library(MASS)

library(pcalg)

library(corpcor)

library(igraph)

##################################################################

# Methods for learning a Gaussian Directed Graphical Model using #

# the IC (Pearl,200) / PC (Spirtes et al., 2000) algorithm. 

# Adèle Ribeiro – IME/USP

##################################################################

generatePCDAG <- function(data.df, alpha=0.05, maj.rule=FALSE) {

    suffStat = list(C = cor(cbind(data.df)), n = nrow(data.df),

      data.df=data.df, maj.rule=maj.rule)

    dag.pc <- pc(suffStat = suffStat, indepTest = gaussCItest,

      alpha=alpha, labels = colnames(data.df), verbose=TRUE,

      skel.method = "stable", conservative=TRUE, solve.confl=TRUE)

    # Converting pcalg's graph to igraph's graph.

    # NOTE: pcalg uses the notation 'column causes row', but 

    # igraph uses the notation 'row causes column' in the adjacency matrix, 

    # Thus, we have to transpose the adjacency matrix.

    dag <- graph.adjacency(t(as(dag.pc, "amat")), mode="directed")

  return(dag)

}

##############################################################

# Methods for learning a Gaussian Undirected Graphical Model #

# by vertex neighborhoods (Meinshausen and Buhlmann, 2006).  #

##############################################################

getPCorMatrixByNeighborhoodEstimator <- function(data.df) { 

  # Supposing independent observations,

  # it estimates the inverse covariance matrix (data.Sigma)^{-1}

  # by vertex neighborhoods

  data.names <- colnames(data.df)

  betaM <- list()

  betaM$estimates <- matrix(NA, ncol(data.df), ncol(data.df))

  colnames(betaM$estimates) <- rownames(betaM$estimates) <- colnames(data.df)

  betaM$p.values <- matrix(NA, ncol(data.df), ncol(data.df))

  colnames(betaM$p.values) <- rownames(betaM$p.values) <- colnames(data.df)

  pCor <- list()

  pCor$estimates <- matrix(NA, ncol(data.df), ncol(data.df))

  colnames(pCor$estimates) <- rownames(pCor$estimates) <- data.names

  pCor$lower <- pCor$estimates

  pCor$upper <- pCor$estimates

  pCor$p.values <- pCor$estimates

  sigmaInv <- matrix(NA, ncol(data.df), ncol(data.df))

  colnames(sigmaInv) <- rownames(sigmaInv) <- colnames(data.df)

  for(phen in 1:ncol(data.df)) {

    y <- data.names[phen]

    x <- paste(data.names[(1:ncol(data.df))[-phen]], collapse=" + ")

    formula <- as.formula(paste(y, "~ ", x))

    fit <- lm(formula, data=data.df)

    betas <- summary(fit)$coefficients[-1,1]

    betaM$estimates[y,data.names] <- betas[data.names]

    pvalues <- summary(fit)$coefficients[-1,4]

    betaM$p.values[y,data.names] <- pvalues[data.names]

    sigma2 <- var(fit$residuals)

    #print(paste0("sigma2: ", sigma2))

    sigmaInv[phen, phen] <- 1/(sigma2)

    for (xind in (1:ncol(data.df))[-phen]) {

      sigmaInv[phen, xind] <- -fit$coefficients[colnames(data.df)[xind]] * sigmaInv[phen, phen]

      fity <- lm(as.formula(paste(colnames(data.df)[phen], "~", paste(colnames(data.df)[-c(phen,xind)],collapse=" + "))), data=data.df)

      fitx <- lm(as.formula(paste(colnames(data.df)[xind],

        "~", paste(colnames(data.df)[-c(phen,xind)],collapse=" + "))), data=data.df)

      pcortest <- cor.test(residuals(fity), residuals(fitx))

      pCor$estimates[phen,xind] <- pcortest$estimate # rho_X.Y|S = beta * sd(rx)/sd(ry)

      pCor$p.values[phen,xind] <- pcortest$p.value # p-value for the test of H0: rho_X.Y|S = 0 

      pCor$lower[phen,xind] <- pcortest$conf.int[1]

      pCor$upper[phen,xind] <- pcortest$conf.int[2]

    }

  }

  return(list(sigmaInv=sigmaInv, betaM=betaM, pCor=pCor))

}

mypmin <- function(vec1, vec2) {

  pminvec <- c()

  for (i in 1:length(vec1)) {

    if (abs(vec1[i]) < abs(vec2[i])) 

      pminvec <- c(pminvec, vec1[i])

    else

      pminvec <- c(pminvec, vec2[i])

