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ABSTRACT
Biologists often use RNA-Sequencing (RNA-Seq) to identify a limited number of genes for subsequent validation,
and one important factor for candidate gene selection is the fold-change in expression between two groups.
However, RNA-Seq produces a wide range of read counts per gene, and genes with a low coverage of reads can
produce artificially high fold-change values. In this paper, we present a solution to this problem: adding a factor
between 0.01 and 1 to normalized expression values. This conclusion is based upon analysis of a large patient
cohort of paired tumor and normal samples from patients with lung adenocarcinomas as well as a small, twogroup cell line dataset. The optimal factor to add to normalized expression values is chosen based upon testing a
range of factors on: the number of genes or transcripts whose expression is effectively censored (using three
different alignment algorithms) and 2) the potential level of bias introduced by the factor (defined by comparing
unadjusted gene lists). The robustness of these trends is also tested by comparing multiple mRNA quantification
and differential expression algorithms. The relationship between RPKM cutoff and concordance between gene
lists produced using different statistical methods can be complicated, but this study emphasizes that simple
statistical analysis (amendable to the use of rounded RPKM values) at least provides equal quality results as
popular algorithms for RNA-Seq differential expression.

Keywords: DEG = Differentially Expressed Gene; RNA-Seq = RNA-Sequencing; RPKM = Reads Per Kilobase
per Million.

INTRODUCTION
RNA-Sequencing (RNA-Seq) is a powerful tool for
quantifying gene expression as well as identifying
alterative splicing and RNA-editing events [1-3]. There
are a number of tools to calculate differentially
expressed gene from RNA-Seq experiments [4, 5], many
of which utilize RPKM (Reads Per Kilobase per Million
[6]) normalized count values for gene and transcript
abundance [7]. Biologists often use fold-change (the
ratio of average expression between two groups) to
prioritize genes of interest [8]. However, RNA-Seq
experiments often have many genes with very low
coverage with RPKM values that are very close to 0. So,
the fold-change between two conditions can be high,
even though the true expression levels may not differ
greatly.
One solution to this problem is to define a minimum
reliable threshold for RPKM values. If the test for
http://bioinfo.aizeonpublishers.net/content/2013/6/bioinfo285-292.pdf

differential expression utilizes a table of RPKM
expression values, then adding that threshold to the
exiting RPKM value will effectively censor all RPKM
threshold below that value (whose values will now be
rounded to that threshold). Many statistical tests (such
as ANOVA) assume a normal distribution, which can be
approximated using log2 RPKM expression values: in
this case, log2(RPKM + cutoff) expression values would
be used. However, the optimal threshold to choose is
not obvious, and it is not clear how robust the use of a
single threshold will be for various experiments. In
order to provide a recommended range for RPKM
thresholds, a large patient dataset with 134 samples of
paired tumor and normal patients was used to compare
gene lists defined using various RPKM cutoffs [9]. In
order to test the robustness of observed trends, gene
lists were produced using three aligners (TopHat [7],
STAR [10], and Novoalign). Additionally, the TopHat
alignment was tested using mRNA quantification tools
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(Partek EM-Algorithm, cufflinks [7]) as well as four
methods to define differentially expressed genes
(ANOVA, cuffdiff [7], edgeR [4], and DESeq [5]). To be
clear, edgeR and DESeq require the user to provide
unnormalized read counts in order to estimate
dispersion frequencies, so the goal of comparing
different statistical tools was to compare genes defined
using 2-way ANOVA with log2(RPKM + cutoff) values
and other popular methods where a cutoff couldn’t be
implemented in this way. Likewise, cuffdiff does not
simply use raw or normalized counts, so it is not
possible to round RPKM (or, more precisely, FPKM)
values for cuffdiff analysis. Cell line analysis was
performed in addition to the large patient cohort
comparison in order to test the robustness of the
comparison of statistical analysis methods (and the
impact of RPKM cutoff choice on the concordance
between methods).
The results of these comparisons indicate that the
optimal RPKM cutoff for most experiments should be
between 0.01 and 1. Higher cutoffs should be used for
more conservative gene lists and lower cutoffs should
be used for larger gene lists. We find that the range of
RPKM expression values is very similar regardless of
alignment method, and the number of reads per
experiment has the least influence on RPKM values if a
RPKM cutoff of 0.1 is used. For the lung cancer cohort,
using 2-way ANOVA (or 1-way ANOVA) on log2(RPKM +
cutoff) expression values produces a gene list that is
robust and meets or exceeds the proportion of
overlapping genes for raw count based methods for
RNA-Seq differential expression. The robustness of this
strategy is further confirmed using cell line data with a
simple study design (using 1-way ANOVA), where
concordance of gene lists using different differential
expression tools is less sensitive to the RPKM cutoff
(used in Partek and sRAP, a novel open-source tool
developed to implement the strategies discussed in this
study).

