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A B S T R A C T

Gene expression profiling has increasing relevance in the molecular screening of patients with colorectal cancer
(CRC). We investigated potential platform-specific effects on transcriptomic subtyping according to established
frameworks by comparisons of expression profiles from RNA sequencing and exon-resolution microarrays in 126
primary microsatellite stable CRCs. There was a strong platform correspondence in global gene expression levels,
albeit with systematic technical bias likely attributed to few sequencing reads covering short (< 2000 nucleo-
tides) and/or lowly expressed genes (< 1 FPKM), as well as over-saturation of highly expressed genes on mi-
croarrays. Classification concordances according to both the consensus molecular subtypes and CRC intrinsic
subtypes (CRIS) were also strong, but with disproportionate subtype distributions between platforms caused by
frequent disagreements in adherence to sample classification thresholds. Subtypes defined largely by genes
expressed at low levels, including the CRIS-D subtype and the estimated level of tumor-infiltrating cytotoxic
lymphocytes, had a weaker correspondence in classification metrics between platforms. In conclusion, even
subtle differences between platforms suggest that clinical translation of transcriptomic CRC subtyping frame-
works is dependent on assay standardization, and systematic technical biases reinforce the need for careful
selection of classifier genes.

1. Introduction

Gene expression profiling of colorectal cancers (CRCs) has strong
clinical relevance [1]. Incorporation of gene expression changes in the
molecular screening of patients in clinical trials may improve treatment
predictions compared with genomic screening alone [2]. Nonetheless,
the current evidence of clinical relevance is strongest in relation to
patient prognosis, and both tumor microenvironment-related expres-
sion signals arising from cancer-associated fibroblasts and infiltrating
cytotoxic T cells [3–5], as well as transcriptomic classification frame-
works [6–11], have strong associations with patient survival in-
dependent of cancer stage. Gene expression-based subtyping reached a
milestone with the publication of the four consensus molecular sub-
types (CMS) in 2015 [12], and CMS has now been accepted as a robust
taxonomy of CRCs. However, this framework is vulnerable to tumor

sampling bias [13,14], and both the CMS1-immune and CMS4-me-
senchymal groups are strongly influenced by nonmalignant cells in the
tumor microenvironment. To provide a stroma-independent frame-
work, the five CRC intrinsic subtypes (CRIS) were identified based on
cancer cell-intrinsic transcriptional traits [15]. In particular the CMS
framework has been scrutinized for a potential predictive value in
retrospective analyses of clinical studies investigating standard che-
motherapies and targeted agents. However, indications of subtype-as-
sociated differences in treatment benefits have so far been inconsistent
between studies, and discrepant results might be explained by both
biological and technical analysis variation [16,17].

Microarrays have for many years been the technology of choice for
large-scale transcriptomic studies, and the availability of large data
resources with thousands of CRC samples has been essential for the
development of the classification frameworks. However, RNA
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sequencing (RNA-seq) addresses several of the limitations of micro-
arrays and has in the last years emerged as the preferred method for
whole-transcriptome profiling. RNA-seq enables absolute quantification
of gene expression, resolution at the nucleotide level, detection of novel
transcript structures and splice junctions [18], as well as quantitative
measurement of allele-specific expression [19]. RNA-seq also avoids
inherent technical biases observed with microarrays, related to cross-
hybridization and a limited dynamic range of expression [18]. On the
other hand, the considerably higher cost per sample for RNA-seq
compared with microarrays is an important limiting factor, particularly
in translational studies, where large sample numbers are often needed.
Additionally, the accuracy of RNA-seq is influenced by both the abun-
dance and length of transcripts [20,21], as well as the choice of assay
for library construction [22] and tools for bioinformatic data processing
[23].

Several studies have compared the performance of sequencing and
microarray-based technologies [24–31], but the majority of studies
have used older versions of microarrays that only target the 3′ ends of
transcripts, and/or have relied on small sample numbers. Furthermore,
studies including CRCs are few, and downstream analyses have pri-
marily been focused on detection of differentially expressed genes and
evaluation of dynamic ranges. The two technologies have not been
compared with respect to clinically relevant CRC subtyping frame-
works, for which sufficient sample numbers to adequately represent
each subtype is required. Prior to clinical implementation of tran-
scriptomic classifications, the potential impact of technical factors, such
as choice of analysis technology, needs to be resolved. Here, we have
compared gene expression profiles generated by both RNA-seq and
exon-resolution microarrays for 126 primary CRCs. Expression corre-
spondence was analyzed both sample-wise and gene-wise, and we in-
vestigated the potential effects of analysis platform on CRC classifica-
tion according to established frameworks.

