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Abstract

The reliability of differential gene expression analysis on formalin-fixed, paraffin-embedded
(FFPE) expression profiles generated using Affymetrix arrays is questionable, due to the high
range of percent-present values reported in studies which profiled FFPE samples using this
technology. Moreover, the validity of gene-modules derived from external datasets in FFPE
microarray expression profiles is unknown. By generating matched gene expression profiles
using RNAs derived from fresh-frozen (FF) and FFPE preserved breast tumors with Affymetrix
arrays and FF/FFPE RNA specific amplification-and-labeling kits, the reliability of differential
expression analysis and the validity of gene modules derived from external datasets were
investigated. Specifically, the reliability of differential expression analysis was investigated by
developing de-novo ER/HER2 pathway gene-modules from the matched datasets and vali-
dating them on external FF/FFPE gene expression datasets using ROC analysis. Spearman’s
rank correlation coefficient of module scores between matched FFPE/frozen datasets was
used to measure the reliability of gene-modules derived from external datasets in FFPE
expression profiles. Independent of the array/amplification-kit/sample preservation method
used, de-novo ER/HER2 gene-modules derived from all matched datasets showed similar
prediction performance in the independent validation (AUC range in FFPE dataset; ER: 0.93—
0.95, HER2: 0.85-0.91), except for the de-novo ER/HER2 gene-module derived from the
FFPE dataset using the 3'IVT kit (AUC range in FFPE dataset; ER: 0.79-0.81, HER2: 0.78).
Among the external gene modules considered, roughly ~50% gene modules showed high
concordance between expression profiles derived from matching FF and FFPE RNA. The
remaining discordant gene modules between FF and FFPE expression profiles showed high
concordance within matching FF datasets and within matching FFPE datasets independently,
implying that microarrays still require improved amplification-and-sample-preparation proto-
cols for deriving 100% concordant expression profiles from matching FF and FFPE RNA.
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Introduction

Using Affymetrix arrays with formalin-fixed, paraffin-embedded (FFPE) specific sample prep-
aration protocols, many studies reported the feasibility of generating reliable gene expression
profiles from FFPE samples [1-7]. Though Affymetrix recommends similar percent-present
values between samples for reliable analysis [8], most of these studies reported a high range of
percent-present values [1-6], reflecting the varying proportion of reliable genes in FFPE
expression profiles. This high range of percent-present values raises concerns over the reliabil-
ity of differential expression analysis performed on FFPE expression profiles and the gene sig-
natures or gene-modules developed from them. Furthermore, these studies did not analyze the
reliability of gene-modules derived from external datasets (external gene-modules) in FFPE
derived expression profiles.

By generating matched gene expression profiles (matched datasets) using RNAs derived
from fresh-frozen (FF) and FFPE preserved breast tumors with Affymetrix arrays and FF/
FFPE RNA specific amplification-and-labeling kits, the reliability of differential expression
analysis and the validity of gene modules derived from external datasets were investigated. A
probe set filtering strategy suitable for FFPE derived expression profiles has been used to
account for the varying proportion of reliable genes present in FFPE material. The reliability
of differential gene expression analysis was evaluated by recreating already established Estro-
gen Receptor (ER/ESRI) and Human Epidermal Growth Factor Receptor 2 (HER2/ERBB2)
pathway gene-modules [9] and validating them in external datasets [10,11]. To investigate the
reliability of external gene modules on FFPE expression profiles three types of comparisons
(ref-1/ref-2/ref-3) were performed depending on the dataset which is used as a reference for
comparisons. Specifically, the module scores computed from the reference dataset were corre-
lated modules scores from relevant matched datasets. Using a similar approach (ref-1/ref-2/
ref-3) gene and sample level correlations between matched datasets were also investigated.

Materials and methods
Array selection

Since in the oncology research field many collaborative trial groups have extensive collections
of FPPE samples of patients included in randomized clinical trials, we specifically looked for
an array which is economical for profiling a large number of FFPE tumors using an automated
preprocessing system. Affymetrix HG-U219 Perfect-Match(PM) only array plate in its 96 well
format seemed to be well suited for our purpose. Hence we included this array in this study for
profiling both frozen and FFPE RNAs. An improved gene sensitivity (12%, ~600 genes) of the
Human Exon 1.0 ST PM only array over the HG-U133plus2 Perfect-Match MisMatch
(PM-MM) array has been reported for FFPE RNA with the FFPE specific kit, Nugen’s Ova-
tio"® FFPE WTA System and Encore™ Biotin Module [3]. However, due to the economic
impact in using exon arrays for profiling a large number of archived FFPE specimens, we con-
sidered its improved gene sensitivity as marginal, and we excluded these arrays from this
study. For RNAs extracted from frozen samples, Affymetrix’s HG-U133plus2 PM-MM array
with the 3’TVT kit is considered as the gold standard in gene expression profiling and hence
was included in this study.

Experimental design and samples details

Five sample-matched gene expression datasets were generated using RNAs derived from FF/
FFPE preserved breast tumors (n = 8) with either HG-U133plus2 arrays with 3’IVT kit or
HG-U219 arrays with FFPE RNA specific kits as listed below (S1 Table and S1 Fig): 1) Two
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datasets from matched FFPE and frozen samples profiled on HG-U133plus2 arrays using the
Affymetrix’s 3’IVT kit (ul33p2.3ivt.ffpe/ft), 2) Two datasets from matched FFPE and frozen
samples profiled on HG-U219 arrays using the Nugen’s Ovation™ FFPE WTA System and
Encore™ Biotin Module (u219.ovation.ffpe/ff), and 3) a single dataset from the same FFPE
samples profiled on HG-U219 arrays using the Affymetrix’s SensationPlus™ FFPE Amplifica-
tion and 3’IVT Labeling Kit (u219.sensation.ffpe). To investigate the gene and sample level
correlations between matched datasets and the reliability of external gene modules on FFPE
expression profiles three types of comparisons (ref-1/ref-2/ref-3) were performed depending
on the dataset which is used as a reference for comparisons (S2 Fig). In ref-1 comparison, per
gene/sample expression profiles and module scores of external gene modules from all matched
datasets were correlated to the gold standard expression dataset generated from frozen samples
with HG-U133plus arrays and 3’IVT kit (u133p2.3ivt.ff). In ref-2 comparison, the HG-U219
dataset derived from FF RNA with ovation kit (u219.ovation.ff) was considered as reference
and similar measurements as in ref-1 comparison were correlated to matched HG-U219 FFPE
datasets with ovation/sensation kit. Also, in ref-3 comparison, similar measurements as in ref-
1 comparisons were correlated between the two HG-U219 FFPE datasets with ovation and
sensation Kits.

The eight BC tumors include two tumors from each Luminal-A (ER+, HER2-), Luminal-B
(ER+, HER2+), HER2-amplified (ER-, HER2+) and Triple-Negative (ER-, HER2-) subtypes;
detailed sample demography is given in S2 Table. Both FFPE and frozen tumor specimens
from surgically removed breast carcinoma were obtained using routine diagnostic procedures;
the study was approved by the ethical committee of Institut Jules Bordet.

RNA Extraction, hybridization and normalization

RNA was extracted from frozen samples using the TRIzol® Reagent [Thermo Fisher Scien-
tific, Waltham, MA, USA] and from FFPE samples using the miRNeasy FFPE Kit [QIAGEN,
Hilden, Germany], following the manufacturer’s instructions. RNA from matched samples
was processed and hybridized on a particular combination of amplification-and-labeling kit/
array according to the manufacturer’s protocols (see the “Experimental design and samples
details” section). Each expression dataset thus obtained was normalized independently using
RMA background correction [12], quantile normalization [13] and median polish summariza-
tion [14] using its R implementation [15] available from Bioconductor [16] package affy [17].
The raw and processed expression data are available on GEO [18] under the accession id
GSE93338.

Detection calling

Present-absent calls from the HG-U133plus2 array were generated using an R implementation
of the detection calling algorithm available as part of the MAS 5.0 software package [17,19], at
5% significance level. Since the detection calling algorithm from MAS 5.0 package requires
matching Perfect Match—Mismatch (PM-MM) probe pairs to generate detection calls, it can-
not be applied to PM only HG-U219 array. Hence a Wilcoxon rank-sum test [20] based algo-
rithm has been proposed to generate detection calls in the HG-U219 arrays by exploiting the
23 anti-genomic background probe sets present in this array. Details of the proposed detection
calling algorithm are given in the S1 File.

