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1 Introduction

Detecting differentially expressed genes for one particular disease has important applications
and has been studied extensively. Massively Parallel Nucleotide Sequencing (MPNS) is a rel-
atively new technique that can be used to detect differential gene expression. MPNS uses a
clonal sequencer to generate millions of individual short sequences from a sample, which can
then be aligned to a reference genome or assembledde novo. If the approach is applied to RNA
samples, the number of reads aligning at a given locus can be used as a measure of abundance
(an approach known as RNA-Seq). Since the reads generated bythe machine are much shorter
than most exons, MPNS allows the pursuit of alternative splicing by using the number of reads
matching to an exon as a measure of its abundance.

Since RNA-Seq data is essentially count data generated by sampling from a population of
transcript fragments, many of the standard approaches for analysing microarray data are not
directly applicable to MNPS datasets. This, combined with the fact that the technology is
still relatively recent, means that there is no current consensus regarding the best methods for
detecting differential expression. The goal of this work isto assess the performance of a variety
of available algorithms for making these calls.

The algorithms evaluated include those recently developedspecifically for RNA-seq data
and available in R packages, such as edgeR (Robinsonet al., 2009), baySeq (Hardcastle and
Kelly, 2009), and DEGseq (Wanget al., 2009). They also include the statistical algorithms
which have been used for RNA-seq data such as Fisher’s exact test and log-likelihood ratio
(Bullard et al., 2009) and Poisson distribution based formula (Sultanet al., 2009, Audic and
Claverie, 2007). We also evaluate the statistical methods such as K-S test and Wilcoxon’s
rank-sum test, which require two sequences as input and consequently are not applicable to
microarray data without replicates but can be applied to sequencing data without replicates.

The sequencing data can be represented at two levels. One wasat nucleotide or base level.
Another is at exon level, which is a summary of data at nucleotide level. Nucleotide level data
contains more information than exon level data. On the otherhand, it may be more prone than
the exon level summary to the errors and noises induced in data production. It is interesting to
compare the statistical methods performed on the two different levels. In contrast, microarray
systems can only produce data at gene or exon level.

We also address two important issues in the evaluation of statistical methods for computing
differential expression. One is the difficulty in generating an appropriate ’gold standard’ dataset
against which to perform an evaluation. Previous work has tended to use an artificial dataset
where, for example, known amounts of transcript are spiked into a common reference (e.g.
Choeet al., 2005). Generating a biologically representative datasetwith a significant number
of differences is challenging and expensive, particularlygiven the current cost of MPNS exper-
iments and the nucleotide-level precision of the platform.Here, we use an independent dataset
generated using a different (Affymetrix microarray) platform. We also used another evaluation
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data obtained by prior knowledge and text mining technique.
The second issue we address is the metric used to evaluate performance. When exons are

scored by, for example, their likelihood to be differentially expressed, it is possible to order
the data and identify for each algorithm, the score threshold that leads to the greatest corre-
spondence between platforms. We do this not only by considering the area under a ROC curve
(AUC), as has been extensively used for evaluating differential gene expression algorithms, but
also two alternate metrics: A-precision and R-precision, both of which are popular in informa-
tion retrieval studies.

2 Results

Table 1 presents the results obtained by the twelve statistical methods, and the non-directional
fold change approach. Evaluations were carried out using the exon array reference data. Each
method was applied to the depth and count data, respectively. The first five methods were
applied to nucleotide level data, since they require a pair of numeric vectors as input. The
next eight methods used the exon level data. The last row shows the results from the randomly
ranked list, which can be regarded as a baseline negative control. We can see that the results
from all methods are significantly higher than the baseline;the 95% confidence interval for the
A-precision of the randomly ranked list is [0.236, 0.240].

Table 1:Evaluation of the statistical algorithms with reference toexon microarray data. Each ranked list
was measured by three types of metrics, A-precision (AP), R-precision (RP), and AUC. The values are
presented as percentages.

Methods Depth data Count data
AP RP AUC AP RP AUC

Wilcoxon rank-sum 37.4 73.5 56.0 40.3 88.5 57.0
Wilcoxon signed-rank 31.4 58.8 52.9 37.8 86.2 56.2
K-S test 34.6 24.3 56.7 38.4 90.9 55.6
Paired t-test 32.6 55.6 54.3 36.0 75.2 56.0
Unpaired t-test 36.7 75.8 56.5 39.2 86.2 57.3
Audic and Claverie’s method39.0 71.4 57.3 37.4 70.9 55.3
Fisher’s test 36.7 41.7 55.9 37.0 70.9 55.5
LLR 28.7 18.8 50.9 37.1 57.1 55.9
Rank product 32.8 58.8 53.6 32.9 58.8 53.7
edgeR 36.6 41.7 55.8 37.0 71.9 55.6
baySeq 38.0 90.1 54.6 42.7 86.2 57.6
DEGseq 35.7 42.6 55.5 36.5 72.5 54.5
FC3 35.8 97.1 54.2 37.6 97.1 55.2
Randomly 23.8 25.3 42.8 23.8 25.3 42.8

