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ABSTRACT: With increasing use of publicly available gene expression data sets, the quality of the expression data is a critical issue for downstream analysis,
gene signature development, and cross-validation of data sets. Thus, identifying reliable expression measurements by leveraging multiple mRNA expression
platforms is an important analytical task. In this study, we propose a statistical framework for selecting reliable measurements between platforms by model-
ing the correlations of mRNA expression levels using a beta-mixture model. The model-based selection provides an effective and objective way to separate
good probes from probes with low quality, thereby improving the efficiency and accuracy of the analysis. The proposed method can be used to compare two
microarray technologies or microarray and RNA sequencing measurements. We tested the approach in two matched profiling data sets, using microarray gene
expression measurements from the same samples profiled on both Affymetrix and Illumina platforms. We also applied the algorithm to mRNA expression
data to compare Affymetrix microarray data with RNA sequencing measurements. The algorithm successfully identified probes/genes with reliable measure-

ments. Removing the unreliable measurements resulted in significant improvements for gene signature development and functional annotations.
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Introduction
Gene expression experiments have been extensively conducted
to identify candidate genes and gene signatures in cancer
genomic research. Because of many potential technical artifacts,
microarray-based mRNA experiments are often associated with
a high degree of technical variability, which results in false dis-
coveries among the identified genes. The MicroArray Quality
Control project is assessing the quality of microarrays and has
found good intraplatform and interplatform reproducibility.!?
Nevertheless, concerns have been raised about the quality of
microarray data in genomic medicine,® such as the possibility
of cross-hybridization resulting in microarray probes that actu-
ally measure untargeted genes. Therefore, the ability to filter out
unreliable measurements and identify the most robust probes
on an individual gene expression platform is an important
analytical objective that is critical for downstream analysis.
Different methods have been applied to identify probes
of good quality, including the use of probes closest to the 3’
end of a nucleic acid,? filtering by detection calls,* averaging

across probes for the same gene,” and selecting an optimal
probe based on probe specificity, coverage, and robustness.®
Researchers have also investigated discrepancies in signals from
multiple probes that are mapped to the same gene.* To improve
measurement accuracy, we propose a statistical approach that
borrows information across measurement platforms based on
correlation coeflicients. We hypothesize that unreliable expres-
sion measurements for an individual gene (ie, where probes of
varying quality are available for a given gene) will lead to poor
correlations between profiling platforms, whereas reliable mea-
surements will usually correlate well across platforms. The two
groups of correlations constitute a mixed population that can
be modeled by a finite mixture model,”® with one component
representing the population of high-quality measurements and
the other representing the low-quality measurements.

We illustrate our approach through three applications
and two public data sets. In the first application, we compared
the expression levels between monocytes and macrophages

as described in the publication by Maouche et al.* We first
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defined the high-quality probes for two platforms using the
beta-mixture model (BMM), which we later used to identify
differentially expressed genes. We then applied Gene Ontol-
ogy (GO) enrichment analysis to define biological relevance.
This exercise achieved consistent biological findings when we
used only the probes of highest quality. In the second appli-
cation, we characterized epithelial-mesenchymal transition
(EMT), a process associated with the loss of cell adhesion,
increased invasion, and cell mobility, migration, and prolife-
ration.” !> The EMT gene expression signature developed
by Byers et al successfully classified nonsmall-cell lung can-
cer (NSCLC) cells into epithelial or mesenchymal groups.!3
Applying the BMM, we reduced the dimension of the EM'T
signature significantly but preserved the performance, which
was the same as that of the original signature. In the third
application, we compared microarray data to RNAseq data
and found that the BMM was able to separate poor and good
measurements. Further, we showed that the removal of poor
measurements did not affect the performance of the down-
stream analysis such as functional annotation and signature
development based on the reduced feature.