Probe set filtering

We considered only non-specific filtering strategies (all-absent, variance-based [21] and
PVAC [22]), as Bourgon et al. [23] showed that non-specific probe set filtering is superior to
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the class label based probe set filtering. Due to the high range of percent-present values in
FFPE datasets, all-absent and variance based filtering may not be appropriate hence excluded
from the analysis. On the contrary, the PVAC filtering method seems to be well suited for
FFPE datasets, as it uses a measure of per probe-set probe-level agreement to filter probe sets
[22]. The PVAC algorithm requires a set of probesets which are not expressed in the entire
dataset to derive a cutoff to separate the probesets in the array as reliable and non-reliable. The
original algorithm implements a strategy which depends on detection calling and considers
the probesets which are absent in all samples as negative probesets. However the PM only
HG-U219 array has an explicit set of 23 anti-genomic probesets used to measure background
expression, and these probesets can be used as negative probesets for PVAC probeset filtering.
This approach eliminates the dependence of detection calling to identify negative probesets. In
the present study, we compared PVAC filtering with all-absent probesets as negative probesets
(PVAC_AAB) to PVAC filtering with anti-genomic probesets as negative probesets (PVA-
C_AG; only for HG-U219 arrays). A detailed discussion of probeset filtering strategies is given
in the S1 File. The list of probesets remained after PVAC filtering (PVAC_AAB and PVA-
C_AQG) in the matched datasets are given in the S3 and S4 Tables.

Module score computation and calculation of module score correlation

Module score algorithm. Typically, a module score is computed as a weighted average,
where the weights are +/-1 depending on the direction of the association of an individual gene
to the biological signal interrogated [9,24], such as mutation status, pathway activation level,
survival benefit and resistance to therapy. In this analysis, a modified version of the above
method has been used to simplify the interpretation of modules scores. Specifically, we aver-
aged the expression of positively and negatively associated genes independently and computed
their differences. With this modified algorithm, a positive module score implies that the aver-
age expression of positively associated genes is higher than the average expression of negatively
associated genes and vice versa. The above interpretation of module scores is possible with the
unmodified algorithm only if the proportion of positively and negatively associated genes per
gene-module is equal, but this is not always true. A comparison between module score compu-
tation in log2 and linear scale gene expression values revealed an improvement in module
score correlation profile when expression values are in log2 scale (S5 and S15 Figs). Hence in
the present study module scores were computed in log2 scale expression values. Note that, for
the above interpretation of module scores to hold all log2 scale gene expression values should
be positive (i.e., linear scale expression should be higher than 1), which was the case in our
matched dataset.

Module score correlation. There were five matched datasets used in this analysis, and
each dataset contains eight samples (see the "Experimental design and samples details" sec-
tion). The correlation coefficient of module scores between each reference datasets and their
respective relevant matched datasets was computed as follows. (1) From the total of eight sam-
ples, all 7-sample combinations were selected. (2) From these different sets of 7-sample combi-
nations, the reference to matched datasets module-score correlation coefficient was computed
for each gene-module. (3) The average of correlation coefficient computed from all the 7-sam-
ple combinations was used as the correlation coefficient in this analysis. This average correla-
tion coefficient can be considered as a robust measure of module score agreement.

Definition of gene-module reproducibility

Using the Spearman correlation coefficient (see the “Module score correlation” section) we
measured the agreement of the module scores between the reference and the matching test
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datasets. A high correlation represents a good agreement between the reference and the test
module score (i.e., the majority of the up/down-regulated genes in the reference dataset are
also up/down-regulated in the matched datasets). It is entirely possible that a gene-module
with all genes down-regulated or absent in the reference dataset gets a high module score cor-
relation (S6 Fig). Hence a high module score correlation cannot be used to distinguish signals
that are present or absent in matched datasets, instead, it merely gives a measure of the agree-
ment of the module score between the reference dataset and the matched datasets, which we
call reproducibility. If there exists a high correlation (agreement) between module scores from
reference and matched datasets, we consider that the gene-modules derived from the reference
expression profiles are reproducible in matched expression profiles and vice versa. An arbi-
trary cutoff of correlation coefficient greater than 0.8 was used to distinguish reproducible bio-
logical signals from non-reproducible ones. In this analysis, we did not distinguish between
biological signals which are present or absent in the datasets. We only looked into the agree-
ment in module score based biological signal, by correlating module scores computed from
reference and matched datasets.

External breast cancer gene-modules considered

Two sets of external breast cancer gene-modules were considered in this analysis: the 1** set con-
tains 76 BC gene-modules manually extracted from original publications (external-module-
set1), and the 2" set contains 541 BC gene-modules extracted from the GeneSigDB version-4
[25] (external-module-set2). We defined the full gene-module (full-module) as the subset of the
original module genes which are present in both the HG-U133plus2 and HG-U219 arrays. For
each of these full-modules, a module-subset was derived for each matched dataset, by discarding
genes from the full-modules which were not present after PVAC filtering (PVAC_AAB/PVA-
C_AQ). This method gave five different versions of the module-subsets for each full-module, as
PVAC filtering is dataset dependent and yields five different sets of PVAC selected genes from
the five matched datasets. Note that the two versions of PVAC filtering detailed in “Probe set fil-
tering” section were used (PVAC_AAB/PVAC_AG) and hence for each full module ten ver-
sions of module-subsets were generated. If any of the module-subset from any matched dataset
contains less than two genes in it, then all versions of that module were discarded from the anal-
ysis. Each of the remaining module-subsets was validated by correlating the full-module score
to the respective module-subset score computed from the gold standard expression dataset
derived from FF RNA using the HG-U133plus2 array with the 3’TVT kit (u133p2.3ivt.ff). Both
full and subset modules were discarded from the analysis if any version of the module-subset
had a Spearman correlation less than 0.9 to its corresponding full-module. The correlation val-
ues of module-subsets from the ul33p2.3ivt.ffpe dataset was not considered for the above vali-
dation because of close to background expression values in this dataset. After validation, the
external-module-setl contained 37 (~49%) gene-modules and the external-module-set2 con-
tained 108 (~20%) gene-modules. References of the external gene-modules considered are
given in the S5 Table.

Control gene modules

Although the major subtypes of breast cancer have been included in this study, biological sig-
nals represented by some gene modules might be absent from all samples in the dataset, such
as gene-modules representing TP53 mutation status. To assess the impact of signals which are
absent from all samples in the analysis, a set of manually curated tissue-specific gene modules
from Dezso et al. 2008 [26], which are known to be absent in breast tissue (negative controls),
have been included in the analysis as control modules. The above set of control modules also
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include a breast tissue specific gene module and housekeeping (genes which are up-regulated
in all tissues considered in Dezso et al.) gene module. These two gene-modules can be consid-
ered as positive controls as they are typically present in every breast tissue. Besides, the set of
common housekeeping genes present in HG-U219 and HG-U133plus2 arrays were combined
as a positive control gene module, and this was included along with the set of control modules
from Dezso et al. [26]. Since the genes in the control modules are all up-regulated in their
respective tissues, we assigned a weight of +1 for all genes in each control module. Note that
majority of these control modules did not pass the correlation filtering mentioned in the above
section. Hence all control modules which passed size filter (n> = 2) were used in this study.

De-novo ER/HER?2 gene-module development

ER/HER2 immunohistochemistry (IHC) status based differentially expressed genes were iden-
tified from each matched dataset using both fold change and Welch’s t-test in log2 scale
expression data [27]. Similar to the MAQC-I approach [28], genes with absolute fold

change > 2 and Welch’s t-test p-value < 0.05, were grouped into gene-modules. ROC analysis
was used to validate these de-novo signatures in the external datasets for which ER/HER2 IHC
status was available.

External breast cancer datasets used

Expression datasets derived from frozen samples [11] and FFPE samples [10], for which ER/
HER2 IHC status was available, were extracted from GEO [18] using the accession numbers
GSE20713 and GSE53031, respectively. The normalized expression datasets (RMA back-
ground corrected, quantile normalized and median-polish summarized) available from GEO,
were used in this study. Details of detection calling and PVAC filtering on these datasets were
given in the S1 File.

Statistical analysis

The comparisons were performed either by using box-and-whisker plots and or by Spearman’s
rank correlation coefficient. Log2 scale data was used for module-score computation and dif-
ferential expression analysis. All analysis were performed in R statistical software [15], ver-
sion:3.1.1 using the following R packages affy [17], reshape2 [29], pROC [30], plotROC [31].
geplot2 [32], grid [15] colortools [33], RColorBrewer [34], and gridExtra [35].

