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Background

The arrival of high-throughput, genome-wide omics technologies about two decades 
ago has had a major impact on life-sciences research (Box 1). Besides the sometimes 
paralyzing data explosion, the adoption of a non-reductionist approach surely has had a 
severe effect on life-sciences experimentation [1]. Since the introduction of omics 
technologies, a lot of effort has been put into adjusting the traditional ways in which 
experiments are set up, as to accommodate the requirements of these new techniques. 
Although many omics experiments have led to groundbreaking progress in life-sciences 
research, often the results from omics experiments remain mostly descriptive in nature. 
In contrast to the successful application of omics technologies in biomarker discovery 
and genome wide association studies (GWAS) [2–4], it has proven to be very difficult to 
directly derive new insights about complex biological mechanisms from these data.

There are a number of reasons for this, some of which will be discussed here. The 
first issues already arise at the beginning of omics experimentation. The design of an 
experimental setup may be suboptimal due to, for instance, budgetary or practical 
limitations. Although the basic statistical principles for experimental design regarding 
how to compare samples and numbers of required (biological) replicates have been 
established for decades, there are no strict rules on how to design omics experiments. 

Box 1

What high–throughput genome-wide omics technologies are 
there?

• Genomics: The study of the genomic make-up of organisms using either 
microarrays or next generation sequencing

• Epigenomics: The study of the changes to the inheritable material in 
cells of organisms using either ChIP-Chip microarrays or ChIP-Seq next 
generation sequencing approaches

• Transcriptomics: The study of multiple RNA transcripts at once from 
biological samples using either microarrays or next generation sequencing

• Proteomics: The study of multiple proteins at once from biological samples 
using high–throughput mass spectrometry techniques

• Metabolomics: The study of multiple metabolites at once from biological 
samples using high–throughput mass spectrometry techniques 

• Metagenomics: The study of the genomes from multiple organisms in a 
population  using either microarrays or next generation sequencing
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Moreover, the processing of a sample using omics techniques is, despite continuously 
decreasing prices, still quite expensive. Hence, each life science researcher faces 
difficult choices between the number of replicates versus the number of biological 
conditions. Unfortunately, this has caused many (expensive) projects to (partially) 
fail by lack of sufficient replicates to make justified statements about a population 
as a whole. This is basically an echo of the molecular biology lab practice at the last 
quarter of the 20th century, which falls short for omics experimentation due to the huge 
numbers of tested elements and the associated overwhelming complexity. Additionally, 
experiment designs are often plagued by the fact that no clear biological question is 
formulated upfront, to which the design can be tuned. Instead, a multitude of high-level 
biological questions are used as a starting point. This approach is called data-driven 
research, which quickly became popular due to the whole-genome approach of omics 
experimentation. Often, the observed phenomena in data-driven research cannot be 
interpreted, as the experimental design was not suited to investigate them.

Besides the design of omics experiments, there is also a need for optimizing the 
execution of omics experiments. During the last two decades, molecular biology has 
become a mainstream skill of life-sciences researchers. This inadvertently resulted in 
the fact that most researchers today are using pre-fab laboratory kits, often without 
knowing exactly what they are doing. This lack of molecular biology expertise has 
become a real problem in the omics era, where the detectors have become much more 
complex and sensitive. Hence, every, seemingly small, divergence in the experimental 
protocol will have a major impact on the results. One solution is to outsource parts 
of the experimentation procedure to professional omics service providers, but also 
generation and handling of the primary samples is extremely important. This is even 
more relevant, as the amount of starting material is sharply decreasing because 
experimentation in general is progressing towards the single cell level [5–10]. 
Altogether, the importance and sensitivity of sample isolation and omics technology 
execution are often underappreciated and should be a major topic of attention in life-
sciences research.

One of the main issues in omics experimentation is the incredible amount of data 
generated, which put constrains on the data analysis of omics experimentation. 
Originally, a classical molecular-biological experiment consisted of studying around 
one to ten genes on DNA, RNA, or protein level. With the arrival of qPCR, comparing up 
to 384 genes in one experiment became feasible (Figure 1A) and with the introduction 
of the first microarrays (Figure 1B), thousands to tens of thousands of genes could be 
studied. Currently, the recent next-generation DNA sequencing (NGS) techniques have 
increased this data-burden even further as they are generating tens to hundreds of 
millions of sequencing reads and over 100 Gbases per run (Figure 1C). Recently, the 
first NGS platform that produces over 1 Tbases per run, which is the equivalent of 333 
complete human genomes, has arrived. These huge numbers of microarray probes 
and NGS reads translate into data points, which in turn give rise to data with an ever 
increasing level of complexity (Figure 1D). Results from analyses of these complex data 
often do not rise above the level of description and confirmation of known biological 
processes. [11–14]
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Aim

The studies in this thesis research elements concerning experimental design, experiment 
execution, and data analysis from the whole chain of transcriptomics experimentation 
in order to improve them.

Approach

Our studies concerning experimental design focus on how one can tune an experimental 
setup to a specific biological question. This will be done by showing the value of range 
finding for transcriptomics experimentation. Our range finding approach aims to 
identify the “sweet spot” in the experiment design space that give the most information 
about the specific biological process under study.

Concerning experiment execution, we will look into improving experimental conditions 
in mouse embryonic fibroblasts (MEFs) experiments and optimizing the generation of 
total RNA from mouse skin biopsy samples.

In our studies of data analyses we will focus on trying to find new approaches to avoid 

Figure 1. Evolution of high-throughput, genome-wide techniques output

Different types of high-throughput tools with increasing amounts of output A, Microtiter PCR plate with 384 
wells capable of checking i.e. 384 genes in parallel. (http://www.thermoscientific.com) B, Spotted microarray 
slide capable of checking thousands to millions of transcripts in parallel. C, Sequencing chip capable of 
generating 60-80 million reads in parallel. D, Example of the complexity resulting from the ability of looking 
at up to tens of thousands of genes in parallel [26]

A B

DC



General introduction

11

misinterpretation of transcriptomics data and gain truly new biological insights from 
these data.

Biological example

To support our studies, a biological use case was required. To this end we decided to 
study the mouse Trp53 gene, as p53 is one of the most studied proteins in biology. It 
plays a pivotal role in the suppression of tumors and is, as a transcription factor, involved 
in many biological processes, like cell cycle arrest, apoptosis, senescence, modulation 
of autophagy, DNA repair, and changes in metabolism. It is also an ancient protein that 
came into existence before the evolution of multicellular organisms and the arrival of 
cancer [15,16].

In the majority of tumors, the p53 function is somehow disrupted. Either it is directly 
inactivated via mutations or indirectly via increased inhibition, decreased activation or 
inactivation of its responsive elements [17,18].

Under normal circumstances, p53 prevents healthy cells from turning malignant by 
responding to various stresses on cells and activating counter measures. Whenever DNA 
damage, activation of oncogenes, or hypoxia are sensed, a number of steps are initiated 
that lead to the p53 response. In the first step, p53, which is normally a short-lived 
protein due to negative regulation by Mdm2 through degradation via ubiquitination, 
now becomes more stable as this interaction is disrupted. Next, it is posttranslationally 
modified by processes, like phosphorylation, methylation, acetylation, sumoylation or 
neddylation to further stabilize it and adjust the DNA binding properties to be able to 
react to the different types of DNA damage. Finally, after binding to the DNA it activates 
or represses specific target genes that will eventually determine the fate of a cell [19–
21].

Next to this commonly known defense route through the p53-pathway, p53 is also 
involved in the regulation of various metabolic processes in the cell, like glycolysis, 
mitochondrial respiration, oxidative phosphorylation, autophagy, etc. These processes 
are often also affected in tumors [15,22,23].

Another way in which p53 contributes to the suppression of tumors is via regulation of 
microRNA’s that, in turn regulate cell proliferation, differentiation and apoptosis. Again, 
processes that are commonly affected in cancerous cells [24,25].

Throughout this thesis, we will study P53-regulated cellular mechanisms in-vitro by 
means of MEFs and in-vivo by using mouse skin biopsies. Exposure to UV will be used as 
example of a typical biological perturbation in an attempt to unravel cellular processes 
at the molecular level.

Results

During the research described in this thesis, we have developed a number of approaches 
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to improve several elements in the whole chain of transcriptomics experimentation.

Experimental design. We have set up a method for using small-scale and cost-effective 
range finding studies to pinpoint the experimental ‘sweet spot’ in a design space. Using 
this approach it is possible to tailor-make a larger zoomed-in experiment more geared 
towards the biological process in question. Our study showed the strong modularity 
of biological processes as each process turned out to have its own ‘sweet spot’ in the 
design space.

Experiment execution. To improve transcriptomics experiment execution in the 
laboratory, we have looked into the handling of MEFs sample material for the murine in-
vitro system. Adjustments were made to the atmospheric oxygen concentrations under 
which the cells were grown, hereby removing perturbation-unrelated stress from the 
system. Furthermore, the cells were synchronized before used in the actual experiment. 
These steps strongly reduced the background noise found in the resulting material. For 
the murine in-vivo system, we implemented a method for efficient and cost-effective 
extraction of total RNA from skin biopsies. This was tested in both human and mouse 
skin material and yielded high amounts of good quality material.

Data analysis. We started by improving the analyses of transcriptomics data based on 
novel approaches that build on common-practice data-analyses methods at the time 
of our first experiment. After optimizing the experimental design and experiment 
execution, we found out that there are serious confounding factors that hamper proper 
analysis and interpretation of transcriptomics data.

Outline of the thesis

Our first study involved an extensive omics experiment, which we analyzed by a 
traditional approach augmented with novel elements. As biological used case, we aimed 
to identify the role of a p53 phosphorylation site (S389) via the transcriptome response 
of MEFs to UV exposure. For this, a transcriptomics experiment with a conventional 
setup was performed as described in Chapter Two. The effects on the basal gene 
expression levels of p53-dependent genes, the transcriptome response of wild-type 
MEFs over time, and the effect of the absence of p53.S389 phosphorylation on the UV 
response over time were analyzed. These three analyses revealed a complex response 
in the gene-expression pattern, with high numbers of differentially-expressed genes 
(DEGs).

However, when trying to extend and deepen the analysis of the data from this study, we 
uncovered multiple alarming issues caused by the original setup of this experiment. 
As described in Chapter Three, these issues could be traced back to the fact that the 
experiment was run from a non-optimal location in the design space for studying the 
biological processes of a UV specific response. In fact, most of the results could be 
attributed to the effects of generic-stress processes on the transcriptome. To circumvent 
these types of problems in future studies, we investigated the use of range finding 
studies preceding such transcriptomics experiments.
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Before studying the optimal location in the design space, we first looked into optimizing 
the experiment execution. The results of transcriptomics experiments can for instance 
also be improved by optimizing the quality of the starting material. In Chapter Four, a 
contribution to this end is presented, when we introduce a protocol for improving the 
yield and quality of total RNA extraction from human and mouse skin biopsies.

The suggested use of range finding as part of the design for experimentation from 
Chapter three is further elaborated in Chapter Five. Here, for both in-vitro (MEFs) 
and in-vivo (skin biopsies) murine systems, wide-ranged dose and time range finding 
experiments were performed. This generic proof-of-concept approach and protocol 
showed clearly that different biological processes need to be studied using specific 
locations in the tested experimental design space.

Based on the results from Chapter Five, a more focused study on the specific 
transcriptome response to UV in mouse skin biopsies was performed in Chapter Six. 
This study focused on confounding factors in in-vivo transcriptome experimentation 
and showed the destructive effects of those factors on the outcome.

Finally, the concluding remarks in Chapter Seven put the lessons that were learned 
throughout the studies presented in this thesis in context. It shows that optimizing the 
experimental setup with respect to the design space, the experiment execution and 
the analysis for a specific biological process, is essential for answering the biological 
question under study.
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Abstract

Phosphorylation is important in p53-mediated DNA damage responses. After 
UV irradiation, p53 is phosphorylated specifically at murine residue Ser389. 
Phosphorylation mutant p53.S389A cells and mice show reduced apoptosis and 
compromised tumor suppression after UV irradiation. We investigated the underlying 
cellular processes by time-series analysis of UV-induced gene expression responses in 
wild-type, p53.S389A, and p53(-/-) mouse embryonic fibroblasts. The absence of p53.
S389 phosphorylation already causes small endogenous gene expression changes for 
2,253, mostly p53-dependent, genes. These genes showed basal gene expression levels 
intermediate to the wild type and p53(-/-), possibly to readjust the p53 network. Overall, 
the p53.S389A mutation lifts p53-dependent gene repression to a level similar to that 
of p53(-/-) but has lesser effect on p53-dependently induced genes. In the wild type, the 
response of 6,058 genes to UV irradiation was strictly biphasic. The early stress response, 
from 0 to 3 h, results in the activation of processes to prevent the accumulation of DNA 
damage in cells, whereas the late response, from 12 to 24 h, relates more to reentering 
the cell cycle. Although the p53.S389A UV gene response was only subtly changed, 
many cellular processes were significantly affected. The early response was affected 
the most, and many cellular processes were phase-specifically lost, gained, or altered, 
e.g., induction of apoptosis, cell division, and DNA repair, respectively. Altogether, p53.
S389 phosphorylation seems essential for many p53 target genes and p53-dependent 
processes.

This chapter has been published as:

Pre-version published in the thesis The role of p53.S389 phosphorylation in DNA 
damage response pathways and tumorigenesis, Bruins, W. , 2007, Chapter 3: 67-92.

Mol Cell Biol. 2008 Mar;28(6):1974-87. doi: 10.1128/MCB.01610-07. Epub 2008 Jan 
14.
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UV irradiation initiates cellular stress responses that involve the induction of 
transcription factor p53, a DNA damage sensor that prevents the accumulation of genetic 
lesions and thus tumor development. To achieve this, the protein plays an active role in 
a variety of cellular processes, for instance, cell cycle arrest, DNA repair, apoptosis, and 
senescence (reviewed in 3 and 39). It functions predominantly by the transcriptional 
activation of its target genes. Upon UV exposure, p53 halts cell proliferation, allowing 
cells to repair their DNA damage. However, if a particular cell has an extensive, likely 
nonrepairable amount of DNA damage, p53 initiates apoptosis to prevent the damaged 
cell from dividing (35). If these p53-dependent, protective cellular responses are 
compromised or absent, the accumulation of mutations may lead to genomic instability 
and finally the development of cancerous lesions.

In nonstressed cells, p53 protein is kept at low levels by means of proteasome-mediated 
degradation, regulated by ubiquitination. Upon exposure to stress signals, the protein 
becomes stabilized and activated by posttranslational modifications (6). These p53 
protein modifications are rather diverse, as p53 can be phosphorylated, acetylated, 
ubiquitinated, sumoylated, glycosylated, methylated, and neddylated (2). The most 
commonly occurring p53 posttranslational modification is phosphorylation.

Different stressors induce specific p53 modifications (1, 5, 33, 37). Most stressors 
activate more than one kinase, leading to phosphorylation of p53 at multiple sites. For 
example, in human cells, DNA damage induced by ionizing radiation or UV irradiation 
results in (de)phosphorylation of at least 14 different phosphorylation sites, i.e., serine 
residue 6 (Ser6), Ser9, Ser15, Ser20, Ser33, Ser37, and Ser46 plus threonine 18 (Thr18) 
and Thr81 in the amino-terminal region; Ser149, Thr150, and Thr155 in the central core; 
and Ser315 and Ser392 in the C-terminal domain. Interestingly, the most commonly 
used stressors, UV irradiation and gamma irradiation, lead to different modifications 
of p53. To illustrate, phosphorylation of human Ser392 (equivalent to mouse Ser389) 
is triggered specifically after UV irradiation but not after gamma irradiation (27, 38).

The role and significance of p53 phosphorylation were initially investigated using in 
vitro model systems. Although these experiments revealed important insights, results 
were highly contradictory. Later, mouse models with targeted germ line mutations were 
used to identify the significance of the specific phosphorylation events in vivo (recently 
reviewed in 22). Taken together, these studies showed that although alterations of 
amino acids that are involved in posttranslational modifications have a minor impact 
on p53 functioning compared to p53 mutations identified in human tumors, these sites 
are definitely necessary for fine-tuning the p53 stress response since, once they are 
altered, most mutant models showed an affected apoptotic or cell cycle arrest response 
after exposure to DNA damage.

To investigate the significance of the Ser389 phosphorylation site in the cellular 
responses to DNA damage, we generated mice with a single point mutation in the p53 
gene that resulted in a substitution of a serine with an alanine, the p53.S389A mouse 
model (9). Cells isolated from p53.S389A mutant mice were partly compromised in their 
UV irradiation-induced, p53-regulated apoptosis, whereas gamma irradiation-induced 
responses were not affected (9). In addition, this mutant mouse model displayed 
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increased sensitivity to UV-induced, skin- and 2-AAF-induced urinary bladder tumor 
development. This clearly demonstrates the importance of Ser389 phosphorylation for 
the tumor-suppressive function of p53 (9, 19). The impact of Ser389 phosphorylation on 
the role of p53 functioning as a transcription factor has not yet been established. For this, 
we have recently used microarray technology for genome-wide transcriptome analysis 
of the cellular processes underlying the 2-AAF-induced cancer-prone phenotype in 
urinary bladder tissue in vivo (8). We identified delayed gene activation after exposure 
to 2-AAF of a number of p53 target genes involved in apoptosis and cell cycle control. 
So, it was possible to detect the effects of absence of p53.S389 phosphorylation on gene 
activation in vivo.

In this study we used UV as a DNA-damaging agent to investigate the role of p53.S389 
phosphorylation in stress responses. UV irradiation induces DNA damage to cells 
predominantly in the form of pyrimidine dimers and 6-4 photoproducts. These lesions 
are repaired by the nucleotide excision repair system (42, 51). The response to UV 
irradiation is complex and involves several pathways (34). More specifically, Fos/Jun 
and some growth factors are activated within a few minutes after exposure (46). Guo et 
al. analyzed the primary UV-induced stress responses in HeLa cells by cDNA microarray 
analysis (16). They identified an “immediate early” UV-C-induced stress response 30 to 
60 min after exposure, with increased activation of (p53-independent) genes. Studies of 
murine embryonic stem cell exposure to DNA-damaging agents, such as UV irradiation, 
have already demonstrated rapid increases in p53 levels, including posttranslational 
events resulting in increased transcriptional activity (12, 29, 36). Some p53-dependent 
genes are regulated upon UV exposure, resulting in apoptosis (53). Thus far, however, 
the role of p53 phosphorylation in the broad transcriptome response to UV exposure in 
primary cells has not yet been elucidated. Here, genome-wide transcriptome analysis was 
performed on wild-type, p53.S389A, and p53−/− mouse embryonic fibroblasts (MEFs) 
before and after exposure to UV, using an extensive time course analysis. To unravel the 
role of p53.S389 phosphorylation in the complex UV response in MEFs, we analyzed 
(i) the effect of absence of p53.S389 phosphorylation on the basal gene expression 
levels of p53-dependent genes, (ii) the transcriptome response of wild-type MEFs to 
UV irradiation over time, and (iii) the effect of absence of p53.S389 phosphorylation 
on the UV response over time. Analysis of the responses at the transcriptome level of 
p53.S389A MEFs revealed that this p53.S389 phosphorylation site is involved in the 
regulation of basal expression levels of a large group of (p53-dependent) genes without 
any imposed exposure, as well as the altered expression levels of a large group of (p53-
dependent) genes in response to UV exposure.

MATERIALS AND METHODS

Cell culture. Primary MEFs were isolated from embryonic day 13.5 embryos. For each 
genotype, the biological variance was spread by the use of five individual embryos 
obtained from three individual mothers, all in a C57BL/6 background (backcrossed 
for more than F8 generations). MEFs were cultured as described previously (7) in 
Dulbecco’s modified Eagle medium (Invitrogen, Breda, The Netherlands) supplemented 
with 10% fetal bovine serum (Biocell, Rancho Dominguez, CA), 1% nonessential amino 
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acids (Invitrogen, Breda, The Netherlands), penicillin (0.6 μg/ml), and streptomycin (1 
μg/ml) at 37°C and 5% CO2. The experiment was performed with early-passage MEFs 
(prior to passage five).

UV treatment. MEFs (five replicates of the wild type, p53.S389A, and p53−/−) were 
expanded and plated at 1 × 106 cells per 10-cm plate. Twenty-four hours later (∼80% 
confluence), cells were washed with phosphate-buffered saline and exposed to UV-C 
light (20 J/m2). Control samples were mock treated and immediately collected (0 h). 
At several time points after treatment (3, 6, 9, 12, and 24 h), MEFs were rinsed with 
phosphate-buffered saline and collected in 350 μl RLT buffer (enclosed in the RNeasy 
mini kit; see “RNA isolation”).

Western blot analysis. Wild-type MEFs were expanded, plated, and exposed to UV-C 
light as described in “UV treatment.” To detect p53, immunoprecipitation on 100 μg 
total protein followed by Western blot analyses was performed as described previously 
by Bruins et al. (9). Briefly, membranes were incubated for at least 12 h at 4°C with 
either anti-p53 mouse monoclonal antibody (Ab-1; Oncogene Research Products, San 
Diego, CA) or anti-phospho-p53 rabbit polyclonal antibodies (Ser392; Cell Signaling, 
Beverly, MA). Incubation for 1 h at room temperature with horseradish peroxidase 
(HRP)-linked antiactin affinity-purified goat polyclonal antibody (I-19-HRP; Santa 
Cruz Biotechnology, Santa Cruz, CA) was performed on the membrane with total cell 
extract. Primary antibodies were detected by incubating for 1 h at room temperature 
with HRP-linked sheep anti-mouse immunoglobulin G or HRP-linked donkey anti-
rabbit immunoglobulin G (Amersham Pharmacia Biotech, Piscataway, NJ), and staining 
was done using ECL Plus reagent (Amersham Pharmacia Biotech, Piscataway, NJ). 
Membranes were scanned using a PhosphorImager/Storm 860 (Molecular Dynamics, 
Sunnyvale, CA), and ratios were determined by TotalLab version 2.00 by using the actin 
protein as a loading control (Nonlinear Dynamics, Durham, NC).

RNA isolation. Total RNA was isolated using the RNeasy mini kit (Qiagen, Valencia, 
CA) and then treated with the RNase-Free DNase set (Qiagen, Valencia, CA). RNA was 
assessed for quality with the Bioanalyzer 2100 (Agilent Technologies, Palo Alto, CA). 
Both the RNA integrity number and the presence of degradation products were checked.

Microarrays, labeling cDNA, hybridization, and validation. The mouse 
oligonucleotide libraries (catalog no. MOULIBST and MOULIB384B) were obtained 
from Sigma-Compugen, Inc. Technical support was supplied by LabOnWeb (http://
www.labonweb.com/cgi-bin/chips/full_loader.cgi). The libraries represent in total 
21,766 LEADS clusters plus 231 controls. The oligonucelotide library was printed with 
a Lucidea Spotter (Amersham Pharmacia Biosciences, Piscataway, NJ) on commercial 
UltraGAPS slides (amino-silane-coated slides, Corning 40017) and processed according 
to the manufacturer’s instructions. The slides contained 65-mer oligonucleotides, and 
the batch was checked for the quality of spotting by hybridizing with SpotCheck Cy3-
labeled nonamers (Genetix, New Milton, Hampshire, United Kingdom).

Total RNA samples were hybridized in randomized batches, according to a common 
reference design without dye swap, with embryonic mouse tissue taken as a common 
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reference. From the total RNA samples with an RNA integrity number value of >7, 1.5 μg 
was amplified using the Amino Allyl MessageAmp amplified RNA kit (Ambion, Austin, 
Texas) and labeled with Cy3 (experimental samples) and Cy5 (common reference) 
reactive dye according to the manufacturer’s instructions. The microarrays were 
hybridized overnight with 200 μl hybridization mixture, consisting of 50 μl Cy3- and 
Cy5-labeled amplified RNA (with 150 pmol Cy3 and 75 pmol Cy5), 100 μl formamide, and 
50 μl 4× RPK0325 microarray hybridization buffer (Amersham Pharmacia Biosciences, 
Piscataway, NJ), at 37°C, washed in an automated slide processor (Amersham Pharmacia 
Biosciences, Piscataway, NJ), and subsequently scanned (Agilent DNA microarray 
scanner, Agilent Technologies, Palo Alto, CA).

To verify the microarray results, cDNA was generated from RNA using the high-capacity 
cDNA archive kit containing random hexamer primers (Applied Biosystems). The presence 
of mRNA was measured with TaqMan gene expression assays (Applied Biosystems) 
on a 7500 Fast real-time PCR system with a two-step PCR procedure, according to 
the manufacturer’s protocol. The primers were as follows: Mdm2, primer forward 
(TGTGTGAGCTGAGGGAGATGT) and primer reversed (ATGCTCACTTACGCCATCGT); 
Reporter Fam (CTCGCATCAGGATCTTG); CcnB2, Mm00432351_m1; Caspase 8, 
Mm0080224_m1; and Pmaip1 (Noxa), Mm00451763_m1.

Data extraction and statistical procedure. Microarray spot intensities were 
quantified as artifact-removed densities, using Array Vision software (version 
6.0). Further processing of the data was performed using R (version 2.2.1) and the 
Bioconductor MAANOVA package (version 0.98.8). All slides were subjected to a set 
of quality control checks, i.e., visual inspection of the scans, examining the consistency 
among the replicated samples by principal component analysis (PCA), testing against 
criteria for signal-to-noise ratios, testing for consistent performance of the labeling 
dyes, pen grid plots to check consistent pen performance, and visual inspection of pre- 
and postnormalized data with box and ratio intensity plots.

The data set concerned a two-factorial design, with the factors “time” (six levels: 0, 3, 
6, 9, 12, and 24 h) and “genotype” (three levels: wild type, p53.S389A, and p53−/−). The 
design was completely balanced with five replicates each, so the experiment involved 
90 observations per gene.

After log2 transformation, the data were normalized by a spatial Lowess smoothing 
procedure. The data were analyzed using a two-stage mixed analysis of variance 
(ANOVA) model (28). First, array, dye, and array-by-dye effects were modeled globally. 
Subsequently, the residuals from this first model were fed into the gene-specific 
model to fit treatment and spot effects on a gene-by-gene basis using a mixed-model 
ANOVA. These residuals can be considered normalized expression values and used in 
the graphs to depict gene expression profiles. All changes were calculated from the 
model coefficients. For hypothesis testing, a permutation-based F1 test, which allows 
relaxation of the assumption that the data are normally distributed, was used (1,500 
permutations). The significance of the differences between factor level means was 
tested using contrasts. To account for multiple testing, all P values from the permutation 
procedure were adjusted to represent a false discovery rate of 5% (4).
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Statistical tests. To quantify the effect of absence of p53.S389 phosphorylation on UV 
response over time, a gene-specific linear model was fitted on the wild-type and p53.
S389 data that included coefficients for the effects of genotype (fixed), time (fixed), 
and array (random). The significance of the interaction between the factors genotype 
and time was tested to determine if gene-specific response profiles depended on the 
genotype. In addition, three different contrast analyses were performed to investigate 
the three research questions defined in the introduction.

(i) Test I. For the first research question, a gene-specific linear model that included 
coefficients for effects of genotype (fixed), time (fixed), and array (random) was fitted 
on the complete data set. The significance of each of the three pair-wise differences 
between the three genotype coefficients was tested using a contrast matrix. This test 
identified genes whose significant differences between the mean expression levels of 
the wild-type, p53.S389A, and p53−/− genotypes are similar for all time points. Due to the 
absence of significant interaction (see Results), these time profiles may be considered 
parallel. In this study, these differences across time are defined as the differences in 
basal gene expression levels between genotypes.

(ii) Test II. For the second research question, a gene-specific linear model that included 
coefficients for the effects of time (fixed) and array (random) was fitted on the wild-type 
data set containing six time points only. The genes were tested for a main effect among 
time points. The genes were also subjected to a test for differential gene expression 
between subsequent time points using a contrast matrix.

(iii) Test III. For the third research question, a gene-specific linear model that included 
coefficients for each genotype-time combination (fixed) and array (random) was fitted 
on the complete data set. The significance of differences in gene expression levels 
between subsequent time points for each genotype was tested separately using a 
contrast matrix. For each time contrast, genes were selected that showed a difference 
between time points in the wild-type MEFs and/or the p53.S389A mutant MEFs.

These three tests yielded three types of gene lists: (i) genes with different basal gene 
expression levels between the genotypes, (ii) genes for which expression levels changed 
over time, describing the wild-type response to UV irradiation, and (iii) genes with 
time-specific differences for both wild-type and p53.S389A MEFs. The immunoglobulin 
and T-cell receptor genes were deleted from the eventual gene lists, because the 
probes representing these composite genes were extremely overrepresented in the 
oligonucleotide libraries.

Additional data analyses. To compare the basal levels of gene expression in the p53.
S389A MEFS with the basal levels in the wild-type and the p53−/− MEFS, the model 
coefficients from test I were subjected to 

=  
|α − α  | +  |α − α |

|α − α  |
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where αWT, αSA, and αKO are the model coefficients quantifying the wild-type, p53.S389A 
and p53−/− effects, respectively. Basically, if the basal level of gene expression of the p53.
S389A mutants is higher than p53−/− and lower than the wild type, or lower than p53−/− 
and higher than the wild type, y = 1 by definition. This equation was used to screen for 
these intermediate responders.

In order to relate the differences in gene expression levels between the wild-type and 
p53.S389A MEFs to differences in functional biological processes, various analyses were 
performed. Lists of differentially expressed genes extracted from tests I, II, and III were 
all analyzed for overrepresentation of gene ontologies (GO) using Onto-Express (http://
vortex.cs.wayne.edu/projects.htm) (10). GO terms with false discovery rate-corrected 
P values of ≤0.1 and at least five significantly differentially expressed genes from test 
I, test II, or test III were reported. The assemblies of the actual gene lists from test II 
were driven by biological considerations and based on the results and are therefore 
described in Results. The list of differentially expressed genes extracted from test I was 
also analyzed for the overrepresentation of pathways using Pathway-Express (http://
vortex.cs.wayne.edu/projects.htm). Pathways with P values of ≤0.15 and at least five 
significantly differentially expressed genes were reported.