2. Materials and methods

2.1. Patient samples

Altogether 126 primary CRCs from a consecutive, population-re-
presentative patient series were included. The patients were treated
surgically at Oslo University Hospital, Oslo, Norway, between 2005 and
2014. The CRCs were selected to include only microsatellite stable
(MSS) and mostly stage II and III tumors (Supplementary Table S1).
Details of RNA extraction and microsatellite instability analysis are
included as Supplementary Methods. RNA from the same extraction
procedure was analyzed by both microarrays and RNA-seq.

2.2. Microarray analyses

All samples have been analyzed for gene expression at exon-re-
solution using the GeneChip Human Exon Array 1.0 (HuEx; n=85) or
GeneChip Human Transcriptome Array 2.0 (HTA; n=41) according to
the manufacturer's instructions (Thermo Fisher Scientific, Waltham,
MA, USA). The majority of the data (n=123) have previously been
published [32–36] and the three remaining samples have been de-
posited to the Gene Expression Omnibus (GEO). All samples can be
accessed from the GEO series GSE139170. Raw intensity data CEL files
were pre-processed by the robust multi-array average (RMA) algorithm
using the justRMA function in the R package affy with custom CDF files
from Brainarray (v22 GENECODEG) [37]. According to Brainarray, the
CDF files were built using the human genome GRCh38 and the anno-
tation file gencode.v26.annotation.gft from GENCODE [38]. R com-
mands for pre-processing of microarray data are included as Supple-
mentary Methods.

2.3. RNA sequencing

RNA-seq was done using the Illumina HiSeq 2500 platform with a
2x101 base-pair paired-end mode (details in Supplementary Methods).
The quality of raw reads was controlled by the FastQC v0.11.2 tool,
confirming good quality control metrics for all samples (Supplementary
Table S2). Adapter sequences and low quality bases were removed
using TRIMMOMATIC v0.38 [39]. Trimmed reads were aligned to the
human genome GRCh38 with STAR v2.5.3a (2-pass mode) [40].
Aligned reads were sorted by read name using SAMtools v1.1 [41], and
quantification of reads mapping to each gene was done with the htseq-
count tool from the python package HTSeq v0.10.0 [42]. The same
annotation file used to build the CDF files for microarray analyses,
gencode.v26.annotation.gft, was applied for both STAR and htseq-
count. Command line parameters are detailed in the Supplementary
Methods.

Three methods for normalization of gene expression levels for pro-
tein-coding genes were applied for comparison. Within-sample nor-
malization was done by estimation of the fragments per kilobase of
transcripts (non-overlapping exonic length of a gene) per million
mapped reads (FPKM) and the transcripts per million (TPM). Both the
FPKM and TPM values were log2-transformed after a constant of 1 was
added to each value. In addition, across-sample normalization based on
variance-stabilizing transformation (VST) of the htseq-count data was
done using the vst function in the R package DESeq2 [43]. Formulas
and R commands for normalization of RNA-seq data are included as
Supplementary Methods. Data can be accessed by contacting the cor-
responding author.

2.4. Gene-expression-based subtyping

The CRCs were classified according to both the CMS and CRIS fra-
meworks based on both microarray and RNA-seq data. For the micro-
array dataset, classification was done separately for samples analyzed
on HuEx and HTA arrays. To enable direct comparison, the normalized
RNA-seq data were similarly divided into the two matching sample sets.
Ensembl Gene IDs were translated to Entrez IDs using the R packages
AnnotationDbi and org.Hs.eg.db. CMS classification was done using the
random forest (RF) classifyCMS.RF function in the R package
CMSclassifier [12], and the default posterior probability of 0.5 was used
as a threshold for confident sample classification. CRIS classification
was done using the nearest template predictor (NTP) algorithm im-
plemented in the R package CMScaller [44] with CRIS template genes
[15], and samples with a false discovery rate adjusted P-value
(Padjusted) < 0.05 were considered confidently classified.

2.5. Gene expression-based abundances of microenvironment-related cell
populations

The R package MCPcounter [45] was applied on both log2-trans-
formed microarray and RNA-seq data (FPKM normalized) to estimate
the abundances of tumor-infiltrating cytotoxic lymphocytes and fibro-
blasts in each CRC sample. These abundance scores represent the mean
log2 expression level of the signature genes of each cell population in
each sample.