Results

An unrealistic low background is observed in the HG-U219 arrays using the
ovation kit

A higher background is expected in the HG-U219 array compared to the HG-U133plus2
array, as the potential for GC content based cross-hybridization is higher [36,37] in the
HG-U219’s anti-genomic background probes compared to the entire MM probes in the
HG-U133plus2 array. However, the HG-U219 arrays using the ovation kit (hgu219.ovation.
ttpe/ff) resulted in a low background whereas using the sensation kit (hgu219.sensation.ffpe)
we observed a higher background compared to the HG-U133plus2 array, as expected (Fig 1).
If the low background expression in the datasets using the ovation kit was true, then the entire
genes in the array should be called present; but this is highly unlikely. Hence we considered
this low background as unrealistic. Further, the raw expression values from the ul33p2.3ivt.
ffpe dataset was close to background, which is expected as the polyA-tail dependent 3ivt kit is
not ideal for amplifying degraded RNA. Although not comparable to the other matched
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Fig 1. Raw expression distribution of the genomic and the background probes. Blue represents the genomic probes
(PM probes), and brown represents the background probes (MM/anti-genomic probes).

https://doi.org/10.1371/journal.pone.0203346.9001

datasets, we kept this dataset in the analysis to see if some signals could still be recovered from
it. The expression of positive genomic controls was well above background in all datasets
except in the ul33p2.3ivt.ffpe dataset, in which the expression of positive controls and its cor-
responding background expression were slightly mixed up (S3 Fig).

FFPE derived expression profiles are not at par with the matching frozen
derived expression profiles

PVAC filtering. Among the 17239 genes in common between the HG-U133plus2 and
HG-U219 arrays (matched using the HUGO gene symbol available from the respective NetAffx
array annotation files [38], version 34), the number of PVAC selected unique genes reflects the
effect of degraded RNA in FFPE samples (see S3 and S4 Tables). PVAC_AAB identified 11882
(69%) and 7337 (43%) reliable genes from the frozen datasets (u133p2.3ivt.ff and u219.ovation.
ff, respectively) whereas only 2056 (12%), 4247 (25%) and 4474 (26%) genes were identified
from the FFPE datasets (ul33p2.3ivt.ffpe, u219.ovation.ffpe and u219.sensation.ffpe, respec-
tively). PVAC_AG identified roughly double probesets than PVAC_AAB from HG-U219 arrays
with Nugen’s ovation kit (11930 (69%) from u219.ovation.ff and 8613 (50%) from u219.ova-
tion.ffpe). Note that in these HG_U219 datasets with ovation kits, detection calling was compro-
mised due to its unexpectedly low background and this could be the reason for the reduced
number of reliable probesets from these datasets with PVAC_AAB as PVAC_AAB depends on
detection calling to identify negative probesets. It is intriguing that whether the additional set of
genes identified by PVAC_AG compared to PVAC_AAB from HG-U219 arrays with ovation
kit measure reliable information, as it is clear that the additional set of genes identified by PAV-
C_AG from these datasets is due to the unexpected low expression levels of anti-genomic probe-
sets (which are used as negative probesets for PVAC filtering) in these arrays. It is noteworthy
that both PVAC_AAB and PVAC_AG identified a similar proportion of genes as reliable from
the FFPE dataset generated using HG-U219 arrays with sensation kit, in which the expression
levels of anti-genomic probesets (background) behaves as expected. Altogether, the number of
reliable genes identified from FFPE datasets by the two PVAC filtering strategies were low com-
pared to that identified from their respective frozen datasets.

Gene correlations. In ref-1 comparisons, the two frozen datasets (the reference hgul33-
p2.3ivt.ff and hgu219.ovation.ff) showed the best relative gene correlations (Fig 2); ~50% of
genes have correlations above 0.75 (the percentage is computed using the per dataset common
genes between the reference and matched datasets). The percentage of highly correlated genes
was reduced to ~25% when comparing the gene expression profiles between reference frozen
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and matching FFPE datasets in both ref-1 and ref-2 comparisons (Fig 2). In ref-3 comparison
between FFPE datasets (u219.ovation.ffpe and u219.sensation.ffpe) ~25% of genes have corre-
lation above 0.75, which is similar to comparisons between frozen and FFPE datasets in ref-1
and ref-2 (Fig 2). Note that the probeset level correlation among HG-U219 datasets was similar
to corresponding gene level correlations. This probeset level analysis is not performed in ref-1
comparisons due to different arrays included in the ref-1 comparison. Further, we observed an
overall low correlation in the relative gene expression between the frozen reference dataset and
all the matched FFPE datasets, whereas the correlation was higher in the matched frozen data-
set (Fig 2). Collectively, this implies that FFPE expression profiles are not at par with the
matching frozen expression profiles.

Sample correlations. A strong influence of both the amplification-and-labeling kit and
the sample preservation method was observed in the sample correlations between the reference
and matched datasets (S4 Fig), which is expected as we correlated datasets which used different
amplification-and-labeling kits. Also, it is well known that the absolute expression value of a
gene is significantly affected by the kit used [39,40]. The sample correlations were improved
when probeset level expression data is used compared to gene-level expression data in ref-2
and ref-3 comparisons. The low sample correlation at gene level is due to the maximum vari-
ant probeset criteria used to select a single probeset among the multiple probesets representing
a gene. So a gene could potentially be represented by different probesets in different datasets,
which in turn yield a low sample correlation.

Not all external gene-modules are valid in the FFPE derived gene
expression profiles

Gene-module based biological signals are mainly used for classifying patients in the clinics
(e.g., proliferation signal, PI3K pathway activation level, and TP53 mutation status). The genes
up-regulated in one phenotype are generally down-regulated in the other phenotypes. The
classification potential of each gene-module gets compromised if either the relevant genes are
degraded due to the fixation process or the FFPE specific sample preparation kits failed to
recover them. The module score correlation coefficient between the reference and the match-
ing test datasets measures the agreement in the classification potential of the respective gene-
module between the reference and the matched dataset considered. A high correlation(agree-
ment) of the modules score computed from the reference dataset to the matched dataset could
imply that the gene-modules represent a similar biological signal in both the datasets. Hence
using the matched FFPE/frozen datasets, we tested whether the external gene-modules (mainly
derived from frozen expression profiles) are valid in FFPE expression profiles. Since some
genes in the FFPE expression profiles may not be as reliable as those from the matching frozen
expression profiles due to RNA degradation, for each external gene-module, a module-subset
was also defined per matched dataset (n = 5) such that the five module-subsets contain only
individual dataset specific PVAC selected genes from the full gene-module. Since we used two
types of PVAC filtering (PVAC_AAB and PVAC_AG), altogether there were ten module-sub-
sets per each full module. Considering the full-module scores from the frozen reference dataset
as the truth, we correlated the module scores of both full-modules and their corresponding
module-subsets computed from each matched dataset to reference module scores (see “Mod-
ule score correlation” section). The correlation values are given in the S6 and S7 Tables.

We found that the dataset-specific module scores of both full-modules and their corre-
sponding module-subsets (based on PVAC_AAB and PVAC_AG) were similarly correlated to
the reference module scores in all ref-1/ref-2/ref-3 comparisons (Figs 3 and S5). In ref-1 com-
parisons, the two frozen datasets (the reference hgul33p2.3ivt.ff and the matched hgu219.

PLOS ONE | https://doi.org/10.1371/journal.pone.0203346  August 31, 2018 8/21


https://doi.org/10.1371/journal.pone.0203346

o @
@ : PLOS | ONE Reliability of gene expression modules derived from FFPE RNA

ul33p2.3ivt.fipe u219.ovation.ff' u219.ovation.ffpe u219.sensation.ffpe

: L

prgzdeern
jaseep ['Joy

g 10-
£ 104
= L e
[ - —_
£ 05 - wlee
S 004 2z
£ £E
g -0.5+ ;é
= &
S -1.04
(=¥
1%]

==

|

adyuoneao gygn
JOsBIRp €JOy

1.04
0.54
0.04

0.5

1.0 — T

T T T T T T T T T T
no pvac pvac no pvac pvac no pvac pvac no pvac pvac
filter aab ag filter aab ag filter aab ag filter aab ag

Probe-set filter type

data_level $ gene ‘ probe-set filter $ g(l)ter g;rgc g;ac

Fig 2. Gene correlations between reference datasets and matched datasets. Blue, red and green color represents the
distribution of gene correlations before filtering, after PVAC_AAB filtering and after PVAC_AG filtering respectively.
Boxplots filled in gray color represents the distribution of probeset correlations.