The R package baySeq obtained the highest scores of A-precision and AUC on the count
data, while the non-directional fold change method had the highest R-precision. BaySeq per-
formed statistically significantly better than other methods, (95% confidence interval of A-
precision for baySeq is [0.420, 0.433]). The Wilcoxon sum-rank test obtained the second best
A-precision score (the 95% confidence interval of A-precision for is [0.396, 0.409]). We can
also see that edgeR’s results are very similar to those of Fisher’s test, probably because the exact
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test implemented in edgeR for the data without replicates isquite similar to Fisher’s exact test.
All the methods, except A&C’s Poisson distribution based method (Audic and Claverie,

1997), have higher A-precision scores on count data than on depth data and in most cases,
higher R-precision and AUC. Note also that the difference between the results of count data
and depth data for the statistical tests using nucleotide level data was bigger than many methods
using exon level data. This is to be expected, since all the methods assume that observations are
mutually independent, and this holds for count data but not depth data.

We can see that the differences among A-precisions for different methods (e.g. Wilcoxon
rank-sum and sign-rank) are bigger than among AUC. All the five tests for nucleotide level
data obtained better A-precision on count data than on depthdata, which is consistent with the
fact that count data is better than depth data for the nucleotide level analysis such as K-S test.
However, K-S test obtained higher AUC value from depth data than from count data. Thus, for
these data, A-precision provide better metrics at distinguishing different statistical methods than
the ROC-curve based methods often used to evaluate bioinformatics algorithms. R-precisions
among different methods have much bigger variations than A-precisions and AUC, showing
that the average is more stable than a single value at one particular point.

Table 2: Results of the ranked lists against the true positive instances obtained based on keywords K1
and the GeneRIF text. Each ranked list was measured by three types of metric, A-precision(AP), R-
precision(RP), and AUC. The values are presented as percentages.

Methods Depth data Count data
AP RP AUC AP RP AUC

Wilcoxon rank-sum 4.30 14.3 39.2 4.82 14.7 40.5
Wilcoxon signed-rank 4.15 8.17 39.5 4.81 15.5 41.5
K-S test 4.63 3.73 41.1 5.37 18.6 43.8
Paired t-test 4.13 7.58 39.6 4.48 10.1 40.5
Unpaired t-test 4.20 8.74 39.2 4.50 11.4 40.1
Audic and Claverie’s method5.04 15.1 41.3 5.07 15.1 42.0
Fisher’s test 5.09 6.83 41.5 5.04 15.1 41.5
LLR 4.84 4.78 43.9 5.09 10.4 41.4
Rank product 4.78 13.5 41.2 4.79 13.5 41.4
edgeR 5.09 6.88 41.5 5.07 14.6 41.8
baySeq 4.17 13.8 37.4 4.75 18.1 39.5
DEGseq 5.06 7.29 41.5 5.01 13.2 41.6
FC3 4.27 18.2 38.1 4.51 18.3 38.6
Randomly 3.51 4.88 36.0 3.51 4.88 36.0

We manually compiled a list of keywords related to the breastcancer or gene-disease relation
study. Those keywords were divided into three groups. The first contains the most specific
keywords such as ’breast cancer”. The second, more general cancer-related keywords, such
as ’cancer’, ’tumour’ and ’oncogene”, and the third, keywords related to genetic diseases in
general, such as ’DNA damage” and ’genetic disease”. We denote the keywords in the first
group as K1, the keywords in the first or the second group as K12, and the keywords in the first,
or the second, or the third group as K123. If the text for one exon contains a keyword from K1
(or K12, or K123), then we regarded the exon as a true positiveexample for that type of text
and that group of keywords. We used those positive examples to evaluate the results. We ran
one experiment using each of the three keyword groups.
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Tables 2 presents the results of the statistical methods which were evaluated using the
GeneRIF text and the keyword groups K1. K-S test obtained thehighest A-precision, R-
precision and AUC scores for the keyword group K1. The 95% confidential interval for the
A-precision of K-S test is [0.0510, 0.0569], showing that K-S test performed significantly bet-
ter than other methods.

3 Conclusion

These data show that the K-S test and the R package baySeq applied to count data provided the
best methods for calling differentially expressed exons across AB SOLiD RNA-Seq data. The
results also show the utility of A- and R-precision as evaluation metrics that can have a number
of advantages over the more widely used ROC curve. Although the results presented here were
for AB SOLiD data, it is reasonable to expect to see similar results for other platforms, since
many of the issues, such as the non-independence of adjacentresidues in pile-up data, are not
platform specific.
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