2.6. Comparison of gene expression between platforms

Comparisons of the microarray and RNA-seq platforms were per-
formed both sample-wise (across all genes per sample) and gene-wise
(across all samples per gene). Thresholds for genes considered “un-
derestimated by RNA-seq” compared with microarrays, and vise versa,
were determined by visual inspection of sample-wise scatter plots
(details in Supplementary Methods).
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2.7. Statistical analyses

All statistical analyses were performed in the R software environ-
ment v3.4.2 (details in Supplementary Methods).

3. Results

3.1. Good overall concordance, but with systematic biases, in gene
expression between microarrays and RNA-seq

Gene expression profiles of 126 MSS CRCs were generated using
both exon-resolution microarrays (HuEx or HTA) and RNA-seq and
matched by Ensembl Gene IDs to generate a common list of 18,692

protein-coding genes for cross-platform comparisons (Fig. 1A). Sample-
wise comparisons between microarrays and RNA-seq showed good
correspondence in gene expression levels for all samples, although the
correlation with RNA-seq was stronger and less varying for samples
analyzed on HTA arrays (median Spearman's ρ=0.82, interquartile
range, IQR, 0.81–0.84) than for samples analyzed on HuEx arrays
(median Spearman's ρ=0.76, IQR 0.71–0.80; Fig. 1B). Similarly, gene-
wise comparisons across all samples analyzed on each microarray type
also showed that HTA arrays had a better correlation with RNA-seq
(HTA: median Spearman's ρ=0.71, IQR 0.36–0.86; HuEx: median
Spearman's ρ=0.60, IQR 0.25–0.78), with 52% (9,475 of 18,312) and
37% (6,682 of 18,263) of the genes having correlation coefficients>
0.70 for samples analyzed on HTA and HuEx arrays, respectively.

Fig. 1. Comparison of gene-level expression between microarrays and RNA-seq. (A) By matching the datasets by Ensembl Gene IDs, a total of 18,692 protein-
coding genes were found in common between the three platforms and retained for downstream analysis. Protein-coding genes were identified from the gencode.-
v26.annotation.gft file. (B) Density plot of sample-wise correlations in gene expression between matched microarray and RNA-seq profiles, grouped by microarray
platform. (C) Density distribution of cross-sample correlations for genes measured by both microarrays and RNA-seq, grouped according to their median expression
level across samples as measured by RNA-seq. Gene-wise correlations were done after dividing the RNA-seq data according to samples analyzed on HuEx and HTA
arrays, and the median log2-transformed FPKM value of each gene across samples was determined for the two RNA-seq sample sets separately. (D) Scatter plots
illustrating the microarray and RNA-seq expression profiles for two samples, with genes underestimated or overestimated by RNA-seq compared to microarrays
colored in black. Bar plots illustrating the number of genes with (E) underestimated expression levels based on RNA-seq relative to microarrays and (F) vice versa,
according to the number of samples with the respective discrepant expression pattern.
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However, the gene-wise correlations were found to vary according to
the expression level (Fig. 1C). Genes expressed at low levels (< 1 FPKM
in the RNA-seq data) had poor correlations between platforms (HTA:
median Spearman's ρ=0.24, IQR 0.05–0.53; HuEx: median Spearman's
ρ=0.16, IQR 0.01–0.44), while the median Spearman correlation for
genes expressed at higher levels (> 1 FPKM) was 0.81 (IQR 0.68–0.89)
and 0.71 (IQR 0.56–0.82) on HTA and HuEx arrays, respectively.
Grouping of the genes into expression quantiles showed that this effect
was continuous, with a steady increase in gene expression correlation
with an increase in expression levels up to approximately 1 FPKM
(Supplementary Figure S1). An effect of gene length on correspondence
between platforms was also found, and there was a progressive increase
in the median correlation in gene expression levels with increasing gene
lengths up to approximately 4,000 nucleotides, although the distribu-
tion in correlation was wide across all tested quantiles of gene lengths
(Supplementary Figure S2). For comparison, normalization of the RNA-
seq count data by the TPM approach resulted in similar gene-wise
correspondences between platforms (HTA: median Spearman's
ρ=0.68, IQR 0.35–0.84; HuEx: median Spearman's ρ=0.58, IQR
0.24–0.76), and had no impact on the bias associated with gene length
and gene expression level (Supplementary Figure S3). To test a poten-
tial impact of the gene-length adjustment inherent to expression level
normalization by FPKM and TPM calculation, the RNA-seq count data
were also normalized by the VST method [43]. This confirmed the good
overall gene-wise correspondence (HTA: median Spearman's ρ=0.72,
IQR 0.37–0.86; HuEx: median Spearman's ρ=0.60, IQR 0.26–0.78),
but also confirmed the poor technical robustness for short genes and
genes with low expression levels (Supplementary Figure S4).

