Note 1. A short description of the autoimmune diseases mentioned in the proposal 
T1D is believed to be an autoimmune disease (1) where the immune system attacks pancreatic beta cells in the Islets of Langerhans. This may cause to effectively abolish

endogenous insulin production.
SlE is a chronic systemic autoimmune disease. In this disease, the immune system attacks the body's cells and tissue, resulting in inflammation and tissue damage. SLE can affect any part of the body, but most often the tissues under attack are the harms the

heart, joints, skin, lungs, blood vessels, liver, kidneys, and nervous system. The course of the disease is unpredictable, with periods of illness (called flares) alternating with remissions (2).  
CD is an autoimmune disease that occurs when the immune system attacks the gastrointestinal tract. This autoimmune activity produces inflammation in the gastrointestinal tract (3).
UC is listed as an autoimmune disease. It has similarities to CD; the main symptom of the active disease is usually constant diarrhea mixed with blood, of gradual onset. Ulcerative colitis is, however, a systemic disease that affects many parts of

the body outside the intestine (4).  
JRA is an autoimmune disease that typically appears between the ages of 6 months and 16 years. In this disease the tissues under attack are joint tissues. The signs of this disease  include joint pain or swelling and reddened or warm joints (5).  
PS in an autoimmune disease that affects the skin and joints. It commonly causes red, scaly patches to appear on the skin. The scaly patches caused by psoriasis, are areas of inflammation and excessive skin production.(6)
Note 2. The EDSS score

Neurological disability has been assessed according to the Expanded Disability Status Scale (EDSS) that  quantifies disability in eight Functional Systems:(1) pyramidal, 2)  cerebellar, 3) brainstem, 4) sensory, 5) bowel, 6) bladder, 7) visual and 8) cerebral) and allows neurologists to assign a Functional System Score (FSS) in each of these systems (7). The EDSS scale extends from 0 (normal neurological examination) to 10 (death from MS complications) in 0.5 unit increments. EDSS 1.0 to 4.5 refers to patients who are fully ambulatory. The precise steps are denoted by functional scores which are graded from normal (0) to maximal impairment (5 or 6) for each of the eight functional systems. EDSS 5.0 to 9.5 are defined by impairment to ambulation. 
Note 3. Luminex 

Another technology that will be employed in this study is Luminex. This technology is based on color-codes tiny beads coated with a reagent specific to a particular bioassay that are analyzed by lasers. It enables the profiling of the absolute protein levels of up to 35 different cytokines per reaction (for further details see http://www.panomics.com/index.php?id=product_96). So far, measurements based on this technology haven't been used for predicting and understanding of clinical variables related to MS. In this thesis we will study the possibility of designing predictors of clinical variables related to MS that are based on Luminex measurements of cytokines. 

Note 4. Computational approaches and tools
Classification by Support Vector Machine (SVM): Support vector machines are a set of supervised learning methods used for classification. In general, by viewing the input data as two sets of vectors (e.g. patients and healthy subjects) in an n-dimensional space (e.g. the expression levels of all the genes), a SVM will construct a separating hyper-plane in that space, one which maximizes the margin between the two data sets. This hyper-plane is used as a threshold for classification of new input vectors (see, for example, (8) to learn more about SVM).
Classification trees: A classification tree is a predictive model; that is, a mapping from observations about an item to conclusions about its target value. In these tree structures, leaves represent classifications and (e.g. range of time till the next relapse) branches represent
conjunctions of features (e.g. the levels genes) that lead to those classifications. (see, for example,(9) to learn more about classification trees).
Analyzing gene expression by unsupervised approach: The approach of  Varshavsky et al. (10) is based on SVD representation of the gene expression.  The general idea of SVD is to find a minimal matrix that represents the original gene-expression matrix while optimizing the least square error. Based on this principle it is possible to define the SVD-based entropy of a data set. This is a number between 0 (corresponding to an ordered dataset that can be described by an approximating matrix with only one vector) and 1 (a very disordered dataset). The idea of Varshavsky et al. is to find features that have the highest contribution to this entropy. They analyzed cancerous gene expression, and showed that these features were biologically relevant. Such an approach can be implemented on the gene expression dataset (patients and controls) of each disease separately. 
Scoring of functionally enriched pathways: Draghici et al. (11) develop a new scoring that can be used for assessing if a specific pathway is significantly enriched. Their score weights the magnitude of the gene expression changes of the genes in the pathway. Furthermore, by considering the number of edges entering and exit each of the genes in the pathway their score also weight the relative influence of the change in the gene expressions of single genes on the entire pathway.
Integrating protein interaction and gene expression measurements to find biological processes that are related to the analyzed disease: The approach of Liu et al.(12) includes the following steps: (1) Assemble a collection of gene sets associated with biological processes or signaling pathways of interest. (2) Assume an underlying model of cellular processes using a global protein–protein interaction network, imported from the literature (e.g. pathway architect
, ingenuity
, and the protein interaction network that I reconstructed).  Based on the interaction network and gene expressions, find a subnetwork that is highly transcriptionally affected in the disease state. (3) Evaluate the hypothesis that genes in a given gene set are observed in a higher proportion (i.e., enriched) than expected by chance in the subnetworks found in stage (2) and repeat for each gene set in the assembly. Repeat (2) and (3) for every disease condition compared to normal in the dataset. (4) Order the gene sets of interest based on the number of different disease conditions where they appear enriched. (5) For each gene set, assign a p-value to the number of conditions where it is enriched. The gene sets with a significant p-value are taken as transcriptionally affected across a broad set of disease condition related models. 
Disease classification by pathway activity: The approach of Lee et al. (13) for diseases classification is based on pathway activities inferred for each patient. By this approach, for each pathway, an activity level is summarized from the gene expression levels of its condition-responsive genes, defined as the subset of genes in the pathway whose combined expression delivers optimal discriminative power for the disease phenotype. Next, a classifier that uses pathway activity is inferred. In cancer study, they showed that such a classifier achieves better performance than classifiers that are based on individual gene expression.
Clustering and bi-clustering of genes according to their differential changes in autoimmune diseases: Conventional clustering (see, for example, (14)) and bi-clustering (see, for example, (15)) techniques can be used to find sets of genes that are over/under expressed together in many of the diseases. These sets may be related to mechanisms that are common to many autoimmune diseases. 
Note 5. DNA chip preparation 
  1. First strand cDNA synthesis. For Affymetrix protocol, 4µg of total RNA sample in 10µl volume the T7-Oligo dT primer (Invitrogen, USA) will be added and samples will be transferred into the 70º C bath for 10 minutes. After incubation for 2 minutes on ice, 7µl of first strand master mix (Invitrogen, USA) will be added. After 2 minutes at 42 º C, SuperScript enzyme (Invitrogen, USA) will be added and samples will be incubated for 1 hour at 42 º C.