https://doi.org/10.1371/journal.pone.0203346.9002

ovation.ff) showed the best relative module-score correlations (Figs 3 and S5); 95% of external
module-setl and 75% of external-module-set2 modules have correlations above 0.8. The per-
centage of highly correlated (rho > 0.8) gene-modules between frozen datasets in ref-1 com-
parison was reduced to 1) ~ 43-51% in external-module-set1, and 2) to ~35-38% in external-
module-set2 when full module-scores of reference frozen datasets were correlated to full mod-
ule-scores of matching HG-U219 FFPE datasets in both ref-1 and ref-2 comparisons (Figs 3
and S5 and S6 and S7 Tables). Of note around 30% of external-module-setl and 17% of exter-
nal-module-set2 gene-modules from the ul33p2.3ivt.ffpe dataset was highly correlated to the
reference frozen ul33p2.3ivt.ff dataset in ref-1 comparison, suggesting that some reliable sig-
nals could still be recovered from FFPE RNA with 3'TVT kit (Figs 3 and S5 and S6 and S7
Tables). Finally, in ref-3 comparison between the FFPE datasets u219.ovation.ffpe and u219.
sensation.ffpe, the module scores of external-module-set1/set2 were highly correlated; 83% of
external-module setl and 72% of external-module-set2 with rho > 0.8 (Figs 3 and S5), This
percentage is similar to the percentage of highly correlated modules between frozen datasets in
ref-1 comparison. Altogether the three types of comparisons suggest that when moving from
FF RNA to FFPE RNA for microarray expression profiling almost half of the signals that may
potentially present in frozen samples could be lost, given that the signals extracted from FF
RNA are the 100% truth. However, the high correlation between matched FFPE HG-U219
datasets with ovation and sensation kit suggests that within the FFPE realm the signals were
reproducible (concordant), similar to that is seen within the FF realm independent of the
amplification kit used.

Among the biological signals represented by the control gene modules, which are supposed
to be absent in breast tissue, we observed a high correlation between module scores computed
from the reference dataset and the matched frozen dataset in ref-1 comparison, suggesting that
a high correlation may not imply the presence or the absence of a biological signal. Instead, it
measures merely the agreement of the module score between the reference and the test datasets
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(S6 Fig and S8 Table). Further, we observe that the module score correlations were influenced
by the highly expressed genes within the module. Specifically, we correlated module scores
computed from reference dataset to that computed from matched datasets using PVAC_AAB/
PVAC_AG modules-subsets and to a similar set of module-subsets derived by grouping genes
in the full module which are not selected by PVAC_AAB/PVAC_AG (~PVAC_AAB and
~PVAC_AG). We observed that PVAC_AAB/PVAC_AG module-subsets were highly corre-
lated to reference full modules, whereas ~PVAC_AAB / ~PVAC_AG module-subset correla-
tion with reference full modules was low (S7 Fig). Of note PVAC filtering preferentially selects
highly expressed probesets within each dataset (S8 Fig).
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In the same line, we also generated module-subsets from full modules based on the dataset-
specific mean expression distribution of module genes. Module-subsets were generated by
grouping genes that fall into a single quartile based on the above distribution. With this
approach four module-subsets (q1, q2, q3 and q4) per full module were generated such that
the average expression of genes per module-subsets is in the order q4 > q3 > q2 > ql. The
module-score correlation profiles of these module-subsets with full module were investigated.
We were expected to see a systematic increase in the magnitude of the correlation profile from
ql to q4 when these module-subsets were correlated to full reference modules. Although we
observe this trend in some datasets, this was not consistent among different matched datasets
(S7 Fig), suggesting that the high expression of module genes not be the only criteria that influ-
ence reference to matched datasets module score correlations.

To investigate further, we computed gene module quality metrics and plotted these against
the reference to matched dataset module score correlations. The following metrics were con-
sidered; 1) average expression of genes per module per dataset to identify any potential influ-
ence of module gene expression levels on module correlation, 2) average pair-wise correlation
of genes per module per dataset to identify any potential influence of module gene’s co-expres-
sion levels (or in other words module genes coherence) on module correlation. We observed
that when module coherence or average expression increases the respective module correla-
tions were also increased in external-module-set2, but this trend was reversed when external-
module-set] was used (S9 and S10 Figs). This reversal of trend between external-module-set1
and external-module-set2 was due to the influence of module-score computation algorithm on
module score correlation (S11 and S12 Figs).

Reliable gene-modules can be developed using FFPE gene expression
datasets

To test the reliability of the gene-modules developed from the FFPE datasets, we recreated
already established ER and HER2 pathway gene-modules from all matched datasets. The per-
centage of genes shared among different versions of the de-novo ER and HER2 gene modules
developed was not high (S13 Fig). Further, the gene-modules derived from both non-filtered
and PVAC filtered (PVAC_AAB and PVAC_AG) datasets contained a similar number of
genes, and almost all genes of the gene-modules derived from the PVAC filtered dataset were
present in the gene-modules derived from the non-filtered datasets (S13 Fig).

To see if the different versions of the de novo ER/HER2 gene-modules extracted similar
information from the respective datasets used to derive them, we correlated the module scores
of all de novo ER/HER?2 gene-modules to each other (Fig 4). De-novo ER modules derived
from all versions of matched datasets (non-filtered, PVAC_AAB filtered, and PVAC_AG fil-
tered) were all highly correlated to each other, implying that the ER signal extracted from both
frozen and FFPE datasets was similar irrespective of the array/amplification-and-labeling kit
used. A similar trend was observed for the de-novo HER2 modules derived from matched
datasets except for de-novo HER2 modules derived from the non-filtered versions of the three
FFPE datasets; ul33p2.3ivt.ffpe, u219.ovation.ffpe and u219.sensation.ffpe. Of note, the de-
novo HER2 module from non-filtered u219.ovation.ffpe dataset was not highly correlated to
any versions of de-novo HER2 modules from u219.sensation.ffpe and vice-versa. However, the
de-novo modules from PVAC filtered versions of all three FFPE datasets were correlated well
with each other and to the de-novo HER2 modules from FF datasets (Fig 4).

Using publicly available breast cancer expression datasets profiled using frozen [11] and
FFPE [10] samples with known ER and HER2 status, we evaluated the different versions of the
de-novo ER/HER2 gene-modules along with the ER/HER2 gene-modules from Desmedt et al.
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[9] using ROC analysis (Fig 5). Except for the de-novo ER/HER2 modules derived from all ver-
sions of the ul33p2.3ivt.ffpe dataset, all other de-novo modules have comparable classification
potential similar to Desmedt et al.’s ER/HER2 gene modules (The classification potential is
measured as the area under the ROC curve; AUC). The de-novo ER/HER2 modules from
ul33p2.3ivt.ffpe datasets showed significantly low classification potential in the two validation
datasets. Further, the de-novo modules derived from PVAC filtered (PVAC_AAB/PVAC_AG)
and non-filtered datasets showed similar AUC within each validation datasets.

Discussion

Due to the commercial availability of FFPE specific RNA amplification and labeling kits, large-
scale gene expression profiling from archival FFPE samples is currently feasible. However,
studies which profiled FFPE samples reported a high range of percent-present values [1-6],
reflecting the varying proportion of reliable genes in FFPE expression profiles. The high range
of percent-present values reported may pose a problem in the differential expression analysis
due to the spurious association introduced by inconsistent RNA degradation. An obvious solu-
tion to control this problem is to introduce a probe set filtering step before the differential
expression analysis. Among the different filtering strategies considered, only the PVAC [22]
method seems to be well suited for FFPE derived expression profiles. Although Calleri et al.
have shown improvement in concordance between expression profiles derived from FF and
FFPE RNA using an alternative CDF for HG-U133plus array [41], we prefer to seek strategies
for improved analysis with standard CDF and hence did not consider an alternative CDF
based analysis. Further, the probeset filtering strategy used in this study could get affected by
the varying probeset size in alternative CDF.