Methods

We applied a BMM on Pearson’s correlation coeflicients to sep-
arate reliable probes from unreliable ones. Originally, a BMM
with variable number of components was proposed by Ji et al
to model correlations of gene expression levels.” Our BMM
model was a special case of this approach by modeling correla-
tions between two platforms with a two-component BMM. We
calculated Pearson’s correlation coefficients for each matched
probe pair between platforms, although Spearman’s rank cor-
relation would also apply. A linear transformation y, = (x,+ 1)/2
was applied to all correlations as described by Ji et al.?, so that
the values were between 0 and 1. The transformed values can
be modeled by a mixture of two beta distributions with a den-
sity function Aly| 7, &, B,, &, B,) as follows:

filmenB,0,.8)=7f(512.8)
+(1_”)f2 (.yi | (IZ"b,Z)’

where 7,(y|a, B), /= (1, 2) is the probability density function
for a beta distribution with mean ¢, /(o + ), variance o, 3,/
((oy+ B)* (o + B,+1)),and rris the mixing proportion for the first
component (the group with poor correlation). The parameters
(7, &, B, 0, B,) can be estimated by maximizing the following
likelihood function through the expectation-maximization
algorithm (a closed form solution for the E-step and M-step is
provided in Ref. 7) or direct optimization procedure:

L(ﬂ',a'l,ﬁ;7a27/62 |.y1’.y2""’-yn)

:ﬁ{”fl(% | )+ (=) 1, (310, B}

Denote the event of y, coming from the first component
as the latent variable z,. By Bayes’ theorem, we have

P(Zi = 1|J’i37[’a1’/61’a2’ﬂz)

_ ﬂ..fl(.yilal’ﬂl)
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which is the probability of y, coming from the first compo-
nent. By solving P(z, = 1|y; 7, oy, B, @,, B,) = 0.5 after plug-
ging in the estimates of (7, ¢, B, a,, j,), we can obtain the
model-based threshold 7. At the original correlation scale, the
cutoff 27— 1 (calculated through the inverse transformation of
9, = (x; + 1)/2) can separate the probe sets into a group with
good correlation and a group with poor correlation.

Results
To demonstrate the applicability of the proposed method, we
first performed a simulation study with known gold standard. We
then applied BMM to three real applications to show the fea-
sibility of separating good probes from probes with low quality,
thereby improving the efficiency and accuracy of data analysis.
Simulation. Simulation setup. To evaluate the perfor-
mance of the proposed BMM method, we simulated cross-
platform gene expression measurements with both good and
poor qualities quantified by correlation strength. In particu-
lar, we simulated G = 5000 correlation values (p) from a two-
component BMM with parameters (¢, B, a,, 8,) = (28, 6,
27, 22) using different mixture proportions, 7= (0.2, 0.4, 0.6,
0.8) representing percentages of good-quality measurements.
For each pair of gene expression measurements (i = 1:G) in
platform ;(; = 1:2), we simulated N= (50, 100, 200) samples to
evaluate the effect of sample size. In total, this led to 12 simu-
lation scenarios. Correlated gene expression data were then
simulated from bivariate Gaussian distribution with mean My
and covariance matrix

2
oy po,o,

2
po,c, o}

To better mimic the heterogeneity of real data, the mean
(1, u,,) and variance (O'izl, O-izz) for gene 7 in platform ; are
randomly sampled from RNAseq data used in application 3.
Of note, the parameters specified here were motivated by real
data estimates.

BMM ' successfully recovered good-quality measurements.
We fitted BMM model on simulated data for all 12 scenarios.
The estimated mixture density (transformed back to cor-
relation scale, solid lines) and true values (dashed lines) are
shown in Figure 1A. Model-based thresholds as well as cor-
responding true-positive rates (TPRs) and false-positive rates
(FPRs) were also indicated. Receiver—operator characteristic
(ROC) curves evaluating the effect of mixture proportion
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and sample size across varying decision thresholds are shown
in Figure 1B.

In general, the BMM approach successfully recovered
the mixture structure. As sample size N and mixture pro-
portion T increased, the fitted densities came closer to their
true values. At N = 50 and ® = 0.2, there were significant
deviation between the true density and estimated density due
to inaccurate estimates of the correlation coefficients. How-
ever, the threshold estimate v = 0.49 was not affected severely
compared to v=0.46 at NV =200. At N =200 and 7 = 0.8,
the best performance of BMM across all simulation scenarios
was achieved with a TPR of 0.98 and an FPR of 0.06. The

model-based threshold provided an objective way to discern
good-quality measurements. As the ROC curves suggest,
more stringent or loose cutofts might be used, depending on
requirements of different applications.