the paired-end alignment). In all cases, reads were
aligned to hg19.
For the cufflinks cell line dataset, paired-end fastq files
were also downloaded from the SRA (for project
SRP012607). Paired end alignments to hg19 were
performed using TopHat (v.2.0.8 [12]). Both MiSeq and
HiSeq datasets are analyzed and compared in this
paper, but all subsequent analysis focuses specifically
on the MiSeq samples.
mRNA Quantification
Unless otherwise specified, RPKM expression levels
were calculated using Partek Genomics SuiteTM (Partek,
Inc., St. Louis, MO; verison 6.6). Transcript-based
expression levels were calculated using an expectationmaximization algorithm similar to that implemented in
Xing et al. [13]. A cutoff (of 0.01, 0.1, or 1) was then
added to the RPKM expression values and then
expression values underwent a log2 transformation.
Baseline RPKM values were not analyzed on a log2 scale
because genes with RPKM expression values of 0 would
be undefined.
Cufflinks (v.0.9.3, [7]) mRNA
quantification of TopHat single-end reads was
calculated using default settings. In both cases, RefSeq
gene coordinates were used to define gene/transcript
boundaries [14].

MATERIALS AND METHODS

Differential Expression
For patient samples, differential expression was
calculated using 2-way ANOVA using Partek Genomics
SuiteTM (Partek, Inc., St. Louis, MO; verison 6.6), where
the two factors considered for analysis was group
(tumor or normal) and patient ID (pairing tumor and
normal samples, when both were available). Genes and
transcripts were defined as differentially expressed if
they showed a |fold-change| > 1.5 and false discovery
rate (FDR) < 0.05. FDR values were calculated using
the method of Benjamini and Hochberg [15] from the
distribution of 2-way ANOVA p-values, and fold-change
values were calculated on a linear scale using leastsquares mean.

Alignment
For the lung cancer dataset, paired-end fastq files were
downloaded from the Sequence Read Archive
(ERP001058) [11].
Single-end alignments were
performed using only the forward reads for each
sample. TopHat (v.1.2.0, [7]) single-end alignments
were produced using default parameters. TopHat
paired-end alignments are not presented in this report
because the run-time was unreasonably long. STAR
(v.2.3.0, [10]) single-end and paired in alignments
using default settings.
Novoalign (v.2.07.05,
http://www.novocraft.com) single-end and paired-end
alignments were performed with a minimum
information content of 16 and random assignment of
ambiguous reads. As a technical note, Novocraft
currently provides a different set of parameters for
optimal RNA-Seq paired-end alignment, which might
further improve performance; however, the parameters
used in this study still show reasonably good
concordance to the TopHat and STAR alignments (for