By introducing the probe set filtering step we were expected to see, 1) a subset of genes from
the matched datasets which are highly correlated with genes from the reference dataset, 2) a bet-
ter performance of the gene-modules developed from the probeset filtered dataset and 3) an
improvement in the correlation of external gene-modules between FFPE expression datasets
and the reference dataset. As expected, the PVAC selected gene subsets contained a significant
proportion of genes which are better correlated with genes from the reference dataset compared
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to the entire genes in the array, but they still contained genes which are poorly correlated (rho:
-1to0 0.5) to the reference gene expression (Fig 2). However, the PVAC filtering didn’t seem to
improve, 1) the performance of the de novo ER/HER2 gene-modules (based on differential
expression analysis) derived from the FFPE expression profiles (Figs 4 and 5) and 2) the correla-
tion profile of external gene-modules between the reference dataset and the matched datasets
(Figs 3 and S5). PVAC’s failure to improve results could be because PVAC preferentially selects
highly expressed probesets among the datasets and the module-score correlation between ma-
tched datasets is influenced by the highly expressed genes within a gene module (S7, S9, and
§10 Figs). Hence if a full module is highly correlated between matched datasets, its correspond-
ing sub-modules derived based on PVAC filtering is likely to be highly correlated between the
same pair of matched datasets as the sub-module retains the highly expressed genes from the
full module. In short, PVAC filtering seems to be redundant in our analysis. Because if there
exists a significant proportion of highly expressed genes in a full module, enough to capture the
biological signal, the full module is likely to capture it even if it contains a set of poorly expressed
(possibly due to RNA degradation) genes representing the same pathway/biological signal.
Also, the de-novo ER/HER2 modules derived from non-filtered and PVAC_AAB/PVAC_AG
filtered dataset contains a similar number of differentially expressed genes and almost all genes
identified from the PVAC filtered dataset were present in the de-novo module from the corre-
sponding non-filtered dataset (S13 Fig). The congruence in the de-novo module gene list from
different versions of a single dataset suggests that the differential expression analysis algorithm
used in this study mainly identifies the highly expressed genes and discards the potentially
degraded / low expressed genes. Collectively, PVAC probeset filtering seems to be a redundant
procedure in FF/FFPE microarray expression analysis. It should be noted that the present study
failed to reproduce the high range of PP values reported in other studies which profiled FFPE
derived RNA (S14 Fig) [1-6]. Hence the comparison between non-filtered and PVAC filtered
datasets was compromised to an extent. However we did not observe any reduction in the reli-
ability of analysis performed in PVAC filtered dataset compared to the non-filtered dataset, and
PVAC filtering is suitable for FFPE expression profiles as it considers the probe level expression
consistency. Hence PVAC probe set filtering can be integrated into FF/FFPE microarray gene
expression analysis, as it successfully retains reliable probesets for downstream analysis.

By recreating gene modules of two prominent biological signals present in breast cancer,
ER and HER?2, we have demonstrated that if the gene-modules derived from FFPE samples
represents an incompletely recovered biological signal, such as the ER/HER2 de-novo modules
extracted from ul33p2.3ivt.ffpe, it is unlikely to be reproducible in external datasets (Figs 4
and 5). Further, the FFPE specific sensation and ovation kit successfully recovered reproduc-
ible ER signal and HER?2 signal from FFPE RNA.

We have also seen that the expression profiles derived from matching FFPE and FF samples
were not equivalent. Almost 50% of the gene modules that are highly correlated between
matching FF datasets were not highly correlated to FFPE datasets (ref-1 and ref2 compari-
sons). However, the high correlation between the matched FFPE HG-U219 datasets with ova-
tion and sensation kit (ref-3 comparison) suggests that within the FFPE realm the signals were
reproducible (concordant); similar to what is seen within the FF realm (ref-1 comparison).
Altogether the external module validation analysis implies that, when moving from FF RNA to
FFPE RNA in microarray expression profiling, almost half of the signals that may potentially
present in FF RNA could be lost, considering the signals extracted from FF RNA is the 100%
truth. However, once in FFPE realm, the signals seem to be correlated between matched data-
sets independent of amplification-and-labeling kit used (Figs 3 and S5).

The FFPE specific amplification and labeling kits (random + dT primer based) considered
in our analysis succeeded in extracting more biological signal from FFPE derived RNAs that
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are highly correlated to respective signals from FF RNA (~50%), than the dT primer based
3’IVT kit (~20%). However, the FFPE kits failed to extract all biological signal from FFPE
RNA to make the biological signal concordance between matched FF and FFPE datasets 100%.
Of note, around 20% biological signals that are highly correlated to matching FF samples,
could still be recovered from FFPE samples using dT primer based 3’TVT kit (Figs 3 and S5).

Altogether our analysis implies that a part of the biological signal that can be extracted from
FF RNA using appropriate protocols, may not be transferred to the FFPE realm and vice versa.
Hence expression profiles derived from FF RNA and FFPE RNA may not be considered equiv-
alent and improved sample preparation protocols are required to reduce this discordance in
expression profiles derived from matching FF and FFPE samples. Our analysis has limitations,
we did not attempt to check the biological meaning of external modules considered in our
analysis, nor we checked whether they are present in the datasets.

We have seen in this study that the microarray sample preparation protocol has a profound
influence on the recovery of a biological signal from degraded FFPE RNA. By eliminating the
sample preparation step required in the microarray technology (i.e., cDNA synthesis, amplifi-
cation, and labeling), the nCounter technology effectively reduces the bias introduced by the
sample preparation step [42]. However, a whole genome approach is currently not feasible
with nCounter technology as it supports only a maximum of 800 probe pairs (i.e., reporter
probe and capture probe) in a single multiplexed experiment [43]. Considering the theoreti-
cally unlimited dynamic range of RN Aseq expression measurements and the non-requirement
of pre-designed probes used in hybridization-based technologies [44], RNAseq seems to re-
cover the biological signals from FFPE RNA that cannot be recovered using hybridization-
based technologies, such as microarrays and NanoString. Moreover, Li et al. have shown that
comparable results could be obtained using RNAseq from FF and FFPE derived RNA [45],
which is promising. In our study, we took an unbiased approach in investigating the signal
recovery rate between microarray expression profiles derived from matching FF and FFPE
RNA, by checking the concordance rate of all published breast cancer gene-modules extracted
from geneSigDB. We found that among the signals (gene-modules) compared almost half of
the signals are concordant between FF and FFPE derived matching expression profiles. The
remaining half of the signal, which are discordant between FF and FFPE expression profiles,
seems to be concordant among matching FFPE derived expression profiles, and among match-
ing FF derived expression profiles when the RNAs are pre-processed with appropriate FF/
FFPE specific protocols. The question of whether RN Aseq could recover biological signals
from FFPE RNA to make a 100% concordance to signals recovered using RNAseq/microarrays
from matching FF RNA, which may not be possible with microarrays at present, remains
unanswered. However, results from our study would be useful for researchers performing
gene expression profiling from FFPE derived RNA.

In conclusion, the two FFPE specific amplification-and-labeling kits from Affymetrix and
Nugen performed similarly, and successfully recovered much more biological signals from
FFPE RNA which are highly correlated to respective signals from FF RNA, than the 3’IVT Kkit.
However, these FFPE specific kits failed to extract all biological signal from FFPE RNA to
make the biological signal concordance between matched FF and FFPE RNA 100%. Further,
when moving from FF RNA to FFPE RNA in microarray expression profiling, almost half of
the signals that may potentially present in FF RNA could be lost, given that the signals ext-
racted from FF RNA are the 100% truth. However, once in FFPE realm, the signals seem to be
correlated between matched FFPE datasets independent of amplification-and-labeling kit
used. The FFPE specific ovation and sensation kits used in this study successfully recovered
reproducible ER and HER2 gene module FFPE expression profiles. Although PVAC probeset
filtering did not seem to improve the overall results in this study, it successfully eliminates a
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significant proportion of unreliable probesets from FFPE/frozen expression profiles, hence
limiting the analysis to PVAC selected probesets would be advantageous in FFPE expression
profiling studies. Further, our analysis highlighted that microarrays still requires more opti-
mized amplification-and-sample-preparation protocols to improve the biological signal con-
cordance between expression profiles derived from FF and FFPE RNA.

Supporting information

S1 Fig. Experiment design.
(EPS)

S2 Fig. Dataset comparison structure.
(EPS)

S3 Fig. Raw expression distribution of the positive genomic controls and the background
probes. Blue color represents the raw PM probe expression of the 100 positive genomic con-
trol genes, and brown color represents the raw background expression. The background
expression of the HG-U133plus2 array constitutes the MM probe expression of the 100 geno-
mic positive control genes, and that of the HG-U219 array constitutes the expression of the 23
anti-genomic probesets.

(TIFF)

S4 Fig. Sample correlation between reference datasets and matched datasets. Blue, red and
green color points and lines represent the distribution of sample correlations before filtering,
after PVAC_aab filtering and after PVAC_ag filtering respectively. The open circle represents
the distribution of sample correlation at the probeset level. The correlation coefficient is com-
puted using common genes/probesets between reference datasets and matched datasets.
(TIFF)

S5 Fig. Correlation profile of the external-module-set2 gene-modules in the matched data-
sets (log2 scale). Module-score were computed from log2 scale expression data. Correlation of
the full-module scores of the external-module-set2 gene-modules (geneSigDB) computed
from ref-1/ref-2/ref-3 reference dataset to the respective full-module/module-subset scores
computed from the matched datasets. The panel A contains the heat map of the correlation
profiles from the ref-1 comparison where the reference dataset was ul33p2.3ivt.ff, and panel B
and C contains similar plots from ref-2 and ref-3 comparisons. The reference datasets in ref-2
and ref-3 comparisons were hgu219.ovation.ff and hgu219.ovation.ffpe respectively. An arbi-
trary cutoff of correlation coefficient equal to 0.8 was used to distinguish a gene-module as
concordant/reproducible or discordant/non-reproducible. The blue, red, and green colored
boxplots beneath the heat map represent the distribution of module-score correlations before
filtering, after PVAC_aab filtering and after PVAC_ag filtering respectively.