Application 1: analysis of microarray gene expression
from Affymetrix and Illumina arrays to compare human
monocytes and monocyte-derived macrophages. Data set
and probe selection by BMM. We downloaded the normalized
expression values for five monocyte and monocyte-derived
macrophage samples from the National Center for Bio-
technology Information Gene Expression Omnibus (GEO)
repository (http://www.ncbi.nlm.nih.gov/geo/), with GEO
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Figure 1. (A) Density estimates of the BMM model on simulated data. (B) ROC curves for simulated data.
Notes: Solid lines represented estimated density. Dashed lines represented true density.
Abbreviations: TPR, true-positive rate; FPR, false-positive rate; Tau, model-based threshold estimates.
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series accession numbers GSE10213 (Illumina Human6-V1)
and GSE11430 (Affymetrix U133 plus 2.0). The annotation
files were downloaded from GEO (GPL570 Affymetrix and
GPL6097 Illumina). Using the 10 samples (five monocyte and
five monocyte-derived macrophage samples) profiled on both
Affymetrix HGU133 plus 2.0 and Illumina Human-6 v1, we
computed Pearson’s correlation coeflicients for each matched
probe set pair based on the gene symbols. After filtering out
the unmatched probes, there were 24,670 and 13,951 probes
in Affymetrix and Illumina, respectively, and 31,622 pairs of
probe sets that correspond to 11,565 unique gene symbols.
If the probe set is highly correlated with at least one of the
matched paired probe sets on the other platform, we would
expect this probe set to be of reasonably good quality.

We applied BMM to the transformed quantities of
these correlation coeflicients, the density of which is given in
Figure 2. The parameter estimates of the BMM model were
(o, B, o, B, ™) = (3.435, 2.833, 11.359, 1.262, 0.803). The
means of the fitted beta distributions, respectively, equaled
0.55 and 0.90, which corresponded to 0.10 and 0.80 on
the correlation coefficient scale. Therefore, the probe sets
with high correlation, which suggested good-quality mea-
surements, corresponded to the component with a mean
correlation coeflicient of 0.80 (range, 0.711-0.999), while the
probe sets with weak or no correlations corresponded to the
component with a mean correlation coefficient of 0.10 (range,
—0.96-0.71). The model-based threshold v at the correlation
scale was 0.7110. We also considered more stringent cutoff
thresholds (0.8 and 0.9) to evaluate the stability of the results
based on the hypothesis that a higher correlation provides
more reliable measurements (Table 1).

The Affymetrix percent present call is one of the criteria

used to define the quality of probe sets. Figure 3A shows the
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Figure 2. Histogram of the 42,491 Pearson’s correlation coefficients
of the matched probe sets between two platforms. The curve is the
predicted density of the mixture of two beta distributions.

densities of the Affymetrix percent present calls of the probe
sets defined by the two components. The percent present
calls in the good-quality measurement groups were higher
than those in the lower quality measurement groups. In the
Illumina platform, probes are identified by types A, S, and I,
where A represents the probes that detect all known tran-
scripts for a gene, S represents the probes that detect a gene
with a single transcript, and I represents the probes that detect
a specific isoform of a gene. Figure 3B shows that the S or A
probe sets had higher correlation coefficients compared to the
I probe sets, and that the S probe sets were slightly better than
the A probe sets. There were 5341 and 3720 good probes at the
model-based threshold of 0.7110, corresponding to 3507 genes
for further analysis in the Affymetrix and Illumina platforms.
'The different correlation patterns among different present calls
and probe types indicate that the BMM was very effective in
separating the probes according to two categories of quality by
leveraging information across the platforms.

Functional annotation identified novel GO class. 'To
identify enriched GO class, we applied the same statisti-
cal analysis as in Ref. 4. In particular, a modified #test using
empirical Bayes smoothing was fitted using the Limma pack-
age.’ Benjamini and Hochberg correction method was used
to adjust for multiple testing.’® Enriched GO class was identi-
fied using hypergeometric test available in the GOstars pack-
age.1® Table 2 shows the enriched GO class (adjusted P value
<0.05 in at least one platform). Most GO classes defined by
Maouche et al.* were also identified in our analysis. The excep-
tion was protein metabolic process (GO:0019538), which was not
significant on any platform. However, the GO class regulation
of proteolysis (GO:0030162), which turned out to be a child of
the protein metabolic process (GO:0019538), was significant
on the Affymetrix platform. A novel GO class response o stress
(G0O:0006950), which was not reported by Maouche et al.%,
was significant in both the Affymetrix and Illumina platforms.
As indicated by Hume,'” monocytes and macrophages are
important players in the immune response. The identification

Table 1. Results of genes differentially expressed between
macrophage and monocyte samples at different cutoff values.