DESeq [5] and edgeR [4] provide two different
strategies for differential expression: 1-factor negative
binomial test and multi-factor generalized linear
regression (still based upon a negative binomial
distribution). For multi-factor analysis, both tumor and
normal samples from the patients needed to be
available for analysis, reducing the sample size from
134 to 100, and DESeq required the dispersion values
to be calculated as if all replicates were for a single
condition. These restrictions were not necessary for
the 1-factor (e.g. tumor vs. normal) analysis. In both
cases, genes were defined as differentially expressed
with an FDR < 0.05. Cuffdiff [7] was also used to test
for differential expression, but no genes could be
defined with an FDR < 0.05 using 1-factor analysis
(multi-factor analysis is not possible for cuffdiff). In all
cases, TopHat single-end reads were used for analysis
(quantified using cufflinks for cuffdiff and Partek EM
for DESeq and edgeR).

http://bioinfo.aizeonpublishers.net/content/2013/6/bioinfo285-292.pdf
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Microarray Processing
Feature extraction files from GSE37704 were imported
into Partek, and gProcessedSignal values were
averaged by probe for gene expression analysis. Signal
intensities were log2 transformed and quantile
normalized. FDR values were calculated using the
method of Benjamini and Hochberg [15] from the
distribution of 1-way ANOVA p-values, and fold-change
values were calculated on a linear scale using leastsquares mean. Because only 28 probed meet the
criteria of showing a |fold-change| > 1.5 and false
discovery rate (FDR) < 0.05, microarray probes were
defined as differentially expressed if they showed a
|fold-change| > 1.5 and unadjusted p-value < 0.05.
Differential expression of a single probe was enough to
define a gene as differentially expressed.
sRAP Bioconductor Package
The strategies discussed in this paper have been
implemented as part of the Simplified RNA-Seq
Analysis Pipeline (sRAP), which is an R package that is
available in Bioconductor [16]. sRAP normalizes RNASeq data by log2 transforming RPKM values with a
rounding threshold (with a default setting of 0.1).
Users can then define differentially expressed genes
using fold-change cutoffs (default = 1.5), p-value cutoffs
(calculated using ANOVA or linear regression, with
ANOVA p-value < 0.05 as the default setting), and/or
false discovery rate (Benjamini and Hochberg FDR,
with a default setting of FDR < 0.05) values. The
package also provides quality control metrics and
functional enrichment via BD-Func [17], but those
elements are not presented in this paper. Analysis
presented in this paper was carried out using default
parameters. Because log2 transformation is a required
step in normalization for sRAP, RPKM values without a
rounding threshold were estimated by adding an
extremely small RPKM cutoff (1 x 10-45). The sRAP

package is available at http://www.bioconductor.org/
packages/release /bioc/html/sRAP.html.

RESULTS AND DISCUSSION
RPKM Distributions are Similar for Most Aligners
Three different aligners (TopHat, Novoalign, and STAR)
were used with both single-end and paired-end
alignments (except for TopHat, where the paired end
alignment was too time-consuming). The number of
genes above various RKPM cutoffs was very similar
regardless of alignment method (Figure 1). Because a
large patient cohort was used for analysis, RKPM
distributions can be compared not only for the overall
population (Figure 1), but also for each individual
sample. One important question is how the number of
reads affects the distribution of RPKM values. To test
this, correlations between number of genes above a
RPKM cutoff and the total number of reads per sample
were calculated for RPKM cutoff values of 1, 0.1, 0.01,
and 0.0001 (which were selected based upon the
changes in gene counts for RPKM value cutoffs at the
population level, Figure 1). In most cases, high RPKM
cutoffs (e.g. 1) showed a positive correlation with read
counts (Figure 2). In other words, samples with more
reads had a larger proportion of genes with RPKM
cutoffs greater than 1, which makes intuitive sense.
However, sufficiently low RPKM cutoffs (e.g. 0.01 and
0.001) caused a negative correlation between the
number of genes above an RPKM cutoff and the total
number of reads in the sample. There was no
statistically significant correlation (p < 0.05) between
the number reads per sample and the number of genes
with RPKM cutoff greater than 0.1. All other things
being equal, this indicates that trends observed for
rounded RPKM values with an RPKM cutoff of 0.1
should be applicable regardless of the number of reads
per sample.