The F1 statistics from test III were used for gene set enrichment analysis (GSEA) (43). 
All pathways (GenMAPP, KEGG, Biocarta, Sigma Aldrich) present in the c2 database 
of the Molecular Signatures Database (MSigDB 2.0; http://www.broad.mit.edu/gsea/
msigdb/msigdb_index.html) were tested for significance using the geneSetTest function 
provided by the Limma package (version 2.7.3) in BioConductor. Pathways with P values 
of ≤0.1 and at least five significantly differentially expressed genes were reported. This 
analysis yielded pathways that are related to differences between time points for either 
wild-type or p53.S389A MEFs.

For an upstream motif discovery analysis, we used ∼50 genes with the highest ratios that 
were identified for each of the following gene sets: wild type (WT) versus p53.S389A (SA) 
(2,253 genes), WT versus SA p53-induced (1,087 genes), WT versus SA p53-repressed 
(1,166 genes), WT UV-response (6,058 genes), WT unique UV-response (2,107 genes), 
the overlap in WT and SA UV-response (3,097 genes), and the SA unique UV-response 
(544 genes). These sets were loaded into the POXO (http://ekhidna.biocenter.helsinki.
fi/poxo/) sequence retriever tool to retrieve 1-kb upstream sequences from the “mus 
musculus clean” data set. The retrieved sequences were then loaded into the POCO tool, 
and 40 patterns with a maximum of eight bases were requested per set. The resulting 
motifs with a P value of ≤E−05 were checked with the screener tool for known motifs 
from TRANSFAC.

For the analyses of direct p53 target genes, we used gene lists with upstream P53 
binding motifs, present in the C3 database of the MSigDB (http://www.broad.mit.edu/
gsea/msigdb): V$P53_02 and V$P53_DECAMER_Q2 (both derived from TRANSFAC). All 
generated lists of significant genes were checked for overrepresentation of each target 
gene list separately, their unions, and intersections by use of an adapted version of the 
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hypergeometric test included in the GOstats package (version 1.4.0) from BioConductor. 
Sets with P values of ≤0.1 were taken as significant.

RESULTS

Wild-type, p53.S389A, and p53−/− MEFs were exposed to 20 J/m2 UV-C irradiation. 
Exposure to UV-C was previously shown to increase p53 phosphorylation at Ser389 (2, 
9, 20, 27, 48). Furthermore, this specific UV dose was previously shown by us to result in 
reduced apoptotic responses in p53.S389A MEFs (9). Exposure of wild-type MEFs to 20 
J/m2 UV-C irradiation resulted in the induction of total p53 protein levels and Ser389-
phosphorylated p53 levels (see Fig. S1, top, in the supplemental material). To more 
quantitatively interpret the p53 protein levels, we measured the absolute intensities of 
the protein using actin as a loading control. The bottom of Fig. S1 in the supplemental 
material shows the induction of p53 protein levels and p53.S389 phosphorylation over 
time, both corrected for loading differences. An ∼25-fold increase in total p53 levels 
was observed compared to untreated MEFs, as well as a 22-fold induction of the p53.
S389 phosphorylated form.

For gene expression analysis, we analyzed the MEFs at different time points after 
UV exposure (for the experimental design, see Fig. 1, top). A first impression of 
the differences in gene expression levels obtained from a PCA is presented in Fig. 1 
(bottom). This shows a clear separation of the three genotypes along the principal 
component 1 axis, explaining 32% of total variance. The control samples (i.e., time zero) 
did not cluster, indicating an endogenous difference in basal gene expression levels 
(i.e., without UV exposure). The principal component 2 axis, explaining 18% of total 
variance, shows clear separations between all time points. Markedly, the time course 
(including the control samples) after UV exposure of wild-type and p53.S389A MEFs 
shows the same trend along the principal component 2 axis. The 0- and 3-h time points 
representing gene expression in p53−/− MEFs also show the same coordinates on this 
axis. However, the 6-, 9-, 12-, and 24-h time points appear shifted compared to the wild-

type and 53.S389A MEFs. Altogether, the gene expression response of p53.S389A MEFs 
lies between those of the wild-type and p53−/− MEFs.

Test I: the effect of absence of p53.S389 phosphorylation on basal gene expression levels. 
To investigate the effect of the p53.S389A mutation in MEFs on basal gene expression 
levels, we tested for genotype differences. Although the gene expression changes in 
wild-type versus p53.S389A are rather small (see Fig. S2 in the supplemental material), 
no less than 2,253 genes were significantly affected by the absence of p53.S389 
phosphorylation in MEFs (see Table 1 [column R; WTgvsSAg] posted at http://www.
microarray.nl/mef-uv.html). 

Genes affected by the p53.S389A mutation. To classify these 2,253 genes, we 
identified 78% (1,762) as p53-dependent genes that were also differentially expressed 
between wild-type and p53−/− MEFs (again after testing for genotype) (Fig. 2A and B). 
This category of genes needs a functional p53 to maintain basal gene expression levels, 
and Ser389 phosphorylation plays a role in this. For further classification, we identified 
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67% (1,499) as SA ≈ KO genes that were not differentially expressed between p53.S389A 
and p53−/− MEFs. For this category of genes, total absence of p53 or mutated p53.S389A 
induces a similar basal gene expression level. After grouping, four categories could be 
identified (Fig. 2A and B). The first and by far the largest category consisted of 1,128 
genes (50%) that were affected in their basal gene expression by the mutation at the 
Ser389 site in a manner similar to a complete deletion of p53 (Fig. 2A, category A). The 
second category consisted of 634 genes (28%) for which, although affected by both the 
p53.S389A mutation and p53−/−, the absence of Ser389 phosphorylation had an effect 
other than a complete deletion of p53 (Fig. 2A, category B). The third category consisted 
of 120 genes (5%) that were unaffected by a complete deletion of p53, but for which 
phosphorylation of the Ser389 site is nevertheless important to maintain their basal 
expression level (Fig. 2A, category C). The fourth category consisted of 371 genes (17%) 
that were unaffected by a complete deletion of p53, and for which phosphorylation of 

FIG. 1.

Experimental design and PCA of microarray data. (Top) The experimental design depicting the five replicates 
used at all six time points for the three genotypes, wild type (WT) (green), p53.S389A (SA) (blue), and p53−/− 
(KO) (red). (Bottom) PCA of all microarray data. The PCA shows segregation between the genotypes on the 
principal component 1 axis and segregation between the time points on the principal component 2 axis.
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the Ser389 site was of influence only in comparison with the wild-type MEFs (Fig. 2A, 
category D). (For all information, see Table 1 [column V, category WTgvsSAg] posted at 
http://www.microarray.nl/mef-uv.html).

Basal expression levels of genes affected by the p53.S389A mutation. However 
informative it may be, gene classification does not reveal the relative gene expression 
levels of the genes involved. Because the PCA showed an overall intermediate response 
in p53.S389A MEFs compared to wild-type and p53−/− MEFs, we analyzed the relative 
basal gene expression levels. We defined an intermediate basal gene expression level, 
simplified, as wild type > p53.S389A > p53−/− or wild type < p53.S389A < p53−/−.

A total of 1,544 of the 2,253 genes (69%) affected by the p53.S389A mutation were 
found to have such an intermediate basal gene expression level in p53.S389A MEFs (Fig. 
2B). Looking specifically at the p53-dependent genes (categories A and B), almost all 
genes showed an intermediate basal gene expression level (82% and 98%, respectively). 
The p53-independent genes (categories C and D) have by definition no intermediate 
expression levels (see Materials and Methods).

We further analyzed these genes with intermediate basal gene expression levels to 
discover potential relationships between p53.S389 phosphorylation and induction 
(wild type > p53.S389A) or repression (wild type < p53.S389A) of p53-dependent 
genes. The 2,253 genes are almost equally distributed in p53.S389 phosphorylation-
dependent repressed (52%) and induced (48%) genes (Fig. 2B). However, 66% of genes 
in category A are p53.S389 phosphorylation-dependent, repressed genes, whereas 72% 
of category B are p53.S389 phosphorylation-dependent, induced genes. Category C with 
65% is quite similar to category B, whereas for category D, almost equal percentages of 
repressed and induced genes were observed.

Processes involving genes with basal gene expression levels affected by the p53.
S389A mutation. To get further insight into which cellular processes the genes with 
affected basal gene expression levels are involved in, GO analyses for overrepresentation 
of GO terms and GSEA for enriched pathways were performed (Fig. 2C). Thirteen 
significant GO terms were found for total wild type versus the p53.S389A genotype; 9 
were found for category A, 14 for category B, 0 for category C, and just 1 for category D. 
Strikingly, analysis using the categories resulted in a loss of 6, but a gain of 15 GO terms, 
underlining the biological meaning of the defined categories. It appears that the more-
general GO terms are replaced by more-specific GO terms, especially in category B, such 
as (induction of) apoptosis and protein amino acid phosphorylation. Moreover, there is 
only one GO term overlap between categories A and B.

To see whether GO terms were overall up- or downregulated, we calculated the 
percentage of significant up-/downregulated genes per GO term. If we consider 45 to 
55% an indication of no clear direction, strikingly, almost all category A-specific GO 
terms are upregulated, whereas all category B-specific ones are downregulated (Fig. 
2B) in p53.S389A MEFs. This means that the specific processes, represented by the 
GO terms found with category A genes, are mostly actively repressed via p53.S389 
phosphorylation. Two examples are presented (Fig. 2D, top) for the frizzled-2 signaling 
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FIG. 2.

Differences in basal gene expression levels between wild-type and p53.S389A MEFs. (A) Venn diagram 
of genes that showed differential basal expression levels in p53.S389A MEFs compared to the wild type 
(WTvsSA), classified into four categories by overlaps with the genes that gave differential basal expression 
levels between the wild-type and p53−/− genotypes (WTvsKO) and between the p53.S389A and p53−/− 
genotypes (SAvsKO). The four indicated categories should be read as follows: category A (p53-dependent 
genes), absence of Ser389 phosphorylation is similar to p53 loss; category B (p53-dependent genes), absence 
of Ser389 phosphorylation is dissimilar to p53 loss; category C (p53-independent genes), absence of Ser389 
phosphorylation is dissimilar to p53 loss; and category D (p53-independent genes), absence of Ser389 
phosphorylation is similar to p53 loss. (B) Percentages of genes, in these categories, with an intermediate 
basal gene expression level in p53.S389A compared to the wild type and p53−/− MEFs, or an assigned p53-
repressed/induced trait. (C) The biological significance of genes with a different basal gene expression 
level between the wild type and p53.S389A, divided into four categories (for details, see text), is identified 
for overrepresentation of GO using Onto-Express and GSEA for pathways (see Materials and Methods for 
restrictions). Red, basal gene expression level of p53.S389A is higher than that in the wild type; green, basal 
gene expression level of p53.S389A is lower than that in the wild type. (D) Bar plot of normalized expression 
values from genes with significantly different basal gene expression levels, present in some example processes 
shown in Fig. 2C. Black bars, wild type; white bars, p53.S389A; and gray bars, p53−/−.
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pathway and cell-cell adhesion in which 100% and 67% of the respective genes showed 
an intermediate basal gene expression level in p53.S389A MEFs and 80% and 83% of the 
respective genes were expressed more in p53.S389A than in wild-type MEFs. Similarly, 
specific processes represented by the GO terms found with category B genes are all 
actively induced via p53.S389 phosphorylation. Two examples are presented (Fig. 2D, 
bottom) for the induction of apoptosis and regulation of cell growth, in which 100% of 
the respective genes showed an intermediate basal gene expression level in p53.S389A 
MEFs and 80% and 100% of the respective genes were expressed less in p53.S389A 
than in wild-type MEFs. Even the one overlapping GO term contained 71% upregulated 
category A genes and 88% downregulated category B genes.

The GSEA revealed seven significant pathways for total wild type versus the p53.S389A 
genotype, six for category A, eight for category B, none for category C, and just two 
for category D. Although applying the categories here did not result in a major gain of 
pathways, three out of the four p53-containing KEGG pathways were present (see Fig. 
S3 in the supplemental material). Here again, the trend was that all category A-specific 
pathways are upregulated, and all those of category B are downregulated, even for the 
two overlapping pathways.

The analyses of all genes with a differential basal gene expression level to identify 
upstream DNA sequence motifs resulted in three motifs, two of which were present 
in the TRANSFAC database (see Table 3 posted at http://www.microarray.nl/mef-uv.
html). Overrepresentation analysis of genes with a p53 DNA binding sequence motif 
revealed only overrepresentation of V$P53_DECAMER_Q2-associated genes in category 
D, WT versus KO, and SA versus KO (see Table 4 posted at http://www.microarray.nl/
mef-uv.html).

Test II: gene expression analysis of the response to UV exposure in wild-type MEFs. 
To analyze the role of p53.S389 phosphorylation in UV response, we started with a gene 
expression analysis of the UV response over time in wild-type MEFs. An ANOVA was 
performed, and 6,058 significantly differentially expressed genes were identified (see 
Table 1 [column S, WTt] posted at http://www.microarray.nl/mef-uv.html). In this set, a 
total of eight different clusters with common gene expression profiles were found after 
hierarchical clustering (Fig. 3A). These clusters comprised common gene expression 
profiles with predominantly early decrease (clusters 1 to 3 and 8), continuous decrease 
(5), late decrease (4), early increase (4 and 6), and late increase (1 to 3 and 7).

Phase-specific genes involved in the response to UV exposure in wild-type MEFs. 
These common gene expression profiles were quite difficult to interpret but showed 
predominantly early and late effects. Therefore, we proceeded by analyzing the relative 
change within each phase of the timeline and found 2,856 genes differentially expressed 
in at least one of the five time intervals: 0 to 3 h, 3 to 6 h, 6 to 9 h, 9 to 12 h, and 12 to 
24 h (Fig. 3B). This analysis revealed that the UV response takes place primarily during 
the three hours after exposure and 12 to 24 h after exposure, as most differentially 
expressed genes (1,427 and 1,756, respectively) (Fig. 3B and C) are found during these 
periods. We defined three phases, I (0 to 3 h), II (3 to 6 h, 6 to 9 h, or 9 to 12 h), and III 
(12 to 24 h), and four exclusive categories, early (923), middle (107 [identical to phase 
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II]), late (1,257), and early-late (387) responsive genes. There is a rather high specificity 
of responsive genes with respect to the phases; the early responders compile 65% of 



Effects of Ser389 Phosphorylation in P53

31

the phase I genes, and the late responders compile 72% of phase III genes (Fig. 3C).The 
early-late responders compile almost the rest of the genes in phases I and III. Most of 
the genes found in phase I were downregulated (57%), whereas those found in phase 
III were mostly upregulated (61%).

Phase-specific processes involved in the response to UV exposure in wild-type 
MEFs. To identify the cellular processes involved, we subsequently analyzed these 
four categories of responsive genes using GO analysis. As was to be expected from the 
number of genes involved, we found 20 affected GO terms with early responsive genes, 
3 with middle, 34 with late, and 9 with early-late (Fig. 3D). There is little overlap of the 
four categories among these GO terms.

We also found expected GO terms, such as “cell cycle,” “DNA repair,” “regulation of 
transcription from RNA polymerase II promoter,” and “(induction of) apoptosis,” as they 
were implicated previously with respect to treatment with a genotoxic agent, such as UV 
in a different cellular context (50). Furthermore, as somewhat expected, processes such 
as “response to (regulation of) transcription,” “cell adhesion,” and “DNA replication” are 
significantly present. Also, ubiquitin-related processes such as “ubiquitin cycle” were 
found to be significantly affected in response to UV irradiation. Interestingly, looking 
in more detail at the differences in processes found in the early, middle, late, and early-
late responders, it can be observed that, for instance, “regulation of transcription, DNA-
dependent” was found to be significantly affected in the early and middle responders, 
whereas the opposite process, “negative regulation of transcription, DNA-dependent,” 
was found in late responders. It can be concluded that apoptosis-related and cell cycle 
regulation processes are involved early after UV exposure, whereas a variety of DNA 
replication and metabolism processes are involved later.

p53 target genes involved in the response to UV exposure in wild-type MEFs. 
Finally, we determined which of the 6,058 genes involved in the wild-type UV response 
had already been identified as p53 targets before. For this we used the p53 downstream 
model of Harris and Levine, comprising important p53 target genes and their function 
(17). Figure 5 shows an adapted version of this model (8) and provides an overview 
of UV-responsive genes in wild-type MEFs in response. The regulators of p53 stability 
and activity, Mdm2 and E2f1, were both involved. In almost all depicted downstream 

FIG. 3.

Affected genes and processes in wild-type MEFs after exposure to UV. (A) Hierarchical clustering of the average 
log2 (z scores) of the 6,058 differentially expressed genes in wild-type MEFs over time after exposure to UV 
irradiation revealed eight clusters with a common gene expression profile. Each row represents an individual 
gene, and each column represents a time point after exposure to UV irradiation (untreated = 0). The degree 
of redness and greenness represents induction and repression, respectively. (For details, see Table 1 posted 
at http://www.microarray.nl/mef-uv.html.) (B) Clustering of 2,856 differentially expressed genes found by 
time-period-specific analysis of wild-type MEFs after exposure to UV. Each row represents an individual gene, 
and each column represents a time interval after UV exposure: 0 to 3 h, 3 to 6 h, 6 to 9 h, 9 to 12 h, and 12 to 24 
h. A gene was either found (gray) or not found (black) differentially expressed in a specific time interval. From 
this, we defined four categories of responsive genes: early (0 to 3 h), late (12 to 24 h), early-late (0 to 3 h and 
12 to 24 h), and miscellaneous. (C) Venn diagram illustrating the number of responsive genes found in defined 
phases I (0 to 3 h), II (3 to 6 h, 6 to 9 h, or 9 to 12 h), and III (12 to 24 h). (D) Significant GO terms (ranked with 
decreasing significance) for the four categories of responsive genes, plotted on the phases of the timeline.

http://www.microarray.nl/mef-uv.html


Chapter 2

32

pathways, p53 target genes were involved: 70% of the cell cycle arrest pathway, 
100% of the extrinsic-apoptotic pathway, 44% of the intrinsic-apoptotic pathway, 
one (of four) downstream of these apoptotic pathways, and even one (of four tested) 
in the angiogenesis and metastasis pathway. In summary, profiles of differential gene 
expression levels in wild-type MEFs after exposure to UV irradiation can be convincingly 
mapped to specific p53-dependent pathways.

The upstream DNA sequence motif analyses of UV irradiation-responsive genes 
resulted in no motifs (see Table 3 posted at http://www.microarray.nl/mef-uv.html). 
Analysis of genes with a p53 DNA binding sequence motif revealed almost always 
overrepresentation of both V$P53_O2 and V$P53_DECAMER_Q2-associated genes in 
wild-type UV irradiation-responsive genes over time and genes from phase II (see Table 
4 posted at http://www.microarray.nl/mef-uv.html).

Test III: effect of absence of p53.S389 phosphorylation on UV-induced gene 
expression. We continued with the analysis of UV-responsive genes and mechanisms 
in p53.S389A MEFs, where 4,166 significantly differentially expressed genes were 
identified (see Table 1 [column T; SAt] posted at http://www.microarray.nl/mef-uv.
html). This is substantially less than the 6,058 genes found in wild-type MEFs. The 
ANOVA did not show any genes with a significant difference in gene expression over 
time between wild-type and p53.S389A MEFs after UV exposure (interaction term of 
genotype by time). Although common in ANOVAs, this result means that any potential 
difference in response is likely to be quite subtle, which forced us to use alternative 
approaches to analyze the gene expression data.

Genes involved in the UV response of p53.S389A and wild-type MEFs. We 
integrated all previous analyses at the gene level by a mutual comparison of the 4,166 
p53.S389A UV-responsive genes with the 6,058 wild-type UV-responsive genes and 
with the 2,253 genes with a changed basal gene expression level by the absence of p53.
S389 phosphorylation (Fig. 4A; also see Table 1 [column R, WTgvsSAg; column S, WTt; 
column T, SAt] posted at http://www.microarray.nl/mef-uv.html). A total of 918 genes 
(41%) with a changed basal gene expression level in p53.S389A MEFs are involved in 
the response to UV exposure in either wild-type or p53.S389A MEFs. Conversely, 2,107 
genes (35%) were found solely in wild-type MEFs in response to UV exposure, indicating 
that phosphorylation of p53.S389 is somehow a prerequisite for involvement of these 
genes in the normal UV response. Also, 544 genes (13%) were found solely in the p53.
S389A UV response, indicating that the absence of phosphorylation of p53.S389 causes 
the involvement of these genes in the UV response. Finally, 3,558 genes were found 
to be differentially expressed in both wild-type (59%) and p53.S389A (85%) MEFs, 
which indicates that phosphorylation of p53.S389 is not exclusively necessary for the 
involvement of these genes in the normal UV response.

Phase-specific genes involved in the UV response of p53.S389A and wild-type 
MEFs. From earlier studies (8), we suspected that time-related UV responses, such as 
delayed gene activation, were specific to the p53.S389A MEFs. To test this, we identified 
differentially expressed genes in wild-type and p53.S389A MEFs in response to UV 
irradiation, applying the phases defined previously (Fig. 3B). Combining the results 

FIG. 4.

Phase-specific genes and processes in wild-type and p53.S389A MEFs after exposure to UV irradiation. (A) 
Venn diagram combining the gene lists of three analyses: (i) WT versus SA (WTvsSA), genes with differences 
in basal expression levels between the wild type and p53.S389A; (ii) WT in time, genes with changing 
expression levels over time in wild-type MEFs after UV exposure; and (iii) SA in time, genes with changing 
expression levels over time in p53.S389A MEFs after UV exposure. (B) Venn diagrams per phase of genes 
involved in wild-type and p53.S389A UV response. For phase definitions, see the legend for Fig. 3B. (C) Phase- 
and wild-type-specific GO terms and GSEA pathways determined on the basis of phase- and wild-type-specific 
genes. (D) Phase- and p53.S389A-specific GO terms and GSEA pathways determined on the basis of phase- 
and p53.S389A-specific genes. (E) GO terms determined as described for panels C and D but only genotype 
specific for a certain phase. (F) Genes involved in showing the wild-type and p53.S389A UV response for the 
GO terms shown in panel E. Bold genes are those present in both genotypes. Red, expression level of genes in 
the specific pathway increases over time; green, expression level of genes in the specific pathway decreases 
over time.

http://www.microarray.nl/mef-uv.html
http://www.microarray.nl/mef-uv.html
http://www.microarray.nl/mef-uv.html
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pathways, p53 target genes were involved: 70% of the cell cycle arrest pathway, 
100% of the extrinsic-apoptotic pathway, 44% of the intrinsic-apoptotic pathway, 
one (of four) downstream of these apoptotic pathways, and even one (of four tested) 
in the angiogenesis and metastasis pathway. In summary, profiles of differential gene 
expression levels in wild-type MEFs after exposure to UV irradiation can be convincingly 
mapped to specific p53-dependent pathways.

The upstream DNA sequence motif analyses of UV irradiation-responsive genes 
resulted in no motifs (see Table 3 posted at http://www.microarray.nl/mef-uv.html). 
Analysis of genes with a p53 DNA binding sequence motif revealed almost always 
overrepresentation of both V$P53_O2 and V$P53_DECAMER_Q2-associated genes in 
wild-type UV irradiation-responsive genes over time and genes from phase II (see Table 
4 posted at http://www.microarray.nl/mef-uv.html).

Test III: effect of absence of p53.S389 phosphorylation on UV-induced gene 
expression. We continued with the analysis of UV-responsive genes and mechanisms 
in p53.S389A MEFs, where 4,166 significantly differentially expressed genes were 
identified (see Table 1 [column T; SAt] posted at http://www.microarray.nl/mef-uv.
html). This is substantially less than the 6,058 genes found in wild-type MEFs. The 
ANOVA did not show any genes with a significant difference in gene expression over 
time between wild-type and p53.S389A MEFs after UV exposure (interaction term of 
genotype by time). Although common in ANOVAs, this result means that any potential 
difference in response is likely to be quite subtle, which forced us to use alternative 
approaches to analyze the gene expression data.

Genes involved in the UV response of p53.S389A and wild-type MEFs. We 
integrated all previous analyses at the gene level by a mutual comparison of the 4,166 
p53.S389A UV-responsive genes with the 6,058 wild-type UV-responsive genes and 
with the 2,253 genes with a changed basal gene expression level by the absence of p53.
S389 phosphorylation (Fig. 4A; also see Table 1 [column R, WTgvsSAg; column S, WTt; 
column T, SAt] posted at http://www.microarray.nl/mef-uv.html). A total of 918 genes 
(41%) with a changed basal gene expression level in p53.S389A MEFs are involved in 
the response to UV exposure in either wild-type or p53.S389A MEFs. Conversely, 2,107 
genes (35%) were found solely in wild-type MEFs in response to UV exposure, indicating 
that phosphorylation of p53.S389 is somehow a prerequisite for involvement of these 
genes in the normal UV response. Also, 544 genes (13%) were found solely in the p53.
S389A UV response, indicating that the absence of phosphorylation of p53.S389 causes 
the involvement of these genes in the UV response. Finally, 3,558 genes were found 
to be differentially expressed in both wild-type (59%) and p53.S389A (85%) MEFs, 
which indicates that phosphorylation of p53.S389 is not exclusively necessary for the 
involvement of these genes in the normal UV response.

Phase-specific genes involved in the UV response of p53.S389A and wild-type 
MEFs. From earlier studies (8), we suspected that time-related UV responses, such as 
delayed gene activation, were specific to the p53.S389A MEFs. To test this, we identified 
differentially expressed genes in wild-type and p53.S389A MEFs in response to UV 
irradiation, applying the phases defined previously (Fig. 3B). Combining the results 

FIG. 4.

Phase-specific genes and processes in wild-type and p53.S389A MEFs after exposure to UV irradiation. (A) 
Venn diagram combining the gene lists of three analyses: (i) WT versus SA (WTvsSA), genes with differences 
in basal expression levels between the wild type and p53.S389A; (ii) WT in time, genes with changing 
expression levels over time in wild-type MEFs after UV exposure; and (iii) SA in time, genes with changing 
expression levels over time in p53.S389A MEFs after UV exposure. (B) Venn diagrams per phase of genes 
involved in wild-type and p53.S389A UV response. For phase definitions, see the legend for Fig. 3B. (C) Phase- 
and wild-type-specific GO terms and GSEA pathways determined on the basis of phase- and wild-type-specific 
genes. (D) Phase- and p53.S389A-specific GO terms and GSEA pathways determined on the basis of phase- 
and p53.S389A-specific genes. (E) GO terms determined as described for panels C and D but only genotype 
specific for a certain phase. (F) Genes involved in showing the wild-type and p53.S389A UV response for the 
GO terms shown in panel E. Bold genes are those present in both genotypes. Red, expression level of genes in 
the specific pathway increases over time; green, expression level of genes in the specific pathway decreases 
over time.

revealed for each phase, wild-type-specific, shared, and p53.S389A-specific UV-
responsive genes (Fig. 4B; also see Table 2 posted at http://www.microarray.nl/mef-uv.
html) with the same implications as those for the role p53.S389 phosphorylation 
represents for these genes are explained in the previous paragraph. Judging from the 
large fractions of phase I wild-type-specific (67%) and phase III shared (58%) UV-
responsive genes, p53.S389 phosphorylation seems required mostly in the early phase 
of normal UV response.

http://www.microarray.nl/mef-uv.html
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Phase-specific processes involved in the UV response of p53.S389A and wild-type 
MEFs. To determine the effects on a process level, we performed an integrated GO and 
GSEA analysis on these phase-specific genes involved in the wild-type and p53.S389A 
UV response. We distinguished phase-specific GO terms and pathways that were also 
genotype-specific for wild-type UV response (requiring p53.S389 phosphorylation 
[Fig. 4C]), genotype-specific for p53.S389A UV response (the result of the absence of 
p53.S389 phosphorylation [Fig. 4D]), and present in both wild-type and p53.S389A UV 
responses but in a different phase (the p53.S389A mutation has a different effect in a 
different phase [Fig. 4E]). By far the majority of identified genotype-specific GO terms 
and pathways again occurred in phases I and III. Also, they were extremely specific, as 
there was no genotype-specific GO term or pathway present in either phase. Especially 
in the GO terms, it is clear that most phase I-related processes are reduced, in general, 
whereas most phase III-related processes were induced. There were only five phase-
specific, genotype-nonspecific GO terms, of which three had reduced presence in wild-
type phase I and induced presence in p53.S389A phase II (Fig. 4E). Although this may 
hint toward a delayed response, comparison of the individual genes showed that only 
a few genes of these GO terms were wild type as well as p53.S389A specific (Fig. 4F). 
The consequent findings of overall reduced and induced GO terms and pathways may 
indicate that the cell controls cellular processes and pathways via the regulation of 
specific genes.

p53 target genes involved in the UV response and affected by the p53.S389A 
mutation. Finally, we mapped the results regarding the role of p53.S389 phosphorylation 
to the previously introduced p53 downstream model (17). Figure 5 gives an overview of 
the effects of absence of p53.S389 phosphorylation on the wild-type UV response: 6 wild-
type genes were unchanged in p53.S389A MEFs, 13 had a lower level of gene expression 
in p53.S389A, and 1 had a higher level of gene expression. This last observation of the 
Cdc2 gene fits with the reduced expression level of its (indirect) negative regulators, i.e., 
Reprimo and Gadd45. More importantly, the apoptotic pathways showed mainly reduced 
activity, whereas the cell cycle arrest pathways seem either off (G1-S) or induced (G2-M) 
in UV-exposed p53.S389A MEFs.

The upstream DNA sequence motif analyses on UV irradiation-responsive genes in p53.
S389A MEFs resulted in four motifs, none of which were present in the TRANSFAC 
database (see Table 3 posted at http://www.microarray.nl/mef-uv.html). An analysis of 
genes with a p53 DNA binding sequence motif revealed almost always the expected 
overrepresentation of both V$P53_O2 and V$P53_DECAMER_Q2-associated genes in 
UV-responsive genes in p53.S389A MEFs (see Table 4 posted at http://www.microarray.
nl/mef-uv.html).