THRESHOLD VALUE PLATFORM P ADJUST COMMON
<0.001 GENES
0.71 Affymetrix 1631 genes
(model based) (2314 probes) 1108 genes
Illumina 1443 genes
(1500 probes)
0.80 Affymetrix 1472 genes
(stringent criterion 1) (2095 probes) 1095 genes
Illumina 1328 genes
(1382 probes)
0.90 Affymetrix 1056 genes
(stringent criterion 2) (1492 probes) 918 genes
Illumina 1006 genes
(1041 probes)
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Figure 3. (A) Densities of the Affymetrix percent present calls within two groups defined by the beta-mixture model. (B) Densities of the 42,491 Pearson’s
correlation coefficients within the three lllumina annotation types. A: the probe detects all known transcripts for the gene. S: the probe detects the single
known gene transcript for the gene. I: the probe detects a specific isoform of the gene (isoform specific).

of the response to stress as an enriched GO class supported our
hypothesis that with the use of a small but high-quality probe
list, we can obtain the same or even better biological findings
than when using a larger probe list of mixed quality.
Application 2: analysis of lung cancer cell line expres-
sion data for developing EMT signature. Data set and probe

Table 2. Enriched Gene Ontology using probes selected from
model-based threshold (0.7110).

GO CLASS AFFYMETRIX ILLUMINA
LIST LIST

Response to stress GO:0006950 0.0002 0.0011

Organic acid metabolic process 0.0002 0.0011

G0:0006082

Carboxylic acid metabolic pro- 0.0002 0.0011

cess GO:0019752

Oxoacid metabolic process 0.0002 0.0011

G0:0043436

Cellular ketone metabolic pro- 0.0003 0.0011

cess GO:0042180

Immune system process 0.0003 0.0011

G0:0002376

Lipid metabolic process 0.0003 0.0011

G0:0006629

Intracellular signaling cascade 0.0007 0.0162

G0:0007242

Apoptosis GO:0006915 0.0014 0.0033

Carbohydrate metabolic process ns 0.0446

G0:0005975

Regulation of signal transduction 0.0328 0.0826

G0:0009966

Regulation of proteolysis 0.0372 ns

G0:0030162

Notes: GO classes that are significant (adjusted P < 0.05) on at least
one platform are shown. Probes with adjusted P < 0.001 from differential
expression analysis are used for GO enrichment analysis.

selection by BMM. In this application, we used 54 matched
lung cancer cell lines, 52 that were NSCLC, 1 small cell lung
cancer, and 1 mesothelioma, and profiled them on Affyme-
trix U133A, B (U133A and U133B combined, GEO accession
number GSE4824) and Illumina WG V2 (GEO accession
number GSE32989).

In order to develop a robust genomic EMT signature,
we first examined the consistency of expression measurements
within and between array platforms. Figure 4 illustrates the
inconsistencies of expression measurements for fibronectin
(FN1) within and between the two array platforms, only three
highly correlated FN1 probe sets within Affymatrix plat-
form. 'This analysis illustrates the need to use reliable probes
to develop expression signatures that can be validated across
platforms. As in the previous analysis, we computed the Pear-
son’s correlation coeflicients for each matched probe set pair
based on the gene symbol. After filtering out the unmatched
probes, there were 28,808 and 20,744 probes in Affymetrix
and Illumina, respectively, and 42,491 pairs of probe sets that
were matched between the two platforms, which corresponded
to 15,637 unique common gene symbols.

We applied the BMM to transformed quantities of these
correlation coeflicients, the density of which is given in Figure 5.
Parameter estimates of the fitted model were (e, B, ot,, B, ) =
(20.830, 18.237, 8.034, 2.443, 0.340). The means of the fitted
beta distribution equaled 0.53 and 0.77, which corresponded to
0.07 and 0.53 on the correlation coeflicient scale. The probe sets
with good quality corresponded to the component with a mean
correlation coefficient of 0.53; the probe sets with poor quality
corresponded to the component with a mean correlation coef-
ficient of 0.07. The model-based threshold was v=0.2718. This
threshold was much smaller than the threshold in application 1
(v = 0.7110), which reflects the fact that technical replicates
were used in application 1, whereas tumor cell lines, which are
more variable, were used in application 2. To demonstrate the
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Figure 4. Pair scatter plot comparing multiple Affymetrix probe sets and lllumina V2 probes for fibronectin on common lung cancer cell lines.