Figure 1. RPKM Distributions are Robust for Multiple Aligners. Reads were aligned using 5 different strategies (TopHat
Single-End, STAR Single-End, STAR Paired-End, Novoalign Single-End, Novoalign Paired-End). RPKM normalized read counts
(for gene-based and transcript-based quantification) were then pooled from all aligned samples, and the proportion of
transcripts or genes above a certain threshold was measured. RKPM thresholds are shown along the x-axis and the proportion
of genes / transcripts with signal above that threshold are shown on the y-axis. For both gene-based and transcript-based
http://bioinfo.aizeonpublishers.net/content/2013/6/bioinfo285-292.pdf
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quantification, the proportion of genes above various thresholds is the almost identical for all 5 alignment strategies. In
particular, there are substantial diminishing returns when selecting thresholds less than 0.01

Figure 2. Influence of Read Count on RPKM Levels. Reads were aligned using 5 different strategies (TopHat Single-End, STAR
Single-End, STAR Paired-End, Novoalign Single-End, Novoalign Paired-End). For each sample, the proportion of transcripts /
genes above a certain RPKM normalized read counts, which is shown along the x-axis. Correlation coefficients between the total
number of reads per sample and the number of genes above the given RPKM threshold were then calculated, which are plotted
on the y-axis. Correlation coefficients with p-values > 0.05 are between gene / transcript count and total number of reads, while
using a smaller cutoff leads partially transparent, while correlations with p-values < 0.05 are colored with darker shades of the
colors specified in the figure legend. For all 5 alignment strategies, the total number of reads per sample had the least influence
on the number of genes with RPKM > 0.1. Using a larger cutoff leads to a positive correlation to an increasingly negative
correlation between gene / transcript count and the total number of reads.

Genome Alignment Only Modestly Affects
Concordance of Differentially Expressed Genes
In order to better approximate a normal distribution,
rounded RPKM values were log2 transformed, which
affects both sample distributions (Figure S1) and gene
distributions (Figure S2).
Lists of differentially
expressed genes were defined using 4 cutoffs: 1, 0.1,
0.01, and 0 (no rounding). Gene lists were also
compared using different alignments (Figure 3). This
comparison yielded 2 noteworthy results. First, the

impact of RPKM cutoffs on gene lists was similar using
most aligners. The only exception is the single-end
Novoalign alignment. This is reasonable because
Novoalign has special parameters for RNA-Seq data for
paired-end but not single-end alignments. These
results emphasize that Novoalign is not suitable for
single-end RNA-Seq alignments (but paired-end
alignments are OK) and this strategy of comparing
alignments can reveal good-quality versus poor quality
alignments.

Figure 3. Bias Introduced by Rounding RPKM Values. The goal of rounding RPKM values is to help define more biologicallyrelevant fold-change values. However, choosing a high rounding threshold can remove useful genes from the resulting gene list
and choosing a low rounding threshold can introduce new genes into the gene list that may be an artifact from rounding.
Therefore, it is useful to compare gene lists produced from normal RPKM values to those defined using log2(RPKM + cutoff)
http://bioinfo.aizeonpublishers.net/content/2013/6/bioinfo285-292.pdf
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values. In this figure, gene and transcript lists for cutoffs of 1, 0.1, and 0.01 are compared to gene lists producing unadjusted
RPKM expression values, using 5 alignment strategies. Choosing a cutoff of RPKM > 1 introduces the least amount of potential
bias, but also reduces the size of the gene / transcript lists by more than 50%. The single-end Novoalign alignment is an outlier,
probably because Novoalign only has parameters to optimize for mapping across splicing junctions for paired-end alignments.
In all other cases, the majority of genes in the unadjusted PRKM gene list can be recovered using cutoffs of 0.1 or 0.01, with a
modest increase in potential bias from rounding. In all cases, “overlap” is defined as the overlap between the gene list from a
given cutoff and the gene list with no RPKM cutoff (+0): so, this overlap is independent of all other gene lists.

