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Abstract
Background: Many analyses of microarray association studies involve permutation and bootstrap resampling,

and cross-validation, that are ideally formulated as embarrassingly parallel computing problems. Given that
these analyses are computationally intensive, scalable approaches that can take advantage of multi-core
processor systems need to be developed.
Results: We have developed a CUDA based implementation, permGPU, that employs graphics processing units in

microarray association studies. We illustrate the performance and applicability of permGPU within the context of
permutation resampling for a number of test statistics. An extensive simulation study demonstrates a dramatic
increase in performance when using permGPU on an NVIDIA GTX 280 card compared to an optimized C solution
running on a conventional Linux server.
Conclusions: permGPU is available as an open-source stand-alone application and as an extension package for

the R statistical environment. It provides a dramatic increase in performance for permutation resampling
analysis in the context of microarray association studies . The current version offers six test statistics for
carrying out permutation resampling analyses for binary, quantitative and censored time-to-event traits.
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Background
Many resampling algorithms used in microarray association studies can be formulated within the
framework of embarrassingly parallel problems in the sense that the algorithm can be split up into smaller
components which can be completed mutually independently of each other. Standard algorithms used in
this context include permutation and bootstrap resampling, and cross-validation. There are several
protocols, including MPI and OpenMP, that facilitate parallelized programming for these types of
algorithms.
Due to their highly parallel structure, Graphical Processing Units (GPU) are more effective than
general-purpose CPUs for a set of algorithms widely used in the quantitative biomedical sciences. This has
been demonstrated for example by using GPUs in feature detection in proteomics experiments [1], analysis
of epistasis [2], statistical phylogenetics [3], and sequence alignment algoritms [4–7]. The R [8] extension
package gputools [9] provides GPU enabled implementations of a set of commonly used functions for
analysis of microarray data. Another attractive feature of using a GPU is that the hardware is relatively
inexpensive, currently ranging from $400 to $1400, compared to high-end multi-core workstations or cluster
farms. GPU hardware can be easily added to existing workstations.
In this paper, we present a Compute Unified Device Architecture (CUDA) framework, permGPU, that
employs GPUs in microarrays association studies. We illustrate the performance and applicability of
permGPU within the context of permutation resampling for a number of test statistics. The software is
provided as a stand-alone application that can be used to carry out permutation resampling based in the
case of binary (e.g., case versus control), quantitative (e.g., blood pressure) or censored time-to-event (e.g.,
time to death) traits. For wider use, we also have integrated permGPU into the R statistical environment.

Implementation
We illustrate our framework using a simulation study by implementing a single-step multiple testing
procedure based on the maximum statistic as described in [10] and [11]. The CUDA toolkit from NVIDIA,
a minimal set of extensions to the C and C++ languages, is used for programming on a GTX 280 GPU,
with 240 processor cores and 1GB of memory. For comparison, we carry out a timing analysis based on a
single CPU. The CPU code is compiled using g++ version 4.3.2 with -O3 and -funroll-loops, while the
GPU code is compiled using nvcc with -O2 and --use fast math optimization flags. Both the GPU and
CPU analyses are carried out on a 2.83GHz Intel(R) Core(TM)2 Quad CPU Q9550 with 4GB RAM of
memory using the AMD64 Linux operating system. For wider applicability to the research community, we
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integrated permGPU into an R extension package. This implementation has been developed and tested on
version 2.10.1.
The gene-expression matrix X is of dimension n × K, where K is the number of genes, or other features,
and n is the number of patients. The vector of outcomes is denoted by Y while the test statistic for testing
the hypothesis of marginal association between feature k and the outcomes is denoted as Tk . We consider

test statistics where the critical region is of the form |Tk | > ξ for some ξ > 0. For a given family-wise

SK
error rate (FWER) α ∈ (0, 1), we determine the critical value ξ > 0 such that P
k=1 |Tk | > ξ = α under
the hypothesis that no feature is associated with the outcome. The null sampling distribution is
approximated using permutation resampling as follows:
1. Compute the K statistics T1 , . . . , TK based on Y |X 1 , . . . , Y |X K .
2. Let Ỹ be a random permutation of Y .
3. Compute T̃1,1 , . . . , T̃1,K , permutation replicates of the test statistics, based on Ỹ |X 1 , . . . , Ỹ |X K .

4. Compute ζ1 = max |T̃1,1 |, . . . , |T̃1,K | .
5. Repeat the last three steps B − 1 additional times.
−1
The permutation FWER adjusted two-sided P-values are computed as p̃B
k =B

PB 
P̃kB = B −1 b=1 I |Tk | ≤ ζk respectively, where I[·] is the indicator function.

PB

b=1



I |Tk | ≤ |T̃b,k | and

The code implementing our algorithm is a hybrid of kernels (GPU) and functions (CPU). The components
of the code that compute the K test statistics, their maximum and P-values , are separate kernels. The
kernel that computes the K test statistics is the most computationally expensive. Global memory reads and
computation are the primary bottlenecks for speed. To increase global memory read speed, we allocate X
and other auxiliary data types via the function cudaMallocPitch(), thus assuring aligned memory access.