  }

  return(pminvec)

}

mypmax <- function(vec1, vec2) {

  pmaxvec <- c()

  for (i in 1:length(vec1)) {

    if (abs(vec1[i]) > abs(vec2[i])) 

      pmaxvec <- c(pmaxvec, vec1[i])

    else

      pmaxvec <- c(pmaxvec, vec2[i])

  }

  return(pmaxvec)

}

# rule can be "max" or "min"

symmetrizeMatrix <- function(amatrix, rule="max") {

  lowind <- which(lower.tri(amatrix), arr.ind=TRUE)

  uppind <- which(upper.tri(amatrix), arr.ind=TRUE)

  uppind <- uppind[order(uppind[,1]),]

  offdiagind <- rbind(lowind, uppind)

  new.values <- amatrix[offdiagind]

  if (rule == "max") {

    new.values <- mypmax((new.values[1:(length(new.values)/2)]), (new.values[(length(new.values)/2+1):length(new.values)]))

  } else {

    new.values <- mypmin((new.values[1:(length(new.values)/2)]), (new.values[(length(new.values)/2+1):length(new.values)]))

  }

  amatrix[offdiagind] <- new.values

  return(amatrix)

}

# It applies the correction for multiple tests 

# using all off-diagonal values

adjustPValuesMatrix <- function(pvaluesMatrix, correction="fdr") {

  lowind <- which(lower.tri(pvaluesMatrix), arr.ind=TRUE)

  uppind <- which(upper.tri(pvaluesMatrix), arr.ind=TRUE)

  uppind <- uppind[order(uppind[,1]),]

  offdiagind <- rbind(lowind, uppind)

  adjp <- p.adjust(pvaluesMatrix[offdiagind], method=correction)

  pvaluesMatrix[offdiagind] <- adjp

  return(pvaluesMatrix)

}

getUndirectedGraphFromPCorPvalues <- function(pvaluesMatrix, alpha=0.05, correction="fdr", rule="and") {

  nVertices <- dim(pvaluesMatrix)[1] 

  if (!is.null(correction)) {

    pvaluesMatrix <- adjustPValuesMatrix(pvaluesMatrix, correction)

  }

  if (rule == "and") {

    pvaluesMatrix <- symmetrizeMatrix(pvaluesMatrix, rule="max")

  } else { #rule == or

    pvaluesMatrix <- symmetrizeMatrix(pvaluesMatrix, rule="min")

  }

  edges <- which(pvaluesMatrix <= alpha, arr.ind=TRUE)

  adjMatrix <- matrix(0, nVertices, nVertices)

  adjMatrix[edges] <- 1

  colnames(adjMatrix) <- colnames(pvaluesMatrix)

  row.names(adjMatrix) <- colnames(pvaluesMatrix)

  udg <- as.undirected(graph.adjacency(adjMatrix))

  return(list(udg=udg, adj.pvalues=pvaluesMatrix))

}

getUndirectedGraphFromPCor <- function(pCor, alpha, correction="fdr") {

  pvaluesMatrix <- pCor$p.values

  diag(pvaluesMatrix) <- 1

  return(getUndirectedGraphFromPCorPvalues(pvaluesMatrix, alpha=0.05, correction))

}

#######################

# Auxiliary Functions #

#######################

# Methodology of Rebonato and Jackel (2000) to create a

# positive definite matrix out of a non-positive definite matrix.

# Reference: Rebonato and Jackel, "The most general methodology for creating a

# valid correlation matrix for risk management and option pricing purposes",

# Journal of Risk, Vol 2, No 2, 2000

fixNonPositiveDefiniteMatrix <- function(origMat) {

    cholStatus <- try(u <- chol(origMat), silent = TRUE)

    cholError <- ifelse(class(cholStatus) == "try-error", TRUE, FALSE)

    newMat <- origMat

    iter <- 0

    while (cholError) {

        iter <- iter + 1

        cat("iteration ", iter, "\n")

        # replace -ve eigen values with small +ve number

        newEig <- eigen(newMat)

        newEig2 <- ifelse(newEig$values < 0, 1e-10, newEig$values)

        # create modified matrix eqn 5 from Brissette et al 2007,



# inv = transp for eig vectors

        newMat <- newEig$vectors %*% diag(newEig2) %*% t(newEig$vectors)