(EPS)

S6 Fig. Correlation profile of the control gene-modules in the matched datasets. Correla-
tion of the full-module scores of the control gene-modules computed from ref-1/ref-2/ref-3
reference dataset to the respective full-module/module-subset scores computed from the
matched datasets. The panel A contains the heat map of the correlation profiles from the ref-1
comparison where the reference dataset was ul33p2.3ivt.ff, and panel B and C contains similar
plots from ref-2 and ref-3 comparisons. The reference datasets in ref-2 and ref-3 comparisons
were hgu219.ovation.ff and hgu219.ovation.ffpe respectively. An arbitrary cutoff of correlation
coefficient equal to 0.8 was used to distinguish a gene-module as concordant/reproducible or
discordant/non-reproducible. The blue, red, and green colored boxplots beneath the heat map
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represent the distribution of module-score correlations before filtering, after PVAC_aab filter-
ing and after PVAC_ag filtering respectively.
(EPS)

S7 Fig. Influence of the module gene expression levels on the module-score correlation
between matched datasets. Module-score correlation profiles of module-subsets derived from
the full module based on genes/probesets PVAC filtering status or based on module genes
mean expression distribution within each matched dataset. The plots represent expression
profiles computed using ref-1 comparisons in non-filtered datasets; i.e., full module-scores
from reference ul33p2.3ivt.ff dataset is correlated with the matched dataset specific module-
subset derived from the full module as mentioned above. The panels A, B, C, and D represent
module-score correlation profiles from the matched datasets ul33p2.3ivt.ffpe, u21.ovation.ff,
u219.ovation.ffpe, and u219.sensation.ffpe respectively. A systematic higher correlation is
observed in module-subsets with PVAC selected genes compared to module-subsets with
PVAC non-selected genes.

(EPS)

S8 Fig. Normalized expression distribution of PVAC selected and non-selected probesets.
Blue color represents the PVAC non-selected probesets, and brown color represents PVAC
selected probesets.

(EPS)

S9 Fig. Influence of the gene-module coherence on the module-score correlation between
matched datasets. Gene-module coherence was computed as the average pair-wise correlation
of module genes per matched dataset. The module coherence value is plotted against module-
score correlations between the reference and matched datasets in ref-1/ref-2/ref-3 compari-
sons. Only full-modules were considered in this analysis. The blue line represents a loess fit to
the data points.

(EPS)

$10 Fig. Influence of the module genes expression level on the module-score correlation
between matched datasets. Gene-module average expression was computed as the grand
average of average gene expression of module-genes per matched dataset. The average module
expression value is plotted against module-score correlations between the reference and
matched datasets in ref-1/ref-2/ref-3 comparisons. Only full-modules were considered in this
analysis. The blue line represents a loess fit to the data points.

(EPS)

S11 Fig. Influence of the module-score algorithm on the direction of the association
between module coherence and the module-score correlation between matched datasets.
Selected modules from external-module-set1l were used. Module-scores were computed from
these modules as a weighted average or simple average, and figures similar to S9 Fig was gener-
ated to visualize the influence. Gene-module coherence was computed as the average pair-wise
correlation of module genes per matched dataset. The module coherence value is plotted
against module-score correlations between the reference and matched datasets in ref-1/ref-2/
ref-3 comparisons. In panel A, module-score correlations were computed using module-scores
calculated by simple-average, and in panel B module-score correlations were computed using
module-scores calculated by weighted-average. Only full-modules were considered in this
analysis. The blue line represents a loess fit to the data points.

(EPS)
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$12 Fig. Influence of the module-score algorithm on the direction of the association
between module genes expression level and the module-score correlation between matched
datasets. Selected modules from external-module-setl were used. Module-scores were com-
puted from these modules as a weighted average or simple average, and figures similar to S10
Fig was generated to visualize the influence. Gene-module average expression was computed
as the grand average of average gene expression of module-genes per matched dataset. The
average module expression value is plotted against module-score correlations between the ref-
erence and matched datasets in ref-1/ref-2/ref-3 comparisons. In panel A, module-score corre-
lations were computed using module-scores calculated by simple-average, and in panel B
module-score correlations were computed using module-scores calculated by weighted-aver-
age. Only full-modules were considered in this analysis. The blue line represents a loess fit to
the data points.

(EPS)

$13 Fig. Shared genes between different versions of the de-novo ER/HER2 gene-modules.
A heat map of the percentage of shared genes between the different versions of the de-novo
ER/HER2 gene-modules. Panel A represents de-novo modules derived from the non-filtered
dataset, and panel B and C represents de-novo modules derived from PVAC_AAB filtered,
and PVAC_AG filtered datasets respectively. The value of 'n’ given in each cell of the heat map
represents the number of shared genes between the respective gene-modules.

(EPS)

$14 Fig. Distribution of percent-present values. Distribution of Percent-Present values A) in
the matched datasets and B) in the external FFPE and frozen datasets used in this study.
(TIF)

S15 Fig. Correlation profile of the external-module-set2 gene-modules in the matched
datasets (linear scale). Module-score were computed from linear scale expression data. Corre-
lation of the full-module scores of the external-module-set2 gene-modules (geneSigDB) com-
puted from ref-1/ref-2/ref-3 reference dataset to the respective full-module/module-subset
scores computed from the matched datasets. The panel A contains the heat map of the correla-
tion profiles from the ref-1 comparison where the reference dataset was ul33p2.3ivt.ff, and
panel B and C contains similar plots from ref-2 and ref-3 comparisons. The reference datasets
in ref-2 and ref-3 comparisons were hgu219.ovation.ff and hgu219.ovation.ffpe respectively.
An arbitrary cutoff of correlation coefficient equal to 0.8 was used to distinguish a gene-mod-
ule as concordant/reproducible or discordant/non-reproducible. The blue, red, and green col-
ored boxplots beneath the heat map represent the distribution of module-score correlations
before filtering, after PVAC_aab filtering and after PVAC_ag filtering respectively.

(EPS)

S1 Table. Experiment design.
(XLS)

$2 Table. Sample demography.
(XLS)

S3 Table. PVAC_AAB selected probesets from each matched dataset.
(XLS)

S$4 Table. PVAC_AG selected probesets from each matched dataset.
(XLS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0203346  August 31, 2018 18/21


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s012
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s013
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s014
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s015
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s016
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s017
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s018
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s019
https://doi.org/10.1371/journal.pone.0203346

o @
@ : PLOS | ONE Reliability of gene expression modules derived from FFPE RNA

S5 Table. References of the external gene-modules considered.
(XLS)

$6 Table. External-module-set1 gene-module score correlation profile.
(XLS)

§7 Table. External-module-set2 gene-module score correlation profile.
(XLS)

S8 Table. Control gene-module score correlation profile.
(XLS)

S1 File. Supplementary methods.
(DOC)

Author Contributions

Conceptualization: Vinu Jose, Debora Fumagalli, Sherene Loi, Stefan Michiels, Christos
Sotiriou.

Formal analysis: Vinu Jose.

Funding acquisition: Christos Sotiriou.

Investigation: Debora Fumagalli, Frangoise Rothé, Samira Majjaj.
Project administration: Christos Sotiriou.

Resources: Christos Sotiriou.

Supervision: Sherene Loi, Stefan Michiels, Christos Sotiriou.
Visualization: Vinu Jose.

Writing - original draft: Vinu Jose.

Writing - review & editing: Vinu Jose, Debora Fumagalli, Fran¢oise Rothé, Samira Majjaj,
Sherene Loi, Stefan Michiels, Christos Sotiriou.