Figure 4. Gene Lists are Similar Regardless of Alignment Method. Three alignment methods (TopHat Single-End, STAR
Single-End, Novoalign Paired-End) were tested to directly compare the impact of alignment method on production of gene lists.
Novoalign paired-end alignment was used because the single-end alignment wasn’t reliable. STAR single-end alignment was
used without the paired-end alignment because the results were almost identical. The number of common and unique genes is
roughly similar regardless of RPKM cutoff. In all cases, “common” refers to the set of genes (or transcripts) defined by all 3
alignments.

The second important conclusion is that higher RPKM
cutoff values will result in smaller gene lists that are
mostly (>90%) a subset of a gene list produced without
rounding RPKM values (or performing a log2
transformation), whereas smaller RPKM cutoff values
can result in gene lists that are more similar to the
unrounded gene list but also contain more genes that
were not identified prior to rounding and log2
transformation. Although the additional genes could be
detected due to increased statistical power (due to a
more normally distributed set of expression values), it
is also possible that some of these genes are artifacts
from rounding. Either way, rise is overlap is sharper
than the rise in unique genes, so the benefits may
outweigh the potential drawbacks. However, this
decision can be left up to the individual analyst, and
this figure importantly illustrates the quantitative
relationship between RPKM cutoff and sensitivity.
The previous analysis studied how the relative RPKM
cutoffs influence gene lists using various alignments,
comparing rounded RPKM gene lists to unrounded
RPKM gene lists. Alternatively, it can be useful to test if
the alignment method affects the concordance of the
gene lists (and if this concordance between alignments
changes with RPKM cutoff).
Unlike the relative
analysis, the concordance between genes lists at
various RPKM cutoffs (or for unrounded RPKM

http://bioinfo.aizeonpublishers.net/content/2013/6/bioinfo285-292.pdf

analysis) was fairly high (>70%, Figure 4). This
emphasizes that the results from this study are not
highly dependent on which of these three popular
aligners is used.
Likewise, concordance of gene list was compared for
two different mRNA quantification tools (cufflinks and
Partek-EM). Gene-level lists were extremely similar
using both programs (Figure 5), but there were more
discrepancies for transcript-level lists. Although the
concordance was still relatively high, this is one reason
why all subsequent analysis will focus solely on genelevel analysis.
Algorithms Using Rounded RPKM Values Provide
Robust Lists of Differentially Expressed Genes
The type of analysis presented in this paper is very
common for microarray analysis, but RPKM values
cannot be rounded for the most popular tools for RNASeq analysis. Namely, edgeR and DESeq require the
user provide raw read counts for estimating dispersion
values, and cuffdiff relies on the read alignment (and
not just the RPKM values from cufflinks). Therefore,
the broader applicability of the impact on RPKM
rounding depends on the usefulness of the type of
statistical analysis in the paper, and it is important to
compare different algorithms for defining differentially
expressed genes.
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Figure 5. Concordance of Gene Lists Using Different mRNA Quantification Algorithms. Two methods of mRNA
quantification (Partek EM algorithm and cufflinks) were testing and differentially expressed gene lists were created using
various RPKM cutoffs. In both cases, “common” refers to genes (or transcripts) identified using both Partek-EM and cufflinks. A.
Gene-level quantification is very similar regardless of mRNA quantification method or RPKM cutoff. B. Transcript level
quantifications are relatively similar for both mRNA quantification tools, but the variation between programs is greater than
gene-level quantification. The program with the greatest overlap depends upon the RPKM cutoff, so it is difficult to recommend
an optimal tool