2. Second strand cDNA synthesis. To first strand cDNA samples 130µl of second strand cDNA master mix (containing buffer, dNTPs, cDNA Ligase, Polymerase, RNAse H) (Invitrogen, USA) will be added for 2 hours at 16º C. After incubation T4-Polymerase will be added, and samples will be cleaned-up on cDNA Sample Cleanup Module (QIAGEN, USA).
3. In Vitro Transcription (IVT) Labeling Procedure. At this step, 27µl of the Biotinylated Ribonucleotide Analog (contained IVT labeling buffer, IVT enzyme buffer) (Invitrogen, USA) will be added to 13µl of template for 16 hours at 37º C.  The biotinylated cRNA samples will be cleaned-up on IVT cRNA Sample Cleanup Module (QIAGEN, CA, USA).

4. Fragmentation.  5µl of fragmentation mix (Invitrogen, USA) will be added for 35 minutes at 94º C to 15 µl of biotinylated cRNA samples in 20µl of DEPC treated DDW. 

5. Hybridization.  275µl of hybridization mix (containing RNAse-free DDW, hybridization cRNA and 100x oligoB2 controls, 2x MES-solution, herring sperm , DMSO , BSA and DEPC DDW according to kit protocol ( Invitrogen, USA) will be added to 25µl fragmentated biotinylated cRNA samples for 16 hours. The samples will be transferred into the 45º C heated hybridization bath.

6. Washing and Staining. After incubation samples will be washed at Fluidics apparatus (Affymetrix, USA) and stained with Streptavidin-phycoerythrin and Biotinylated ant-streptavidin antibody (Vector Laboratories, Inc, USA) for 1.5 hours.

7. Scanning. Samples will be scanned by Affymetrix scanner for 12 minutes.

8. Analysis. Human U133A (Affymetrix, USA) array containing 21722 genes and 1000 expressed sequence tags (ESTs) will be used. Each gene on the array will be assessed using 11 probe pairs.  Each probe pair consists of an oligomer (25 base long) complementary to a particular message, perfect match [PM]) and a companion oligomer identical to the PM probe except for a single base difference in a central position mismatch [MM] probe. The MM probe serves as a control for hybridization specifity and helps to substract nonspecific hybridization. After hybridization and scanning the data will be captured and Affymetrix Genechip (MAS5) software will calculate intensity values for each probe as well as an average difference in intensities between the PM and MM probes. Average difference directly correlates with mRNA abundance. To determine biologically meaningful results, the software also gives each gene a qualitative assessment of "present" or "absent" based on a voting scheme, with the number of instances in which the PM signal is significantly larger than the MM signal across the whole probe set. Before comparing measurements, a scaling procedure will be performed. All signal intensities on an array will be multiplied by a factor that makes the average intensity value for each array equal to a preset value of 150. The scaling corrects for any interarray differences related to sample concentration, labeling, or fluorescence detection to enable interarray comparisons. 
9. Quality control (QC): Obtained samples will be prepared for GeneChip Array and preliminary analysis using MAS5 software was performed. Only arrays that passed the stringent QC criteria (number of present genes >40%, 5'/3' prime score for housekeeping genes <3 and scaling factor < 3) will be included in the analysis.