To further analyze these systematic effects, we focused on genes
with discrepant expression measures in the sample-wise comparisons,
that is, genes with “underestimated” expression in RNA-seq compared

with microarray data (threshold defined based on visual inspection of
scatter plots), and vice versa (shown as black dots in two example
samples in Fig. 1D). Most genes denoted as underestimated by RNA-seq
were underestimated in only one or a few samples each, indicating no
systematic platform effects (Fig. 1E; Supplementary Table S3). How-
ever, 66 (3% of 1,936) and 41 (8% of 502) genes were consistently
underestimated by RNA-seq in all samples compared with HuEx and
HTA arrays, respectively. Compared with a thousand random gene sets
of equal sizes, these genes were more likely to be short (< 2,000 nu-
cleotides; Supplementary Figure S5), which corroborates the results
from the gene-wise analyses and indicates that RNA-seq systematically
underestimates the expression levels of short genes. For genes denoted
as underestimated by microarrays, 19% (44 of 278) and 34% (78 of
232) were consistently underestimated in all HuEx and HTA samples,
respectively (Fig. 1F; Supplementary Table S4). A PANTHER over-
representation test showed that these genes were strongly enriched for
“housekeeping” genes in the class “ribosomal protein” (Supplementary
Table S5).

3.2. Variation in confident CRC subtyping between microarrays and RNA-
seq

To investigate whether CRC subtyping is consistent across technol-
ogies, we classified the samples according to both the CMS and CRIS
frameworks using both microarray and RNA-seq expression profiles.
The representativeness of the tumor series for transcriptomic classifi-
cation (selected for MSS and mostly stage II and III cancers) was eval-
uated by comparing the microarray-derived CMS labels with previously
published labels for the same samples analyzed as part of a larger,
consecutive tumor series (n=409 primary CRCs) [35]. This showed a
subtype agreement of 99% among the samples that were confidently

Fig. 2. CRC subtyping by microarrays and RNA-seq. Sample-wise concordance in (A) CMS and (B) CRIS classification between matched microarray and RNA-seq
gene expression profiles from 126 CRCs. The number of tumors assigned to each subtype is specified within the blocks. Alluvia colored in red represent tumors with
confident but discordant classification by the two technologies. Comparison of the distribution of the (C) CMS and (D) CRIS groups among the confidently classified
tumors according to analysis platform.
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classified in both studies, although 18% of the samples that were as-
signed a CMS label in the previous study were unclassified in this study.
The proportion of the 126 CRCs that were confidently classified (CMS:
RF posterior probability ≥0.5; CRIS: Padjusted < 0.05; see Methods for
details) by both microarrays and RNA-seq was relatively low in both the
CMS and CRIS classification frameworks (CMS: 60%, 75 of 126 samples;
CRIS: 73%, 92 of 126 samples). Among these samples, there was a near-
perfect subtype agreement of 99% (74 of 75 samples) for CMS (Cohen's
κ=0.98, 95% confidence interval, CI, 0.95–1.02; Fig. 2A;
Supplementary Table S6; Supplementary Figure S6A), but only 88%
agreement for CRIS (Cohen's κ=0.84, 95% CI 0.76–0.93; Fig. 2B;

Supplementary Table S7; Supplementary Figure S6B). The more fre-
quent discordance in the CRIS framework (11 of 92 samples) was likely
related to the larger number of samples designated as confidently
classified, although sample classification was based on a more strict
threshold than in the original CRIS study [15]. Using the original
threshold (Padjusted < 0.2), 80% of the samples were given a CRIS label
by both platforms and the classification concordance remained the
same (Supplementary Table S8). However, analyses of all samples in
the patient series, including the unclassified as a separate group, re-
sulted in reduced cross-platform classification agreements for both CMS
and CRIS (CMS: 76%, kappa statistic 0.69 [95% CI 0.60–0.79]; CRIS:

Fig. 3. Sample-wise CMS posterior probability scores by microarrays and RNA-seq. Scatter plots comparing the posterior probabilities assigned to each sample
from RNA-seq and either (A) HuEx or (B) HTA data for each of the four CMS groups. The samples are colored according to the nearest predicted CMS subtype as
determined by RNA-seq and microarrays, with samples not assigned the same nearest predicted subtype colored in black. The dotted lines at 0.5 represents the
default threshold for confident sample classification. (C) Line plot (upper panel) showing the percentage of agreement in CMS classification among samples con-
fidently classified by both platforms according to decreasing posterior probability threshold (bottom panel).
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79%, kappa statistic 0.75 [95% CI 0.66–0.83]; Supplementary Tables
S6-S7). This indicated frequent disagreements between platforms with
respect to which samples adhered to the confident sample classification
thresholds, and as many as 23% and 12% of the tumors were con-
fidently classified by only one platform for CMS and CRIS, respectively.
This resulted in a pronounced difference in the subtype distributions of
confidently classified tumors according to analysis platform, in parti-
cular in the CMS framework (Fig. 2C and D). In the RNA-seq data, the
prevalence of CMS2 and CMS4 was similar (31% and 30%, respec-
tively), while CMS2 was more prevalent than CMS4 in the microarray
data (45% and 20%, respectively). Classification of tumor samples
using either TPM or VST normalized RNA-seq count data resulted in
similar cross-platform classification concordances and subtype dis-
tributions compared with FPKM normalization, indicating minimal
impact of RNA-seq normalization method on both classification fra-
meworks (Supplementary Tables S9-S12; Supplementary Figures S7-8).

For closer investigation, we compared the posterior probability
scores of each CMS group across samples. Irrespective of the subtype
call of the samples, the posterior probabilities from the microarray and
RNA-seq data had a strong correlation for all four CMS groups
(Spearman's ρ range: 0.83–0.95; Fig. 3A and B). This indicates that
discordances were caused by only subtle platform differences, except
for two samples with a strong discordance in CMS4 scores. Nonetheless,

a lowering of the posterior probability threshold to allow subtype
calling of more samples resulted in a reduction in the classification
concordance (Fig. 3C), terminating in a classification concordance of
79% among all 126 samples (Cohen's κ=0.70, 95% CI 0.61–0.80),
with a corresponding posterior probability ≤0.25. Corresponding
analyses were performed for CRIS classification, in which each sample
was assigned a correlation distance to each of the five template gene
signatures. Correlation distances were proportional between the two
expression platforms for four of the five CRIS subtypes (Spearman's ρ
range: 0.85–0.92). Surprisingly, CRIS-D had a poor correlation (Spear-
man's ρ 0.48 on HuEx arrays and 0.43 on HTA arrays; Fig. 4A and B).

3.3. Low gene expression levels contribute to discrepancies in transcriptomic
classification

We investigated whether the weaker correspondence in CRIS-D
template distances were related to the expression levels of the template
genes, and found that the CRIS-D genes had significantly lower ex-
pression levels than the genes in the other four CRIS template sig-
natures (Kruskal-Wallis test, P < 0.001; Fig. 5A). Consistently, the
CRIS-D genes also had poorer and more varying cross-platform corre-
lations (HuEx: median Spearman's ρ=0.71, IQR 0.47–0.88; HTA:
median Spearman's ρ=0.78, IQR 0.59–0.93; Fig. 5B). Exclusion of both

Fig. 4. Sample-wise CRIS template distances by microarray and RNA-seq. Scatter plots comparing the sample-wise distances in the template gene signatures for
each of the five CRIS groups between RNA-seq and either (A) HuEx or (B) HTA data. The samples are colored according to the CRIS group with the nearest template
distance as determined by both RNA-seq and microarrays, with samples not assigned the same nearest CRIS group colored in black.
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lowly expressed (< 1 FPKM) and short (< 2,000 nucleotides) genes
from the CRIS template gene sets resulted in stronger correlations in
template distances between platforms, especially for the CRIS-D sub-
type (Spearman's ρ 0.79 on HuEx arrays and 0.80 on HTA arrays), as
well as more proportionate subtype distributions (Supplementary Table
S13; Supplementary Figure S9). In the CMS framework, however, cor-
responding analyses had minimal impact on the already strong cross-
platform correspondences in posterior probabilities and did not im-
prove the correspondence in subtype distributions, but resulted in a
higher proportion of unclassified samples for both technologies (17%,
22 of 126 samples versus 33%, 41 of 126 samples; Supplementary Table
S14; Supplementary Figure S10).