First, the lung cancer cohort was used to compare
genes that were differentially expressed between
paired normal and tumor samples. In all cases, genes
were required to show a |fold-change| value > 1.5 and
FDR < 0.05 in order to be considered differentially
expressed. When possible, sample pairing was taking
into consideration for the statistical analysis. This sort
of multivariable modeling is not possible in cuffdiff, so
simple tumor versus normal analysis was also
conducted using Partek (2-way ANOVA with linear
contrast), DESeq, and edgeR. No genes meet the
criteria for differential expression for cuffdiff, so only
gene lists from Partek, DESeq and edgeR could be
compared. Importantly, the concordance between gene

lists considerably varied based upon the differential
expression algorithm and RPKM cutoff (Figure 6). For
the simple 1-factor analysis, Partek always produced
the gene list with the greatest number of genes
represented in both the DESeq and edgeR gene lists.
For the 2-factor (paired) analysis, the most robust gene
list varied between Partek and DESeq, depending upon
the RPKM cutoff used for rounding. In contrast, edgeR
always showed the least amount of genes detected by
all 3 algorithms and the largest number of genes
detected by neither of the other two algorithms. This
emphasizes that the analysis described in this paper is
as good – if not better – for analysis of large patient
cohorts, in comparison to these other popular tools.

Figure 6. 2-way ANOVA of Rounded RPKM Values Provides Robust Gene Lists. Paired patient data for tumor and normal
samples were compared, either with pairing information (2-Factor) or without pairing information (1-Factor) included in the
http://bioinfo.aizeonpublishers.net/content/2013/6/bioinfo285-292.pdf
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model for statistical analysis. The concordance of gene lists varies greatly depending upon the algorithm used for analysis. The
algorithm with the greatest overlap depended upon the number of variables and RPKM cutoff (for analysis in Partek only), but
edger always showed the least level of concordance. In all cases, the criterion for differential expression is |fold-change| > 1.5
and FDR < 0.05, and cuffdiff results could not be included in this plot because no genes met these criteria. In both cases,
“common” refers to the list of genes identified using all 3 algorithms (Partek, edgeR, and DESeq).

Because Partek is a commercial program that requires
users to purchase a yearly license (and all the other
tools are open-source), it is important to emphasize
that the Partek strategy is based upon standard
statistical analysis that can be emulated with relative
ease. To demonstrate this, a novel Bioconductor
package was developed to assist users in reproducing
the strategies discussed in this paper as part of the
Simplified RNA-Seq Analysis Pipeline (sRAP) package,
and the results of the sRAP package were compared to
the Partek results. Using the same parameters, sRAP
produced a much smaller list of differentially expressed
genes (5770 genes for Partek versus 576 genes for
sRAP, using an RPKM cutoff of 0.1), but the sRAP gene
list was almost entirely a subset of the Partek gene list,
as would be expected (Figure S3). This is likely to be
due to slightly different implementations: for example,
the Partek results may be more similar to the sRAP
results when using a lower fold-change cutoff on sRAP.
This is further emphasized by the subsequent cell line
analysis.
Most benchmarks for RNA-Seq algorithms have been
compared using cell line data. Although we consider
the use of a large patient cohort to be a distinct
advantage to this study, it is also useful to compare cell
line analysis in order to emphasize the validity of the
result. In other words, the previous analysis presented

in Figure 6 implies that three of the most popular RNASeq analysis tools may not be optimal for RNA-Seq
analysis, so it will help to demonstrate a comparison of
rounded RKPM analysis (in Partek and sRAP) in a
scenario that better illustrates the capabilities of these
other popular tools.
In fact, we conducted a
comparison using the same cell line data published
with the cufflinks/cuffdiff paper [7]. Both MiSeq and
HiSeq data was produced for this paper, but the results
were similar for both platforms (Figure S4). Therefore,
only the MiSeq data was used for subsequent analysis,
in order to simplify the presentation of results.
As expected, gene lists can now be defined using all 5
algorithms (Partek, sRAP, DESeq, edgeR, and cuffdiff),
and the concordance between gene lists is now similar
regardless of RPKM cutoff used for rounding in Partek
and sRAP (Figure 7).
The relative concordance
between Partek, DESeq, and edgeR was roughly similar
to the patient data (slightly better for Partek than
DESeq, much worse for edgeR), but the Partek and
sRAP gene lists are much more similar for the cell line
data. It has been previously reported that DESeq is
more conservative than edgeR [18], which is matches
the results presented in this study. The percentage of
genes identified with all 5 algorithms was similar for
cuffdiff and DESeq, but cuffdiff listed more genes not
identified by any of the other 4 algorithms.

