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Parallel Random Forest method and applicable condition
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Abstract: Objective To explore the implementation method of Parallel Random Forest and its
applicable condition and provide scientific reference for genomics data analysis. Method
Programming the Parallel Random Forest computing program based on R foreach package and
using the SNPs simulated data to evaluate its performance. Result When the number of SNPs is
100,500,1000, performance gains are not linear with the number of CPUs increased. And the
same amount of data under the condition of different numbers of ntree, the performance gains
difference also. When the number of SNPs reaches 5000, the performance of this method is
relatively low. When the number of ntree is 5000,10000 under the 10 CPUs environment, the
performance is less than 2 times better than sequential job and there is almost no speed gains

Conclusion When the number of SNPs is not a lot(less than 1000), performance of the Parallel
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Random Forest computing program based on R foreach package is better. However, if the
number of SNPs is high(over 5000), due to the existence of shared memory that can generate
communication overhead problems, this method is poor, then we can consider to choose other

analysis tools, like Random Jungle .
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ASLHET foreach (45 I FEHLARRIFATIZ HAZ TN
pa.rf <- function(data, get.cv=TRUE, k.folds=3, CPUs=NULL,
ntree=500, seed=NULL, verbose=FALSE, ...){

# Description : randomForest in parallel

#

# args

# data : input data, dependent variable must be a factor which named "Response"
# get.cv : whether or not to use cross-validation , defult is TRUE

# k.folds : N-fold cross-validation, defult is 3

# CPUs : the number of CPUs in use

# ntree : the number of trees to grow, defult is 500

# seed : seed for random number generators, default is systime time

# verbose : whether or not output some informations to screen, defult is FALSE

if ('pROC' %in% installed.packages()[,1])library(pROC)
if (‘'randomForest' %in% installed.packages()[,1])library(randomForest)
if ('foreach' %in% installed.packages()[,1])library(foreach)
if ('doParallel' %in% installed.packages()[,1])library(doParallel)
if (is.null(seed)) seed=as.integer(Sys.time())
if (is.null(CPUs)) CPUs=1
cat('CPUs', CPUs, "n")

registerDoParallel(cores=CPUs)
set.seed(seed)
rf = foreach(ntree 1=rep(ceiling(ntree/CPUs), CPUs),

.combine=combine,
.packages="randomForest') %odopar%
randomForest(Response ~., data=data, ntree=ntreel,
importance=T)

if (get.cv){
data = data[sample(dim(data)[1]), ]
n.each.part <- ceiling(nrow(data)/k.folds)
idex <- sample(rep(1:k.folds, n.each.part)[ 1:nrow(data)])
rf.test.pre <- matrix(NA, nrow(data), 1)
rf.test.prel <- matrix(NA, nrow(data), 1)
for (i in 1:k.folds){

if (verbose){

if (k.folds == nrow(data)) cat('loocv', i, "\n')
else cat('fold', i, "\n')

rf.fit = foreach(ntree 1=rep(ceiling(ntree/CPUs), CPUs),
.combine=combine,
.packages="randomForest') %odopar%
randomForest(Response ~., data=data[idex !=1, ], ntree=ntreel)
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rf.test.pre[idex==1, 1] <- predict(rf.fit, data[idex ==1, ], type='vote')[, 2]
rf.test.prel[idex==i, 1] <- predict(rf.fit, data[idex ==1, ])
h

confusion = table(data§Response , rf.test.prel)
false.rate = (confusion[2, 1] + confusion[1, 2]) / dim(data)[1]
rf.auc <- auc(data$Response, rf.test.pre)
result.pa.rf <- list(confusion =confusion,
rf.auc = rf.auc,
false.rate = false.rate ,
rf.model = rf)

return(result.pa.rf)
} else {

return(rf)

}
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