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Abstract
Pulmonary Hypertension (PH) is a severe and fatal pulmonary vascular disorder that affects a growing number of patients worldwide (Chan SY, 2008). Pulmonary Arterial Hypertension (PAH) is an advanced type of PH, fatal disease, and most patients have poor diagnosis; and the disease cannot be biologically detected earlier (McLaughlin VV, 2002). Usually, mRNA had been used to measure the amount or expression of proteins.  The results of genetic testing could identify the actual risk for the person to develop PH, especially when a specific gene mutation has been identified in a PH patient in the same family (Bonnet, et al., 2007). Genetic databases have sets of genes, that were previously tested by other researchers, which show relationship to development of pulmonary hypertension.
Microarrays have been used to obtain differences in gene expression between normal subjects and treated and untreated PAH patients. Due to the relative rarity of PAH, microarray data for these genes is often the product of small studies, and thus pooling this data becomes desirable. Additionally, analysis of microarray data has been an evolving field as techniques in order to test biologically relevant information from the large amount of data produced from microarrays. We chose to combine these analytic approaches through first combining available microarray data on PAH using a meta-analysis approach, and then conducting Bayesian network analysis on results of this meta-analysis. Then, we will use SPSS to analyze the data with linear and logistic regressions analysis. The goal for these approaches is to identify key genes and/or pathways that are critical in the development of PAH. 

Proposed Methods
Previously, we combined PAH gene microarrays datasets that contained 146 samples (72 controls and 74 PAH patients)(Table 1). Significant up and down regulated genes were matched among different studies. There were 72 common down regulated genes among different studies and 93 common up regulated genes (Table2). 
Two separate files were created for regression analysis in SPSS. The first file contained original expression for the common genes, which will be used for linear regression. The second file contained discretized data, which will be used for logistic regression. Different functions were calculated in order to produce discretize data. These calculations included, average of expressions of each gene, standard error of each gene, and fold change for each gene. Then, discretize data were produced for the same dataset including (0 = down regulated genes, 1 = normal expressions, 2 = up regulated genes). The function that used for discretization is: = IF((Value<Mean-S.E),0,IF(Value>Mean+S.E,2,1)). 
Linear Regression
Linear regression attempts to model the association between two variables by fitting a linear equation to observed data. It is the most widely used of all statistical techniques: it is the study of linear (i.e., straight-line) relationships between variables, usually under an assumption of normally distributed errors. It is also used when we want to predict the value of a variable based on the value of another variable. One variable is known to be an explanatory variable, and the other is known to be a dependent variable. In a cause and effect relationship, the independent variable is the cause, and the dependent variable is the effect (Long, 1997).
Before attempting to fit a linear model to observed data, we should first determine whether or not there is a connection between the variables of interest. This does not necessarily imply that one variable causes the other, but that there is some significant relationship between the two variables (Long, 1997).

Table 1: Summary of GEO datasets will be used in the study.
	No.
	Platform
	Data Series 
	Number of Samples
	Samples Description
	Samples Characteristics 
	Sample Type

	1
	GPL8300
	GSE2559
	7
	4 IPAH
3 Control
	The mean pulmonary arterial pressure of the IPAH patients: 
A 57-year-old woman 51 mmHg.
S 31-year old man 53mmHg.
	Pulmonary artery smooth muscle cells (PASMC)

	2
	GPL 6947
	GSE33463
	71
	30 IPAH
41 Normal
	
	PBMCs
Peripheral Blood

	3
	GPL80
	GSE703
	20
	14 PAH
6 Normal
	
	PBMCs
Peripheral Blood

	4
	GPL6480
	GSE15197
	31
	13 Control
18 PAH
	
	Lung tissue

	5
	GPL16221
	GSE4814
	16
	9 Normal
8 IPAH

	IPAH: 
Mean age 35.7
Men/ women: 2/6
Normal:
Mean age 53
Men/ women: 4/5
Attached in next slide

	Lung tissues

	
	
	
	146
	74 PAH
72 Controls
	
	