References

1. Budczies J, Weichert W, Noske A, Muller BM, Weller C, Wittenberger T, et al. Genome-wide gene
expression profiling of formalin-fixed paraffin-embedded breast cancer core biopsies using microarrays.
J Histochem Cytochem. 2011; 59(2):146-57. https://doi.org/10.1369/jhc.2010.956607 PMID:
21339180

2. Lassmann S, Kreutz C, Schoepflin A, Hopt U, Timmer J, Werner M. A novel approach for reliable micro-
array analysis of microdissected tumor cells from formalin-fixed and paraffin-embedded colorectal can-
cer resection specimens. J Mol Med. 2009 Feb; 87(2):211-24. https://doi.org/10.1007/s00109-008-
0419-y PMID: 19066834

3. LintonK, Hey Y, Dibben S, Miller C, Freemont A, Radford J, et al. Methods comparison for high-resolu-
tion transcriptional analysis of archival material on Affymetrix Plus 2.0 and Exon 1.0 microarrays. Bio-
Techniques. 2009 Jul; 47(1):587-96. https://doi.org/10.2144/000113169 PMID: 19594443

4. RobertsL, Bowers J, Sensinger K, Lisowski A, Getts R, Anderson MG. Identification of methods for use
of formalin-fixed, paraffin-embedded tissue samples in RNA expression profiling. Genomics. 2009 Nov;
94(5):341-8. https://doi.org/10.1016/j.ygeno.2009.07.007 PMID: 19660539

5. Thomas M, Poignée-Heger M, Weisser M, Wessner S, Belousov A. An optimized workflow for improved
gene expression profiling for formalin-fixed, paraffin-embedded tumor samples. J Clin Bioinforma. 2013
May 3; 3:10. https://doi.org/10.1186/2043-9113-3-10 PMID: 23641797

6. Williams PM, Li R, Johnson NA, Wright G, Heath J-D, Gascoyne RD. A Novel Method of Amplification
of FFPET-Derived RNA Enables Accurate Disease Classification with Microarrays. J Mol Diagn JMD.
2010 Sep; 12(5):680-6. https://doi.org/10.2353/jmoldx.2010.090164 PMID: 20688907

PLOS ONE | https://doi.org/10.1371/journal.pone.0203346  August 31, 2018 19/21


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s020
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s021
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s022
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s023
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0203346.s024
https://doi.org/10.1369/jhc.2010.956607
http://www.ncbi.nlm.nih.gov/pubmed/21339180
https://doi.org/10.1007/s00109-008-0419-y
https://doi.org/10.1007/s00109-008-0419-y
http://www.ncbi.nlm.nih.gov/pubmed/19066834
https://doi.org/10.2144/000113169
http://www.ncbi.nlm.nih.gov/pubmed/19594443
https://doi.org/10.1016/j.ygeno.2009.07.007
http://www.ncbi.nlm.nih.gov/pubmed/19660539
https://doi.org/10.1186/2043-9113-3-10
http://www.ncbi.nlm.nih.gov/pubmed/23641797
https://doi.org/10.2353/jmoldx.2010.090164
http://www.ncbi.nlm.nih.gov/pubmed/20688907
https://doi.org/10.1371/journal.pone.0203346

@° PLOS | ONE

Reliability of gene expression modules derived from FFPE RNA

10.

1.

12

13.

14.
15.

16.

17.

18.

19.

20.
21.

22,

23.

24,

25.

26.

27.

28.

Jacobson Therese A.S., Lundahl J, Mellstedt H, Moshfegh A. Gene expression analysis using long-
term preserved formalin-fixed and paraffin-embedded tissue of non-small cell lung cancer. Int J Oncol.
2011 Apr 1; 38:1075-81 https://doi.org/10.3892/ij0.2011.936 PMID: 21305253

Affymetrix Inc. GeneChip® Expression Analysis—Data Analysis Fundamentals [Internet]. Santa Clara
(CA): Affymetrix; c2002-2004 [cited 2016 Sep 2]. 108 p. Part No.: 701190 Rev. 4. Available from: http://
media.affymetrix.com/support/downloads/manuals/data_analysis_fundamentals_manual.pdf

Desmedt C, Haibe-Kains B, Wirapati P, Buyse M, Larsimont D, Bontempi G, et al. Biological Processes
Associated with Breast Cancer Clinical Outcome Depend on the Molecular Subtypes. Clin Cancer Res.
2008 Aug 15; 14(16):5158-65. https://doi.org/10.1158/1078-0432.CCR-07-4756 PMID: 18698033

Azim HA, Brohée S, Peccatori FA, Desmedt C, Loi S, Lambrechts D, et al. Biology of breast cancer dur-
ing pregnancy using genomic profiling. Endocr Relat Cancer. 2014 Aug 1; 21(4):545-54. https://doi.org/
10.1530/ERC-14-0111 PMID: 24825746

Dedeurwaerder S, Desmedt C, Calonne E, Singhal SK, Haibe-Kains B, Defrance M, et al. DNA methyla-
tion profiling reveals a predominant immune component in breast cancers. EMBO Mol Med. 2011 Dec;
3(12):726—41. https://doi.org/10.1002/emmm.201100801 PMID: 21910250

Irizarry RA, Hobbs B, Collin F, Beazer-Barclay YD, Antonellis KJ, Scherf U, et al. Exploration, normali-
zation, and summaries of high density oligonucleotide array probe level data. Biostatistics. 2003; 4
(2):249-64. https://doi.org/10.1093/biostatistics/4.2.249 PMID: 12925520

Bolstad BM, Irizarry RA, AAstrand M, Speed TP. A comparison of normalization methods for high den-
sity oligonucleotide array data based on variance and bias. Bioinformatics. 2003; 19(2):185-93. PMID:
12538238

Tukey JW. Exploratory Data Analysis. 15t ed. Reading, Mass: Addison-Wesley; 1977. 688 p.

R Core Team. R: A language and environment for statistical computing. [Internet]. Vienna (AT): R
Foundation for Statistical Computing; 2016 [cited 2016 Sep 2]. Available from: https://www.R-project.
org

Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling M, Dudoit S, et al. Bioconductor: open soft-
ware development for computational biology and bioinformatics. Genome Biol. 2004; 5(10):R80. https://
doi.org/10.1186/gb-2004-5-10-r80 PMID: 15461798

Gautier L, Cope L, Bolstad BM, Irizarry RA. affy—analysis of Affymetrix GeneChip data at the probe
level. Bioinformatics. 2004 Feb 12; 20(3):307—15. https://doi.org/10.1093/bioinformatics/btg405 PMID:
14960456

Edgar R, Domrachev M, Lash AE. Gene Expression Omnibus: NCBI gene expression and hybridization
array data repository. Nucleic Acids Res. 2002 Jan 1; 30(1):207—10. PMID: 11752295

Liu W—, Mei R, Di X, Ryder TB, Hubbell E, Dee S, et al. Analysis of high density expression microarrays
with signed-rank call algorithms. Bioinformatics. 2002 Dec 1; 18(12):1593-9. PMID: 12490443

Hollander M, Wolfe DA. Nonparametric Statistical Methods. 15'ed. New York: Wiley; 1973. 528 p.

Hackstadt AJ, Hess AM. Filtering for increased power for microarray data analysis. BMC Bioinformatics.
2009; 10:11. https://doi.org/10.1186/1471-2105-10-11 PMID: 19133141

Lu J, Kerns RT, Peddada SD, Bushel PR. Principal component analysis-based filtering improves detec-
tion for Affymetrix gene expression arrays. Nucleic Acids Res. 2011 Jul; 39(13):e86. https://doi.org/10.
1093/nar/gkr241 PMID: 21525126

Bourgon R, Gentleman R, Huber W. Independent filtering increases detection power for high-through-
put experiments. Proc Natl Acad Sci. 2010 May 25; 107(21):9546-51. https://doi.org/10.1073/pnas.
0914005107 PMID: 20460310

Wirapati P, Sotiriou C, Kunkel S, Farmer P, Pradervand S, Haibe-Kains B, et al. Meta-analysis of gene
expression profiles in breast cancer: toward a unified understanding of breast cancer subtyping and
prognosis signatures. Breast Cancer Res. 2008 Jul 28; 10(4):R65. https://doi.org/10.1186/bcr2124
PMID: 18662380

Culhane AC, Schroder MS, Sultana R, Picard SC, Martinelli EN, Kelly C, et al. GeneSigDB: a manually
curated database and resource for analysis of gene expression signatures. Nucleic Acids Res. 2012
Jan 1;40(D1):D1060-D1066.

Dezso Z, Nikolsky Y, Sviridov E, Shi W, Serebriyskaya T, Dosymbekov D, et al. A comprehensive func-
tional analysis of tissue specificity of human gene expression. BMC Biology. 2008; 6(1):49.