        # normalize modified matrix eqn 6 from Brissette et al 2007

        newMat <- newMat #/sqrt(diag(newMat) %*% t(diag(newMat)))

        # try chol again

        cholStatus <- try(u <- chol(newMat), silent = TRUE)

        cholError <- ifelse(class(cholStatus) == "try-error", TRUE, FALSE)

    }

    newMat

}

########################

# Simulation Exercises #

########################

################################

# Generating Undirected Graphs #

################################

# Generating independent data

data.p <- 3 # number of variables

data.pCor <- matrix(rep(0, data.p^2), data.p, data.p)

data.pCor[1,2] <- 0.6

data.pCor[2,1] <- data.pCor[1,2]

data.pCor[3,1] <- -0.5

data.pCor[1,3] <- data.pCor[3,1]

diag(data.pCor) <- rep(1,data.p)

data.pCor # generated partial correlation matrix

data.Cor <- pcor2cor(data.pCor)

data.Cor # generated correlation matrix

data.varVec <- c(2,3,5)

data.sdMat  <- diag(sqrt(data.varVec))

data.Sigma <- data.sdMat %*% data.Cor %*% t(data.sdMat)

data.Sigma <- fixNonPositiveDefiniteMatrix(data.Sigma)

data.Sigma # generated covariance matrix

data.df <- as.data.frame(mvrnorm(1000, rep(0, data.p), data.Sigma))

#####################################

# Lerning the undirected graph by   #

# the vertex-neighborhood algorithm #

#####################################

# Computing the partial correlation matrix by the neighborhood estimator

nei_out <- getPCorMatrixByNeighborhoodEstimator(data.df)

sigmaInv <- nei_out$sigmaInv

nei_udg.out <- getUndirectedGraphFromPCor(nei_out$pCor, 0.05, "bonferroni")

plot(nei_udg.out$udg)

data.pCor

nei_out$pCor$estimates

nei_out$pCor$p.values

# Checking the estimated covariance matrix

solve(sigmaInv)

# Comparing with the original covariance matrix

data.Sigma

# Checking the estimated partial correlation matrix

cor2pcor(cov2cor(solve(sigmaInv)))

# Comparing with the original partial correlation matrix

data.pCor

#######################################

# Generating Directed Acyclic Graphs  #

#######################################

############################

# DAG with three variables #

############################

# Possible types:

#   - chain: V1 -> V2 -> V3

#   - collider: V1 -> V2 <- V3

#   - fork: V1 <- V2 -> V3

#   - triangle: V1 -> V2 <- V3 <- V1

#   - independent: V1  V2  V3

simulateThreeVariableDAG <- function(n.inds, type="collider") {

    n.data = 3     # number of variables

    data.means <- c(0, 0, 0)

    data.sdev <- c(1, 1, 1)

    # network: matrix P

    # n.data x n.data matrix 

    # p_ij indicates the effect of the variable j on the variable i  

    data.effs <- t(matrix(c(0, 0, 0,

                             0, 0, 0,

                             0, 0, 0), n.data, n.data)) 

    if (type == "chain") {

        data.effs[2,1] <- 0.8

        data.effs[3,2] <- 0.8

    } else if (type == "collider") {

        data.effs[2,1] <- 0.8

        data.effs[2,3] <- 0.8

    } else if (type == "fork") {

        data.effs[1,2] <- 0.8

        data.effs[3,2] <- 0.8

    } else if (type == "triangle") {

        data.effs[2,1] <- 0.8 

        data.effs[2,3] <- 0.8 

        data.effs[3,1] <- 0.8 

    } # else case implies independence (type = "independent")

    # generating data

    errorsMatrix <- t(mvrnorm(n.inds, rep(0, n.data), diag(data.sdev))) # n.data x n.ind

    inverseMatrix <- solve(diag(n.data) - data.effs)

    meansMatrix <- kronecker(t(rep(1, n.inds)), data.means)

    data.df <- as.data.frame(t(inverseMatrix %*% (meansMatrix + errorsMatrix)))

    colnames(data.df) <- c("V1", "V2", "V3")

    return(data.df)

}

###########################

# DAG with five variables #

###########################

# Possible types:

#   - multichain

#   - multicollider: V2, V3, and V4 are colliders and sink/terminal vertices; 

#                    V1 and V5 are source nodes;

#   - multifork: V2, V3, and V4 are source nodes; 

#                V1 and V5 are colliders and sink/terminal vertices.

simulateFiveVariableDAG <- function(n.inds, type="multicollider") {

    n.data = 5     # number of variables

    data.means <- c(0, 0, 0, 0, 0)

    data.sdev <- c(1, 1, 1, 1, 1)

