
















Figure 6. The effect of RNA quality on the significance of differential expression of a marker gene between tumours from two risk groups of
neuroblastoma patients (HR versus non-HR) (Mann–Whitney test) was investigated using two different approaches. (i) The negative 10log of the
P-value is calculated for increasing numbers of both best quality samples (blue curve) and worst quality samples (red curves) starting with 50 samples
up to all 615 samples (a–c). The null distribution was determined upon 100 random permutations (grey curves denote 90% distribution range).
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of RNA quality on the standard deviation of each of the
four reference genes when normalized by the three other
reference genes was observed. This is in accordance with
our previous report indicating that reference gene expres-
sion stability is influenced by RNA quality and that genes
display varying sensitivity to RNA degradation (7). As
lower RNA quality generally results in higher Cq values,
it is important to note that the observed increase in vari-
ation is not simply due to sampling noise that occurs when
the number of input molecules are low. Indeed, the
measured Cq values of the reference genes are found in
a range well below values at which sampling noise is
expected; furthermore, the same observations are made
when RNA quality metrics are used that are not depend-
ing on the input amount (such as 18S/28S rRNA ratio,
RQI and 50–30 dCq).
RNA quality has also a noticeable influence on the sig-

nificance of differential expression of individual marker
genes between two divergent risk groups of cancer
patients. Some genes appear to be sensitive to RNA
quality, while others are not. Surprisingly, for a few
genes, the results seem better when RNA was of lower
quality. This puzzling observation is in accordance to
findings within the EU FP7 Spedia project on

standardization and improvement of pre-analytical pro-
cedures for in vitro diagnostics (M. Kubista, Personal
communication). Upon extensive correlation analyses
using different parameters, including qPCR assay and
gene expression specific characteristics such as amplicon
length, transcript length, distance to 30-end, assay ampli-
fication efficiency, mean Cq value and magnitude of dif-
ferential expression between the two risk groups, no clear
explanation was found as to why some genes were more
sensitive to RNA quality than others (data not shown).

Our data further show that the performance of gene
expression based classification in function of RNA integ-
rity is influenced by the number of genes included in the
classifier and by the nature of the applied classification
algorithm. The correlation signature algorithm seems to
be the least sensitive to RNA quality and an expression
signature built with a larger number of genes results in
more robust classification.

Overall, the 50–30 dCq and normalization factor quality
parameters appear to have the largest influence on the
qPCR expression results obtained on fresh frozen
biopsies. As such, they ‘appear to constitute the most’
useful parameters to qualify RNA samples. The advantage
of using a 50/30 ratio assay or the normalization factor to

Figure 6. Continued
(ii) The impact of RNA quality parameters on the differential expression of genes between 100 000 random samplings of 15 patients belonging to two
risk groups (HR versus non-HR) (Mann–Whitney test) (d–f). Each boxplot represents differential expression between HR and non-HR groups
according to the fraction of samples with best quality (dCq 50–30< 3.54). Representative gene (SLC25A5) for which differential expression is more
significant in best quality samples (a and d), representative gene (PLAT) for which expression results are not sensitive to RNA quality (b and e),
representative gene (CAMTA1) for which differential expression is more significant in worst quality samples (c and f).

Table 3. Impact of RNA quality on risk classification performance in 585 neuroblastoma tumour samples

SENS
(%)

SPEC
(%)

AUC
(%)

PPV
(%)

NPV
(%)

SENS
(%)

SPEC
(%)

AUC
(%)

PPV
(%)

NPV
(%)

COR 59 COR 6
S �4.2 �6.4 �5.3 �9.6 �1.3 S �2.4 �1.6 �2.0 �3.2 �0.5
R �8.4 0.1 �4.1 �6.7 �1.3 R �8.0 6.5 �0.7 �1.8 �0.5
D 6.9a 9.7 8.3 �3.4 5.3 D 5.0 16.2 10.6 �1.9 7.2
C 0.8 7.8 4.3 0.3 2.5 C �5.5 14.3 4.4 1.3 2.3
A 1.6 �3.1 �0.8 0.9 �0.5 A �13.8 12.3 �0.7 7.2 �3.9
N �2.5 �5.0 �3.8 0.6 �2.3 N 1.3 �2.9 �0.8 4.4 �1.5