Figure 7. Partek and sRAP Provide the Most Robust Lists of Differentially Expressed Genes. Cell line data comparing two
groups with triplicates was compared using 5 different algorithms (Partek, edgeR, DESeq, sRAP, and cuffdiff). RPKM cutoffs
were varied for Partek and sRAP analysis. Unlike the patient dataset (where sRAP produced a small gene list and cuffdiff could
not produce a gene list), all 5 algorithms provides lists of over 1000 differentially expressed genes. A. Concordance is more
consistent across RPKM cut-offs for cell line compared to patient data, but both data types show significantly different levels of
concordance depending upon which algorithm is used. Partek and sRAP contain the largest number of genes defined by all 5
algorithms. In this figure, “common” refers to gene identified using all 5 algorithms, and “unique” refers to genes only identified
by 1/5 algorithms. B. Up-regulated gene overlap for all 5 algorithms. RPKM cutoff for Partek and sRAP is 0.1. C. Downregulated gene overlap for all 5 algorithms. RPKM cutoff for Partek and sRAP is 0.1

All of the analysis presented so far indicates that
rounded RPKM values provide robust gene lists, but
http://bioinfo.aizeonpublishers.net/content/2013/6/bioinfo285-292.pdf

this does not strictly describe the accuracy of the gene
lists. For example, it is possible that programs like
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edgeR (or cuffdiff, for the cell line data) had greater
sensitivity and were still predicting valid, unique genes.
The cell line RNA-Seq data also had corresponding
microarray data, so the RNA-Seq and microarray
results were compared. This resulted in less variability
between algorithms, but there were some qualitative
similarities to the robustness analysis (Figure S5): for
example, the RNA-Seq genes lists produced by Partek
and sRAP (and usually DESeq) contained the largest
number of genes identified as differentially expressed
in the microarray experiment. These results indicate
that it is probably not reasonable to dismiss all of the
uniquely identified genes as simply false positives,
although it is possible that the uniquely identified
genes still have some correlation with a false positive
rate. The only conclusion that can be conservatively
drawn from these results is that simple statistical
methods (like those implemented in Partek and sRAP)
are at least as good as these other popular algorithms,
which is significant because these popular algorithms
cannot use rounded RPKM values for statistical
analysis.

CONCLUSION
This study illustrates how RPKM rounding will affect
the size of differentially expressed genes, allowing
analysts to pick the most suitable RPKM cutoff for their
analysis. RPKM rounding has similar effects regardless
of what aligner is used or what mRNA quantification
tool is used to calculate RPKM (or FPKM, Fragments per
Kilobase per Million reads, for cufflinks). In contrast,
different algorithms for defining differentially
expressed genes yielded results that substantially
varied for different RPKM cutoffs for analysis of a large
patient cohort (although RPKM cutoff was less
significant when cell line data was compared).
These results are significant because they emphasize
that strategies used for microarray analysis can also
work as well as strategies that are unique for RNA-Seq
analysis. This observation has been previously
published [19], but no study has investigated the
impact of rounding RPKM values on lists of
differentially expressed genes. This is significant
because fold-change values are commonly used by
biologists to prioritize differentially expressed genes,
and unrounded RPKM values can result in
unreasonably large fold-change values (in low coverage
genes). This study emphasizes that analysis using
rounding RPKM values provides statistically sound
results that are easy for biologists to interpret.
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