DISCUSSION

Posttranslational modifications of p53 are important in regulating p53 stability and 
activity (2, 5). We have shown previously that the p53.S389 phosphorylation site is 
partially responsible for the tumor suppression of UV-induced skin tumors and 2-AAF-
induced urinary bladder tumors (8, 9, 19). Mutant p53.S389A cells showed an affected 

FIG. 5.

Affected p53 target genes in wild-type MEFs after exposure to UV. p53 target genes involved in apoptosis, cell 
cycle arrest, inhibition of angiogenesis and metastasis, and DNA repair processes are presented in a model 
adapted from references 8 and 17. Genes regulated in UV-exposed wild-type MEFs are depicted in yellow. 
Corresponding responses in p53.S389A MEFs are indicated with colored circles (see also the explanation of 
symbols in the figure).
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Phase-specific processes involved in the UV response of p53.S389A and wild-type 
MEFs. To determine the effects on a process level, we performed an integrated GO and 
GSEA analysis on these phase-specific genes involved in the wild-type and p53.S389A 
UV response. We distinguished phase-specific GO terms and pathways that were also 
genotype-specific for wild-type UV response (requiring p53.S389 phosphorylation 
[Fig. 4C]), genotype-specific for p53.S389A UV response (the result of the absence of 
p53.S389 phosphorylation [Fig. 4D]), and present in both wild-type and p53.S389A UV 
responses but in a different phase (the p53.S389A mutation has a different effect in a 
different phase [Fig. 4E]). By far the majority of identified genotype-specific GO terms 
and pathways again occurred in phases I and III. Also, they were extremely specific, as 
there was no genotype-specific GO term or pathway present in either phase. Especially 
in the GO terms, it is clear that most phase I-related processes are reduced, in general, 
whereas most phase III-related processes were induced. There were only five phase-
specific, genotype-nonspecific GO terms, of which three had reduced presence in wild-
type phase I and induced presence in p53.S389A phase II (Fig. 4E). Although this may 
hint toward a delayed response, comparison of the individual genes showed that only 
a few genes of these GO terms were wild type as well as p53.S389A specific (Fig. 4F). 
The consequent findings of overall reduced and induced GO terms and pathways may 
indicate that the cell controls cellular processes and pathways via the regulation of 
specific genes.

p53 target genes involved in the UV response and affected by the p53.S389A 
mutation. Finally, we mapped the results regarding the role of p53.S389 phosphorylation 
to the previously introduced p53 downstream model (17). Figure 5 gives an overview of 
the effects of absence of p53.S389 phosphorylation on the wild-type UV response: 6 wild-
type genes were unchanged in p53.S389A MEFs, 13 had a lower level of gene expression 
in p53.S389A, and 1 had a higher level of gene expression. This last observation of the 
Cdc2 gene fits with the reduced expression level of its (indirect) negative regulators, i.e., 
Reprimo and Gadd45. More importantly, the apoptotic pathways showed mainly reduced 
activity, whereas the cell cycle arrest pathways seem either off (G1-S) or induced (G2-M) 
in UV-exposed p53.S389A MEFs.

The upstream DNA sequence motif analyses on UV irradiation-responsive genes in p53.
S389A MEFs resulted in four motifs, none of which were present in the TRANSFAC 
database (see Table 3 posted at http://www.microarray.nl/mef-uv.html). An analysis of 
genes with a p53 DNA binding sequence motif revealed almost always the expected 
overrepresentation of both V$P53_O2 and V$P53_DECAMER_Q2-associated genes in 
UV-responsive genes in p53.S389A MEFs (see Table 4 posted at http://www.microarray.
nl/mef-uv.html).

DISCUSSION

Posttranslational modifications of p53 are important in regulating p53 stability and 
activity (2, 5). We have shown previously that the p53.S389 phosphorylation site is 
partially responsible for the tumor suppression of UV-induced skin tumors and 2-AAF-
induced urinary bladder tumors (8, 9, 19). Mutant p53.S389A cells showed an affected 

FIG. 5.

Affected p53 target genes in wild-type MEFs after exposure to UV. p53 target genes involved in apoptosis, cell 
cycle arrest, inhibition of angiogenesis and metastasis, and DNA repair processes are presented in a model 
adapted from references 8 and 17. Genes regulated in UV-exposed wild-type MEFs are depicted in yellow. 
Corresponding responses in p53.S389A MEFs are indicated with colored circles (see also the explanation of 
symbols in the figure).

apoptosis response after UV exposure (9), and several p53 target genes involved in 
apoptosis and cell cycle control showed a delayed response in p53.S389A urinary 
bladders after 2-AAF exposure. Here, we used transcriptome analysis on primary MEFs 
before and after exposure to UV in order to analyze the effect of absence of p53.S389 
phosphorylation on apoptosis and other p53-dependent pathways.

Test I: the effect of absence of p53.S389 phosphorylation on basal gene 
expression levels. Phosphorylation of p53.S389 occurs specifically after exposure 
to DNA-damaging agents (23, 49), especially UV (27, 38). Given that the Ser389-
phosphorylated p53 level in untreated cells is extremely low (9), cells lacking this 
specific phosphorylation capacity would supposedly be affected only in their response 
to DNA-damaging agents such as UV. However, when considering only the genotype 
(without exposure), we found 2,253 genes slightly differentially expressed in p53.
S389A MEFs, i.e., p53.S389 phosphorylation-dependent genes. This seems rather high 
for a single p53 point mutation, as 7,567 genes were differentially expressed in p53−/− 
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MEFs, i.e., p53-dependent genes (results not shown). The overlap was 23% of all p53-
dependent genes also found in p53.S389A and 78% of the p53.S389 phosphorylation-
dependent genes also found in p53−/− MEFs. Although in line with similar observations 
where the p53.S389A genotype (8) or complete deletion of p53 (55) resulted in altered 
gene expression prior to any exposure, the number of genes with adjusted basal gene 
expression levels seems rather high. This phenomenon could be caused by so-called 
spontaneous DNA damages, such as those induced by reactive oxygen species (ROS) or 
depurination (reviewed in 11). There is a relationship between ROS, p53 protein levels, 
and oxidation-inducing DNA-damaging agents (40, 52). Another possible explanation 
could be the in vitro culture conditions, since, for instance, the exposure of cells to 20% 
O2 and 6% CO2 clearly imposes (genotoxic) stress on the cells. Alternatively, the whole 
system might be readjusted as a network to respond to the effect of the introduced p53.
S389A mutation. If so, this means that the genes involved, though only slightly affected, 
are somehow related to normal p53.S389 functioning, and their analysis would be 
extremely informative.

To interpret these p53.S389A-affected genes, we categorized them using basal gene 
expression levels in p53−/− MEFs. As such, we were able to identify whether these genes 
are p53-dependent (SA versus WT = KO versus WT), show a similar change compared 
to p53−/− (SA ≈ KO), have a basal gene expression level intermediate to wild-type and 
p53−/− (WT > SA > KO or WT < SA < KO), and are repressed (WT < SA) or induced (WT 
> SA) by intact p53.S389 phosphorylation. This turned out to be quite a successful 
approach. We were able to identify the p53-independent genes (22%), and from the 
almost complete lack of results from the GO and pathway analyses, we assumed that 
these genes, although affected, do not play an important role in the context of p53.
S389 phosphorylation. This left us with the p53-dependent genes of which almost all 
(88%) showed a basal gene expression level between those of the wild type and p53−/−, 
meaning that the lack of p53.S389 phosphorylation results follows largely the direction 
of the p53−/− adjustment. Moreover, (p53-dependent) genes that are normally p53.S389 
phosphorylation-dependently repressed generally (81%) showed a similar adjustment 
compared to p53−/−, whereas genes that are normally p53.S389 phosphorylation 
dependently induced showed no bias. Since this applies to 23% of all p53-dependent 
genes, it might be a general effect that p53-dependent gene expression repression can 
be lifted by just a small p53 modification mutation in a fashion similar to the complete 
absence of p53. Likewise but inversely, for p53-dependent gene expression induction, 
the effect of absence of p53 cannot be mimicked as easily, probably due to redundancy 
in activation mechanisms.

As for the processes related to the defined p53.S389 phosphorylation-dependent 
gene categories, several GO terms and pathways were found for the p53-dependent 
genes, such as frizzled-2 signaling pathway, cell adhesion, (induction of) apoptosis, 
and regulation of cell growth. There appears to be a bias that signal transduction and 
cellular interaction processes (i.e., environmental information processing) are normally 
repressed by p53 (requiring Ser389 phosphorylation), whereas cellular processes seem 
to be induced by p53.S389 phosphorylation. Specifically for cell growth, cultured p53−/− 
MEFs grow faster than wild-type MEFs (18), which might also be true for p53.S389A 
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MEFs, but since this process was found for p53-induced genes with changes closer to 
those of the wild type, it is not that clear. The pathways “cell adhesion” and “metabolism” 
were previously also found to be affected by a p53 codon 237 mutation in human 
lymphoblastoid cells (55). Furthermore, several Wnt genes that are able to activate the 
important Wnt-signaling pathway, associated with a broad panel of developmental and 
physiological processes, such as embryogenesis and cancer development (44), showed 
an increased basal gene expression level. Depletion of Wnt/β-catenin made cells more 
sensitive to apoptosis (21). Thus, the upregulation of the four Wnt genes in p53.S389A 
mutant MEFs might explain the reduced apoptotic response observed previously (9).

These observations in adjusted basal gene expression levels might relate to altered 
responses in p53.S389A MEFs to DNA-damaging compounds, such as UV irradiation. 
One can envision that certain basal levels are preferable when a direct response to 
DNA damage (here UV exposure) is required, and cells with certain genotypes lacking 
these basal levels thus might have delayed or reduced capacities to initiate the proper 
response efficiently after DNA damage. This hypothesis is supported by the fact that no 
less than 41% of the genes with adjusted basal expression in p53.S389A are also found 
after UV exposure in either wild-type MEFs (17%), p53.S389A MEFs (3%), or both 
(20%). Obviously, this leaves an intriguing 59% (1, 335) of genes that are involved in 
p53.S389 phosphorylation-dependent processes other than those used in UV response.

Test II: analysis of differentially expressed genes in wild-type MEFs after UV 
exposure. The majority of in vitro studies with UV as a challenging agent were carried 
out with immortalized or cancer cell lines, analyzing gene expression differences 
using a limited amount of time points (19, 40-46). These limitations drove our current 
experiment design to study transcriptional responses to DNA damaging agents 
in primary cells (MEFs) after UV-C exposure with an extensive time course. The 
consequence, of course, is quite a complex bioinformatics analysis.

Before analysis of the p53 mutant UV response, we firstly needed to understand the 
wild-type UV response. It turned out that this response is highly biphasic, which had, to 
various degrees, also been found by others (25, 26). Many genes (1,427) change in the 
first three hours, hardly any (289) between 3 and 12 h, and again many (1,756) from 
12 to 24 h. In total, 2,856 genes were involved, which showed a remarkable specificity 
(80%) for being used in only one specific phase. The defined UV-responsive categories 
with uniquely used genes were: early (35%), middle (4%), late (47%), and the biphasic 
category, early-late (14%). Most of the early responsive genes were repressed, which 
is in line with other studies (13, 15, 47). Many early-late responsive genes showed an 
opposite gene expression response in the early versus late phase.

These genes led to the identification of many phase-specific cellular processes (i.e., 
GO terms). This clearly biphasic UV response showed as early processes transcription, 
apoptosis, cell growth, and cell cycle. The late processes were replication, cell 
proliferation, transport, adhesion, and several metabolism processes. These early and 
late UV responses were reported earlier (13, 14, 47, 54). One study with an extensive 
time course, 0.5, 3, 6, 12, and 24 h after UV exposure, also defined (five) different 
response phases (13). Although in that study a UV-B response in human keratinocytes 
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was analyzed, many of the processes involved were comparable with our findings in 
the UV-C response in murine fibroblasts. So, the specificities of the UV and the cell type 
have a minor influence on the cellular response. It seems that the early UV response 
focuses on direct activation of processes that avoid sustained DNA damage in cells 
such as apoptosis, transcriptional regulation of DNA damage response genes, and cell 
cycle-related processes. The late responses are related more to reentering the cell 
cycle, e.g., DNA replication, nucleic acid metabolism, and ATP synthesis. In the early-
late responsive group, the GO term DNA repair, initiated by exposure to UV irradiation 
(16), was present. This DNA repair response might, in the early response, aim at the 
immediate removal of DNA damage from actively transcribed DNA essential for the cell 
to survive, whereas in the late response it might aim to eliminate DNA damage from the 
overall genome. Another interesting finding is that several ubiquitin-related processes, 
required for marking (old, damaged, or misfolded) proteins for destruction, were found 
in all phases, indicating that these processes play a prominent role throughout the UV 
response.

Test III: effect of p53.S389 phosphorylation on UV-induced gene expression in 
the specific phases. Whereas the ANOVA revealed many genes for the term “genotype” 
and even more for the term “time,” the interaction term “genotype by time” showed no 
genes. This means that the ANOVA method is not powerful enough to identify the subtle 
changes in gene expression, which is a common characteristic of ANOVA interaction 
terms. Aligning the analysis of the UV responses in wild-type and p53.S389A MEFs 
resulted, as expected, in a major overlap (59% and 85%, respectively). But also, a 
considerable number of genes (3,108) were either not found (80%) or newly found 
(20%) after UV exposure in p53.S389A compared to wild-type MEFs. This was expected, 
since phosphorylation of p53.S389 has been predominantly observed after UV exposure 
and, as such, will likely have an impact on p53 functioning as a transcription factor 
when cells are exposed to UV (9). Of all genes involved in UV response, 14% showed 
an adjusted basal gene expression level before exposure to UV irradiation. Together, 
these findings point toward a system where a significant part of the p53-dependent 
gene network is readjusted in response to the p53.S389A mutation, so that the response 
to UV exposure results only in minor differential expression responses of the involved 
p53-dependent genes and a weak differential phenotype response.

Extensive analysis of the affected biphasic UV response in p53.S389A MEFs revealed 
that phase I appears affected mostly by the absence of Ser389 phosphorylation, 
showing the absence of some processes dealing with cell cycle and apoptotic responses. 
The latter is in line with the reduced apoptotic responses detected in p53.S389A MEFs 
following the same UV dose applied here (9). It is tempting to speculate that when 
the optimal transcriptional activation of genes and consequently the functioning of 
proteins in these processes are affected in p53.389A cells, these cells will sustain more 
persistent DNA damage, and that this damage might be fixed into gene mutations or 
other genetic alterations. As a defense mechanism, the p53.389A cells could increase 
levels or activities of processes such as DNA repair or responses to DNA damage stimuli. 
Indeed, these two processes were found specifically upregulated in p53.S389A cells in 
phase III, showing an affected defense response in p53.S389A MEFs.
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Our analysis revealed an interesting detail: the process of induction of apoptosis, which 
was absent in p53.S389A phase I, contained the recently identified UV-related apoptotic 
p53 target gene in MEFs, Siva (24). Apparently, p53.S389 phosphorylation is needed 
for the optimal response of this apoptotic target gene. Also, the GO term “protein 
ubiquitination,” which was absent in p53.S389A phase I, contains six relevant genes: 
Fbxw, the ubiquitin ligase implicated in the control of chromosome stability and further 
identified as a p53-dependent tumor suppressor gene (41); Kcmf1, identified as a 
potential metastasis suppressor (30); p53-target gene Mdm2, functioning as a primary 
regulator of p53 (31); Vhlh, playing a role in tumor suppression by participating as a 
component of the p53 transactivation complex during DNA damage response (45); 
and Wwp1, recently identified as a Mdm2-independent regulator of p53 activity which, 
analogous to Mdm2, also showed a possible feedback loop mechanism (32). All these 
genes display a role in DNA damage response pathways or are related to tumorigenic 
processes, all but one (Kcmf1) are clearly related to p53, and p53.S389 phosphorylation 
plays a role in their functioning.

Our initial analyses to identify reoccurring motifs in the upstream DNA sequence of 
involved genes identified a few motifs, of which two are present as transcription factor 
binding sites in the TRANSFAC database. The p53 DNA binding motifs were, however, 
not identified, so we also applied an overrepresentation approach using two known p53 
DNA binding motifs. Although 78% of the genes affected by the p53.S389A mutation 
were identified as p53-dependent genes, genes with these two p53 DNA binding motifs 
were not significantly overrepresented in genes with an affected p53.S389A basal gene 
expression. An explanation for this could be that regulation of these genes is indirect 
and does not involve direct p53 binding. This might be expected to some extent, since 
the S389A mutation is not present in the DNA binding domain of the p53 protein. In 
contrast, genes with these p53 DNA binding motifs appeared overrepresented in UV-
responsive genes of wild-type, p53.S389A, and p53−/− MEFs.

Comparing this study with the p53.S389A bladders exposed to 2-AAF (8), we noticed 
several distinct differences. In both studies, genes with adjusted basal gene expression 
levels were observed, though many more were found in MEFs than in bladder cells. This 
might relate to the in vitro-versus-in vivo setup, as we also experienced this difference 
in other studies. Both studies showed corresponding affected processes, such as the 
p53-related pathways, cell cycle arrest and apoptosis. However, in the 2-AAF-exposed 
p53.S389A bladders, we found delayed gene expression profiles, whereas in the UV-
exposed p53.S389A MEFs, an overall reduced expression profile was found. Likely, the 
important differences in setup, in vivo versus in vitro, different compounds (2-AAF 
versus UV), and different time scales (weeks versus hours), determine these outcomes.

Finally, it is obvious that the analysis presented here, though already extensive, is just 
a starting point for such a complex transcriptomics experiment as described here. We 
have identified many processes involved in several p53 genotypes before and after 
UV exposure, each of which deserved to be further microdissected so as to determine 
precisely what its role is in (p53-dependent) DNA-damaging responses and how it is 
affected by the absence of p53.S389 phosphorylation. As a preview of the complexity, 
we showed in Fig. 4F the many (different) genes that are affected in some key processes 
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in UV response, such as DNA repair and response to DNA damaging stimulus. To 
comprehend the overall interactions, we need a broad model of the p53 network. 
As such, the updated model from Harris and Levine (17) (Fig. 5) is a perfect starting 
point for this. We were already able to map our initial findings described above, which 
immediately showed the significance of p53.S389 phosphorylation in the major p53-
induced pathways.

In summary, we identified the absence of a number of processes needed to negatively 
regulate tumor promoting processes and further the gain of a number of processes 
positively regulating tumorigenic processes in our p53.S389A mutant MEFs after 
exposure to UV irradiation compared to wild-type MEFs. As a consequence, the 
absence or decreased efficiency of p53.S389 phosphorylation may result in more 
initiated cells followed by increased incidences of (skin) tumors after exposure to UV, 
indeed, a phenomenon observed when mice lacking this phosphorylation event are 
chronically exposed to UV irradiation (9). Whether affected p53.S389 phosphorylation 
is also observed in humans (i.e., human p53.S392) and as such accounts for increased 
sensitivity for sunlight-induced skin cancers is an interesting question that needs to be 
addressed.
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Abstract

Reanalysis of our UV study of p53-mutant mouse embryonic fibroblasts revealed an 
intriguing orchestration of massive transcriptome responses. However, close scrutiny 
of the data uncovered an affected mRNA/rRNA ratio, effectively inhibiting valid data 
analysis. UV-dose range finding showed low-dose UV specific- and high-dose stress-
related responses, which represent a plea for UV dose range finding in experimental 
design.

This chapter has been published as:

Transcription. 2010 Nov;1(3):159-164. Epub 2010 Aug 30.
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Introduction

Transcriptomics experimentation has become an important tool in deciphering gene-
expression response and regulation 1-6. As can be read for instance from the Gene 
Expression Omnibus (GEO) repository (http://www.ncbi.nlm.nih.gov/geo/), numerous 
microarray and serial analysis of gene expression (SAGE) experiments have already 
been performed and many more will follow, also using next-generation transcriptome 
sequencing. Over the years, the major technical drawbacks of the microarray and SAGE 
technologies have been successfully tackled 7-12, as undoubtedly will be the case with the 
current and future next-generation sequencing technologies.

Transcriptomics studies that aim for biomarker detection in classification and/
or diagnostics are often quite successful 13, 14, as biological systems robustly and 
reproducibly respond to stimuli or perturbations. Unfortunately, many mechanism-
focused transcriptomics experiments seem to stall at endless lists of genes that are 
differentially expressed between all imaginable experimental contrasts 15. Hence, 
the actual biological knowledge obtained from all these interesting experiments 
appears to be lagging behind. This might be caused by the complexity of the cellular 
mechanisms, lack of proficient bioinformatics and statistical expertise in the biology 
domain, insufficient replication or measurement-points density in the experimental 
design, limited knowledge about the individual genes and their products, and so on. 
In this article, we would like to emphasize an often-overlooked aspect: the effect of 
too much stress in perturbation experiments and the consequences this has on omics 
experiments and their interpretation. We will explicate our point of view by using a 
“real-life” example that we encountered while analyzing a p53-focussed transcriptomics 
experiment.

Bioinformatics analyses of UV-exposed (mutant) p53 MEFs

In 2008, we published an article on the comprehensive analysis of the transcriptome 
response to UV exposure in wild-type and mutant p53 mouse embryonic fibroblasts 
(MEFs) 16. Although we obtained several new and important insights regarding this 
response, we felt unsatisfied by the overall interpretation of the transcriptomics data. 
We therefore set out to employ creative bioinformatics analyses to further understand 
the involved cellular mechanisms. Eventually we appeared to be quite successful in our 
approach and obtained many new insights, the most important ones of which we will 
here summarize and illustrate in Figure 1 & Supplementary information.

As reference, the experimental design and heatmap of differentially-expressed genes 
(DEGs) over time in wild-type (WT) are displayed in Figure 1A and E, respectively. 
All DEGs in time are determined per time point as compared to time point 0h. Simply 
counting these DEGs revealed interesting observations between the p53 genotypes 
over time (Fig. 1B);

• The WT genotype displayed a persistent high number of DEGs, whereas the 
p53KO seems to return to its original state. The p53SA response looks biphasic/

Figure 1 – Summary of transcriptome responses to UV exposure in WT and mutant p53 MEFs.

(A) Experimental design of the experiment with 20J UV-C exposure at t = 0h. WT: wild-type MEFs; p53SA: 
p53S389A mutant MEFs; and p53KO: p53 knock-out MEFs. The colors represent genotypes in B, C, and D. 
(B) Numbers of UV DEGs over time for all genotypes. (C) rRNA expression profiles of raw signal data over 
time in WT MEFs. (D) Relative mRNA/rRNA ratio for all genotypes. (E) Heatmap showing DEGs up- or down-
regulated in WT per time point compared to time point 0h. The colors represent up- and down-regulated 
DEGs in E and F. (F) Normalized expression profiles of up- and down-regulated eigen-gene profiles 1 per time 
point for WT. Cf. Fig. S2 for the p53-mutant genotypes.

http://www.ncbi.nlm.nih.gov/geo/
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mixed (Fig. 1B);

• As different genes were differentially expressed over time, in total 34% of all 
measured genes in WT were detected as DEG (Table S1);

• The identified DEGs (99%) were unidirectional, either up- or down-regulated 
(Fig. 1E);

A subsequent eigen-gene profile analysis 17 , to identify the most prominent gene-
expression profiles of the separate up- and down-regulated DEGs at each time point as 
compared to time point 0h revealed some exciting DEG features:

• The far majority of DEGs were present in eigen-gene profile 1, which explained 
typically over 90% of the variation (Table S1).

• Each eigen-gene profile 1 showed differential gene-expression from time point 
0h on (Fig. 1F);

• The eigen-gene profile at each time point peaked almost invariably only at the 
same time point of the involved DEGs (Fig. 1F);

• The eigen-gene profile 1 profiles of up-regulated DEGs over time were mirror 
images of those of the down-regulated DEGs (Fig. 1F).

• There was little difference between the eigen-gene profiles 1 of the different 
genotypes (Fig. S2).

Introduction

Transcriptomics experimentation has become an important tool in deciphering gene-
expression response and regulation 1-6. As can be read for instance from the Gene 
Expression Omnibus (GEO) repository (http://www.ncbi.nlm.nih.gov/geo/), numerous 
microarray and serial analysis of gene expression (SAGE) experiments have already 
been performed and many more will follow, also using next-generation transcriptome 
sequencing. Over the years, the major technical drawbacks of the microarray and SAGE 
technologies have been successfully tackled 7-12, as undoubtedly will be the case with the 
current and future next-generation sequencing technologies.

Transcriptomics studies that aim for biomarker detection in classification and/
or diagnostics are often quite successful 13, 14, as biological systems robustly and 
reproducibly respond to stimuli or perturbations. Unfortunately, many mechanism-
focused transcriptomics experiments seem to stall at endless lists of genes that are 
differentially expressed between all imaginable experimental contrasts 15. Hence, 
the actual biological knowledge obtained from all these interesting experiments 
appears to be lagging behind. This might be caused by the complexity of the cellular 
mechanisms, lack of proficient bioinformatics and statistical expertise in the biology 
domain, insufficient replication or measurement-points density in the experimental 
design, limited knowledge about the individual genes and their products, and so on. 
In this article, we would like to emphasize an often-overlooked aspect: the effect of 
too much stress in perturbation experiments and the consequences this has on omics 
experiments and their interpretation. We will explicate our point of view by using a 
“real-life” example that we encountered while analyzing a p53-focussed transcriptomics 
experiment.

Bioinformatics analyses of UV-exposed (mutant) p53 MEFs

In 2008, we published an article on the comprehensive analysis of the transcriptome 
response to UV exposure in wild-type and mutant p53 mouse embryonic fibroblasts 
(MEFs) 16. Although we obtained several new and important insights regarding this 
response, we felt unsatisfied by the overall interpretation of the transcriptomics data. 
We therefore set out to employ creative bioinformatics analyses to further understand 
the involved cellular mechanisms. Eventually we appeared to be quite successful in our 
approach and obtained many new insights, the most important ones of which we will 
here summarize and illustrate in Figure 1 & Supplementary information.

As reference, the experimental design and heatmap of differentially-expressed genes 
(DEGs) over time in wild-type (WT) are displayed in Figure 1A and E, respectively. 
All DEGs in time are determined per time point as compared to time point 0h. Simply 
counting these DEGs revealed interesting observations between the p53 genotypes 
over time (Fig. 1B);

• The WT genotype displayed a persistent high number of DEGs, whereas the 
p53KO seems to return to its original state. The p53SA response looks biphasic/

Figure 1 – Summary of transcriptome responses to UV exposure in WT and mutant p53 MEFs.

(A) Experimental design of the experiment with 20J UV-C exposure at t = 0h. WT: wild-type MEFs; p53SA: 
p53S389A mutant MEFs; and p53KO: p53 knock-out MEFs. The colors represent genotypes in B, C, and D. 
(B) Numbers of UV DEGs over time for all genotypes. (C) rRNA expression profiles of raw signal data over 
time in WT MEFs. (D) Relative mRNA/rRNA ratio for all genotypes. (E) Heatmap showing DEGs up- or down-
regulated in WT per time point compared to time point 0h. The colors represent up- and down-regulated 
DEGs in E and F. (F) Normalized expression profiles of up- and down-regulated eigen-gene profiles 1 per time 
point for WT. Cf. Fig. S2 for the p53-mutant genotypes.

http://www.ncbi.nlm.nih.gov/geo/
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All these and some non-mentioned results, led us to hypothesize about orchestration 
of this massive transcriptome response to UV exposure in WT and mutant MEFs. This 
orchestration could be a result of one, or several, general transcription factors that 
would, distributed over time, turn genes on or off due to promoter sites with decreasing 
transcription factor binding affinity. One of those transcription factors of course could 
be p53, in which we theorized that the level of activated p53 complex was increased 
for specific cellular mechanisms such as DNA repair, cell-cycle arrest and apoptosis 
as a result of the UV exposure, while binding to many other promoter sites, and thus 
differential gene expression was merely a byproduct. This is in line with the concept 
that statistical significance does not equal biological significance. 

Potential transcriptomics artifacts

As we were drafting an article to publish our findings, we grew unease with our results, 
even though similar findings in other organisms have been reported before 1-6.

With respect to our hesitation, especially the high percentage of DEGs (34%) combined 
with their symmetric preferential gene-expression profile in all time points and 
genotypes seemed suspicious. 

Although stress often induces pleiotropic effects by affecting mRNA synthesis 5, 

18 and even alternative splicing 19, it is the extend of these effects that could lead to 
misinterpretation of transcriptome data. Most statistical data analysis methods in 
transcriptomics have a strict requirement that not too many genes exhibit changed 
expression in the experiment 20. To illustrate this by a mind experiment: Assume 1,000 
genes having an average expression X; upon exposure, the RNA concentration of 50% of 
the genes remains the same and of the other 50% it reduces 4 fold; thus the total amount 
of RNA reduces from 1,000X to 625X; After statistical normalization, the unchanged 
genes will be detected as DEGs with on average 1.6 fold RNA increase, whereas the 4 
fold decreased genes will be detected as DEGs with on average 2.5 fold RNA decrease. 
Besides faulty fold changes, this also means that many genes are erroneously labeled as 
DEG, which has major impact on the downstream analysis and biological interpretation. 
We suspect that such might be the case in the human skin UVB study 6 where ~40% of 
all genes are identified as DEGs, even though several melanocyte-specific genes could 
be confirmed by immunohistochemistry.

For our study, we considered three possible artefacts: statistical, technological, 
and biological. A statistical artefact could be so-called “over-fitting” of the data in 
normalization procedures 21. A technological explanation could be a change in the 
mRNA/rRNA ratio due to the treatment. A biological effect could be a non-specific 
stress response with many non-relevant DEGs.