Prerequisites for Regression:
Simple linear regression is appropriate when the following conditions are satisfied. The dependent variable Y has a linear relationship to the independent variable X. For each value of X, the probability distribution of Y has the same standard deviation σ. When this condition is satisfied, the variability of the residuals will be relatively constant across all values of X, which is easily checked in a residual plot. For any given value of X, the Y values are independent, as indicated by a random pattern on the residual plot. The Y values are roughly normally distributed. A little skewness is ok if the sample size is large. A histogram or a dotplot will show the shape of the distribution (Long, 1997).
Regression Line:
b1 = Σ [ (xi - x)(yi - y) ] / Σ [ (xi - x)2]  b1 = r * (sy / sx)  b0 = y - b1 * x,
where b0 is the constant in the regression equation, b1 is the regression coefficient, r is the correlation between x and y, xi is the X value of observation i, yi is the Y value of observation i, x is the mean of X, y is the mean of Y, sx is the standard deviation of X, and sy is the standard deviation of Y.
Linear Regression assumptions are as follows:
· For any given value of x, the corresponding value of y has an average value α+βx, which is a linear of x.
· For any given value of x, the corresponding value of y is normally distributed about α+βx with the same variance for any x.
For any two data points (x1,y1), (x2,y2), the error terms e1, e2 are independent of each other.

Table 2: Matched up and down regulated genes among five microarray datasets.
	Down expression matched genes
	Up expression matched genes

	NRCAM, MAP2, RUNX1T1, ENO2, CRISP1, NR4A3, RLN2, LDHA, GSTM3, LAMC2, COL6A1, SLC11A2, NTRK3, PGK1, FGA, STAT5B, TMEM41B, PIGC, PEX5, UGP2, RUNX1, PIGK, MTM1, ADRA2A, NRAS, BCR, MAP7, MAPK6, NEDD4, TXK, ETV3, KPNA4, DDX18, RAD50, DDX10, BCLAF1, FEZ1, LAMP1, GCLM, JAK1, OTUD4, FXR1, TMED10, HLA-G, APP, NRIP1, ESR2, SEC23A, PPP1CC, MYCN, TMED2, ATF2, TMF1, CA6, GOLGA4, HSP90AB1, CASP8, ATP5F1, SCN1B, CYCS, CD34, ABCE1, AZGP1, RPS5, KRT18, PEA15, AES, ACSM3, RQCD1, CTSE, EIF4A1, HSPA5

	CD40, ANKS1A, FLNC, PROL1, HAAO, DNM1, HOXA1, PPP1R10, PF4V1, SDS, NUMB, SERPINB6, COL17A1, POLR2A, IFIT2, KRT1, PTGS1, TBR1, DECR1, MC2R, GLUL, KCNJ8, S100A5, MT2A, ARSE, FKBP8, GPKOW, TNFRSF9, CX3CL1, GABRA1, STARD8, SLC19A1, FABP4, GYPB, ANKRD1, AAMP, SULT1C2, GUCA2B, GRIN2C, GMPR, SEPHS2, CCL21, PTMS, LMNB1, CLTCL1, TRPV6, SLC18A3, MYL9, TNNI3, CDX2, PLA2G5, IFNA16, ST6GALNAC2, FES, CDA, SELPLG, PDE2A, IFI27, SLC8A1, SCN5A, ZP2, GATA1, NRGN, GIP, PSG1, TLE1, GP1BA, PRM2, EPHB1, LGALS3, CD72, KCNJ3, SLC5A1, HTR1D, MMP9, HSD3B2, CYP1B1, IFIT3, IQGAP2, ACOX2, BATF, KLRD1, CDX1, SFTPC, C6orf10, LPL, CLEC3B, SECTM1, XCL1, IL13RA2, TMOD1, IGFBP2, NOTCH3





