represented by SNP-to-phenotype relations. Because SNPs may interact in complex genetic regulatory models, we also represent combinatorial interactions of SNPs as vertices.

Systems genetic analysis has been applied most extensively to mouse and rat reference populations (Bystrykh, Weersing et al. 2005; Chesler and Langston 2005; Chesler, Lu et al. 2005; Hubner, Wallace et al. 2005) in which transcription profiling is applied to panels of genetically related strains and integrated with large sets of genotype and phenotype data. The methods we have developed for mouse reference populations can be extended to the CAMDA CFS data set in which a panel of individuals has been evaluated on several genotypes, high-throughput transcriptome and proteome measures and many disease related measures, spanning multiple physiological and psychological domains. 

Each of the edge-weights that can be computed within and between these data types requires special consideration, and we employ many advanced parametric methods, from multi-locus modeling to factor analysis of the disease related phenotypes. From the weighted graph, we extract networks of polymorphisms, the molecular endo-phenotypes they affect, and the resulting higher order phenotypes that comprise chronic fatigue syndrome. Our analysis spans these multiple levels of biological scale in an integrative fashion, first by exploring the correlation structure of microarray by using Pearson correlation with suitable thresholds to find cliques of co-expressed transcripts. A bi-clique approach, derived from the multivariate canonical-correlation technique is used to integrate the proteome and the transcriptome. Then we use a combinatorial, model-based approach to evaluate the significance of individual SNPs and interactions among SNPs to build bi-cliques between SNPs and transcript expression, and to extract annotated sets of transcript abundances and protein signatures. Finally we build from these molecular phenotypes to the higher order phenomena that define CFS.  An important challenge of this research is to identify specific pathways CFS that are distinct from those of depression, which may suggest a molecular signature for differential diagnosis of these two interwoven conditions. 

2. Analysis and Results
The first step of implementing the systems genetics model is to compute the diverse edge weights. There is room for deep development in each of these computations.  For practical reasons we have restricted ourselves to a limited set of a approaches as representative examples. The next step to implementation is to draw an unweighted (discrete) graph. Drawing this graph requires the application of edge weight thresholds to select only the strong relations among attributes of individuals. We have applied a statistical approach using conventional power analysis. FDR and other threshold determining methods can be applied.  

  Our goal is to define differences among classes of individuals with varying degree of CFS symptoms and co-morbid depression. Genetic polymorphisms and disease factors may cause quantitative or qualitative variation in the multiple endpoints characterized in this population. In quantitative variation, individuals with CFS are hypothesized to exploit similar biological networks as non-affected individuals to a different degree. In qualitative variation, disease specific networks are active. To extract and identify quantitative differences among these individuals we analyzed the entire data set with the goal of identifying relations that were consistent across all individuals, and to extract qualitative differences we analyzed each of three patient subsets using the same approach.

2.1. Drawing co-expression graphs from microarray data

Microarray data were available from the MWG 40K array slide A. We use the background adjusted measure, sARMDens, and applied quantile normalization (Irrizary et al. 2003), log2 and z-transformations before correlation and mapping analyses. The few technical replicates were averaged and treated as single samples. 

Gene expression values were correlated gene-by-gene among individuals to construct the co-expression network. We use Pearson product-moment correlations of for each pair of transcripts on the array.  For every transcript (a vertex in the network) we construct a correlation profile (a histogram of correlations with all other transcripts). These correlations are thresholded to draw an unweighted graph. We enumerate cliques for the whole data set, and the three groups of patients: least, middle and worst affected. Based on a conventional power analysis we set four different thresholds for each group: 0.7 for the complete data set, 0.85 for Middle affected patients, 0.87 for Least affected and 0.95 for Worst affected.  The edge density above the thresholds among the worst affected is higher that the one in the least affected. This suggests an appearance of new networks of strongly correlated genes associated with the disease. From the thresholded graphs, we extract dense subgraphs in which all possible edges among members are present. These subgraphs, called cliques, indicate high-co-expression among all transcripts, and thus reflect the influence of a common regulatory model, whether it be due to the actions of genetic or disease exposures. 12,728 cliques were found among expression correlations in the most highly affected individuals with a maximum clique size of 85.

2.2. Extracting and annotating latent co-expressed proteomic signal

The use of the reference population and systems genetic approach allows us a new window through which to view proteomic data. The proteomic data are presented as mass/charge peaks, and must be matched to likely protein identities. Bulk annotation of these peaks with gene symbols has been a challenge for the widespread deployment of quantitative proteomics in the study of disease. Here we use a bigraph analysis to extract gene to protein relations en masse.

Protein spectra can be conceived of as measured attributes of latent variables. Each protein peak is reflective of the quantitative admixture of multiple proteins of similar mass. To extract co-expressed protein signal we have applied clique extraction within the proteomic data set.  By examining the correlation of protein peaks in a reference population for which transcriptome data are also available and using bi-clique analysis, we are able to identify the co-expressed transcripts that are quantitively related to the latent classes of protein peaks. This is a high-throughput approach to the discovery of hypotheses regarding transcript network to protein network relations and can be used to perform en masse annotation of protein mass signatures with gene identifiers. 

This approach derives from canonical correlations, a well-developed statistical technique. In this analysis principal factors are extracted from each of two variable classes and the factors that share the highest cross-class relations are identified. By applying this approach to the CFS data set we found groups of transcripts with high relations to protein levels in each sub-group of patients, and we will be able to determine what the role of the causal polymorphisms are in driving these molecular co-variances. The first canonical correlate loaded heavily on peaks 2923, 3182 and 3255, and groups of transcripts that had high associations to COMT and CRHR1. These peaks have strong associations with CRHR1 polymorphisms.