We exhaustively checked for a statistical artefact, which seems not to be the case, as we 
observed most phenomena also in the raw data.
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The effect of a changing mRNA/rRNA ratio

As to rRNA measurements; rRNAs do normally have no poly(A) tail, so with the applied 
oligod(T) protocol no signal should be detected by the rRNA probes on a microarray. 
Hence, per fixed amount of total RNA, only the mRNA fraction is labeled into cRNA for 
each sample. Subsequently, a fixed amount of cRNA is hybridized to a microarray for each 
sample. Unexpectedly, the analysis revealed that all probes on our mouse microarray 
representing three types of rRNA had clear signals. The presence of these signals can 
be explained by “leakage” due to non-specific oligo-d(T) binding or by polyadenylation 
of rRNA, which occurs as a part of the rRNA degradation process 22-24. The rRNA gene-
expression profiles all showed a marked response in all genotypes (Fig. 1C and S3). 
Compared to the untreated control (t = 0h), a clear and sudden increase was present 
in all treated samples, with a maximum fold change of about 32.  So, given the options 
above, this increase can be caused by: an increase in rRNA concentration; an overall 
decrease in mRNA concentration; an increase in rRNA polyadenylation/degradation; or 
any combination of these effects.

To estimate a relative mRNA/rRNA ratio, we evaluated per sample the total RNA yield–
as a derivative for rRNA– and cRNA yield –as a derivative for mRNA–. We observed a 
trend of an about twofold increasing mRNA/rRNA ratio from about 6 hours on in WT 
MEFs (Fig. 1D), which is primarily caused by a decrease in total RNA yield. This was 
also present in p53SA, but absent in p53KO MEFs. Together, this means that the mRNA/
rRNA ratios are affected by the exposure in a time- and genotype-dependent matter. 
This severely hampers the normalization of the between-samples microarray data and 
effectively inhibits their analysis. This phenomenon seems to be independent of the 
above-described boost in rRNA signals at 3 hours.

It is generally known that high-stress induces the decrease of mRNA from most genes 
25 as well as rRNA 26. UV exposure studies show that mRNA synthesis changes both in 
relation to dose 5 as well as time 18. Although for instance Offmann et al 5, apply UV doses 
(at 12 hours) that induce approximate equal mRNA synthesis reduction (at 16 hours), 
this only considers newly synthesized mRNA and not mRNA degradation or major rRNA 
concentration changes.

It is impossible to determine from our experiment what causes the observed changes. 
The known rRNA polyadenylation before degradation might explain the increased rRNA 
microarray signals we observed. It also might well be that in WT and SA MEFs after 6 
hours, apoptosis occurs and dead cells are washed away in the harvest procedure. Even 
though we do not know the causes, we still felt that changing mRNA/rRNA ratios will 
have a profound effect on determining differential gene expression. It is therefore in our 
opinion quite important to keep track of the rRNA and mRNA concentrations per cell in 
gene-expression studies.

Dose range finding reveals non-specific stress response

However, before we were to redo our original experiment, we felt that avoiding changes 
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in rRNA and mRNA concentrations would be better than correcting for them. Thus, we 
first performed a dose range finding study. After all, 20 J radiation, which is a commonly 
used UV-C dose in cellular experiments 27, 28, is quite high.

The results of a limited dose range finding study, with a fixed t = 3h and n = 1, were very 
encouraging and alarming at the same time. Firstly, we investigated the rRNA signals 
(Fig 2A). Due to less input of sample RNA, only two rRNA types showed increasing 
signal at increasing UV dose. The pre-18S probe, detecting immature 18S transcripts, 
was increased ~ 25 times between dose 1.6 J and 12.8 J. The mRNA/rRNA ratio over the 
dose range was ambiguous due to the lack of replicates.

Several well-known p53 responsive genes showed a clear dose-response curve (Fig. 
2B and S4), that is: for the lower doses. These responses are overall in line with the 
known UV responses. At the higher doses –20 J is the highest dose– a clear plateau-
effect is visible. A self-organizing map (SOM) analysis summarizes the scaled fold-
change ratio’s of all DEGs of this experiment (Fig. 2C). The most obvious effect in the 
SOM is a clear nick in most clusters around 1.6 J in their dose-gene expression ratio 
curve. This nick marks the transition between two dose-response curves. Considering 
the p53-responsive genes, led us to hypothesize the existence of a low-dose range with 
a UV specific response and a high-dose range where a UV non-specific –presumably 
stress related– response prevails. So, for UV it means that a reliable dose to measure 
specific cellular responses is below ~1J UV-C radiation, up to twenty times lower than 
commonly used 3-6, 27, 28. The quite reproducible and also apparently rather specific dose-
response curves hold the promise that a transcriptomics experiment using the right 
conditions could in fact lead to new biological insights.

In addition, we were surprised to discover what happened with the response of many 
DEGs, if there is a (much) higher dose applied. In most cases the response reached a 
plateau, became substantially weaker, or even completely reversed with increasing 
doses. In many cases, there seems little to no response to low-dose UV radiation, but 
only to the high-doses. In our opinion, these high-dose DEGs probably represent the 
non-specific stress genes, which are non-relevant to our study, or are caused by a 
severely altered mRNA/rRNA ratio, which renders the DEGs artificial. This in fact means 
that the majority of DEGs, which formed the orchestrated eigen-gene profiles in our 
original experiment, most likely represents a coordinated and massive stress response 
or consists of artificial DEGs, as a result of an extreme high UV dose.

This emphasizes the important of dose range finding, which obviously also applies to 
time, to determine the optimal experimental conditions to study the aimed-for cellular 
phenomena.

It could well be that the large sets of stereotypic-regulated or “core environmental stress 
response” genes in yeast that after exposure to many different environmental stress 
types show perfect reciprocal transcriptome responses 1, 2 similar to our observations, 
might in fact be by-and-large artificial DEGs due to non-corrected mRNA/rRNA ratio 
changes. 

Figure 2 – Dose range finding

Range finding experiment with increasing UV-dose exposures of WT MEFs. Experimental set-up: Dose range: 
0.2, 0.4, 0.8, 1.6, 3.2, 6.4, 9.6, 12.8, 16, and 20J UV-C; One replicate per dose; Identical microarrays as in original 
experiment 16; Similar dual-color protocol as in 16 with 1 ug sample RNA as input. In total, 2,461 DEGs were 
identified by using spline fitting 32-34.

(A) rRNA expression profiles of raw signal data over dose range. (B) Normalized expression value profiles of 
well-known p53 dependent genes that were found as DEG. (B) Self-organizing map clustering of normalized 
expression ratios (red/green signal plus tx/t0) of the DEGs found for this analysis.
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Concluding remarks

Our point of view from these experiments is that the high-stress UV perturbation we 
applied to MEFs resulted in thousands of stress-response and/or artificial DEGs when 
we employed established and wide-used bioinformatics data-analysis techniques. 
Equivalent UV pertubations in other studies resulted in similar findings 3-6. This 

in rRNA and mRNA concentrations would be better than correcting for them. Thus, we 
first performed a dose range finding study. After all, 20 J radiation, which is a commonly 
used UV-C dose in cellular experiments 27, 28, is quite high.

The results of a limited dose range finding study, with a fixed t = 3h and n = 1, were very 
encouraging and alarming at the same time. Firstly, we investigated the rRNA signals 
(Fig 2A). Due to less input of sample RNA, only two rRNA types showed increasing 
signal at increasing UV dose. The pre-18S probe, detecting immature 18S transcripts, 
was increased ~ 25 times between dose 1.6 J and 12.8 J. The mRNA/rRNA ratio over the 
dose range was ambiguous due to the lack of replicates.

Several well-known p53 responsive genes showed a clear dose-response curve (Fig. 
2B and S4), that is: for the lower doses. These responses are overall in line with the 
known UV responses. At the higher doses –20 J is the highest dose– a clear plateau-
effect is visible. A self-organizing map (SOM) analysis summarizes the scaled fold-
change ratio’s of all DEGs of this experiment (Fig. 2C). The most obvious effect in the 
SOM is a clear nick in most clusters around 1.6 J in their dose-gene expression ratio 
curve. This nick marks the transition between two dose-response curves. Considering 
the p53-responsive genes, led us to hypothesize the existence of a low-dose range with 
a UV specific response and a high-dose range where a UV non-specific –presumably 
stress related– response prevails. So, for UV it means that a reliable dose to measure 
specific cellular responses is below ~1J UV-C radiation, up to twenty times lower than 
commonly used 3-6, 27, 28. The quite reproducible and also apparently rather specific dose-
response curves hold the promise that a transcriptomics experiment using the right 
conditions could in fact lead to new biological insights.

In addition, we were surprised to discover what happened with the response of many 
DEGs, if there is a (much) higher dose applied. In most cases the response reached a 
plateau, became substantially weaker, or even completely reversed with increasing 
doses. In many cases, there seems little to no response to low-dose UV radiation, but 
only to the high-doses. In our opinion, these high-dose DEGs probably represent the 
non-specific stress genes, which are non-relevant to our study, or are caused by a 
severely altered mRNA/rRNA ratio, which renders the DEGs artificial. This in fact means 
that the majority of DEGs, which formed the orchestrated eigen-gene profiles in our 
original experiment, most likely represents a coordinated and massive stress response 
or consists of artificial DEGs, as a result of an extreme high UV dose.

This emphasizes the important of dose range finding, which obviously also applies to 
time, to determine the optimal experimental conditions to study the aimed-for cellular 
phenomena.

It could well be that the large sets of stereotypic-regulated or “core environmental stress 
response” genes in yeast that after exposure to many different environmental stress 
types show perfect reciprocal transcriptome responses 1, 2 similar to our observations, 
might in fact be by-and-large artificial DEGs due to non-corrected mRNA/rRNA ratio 
changes. 

Figure 2 – Dose range finding

Range finding experiment with increasing UV-dose exposures of WT MEFs. Experimental set-up: Dose range: 
0.2, 0.4, 0.8, 1.6, 3.2, 6.4, 9.6, 12.8, 16, and 20J UV-C; One replicate per dose; Identical microarrays as in original 
experiment 16; Similar dual-color protocol as in 16 with 1 ug sample RNA as input. In total, 2,461 DEGs were 
identified by using spline fitting 32-34.

(A) rRNA expression profiles of raw signal data over dose range. (B) Normalized expression value profiles of 
well-known p53 dependent genes that were found as DEG. (B) Self-organizing map clustering of normalized 
expression ratios (red/green signal plus tx/t0) of the DEGs found for this analysis.
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cloud of non-relevant DEGs severely blocked our view of the molecular mechanisms 
we wanted to study. The settings for our perturbation originate from an era where 
primarily phenotypic endpoints were studied. The optimal perturbation settings for 
transcriptomics experimentation may be different. As transcriptomics techniques, be 
it microarray technology or next-generation sequencing-based, are more sensitive, 
dose and time range finding experiments could be performed to determine the 
optimal conditions for a perturbation with respect to the cellular mechanism one 
wants to study. As many perturbation experiments are performed without these range 
finding experiments, we are afraid that the effects we observed in our studies might 
apply to other studies as well. This means effectively that such stress-perturbation 
transcriptomics studies are by-and-large interpreting general stress/artificial responses 
as specific cellular response mechanisms to the applied stress, much like we have done 
in our original study. 

An important indication for this situation is the changing mRNA/rRNA ratio. In studies 
of mRNA decay, the mRNA/rRNA ratio has been considered in the analysis 29, but this 
obviously also applies in experiments with massive mRNA or rRNA content changes. 
By measuring and quantifying this ratio, for instance using appropriate sample 
spike-ins, major deviations could be a warning for severe RNA changes in the cell 30, 

31. Again, it is important to keep in mind that most statistical processing and analysis 
methods have as explicit requirement that no severe RNA changes have occurred in 
the experimental samples 20. Alternatively, in contrast to the relative concentration, the 
(semi) quantitative mRNA gene concentration could be analyzed. This would require 
additional spike-ins for microarray technology, but could maybe easier be achieved in 
next-generation transcriptome sequencing. In any case, the use of appropriate controls 
is essential to not be deceived by non-specific responses.

Range finding studies are a good way to avoid the complications related to high-stress 
associated responses. Often omics-based range finding experiments are perceived to be 
too expensive, but with a replicate of n=1, the severely dropped microarray costs, and the 
possibility to reuse microarrays for such experiments, this is not the case anymore. One 
should accept the fact that different cellular mechanisms often require different dose 
and/or time ranges to study, as will be the case in our example: DNA-repair mechanisms 
ask for a low dose, whereas apoptotic mechanisms probably requires a higher dose. 
These experiments are currently ongoing in our lab in an attempt to further unravel the 
true UV-specific responses in WT and p53-mutant MEFs.

Supplemental Information

Supplemental material can be downloaded from: http://www.tandfonline.com/doi/
suppl/10.4161/trns.1.3.13487#tabModule

http://www.tandfonline.com/doi/suppl/10.4161/trns.1.3.13487#tabModule
http://www.tandfonline.com/doi/suppl/10.4161/trns.1.3.13487#tabModule


Serious complications in gene-expression studies

55

References
1. Gasch AP, Spellman PT, Kao CM, Carmel-Harel O, Eisen MB, Storz G, et al. Genomic expression 

programs in the response of yeast cells to environmental changes. Mol Biol Cell 2000; 11:4241-57.

2. Chen D, Toone WM, Mata J, Lyne R, Burns G, Kivinen K, et al. Global transcriptional responses of 
fission yeast to environmental stress. Mol Biol Cell 2003; 14:214-29.

3. Boerma M, van der Wees C, Vrieling H, Svensson JP, Wondergem J, van der Laarse A, et al. Microarray 
analysis of gene expression profiles of cardiac myocytes and fibroblasts after mechanical stress, 
ionising or ultraviolet radiation. BMC Genomics 2005; 6:6.

4. Molinier J, Oakeley EJ, Niederhauser O, Kovalchuk I, Hohn B. Dynamic response of plant genome to 
ultraviolet radiation and other genotoxic stresses. Mutation Research/Fundamental and Molecular 
Mechanisms of Mutagenesis 2005; 571:235-47.

5. Offman J, Jina N, Theron T, Pallas J, Hubank M, Lehmann A. Transcriptional changes in 
trichothiodystrophy cells. DNA Repair 2008; 7:1364-71.

6. Choi W, Miyamura Y, Wolber R, Smuda C, Reinhold W, Liu H, et al. Regulation of Human Skin 
Pigmentation in situ by Repetitive UV Exposure: Molecular Characterization of Responses to UVA 
and/or UVB. J Invest Dermatol 2010; 130:1685-96.

7. Canales RD, Luo Y, Willey JC, Austermiller B, Barbacioru CC, Boysen C, et al. Evaluation of DNA 
microarray results with quantitative gene expression platforms. Nat Biotechnol 2006; 24:1115-22.

8. Guo L, Lobenhofer EK, Wang C, Shippy R, Harris SC, Zhang L, et al. Rat toxicogenomic study reveals 
analytical consistency across microarray platforms. Nat Biotechnol 2006; 24:1162-9.

9. Patterson TA, Lobenhofer EK, Fulmer-Smentek SB, Collins PJ, Chu TM, Bao W, et al. Performance 
comparison of one-color and two-color platforms within the MicroArray Quality Control (MAQC) 
project. Nat Biotechnol 2006; 24:1140-50.

10. Shi L, Reid LH, Jones WD, Shippy R, Warrington JA, Baker SC, et al. The MicroArray Quality Control 
(MAQC) project shows inter- and intraplatform reproducibility of gene expression measurements. 
Nat Biotechnol 2006; 24:1151-61.

11. Shippy R, Fulmer-Smentek S, Jensen RV, Jones WD, Wolber PK, Johnson CD, et al. Using RNA sample 
titrations to assess microarray platform performance and normalization techniques. Nat Biotechnol 
2006; 24:1123-31.

12. Tong W, Lucas AB, Shippy R, Fan X, Fang H, Hong H, et al. Evaluation of external RNA controls for the 
assessment of microarray performance. Nat Biotechnol 2006; 24:1132-9.

13. van ‘t Veer LJ, Dai H, van de Vijver MJ, He YD, Hart AA, Mao M, et al. Gene expression profiling predicts 
clinical outcome of breast cancer. Nature 2002; 415:530-6.

14. Jonker MJ, Bruning O, van Iterson M, Schaap MM, van der Hoeven TV, Vrieling H, et al. Finding 
transcriptomics biomarkers for in vivo identification of (non-)genotoxic carcinogens using wild-type 
and Xpa/p53 mutant mouse models. Carcinogenesis 2009; 30:1805-12.

15. Huang DW, Sherman BT, Lempicki RA. Bioinformatics enrichment tools: paths toward the 
comprehensive functional analysis of large gene lists. Nucl Acids Res 2009; 37:1-13.

16. Bruins W, Bruning O, Jonker MJ, Zwart E, van der Hoeven TV, Pennings JL, et al. The absence of Ser389 
phosphorylation in p53 affects the basal gene expression level of many p53-dependent genes and 
alters the biphasic response to UV exposure in mouse embryonic fibroblasts. Mol Cell Biol 2008; 
28:1974-87.

17. Alter O, Brown PO, Botstein D. Singular value decomposition for genome-wide expression data 
processing and modeling. Proc Natl Acad Sci U S A 2000; 97:10101-6.

18. Rockx DAP, Mason R, van Hoffen A, Barton MC, Citterio E, Bregman DB, et al. UV-induced inhibition of 
transcription involves repression of transcription initiation and phosphorylation of RNA polymerase 



Chapter 3

56

II. Proceedings of the National Academy of Sciences of the United States of America 2000; 97:10503-
8.

19. Muñoz MJ, Santangelo MSP, Paronetto MP, de la Mata M, Pelisch F, Boireau S, et al. DNA Damage 
Regulates Alternative Splicing through Inhibition of RNA Polymerase II Elongation. Cell 2009; 
137:708-20.

20. Stekel D. Microarray Bioinformatics. Cambridge: Cambridge University Press, 2003.

21. Kerr MK, Afshari CA, Bennett L, Bushel P, Martinez J, Walker NJ, et al. Statistical analysis of a gene 
expression microarray experiment with replication. Statistica Sinica 2002; 12:203-17.

22. Fleischmann J, Liu H. Polyadenylation of ribosomal RNA by Candida albicans. Gene 2001; 265:71-6.

23. Kuai L, Fang F, Butler JS, Sherman F. Polyadenylation of rRNA in Saccharomyces cerevisiae. Proceedings 
of the National Academy of Sciences of the United States of America 2004; 101:8581-6.

24. Slomovic S, Laufer D, Geiger D, Schuster G. Polyadenylation of ribosomal RNA in human cells. Nucl 
Acids Res 2006; 34:2966-75.

25. Ljungman M, Zhang F, Chen F, Rainbow AJ, McKay BC. Inhibition of RNA polymerase II as a trigger for 
the p53 response. Oncogene 1999; 18:583-92.

26. DuRose JB, Scheuner D, Kaufman RJ, Rothblum LI, Niwa M. Phosphorylation of Eukaryotic Translation 
Initiation Factor 2{alpha} Coordinates rRNA Transcription and Translation Inhibition during 
Endoplasmic Reticulum Stress. Mol Cell Biol 2009; 29:4295-307.

27. Bruins W, Zwart E, Attardi LD, Iwakuma T, Hoogervorst EM, Beems RB, et al. Increased Sensitivity to 
UV Radiation in Mice with a p53 Point Mutation at Ser389. Mol Cell Biol 2004; 24:8884-94.

28. Lu H, Taya Y, Ikeda M, Levine AJ. Ultraviolet radiation, but not Î³ radiation or etoposide-induced DNA 
damage, results in the phosphorylation of the murine p53 protein at serine-389. Proceedings of the 
National Academy of Sciences of the United States of America 1998; 95:6399-402.

29. Bernstein JA, Khodursky AB, Lin PH, Lin-Chao S, Cohen SN. Global analysis of mRNA decay and 
abundance in Escherichia coli at single-gene resolution using two-color fluorescent DNA microarrays. 
Proc Natl Acad Sci U S A 2002; 99:9697-702.

30. Holstege FCP, Jennings EG, Wyrick JJ, Lee TI, Hengartner CJ, Green MR, et al. Dissecting the Regulatory 
Circuitry of a Eukaryotic Genome. Cell 1998; 95:717-28.

31. Wang Y, Liu CL, Storey JD, Tibshirani RJ, Herschlag D, Brown PO. Precision and functional specificity 
in mRNA decay. Proc Natl Acad Sci U S A 2002; 99:5860-5.

32. Leek JT, Monsen E, Dabney AR, Storey JD. EDGE: extraction and analysis of differential gene expression. 
Bioinformatics 2006; 22:507-8.

33. Storey JD. The optimal discovery procedure: a new approach to simultaneous significance testing. 
Journal of the Royal Statistical Society: Series B (Statistical Methodology) 2007; 69:347-68.

34. Storey JD, Dai JY, Leek JT. The optimal discovery procedure for large-scale significance testing, with 
applications to comparative microarray experiments. Biostat 2007; 8:414-32.



4

RNA isolation for transcriptomics of human 
and mouse small skin biopsies

Bruning O, Rodenburg W, Radonic T, Zwinderman AH, de Vries A, 

Breit TM, de Jong M.



Chapter 4

58

Abstract

BACKGROUND: Isolation of RNA from skin biopsies presents a challenge, due to the 
tough nature of skin tissue and a high presence of RNases. As we lacked the dedicated 
equipment, i.e. homogenizer or bead-beater, needed for the available RNA from skin 
isolation methods, we adapted and tested our zebrafish single-embryo RNA-isolation 
protocol for RNA isolation from skin punch biopsies.

FINDINGS: We tested our new RNA-isolation protocol in two experiments: a large-scale 
study with 97 human skin samples, and a small study with 16 mouse skin samples. 
Human skin was sampled with 4.0 mm biopsy punches and for the mouse skin different 
punch diameter sizes were tested; 1.0, 1.5, 2.0, and 2.5 mm. The average RNA yield in 
human samples was 1.5 μg with an average RNA quality RIN value of 8.1. For the mouse 
biopsies, the average RNA yield was 2.4 μg with an average RIN value of 7.5. For 96% of 
the human biopsies and 100% of the mouse biopsies we obtained enough high-quality 
RNA. The RNA samples were successfully tested in a transcriptomics analysis using the 
Affymetrix and Roche NimbleGen platforms.

CONCLUSIONS: Using our new RNA-isolation protocol, we were able to consistently 
isolate high-quality RNA, which is apt for further transcriptomics analysis. Furthermore, 
this method is already useable on biopsy material obtained with a punch diameter as 
small as 1.5 mm.

This chapter has been published as:

BMC Res Notes. 2011 Oct 24;4:438. doi: 10.1186/1756-0500-4-438.
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Background

The use of skin biopsies is an important method for studying the in vivo effects of 
harmful agents or radiation on skin tissue as well as skin diseases. However, for -omics 
experiments such as transcriptomics, it is often difficult to obtain sufficient RNA from 
biopsies. This is primarily caused by the tough nature of skin material, which makes it 
hard to homogenize a skin sample, in addition to the high number of RNases in skin tissue 
that quickly degrade the biopsy RNA [1-5]. Because of this, several biopsies often need 
to be pooled, which can lead to dilution of effects by biological variation plus various 
other unwanted effects [6-8]. More or larger biopsies will increase the discomfort for 
human test subjects or the required number of test animals. More efficient ways of 
isolating RNA from this limited sample material holds the promise of decreasing the 
biopsy-related human discomfort and numbers of test animals.

The limited amount of biopsy material from an experiment of 97 human skin biopsies, 
i.e. half of a 4.0 mm diameter biopsy, initiated the development of an optimal skin RNA-
isolation protocol. At the same time, we investigated whether such a protocol would 
also allow for an experimental set-up with multiple skin biopsies per mouse, as this 
would imply the use of small biopsy punches (2.5 mm - 1.0 mm). Because, neither bead-
beater nor homogenizer, which are commonly used for this type of RNA extraction [1, 
2], are available in our setting, we decided to adapt our previously described robust 
and highly-efficient protocol for RNA extraction from single zebrafish embryos [9]. 
This protocol is based on sample homogenization in liquid nitrogen, RNA extraction 
by phenol and column purification. By adapting the zebrafish protocol we anticipated 
to be able to isolate, in an affordable way with standard equipment available in most 
molecular biology laboratories, enough RNA material from these biopsies with the 
required quality for use in -omics experiments. 

Results

After testing of several adaptations on our zebrafish single–embryo protocol, it showed 
optimal performance by the addition of a ten minutes shake step (Additional file 1, 
step11) [9].

To evaluate our skin-biopsy RNA-isolation protocol, we defined five key criteria: 1) 
Weight of the biopsy; 2) RNA yield; 3) RNA Integrity Number (RIN [10]) value for RNA 
quality; 4) aRNA yield after in-vitro amplification (IVT); and 5) average probe-signal 
intensity level after microarray analysis. We performed a human and a mouse study to 
assess the performance of our new RNA-isolation protocol.

For the experiment with 97 human patients, skin biopsies were taken with a 4.0 mm 
biopsy punch. Tissue material from these biopsies was divided and one half was used 
for RNA extraction, while the other half was used for pathologic examination. The 
results of the five protocol-evaluation criteria are summarized in Table 1. Applying the 
Affymetrix protocol thresholds (Table 1), 100% of the 97 biopsies yielded sufficient 
RNA and only 4 biopsies had a RIN value below the 6.5 threshold. Thus 96% of the 
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human skin biopsies displayed high enough quality for further processing. An example 
of the RNA quality is shown in Figure 1A.

To investigate the relationship between the protocol-evaluation criteria we plotted the 
results of the individual biopsies against each other (Figure 1 and Additional file 2, 3). 
As expected, there appears to be a linear relationship between the weight of the starting 
biopsy material and the RNA yield (Figure 1B). The RNA quality is consistently high, 
however, with heavier biopsies, the spread in RNA quality is smaller (Figure 1C). As 
equal amounts of input RNA or aRNA were used in the IVT reaction and microarray 
protocol, respectively, the relation between the biopsy weight and aRNA yield or average 
probe signal gets lost. There seems to be no obvious relation between RNA quality and 
aRNA yield or average probe signal (Figure 1D and E).

Figure 1. Scatterplots Human biopsies.

(A) Representative bioanalyzer results showing RNA quality from RNA isolated from 11 human biopsies. (B) 
Scatterplot showing the linear relationship between biopsy weight and RNA yield for 44 human biopsies. 
(C) Scatterplot of biopsy weight versus RNA quality for 44 human biopsies showing no clear relationship, 
although heavier biopsies appear to have less spread in RIN value than lighter samples. (D) Scatterplot of RNA 
quality versus the aRNA yield for 97 human biopsies showing no clear-cut relation. (E) Scatterplot of RNA 
quality versus average probe signal for 97 human biopsies showing no clear-cut relation. For the plots in B, 
C, D and E extreme outliers were removed that bias the scale too much. Scatterplots containing these outliers 
are shown in Additional file 3

Table 1. RNA extraction results

ND: not determined

* 44 half human biopsies were weighted.

** 12 mouse biopsies were analyzed by microarray technology 

$ Platform dependent results and thresholds.

¥ Array averaged log2 probe intensity
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After successful extraction of RNA from small human skin biopsies, we tested the 
performance of our new protocol in a limited experiment with mouse skin biopsies 
from test animals (un-)treated with UV light radiation (Additional file 4). Here we 
determined the minimal diameter size of biopsy punch that can be used to consistently 
obtain sufficient RNA from a skin biopsy for transcriptome analysis. This experiment 
consisted of 16 skin biopsies from four, approximately four months old, mice, obtained 
by biopsy punches of different sizes within one minute after they were euthanized. 
The examined punch diameters were: 1.0, 1.5, 2.0, and 2.5 mm. As mouse skin is less 
firm than human skin, we had to fold the skin while punching. For the 1.0 and 1.5 mm 
diameter punches the biopsies thus resulted in two small holes (Additional file 5). For 
the 2.0 and 2.5 mm diameter punches a half moon shape biopsy on folded skin was 
made, resulting in one round hole (Additional file 5). Since the obtained mouse biopsies 
were too small for a proper weight measurement, the punch diameter size was used as 
an indicator for the amount of material.

human skin biopsies displayed high enough quality for further processing. An example 
of the RNA quality is shown in Figure 1A.

To investigate the relationship between the protocol-evaluation criteria we plotted the 
results of the individual biopsies against each other (Figure 1 and Additional file 2, 3). 
As expected, there appears to be a linear relationship between the weight of the starting 
biopsy material and the RNA yield (Figure 1B). The RNA quality is consistently high, 
however, with heavier biopsies, the spread in RNA quality is smaller (Figure 1C). As 
equal amounts of input RNA or aRNA were used in the IVT reaction and microarray 
protocol, respectively, the relation between the biopsy weight and aRNA yield or average 
probe signal gets lost. There seems to be no obvious relation between RNA quality and 
aRNA yield or average probe signal (Figure 1D and E).

Figure 1. Scatterplots Human biopsies.

(A) Representative bioanalyzer results showing RNA quality from RNA isolated from 11 human biopsies. (B) 
Scatterplot showing the linear relationship between biopsy weight and RNA yield for 44 human biopsies. 
(C) Scatterplot of biopsy weight versus RNA quality for 44 human biopsies showing no clear relationship, 
although heavier biopsies appear to have less spread in RIN value than lighter samples. (D) Scatterplot of RNA 
quality versus the aRNA yield for 97 human biopsies showing no clear-cut relation. (E) Scatterplot of RNA 
quality versus average probe signal for 97 human biopsies showing no clear-cut relation. For the plots in B, 
C, D and E extreme outliers were removed that bias the scale too much. Scatterplots containing these outliers 
are shown in Additional file 3

Figure 2. Scatterplots Mouse biopsies.

(A) Representative bioanalyzer results showing RNA quality from RNA isolated from 12 mouse biopsies. (B) 
Scatterplot showing the linear relationship between biopsy weight and RNA yield for 16 mouse biopsies. (C) 
Scatterplot of biopsy diameter versus RNA quality for 16 mouse biopsies showing no clear relationship. (D) 
Scatterplot of RNA quality versus the aRNA yield for 16 mouse biopsies showing somewhat linear relation. 
(E) Scatterplot of RNA quality versus the average probe signal for 16 mouse biopsies showing no clear-cut 
relation.
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The results of this experiment are summarized in Table 1. RNA from all these biopsies 
had a RIN value of at least the 6.5 threshold, meaning that 100% of the RNA samples 
could be used for further processing. An example of the RNA quality is shown in figure 
2A. The differences in scale, present between the human and mouse studies in aRNA 
yield and average probe signals, are caused by differences in the microarray platforms 
employed in the two experiments (Table 1).