Note 6. My Related papers (titles and abstracts) 
A. Title: Clone clusters in autoreactive CD4 T-cell lines from probable multiple sclerosis patients form disease-characteristic signatures. Mandel M, Achiron A, Tuller T, Barliya T, Rechavi G, Amariglio N, Loewenthal R, Lavie G. Immunology. 2009 Oct;128(2):287-300. 

Abstract: We developed a method for selectively propagating disease-related autoreactive T-cell lines (auTCLs) based on their increased resistance to apoptosis. The generated auTCLs homogeneously co-express CD45RO and CD49a, adhere strongly to extracellular matrix proteins and express high interleukin-17 (IL-17) messenger RNA levels, resembling a T-cell subset proposed to transmigrate into tissues and induce systemic and local inflammation in rheumatoid arthritis. The combinations of T-cell oligoclones that comprise probable multiple sclerosis (pMS) disease-related lines use a unique portfolio of T-cell receptor beta-chain variable allele (BV genes) combinations forming 'disease-specific cluster patterns'. The auTCL derived from different patients and from different myelin epitopes display striking similarities in BV gene allele clusters and are derived primarily from a disease-prone hotspot residing in the BV gene locus between Vbeta6 and Vbeta9. Conversely, healthy subject TCLs use different BV gene allele sets, forming 'healthy responder usage formats'. These formats were absent from the pMS patient V-beta gene allele combinations evaluated in this study. Hierarchical clustering of the BV gene combinations, distinguish three pMS auTCL groups, implying existence of up to three disease-related immune response patterns. These subgroup patterns may reflect different disease subclasses or alternatively they may suggest immune reactivity to different aetiological agents. Analyses of clonal-clustering patterns may potentially aid in subclassification of MS or in characterizing aetiological agents of this disease.
B. Title: Prediction of acute multiple sclerosis relapses by transcription levels of peripheral blood cells. BMC Med Genomics. 2009 Jul 22;2:46. Gurevich M, Tuller T, Rubinstein U, Or-Bach R, Achiron A.

Abstract: BACKGROUND: The ability to predict the spatial frequency of relapses in multiple sclerosis (MS) would enable physicians to decide when to intervene more aggressively and to plan clinical trials more accurately. METHODS: In the current study our objective was to determine if subsets of genes can predict the time to the next acute relapse in patients with MS. Data-mining and predictive modeling tools were utilized to analyze a gene-expression dataset of 94 non-treated patients; 62 patients with definite MS and 32 patients with clinically isolated syndrome (CIS). The dataset included the expression levels of 10,594 genes and annotated sequences corresponding to 22,215 gene-transcripts that appear in the microarray. 
RESULTS: We designed a two stage predictor. The first stage predictor was based on the expression level of 10 genes, and predicted the time to next relapse with a resolution of 500 days (error rate 0.079, p < 0.001). If the predicted relapse was to occur in less than 500 days, a second stage predictor based on an additional different set of 9 genes was used to give a more accurate estimation of the time till the next relapse (in resolution of 50 days). The error rate of the second stage predictor was 2.3 fold lower than the error rate of random predictions (error rate = 0.35, p < 0.001). The predictors were further evaluated and found effective both for untreated MS patients and for MS patients that subsequently received immunomodulatory treatments after the initial testing (the error rate of the first level predictor was < 0.18 with p < 0.001 for all the patient groups). 
CONCLUSION: We conclude that gene expression analysis is a valuable tool that can be used in clinical practice to predict future MS disease activity. Similar approach can be also useful for dealing with other autoimmune diseases that characterized by relapsing-remitting nature.
C. Title: Laquinimod in-vitro high-throughput gene analysis reveals orchestrated Th2 shift in relapsing-remitting multiple sclerosis. Gurevich M, Gritzman T, Orbach R, Tuller T, Feldman A, Achiron A. In submission. 
Abstract: Objective: To characterize Laquinimod molecular mechanism in-vitro in relapsing-remitting multiple sclerosis (RRMS).

Background: Laquinimod is a new oral immunomodulatory drug proved to have efficacy in reducing the rate of inflammatory activity as measured by brain MRI in RRMS. However, the exact operating molecular mechanisms are not yet clear.

Methods: Gene expression data obtained from peripheral blood mononuclear cells (PBMC), incubated (24h) with Laquinimod (0.1, 1.0 µM), were analyzed in five RRMS patients (age 37.8±3.4 years, disease duration 6.4±3.6 years, EDSS 2.3±0.4) using Affymetrix U133A-2 array. High score genes (HSG, p<0.05) were applied for module map analysis by Genomica and significant modules were used for biological functional analysis. Laquinimod effects were further verified by high-throughput gene analysis of CD4+, CD8+, CD14+, CD19+ and NK sub-populations, after incubation (24h) with Laquinimod (0.1µM), in five other RRMS patients (age 40.1±12.6 years, disease duration 8.5±3.3 years, EDSS 1.5±0.6).
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