effect of the threshold choice, we also considered more stringent 1.2 N
cutoffs (0.4,0.5,0.6,0.7,0.8,and 0.9). f‘ I \

Figure 6A shows the densities of the Affymetrix percent 1.0 o I I
present call rates between the two sets of probes defined by the 77 i 2 T
model-based threshold v. The percent present call rates in the 0.8 | T i
good-quality group were higher than those in the lower quality o 1
group. Similar observations were found in the Illumina plat- E 0.6 h
form. Figure 6B shows that the S and A probe sets had higher a |
correlation coeflicients compared to the I probe sets. These 0.4 1
findings suggest that using the BMM can efficiently narrow
the analyses to good-quality measurements and significantly 0.2 4
reduce the noise level from that of the large feature set.

Developing EMT signature from good-quality probes con- 0.0 | : : :
sistently separates NSCLC cell lines into two distinct groups. The -05 0.0 05 1.0

Corr

original EMT signature incorporated 76 unique genes corre-
. 13 . . . .

spondmg to 146 probes, which were identified on the basis of Figure 5. Histogram of the 42,491 Pearson’s correlation coefficients

their correlation to known EMT markers and the blmodahty of the matched probe sets between two platforms. The curve is the

index.’®!? Here, we investigated whether the EMT signature predicted density of the mixture of two beta distributions.
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Figure 6. (A) Densities of the Affymetrix percent present calls within two groups defined by the beta-mixture model. (B) Densities of the 42,491 Pearson’s
correlation coefficients within the three Illumina annotation types. A: the probe detects all known transcripts for the gene. S: the probe detects the single
known gene transcript for the gene. |: the probe detects a specific isoform of the gene (isoform specific).

can be reduced on the basis of our BMM approach by filtering
out unreliable probes. We used the same data set and applied the
same method for deriving the EMT signature as Byers et al.!3
but added a step to select reliable probes based on the BMM.
We first filtered the probe sets on both platforms using
different correlation cutoffs, including the model-based
threshold v = 0.2718 as well as other arbitrary cutoffs 0.40,
0.50, 0.60, 0.70, 0.80, and 0.90. With this criterion in addi-
tion to the procedures used by Byers et al.l3, the resulting
probe sets on both platforms were used as an alternative EMT
gene signature. We applied hierarchical clustering to the EMT
signature genes to group the samples into two clusters assigned
as epithelial-like and mesenchymal-like groups and compared
this assignment with the assignment published by Byers et al.?3
Table 3 shows the number of probe sets, unique gene symbols,
and consistent assignments on both platforms using different
thresholds. Group assignment using the Illumina WG V2
platform was consistent for all 52 NSCLC cell lines, no mat-
ter the threshold choice. Group assignment using Affymetrix
U133A, B was consistent for all 54 NSCLC cell lines at all

thresholds except those lower than 0.60, for which the cell line
HCC 2279 was assigned as mesenchymal like rather than the
published assignment of epithelial like without filtering. The
fact that HCC2279 shifted from epithelial like to mesenchy-
mal like and then to epithelial like with increasing stringency
suggests it may not preserve a clear epithelial or mesenchymal
phenotype, which warrants further investigation.
Application 3: comparison of microarray and RNAseq
data from The Cancer Genome Atlas. As a demonstration,
we applied our proposed method to compare microarray and
RNAseq data. We downloaded both Affymetrix HT-HG
U133A microarray data and level 3 RNASeq data from
glioblastoma multiforme samples from The Cancer Genome
Atlas (TCGA) data portal (https://tcga-data.nci.nih.gov/tega/).
The downloaded RNAseq data were quantified and normalized
using RSEM? by the TCGA team. A total of 150 samples
with both Affymetrix and RNAseq data were used to compute
18,715 Pearson’s correlations corresponding to 11,678 unique
genes. Parameter estimates of the BMM model were (¢, B, o,
B,, ™) = (27.830, 27.140, 6.377, 22.310, 0.806). The means of

Table 3. Consistent clustering of EMT signature genes after being filtered using different thresholds within Affymetrix U133A, B and lllumina WG

V2 NSCLC cell lines.