To investigate our protocol-evaluation criteria, we plotted the results for the individual 
biopsies (Figure 2 and Additional file 4). The relationship between the biopsy punch 
diameter and RNA yield is linear (Figure 2B). The RNA quality is constantly high, with no 
clear differences between diameter sizes, except for the 1.0 mm biopsy (Figure 1C). The 
resulting biopsy material from this punch diameter size was too small for proper and 
practical handling and this settled the lower punch diameter limit to 1.5 mm. Therefore, 
the 1.0 mm biopsy was left out of the microarray analysis. 

There seems to be a fairly linear relationship between RNA quality and aRNA yield for 
these biopsies (Figure 2D). However, the average probe signal seems to have no clear 
relation with the RNA quality (Figure 2E). For an impression of the performance of our 
RNA-isolation protocol in transcriptomics, we analyzed the microarray results by 
principal components analysis (PCA) (Figure 3). The PCA result shows a clear separation 
of UV-treated versus non-treated samples and an effect for test-animal. Only the biopsy 
1.5 mm sample from mouse number 4 is relatively far away from the other samples 
from this mouse on the PCA1 axis. This is most likely due to the fact that the RNA yield 
is quite low compared to all other samples (Additional file 4), which appears to have 
some effect on the test-animal effect. This indicates that the differences in biopsy punch 
diameter overall have a smaller effect on gene expression than the variable “test-animal” 
or experimental treatment with UV light. 

Conclusions

Our RNA-isolation protocol for human and mouse small skin biopsies presented here 
robustly produces sufficient good quality RNA for transcriptomics experimentation. 
Although our protocol results in similar RNA yields as compared to other RNA-isolation 

Figure 3. Principal components analysis of 
mouse microarray results.

Principal components analysis (PCA) of the non-
normalized log2 ratios of (biopsy/reference) 
showing a clear separation of the UV treated 
biopsies (+) from the untreated (-). The punch size 
seems to have no effect on these first two principal 
component axis. An effect from the animal that was 
used, is apparent.
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protocols [1, 2] (Additional file 6), the absence for dedicated laboratory equipment 
renders the advantage that it is easy to implement.

Furthermore, sufficient RNA can reproducibly be obtained by using a very small biopsy 
punch diameter of just 1.5 mm. For human skin studies this may imply that skin tissue 
can be obtained with significantly less discomfort for the test individuals. With respect 
to mouse experimentation, our results indicate that animals do not need to be sacrificed 
each time in vivo skin material is needed. As such, skin biopsies up to possibly six 
biopsies per animal could also be used in longitudinal studies, requiring significantly 
less animals, while increasing the statistical power by reducing the biological variation.

Methods

Biological material from humans

Skin biopsies with a 4.0 mm diameter punch were taken from the upper thigh or upper 
arm of 97 patients, before and 4 weeks after therapy with a drug to treat high blood 
pressure, after local anesthesia with ethyl chloride spray. Biopsies were immediately 
snap frozen in liquid nitrogen and stored at -80 °C until further processing. 

The protocol has been approved by the Medical Ethical Committee of the Academic 
Medical Center in Amsterdam. The feasibility approvals have been obtained from all 
the participating centers. This trial is registered in the Netherlands Trial Register under 
number NTR1423. Enrollment began in March 2008 and in October 2009 230 patients 
have been enrolled.

Biological material from mice

Four 3 to 4 months old SKH1 hairless mice were used in this experiment: two were 
untreated controls and two were irradiated with 300 J/m2 UV B light. 24 hours after 
exposure, both treated and untreated mice were euthanized by cervical dislocation. 
This was followed directly by biopsy sampling from the back to prevent RNA decay. For 
one mouse, biopsies were also taken from the abdomen. Biopsies were immediately 
snap frozen in liquid nitrogen and stored at -80 °C until further processing.

Biopsies using a 1.0 mm diameter punch were unpractical as part of the material 
remained inside the skin upon punching. The 1.0 and 1.5 mm biopsies were taken by 
punching through the folded skin resulting in two holes and the 2.0 and 2.5 mm ones by 
punching a half moon shape on folded skin resulting in one round hole.

The study was agreed upon by the institute’s Experimental Animal Ethical Committee 
and carried out in accordance with national legislation.

RNA isolation

Per RNA isolation, one 1.5 ml tube was filled beforehand with 75-100 mg phase-lock 
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gel heavy (5-Prime) and pelleted for 30 s at 12,000 × g. Single biopsies were pulverized 
to a fine powder with a standard liquid nitrogen pre-chilled mortar and pestle. This 
powder was transferred to a 1.5 ml tube with 300 μl Qiazol (Qiagen). The homogenate 
was vortexed vigorously for 15 s and subsequently shaken for 10 min on a REAX 2000 
(Heidolph). After a quick spin-down 60 μl chloroform was added to the homogenate, 
vortexed for 15 s and kept at room temperature for 3 min. The partly separated mixture 
was transferred as a whole to a pre-prepared phase-lock gel heavy containing tube 
and centrifuged for 15 min at 12,000 × g. The aqueous phase was transferred to a 
new 1.5 ml tube. RNA was purified by column precipitation according to the RNeasy 
MinElute Cleanup Handbook (version 2007) - Appendix D: RNA Cleanup after Lysis and 
Homogenization with Qiazol Lysis Reagent (Qiagen). At the end of the procedure, the 
RNA was eluted in 14 μl nuclease-free water. A PDF file with the complete protocol is 
available in a convenient format in the Additional file 1.

Microarrays with Human Affymetrix platform

Gene expression was analyzed with Human Exon 1.0 ST Arrays in biopsies from all 97 
patients. Sense-strand cDNA was generated from total RNA using Ambion WT Expression 
Kit (Applied Biosystems) conform the manufacturer’s instructions. Further steps were 
performed using the manufacturer’s protocols for the GeneChip platform (Affymetrix). 
Those included purification of double-stranded cDNA, synthesis of aRNA by in vitro 
transcription, recovery and quantification of biotin-labeled aRNA, fragmentation of this 
aRNA and subsequent hybridization to the microarray, post-hybridization washings 
and detection of the hybridized aRNA using a streptavidin-coupled fluorescent dye. 
Hybridized Affymetrix GeneChips were scanned using a GeneChip Scanner 3000-7G 
(Affymetrix). Image generation and feature extraction were performed using Affymetrix 
GCOS Software v1.4.0.036.

Microarrays with Mouse Roche NimbleGen platform

Gene expression of mouse samples was analyzed with a 12x135k Mus musculus 
microarray (Catalog no. 05543797001, Design 090901 MM9 EXP HX12) containing 
44,170 genes with 3 probes per target gene. Per RNA sample, 200 ng total RNA was 
amplified according to the Agilent LRILAK kit manual (Agilent technologies). Amino-
allyl modified nucleotides were incorporated during the aRNA synthesis (2.5 mM 
rGAU (GE Healthcare), 0.75 mM rCTP (GE Healthcare), 0.75 mM AA-rCTP (TriLink 
Biotechnologies). Synthesized aRNA was purified with the E.Z.N.A. MicroElute RNA 
Clean Up Kit (Omega Bio-Tek). Test aRNA samples were labeled with Cy3 and a Reference 
sample (made by pooling equimolar amounts of RNA from Test samples) was labeled 
with Cy5. 5 µg of aRNA was dried down and dissolved in 50 mM carbonate buffer pH 
8.5. Individual vials of Cy3/Cy5 from the mono-reactive dye packs (GE Healthcare) were 
dissolved in 200 µl DMSO. To each sample, 10 µl of the appropriate CyDye dissolved 
in DMSO was added and the mixture was incubated for 1h. Reactions were quenched 
with the addition of 5 µl 4M hydroxylamine (Sigma-Aldrich). The labeled aRNA was 
purified with the E.Z.N.A. MicroElute RNA Clean Up Kit. The yields of aRNA and CyDye 
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incorporation were measured on the NanoDrop ND-1000. 

Each hybridization mixture was made up from 1.1 µg Test (Cy3) and 1.1 µg Reference 
(Cy5) sample. Samples were dried and 1.98 µl of water was added. The hybridization 
cocktail was made according to the manufacturer’s instructions (Roche NimbleGen 
Arrays User’s Guide – Gene Expression Arrays Version 5.0, Roche NimbleGen). 5.22 
µl from this mix was added to each sample. The samples were incubated for 5 min 
at 65°C and 5 min at 42°C prior to loading. Hybridization samples were loaded onto 
the microarrays, and hybridized for 18 hours at 42°C with the Roche NimbleGen 
Hybridization System 4. Afterwards, the slides were washed according to the Roche 
NimbleGen Arrays User’s Guide – Gene Expression Arrays Version 5.0 and scanned in 
an ozone-free room with a DNA microarray scanner G2565CA (Agilent Technologies). 
Feature extraction was performed with NimbleScan v2.5 (Roche NimbleGen). The array 
data have been deposited in NCBI’s Gene Expression Omnibus and is accessible through 
GEO Series accession number GSE28463 (http://www.ncbi.nlm.nih.gov/geo/).

Data analysis

To generate the average log2 probe signal for the Affymetrix GeneChips, raw probe 
intensities without control probes were used. For the Nimblegen microarrays, raw 
sample channel data without control probes was used. Data handling, scatterplot 
generation and PCA analysis were performed using R-2.11.1 (http://www.R-project.
org) and Bioconductor (http://www.bioconductor.org/) software.
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Abstract

In transcriptomics research, design for experimentation by carefully considering 
biological, technological, practical and statistical aspects is very important, because 
the experimental design space is essentially limitless. Usually, the ranges of variable 
biological parameters of the design space are based on common practices and in turn 
on phenotypic endpoints. However, specific sub-cellular processes might only be 
partially reflected by phenotypic endpoints or outside the associated parameter range. 
Here, we provide a generic protocol for range finding in design for transcriptomics 
experimentation based on small-scale gene-expression experiments to help in the search 
for the right location in the design space by analyzing the activity of already known 
genes of relevant molecular mechanisms. Two examples illustrate the applicability: 
in-vitro UV-C exposure of mouse embryonic fibroblasts and in-vivo UV-B exposure of 
mouse skin. Our pragmatic approach is based on: framing a specific biological question 
and associated gene set, performing a wide-ranged experiment without replication, 
eliminating potentially non-relevant genes, and determining the experimental ‘sweet 
spot’ by gene set enrichment plus dose-response correlation analysis. Examination 
of many cellular processes that are related to UV response, such as DNA repair and 
cell-cycle arrest, revealed that basically each cellular (sub-) process is active at its own 
specific spot(s) in the experimental design space. Hence, the use of range finding, based 
on an affordable protocol like this, enables researchers to conveniently identify the 
‘sweet spot’ for their cellular process of interest in an experimental design space and 
might have far-reaching implications for experimental standardization.

This chapter has been published as:

PLOS ONE. 2014 May 13;9(5):e97089. doi: 10.1371/journal.pone.0097089. eCollection 
2014.
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Introduction

Design for experimentation plays an important role in transcriptomics research. There 
are several aspects that need to be considered: biological, technological, statistical and 
practical. Statistical principles for experimental design are well established [1–3] and 
usually applied. The technological, e.g. choice of (microarray) platform, or practical, 
e.g. available budget, considerations are of great importance, but depend mostly on the 
individual experimenter’s setting. This leaves biological aspects, such as those related to 
time, dose and space, which are frequently intuitively considered or based on common 
practice. In molecular biology based research, common practices in perturbation 
experiments are by tradition regularly tuned to phenotypic observations, such as the 
apoptosis, cellular responses, or cell growth. This could be based on the assumption 
that these measurable phenotypic endpoints coincide with changes in gene expression 
that are directly relevant to the mechanism under study, which might not always be the 
case. In addition, phenotypic endpoints might (partially) originate from other biological 
processes, such as general stress, than the biological mechanism under study. As a 
consequence, the relevant genetic processes could occur at other experimental ranges 
than those investigated, causing these significant processes to be missed or polluted 
by non-specific stress processes. Hence, the selection of optimal experimental ranges 
within the design space should be an integral part of transcriptomics experimentation.

This holds especially true for time-series experiments, for instance in toxicogenomics 
exposure studies [4,5]. Selecting a dose that is too high or low or a time point that is 
too early or late will have a profound effect on the insights that can be gained. In the 
recent past, we came across such an issue in a transcriptomics study regarding the 
role of p53 in response to UV-C exposure of Mouse Embryonic Fibroblasts (MEFs) [6]. 
The applied dose and time-scale were based on traditional experiment settings from 
the literature and the phenotypic endpoint apoptosis. Over one third of all genes were 
found to show differential expression (DEGs). In depth analysis revealed that this was 
a result of a general stress response, rather than a specific UV-C response [7]. There are 
other experiments with high numbers of DEGs that might suffer from similar problems. 
For example, in these two studies of UV exposure, one on cardiac cells [8] and one on 
human skin [9], about 40% of all genes were found to be differentially expressed. 

Any experimental design space in a mechanism-oriented transcriptomics experiment 
usually has multiple axes, e.g. time, dose, space, etc. (Figure 1A) and is in essence 
limitless. Given that technological and practical considerations restrict the number of 
experimental samples, it is essential to select parameter ranges that yield the relevant, 
most important information with respect to the biological question under study. As 
most biological processes are modular and each module often has its own optimal spot 
in the design space, there is a demand for a rather strict biological question for each 
experiment. Also, some responses are induced quickly after the perturbation and last 
shortly, whereas others will be different in these respects. Given all these uncertainties, 
it is quite impossible to upfront guess the optimal spot, i.e. ‘sweet spot’ (as coined in 
[10]) for a transcriptomics experiment in the total design space. Small-scale range 
finding tests can be helpful to discover an optimal experimental setup for a specific 
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biological study.

Here, we provide a proof-of-concept range finding protocol for transcriptomics by 
determining the optimal dose and time ranges for studying several specific cellular 
processes in response to UV exposure. We show the value of executing a transcriptome-
wide range finding test before designing an in depth transcriptomics study, as was 
previously suggested [7,10,11]. Our approach is easy to set up, cost-effective, and covers 
a substantial part of the design space. It can be used as blueprint protocol for designing 
expensive omics experiments. Both an in-vitro and an in-vivo case study are presented, 
emphasizing the broad applicability of the approach.

Material & Methods

Ethics Statement

This study was agreed upon by the Animal Experimentation Ethical Committee of the 
RIVM in Bilthoven, the Netherlands under permit number 201200128. Animal handling 
in this study was carried out in accordance with relevant Dutch national legislation, 
including the 1997 Dutch Act on Animal Experimentation. 

Biopsies were taken under Isoflurane anesthesia, at the end of the study animals were 
euthanized by cervical dislocation and all efforts were made to minimize suffering.

In-vitro UV exposure experiment

Figure 1. Experimental design space

Any experiment is designed in a design space defined by variable experimental parameters. A: a visualization 
of a hypothetical experiment in a design space defined by three variable experimental parameters. B: The in-
vitro range finding experimental setup with two variable experimental parameters: pulse exposure of MEFS 
by UV-C and recovery time after exposure. C; The in-vivo range finding experimental setup with two variable 
experiment parameters: pulse exposure of mouse skin by UV-B and recovery time after exposure. Each dot 
represents a sample. Black dots indicate failed samples.
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Primary Mouse Embryonic Fibroblasts (MEFs) were isolated from E13.5 embryos in a 
C57BL/6 background (backcrossed for more than F8 generations). MEFs were cultured 
in Dulbecco’s modified Eagle medium (Invitrogen, Breda, The Netherlands) containing 
10% fetal bovine serum (Biocell, Rancho Dominguez, CA), 1% nonessential amino acids 
(Invitrogen, Breda, The Netherlands), penicillin (0.6 μg/ml), and streptomycin (1 μg/
ml) at 37°C and under 5% CO2, 3% O2 conditions. The experiment was performed with 
early-passage MEFs (prior to passage five). MEFs were expanded and plated at 3.5x105 
cells per 6-cm plate. Six hours later when almost all cells are in G1 phase [12], cells 
were washed with phosphate-buffered saline and exposed to UV-C light at various doses 
(0.25, 0.75, 2.25, 6.7, 20.0 J/m2). Control samples were mock treated. At various time 
points after treatment (10 mins, 30 mins, 1 hrs, 3 hrs, 6 hrs, 12 hrs, 24 hrs, 48 hrs), MEFs 
were rinsed with phosphate-buffered saline and collected in 350 μl RLT buffer (RNeasy 
mini kit). An overview of all samples is shown in Figure 1B. Total RNA was isolated 
using the RNeasy mini kit (Qiagen, Valencia, CA). RNA quality was assessed with the 
Bioanalyzer 2100 (Agilent Technologies, Palo Alto, CA). 

In-vivo UV exposure experiment

All mice were males of 7-10 weeks of age and at least 10 times backcrossed in SKH 
hairless strain. Mice received normal feed and water ad libitum. Mice were UV-B 
exposed at various doses (90, 180, 360, 450, 720 J/m2) in a chamber containing Phillips 
TL12 lamps. Control mice were mock treated. At various time points after treatment (1, 
3, 6, 9, 12, 24 hr) both treated and untreated mice were anaesthetized by isoflurane and 
1.5 mm biopsies were sampled from the back by punching a half moon shape on folded 
skin. Biopsies were immediately snap frozen in liquid nitrogen and stored at -80°C until 
further processing. Total RNA was isolated as previously described in [13]. At 48 hrs 
after treatment all mice were euthanized by cervical dislocation after biopsies were 
taken. An overview of all samples is shown in Figure 1C. RNA quality was assessed with 
the Bioanalyzer 2100 (Agilent Technologies, Palo Alto, CA).

Microarrays with custom Mouse Roche NimbleGen platform

Gene expression levels of the mouse samples were analyzed with a 12x135k Mus. 
musculus microarray (Custom design GEO Platform accession number GPL17736) 
containing 24,302 genes based on NCBI-GeneID. Per RNA sample, 200 ng total RNA 
was amplified according to the Agilent LRILAK kit manual (Agilent technologies). 
Amino-allyl modified nucleotides were incorporated during the aRNA synthesis (2.5 
mM rGAU (GE Healthcare), 0.75 mM rCTP (GE Healthcare), 0.75 mM AA-rCTP (TriLink 
Biotechnologies). Synthesized aRNA was purified with the E.Z.N.A. MicroElute RNA 
Clean Up Kit (Omega Bio-Tek). Each individual aRNA test sample was labeled with Cy3 
and a reference sample, which was made by pooling equimolar amounts of RNA from 
either all in-vitro or in-vivo test samples, was labeled with Cy5. 5 µg of aRNA was dried 
down and dissolved in 50 mM carbonate buffer pH 8.5. Individual vials of Cy3/Cy5 from 
the mono-reactive dye packs (GE Healthcare) were dissolved in 200 µl DMSO. To each 
sample, 10 µl of the appropriate CyDye dissolved in DMSO was added and the mixture was 
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incubated for 1h. Reactions were quenched with the addition of 5 µl 4M hydroxylamine 
(Sigma-Aldrich). The labeled aRNA was purified with the E.Z.N.A. MicroElute RNA Clean 
Up Kit. The yields of aRNA and CyDye incorporation were measured on the NanoDrop 
ND-1000. For the in-vivo experiment 3 samples failed the quality requirements and 
were discarded for further processing. 

For both the in-vitro and in-vivo experiment each hybridization mixture was made 
up from a 1.1 µg test (Cy3) and 1.1 µg reference (Cy5) sample. Samples were dried 
and dissolved in 2 µl water. The hybridization cocktail was made according to the 
manufacturer’s instructions (Roche NimbleGen Arrays User’s Guide – Gene Expression 
Arrays Version 5.0, Roche NimbleGen). 5.2 µl from this mix was added to each sample. 
The samples were incubated for 5 min at 65°C and 5 min at 42°C prior to loading. 
Hybridization samples were loaded onto the microarrays and hybridized for 18 hours 
at 42°C with the Roche NimbleGen Hybridization System 4. Afterwards, the slides were 
washed according to the Roche NimbleGen Arrays User’s Guide – Gene Expression 
Arrays Version 5.0 and scanned in an ozone-free room with a DNA microarray scanner 
G2565CA (Agilent Technologies). Feature extraction was performed with NimbleScan 
v2.5 (Roche NimbleGen). The array data have been deposited in NCBI’s Gene Expression 
Omnibus (GEO) and is accessible through GEO Series accession numbers GSE50930 for 
the in-vitro experiment and GSE51348 for the in-vivo experiment

Microarray data processing

The quality of the microarray data was assessed via multiple quality-control checks, i.e. 
visual inspection of the scans, testing against criteria for foreground and background 
signals, testing for consistent performance of the labeling dyes, checking for spatial 
effects through pseudo-color plots, and inspection of pre- and post-normalized data 
with box plots, ratio-intensity (RI) plots and PCA plots. All arrays passed the minimal 
criteria for quality assessment of the microarray data and were used in the analyses.

Handling, analysis and visualization of all data was performed in R (http://cran.r-
project.org/) using the Bioconductor (http://www.bioconductor.org/) packages limma 
and maanova.

Log2 transformed data was normalized within-array using LOESS on an MA-plot of the 
Cy3 test sample data vs. the corresponding Cy5 reference sample data. Subsequently, 
the robust multi-array average (RMA) algorithm was performed on only the normalized 
Cy3-sample data for between-array normalization through summarization of the 
intensity values of the probes in a NCBI-GeneID probe set.

A mixed linear model was fitted on the in-vivo data to correct for the effects of the 
individual mice on the gene expression levels. 

These normalized expression values were used for the generation of log2 ratios of zero 
dose points in time compared to the dose and time point zero. These log2 ratios were 
used to filter out the genes with a log2 FC >1 in the zero dose range from the whole data 
set.

http://cran.r-project.org/
http://cran.r-project.org/
http://www.bioconductor.org/
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The filtered data sets were used to make log2 ratios for the dose points per time point 
compared to the zero dose point of that time point. These log2 ratios were tested against 
64 manually selected different gene sets (Table S5) for enrichment using the geneSetTest 
function from the Bioconductor package limma. The resulting p-values were corrected 
for false discoveries using the Benjamini-Hochberg procedure. Corrected p-values were 
used to generate experiment diagrams per gene set. These diagrams were colored using 
an adaptive color key based on the lowest corrected p-values found in the gene set. If 
the lowest corrected p-value was above 0.3 the coloring ranged from 0.3 (red) to 0.5 
(grey). If the lowest corrected p-value was below 0.3 the coloring ranged from pmin 
(red) to pmin + pmax (grey), where pmin is the lowest corrected p-value, and pmax 
depended on the experiment. Pmax was set to 0.2 in the in-vitro experiment and to 0.01 
in the in-vivo experiment. ‘Sweet spots’ were defined as the areas in the diagrams that 
were colored red.

Dose-response relations for each gene per gene set were generated from the filtered 
data sets and tested using Pearson correlation. Absolute correlations > 0.8 were marked 
as relevant. Genes with no correlations > 0.8 in any of the time points were removed 
from Tables 1, 2, S3 and S4. All time points were visualized in the tables and the time 
points per gene set that contained a ‘sweet spot’ in any dose were marked with grey.

Results

Setting the experimental parameters

Before looking for the location of the ‘sweet spot’ for follow-up UV experiments in a 
design space defined by variable parameters (Figure 1A), we also evaluated the non-
variable experimental parameters. As a consequence, we choose optimized standard 
values of important constant experimental parameters associated with this design 
space based on current knowledge. For the in-vitro study, the oxygen level, under 
which the MEFs were cultured, was lowered from 21% to 3% [14] and the cells were 
synchronized before the start of the experiment [12]. As no information was available 
to determine several of the in-vivo constant experimental parameters, we performed 
a number of tests that determined the optimal biopsy punch diameter size and RNA 
isolation protocol [12], as well as the maximum number of subsequent biopsy sampling 
from the same animal. For the latter, the tests indicated that six biopsies can be taken 
over time from one animal, without these biopsies affecting each other (Data S1). These 
optimized parameters set the constant parameter values for the experiments. This 
left us with both an in-vitro and an in-vivo experimental design space defined by two 
variable parameters: UV dose and recovery-time-after-exposure.

Defining the experimental design space

To determine the optimal spot for any specific biological process in a given 
experimental design space defined by relevant variable experimental parameters, this 
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design space needs to be explored. Such an exploration can be done by using small-
scale range finding transcriptomics experiments that identify transcriptome-wide 
gene expression in the relevant section of the design space. As proof-of-concept, we 
performed two such range finding experiments with our two variable parameters: UV-
exposure dose and recovery time-after-exposure (Figure 1B and C). For this both in-
vitro UV-C exposed MEFs, as well as in-vivo UV-B exposed mouse skin were used. The 
range finding approach that we suggest here aims to explore the design space at a high 
density without replicate sampling. The in-vitro range finding experiment consisted of 
48 samples from synchronized MEF cell-cultures grown under a 3% oxygen level after 
exposure to various doses of UV-C exposure and different recovery periods (Figure 1B). 
The in-vivo range finding experiment consisted of 60 samples from mouse skin-biopsies 
after exposure to various doses of UV-B exposure and different recovery periods. To 
estimate the inter-individual variation, two mice were used per UV-B dose and a control 
sample was taken from each mouse before exposure. Samples at the remaining time 
points were collected alternating between mice with the same exposure dose (Figure 
1C). Both UV-B and UV-C induce p53 through similar DNA damage response. UV-C was 
selected as radiation source for in-vitro as this is common practice for in-vitro studies 
on UV and p53 [6,12,15] whereas UV-B is commonly used in in-vivo studies [16–18]. In 
addition, UV-C seems to be too harmful for in-vivo use. 

Both the in-vitro and in-vivo timeframes and UV-doses are based on a range of p53 
protein accumulation and phosphorylation and on apoptosis studies in previous 
experiments on wild type p53+/+ MEFs or mice. For the in-vitro time range we used 
earlier in-vitro experiments that showed p53 accumulation at early time points (3 
hr), peaking around 12 hours and returning to normal 24 hours after irradiation. In 
addition, the apoptosis response is shown to occur from 8-12 hours, peaking around 
16-20 hours and continuing to increase until 48 hours after irradiation. We enriched the 
early time points since gene expression often precedes these phenomena and because 
we observed a clear change at t=6 in previous gene expression studies [12,19,20]. The 
in-vivo time range was chosen based on previous in-vivo experiments in p53+/+ mice 
(hairless). These showed p53 accumulation and apoptosis at 6 and at 24 hours after 
UV exposure [15]. The selection of the in-vitro dose points was based on experiments 
that studied the effect of different doses in-vitro on p53 accumulation, phosporylation 
and apoptosis [6,19,20]. The most and at the same time highest dose studied is 20 J/m2. 
Based on earlier gene expression range studies we made the observation that 20 J/m2 
was high (no cell growth). A recent study [20] shows that 37% of cells survive at a UV 
dose of 5 J/m2. Lower doses were selected since gene expression is more sensitive than 
endpoint apoptosis/cell survival. The in-vivo dose point selections were based on the 
minimal erythemal dose (MED, appearance of red skin) for p53+/+ mice that was 900 
J/m2. Accumulation of p53 is observed 24 hours after UV exposure at a dose of 300 J/m2 
[15]. Stepwise doses were selected lower and higher. Here, lower doses were included 
as gene expression may be more sensitive than p53 staining or caspase 3 staining of the 
skin.
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Assessing the RNA yield

In previous studies [6,7], we observed large effects on the transcriptome caused by 
strong stress perturbations, which were reflected by substantial changes in the rRNA 
and mRNA yields (Figure 2A). We therefore assessed the total RNA yields in both 
experiments (Figure 2). In the in-vitro experiment, unexposed cell growth causes an 
about six-fold increase in total RNA yield per culture plate between the first and last 
time point. Here, a clear dose-related effect was present: at low UV-C doses there is a 
slight additional increase in total RNA yield as compared to the unexposed control 
sample and the increase in total RNA yield is reduced until the point of arrest at the 
highest UV-C dose (Figure 2A). In comparison, the previous in-vitro experiment with 
high oxygen level and 20 J/m2 UV-C exposure showed a decrease in total RNA yields 
over recovery time, most likely caused by cell death and/or systemic RNA degradation. 
In contrast, there was no noticeable dose-related effect on total RNA yield in the in-vivo 
experiment (Figure 2B). 

A rRNA/mRNA ratio that changes significantly during an experiment can severely 
hamper data analysis as input total RNA consists mostly of rRNA [12]. To approximate 
relative mRNA levels, we used the aRNA levels after linear amplification via in-vitro 
transcription (IVT). In both experiments the IVT amplification was started with the 
same amount of RNA, effectively normalizing the existing differences in total RNA 
yields. Three RNA samples in the in-vitro experiment did not amplify properly and were 
excluded from further analysis (Figure 1C and Table S1B). In the previous in-vitro UV 
exposure experiment, there was a slight decrease in mRNA level over recovery time 
(Figure S1A). In the current in-vitro experiment there seems little change in mRNA level 
(Figure S1A). Although in the in-vivo experiment there were differences in mRNA levels, 

Figure 2. Effect of UV exposure on RNA yield 

Relative RNA yields for all A: in-vitro and B: in-vivo experimental samples are given as compared to the RNA 
yield of the t=0 sample in each experiment. In A also the RNA yields from a previous in-vitro UV exposure 
experiment with 21% oxygen, non-synchronized culture conditions and 20 J/m2 UV-C [6] exposure are 
presented as reference. The RNA quality of the individual samples was of good quality with a minimum RIN 
value of at least 9.1 in the in-vitro experiment and 6.8 in the in-vivo experiment (Tables S1A and S1B).
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there seems no relation to the UV dose (Figure S1B). Combining the total RNA and 
mRNA estimations indicates that the rRNA/mRNA ratio was not substantially changed 
in these experiments.