PAM 59 PAM 6
S �5.4 1.8 �1.8 �1.1 �0.7 S �9.7 �1.3 �5.5 �6.2 �2.2
R �8.0 7.1 �0.4 1.8 0.0 R �13.9 5.9 �4.0 �2.7 �1.8
D 0.6 15.2 7.9 5.1 5.0 D �0.7 14.6 6.9 0.4 5.0
C �13.9 12.6 �0.6 2.4 0.0 C �14.7 12.1 �1.3 �0.4 �0.3
A �2.8 8.7 3.0 11.6 �0.8 A �6.9 4.8 �1.1 5.5 �2.4
N �5.7 �0.2 �3.0 4.5 �3.0 N �9.0 �1.6 �5.3 1.8 �4.0

COR 59 versus
PAM 59b

0.0762 <0.01 0.478 <0.01 0.610 PAM 6 versus
COR 6b

0.0927 0.234 <0.01 0.158 0.0651

COR 59 versus
COR 6b

0.351 <0.05 <0.05 <0.01 0.876 PAM 6 versus
PAM 59b

<0.01 <0.05 <0.01 <0.01 <0.05

Values represent the mean difference in performance between two groups of divergent RNA quality.
aWorst RNA quality samples show 6.9% lower sensitivity compared to best quality samples. Grey boxes: the value with the largest difference
(quality parameter with biggest impact on classification performance) for each performance parameter.
bComparison of the values of all RNA quality parameters for a specific performance between two classification methods (t-test). COR/PAM:
correlation signature/prediction analysis of microarray method using 59 or 6 genes. SENS, sensitivity; SPEC, specificity; AUC, overall accuracy
as receiver operating characteristic area under the curve analysis; PPV, negative predictive value; NVP, positive predictive value; S, 18S/28S rRNA
ratio determined by microfluidic capillary electrophoresis; R, RNA Quality Index determined by microfluidic capillary electrophoresis; D, HPRT1
50-30 dCq (difference in quantification cycle value); C, HPRT1 30 Cq value; A, Alu Cq value; N, normalization factor based on the arithmetic mean
Cq value of four reference genes (HMBS, HPRT1, SDHA, UBC).
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assess the integrity of an RNA sample before its use in a
gene expression study is that it specifically ‘addresses’ the
integrity of a messenger RNA molecule. This is not the
case for other methods such as microfluidic electrophor-
esis that predominately inspect the ribosomal RNA profile
to infer RNA quality. Undoubtedly, such methods
provide an indication of total RNA quality but are not
necessarily most appropriate to predict the integrity of
mRNA transcripts that form the actual template in RT–
qPCR analyses. Of note, the 50–30 dCq value in itself is not
only depending on the RNA quality, but may also be
influenced by reverse transcriptase efficiency and assay
performance (qPCR efficiency). The last two factors do
not need to be taken into account if the RNA quality
parameter is used to rank the samples in the same study
according to RNA quality. However, if the aim is to es-
tablish a quality cut-off value, these factors should be con-
sidered. The evaluation of qPCR assays targeting the
30-end and the 50 start of other reference gene is needed
in order to confirm our results and establish 50–30 dCq as a
valuable RNA quality parameter.

Clearly, further studies are warranted to establish a
cut-off value for inclusion of a given sample in a gene
expression study. We propose that pilot experiments are
initiated that include positive and negative control
samples in order to establish a study-specific cut-off. It
is expected that this value will depend on the observed
expression difference, the target abundance, the
intra-group expression variability, the sensitivity to deg-
radation of the target, the gene expression measurement
method (RT–qPCR versus microarray versus massively
parallel sequencing), and the nature of the samples (e.g.
fresh frozen versus formalin fixed paraffin embedded). The
cut-off value will also depend on the purpose of the study;
a more stringent assessment of RNA quality is probably
needed when a therapeutic decision is required for an in-
dividual patient compared to drawing statistical conclu-
sions for a group of samples. Nonetheless, the inability to
diagnose or assess prognosis of patients due to inferior
RNA quality is unacceptable. Therefore, efforts should
be made to overcome this problem and to increase the
percentage of eligible cases for gene expression profiling
in a clinical setting. For instance, laboratories should be
trained to use standard operating procedures for the ex-
traction and storage of high quality RNA. Furthermore,
random primed reverse transcription could allow samples
with some degree of RNA fragmentation to become
eligible (27). The number of useable samples can also be
increased if gene expression profiling is performed imme-
diately after sampling of the tumour (which is clearly a
compromising factor in retrospective studies) as it is
known that storage of RNA samples might lead to deg-
radation (10,11).

The results from this study demonstrate that monitor-
ing RNA quality is of critical importance to obtain mean-
ingful and reliable gene expression data and to ensure
reproducibility of the results. This study confirms the
need of proper RNA integrity control and proposes a
framework to assess the value of an RNA quality param-
eter to measure the impact on the gene expression results.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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