CORRELATION AFFYMETRIX U133A,B (54 CELL LINES)

ILLUMINA WG V2 (52 CELL LINES)

THRESHOLD VALUE  GpNE PROBE CONSISTENT CELL GENE SYMBOL  PROBES  CONSISTENT
(MODEL BASED) SYMBOL  SETSUSED  LINES USED USED CELL LINES
0.2718 71 126 53 (HCC2279 mesenchymal) 71 93 52

0.40 70 117 53 (HCC2279 mesenchymal) 70 89 52

0.50 70 110 53 (HCC2279 mesenchymal) 70 87 52

0.60 67 99 54 67 81 52

0.70 66 95 54 66 75 52

0.80 55 73 54 55 61 52

0.90 35 40 54 35 36 52
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Figure 7. Histogram of the 18,715 Pearson’s correlation coefficients
between HT-HG Affymetrix and RNAseq from TCGA glioblastoma data.

the fitted beta distributions equaled 0.54 and 0.80, which cor-
responded to 0.08 and 0.60 on the correlation coeflicient scale.
The model-based threshold was v = 0.307. Figure 7 shows
the predicted density of the correlations from the BMM. The
fact that the predicted density agrees well with the empirical
distribution of the correlations demonstrates the applicabil-
ity of our proposed method to compare microarray data and

RNAseq data.

Discussion

We have introduced an approach to reduce the probe set dimen-
sions to reliable qualitative probes using correlation coefficients.
We model the correlation coefficients with a two-component
BMM that represents the populations of high-quality and low-
quality measurements. This resembles similar efforts that mod-
eled gene expression with either a normal mixture for microarray
data or a mixture of discrete distributions for RNAseq data.!®1”
We applied the BMM to two real gene expression data sets.
Reliable probes were first identified with a model-based thresh-
old and then used for downstream analysis.

In both data sets, the densities of the Affymetrix percent
present calls of the probe sets were defined by the two compo-
nents. The percent present calls in good-quality measurement
groups were higher than those in the lower quality measure-
ment groups. In the Illumina platform, the type S or A probe
sets had higher correlation coeflicients than the type I probe
sets. These findings support the hypothesis that good-quality
measurements can be separated from the overall data by using
the BMMs to avoid any ad hoc steps.

In the first application, we applied our model to a publicly
available data set to identify genes that were differentially
expressed between monocytes and monocyte-derived
macrophages. Biologically, monocytes and macrophages are

important in the immune response.!” In this application, based
on the selected reliable probe sets, we first identified genes dif-
ferentially expressed between the two groups and then used the
identified genes to perform GO analysis. We found that most
GO classes defined in the original publication* were also iden-
tified in our analysis. However, the most significant GO class
response to stress was not reported in the original investigation.*
Research has found that the stress system is critical to homeosta-
sis and the immune response.??? The identification of response
to stress as a GO biological process supports our hypothesis that
the use of a small but highly qualified probe list can provide con-
sistent or even more valuable biological findings.

In the second application, we narrowed the EMT gene
signatures to the probes with reliable qualities. The separation
into epithelial-like and mesenchymal-like groups was consis-
tent using the high-quality probe sets even though some probe
sets, such as CDH1, were missing. We found high correlation
between the first principal component of the EMT signature
and the E-cadherin protein expression level.!® This supports our
strategy that the dimension of the gene signature can be effi-
ciently reduced using the correlation coefficients without losing
the biological interpretation. Table 3 shows consistent cluster-
ing by EMT signature genes after being filtered using different
correlation coeflicient thresholds within each array platform.
'The ability to reduce the number of genes in the signature and
retain an overall robust performance is critically important for
translating the gene signature into clinical applications.

With rapid development of sequencing technology,
microarray-based gene expression technology has become less
popular in genomic studies. More investigations are using tech-
nologies based on sequencing, such as RNAseq for whole tran-
scriptomic profiling and miRNAseq for microRNA sequencing.
"The proposed approach is not limited to microarray applications
but can be applied broadly to compare arbitrary platforms such as
microarray and RNAseq data or RNAseq and miRNAseq data.
In the third application, we illustrated the use of the proposed
algorithm to compare RNAseq and microarray mRNA expres-
sion profiling data. Many earlier studies have accumulated rich
sets of microarray data that are still available for investigation
and validation. Our proposed method will better leverage these
data by identifying reliable measurements.
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