Welch BL. The generalisation of student’s problems when several different population variances are
involved. Biometrika. 1947; 34(1-2):28-35. PMID: 20287819

MAQC Consortium. The MicroArray Quality Control (MAQC) project shows inter- and intraplatform
reproducibility of gene expression measurements. Nat Biotechnol. 2006 Sep; 24(9):1151-61. https://
doi.org/10.1038/nbt1239 PMID: 16964229

PLOS ONE | https://doi.org/10.1371/journal.pone.0203346  August 31, 2018 20/21


https://doi.org/10.3892/ijo.2011.936
http://www.ncbi.nlm.nih.gov/pubmed/21305253
http://media.affymetrix.com/support/downloads/manuals/data_analysis_fundamentals_manual.pdf
http://media.affymetrix.com/support/downloads/manuals/data_analysis_fundamentals_manual.pdf
https://doi.org/10.1158/1078-0432.CCR-07-4756
http://www.ncbi.nlm.nih.gov/pubmed/18698033
https://doi.org/10.1530/ERC-14-0111
https://doi.org/10.1530/ERC-14-0111
http://www.ncbi.nlm.nih.gov/pubmed/24825746
https://doi.org/10.1002/emmm.201100801
http://www.ncbi.nlm.nih.gov/pubmed/21910250
https://doi.org/10.1093/biostatistics/4.2.249
http://www.ncbi.nlm.nih.gov/pubmed/12925520
http://www.ncbi.nlm.nih.gov/pubmed/12538238
https://www.R-project.org
https://www.R-project.org
https://doi.org/10.1186/gb-2004-5-10-r80
https://doi.org/10.1186/gb-2004-5-10-r80
http://www.ncbi.nlm.nih.gov/pubmed/15461798
https://doi.org/10.1093/bioinformatics/btg405
http://www.ncbi.nlm.nih.gov/pubmed/14960456
http://www.ncbi.nlm.nih.gov/pubmed/11752295
http://www.ncbi.nlm.nih.gov/pubmed/12490443
https://doi.org/10.1186/1471-2105-10-11
http://www.ncbi.nlm.nih.gov/pubmed/19133141
https://doi.org/10.1093/nar/gkr241
https://doi.org/10.1093/nar/gkr241
http://www.ncbi.nlm.nih.gov/pubmed/21525126
https://doi.org/10.1073/pnas.0914005107
https://doi.org/10.1073/pnas.0914005107
http://www.ncbi.nlm.nih.gov/pubmed/20460310
https://doi.org/10.1186/bcr2124
http://www.ncbi.nlm.nih.gov/pubmed/18662380
http://www.ncbi.nlm.nih.gov/pubmed/20287819
https://doi.org/10.1038/nbt1239
https://doi.org/10.1038/nbt1239
http://www.ncbi.nlm.nih.gov/pubmed/16964229
https://doi.org/10.1371/journal.pone.0203346

@° PLOS | ONE

Reliability of gene expression modules derived from FFPE RNA

29.
30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

Wickham H. Reshaping Data with the reshape Package. J Stat Softw. 2007; 21(12):1-20.

Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez J-C, et al. pPROC: an open-source package
for R and S+ to analyze and compare ROC curves. BMC Bioinformatics. 2011; 12:77. https://doi.org/10.
1186/1471-2105-12-77 PMID: 21414208

Sachs MC. plotROC: Generate Useful ROC Curve Charts for Print and Interactive Use [Internet]. R
package version 2.0.1; 2016 [cited 2016 Sep 2]. Available from: http://sachsmc.github.io/plotROC

Wickham H. ggplot2: Elegant Graphics for Data Analysis [Internet]. New York(NY): Springer New
York; 2009 [cited 2016 Jul 25]. Available from: http:/link.springer.com/10.1007/978-0-387-98141-3

Sanchez G. colortools: R package with handy functions to help users select and play with color
schemes in an HSV color model[Internet]. R package version 0.1.5; 2013 [cited 2018 Jun 8]. Available
from: https://github.com/gastonstat/colortools

Neuwirth E. RColorBrewer: Provides color schemes for maps (and other graphics) designed by Cynthia
Brewer as described at http://colorbrewer2.org [Internet]. R package version 1.1-2; 2014 [cited 2018
Jun 8]. Available from: https://cran.r-project.org/web/packages/RColorBrewer/index.html

Auguie B. gridExtra: Miscellaneous Functions for “Grid” Graphics [Internet]. R package version 2.0.0;
2015 [cited 2016 Sep 2]. Available from: https:/github.com/baptiste/gridextra

Chen YA, Chou C-C, Lu X, Slate EH, Peck K, Xu W, et al. A multivariate prediction model for microarray
cross-hybridization. BMC Bioinformatics. 2006; 7:101. https://doi.org/10.1186/1471-2105-7-101 PMID:
16509965

Kucho K, Yoneda H, Harada M, Ishiura M. Determinants of sensitivity and specificity in spotted DNA
microarrays with unmodified oligonucleotides. Genes Genet Syst. 2004; 79(4):189-97. PMID:
15514438

Liu G, Loraine AE, Shigeta R, Cline M, Cheng J, Valmeekam V, et al. NetAffx: Affymetrix probesets and
annotations. Nucleic Acids Res. 2003 Jan 1; 31(1):82—6. PMID: 12519953

Viale A, Li J, Tiesman J, Hester S, Massimi A, Giriffin C, et al. Big Results from Small Samples: Evalua-
tion of Amplification Protocols for Gene Expression Profiling. J Biomol Tech JBT. 2007 Jul; 18(3):150—
61. PMID: 17595311

Clément-Ziza M, Gentien D, Lyonnet S, Thiery J-P, Besmond C, Decraene C. Evaluation of methods
for amplification of picogram amounts of total RNA for whole genome expression profiling. BMC Geno-
mics. 2009; 10:246. https://doi.org/10.1186/1471-2164-10-246 PMID: 19470167

Callari M., Lembo A., Bianchini G., Musella V., Cappelletti V., Gianni L, et al. Accurate Data Processing
Improves the Reliability of Affymetrix Gene Expression Profiles from FFPE Samples. PLoS ONE. 2014;
9(1):e86511. https://doi.org/10.1371/journal.pone.0086511 PMID: 24489733

Geiss GK, Bumgarner RE, Birditt B, Dahl T, Dowidar N, Dunaway DL, et al. Direct multiplexed measure-
ment of gene expression with color-coded probe pairs. Nat Biotechnol. 2008 Mar; 26(3):317-25. https:/
doi.org/10.1038/nbt1385 PMID: 18278033

NanoString Technologies Inc. nCounter® Expression CodeSet Design Manual [Internet]. Seattle (WA):
NanoString Technologies; 2011 [cited 2016 Sep 2]. Available from: http://www.nanostring.com/media/
pdf/MAN_nCounter_CodeSet_Design.pdf

Wang Z, Gerstein M, Snyder M. RNA-Seq: a revolutionary tool for transcriptomics. Nat Rev Genet.
2009 Jan; 10(1):57-63. https://doi.org/10.1038/nrg2484 PMID: 19015660

LiJ, Fu C, Speed TP, Wang W, Symmans WF. Accurate RNA Sequencing From Formalin-Fixed Can-
cer Tissue To Represent High-Quality Transcriptome From Frozen Tissue. JCO Precis Oncol. 2018.
https://doi.org/10.1200/P0O.17.00091 PMID: 29862382

PLOS ONE | https://doi.org/10.1371/journal.pone.0203346  August 31, 2018 21/21


https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1186/1471-2105-12-77
http://www.ncbi.nlm.nih.gov/pubmed/21414208
http://sachsmc.github.io/plotROC
http://link.springer.com/10.1007/978-0-387-98141-3
https://github.com/gastonstat/colortools
http://colorbrewer2.org
https://cran.r-project.org/web/packages/RColorBrewer/index.html
https://github.com/baptiste/gridextra
https://doi.org/10.1186/1471-2105-7-101
http://www.ncbi.nlm.nih.gov/pubmed/16509965
http://www.ncbi.nlm.nih.gov/pubmed/15514438
http://www.ncbi.nlm.nih.gov/pubmed/12519953
http://www.ncbi.nlm.nih.gov/pubmed/17595311
https://doi.org/10.1186/1471-2164-10-246
http://www.ncbi.nlm.nih.gov/pubmed/19470167
https://doi.org/10.1371/journal.pone.0086511
http://www.ncbi.nlm.nih.gov/pubmed/24489733
https://doi.org/10.1038/nbt1385
https://doi.org/10.1038/nbt1385
http://www.ncbi.nlm.nih.gov/pubmed/18278033
http://www.nanostring.com/media/pdf/MAN_nCounter_CodeSet_Design.pdf
http://www.nanostring.com/media/pdf/MAN_nCounter_CodeSet_Design.pdf
https://doi.org/10.1038/nrg2484
http://www.ncbi.nlm.nih.gov/pubmed/19015660
https://doi.org/10.1200/PO.17.00091
http://www.ncbi.nlm.nih.gov/pubmed/29862382
https://doi.org/10.1371/journal.pone.0203346