Findings
We illustrate the timing performance of our approach using an extensive simulation study considering the t
test statistic, for two-sample problems, the Pearson test statistic, for continuous outcome, and a
rank-covariance test statistic [12], for censored time to event outcome. The gene expression matrices are
obtained by simulating n × K mutually independent and identically distributed standard normal variates
where n = 100, ..., 1000 and K = 60000. For the two-sample case, the groups are drawn from a Bernoulli
law with mean 0.5. For the continuous case, the outcomes are drawn from a standard normal law. For the
3

time to event case, the expected censoring rate is set to 0.3. The illustrations for the t and Pearson test
statistics are based on B = 10, 000 permutations. The CPU approach for the rank-covariance statistic is
prohibitively slow for large problems. For (n, K) = (1000, 60000), an analysis based on a mere B = 10
replicates takes approximately 21 minutes versus only 16 seconds on the GPU. The CPU/GPU execution
time ratios along with the GPU times (measured in seconds) are shown in Figure 1. It can be seen that the
biggest speed increase is for the case of the survival test, where speedup factors of 78 can be observed.

Discussion
Although we have limited the discussions to three tests, our approach is more general. Currently, our code
also implements the Wilcoxon, Spearman and Cox statistics, and can be extended using other test
statistics including the family of score tests.
Permutation resampling to control FWER is one approach to address multiple testing for high-dimensional
data. Our method can be easily extended to use the bootstrap via resampling with replacement. The
false-discovery rate (FDR) [13] is another framework for adjusting for multiplicity. Our framework can be
modified by omitting the calculation of the FWER adjusted P-values and applying any FDR algorithm to
the unadjusted permutation P-values.
In many studies, primary interest is not the identification of significant features but rather the building of
predictive models. It is neither appropriate nor practical to build the model using all features. Feature
selection is typically used to identify, from the training data, a set of features, which are marginally
important based on some criterion. Note that the feature selection needs to be redone for each
cross-validation training set. Our framework can be customized to speedup the feature selection by
recomputing the test statistic Tk based on the training set.
For microarray data sets the permutation analysis only needs to be done once and thus it might be argued
that the gain in speed is not practically important. However, as illustrated in [14], for power and
sample-size calculation, the permutation analysis needs to be repeated N times. Our approach can be
extended to accommodate this type of analysis. For (n, K) = (600, 60000) and B = 10000, our GPU
Pearson algorithm takes about 12 seconds. A power analysis based on B = 10000 and N = 1000 would
then be expected to take less than 4 hours. Since the projected speedup factor for this case is about 36, the
expected time for completion on the CPU would exceed 5 days.
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Conclusions
A CUDA based implementation for deploying GPUs in RNA microarray association studies has been
presented. Our implementation can be customized by incorporating other statistical tests and scales
readily with GPU cores. An extension for incorporating our framework into the R statistical environment
has been developed. Dramatic increase in speed in comparison to an optimized C/C++ code was
demonstrated. The increased speed becomes more pronounced when the sample size or number of markers
is large, which makes our algorithm ideal for handling large genomic data sets. This is a practical
framework that can be easily implemented using relatively inexpensive hardware.

Availability and requirements
• Project Name: permGPU
• Project home page: http://code.google.com/p/permgpu/
• Operating System: Linux AMD64.
• Programming language: Programming language: CUDA, C/C++ and R
• Other requirements: CUDA SDK and Toolkit 2.0 or higher; gcc/g++ 4.3.2; R (www.r-project.org)
2.10.1; Biobase (www.bioconductor.org) 2.6.1
• License: GPL v3.
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CPU: Central Processing Unit; CUDA: Compute Unified Device Architecture; GPL: General Public
License; GPU: Graphics Processing Unit; FDR: False Discovery Rate; FWER: Family-Wise Error Rate;
GTX 280: NVIDIA GeForce GTX 280; MPI: Message Passing Interface; OpenMP: Open Multi-Processing;
RNA: Ribonucleic Acid; SDK: Software Development Kit
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Figures
Figure 1 - CPU/GPU Time Ratios
Illustration of the CPU/GPU time ratio as a function of n, for the t, Pearson and rank-covariance [12] tests
for K = 60000. For the t and Pearson tests B = 10000 permutations are used while for the rank-covariance
test B = 10 permutations are used. The GPU times (in seconds) are also shown.

Additional Files
Additional file 1 — Supplementary Information for ”permGPU: Using graphics processing units in RNA
microarray association studies”
This document provides instructions for compiling and executing the code for the examples discussed in
”permGPU: Using graphics processing units in RNA microarray association studies” by Shterev et al.
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Additional files provided with this submission:
Additional file 1: permGPU_0.1.tar.gz, 27K
http://www.biomedcentral.com/imedia/1724585569354884/supp1.gz
Additional file 2: permGPU-standalone.zip, 40K
http://www.biomedcentral.com/imedia/5327571303548841/supp2.zip
Additional file 3: tutorial.pdf, 174K
http://www.biomedcentral.com/imedia/1296338973548841/supp3.pdf