Restricting the experimental design space by estimating 
differentially expressed genes

In experimental range finding, the aim is usually to detect those ranges at which specific 
responses to a given perturbation are induced. A high number of differentially expressed 
genes (DEGs) is an indication of a perturbation range that induces non-specific 
responses. As such, we determined the DEGs in both experiments. Log2 fold change 
(FC) ratios of normalized gene-expression values compared to the dose and recovery 
time point zero were generated for each point in our experimental design spaces. In the 
in-vivo experiment an additional correction for individual mouse effects was applied. 
An arbitrary cut-off of log2 FC > 1 was used to estimate the number of genes in the 
transcriptome with a changed expression. Visualizing the numbers of DEGs in both 
experimental design spaces revealed huge differences (Figures 3, S2 and Table S2). If we 
assume that around 2,000 (~10% of all genes assessed) or more DEGs are indicative for 
non-specific responses, which would be in concordance with yeast [21], it becomes 
clear that in the in-vitro experiment any recovery time-point from 12 hours on, will only 
yield non-specific responses. This might be a result of the fact that the synchronization 
of cells at the start of the experiment begins to collapse due to continuous cell growth 
[12]. A strong indication is the fact that this effect is quite prominent even without any 
UV exposure (Figure 3A, S2A and Table S2A). It is also clear that the highest dose of 20 
J/m2 induces huge changes in the transcriptome, already after three hours of recovery 
time. All the areas of the in-vitro experimental design space with over 2,000 DEGs are 
considered unusable to study specific UV-C responses (Figure 3A, S2A and Table S2A). 
In contrast, in the in-vivo experimental design space, the maximum number of DEGs 
was about 1,350, which means that using the same criterion, no restriction in this design 
space was needed (Figure 3B, S2B and Table S2B).

Figure 3. Number of differentially expressed genes

A: The number of differentially expressed genes (DEGs) for each in-vitro experimental sample as compared 
to the t=0 samples applying a gene-expression ratio cut off of log2 FC > 1. B: As A for the in-vivo experiment. 
The colors represent the number of DEGs according to the schemes in the middle. The blue lines in the middle 
schemes represent the number of samples with a given number of DEGs for the in-vitro (upper) and in-vivo 
(lower) experiment.C: The number of DEGs for the in-vitro experimental samples with less than 2.000 DEGs 
as compared to the t=0, applying a gene-expression ratio cut off of log2 FC >1, after removal of the genes with 
non-relevant differential expression (i.e. genes that were differentially expressed in any untreated sample). 
D: As C for the in-vivo experiment. E: The number of DEGs for the in-vitro experimental samples compared to 
the associated dose=0 sample applying a gene-expression ratio cut off of log2 FC > 1. F: As E for the in-vivo 
experiment. The colors represent the number of DEGs according to the schemes in the middle. The blue lines 
in the middle schemes represent the number of samples with a given number of DEGs.
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Removing genes from baseline cellular processes with expression 
changes

Even with all experiment setup efforts towards synchronization of cells and 
standardization of protocols, there are still genes that showed differential gene 
expression without the perturbation, i.e. UV dose zero (Figures 3A, 3B, S2A, S2B, Tables 
S2A and S2B). As already noted, in the in-vitro experiment this is to be expected, as cells 
continue to grow and as such their environment, to which they respond, changes. In the 
in-vivo experiment this phenomenon is less prominent, but still present. Our previous, 
unpublished, study (Data S1) showed that for instance genes related to circadian 
rhythm show differential expression in-vivo. Although explicable, the consequence is 
that any differential expression of these genes in the experimental design space outside 
the zero dose range cannot or at least not exclusively be attributed to the cellular 
response associated with the perturbation. In this analysis we do not want to further 
explore their role. As such, we decided to remove these genes with differential non-
exposure ‘background’ expression from the data sets altogether. In total, 1,854 and 
1,814 (Tables S2A and S2B) UV-unrelated DEGs (FC>2 in relation to t=0) were identified 
in the untreated samples from the in-vitro and in-vivo data set, respectively and were 
removed (Figures 3C, 3D, S2C, S2D, Tables S2C and S2D). The number of DEGs in the 
experimental design spaces were recalculated using the associated untreated sample, 
which resulted in 73% of the samples in the in-vitro experiment having less than 300 
DEGs, whereas 70% of the samples in the in-vivo experiment have over 300 DEGs 
(Figures 3E, 3F, S2E, S2F, Tables S2E and S2F). There seems to be little overlap over time 
or dose between the genes found with FC>2. This effect stays consistent throughout the 
filtering steps (Tables S2A to S2F).

Identifying the experimental ‘sweet spot’ in the design space

Although obvious, the ‘sweet spot’ in any experimental design space primarily depends 
on what cellular mechanism the ultimate experiment is aimed at. In our (restricted) 
design spaces, all occurring cellular processes can in principle be evaluated. An 
advantageous and more focused way is to explore an experimental design space 
using prior knowledge. This can be done by determining whether the genes known to 
be involved in a cellular process of interest have a changed expression as compared 
to the onset of the experiment. To substantiate this search, we explored the design 
spaces by performing gene set enrichment analyses for 64 predefined, expert-selected, 
cellular processes and pathways retrieved from various commercial or freely available 
databases such as KEGG, BioCarta, Metacore, Ingenuity, and so on (Table S5), combined 
with an intuitive visualization of the results (Figures 4, S3 and S4). Also, randomly 
created pathways were tested to check whether or not the patterns in the visualizations 
are likely be generated by chance, which turned out not to be the case (data not shown).
Figure 4. Cellular process specific responses in the experiment design space

For each specified gene set, the spots that potentially are a so-called ‘sweet spot’ in the experimental design 
space are indicated (red). The sweet spots are identified as those samples that have the lowest p-values 
within the defined range in a gene set enrichment analysis.
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In the in-vitro experiment for instance, a set of known genes (n=45) of the nucleotide 
excision repair (NER) pathway, showed to be most active at one specific spot in the 
design space: 6 hours and 2.25 J/m2 UV-C dose (Figure 4A). At other dose-time points 
the enrichment of this gene set was not significant. In contrast, in the in-vivo experiment, 
NER genes change mostly at 12 – 48 hours and 180 – 720 J/m2 UV-B doses. Compared 
to NER genes, cell cycle genes (n=128) are changed in the in-vitro experiment at an 
earlier time and a much higher UV dose (Figure 4A). As can been construed from the 
presented examples (Figure 4), each cellular process, pathway, or collection of genes 
shows its own preferential spot in the design space where genes of this process are 
most significantly enriched in the high FCs. This indicates the sought after ‘sweet spot’ 
for each of those groups of genes to be studied in the context of the associated cellular 
process and its involvement in UV response.

However, as is clear from the examples, some gene sets do show change in several spots 
in the experiment design space. This is most obvious in the in-vivo design space and 
could be the result of the fact that a specific gene set is widely used, or too broadly 
defined so that it actually represents more than one biological process. To still enable 
an informed decision, we zoomed in on the individual genes of these gene sets. The 
doses-response (i.e. gene expression) relation of each gene is an important indicator 
for the involvement of a gene in the response to an exposure. Each gene has a doses-
response curve over each time point. The dose-response correlations were determined 
per time point for each gene in a gene set that was still present in the filtered data. 
(Anti-) correlations > 0.8 indicate a strong relation between the exposure and the gene-
expression (Tables 1, 2, S3 and S4). In the in-vivo example of NER genes, at the gene set 
‘sweet spot’ time point 6h, 13 genes show a strong correlation. At time point 3h, only 7 
such genes were found, of which only 2 overlapped with those from time point 6h (Table 
1). Also at 1h correlated genes are found, like those at 3h these could be different sub 
processes. In the in-vivo example of the p53 responsive elements, the same phenomenon 
occurs in that each time point has a different set of dose-correlating genes. There are 
clearly genes that are involved in an early, middle, or late responses to UV exposure 
(Table 2). Depending on the ever advancing knowledge of these genes, an interpretation 
can be made as to at what time point the genes and/or cellular processes of interest 
are active. By presenting the dose-response relation of individual genes, biologist have 
a tool to qualitatively make a choice where in the experimental design space they want 
to perform their ultimate experiment, focused on a specific gene or biological process.
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Table 1. In-vitro example of dose-response correlations of individual genes per 
time point.

Nucleotide Excision Repair 
gene 10h 30h 60h 180h 360h*
Rfc3 0.82 0.8

Ercc2 -0.93

Pole3 0.88 0.95

Cetn2 0.88 0.94

Pold3 -0.85

Pold4 0.81

Mnat1 -0.97 -0.86

Xpa 0.88

Rbx1 0.87

Gtf2h2 -0.85

Ercc5 0.82 0.88

Gtf2h1 0.82

Rfc4 0.91

Rfc5 0.89

Pold2 -0.88

Rad23b 0.88

Ercc4 0.87

Ercc8 0.85

Gtf2h5 0.83

Ercc1 -0.82

Xpc 0.82
Per time point of the in-vitro range finding experiment, dose-response correlations are depicted for each gene of 
the KEGG nucleotide excision repair gene set that is found at least once significantly correlated (>0.8). Columns 
with an “*” indicate the time points in which at least one sample was found significantly differential expressed in 
the gene set enrichment (Figure 4).

* location of the sweet spot
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Table 2. In-vivo example of dose-response correlations of individual genes per 
time point.

p53 Responsive Elements
gene 1h* 3h 6h* 9h 12h 24h* 48h
Msh2 -0.97

Btg2 0.95

Igfbp3 -0.87 -0.86 -0.8 -0.86 -0.86

Sesn1 -0.98 -0.87 -1

S100a2 0.94

Pmaip1 0.87 0.81 0.97

Fas -0.85

Mdm2 0.92 0.89 0.8 0.88

Cdkn1a 0.91 0.86 0.95 0.94 0.85

Gml 0.91

Tnfrsf10b 0.9 0.89 0.86 0.89

Pcna 0.81 0.86

Sfn 0.86

Same setup as for Table 1, now for the in-vivo range finding experiment and the IARC 
p53 responsive elements gene set.
* location of the sweet spot

Discussion

This study addresses several issues that are involved with design for transcriptomics 
experimentation. To find the best spot in an experimental design space defined by the 
variable parameters, we developed a protocol that allows for determining the ranges 
within the experimental design space where relevant responses of the process under 
study occur. Instead of using phenotypic markers, we examined gene expression 
directly, thereby avoiding the potential problem that relevant transcriptome changes 
often precede phenotypic changes as well as that phenotypic changes can be a combined 
outcome of multiple, including non-relevant biological processes. Our proof-of-concept 
protocol can be summarized as follows: 1) frame a specific biological question with 
an associated gene set; 2) define a wide-ranged sample space and sampling scheme 
without replication; 3) obtain transcriptomics data and estimate DEGs; 4) restrict the 
experimental design space by eliminating areas with potentially stress-related and 
noise-related DEGs; 5) determine the experimental ‘sweet spot(s)’ for the biological 
question using the selected gene set in gene set enrichment analysis and in dose-
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response correlation analysis for each point in the design space. 

By this pragmatic approach, the complex modularity of biological processes is taken 
into account by the possibility of using gene sets that comprise different levels of 
organization. Larger processes can be investigated, but also smaller sub-processes can 
be checked. Crucial here is that different cellular processes will occur at different ranges 
in the design space, so the processes of interest must be well defined to find the right spot 
in the design space. For instance, we found the spots in our in-vivo experimental design 
space where NER occurs, to be much later in time than those with extrinsic apoptosis 
(Figure 4). In the overview of all tested 64 processes (Figures S3 and S4), most spots 
show relevant transcriptome changes for one or more processes in the design space. 
This is in line with the fact that at each spot specific cellular processes are occurring.

There are also instances where for one particular process many spots in the design 
space show transcriptome changes. For instance, the process Cell Cycle showed 
significant transcriptome changes almost throughout the whole in-vivo experiment 
design space (Figure 4B). This could imply that the 128 genes of this gene set are 
not defined specific enough and need to be further subdivided in gene sets that are 
indicative of cell-cycle arrest or cell cycle initiation etc. Another example is the gene set 
p53 responsive elements. Given the important role p53 plays in many cellular processes, 
it is to be anticipated that range finding with this gene set will result in many potentially 
interesting spots in the design space. Again, using smaller subsets or exploring the 
behavior of individual genes as proposed in our protocol, might overcome this issue. 
However, we have found that when gene sets become too small (below 20 genes), the 
removal of single genes, for instance due to the application of different filtering steps, 
can render the results for such a set unstable. 

Considering the experimental design, one might argue that the experimental setup of 
this study could be improved upon. For instance, the use of a common reference sample 
pool to co-hybridize with the samples instead of directly comparing against the zero 
dose for the same time point and the time point zero for the mock-treated samples. This 
approach can result in inflated technical variation [22]. However, due to the exploratory 
nature of this study, we wanted to be able to compare all samples with one another. This 
approach kept all options open. The initial choices for our design ranges were derived 
from common practice. In hindsight, these choices seem to have been sufficient for our 
goals, as we obtained a good insight in the relevant ranges for the processes we want 
to study. Only the high dose, late in time combinations for the in-vitro study might have 
been left out to save on costs as these gave uninterpretable results as was expected 
based on the known biology.

The used gene set test is an important component of the approach presented. It is based 
on permutation of genes and assumes that the genes in the set are no more correlated 
on average than randomly chosen genes. It is well known that this assumption is likely 
to be violated, as inter-gene correlations are likely to occur. Hence, we would preferably 
have used a methodology that takes these correlations into account. However, this 
would require biological replicates [23,24], which we do not have in these range finding 
studies. If the assumption is violated, then the gene set test results in p-values that 
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are generally too low, and the test results may therefore be over-optimistic. Yet, in this 
study we are not interested in determining an exact p-value. Rather, we are screening 
for ranges in which certain pathways are most activated. The gene set test results are 
sufficient to define such ranges, and exact p-values can be calculated in the follow-up 
study with biological replication.

Altogether, these findings do underline the importance of defining the exact biological 
question before the execution of a study. This would argue in favor of hypothesis-driven 
rather than data-driven research. Also, the approach often used by molecular biologists 
to put as many questions, as they possibly can come up with, in one (combined) 
experiment is not suitable for transcriptomics research. Often the argument of costs 
is employed as an excuse not to perform range finding studies. The small-scale range 
finding studies proposed here are relatively cheap, as no replications are used and the 
costs for these types of experiments are still decreasing. In fact, this approach could in 
essence also be done by quantitative PCR only using the genes of interest. Vice versa, 
one could argue that an experiment executed at an less informative range will be more 
costly in the end. Of course, the amount of samples used here might be equal to the 
size of a simple study and might not be cost-effective in comparison. Again, the use of a 
qPCR based approach might be more interesting in this case. Also, these small studies 
are often part of a larger research strategy, for which it will be useful to run small-scale 
range finding studies upfront.

Previous studies also recommended the use of range finding for the selection of 
experiment sampling points for transcriptomics [25,26]. However, these methods were 
focused solely on the discovery of optimal time points and not on any other axes in 
experiment design space, such as dose. Others have looked at the phenotypic level [27] 
and might therefore, as discussed before, run a greater risk of being outside the optimal 
ranges on the transcriptomics level. We are convinced that our proposed approach can 
help in advancing transcriptomics experiment design and thus improving the insights 
in specific responses of a system to perturbations by avoiding non-specific responses. 

Given the clear nature of the results presented here and the common-sense rationale 
that is behind it, we anticipate that range finding tests will become general practice in 
transcriptomics experimentation in the near future. To support this, we suggest that 
the results of all range finding studies are deposited in world-wide data repositories, so 
other researchers can use these data to determine for their specific cellular process of 
interest where they should design their experiment. At the same time it could provide 
means by which researchers can see in which -unexpected- experimental setups, i.e. cell 
state or response to perturbations, their favorite cellular process or gene is involved. 
Obviously, this only applies if the experimental setup is (near) identical. As such, range 
finding might even lead to more experimental standardization of specific research 
domains. 
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Abstract

In transcriptomics experimentation, confounding factors frequently exist alongside 
the intended experimental factors and can severely influence the outcome of a 
transcriptome analysis. Confounding factors are regularly discussed in methodological 
literature, but their actual, practical impact on the outcome and interpretation of 
transcriptomics experiments is, to our knowledge, not documented. For instance, in-
vivo experimental factors; like Individual, Sample-Composition and Time-of-Day are 
potentially formidable confounding factors. To study these confounding factors, we 
designed an extensive in-vivo transcriptome experiment (n=264) with UV-B exposure 
of murine skin containing six consecutive samples from each individual mouse (n=64).

Evaluation of the confounding factors: Sample-Composition, Time-of-Day, Handling-
Stress, and Individual-Mouse resulted in the identification of many genes that were 
affected by them. These genes sometimes showed over 30-fold expression differences. 
The most prominent confounding factor was Sample-Composition caused by mouse-
dependent skin composition differences, sampling variation and/or influx/efflux of 
mobile cells. Although we can only evaluate these effects for known cell-specific genes 
in our complex heterogeneous samples, it is clear that the observed variations also 
affect the cumulative expression levels of many other non-cell-type-specific genes.

ANOVA analysis can only attempt to neutralize the effects of the well-defined confounding 
factors, such as Individual-Mouse, on the experimental factors UV-Dose and Recovery-
Time. Also, by definition, ANOVA only yields reproducible gene-expression differences, 
but we found that these differences were very small compared to the fold changes 
induced by the confounding factors, questioning the biological relevance of these 
ANOVA-detected differences. Furthermore, it turned out that many of the DEGs found by 
ANOVA were also present in the gene clusters associated with the confounding factors.

Hence our overall conclusion is that confounding factors have a major impact on 
the outcome of in-vivo transcriptomics experiments. Thus the set-up, analysis, and 
interpretation of such experiments should be approached with the utmost prudence.

This chapter has been submitted for publishing and is currently undergoing 
review.
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Introduction

About two decades ago, the arrival of microarray technology for genomics and 
transcriptomics plus similar genome-wide techniques for proteomics and metabolomics 
led to a number of major developments in experiment design, laboratory execution, 
and data analysis [1–12]. Over the years these techniques matured by enhancing the 
detection levels, reducing the technical noise, improving the bioinformatics analyses, 
and so on, resulting in greatly improved detectors compared to previous techniques. 
This process is still ongoing as can be seen by the developments in the latest omics 
innovation: third-generation sequencing [13–16].

In contrast to the spectacularly improving omics technologies, the mechanistic 
knowledge of biological systems gained by employing these technologies is relatively 
slowly progressing. Although microarray technology and next-generation sequencing 
for instance, have proven their potential in biomarker applications and genome-wide 
screening approaches, regular transcriptome studies into unravelling gene-expression 
pathways and networks, however, often result in limited new insights. This has been 
puzzling life sciences researchers ever since these technologies became available 
[17–20]. What we have become to appreciate is that gene-expression involves highly 
complex and multilevel networks, which are extremely difficult to unravel.

Another reason for the omics struggle, as observed earlier by us and others, is that 
we might not use the appropriate omics experimental designs to study these complex 
systems [19,21,22]. For instance, perturbations with a too high intensity might lead to 
a generic stress reaction, rather than a response specific to the perturbation. Also, an 
appropriate number of replicates are needed in order to have enough statistical power to 
methodically analyze omics experiments involving tens of thousands of genes [23–25]. 
As the issues are well known, much effort has been invested to improve them. Despite 
all enhancements, the knowledge gain by omics experiments is still below expectation. 
This might also be due to elusive experimental factors that confuse the analysis of the 
experimental results. These so-called confounding factors can include an endless array 
of issues, such as the effects of circadian rhythm during a day or fluctuating oxygen 
levels during cell culturing [26].

Although most biologists are typically quite aware of such factors, they tend to accept 
and/or ignore them as an inevitable fact-of-life in biological in-vivo as well as in-
vivo experimentation. It is frequently argued that the effects of such factors result in 
“random noise”. However, if these factors interact with the biological system studied 
and are confounding i.e. biasing the results, then they will have a significant impact on 
the analysis and interpretation of the results. As confounding factors are an integral 
part of any biological system, it can safely be asserted that every experiment involving 
living cells will suffer from several such (unknown) confounding factors.

The concept of confounding factors is already well established in statistics and 
methodology and there are many methods to counter their effects, such as, for instance, 
adjusting the experiment design and by statistical hypothesis testing using Analysis Of 
Variance (ANOVA) [27–29]. There might be confounding factors that cannot be totally 
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separated from the experimental factors, leading to a form of partial confounding. In 
addition, in order to be able to model such partial confounding factors, for instance as 
nuisance factors, they obviously have to be defined. We however hypothesize that in 
transcriptome experiments confounding factors can be present that cannot be defined 
a-priori.

Thus, we set out to evaluate the effects of some potential confounding factors in 
a large-scale in-vivo transcriptome experiment of over 260 samples involving UV-
exposed murine skin. For this, we used an optimized experiment design with respect 
to the technology and UV dose range, as established earlier [30]. In order to allow for 
evaluation of mouse-dependent confounding factors, the experiment design included 
up to six samples per individual mouse, which makes it quite unique.

We identified several confounding factors in our study: Sample-Composition, Time-of-
Day, Handling-Stress, and Individual-Mouse. We evaluated the origin of these factors and 
their influence on the results of the experiment. It became clear that these confounding 
factors significantly affected the measured expression of many genes, also genes that 
were identified as differentially expressed in the intended experimental contrasts. 
We will discuss the consequences of these confounding factors on the outcome of this 
experiment and transcriptomics experimentation in general. As the severe effects of 
the confounding factors that we have found here are not exclusive to this study or in-
vivo experimentation, our study should be read as a cautionary tale for all biological 
researchers using transcriptomics experiments in their research. Knowledge and 
understanding of confounding factors will at least put transcriptomics results in a 
clearer biological perspective, or better yet, force the experimenter to take a hard look 
at the design for transcriptomics experimentation.

Material & Methods

Ethics Statement

This study was agreed upon by the Animal Experimentation Ethical Committee of the 
RIVM in Bilthoven, the Netherlands. Animal handling in this study was carried out in 
accordance with relevant Dutch national legislation, including the 1997 Dutch Act on 
Animal Experimentation.

Biopsies were taken under Isoflurane anesthesia, at the end of the study animals were 
euthanized by cervical dislocation and all efforts were made to minimize suffering.

In-vivo UV exposure experiment

All mice were supposed males of 7-10 weeks of age and at least 10 times backcrossed 
in SKH hairless strain. Wild-type (WT; Trp53+/+), Trp5372R/72R, and Trp5372P/72P 
mice received normal feed and water ad libitum. Mice were UV-B exposed at 2 different 
doses (90, 540 J/m2) in a chamber containing Phillips TL12 lamps. Control mice were 
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mock treated. At various time points after treatment (0, 7.5, 9, 10.5, 12, 13.5 hr. for the 
90 J/m2 dose and 0, 1, 2, 3, 4, 5 hr. for the 540 J/m2 dose) both treated and untreated mice 
were anaesthetized by isoflurane and 1.5 mm biopsies were sampled from the back 
by punching a half moon shape on folded skin. At 48 hr. after treatment all mice were 
euthanized by cervical dislocation after biopsies were taken. Biopsies were immediately 
snap frozen in liquid nitrogen and stored at -80°C until further processing. Total-RNA 
was isolated as previously described in [13]. In short, frozen skin punch biopsies were 
pulverized in liquid nitrogen and immediately transferred to 0.3 ml Qiazol reagent 
(Qiagen). RNA was extracted according to the manufacturer’s instructions with the 
addition of Phase-Lock Gel Heavy (5 Prime) to obtain a better phase separation. Further 
clean-up of the RNA fractions was performed using the RNeasy Minelute Cleanup Kit 
(Qiagen). RNA yield was measured on a Nanodrop ND-1000 (Thermo Fisher Scientific) 
and RNA integrity was evaluated using High Sensitivity R6K ScreenTapes on a 2200 
TapeStation instrument (Agilent Technologies). RINe values were at least 6, with the 
exception of two samples (RINe 4.4 and 5.8). An overview of all samples is shown in 
Table 1 plus S1 Table.

Microarrays with custom Mouse Agilent platform

Gene expression levels of the mouse samples were analyzed with a 4x180k Mus 
musculus microarray (Custom design GEO Platform accession number GPL19390) 
containing 24,203 genes based on NCBI-GeneID. All procedures were performed 
according to manufacturer’s instructions. Briefly, for each test sample, 100 ng total-RNA 
was combined with Spike A and subsequently amplified and labeled using the Quick 
Amp Labeling Kit (Agilent Technologies). For use as common reference, an equimolar 
pool of all test samples was made and amplified as described above with the exception 
that Spike B was included and Cy5 was used for labeling. Amplified cyanine-dye labeled 
antisense RNA was purified using the RNeasy MinElute Cleanup Kit (Qiagen) and 
yield and dye incorporation were evaluated using a NanoDrop ND-1000. Labeled test 
samples and common reference samples were combined and hybridized to the Agilent 
custom microarrays (Agilent Technologies). After washing, the arrays were scanned 
with an Agilent DNA microarray scanner (G2565CA, Agilent Technologies) and data was 
extracted with Feature Extraction software v10.7.3.1 (Agilent Technologies).

The array data have been deposited in NCBI’s Gene Expression Omnibus (GEO) and is 
accessible through GEO Series accession numbers GSE63044.

Microarray data processing

The quality of the microarray data was assessed via multiple quality-control checks, i.e. 
visual inspection of the scans, testing against criteria for foreground and background 
signals, testing for consistent performance of the labelling dyes, checking for spatial 
effects through pseudo-color plots, and inspection of pre- and post-normalized data 
with box plots, ratio-intensity (RI) plots and PCA plots. All arrays passed the minimal 
criteria for quality assessment of the microarray data and were used in the analyses.
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Handling, analysis and visualization of all data was performed in R (http://cran.r-
project.org/) using the Bioconductor (http://www.bioconductor.org/) packages limma 
and maanova.

Log2 transformed data was normalized within-array using LOESS on an MA-plot of the 
Cy3 test sample data vs. the corresponding Cy5 reference sample data. Subsequently, 
the robust multi-array average (RMA) algorithm was performed only on the normalized 
Cy3-sample data for between-array normalization through summarization of the 
intensity values of the probes in a NCBI-GeneID probe set.

Data analysis

To visualize various effects of confounding factors on the complete transcriptome 
Principal Components Analysis (PCA) plots were made in R using the RMA normalized 
data. For further analyses we presumed that confounding factors are relevant if they 
cause clusters of genes to have high expression values in clusters of samples. As a 
consequence, confounding with the experimental factor “UV-Dose” can lead to wrong 
biological conclusions.

To investigate this, the top 5,000 of most variable genes over all untreated WT samples 
were selected, and clustered using Ward’s method (with the average value used as 
ordering function). The resulting heatmap was studied for clusters of genes (known to 
be) related to the confounding factors “Sample-Composition” and “Time-of-Day”. Gene 
clusters related to Sample-Composition were checked for co-expression and tissue 
specific expression in an independent data set: the BioGPS data base (http://biogps.
org/).

The confounding factor Time-of-Day was further characterized by screening for those 
genes that display a high fold change (log2(FC)>|1|) between any two time points in each 
individual mouse (although the time points might differ), as these genes are potentially 
under circadian control in this experiment. This gene list, related to the confounding 
factor “Time-of-Day”, was partly confounded to “Sample-Composition”.

The effect of the confounding factor “Handling-Stress and Biopsy-Stress” was quantified 
applying a statistical analysis for differential gene expression using a mixed linear 
model with coefficients for biopsy ranking numbers (fixed) and Mouse (random), 
thus treating biopsy as experimental variable. The allocation of samples to the biopsy 
ranking numbers (B1, B2, B3 and B4) is explained in the “Results & Discussion” section. 
A contrast analysis was used to test differential expression between B1 vs B2, B1 vs 
B3 and B1 vs B4, for hypothesis testing a permutation based Fs test was used [31], 
and the resulting P-values were corrected for false discoveries according to Storey and 
Tibshirani [32]. Differentially-expressed genes (DEGs) were identified by applying 
a significance cut-off (FDR corrected P-value <= 0.05). The DEGs from the different 
contrasts were combined and ranked from low to high variance, which was calculated 
as described previously.

The effect of the confounding factor “Individual-Mouse” was quantified by applying 

http://cran.r-project.org/
http://cran.r-project.org/
http://www.bioconductor.org/
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statistical tests for differential gene expression with and without “Individual-Mouse” 
as random covariate, and analyzing the results. The statistical tests were performed 
as described above, using a model with a group-means parameterization based on the 
time point – UV dose combinations. The model coefficients quantifying the Individual-
Mouse effects were used to select the genes: the absolute coefficient values had to be 
higher than 0.5 and the genes should not be found in any of the other gene sets.

To learn more about the effects of the different subsets of genes that were defined 
in the preceding paragraphs, boxplots were created of the different elements of the 
ANOVA model used for the Individual-Mouse effect. A 2x2 Self-Organizing Maps (SOMs) 
analysis was performed on all gene sets associated with all confounding factors, in order 
to compare the variability in gene expression within each mouse with the variability 
across all mice.

Results & Discussion

Confounding factors can severely hamper proper transcriptome analysis, especially 
since biologists often design complex multi-variable experiments. The transcriptomics 
experiment we use here to research confounding factors is no exception, as it contains 
several variant genomes, a perturbation and recovery time as experimental variables.

In this study, we obtained six consecutive samples from each individual mouse [33,30], 
which differs from most in-vivo murine transcriptome studies, where sampling 
restrictions force the use of individual mice per time point and often also per permutation. 
Our exceptional experiment design provided us with a unique opportunity to examine 
several confounding factors that may have an impact on the mouse transcriptome. This 
would normally be impossible due to the considerable differences between individual 
mice.

Besides the intended static experimental factor (Trp53-Genotype) and intended variable 
factors (UV-Dose and Recovery-Time), there are several “uncontrollable” experimental 
factors we foresaw as confounding factors; Individual-Mouse, Sample-Composition, 
Handling- & Biopsy-Stress, Time-of-Day (Table 2). Even though, the experiment was 
meticulously set-up, we will investigate the impact of these confounding factors and 
their effect on the analysis and interpretation of the experimental transcriptome data.