2.3 Decomposing complex disease by extracting relations among phenotypes

There are 13 quantitative measures of  physical, general and emotional functions: Physical Function, Role Physical, Bodily pain, General Health assessment, Vitality, Social Function, Role Emotional, Mental health, Hubner et al. 2005. The rest measure the level of fatigue: general fatigue, physical fatigue, activity reduction, motivation reduction and mental fatigue. Both factor and principal component analysis reveal the existence of a smaller number of factors. The factors show that CFS has several major independent components such as physical functions, mental health, and emotional/social functions. 

Factor analysis shows the existence of 5 major factors within the clinical symptoms data. Physical and Bodily Functions form the first factor, Emotional and Mental health – second, activity and motivation reduction – third, physical and general fatigue – fourth, vitality –fifth. The mental fatigue and social functions appear to be equally weighted among the factors.
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Figure 2. Edge density for the 100 smallest p-values <10-6 for the CSF x Depression relation.

2.4 Integrating data across biological scale. 
The presence of highly-co-expressed transcripts and disease phenotypes reveals that a common regulatory model must drive their expression. One particularly salient predictor of gene expression in CFS is the presence of co-morbid depression. In order to identify CFS specific genes, we employed a model-based analysis of gene expression with CFS disease status and depression as cofactor. We also test for interactions between CFS and depression. We found several highly connected genes for which the CFS interaction with depression is significant (Fig 2). These are members of cliques that contain genes that may underlie synergistic effects of both conditions. Other genes are differentially expressed in either depressed or non-depressed patients and define potential biomarkers for the differential diagnosis of these two highly co-morbid disorders. 
2.5 Multi-SNP interactions 

42 Forty-two SNP genotypes were available in 10 genes. A detailed description of the genes is given in Reeves et al. (2005). 5 of them (TPH2, MAOA, MAOB, TH, COMT) are synthesizing or catabolic enzymes for monoaminergic neurotransmitters, two are receptors (CRHR1, CRHR2) and  one is a neuropeptide precursor (POMC). We used a model-fitting approach to evaluate the importance SNPs and their interactions for each of the quantitative clinic phenotypes. Age and gender are used as covariates because these often influence the quantitative and qualitative nature of SNP effects. A Chi square test was used to compute the association of SNPs and specific clinical subpopulations. A statistic based on this association and Chi square test for HWE for each SNP is computed (Ott and Hoh 2001). Since CFS shares many common features with depression we use both the disease status defined in Reeves et al. (2005) and depression as factor. We also test for importance of haplotype blocks. 

2.6 Genetic predisposition to CFS through quantitative variation in transcript and protein abundance 

We found the following SNPs to be important in CFS patients based upon the association Chisq and HWE tests: COMT (7), MAOB(1), CRHR1(2), NR3C1(1,2,3,4,7), POMC, SLC6A4. In brackets is the ordinal position of the SNP in the corresponding gene. NR3C1 and TH are highly associated with depression. The frequency estimates for possible haplotypes show the importance of following haplotypes: COMT, NR3C1. Based on bi-clique analysis bwteeen SNPs and the quantitative phenotypes we found that POMC, MAOA, MAOB and COMT form a biclique with the Physical Component identified in our factor analysis, while N3RC1 and CRHR1, TH2 form a biclique with the Mental component. CRH1 is unique because it is connected to each factor from the phenotypic space.  Based on the biclique analysis of SNP gene expressions we found 2 major bicliques:  COMT, CRHR1 and CRHR2, N3CR1 and TH, N3CR1. 

Mass spec peaks represent latent variables--the quantitative variation in networks of proteins.  Peak intensities for each individual were correlated peak by peak, and canonical correlations were used to calculate the edges between cliques of peaks and SNPs or mRNA abundances. Peaks with m/z 2923, 3182, 3255, 3941, 4265, 5880, 6083, 6600, 7725, 9239 have high canonical correlation with COMT, CRHR1, MAOB, TH and TH2. .
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Figure 3: SNP association with Major Disease Factors

2.7 Major symptom factors, the role of depression and genetic predisposition 
CFS shares many symptoms with depression. Indeed the ODDs ratio table of CFS status and depression shows that almost every one having depression has CFS either in mild or severe form. While the opposite is not true giving hope that there are symptoms of CFS which classifies it as a separate disease. 

Table 1. Co-morbidity frequencies.

	CFS status
	No Depression
	Depression

	Least affected
	61
	6

	Mid-affected
	28
	39

	Worst affected
	11
	19


Based on both single, interaction and haplotype statistics, we have found that unique SNPs or SNP interactions are involved in CFS and Depression. 

Biclique correlation with expression levels as well as phenotype show that these SNPs interact. SNPs with major impact are related to SLC6A4, MAOA and impact on physical health, general health and fatigue, while SNPs in CRHR1 and their interactions appear to be significant for vitality, activity, motivation reduction as well as mental fatigue. 

4. Discussion

We were able to decompose the sets of transcripts, proteins and phenotypes which comprise CFS. By first decomposing these networks of relations and then performing mapping and transcriptome-proteome relation analyses, we can discover multi-factorial regulatory relations for complex disease and the specific networks of genes and phenotypes that underlie specific but highly co-morbid syndromes. We have presented a sample of results from this multi-tiered analysis. By using both statistical and discrete approaches within and across biological scale in a reference population we are able to efficiently extract networks from gene to phenotype. 
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