To test if the association between technical robustness and gene
expression levels also applied to other clinically relevant gene expres-
sion characteristics, we further measured the abundances of tumor in-
filtrating cytotoxic lymphocytes and cancer-associated fibroblasts using
the MCPcounter algorithm [45]. Low expression levels of cytotoxic
lymphocyte signature genes compared with fibroblast signature genes
was confirmed in our set of MSS tumor samples (Mann-Whitney U test,
P=0.001; Fig. 6A). The cytotoxic lymphocyte signature genes also had
weaker cross-platform correlations (HuEx: median Spearman's
ρ=0.49, IQR 0.25–0.65; HTA: median Spearman's ρ=0.62, IQR
0.48–0.70; Fig. 6B). Comparisons of the estimated abundances showed
a strong cross-platform correspondence for the fibroblasts (Spearman's ρ
0.96 on HuEx arrays and 0.98 on HTA arrays), and all samples with
CMS4 as their nearest CMS subtype had a high level of fibroblast in-
filtration (Fig. 6C). The corresponding correlations for the less abun-
dant cytotoxic lymphocytes were only 0.60 and 0.74 between RNA-seq
and HuEx and HTA arrays, respectively (Fig. 6D).

4. Discussion

This study confirms a strong correspondence in the global gene
expression profiles generated by RNA-seq and exon-resolution micro-
arrays [25,30,31] in a series of 126 MSS CRCs, both in sample-wise
comparisons of all genes and in gene-wise comparisons of all samples.
However, even modest differences between the gene expression plat-
forms had an impact on tumor classification according to clinically
relevant frameworks, primarily related to a variable adherence to
sample classification thresholds. This resulted in platform-dependent
subtype distributions within the analyzed set of tumors, which is of
potential clinical importance due to a likely influence on the analyses of
subtype-dependent therapeutic benefits [17]. Both the CMS and CRIS
frameworks were originally shown to accommodate several gene ex-
pression platforms, including Affymetrix microarrays and RNA-seq
[12,15]. The strong correspondence in subtype probability metrics
across the CRCs in our study confirms the appropriateness of both ex-
pression platforms, and the observed classification discordances there-
fore primarily highlight the need for assay-standardization prior to
clinical translation. However, for development of standardized assays
to prospectively stratify patients in clinical trials, it will be important to
keep in mind that lowering of the classification thresholds resulted in
an inferior classification concordance between platforms, down to a
subtype concordance of 79% when forcing CMS classification on all
tumors. Clinical applicability is also likely to increase with accom-
modation of formalin-fixed paraffin-embedded samples, for which as-
says based on the NanoString platform have shown promise [46].
Adaptation of the template gene sets, both to the sample type (formalin-
fixed paraffin-embedded or fresh frozen) and analysis platform, may be
needed.

Fig. 5. Expression of CRIS template genes. (A) Box plots showing the expression levels of genes constituting the five CRIS template gene signatures as measured by
RNA-seq. The expression level of each gene represents the median log2-transformed FPKM value across samples after dividing the RNA-seq data according to samples
analyzed on HuEx and HTA arrays. ***P < 0.001 compared to the CRIS-D group from Dunn's multiple comparisons test with Benjamini-Hochberg correction. (B)
Density distribution of gene expression correlations of the CRIS genes between microarrays and RNA-seq, stratified according to their respective CRIS templates.
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This study confirmed the previously reported poor technical ro-
bustness between microarray and RNA-seq platforms for the quantifi-
cation of genes with low expression levels (< 1 FPKM) [29–31]. We
further demonstrated that this had a strong effect on the classification
metrics of the CRIS-D subtype, as well as on the measured abundances
of tumor infiltrating cytotoxic lymphocytes, which was expected to be
low in this series of MSS CRCs [47]. Furthermore, we also observed a
systematic bias likely resulting from underestimation of short genes by
RNA-seq. Notably, this consistently affected a small set of genes across
all the 126 samples. Low expression levels by RNA-seq relative to mi-
croarrays could also be the result of cross-hybridization of microarray
probes to multiple targets. However, our analyses strongly suggest an
association with gene length (< 2,000 nucleotides), which is consistent
with previous studies [30,48]. Both short genes and genes expressed at
low levels will produce less sequencing reads than longer genes or genes
expressed at higher levels, and studies of both technical and biological
replicates have shown that the variability in quantification of low-level
gene expression is higher with RNA-seq compared with microarrays
[25,28,30]. Although normalization of read counts by transcript lengths
(as with FPKM and TPM estimates) might increase the technical
variability of short transcripts compared to longer transcripts [20],
testing of an alternative expression normalization method not depen-
dent on scaling read counts by gene lengths (VST) confirmed the poor