Logeistic Regression
Logistic regression can in several ways be seen to be like ordinary regression. Logistic regression, also called a logit model, is used to model dichotomous outcome variables.  It models the association between a dependent and one or more independent variables, and allows us to look at the fit of the model as well as at the significance of the associations (between dependent and independent variables) that we are modeling. The variable we want to predict is called the dependent variable (or sometimes, the outcome, target or criterion variable). The variables we are using to predict the value of the dependent variable are called the independent variables (or sometimes, the predictor, explanatory or regressor variables) (Pampel, 2000).
However, the underlying principle of binomial logistic regression, and its statistical calculation, are quite different to ordinary linear regression. While ordinary regression uses ordinary least squares to find a best fitting line, and comes up with coefficients that predict the change in the dependent variable for one unit change in the independent variable, logistic regression estimates the probability of an event occurring (Pampel, 2000).
We want to predict that relevant independent variables are not a precise numerical value of a dependent variable, but rather the probability (p) that it is 1 (event occurring) rather than 0 (event not occurring). This means that, while in linear regression, the relationship between the dependent and the independent variables is linear, this assumption is not made in logistic regression. Instead, the logistic regression function is used (Pampel, 2000).
Logistic regression, being based on the probability of an event occurring, allows us to calculate these, which are defined the ratio of the odds of an event occurring to it not occurring. In logistic regression, the dependent variable is binary or dichotomous, i.e. it only contains data coded as 1 (TRUE, success, pregnant, etc. ) or 0 (FALSE, failure, non-pregnant, etc.) (Pampel, 2000). The goal of logistic regression is to find the best fitting (yet biologically reasonable) model to describe the relationship between the dichotomous characteristic of interest (dependent variable = response or outcome variable) and a set of independent (predictor or explanatory) variables. Logistic regression generates the coefficients (and its standard errors and significance levels) of a formula to predict a logit transformation of the probability of presence of the characteristic of interest (Pampel, 2000): 
Logit(p) = b0 + b1X1 + b2X2 + b3X3 + ……. + bkXk
Logistic Regression assumptions are as follows:
· Assumes a linear relationship between the logit of the independent variables and dependent variables. However, does not assume a liner relationship between the actual dependent and independent variables.
· The sample is ‘large’- reliability of estimation declines when there are only a few cases.
· Independent variables are not linear functions of each other.
· Normal distribution is not necessary or assumed for the dependent variable.
· 
Regression Interpretation
Linear Regression:
SPSS will generate many tables of output for a linear regression. We will discuss three main tables required to understand your results from the linear regression output. The first table of interest is the Model Summary table. This table provides the R and R2 value. The R value represents the simple correlation and it indicates a high degree of correlation. The R2 value indicates how much of the dependent variable can be explained by the independent variable.
The next table is the ANOVA table. This table indicates that the regression model predicts the outcome variable significantly well. For this, we look at the "Regression" row and go to the Sig. column. This indicates the statistical significance of the regression model that was applied. For example, if Sig (p-value) p < 0.0005, which is less than 0.05, the model applied can statistically significantly predict the outcome variable.
The third table is the Coefficients table, provides us with information on each predictor variable. This gives us the information we need to predict dependent variable from independent variable. By looking to Sig. column, we can see that both the constant and independent contribute significantly to the model or not. 
Logistic Regression:
SPSS will generate many tables as output for multiple regression analysis. However, we focus only on three main tables we need to understand multiple regression results, assuming that the data has already met the assumptions required for multiple regression to give valid result:
Determining how well the model fits
The first table of interest is the Model Summary table. This table provides the R, R2, adjusted R2, and the standard error of the estimate, which can be used to determine how well a regression model fits the data: 
The "R" column represents the value of R, the multiple correlation coefficient. R can be considered to be one measure of the quality of the prediction of the dependent variable. The "R Square" column represents the R2 value (also called the coefficient of determination), which is the proportion of variance in the dependent variable that can be explained by the independent variables (technically, it is the proportion of variation accounted for by the regression model above and beyond the mean model). However, we also need to be able to interpret "Adjusted R Square" (adj. R2) to accurately report the data.
Statistical significance
The F-ratio in the ANOVA table tests whether the overall regression model is a good fit for the data. For example, if Sig (p-value) p < 0.0005, the regression model is a good fit of the data.
Estimated model coefficients
The general form of the equation to predict dependent variable from independent variables, is:
Predicted variable = dependent variable ± (B of V1 x value) ± (B of V2 x value) ± (B of V3 x value) ……… ± (B of Vn x value)
Unstandardized coefficients indicate how much the dependent variable varies with an independent variable, when all other independent variables are held constant. 
Statistical significance of the independent variables
[bookmark: _GoBack]We can test for the statistical significance of each of the independent variables. If p < .05, you can conclude that the coefficients are statistically significantly different to 0 (zero). The t-value and corresponding p-value are located in the "t" and "Sig." columns.
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