Experimental set-up

The underlying biological research aim of the experiment was to investigate the cellular 
responses upon UV-induced DNA damage. For this, an in-vivo experiment was performed 
with UV-B exposed skin of nude, male mice, with and without human-derived Trp53 
variants in their genome. This resulted in an extensive experiment design as showed in 
Table 1 (and S1 Table). Essentially, four replicate mice were used for each UV dose. Each 
mouse was sampled five to six times at different recovery time points after UV-pulse 
exposure, which resulted in paired samples. In total 132 treated and 132 untreated 
samples were taken from 64 male mice.
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Table 1: Experiment set up for WT mice

Trp53-

Genotype

UV-Dose

(J/m2)

Individual-

Mouse (#)

Recovery-Time (hours)

Early Late

0 1 2 3 4 5 7.5 9 10.5 12

WT

540 (high)

32 1 1 1 1 1 1

38 1 1 1 1 1 1

44 1 1 1 1 1 1

50 1 1 1 1 1 1

None

31 1 1 1 1 1 1

37 1 1 1 1 1 1

43 1 1 1 1 1 1

55 1 1 1 1 1 1

90 
(low)

8 1 1 1 1 1

14 1 1 1 1 1

20 1 1 1 1 1

26 1 1 1 1 1

None

1 1 1 1 1 1

13 1 1 1 1 1

19* 1 1 1 1 1

25 1 1 1 1 1
*Data from Mouse 19 (grey numbers) were removed before the data analysis

Data quality control

Before any data analysis, the quality of the experiment data was evaluated. For this we 
looked at genotype, gender, rRNA yield, and mRNA yield.

Correct information about the samples in the experiment is of the utmost importance, 
therefore, after the last biopsy, we confirmed the Trp53 genotype of each mouse by a 
PCR check using the DNA from a tail section (data not shown). We also checked the sex 
of the male mice in the experiment by evaluating expression of Xist, a gene-expression 

Figure 1. Mice sex determination check via gene expression of Xist

The expression of female-specific gene Xist plotted for each of the replicated five or six sample set per mouse. 
Mouse 42 and 51 are female as all samples taken from them show Xist expression. Trp53-Genotypes are 
colored: Green, WT; Blue, Trp53-72P mutant; Red, Trp53-72R mutant.
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marker for female cells (Figure 1). All samples taken from mice 42 and 51 clearly 
showed Xist expression, whereas the other samples were negative. We removed all the 
samples from these female mice from the experiment (S1 Table), as we do not wanted 
to introduce extra variations caused by gender-specific differences. Furthermore, 
during the analysis process it became clear that one sample (untreated WT t0) was 
contaminated by liver cells. This was obvious from the unique presence of RNA from 
many liver-specific genes (results not shown). It turned out that this was also the only 
mouse that showed bite marks during the experiment; hence all samples from this 
mouse were also removed from the study (Table 1).

Based on earlier experiences [22], we examined the rRNA and mRNA yields to see if 
there were differences that correlated with one of the experimental parameters. First 
we looked at the total-RNA yield of all samples (Figure 2A and Figure S2A), which 
represents the rRNA yield. Although we observed huge differences in rRNA yields, 
ranging from 33 ng/μl to 354 ng/μl (Table S3) there seemed no obvious correlation 
between rRNA yield and any experimental variable (Figure S2A). To estimate the 
relative mRNA yields, we looked at the in-vitro amplified aRNA of all samples (Figure 2B 
and Figure S2B), which ranged from 197 ng/μl to 54 ng/μl (Table S3). As for the rRNA 
yields, no obvious correlation between mRNA yield and any experimental variable 
was observed (Figure S2). Even between samples taken from one mouse there was no 
consistency with respect to RNA yields. Thus, as the sampling by biopsy is a procedure 
with a potential for high variability, we concluded that their differences in RNA yields 
were probably caused by the size and the composition of each sample. This renders 
sampling in this experiment an important potential confounding factor.

Table 1: Experiment set up for WT mice

Trp53-
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UV-Dose

(J/m2)

Individual-

Mouse (#)

Recovery-Time (hours)
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38 1 1 1 1 1 1

44 1 1 1 1 1 1

50 1 1 1 1 1 1
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55 1 1 1 1 1 1

90 
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8 1 1 1 1 1

14 1 1 1 1 1

20 1 1 1 1 1

26 1 1 1 1 1

None

1 1 1 1 1 1

13 1 1 1 1 1

19* 1 1 1 1 1

25 1 1 1 1 1
*Data from Mouse 19 (grey numbers) were removed before the data analysis

Data quality control

Before any data analysis, the quality of the experiment data was evaluated. For this we 
looked at genotype, gender, rRNA yield, and mRNA yield.

Correct information about the samples in the experiment is of the utmost importance, 
therefore, after the last biopsy, we confirmed the Trp53 genotype of each mouse by a 
PCR check using the DNA from a tail section (data not shown). We also checked the sex 
of the male mice in the experiment by evaluating expression of Xist, a gene-expression 

Figure 1. Mice sex determination check via gene expression of Xist

The expression of female-specific gene Xist plotted for each of the replicated five or six sample set per mouse. 
Mouse 42 and 51 are female as all samples taken from them show Xist expression. Trp53-Genotypes are 
colored: Green, WT; Blue, Trp53-72P mutant; Red, Trp53-72R mutant.
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Global impression of transcriptome variation

As stated earlier, experimental factors can be (un-)intentional, (un-)controllable, and 
static/variable/dynamic (Table 2). The unintentional and uncontrollable factors are 
potential confounding factors of importance. However, as the effect of confounding 
factors can, by definition, not be distinguished from each intended experimental factor, 
their effect can also not always be separated from each other. For instance, the effect 
of the factors “Sample-Composition” and “Time-of-Day” is also confounded. This is 
also the case for factors “Handling-Stress” and “Biopsy-Stress”. Plus there are fuzzy 
confounding factors, such as “Individual-Mouse” that are an accumulation of many 
possibly confounding factors like genetic constitution, health, behavior, and so on. To 
get an impression of the impact of our foreseen experiment factors on the variation 
in the experiment, we performed a PCA analysis in which we calculated the principal 
components from the gene expression values (Figure 3). In the PCA plots, it was 
possible to distinguish groups of samples as defined by intended, but also non-intended 
experimental (confounding) factors. This shows that these confounding factors have 
a detectable impact on the variation in the experiment. We evaluated the mentioned 
confounding factors to estimate their disturbing effect on the transcriptome analyses of 
the intended experimental factors, UV-Dose and Trp53-Genotype.

Figure 2. RNA yields

Comparison of the rRNA (via total-RNA) and mRNA (via aRNA) yields. A, averaged total-RNA yields over four 
mice for the untreated, high-dose, and low-dose samples with error bars of SD; B averaged aRNA yields over 
four mice for untreated, the high-dose, and low-dose samples with error bars of SD.
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Table 2. Experimental factors affecting the transcriptome

Factor Type Figure

UV-Dose Intentional Controllable Variable 3A

Recovery-Time Intentional Controllable Variable 3B,C

Trp53-Genotype Intentional Controllable Static 3D

Sample-Composition Confounding Uncontrollable Dynamic 3B, 4, 5 

Time-of-Day Confounding Uncontrollable Dynamic 3B, 7, 8

Handling-Stress
Confounding Uncontrollable Dynamic 3E, 9

Biopsy-Stress

Individual-Mouse Confounding Uncontrollable Dynamic 3F, 10

Figure 3. Variation caused by confounding factors

Selected samples to exemplify the influence of confounding factors (Table 2) derived from the PCA analysis 
of the complete experiment. Sample means are used except for D and E. A, UV-Dose (green = untreated, red = 
high dose); B, Recovery-Time (hours) ≈ Time-of-Day; C, Recovery-Time (light green = early, green = late); D, 
Trp53-Genotype (green = WT, blue = Trp53-72P mutant); E, Handling- & Biopsy-Stress (light green = Early 
recovery, green = Late recovery); and F, Individual-Mouse (yellow = #31, black = #55).
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Potential confounding factor: Sample Composition

The observed differences in the total-RNA yield of the samples (Figure 2), raised 
suspicion that the composition of the biopsy samples might be quite variable. The 
biopsies in this study are obtained by stretching and folding the skin of a mouse and 
punching out a double half circle [34]. This is not a fully controlled procedure; hence 
we anticipated that variability in sample composition could be a confounding factor 
of significance. Any biased variation in cell type composition between samples will 
result in measurements of RNA levels that could be misinterpreted for differential gene 
expression [35–38]. This is especially true for genes that are specific for one cell type 
[35,36]. Fluctuations in the contributing fraction of a particular cell type in a sample will 
translate immediately into a signal for a cell type-specific gene that mimics differential 
gene expression. Although on an individual gene level it is impossible to distinguish 
whether RNA level differences are caused by differences in sample composition or 
differential gene expression, on a gene set level this distinction can be made. Because, 
if the RNA level difference is caused by changing the percentage of certain cells in a 
sample, the RNA levels of all cell type-specific genes will change in an identical way over 
many samples. In this way we can identify genes and thus cell types with differential 
RNA levels caused by differences in sample composition.

Figure 4. Discovering clusters of genes with very similar gene expression

A: PCA plot of all genes using the untreated WT samples. Indicated are Subsets I and II, with 155 and 109 
genes respectively. Red, genes in Subset I that are also in Cluster SC-A. Blue, genes in Subset II that are also 
in Cluster SC-B ; B: A heatmap of microarray signals in all untreated WT samples of the top 5,000 genes with 
the biggest variance over the whole experiment. The five Sample-Composition and one Time-of-Day specific 
clusters as explained in the main text are indicated. C: Zoom-in of the five Sample-Composition clusters to 
reveal the similar expression per cluster over all WT samples.
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In search for variation caused by the factor Sample-Composition, we visualized in a PCA 
plot the genes against the principal components calculated from their expression levels 
in the untreated WT samples. This revealed at least three major subpopulations (Figure 
4A) of genes that behave similarly and we selected two subsets (I: 109 genes and II: 155 
genes), with apparent divergent gene expression. To evaluate these subsets, we selected 
the top 5,000 genes that were most variable over all samples as we felt they represented 
the most relevant biological changes in the data. We clustered these genes in a heatmap 
(Figure 4B) and mapped the observed PCA subsets I and II to it. Almost all subset genes 
were found back in the associated Clusters Sample-Composition (SC)-A (106 genes) and 
SC-B (143 genes) in the heatmap (Figure 4B, C and S4 Table). 

To analyze the expression behavior of these gene clusters in individual mice, we sorted 
the gene profiles using Self-Organizing Maps (SOMS) (Figure 5, Clusters SC-A and SC-B) 
for each cluster and each mouse individually. From this SOMS analysis, it immediately 
became obvious that all genes in a cluster have, within mice, highly similar RNA-level 
profiles over time. However, between mice, the same clusters of genes show quite 
different RNA-level profiles. This combination of an almost identical RNA-level profile 
of a large number of genes within a mouse, combined with different profiles between 
mice, plus a time-independent profile, is a telltale for differences in sample composition. 
Formally, we cannot distinguish the mingled factors “Sample-Composition” and “Time-
of-Day”. Yet, the huge differences (up to 32x) in RNA level between samples taken one 
hour apart from one mouse, plus the completely different profiles from mice sampled at 
almost identical time points, does suggest that Sample-Composition might be the most 
prominent confounding factor here.
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If these clusters are primarily caused by sample composition variation and the genes 
involved are most likely cell type-specific genes, then it should be possible to identify 
the cell types that vary across the different samples. To this end, we started by simply 
looking at gene symbols or gene descriptions. As expected, there were many similar 
genes present in each cluster (S4 Table). For Cluster SC-A this was most striking in that 
~85% of the annotated genes were either Keratin (Krt) or Keratin associated protein 
(Krtap) genes. With so many Keratin (associated) genes, it is most likely that this whole 
cluster represents Keratinocyte-specific genes. More importantly, it means that there 
are severe differences in the number of keratinocytes in each sample. This may be 
caused by differences in the thickness of the epidermis, which can be a result of many 
factors.

For Cluster SC-B, it is less obvious from the gene descriptions what underlying cell 
type is, although this cluster contained several genes related to muscle function such 
as: myosin light chain (Myl1), myosin heavy chain (Myh1 and 4), and actin (Acta1) (S4 
Table). We therefore argued that if genes of a cluster represent a specific cell type, then 
these genes should show co-expression in a gene-expression tissue atlas. For this we 
turned to BioGPS, a well-known gene-expression tissue atlas, and looked for the tissue-
expression profile of a typical gene from Cluster SC-B: Myl1. The associated tissue-
expression profile (Figure 6) immediately made it obvious that this gene cluster may 
be caused by differential contributions of muscle cells. This is supported by the finding 
that, of all the genes present in Cluster SC-B, 41% showed a tissue gene-expression 
profile that in BioGPS strongly correlated (≥0.85) with that of Myl1 (S5 Table).

These are examples of variability in sample composition caused by differential sampling 
of static cells. Another potential reason for such variability is influx or outflow of mobile 
cells to the sampling area of the skin [39,40]. To test this, we reversed the previous 
argumentation: if we look at cell type-specific genes in mobile –blood derived– cells, 
such as erythrocytes or immune cells, then we should be able to find clusters of genes 
that are strictly co-expressed with known cell type-specific genes. When we searched 
for the erythrocyte-specific gene Hemoglobin alpha 1 gene (Hba-a1) in the heatmap 
(Figure 4B and C), we did find it back in a small cluster (Cluster SC-C, S4 Table) together 
with 4 other erythrocyte specific genes: Hba-a2, Hbb-b1, Hbb-b2, and Alas2. These genes 
are strictly co-expressed as expected (Figure 5), whilst showing a unique gene-
expression profile for each mouse. Although we cannot rule out the contribution of the 
varying amount of blood vessels in the biopsies, it seems clear that the number of 
erythrocytes, i.e. differential skin blood flow affected the RNA levels during the 
experiment. This is not hard to imagine as temperature, stress, but also pressure on the 
skin during biopsy can affect the skin blood flow.

A similar result was achieved by looking at the T-cell specific CD3 genes: CD3d, CD3e, and 
CD3g. A small cluster (Cluster SC-D, Figure 4B and C) of 25 genes was found with several 

Figure 6. Examples of tissue-specific gene expression from cluster SC-B

BioGPS images showing the tissue-specific expression of genes Myl1 and Adssl1, present in Cluster SC-B.

Figure 5. Self organizing maps of gene clusters with similar gene expression

2x2 Self-Organizing Maps (SOMS) per individual, untreated WT mouse (#) of the scaled gene-expression 
profiles of the gene clusters from the heatmap of Figure 4 (S4 Table) for both the Early (0, 1, 2, 3, 4, 5 hours) 
and Late (0, 7.5, 9, 10.5, 12 hours) time points.
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other T-cell specific genes, such as: Cd7, Prf1, Trat1, Cd94, and Nkg7 (S4 Table). Again, 
their expression was quite similar within one mouse, but distinct between mice (Figure 
5). It is obvious that the observed gene-expression is a combination of gene-expression 
regulation and number of cells in a specific sample. Immune cells are quite mobile 
[40,41], have a high RNA load, and are often actively recruited to specific locations in the 
body of an organism [40,41]. This might explain why differential expression of immune-
related genes is often found in in-vivo transcriptomics experiments (e.g. [42]).

As a final example for the factor Sample-Composition, we looked at macrophages and 
dendritic cells. For this, we took a naïve approach by looking for these names in the 
gene description (S4 Table). We found 90 genes with either name in their description 
and we selected a cluster (Cluster SC-E) of 299 genes in the heatmap (Figure 4B and C) 
in which 50 of those genes were present. Although the similarity of the gene expression 
profiles within one mouse was less absolute, the differences between mice were still 
very profound (Figure 5). Macrophages and dendritic cells can migrate [40,41], but are 
also present in different numbers in the skin of a mouse [40,41]. As such this group 
represents a group type in between static and mobile cells.

If these clusters are primarily caused by sample composition variation and the genes 
involved are most likely cell type-specific genes, then it should be possible to identify 
the cell types that vary across the different samples. To this end, we started by simply 
looking at gene symbols or gene descriptions. As expected, there were many similar 
genes present in each cluster (S4 Table). For Cluster SC-A this was most striking in that 
~85% of the annotated genes were either Keratin (Krt) or Keratin associated protein 
(Krtap) genes. With so many Keratin (associated) genes, it is most likely that this whole 
cluster represents Keratinocyte-specific genes. More importantly, it means that there 
are severe differences in the number of keratinocytes in each sample. This may be 
caused by differences in the thickness of the epidermis, which can be a result of many 
factors.

For Cluster SC-B, it is less obvious from the gene descriptions what underlying cell 
type is, although this cluster contained several genes related to muscle function such 
as: myosin light chain (Myl1), myosin heavy chain (Myh1 and 4), and actin (Acta1) (S4 
Table). We therefore argued that if genes of a cluster represent a specific cell type, then 
these genes should show co-expression in a gene-expression tissue atlas. For this we 
turned to BioGPS, a well-known gene-expression tissue atlas, and looked for the tissue-
expression profile of a typical gene from Cluster SC-B: Myl1. The associated tissue-
expression profile (Figure 6) immediately made it obvious that this gene cluster may 
be caused by differential contributions of muscle cells. This is supported by the finding 
that, of all the genes present in Cluster SC-B, 41% showed a tissue gene-expression 
profile that in BioGPS strongly correlated (≥0.85) with that of Myl1 (S5 Table).

These are examples of variability in sample composition caused by differential sampling 
of static cells. Another potential reason for such variability is influx or outflow of mobile 
cells to the sampling area of the skin [39,40]. To test this, we reversed the previous 
argumentation: if we look at cell type-specific genes in mobile –blood derived– cells, 
such as erythrocytes or immune cells, then we should be able to find clusters of genes 
that are strictly co-expressed with known cell type-specific genes. When we searched 
for the erythrocyte-specific gene Hemoglobin alpha 1 gene (Hba-a1) in the heatmap 
(Figure 4B and C), we did find it back in a small cluster (Cluster SC-C, S4 Table) together 
with 4 other erythrocyte specific genes: Hba-a2, Hbb-b1, Hbb-b2, and Alas2. These genes 
are strictly co-expressed as expected (Figure 5), whilst showing a unique gene-
expression profile for each mouse. Although we cannot rule out the contribution of the 
varying amount of blood vessels in the biopsies, it seems clear that the number of 
erythrocytes, i.e. differential skin blood flow affected the RNA levels during the 
experiment. This is not hard to imagine as temperature, stress, but also pressure on the 
skin during biopsy can affect the skin blood flow.

A similar result was achieved by looking at the T-cell specific CD3 genes: CD3d, CD3e, and 
CD3g. A small cluster (Cluster SC-D, Figure 4B and C) of 25 genes was found with several 

Figure 6. Examples of tissue-specific gene expression from cluster SC-B

BioGPS images showing the tissue-specific expression of genes Myl1 and Adssl1, present in Cluster SC-B.
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Altogether, given these results, it is very likely that the observed differences in gene 
expression between the samples are caused primarily by differences in cell composition 
of the sample as no coherent profiles across mice was observed. So these genes suffer 
profoundly from this confounding factor. However, it is likely to be affecting many more 
genes than we have shown here. First of all, we only took some obvious and predictable 
cell types. Undoubtedly, many other cell types will succumb to the same faith. Even 
worse, we did not look at all the genes from each cell type: we only looked at the cell 
type-specific ones, as those have a similar pattern over all the samples and thus cluster 
together in a heatmap. However, it is clear that all genes that are expressed in cells that 
have a variable distribution in the samples will suffer similarly from this confounding 
factor. The reason why we do not observe them lies in the fact that those genes are 
also expressed in other cell types, with yet another variable distribution in the samples. 
The combined differences will result in unrecognizable differences per gene as each 
cell type will have a different contribution to the total sum of gene expression in each 
gene. This however also means that these genes cannot be analyzed reliably using this 
experimental approach.

Potential confounding factor: Time-of-Day

The factor Time-of-Day obviously relates to circadian rhythm. Core clock components 
are defined as genes whose protein products are necessary for the generation and 
regulation of circadian rhythms within individual cells throughout the organism [43]. 
There are several genes and proteins involved in the complex regulation of the circadian 
rhythm, which has at least three primary feedback loops. Genes in the positive and 
negative parts of these feedback loops are: Clock, Bmal1 (= Arnt), Per1, Per2, Per3, Cry1, 
Cry2, Nr1d1 (= Rev-erbα), Nr1d2 (= Rev-erbβ), Rora (= Rorα), Csnk1e (= CK1ε), Csnk1d (= 
CK1δ). The interaction between these genes is described in [43]. To exemplify the effect 
of Time-of-Day, we looked at the gene-expression profiles of the Per genes in untreated 
WT samples over time (Figure 7A). Of the three Per genes, Per1 and Per3 were present 
in the 5,000 most variable genes. Using the same approach as before (Figure 4B), we 
used these genes to identify a Time-of-Day cluster (Cluster TD-A) of 19 genes that had 
similar expression over all samples (Figure 7B and S4 Table). In this cluster also other 
genes known to be involved in circadian rhythm were present such as; Dbp, Nr1d2, 
Tsc22d3, Zbtb16, and Tef. As can be observed in the SOMS of this cluster (Figure 7C), all 
genes have a clear time dependent gene-expression profile. This is quite similar within 
one mouse, but between mice major differences are still present. In analogy with the 
genes affected by the factor Sample-Composition, the genes in this cluster cannot be 
used in these type of studies because Time-of-Day is an evident nuisance factor.

It is obvious that the 19 genes in Cluster TD-A are not the only circadian-rhythm involved 
genes and that those unknown genes are as such also affected by the factor Time-of-Day. 
Identifying them is not a simple assignment, as all mice might have different timing of 
their circadian rhythm. We used the fact that i: this phenomenon is already present in 
all untreated mice, and ii: the involved genes should display a more gradual change i.e. 
low variation, than genes affected by the previous factor Sample-Composition. 
Translating the first criterion, we selected genes that have in Untreated WT samples a 
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Fold Change (FC) ≥ 2 expression difference between at least two time points in each 
mouse. This resulted in 528 genes in the Untreated WT Early samples and 547 in the 
Untreated WT Late samples. That these genes are likely involved in circadian-sensitive 
processes can be read from the fact that they contained 68% and 47% respectively of 
the genes from Time-of-Day Cluster TD-A. As to the second criterion, we ranked the 
genes based on variation (S6 Table). The Cluster TD-A genes ranked here with the genes 
having the lowest variation. Hence, we selected the first 277 Early and 93 Late genes, 
which resulted in a union of 333 genes (Group TD-B) for the factor Time-of-Day.

The genes in group TD-B showed a more diverse profile picture (Figure 8A and 8C) 
as compared to the Sample-Composition gene clusters, indicating that these genes, 
although all related to time-of-day, have different expression profiles over time. Also, it 
was clear that the TD-B genes had a much higher variation at the Early time points then 
at the Late time points (Figure 8B), which forms additional evidence for a time-of day 
effect in these genes. Obviously, gene expression of many more genes is affected by the 
circadian rhythms of the animal and/or the cells. For instance, over 3,000 transcripts 
are under circadian control in the liver [44]. This is supported by the fact that not all of 
the true circadian rhythm regulated genes of Custer TD-A are present in Group TD-B. 

Figure 7. Examples of time-related gene expression from Cluster TD-A

A: Examples of expression profiles over time of genes involved in circadian rhythm for untreated WT samples. 
B: A heatmap for the 19 genes of Cluster Time-of-Day (TD)-A. C: 2x2 SOMS of the scaled gene-expression 
profiles per mouse of gene Cluster TD-A.
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The explanation for not detecting them might be found in our naive approach with a 
relative high FC cut-off of 2, as well as lack of true replicates.

Potential confounding factors: Handling- & Biopsy-Stress

Handling is the entire pallet of manipulations that the mice undergo during the whole 
experiment and taking a biopsy is a part of this. As such, we will consider all handling 
here as one confounding factor. One group of genes that could be involved in handling 
are wound-healing genes. There are several genes known to be involved in wound-
healing: Fos, FosB, Mkp-1, Cd14, Ccl9, Pigf, and Mcp-5 [45]. However, the expression of 
these genes does not cluster together in our heatmap (Figure 4B). Hence, we could not 
define a cluster based on known wound-healing genes.

Another way to identify genes that are affected by this factor in this experiment, is to 
evaluate the two untreated WT time series by using the biopsy sampling number instead 
of the recovery time. For this, we assumed that the biopsy sampling sequence in the late 
series restarts at recovery time point 7.5 hours, because we assume the mice have 
recovered by then from their biopsy at time point zero. So, we re-labeled the early 

Figure 8. Examples of time-related gene expression from Group TD-B

A: Examples of time-related expression profiles for untreated WT samples for genes from Group TD-B. B: 
A boxplot for the variation of the 333 genes in Group TD-B. C: 2x2 SOMS per mouse of the scaled gene-
expression profiles of gene group TD-B.
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recovery time points: t0, t1, t2, t3, t4, t5 into biopsy points: b1, b2, b3, b4, b5, and b6, 
respectively and the late recovery time points: t0, t7.5, t9, t10.5, t12 into biopsy points: 
b1, b2, b3, and b4 (Figure 9A). This allowed us to identify DEGs between these biopsy 
points, which resulted in 2,585 DEGs. In order not to overestimate the genes related to 
factor Handling-Stress we chose the 83 DEGs (Group HS-A) with a SD<0.32 over all 
untreated WT samples (S7 Table) as genes affected by handling stress, which left behind 
most SC-A, SC-B and TD-A genes that were found ranking between the DEGs with higher 
variation. The HS-A genes have low variation as well as low fold change when plotted 
against the biopsy points (Figure 9B) and quite some variation when plotted against 
recovery time points (Figure 9C). This supports our belief that these genes genuinely 
represent the handling stress response.

Potential confounding factor: Individual-Mouse

Then there are still other unknown (genetic) factors that can lead to differences between 
individual mice. These effects can be identified and quantified by analyzing whether the 
expression of a gene at all sample points from one mouse differs substantially from 
those in the other mice. To examine this, we estimated the maximal Individual-Mouse 

Figure 9. Examples of biopsy-stress-related gene expression from Group HS-A

A: Re-labeling of samples from time points to biopsy-order number (B#, cf. main text). B: Examples of 
Handling-Stress expression profiles for untreated WT samples for genes from Group HS-A. C: 2x2 SOMS per 
mouse of the scaled gene-expression profiles of the 83 genes in group HS-A.
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effect for each gene over all untreated WT mice in the ANOVA model of our experiment 
and identified 628 genes by applying an arbitrarily-chosen threshold of coefficient 
value ≥ 0.5. There is a substantial overlap with the previously identified clusters with 
for instance all SC-A genes and about half of the TD-B genes. We defined a group of 391 
genes for the factor Individual-Mouse (group IM-A) that have no overlap with any other 
group or cluster.

The gene-expression profiles of the IM-A genes showed the expected differences 
between mice (Figure 10C), where there seemed to be genes with two or three distinct 
expression levels (Figure 10A). As 99% of these genes also are present in the top 5,000 
variable genes, we looked for obvious sub-clusters in the heatmap. The IM-A genes 
clustered quite prominently in several clusters (results not shown), meaning that the 
observed factor Individual-Mouse is a result of several broad individual-mouse effects. 
Besides these gene-clustered individual-mouse effects, it was also noticeable that the 
average ANOVA Individual-Mouse effect for the Late mice was different from those used 
at the Early mice, which suggests there might be an interaction between the two factors: 
Time-of-Day and Individual Mouse (Figure 10B). Given the substantial Individual-
Mouse effects (maximum of log2(2)) we observed, the factor Individual-Mouse has to 
be seriously considered during gene-expression analysis. This is underlined by the fact 
that, when we determine DEGs for untreated or UV-treated WT mice, there is a 
substantial difference in DEG numbers if we compare the ANOVA analysis with and 
without Individual-Mouse in the model (Table 3). Hence, in this experiment, Individual-
Mouse is a prominent confounding factor.

Figure 10. Examples of mouse-related gene expression from Group IM-A

A: Examples of expression profiles for untreated WT samples for genes from Group IM-A. B: Boxplot of 
absolute ANOVA Individual-Mouse effect of all genes per untreated WT mouse. C: 2x2 SOMS per mouse of the 
scaled gene-expression profiles of all 391 genes in group IM-A.
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Table 3. Differentially-expressed genes (DEGs) in untreated and treated WT mouse

Contrast

DEGs in untreated WT samples DEGs in treated WT samples

UV-Dose & 
Recovery-Time

effect

UV-Dose & 
Recovery-Time

 + Individual-
Mouse effect

UV-Dose & 
Recovery-Time

effect

UV-Dose & 
Recovery-Time

 + Individual-
Mouse effect

t0 vs

t1 0 0 68 161

t2 0 30 2,226 3,200

t3 86 293 5,300 6,466

t4 52 264 7,342 8,486

t5 28 68 4,395 5,649

t0 vs

t7.5 0 1 0 2

t9 1 3 6 11

t10.5 4 16 196 394

t12 10 47 243 505

The effects of confounding factors on transcriptome analysis

In the previous paragraphs we have characterized several potential confounding factors. 
Now we will turn our attention to the effects these factors might have on the analysis and 
interpretation of the transcriptome response in our experiment. Usually, transcriptome 
analysis starts by identifying DEGs in relevant contrasts using an ANOVA-based analysis. 
Here, the contrasts are from each recovery time point to either the associated time point 
zero, or the identical untreated recovery time point as shown in Table 3.

In the previous paragraphs we have characterized several potential confounding 
factors and the genes which expression is clearly affected by it. Now we will turn our 
attention to the effects these factors might have on the analysis and interpretation of 
the transcriptome response in our experiment. Usually, transcriptome analysis starts 
by identifying DEGs in relevant contrasts using an ANOVA-based analysis. Here, the 
contrasts are from each recovery time point to either the associated time point zero or 
the identical untreated recovery time point (Table 3 and 4).

effect for each gene over all untreated WT mice in the ANOVA model of our experiment 
and identified 628 genes by applying an arbitrarily-chosen threshold of coefficient 
value ≥ 0.5. There is a substantial overlap with the previously identified clusters with 
for instance all SC-A genes and about half of the TD-B genes. We defined a group of 391 
genes for the factor Individual-Mouse (group IM-A) that have no overlap with any other 
group or cluster.