technical robustness of short genes. Consequently, the discordant ex-
pression measures of short genes are also likely a result of technical bias
in the sequencing platform. The improved correspondences in both the
CRIS-D classification metrics and the CRIS subtype distributions ob-
served after excluding short and lowly expressed genes from the tem-
plate gene sets suggest that such genes should be avoided in further
development of classification algorithms. However, exclusion of short
and lowly expressed template genes should not be done at the expense
of markers with a strong subtype discriminatory power, as illustrated by
a reduction in the proportion of confidently classified samples in the
CMS framework. This may argue for development of novel classifier
template gene sets rather than filtering of existing gene sets.

Systematic bias was also observed as underestimation of gene ex-
pression levels by microarrays relative to RNA-seq, consistently af-
fecting a small proportion of genes encoding ribosomal proteins. These
genes may constitute a significant proportion of highly expressed
“housekeeping” genes, thus producing a high number of sequencing
reads with RNA-seq and simultaneously saturating the probes on the
microarray. Although over-saturation may be expected to affect all
highly expressed genes, saturation levels have been shown to vary
considerably amongst probes on microarrays [49]. Furthermore, all
comparisons showed that HTA arrays had better correspondence with
RNA-seq than HuEx arrays, suggesting that the probe densities on the

Fig. 6. Sample-wise fibroblast and cytotoxic lymphocyte abundance estimates by microarrays and RNA-seq. (A) Box plots showing the expression levels of
genes constituting the cytotoxic lymphocyte and fibroblast signatures as measured by RNA-seq. The expression level of each gene represents the median log2-
transformed FPKM value across samples after dividing the RNA-seq data according to samples analyzed on HuEx and HTA arrays. (B) Density distribution of gene
expression correlations of the cytotoxic lymphocyte and fibroblast genes, stratified according to their respective cell population. Scatter plots comparing the esti-
mated abundances of (C) cancer-associated fibroblasts and (D) tumor infiltrating cytotoxic lymphocytes in each sample between RNA-seq and microarrays. The
samples are colored according to the nearest predicted CMS subtype as determined by RNA-seq and microarrays, with samples not assigned the same nearest
predicted subtype colored in black.
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microarrays also had an impact on the accuracy of the gene expression
measurements. The HTA arrays have an average of 109 probes targeting
each gene [50], compared with 40 probes on the HuEx arrays [51]. GC-
content correction in combination with standard RMA pre-processing of
HTA data may further increase the correspondence in the expression
profiles of protein-coding genes with RNA-seq (Spearman's ρ=0.782)
[30], however, we obtained the same high level of correlation using
standard RMA (Spearman's ρ=0.82).

This is to our knowledge the largest study to analyze classification
concordances of CRC subtypes between microarray and RNA sequen-
cing platforms, although custom assays based on the NanoString plat-
form have been compared with either microarray- or RNA sequencing-
derived classification of smaller sets of matched samples [46,52]. CRC
subtype distributions are known to vary according to both cancer stage
and genomic variables [17]. In this respect, we cannot dismiss the
possibility that the presence of only MSS tumors and enrichment with
stage II and III cancers in our patient series may have contributed to
prediction inaccuracies. However, representativeness of the tumor
series for transcriptomic classification was shown by correspondence
with the microarray-derived CMS labels of the same tumors previously
analyzed as part of a larger, unselected patient series.

In conclusion, we showed that despite good overall concordance in
gene expression levels between exon-resolution microarrays and RNA-
seq, the two technologies differed in their sensitivity for genes re-
presented by few RNA-seq reads (short genes and/or genes with low
expression levels) and for highly expressed genes likely prone to over-
saturation of microarray features. We further demonstrated that such
platform differences had an impact on subtype distributions according
to clinically relevant classification frameworks, and we suggest that the
technical robustness of tumor subtyping may be improved by avoiding
genes subjected to systematic technical biases.
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