    # network: matrix P

    # n.data x n.data matrix 

    # p_ij indicates the effect of the variable j on the variable i  

    data.effs <- t(matrix(c(0, 0, 0, 0, 0,

                            0, 0, 0, 0, 0,

                            0, 0, 0, 0, 0,

                            0, 0, 0, 0, 0,

                            0, 0, 0, 0, 0), n.data, n.data)) 

    if (type == "multichain") {

        data.effs[c(2,3,4),1] <- 0.8

        data.effs[5,c(2,3,4)] <- 0.8

    } else if (type == "multicollider") {

        data.effs[c(2,3,4),1] <- 0.8

        data.effs[c(2,3,4),5] <- 0.8

    } else if (type == "multifork") {

        data.effs[1,c(2,3,4)] <- 0.8

        data.effs[5,c(2,3,4)] <- 0.8

    } 

    # generating data

    errorsMatrix <- t(mvrnorm(n.inds, rep(0, n.data), diag(data.sdev))) # n.data x n.ind

    inverseMatrix <- solve(diag(n.data) - data.effs)

    meansMatrix <- kronecker(t(rep(1, n.inds)), data.means)

    data.df <- as.data.frame(t(inverseMatrix %*% (meansMatrix + errorsMatrix)))

    colnames(data.df) <- c("V1", "V2", "V3", "V4", "V5")

    return(data.df)

}

########################################

# Learning DAGs by the IC/PC algorithm #

########################################

# Graphs with unshielded colliders (V-structures) are easy to recover

# OBS: The joint probability distribution represented by a DAG

# can also be represented by the associated moral graph

# (the undirected graph formed by adding edges between all pairs of nodes

# that have a common child, and then making all edges undirected).

data.df <- simulateThreeVariableDAG(1000, type="collider")

# Learning the DAG

fitted_dag <- generatePCDAG(data.df, alpha=0.01, maj.rule=FALSE)

fitted_dag

plot(fitted_dag, main = "Estimated CPDAG")

# Learning the moralized counterpart of the DAG

nei_out <- getPCorMatrixByNeighborhoodEstimator(data.df)

nei_udg.out <- getUndirectedGraphFromPCor(nei_out$pCor, 0.05, "bonferroni")

plot(nei_udg.out$udg)

# Learning the DAG

data.df <- simulateFiveVariableDAG(1000, type="multicollider")

fitted_dag <- generatePCDAG(data.df, alpha=0.01, maj.rule=FALSE)

fitted_dag

plot(fitted_dag, main = "Estimated CPDAG")

# Learning the moralized counterpart of the DAG

nei_out <- getPCorMatrixByNeighborhoodEstimator(data.df)

nei_udg.out <- getUndirectedGraphFromPCor(nei_out$pCor, 0.05, "bonferroni")

plot(nei_udg.out$udg)

# Learning the DAG

data.df <- simulateFiveVariableDAG(1000, type="multifork")

fitted_dag <- generatePCDAG(data.df, alpha=0.01, maj.rule=FALSE)

fitted_dag

plot(fitted_dag, main = "Estimated CPDAG")

# Learning the moralized counterpart of the DAG

nei_out <- getPCorMatrixByNeighborhoodEstimator(data.df)

nei_udg.out <- getUndirectedGraphFromPCor(nei_out$pCor, 0.05, "bonferroni")

plot(nei_udg.out$udg)

# Chains and forks have the same joint distribution, so they 

# cannot be statistically distinguished from each other.

# Learning the DAG

data.df <- simulateThreeVariableDAG(1000, type="fork")

fitted_dag <- generatePCDAG(data.df, alpha=0.01, maj.rule=FALSE)

fitted_dag

plot(fitted_dag, main = "Estimated CPDAG")

# Learning the DAG

data.df <- simulateThreeVariableDAG(1000, type="chain")

fitted_dag <- generatePCDAG(data.df, alpha=0.01, maj.rule=FALSE)

fitted_dag

plot(fitted_dag, main = "Estimated CPDAG")

# Learning the DAG

data.df <- simulateFiveVariableDAG(1000, type="multichain")

fitted_dag <- generatePCDAG(data.df, alpha=0.01, maj.rule=FALSE)

fitted_dag

plot(fitted_dag, main = "Estimated CPDAG")