The gene-expression profiles of the IM-A genes showed the expected differences 
between mice (Figure 10C), where there seemed to be genes with two or three distinct 
expression levels (Figure 10A). As 99% of these genes also are present in the top 5,000 
variable genes, we looked for obvious sub-clusters in the heatmap. The IM-A genes 
clustered quite prominently in several clusters (results not shown), meaning that the 
observed factor Individual-Mouse is a result of several broad individual-mouse effects. 
Besides these gene-clustered individual-mouse effects, it was also noticeable that the 
average ANOVA Individual-Mouse effect for the Late mice was different from those used 
at the Early mice, which suggests there might be an interaction between the two factors: 
Time-of-Day and Individual Mouse (Figure 10B). Given the substantial Individual-
Mouse effects (maximum of log2(2)) we observed, the factor Individual-Mouse has to 
be seriously considered during gene-expression analysis. This is underlined by the fact 
that, when we determine DEGs for untreated or UV-treated WT mice, there is a 
substantial difference in DEG numbers if we compare the ANOVA analysis with and 
without Individual-Mouse in the model (Table 3). Hence, in this experiment, Individual-
Mouse is a prominent confounding factor.

Figure 10. Examples of mouse-related gene expression from Group IM-A

A: Examples of expression profiles for untreated WT samples for genes from Group IM-A. B: Boxplot of 
absolute ANOVA Individual-Mouse effect of all genes per untreated WT mouse. C: 2x2 SOMS per mouse of the 
scaled gene-expression profiles of all 391 genes in group IM-A.
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Table 4. Comparing confounding factors derived clusters, groups and differentially-expressed genes 
(DEGs)

* DEGs from the ANOVA with Individual Mouse that fall within the 5,000 genes with highest variation in 
untreated WT

All these results, with respect to the potential confounding factors and DEGs, also 
prompted us to take a renewed look at the ANOVA model we applied to analyze our 
experiment. For this we plotted the different ANOVA elements for various gene clusters 
and groups (Figure 11). As can been seen, the gene clusters and groups behave logically, 
such as Cluster SC-A (associated with keratinocytes) showed an extreme Individual-
Mouse effect. This means that individual mice probably differ quite substantially in 
their number of keratinocytes due to different epidermis thickness. The extreme low 
Individual-Mouse effect of Cluster SC-B (associated with muscle cells) genes, divulges 
that this cluster is caused by sampling effects. For clusters SC-D, -E and group TD-B also 
relatively high Individual-Mouse effects are found, indicating that these clusters harbor 
a substantial Individual-Mouse effect. Finally, the Individual-Mouse group has an 
expected relative high Individual-Mouse effect. Observing the ANOVA element UV-Dose 
& Recovery-Time effect shows that the DEGs have a relatively modest average effect as 
compared to that of gene clusters and groups. Although ANOVA performs as it is 
supposed to, by selecting genes with small but consistent differences, one could argue 
what the significance is of these DEGs given the huge differences that are observed in 

Figure 11. The contribution of the various ANOVA components

The ANOVA components: Y= μ + Individual Mouse effect + UV-Dose & Recovery-Time effect + error evaluated 
in boxplots for the indicated groups and clusters of genes.
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the expression of many other non-DEG genes.

The ANOVA analysis resulted in several hundred DEGs in the untreated WT contrasts 
(union = 437 genes) and several thousand DEGs (union = 11.891 genes) in the treated 
WT contrasts (Table 3, 4 and S8 Table). There is an obvious difference in Low dose 
as compared to High dose, but altogether it means that almost 50% of all inquired 
transcripts show a differential gene expression somewhere in the experiment. This 
makes it unlikely that the DEGs represent a specific UV -> DNA damage -> DNA repair 
response.

When we evaluated the DEGs, several points surfaced: The contrasts that were based on 
time matched controls, showed, although still over 3,000 at one point, substantially less 
DEGs as those to their own time point zero. This is to be expected since time matched 
points are obviously less different. However, even in these contrasts the numbers of 
DEGs seem to change in a time dependent fashion, which we cannot explain. All of the 
437 DEGs found in the untreated WT contrasts were also identified as WT-treated DEGs 
(Table 4, S9 Table, and S10 Figure) and could be considered false-positives with respect 
to the UV-treatment.

To evaluate the observed DEGs even further, we identified those that had an overlap 
with the top 5,000 most variable genes from our heatmap (Table 4 and S8 Table). This 
overlap was high in the untreated and low-dose samples, but rather low in the high-
dose treatment. The resulting genes were checked for overlap with the gene clusters 
and groups. Depending on the cluster or group the overlap ranged from 0% (Cluster 
SC-A) to high percentages (Group TD-B). Adding up the percentages overlap, it turned 

Table 4. Comparing confounding factors derived clusters, groups and differentially-expressed genes 
(DEGs)

* DEGs from the ANOVA with Individual Mouse that fall within the 5,000 genes with highest variation in 
untreated WT

All these results, with respect to the potential confounding factors and DEGs, also 
prompted us to take a renewed look at the ANOVA model we applied to analyze our 
experiment. For this we plotted the different ANOVA elements for various gene clusters 
and groups (Figure 11). As can been seen, the gene clusters and groups behave logically, 
such as Cluster SC-A (associated with keratinocytes) showed an extreme Individual-
Mouse effect. This means that individual mice probably differ quite substantially in 
their number of keratinocytes due to different epidermis thickness. The extreme low 
Individual-Mouse effect of Cluster SC-B (associated with muscle cells) genes, divulges 
that this cluster is caused by sampling effects. For clusters SC-D, -E and group TD-B also 
relatively high Individual-Mouse effects are found, indicating that these clusters harbor 
a substantial Individual-Mouse effect. Finally, the Individual-Mouse group has an 
expected relative high Individual-Mouse effect. Observing the ANOVA element UV-Dose 
& Recovery-Time effect shows that the DEGs have a relatively modest average effect as 
compared to that of gene clusters and groups. Although ANOVA performs as it is 
supposed to, by selecting genes with small but consistent differences, one could argue 
what the significance is of these DEGs given the huge differences that are observed in 

Figure 11. The contribution of the various ANOVA components

The ANOVA components: Y= μ + Individual Mouse effect + UV-Dose & Recovery-Time effect + error evaluated 
in boxplots for the indicated groups and clusters of genes.
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out that over 51% of DEGs from the untreated contrasts could be explained by their 
presence in the clusters or groups associated with the analyzed confounding factors. 
For DEGs from the treated contrasts, this was still 34% and up. Collectively this means 
that many ANOVA-identified DEGs actually may be a result of bias due to confounding 
factors, rather than a response to UV treatment.

Concluding remarks

We set out to identify uncontrollable confounding factors that might confuse 
transcriptome analysis of in-vivo experiments. Several of those confounding factors 
were found and their impact on the experiment data seems severe. One has to bear 
in mind that our unique experimental set-up allowed a thorough exploration of the 
confounding factors, whereas most in-vivo studies this cannot be done by lack of miltiple 
samples from one individual. Still we feel that in many in-vivo studies identical or similar 
confounding factors play an important role and even though being undetected, severely 
influence the results.

The most prominent confounding factor we observed was Sample-Composition, caused 
by mouse-dependent skin-composition differences, sampling variation and influx/
efflux of mobile cells. We illustrated the effects by using cell-specific genes as these 
provide the clearest effects. However, it is apparent that these variations in sample 
composition also affect the cumulative expression levels of other cell non-specific 
genes. Hence, variations in sample composition will have an effect on the measured 
expression of many genes, but since it is an accumulation of contributions of many cell 
types, they cannot be recognized, nor fixed. Especially in mobile cells combined influx 
and activation will make it impossible to interpret these observed gene-expression 
differences that mimic transcription induction.

From the effects of the confounding factors Time-of-Day and Handling Stress, it became 
evident that even the most controlled experiments will suffer from these effects. As 
these effects are unavoidable, the affected genes will be hard, if not impossible, to study 
in-vivo.

We were somewhat surprised by the sizable differences at the gene-level between 
individual mice. In this experiment, many genes seem to be affected by this confounding 
factor and it also played a role in other confounding factors. The observed differences 
were so substantial that we have to conclude that range-finding using single mouse 
samples, as we have advocated earlier [30], is not a good approach for this experimental 
setting. Moreover, in our experiment set-up with several samples per mouse, we were 
able to model the individual-mouse effect in our ANOVA analysis. As most in-vivo 
experiments are based on single samples per mouse, this is impossible; hence these 
huge individual-mouse effects go uncorrected.

Obviously ANOVA can be a good method to deal with the effects of noise as introduced 
by confounding factors [27–29]. However, we feel that one should wonder what the 
biological meaning is of the small differences in gene expression of many ANOVA-
selected DEGs as other “noisy” genes in these cells exhibit huge differences. In these 
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cases it seems that the common “one-gene-at-the-time” ANOVA analysis is focused so 
much on reproducible differences, that it ignores all other expression differences that go 
on in a cell. From the combined observations in this study, we feel that cells may display 
something like a “gene-transcription status”, in which gene expression of many genes 
moves in a network fashion. Proper analysis would require a systems biology approach 
with appropriate modeling and analysis of groups of genes, rather than individual ones.

Our overall conclusion is that in-vivo experiments are extremely prone to confounding 
factors. The major impact the confounding factors have on the outcome makes that the 
set-up, analysis, and interpretation of such experiments should be undertaken with the 
utmost prudence.
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During the course of over a decade of transcriptomics experimentation, we have learned 
some valuable lessons. At the end of this thesis, which is written at a turning point in 
transcriptomics experimentation, marked by the transition from microarray technology 
into next-generation sequencing, it seems timely to share these lessons with the life-
sciences scientists that are increasingly including transcriptomics experiments in their 
research. Especially, since many issues raised here may have prevented transcriptomics 
to live up to its promises, particularly in the context of mechanistic studies.

We have organized the lessons-learned according to the three leading topics of this 
thesis: design, execution, and analysis of transcriptomics experimentation. As the 
distinction is not always clear, several lessons-learned have an effect on two or even 
all three elements of experimentation. The order is relatively arbitrary: all lessons are 
equally important, although some discussed elements have more profound effects on 
experiment interpretation than others.

Because of the theme of this thesis, we will restrict our lessons-learned to transcriptomics 
studies that aim to unravel sub-cellular molecular mechanisms. Biomarker studies have 
a different approach and objective and are not evaluated, although it is clear that many 
of the mentioned lessons likewise apply.

This chapter has been published in slightly adapted form as:

Transcription. 2015 May 27;6(3):51-5. doi: 10.1080/21541264.2015.1064195
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Design for Experimentation

Microarray technology and nowadays next-generation sequencing (NGS) have provided 
us with greatly improved “detectors” for investigating RNA levels in cell-based systems. 
Not only has it become possible to evaluate the gene-expression levels of many genes 
simultaneously by employing these transcriptomics techniques, their results are also 
more quantitative than with the classical Northern blot and qPCR analysis (due to the 
variability of “housekeeping genes” 1).

One would expect that the introduction of such significantly improved detectors would 
have a major impact on how biologists design their new transcriptomics experiments. 
However, many biologists consider microarray technology merely a very high-throughput 
Northern blot and often still use “classical approaches” for their transcriptomics 
experiments. These are usually based on phenotypic endpoints, such as apoptosis or 
cell-cycle arrest, taken from common and accepted practice. Ignoring the impact of new 
detectors on experiment design and analysis may have some serious consequences for 
the conclusions that one is allowed to draw based on such experiments.

The most obvious consequence is that if one investigates tens of thousands of genes, 
this will generate hundreds of thousands of observations, which will invariably lead 
to a considerable number of genes that are incorrectly implied to be involved in a 
process, due to chance combined with biological variability. Hence, statistics become 
extremely important in the analysis and thus in the design of the experiments. Tackling 
known and unknown confounding factors that are causing these false positives is the 
biggest challenge in transcriptomics. To this end, statistical countermeasures have to 
be implemented in all steps along the chain of experimentation. For instance, samples 
should be properly randomized, enough replicates should be included, appropriate 
statistical methods, such as false discovery rate correction, should be applied, and so 
on. In practice, optimal implementation of these statistical elements is often under 
duress due to: budget constraints that limit numbers of replicates; absence of sufficient 
statistical expertise; or a desire to obtain publishable results, and so forth. Although 
many of these reasons often seem plausible and/or acceptable, the effect on the 
eventual outcome of the experiments is frequently underestimated. Moreover, since 
transcriptomics has increasingly become a hypothesis-generating approach, wrong 
conclusions may lead to flawed hypotheses, which in turn may lead to misdirected 
research. The obvious recommendation is that for proper design for transcriptomics 
experimentation, expert biostatisticians should be involved from the start to ensure a 
better chance of valid research. It is extremely important at this early design stage to 
foresee, as much as possible, the eventual required data analyses, as these regularly 
influence the experiment design 2–4.

One key lesson, related to statistics, concerns sample pooling. For decades, biologists 
intuitively have pooled their samples. The reasoning is that “pooling averages out 
the differences between individual samples”, hence there will be less noise in the 
experiment. Although this is true 5,6, the differences between (replicated) samples are 
exactly what is needed for statistical power and inference. From a biological perspective 
pooling of substantially different cells result in the generation of an artificial in-between 
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cell type. Even though it has been somewhat of an uphill battle, currently more and more 
biologists are starting to realize that pooling in transcriptomics experimentation should 
be a conscious choice in the experimental design, because it can hamper biological 
interpretation 5–8.

Another notion, related to the use of classical phenotypic endpoints, is that in order 
to achieve such a phenotypic endpoint, frequently quite severe perturbations are 
required 9,10. However, severe perturbations lead to severe transcriptome responses, 
which often represent a generic stress response rather than a specific reaction to the 
perturbation of interest 10. It seems that at a certain stress point, a cell will choose to 
activate its generic stress response. From that point on, the specific responses to a 
perturbation may no longer be present, not even hidden behind the cloud of stress-
induced noise 10. Ways to reduce these risks include, first of all, a precisely defined 
biological question and avoiding complicated set-ups with high-level and/or multiple 
biological questions and/or multiple experimental factors.

Furthermore, one should tailor-make each transcriptomics experiment to answer the 
specific biological question under study, instead of designing its setup based on classical 
phenotypic endpoints or common practice. This may include running small, technical 
and biological test experiments to determine the optimal experimental settings for a 
final experiment. Additionally, carefully planned range finding experiments are useful 
in determining the optimal location in the experiment design space 11. Designing range 
finding experiments forces a scientist to define its biological question or hypothesis 
quite narrow, for example: instead of “which genes are involved in UV response?” it 
would be something like “which genes in the nucleotide excision repair pathway 
respond to low-dose UV-C induced DNA damage?”.

Unfortunately, range finding is not always sufficient. In-vivo studies also have to be tested 
for the inter-individual differences. If these are too diverse on a basal transcriptome 
level for the tissue under study, they cannot be considered replicates anymore. 
This effectively inhibits standard transcriptomics experimentation and a different 
experimental approach should be found. An example of how improper replicates can be 
deceiving, are our encounters on several occasions with very smooth looking profiles 
of average gene-expression, suggesting a relation between the observed experimental 
factor and gene expression, whereas looking at the profiles from the underlying 
individual animals, no rhyme or reason could be detected (Chapter Six and Figure 1).

As a general suggestion: if one cannot afford high-quality omics experiments, i.e. having 
a sufficiently solid experiment design, then such experiments should not be attempted. 
There are many transcriptomics experiments out there that have yielded sub-par 
results due to an incomplete experimental design, missing for instance essential 
controls because of budgetary reasons 3,4. In these cases, it would be better to set up the 
experiments on a smaller scale or using a different technique that has a solid design and 
lies within budgetary limits. Conversely, given the growing understanding of the role of 
miRNA in gene-expression regulation in combination with good and affordable NGS 
technology for small RNA-Seq, it seems good science to investigate both mRNA and 
miRNA transcriptomes in parallel within one experiment. We anticipate that this co-

Figure 1. Smoothing effects of improper averaging over individuals

Time profiles of Log2 fold change compared to t=0 of the Mdm2 gene in skin derived from the in-vitro mouse 
study for Chapter Six. The mice were treated with UV-B at t=0. A: Averaged profiles over the biological 
replicates for both treated and untreated samples. B: Profiles of individual mice that were not treated. The 
colors indicate individual mice. C: Profiles of individual mice that were irradiated with a high dose of UV-B. 
The colors indicate individual mice.



Valuable lessons-learned in transcriptomics

121

analysis will become common practice within a few years 12–14. This is also true for 
including alternative splice variants in mRNA analysis, as they are increasingly 
recognized as an important biological principle. Given the fact that new long-read NGS 
techniques will allow for solid detection of splice variants, this also should become an 
integrated part of mRNA analysis.

Experimentation Execution

One of the points that ties in with designing tailor-made experiments, is the fact that 
optimizing the quality of starting material can profoundly improve the experimental 
results. This includes: using single cells, homogenizing cell-populations, synchronizing 
cell-samples, and removing unwanted stressors. For instance, synchronization of the 
cultured cells at the start of the experiment and eliminating the commonly used excess 
of oxygen during in-vitro experiments, lowers transcriptome variability and will result in 
more robust results 10. In general, it is often extremely difficult, if not impossible, to avoid 
confounding factors such as differential sample composition, i.e. due to infiltrating cells, 
or time of day effects, caused by circadian rhythm. Uncorrected confounding factors will 
limit the scope of an experiment or in extreme cases can render an experiment entirely 
useless as shown in Chapter Six.

Sensitive detectors are generally quite vulnerable to errors. This means that it is 
advisable to let experiments be executed by well-trained transcriptomics experts. The 
involved delicate laboratory equipment should be well-maintained and only be operated 
by these experts. The usually, relatively, relaxed laboratory attitude in molecular biology 
research can have negative effects on results obtained from such sensitive detectors. In 
the near future, it might be best if all transcriptomics experiments would be executed by 
recognized professionals organized in, certified, non-academic support facilities with a 
high level of application specialization.

cell type. Even though it has been somewhat of an uphill battle, currently more and more 
biologists are starting to realize that pooling in transcriptomics experimentation should 
be a conscious choice in the experimental design, because it can hamper biological 
interpretation 5–8.

Another notion, related to the use of classical phenotypic endpoints, is that in order 
to achieve such a phenotypic endpoint, frequently quite severe perturbations are 
required 9,10. However, severe perturbations lead to severe transcriptome responses, 
which often represent a generic stress response rather than a specific reaction to the 
perturbation of interest 10. It seems that at a certain stress point, a cell will choose to 
activate its generic stress response. From that point on, the specific responses to a 
perturbation may no longer be present, not even hidden behind the cloud of stress-
induced noise 10. Ways to reduce these risks include, first of all, a precisely defined 
biological question and avoiding complicated set-ups with high-level and/or multiple 
biological questions and/or multiple experimental factors.

Furthermore, one should tailor-make each transcriptomics experiment to answer the 
specific biological question under study, instead of designing its setup based on classical 
phenotypic endpoints or common practice. This may include running small, technical 
and biological test experiments to determine the optimal experimental settings for a 
final experiment. Additionally, carefully planned range finding experiments are useful 
in determining the optimal location in the experiment design space 11. Designing range 
finding experiments forces a scientist to define its biological question or hypothesis 
quite narrow, for example: instead of “which genes are involved in UV response?” it 
would be something like “which genes in the nucleotide excision repair pathway 
respond to low-dose UV-C induced DNA damage?”.

Unfortunately, range finding is not always sufficient. In-vivo studies also have to be tested 
for the inter-individual differences. If these are too diverse on a basal transcriptome 
level for the tissue under study, they cannot be considered replicates anymore. 
This effectively inhibits standard transcriptomics experimentation and a different 
experimental approach should be found. An example of how improper replicates can be 
deceiving, are our encounters on several occasions with very smooth looking profiles 
of average gene-expression, suggesting a relation between the observed experimental 
factor and gene expression, whereas looking at the profiles from the underlying 
individual animals, no rhyme or reason could be detected (Chapter Six and Figure 1).

As a general suggestion: if one cannot afford high-quality omics experiments, i.e. having 
a sufficiently solid experiment design, then such experiments should not be attempted. 
There are many transcriptomics experiments out there that have yielded sub-par 
results due to an incomplete experimental design, missing for instance essential 
controls because of budgetary reasons 3,4. In these cases, it would be better to set up the 
experiments on a smaller scale or using a different technique that has a solid design and 
lies within budgetary limits. Conversely, given the growing understanding of the role of 
miRNA in gene-expression regulation in combination with good and affordable NGS 
technology for small RNA-Seq, it seems good science to investigate both mRNA and 
miRNA transcriptomes in parallel within one experiment. We anticipate that this co-

Figure 1. Smoothing effects of improper averaging over individuals

Time profiles of Log2 fold change compared to t=0 of the Mdm2 gene in skin derived from the in-vitro mouse 
study for Chapter Six. The mice were treated with UV-B at t=0. A: Averaged profiles over the biological 
replicates for both treated and untreated samples. B: Profiles of individual mice that were not treated. The 
colors indicate individual mice. C: Profiles of individual mice that were irradiated with a high dose of UV-B. 
The colors indicate individual mice.
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Another technology-related notion concerns the continuing wish of biologists to include 
technical replicates in their transcriptomics experiments. This originates from an 
apparently indelible bad reputation from the early days of microarray technology, which 
is also reflected by the fact that many reviewers still demand validation of microarray-
based results by qPCR. As a general rule for transcriptomics experimentation: biological 
variation heavily outweighs technological variation 5, so it is generally better to use 
biological replicates than technical ones.

Probe-affinity was long thought to be the major cause of differences in microarray 
signals between distinct probes investigating the same transcript. However, we now 
know that these so-called probe-affinity problems are related to sequence specific 
differences in cDNA synthesis and PCR amplification, enzymatic steps that are used in 
microarray technology. As these elements are also present in NGS, similar substantial 
differences in read coverage occur along transcripts 15. In other words, probe-affinity 
issues have been replaced by sequencability, making any comparison between genes 
still unreliable 16.

Experiment Analysis

Obviously the outcome of any experiment analysis is highly dependent on proper design 
for experimentation combined with excellent experiment execution. As mentioned 
before, proper data analysis starts by anticipating the necessary data analyses during the 
experiment design phase. While everyone is familiar with the adagio “garbage in, garbage 
out”, many life-sciences researchers and bioinformaticians often still feel tempted to 
analyze poor data. Even though the reasons, such as expensive experimentation, or 
pressure to finish a PhD study in time, can be very persuasive, bioinformatics analysis 
of poor data invariably turns out to be an extremely time-consuming effort that rarely 
has a satisfying or scientifically sound outcome 3,4.

Data analysis is still the domain of bioinformatics experts. Currently, we experience a 
trend in which simple-to-operate software tools allow biologists to analyze omics data 
themselves. Their increasing popularity amongst biologists is understandable from 
a perspective of both an apparent lack of skilled bioinformaticians and a desire to be 
independent. However, the fact that a scientist can operate a software tool does not mean 
that he or she can use it safely. Like driving a car, it helps if you have an expert instructor 
when you venture into treacherous traffic. Hence, bioinformatics-non-expert biologists 
can opt to parameterize optimistically and cherry pick their results. Consequently, 
they run the risk of using wrong parameters settings or analyses methods during their 
data analysis. Therefore, we recommend that at all times expert bioinformaticians at 
least help to set up the analysis workflow and preferably validate the workflow with 
synthetic data sets. Likewise, at the time of the result interpretation, expert genomics 
and bioinformatics guidance may help to avoid wrong conclusions. This argument goes 
both ways, meaning that bioinformaticians should not interpret experiment results 
without the assistance of genomics and biology-domain experts. Much as we appreciate 
the desire for independence in each life-sciences researcher, we advocate a strict 
multidisciplinary approach when it comes to omics experimentation 2,3,17.
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One of the most prevalent hazards in data analysis is that biologists and/or 
bioinformaticians get lost in the transcriptomics data swamp. The sheer amount of data 
invariably leads to (apparent) remarkable observations. However, without a proper 
hypothesis these observations in data-driven experiment analysis are in essence 
just phenomena, irrespective if they are found by random data browsing or fancy data-
correlating algorithms. Although a phenomenon can lead to an (interesting) hypothesis, 
more often it will lead to endless wading through the murky waters of transcriptomics 
data. So in the hypothesis-driven versus data-driven dilemma, we would advise to 
preferably use a hypothesis-driven approach in transcriptomics experimentation 18.

Another consequence of sensitive genome-wide detectors is the fact that every response 
becomes visible. Choosing the relevant one is a challenge. This brings us to the burning 
question: Which transcriptome changes are biologically relevant? Despite the fact that 
we have statistical tools to determine whether a difference is statistically significant, 
we have no means to determine whether it is biologically relevant and as such, all 
observed differences should be considered equally important. Yet, many scientists still 
use fold-change (FC) difference as a cut-off to select important differentially-expressed 
genes (DEGs), under the assumption that change equals importance. One could wonder 
whether this assumption is correct, given the fact that important regulating genes, like 
p53, are mostly expressed at a relatively low level and very often only show subtle 
differential expression 9. So, one could equally persuasively argue that genes that are 
less important in gene-expression regulation, do not need to be rigorously controlled, 
given that control is expensive in terms of organization and energy. Advancing on that 
thought, it seems as if so-called “significant noise” exists in cellular organization. These 
are transcripts that are produced in a given situation; can be detected with a statistical 
confidence; yet have no direct biological function; just because in some complex cases it 
is more efficient to use a relaxed system for regulation than a strict one. To get a grip on 
functionality of mRNA transcripts, one could for instance check whether they are used 
for protein production by detecting the associated proteins.

With respect to interpretation of results, clustering of genes with differential expression 
has only limited use as it may only lead to the identification of genes that are controlled 
by the same mechanism, e.g. a common transcription factor. To increase the knowledge 
about pathways, which operate as cascades, gene set analysis is a better option for 
analysis, although this will not extend these pathways beyond the known gene sets. 
Another approach could be to consider RNA levels of all genes as a signature of a “cell 
transcriptome state”. Except for gene set analyses, most transcriptome analyses 
compare RNA levels of individual genes between different samples to identify DEGs. 
If one assumes that cells have a certain “state” that is defined by the relative presence 
of RNA between genes, one could compare the transcriptome state of samples rather 
than individual genes. Also, the constant presence and absence of gene expression is 
important and should be determined and incorporated in omics analyses. Of course, 
this implies modeling in a systems-biology approach, which currently seems to be out 
of reach when working with over twenty thousand genes.

It is evident that transcriptomics has brought us many new and exciting insights in 
the functioning of the cell, albeit often a message of confusing complexity. Moreover, 
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we have no doubt that the approaching generation of omics technologies, which are 
on the brink of introduction, will bring us even more comprehensive knowledge and 
undoubtedly many new lessons. Altogether, we feel that the paradigm shift that has 
been preached from the dawn of the omics era, has only just arrived.
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Summary

Improving Design, Execution and Analysis of Transcriptomics 
Experimentation

The innovative high-throughput, genome-wide technologies that have become 
available over the last two decades have resulted in a disruptive innovation in life-
sciences research. These omic technologies hold the exciting promise and potential to 
greatly expand our knowledge of biology by understanding the molecular mechanisms 
of life and as such they were rapidly adopted by many life-sciences researchers. 
Altogether, omics technologies are quickly becoming established, as can be read from 
the numerous successful studies done on the discovery of biomarkers and genome-
wide association studies (GWAS). However, the net result of the omics revolution with 
respect to unravelling molecular mechanisms is not yet a better understanding of these 
mechanisms, but above all the discovery of a multitude of new regulatory levels and 
components in living cells. Thus although we can now measure virtually all cellular 
components in high-throughput, the understanding of the interaction of all these 
numerous components demands that we know their basic characteristics, function(s) 
and site of action. This feeds the disconcerting realization that the complexity of living 
organisms is beyond our imagination. This is why it has felt that the omics promise has 
eluded us, whereas in fact we have learned that we know only little about the intriguing 
biological systems we study.

One consequence of the discovery of the enhanced complexity of biological systems 
is that we have to adapt our experimental strategies. It often seems that scientists 
adopt an omics technology without adapting their ways of experimenting. The fact is: 
omics experiments are so different from traditional molecular-biology experiments 
that they require a significantly modified approach in the way they are set up. There 
are three distinctive phases in the sequence of an experiment that require attention 
in this context. In the design phase of an experiment pitfalls lurk such as insufficient 
biological replication; lack of clear biological questions; unknown design space; and so 
on. In the execution phase, issues like increasingly smaller amounts of sample material 
and protocol standardization should get sufficient attention. Finally, in the data-analysis 
phase of experimentation, proper statistics and expert know-how to handle the huge 
amount of data should be available and used.

In this thesis, several issues that are important during the process of designing, 
executing and analyzing transcriptomics experiments were researched via use-case 
studies to identify which elements of the experimental chain should be amended to 
enhance the reliability of transcriptome experimentation.
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To allow for the study of transcriptome experimentation, we adopted an interesting 
biological use case: the well-studied role of the p53 gene in tumor development. In 
essence: the transcription factor p53, a DNA damage sensor, prevents the accumulation 
of genetic lesions in cells, for instance induced by UV irradiation, and thus tumor 
development. The general consensus is that upon UV exposure, the p53 protein halts cell 
proliferation, i.e. induces cell-cycle arrest, allowing cells to repair their UV-induced DNA 
damage by cellular DNA-repair mechanisms. If however, a particular cell has extensive, 
presumably non-repairable DNA damage, p53 initiates senescence or programmed 
cell death, i.e. apoptosis, to prevent the damaged cell from dividing uncontrolled. 
Conversely, when these p53-dependent, protective cellular responses are compromised 
or absent, accumulation of DNA mutations may lead to genomic instability and finally 
the development of cancerous lesions. As p53 is a transcription factor, it functions 
predominantly by transcriptional activation of its target genes.

Hence, we started this PhD research by a transcriptome analysis of a large-scale in-vitro 
study into the role of p53 after DNA damage (cf. Chapter 2). For this we analyzed the 
gene-expression response to UV-radiation in mouse embryonic fibroblasts (MEFs) using 
p53 mutant mouse models. As phosphorylation of the p53 protein is important in p53-
mediated DNA damage responses and the p53 protein is phosphorylated specifically 
at murine residue Ser389, we used a time-series analysis of UV-irradiated wild-type, 
p53.S389A mutant, and p53−/− knock-out MEFs to investigate the underlying cellular 
processes. The initial observation showed that even without any UV-irradiation, several 
thousands of genes displayed a changed expression in the mutant MEFs as compared 
to the wild-type MEFs, which complicates any interpretation of UV-exposure results of 
these mutants. Also, in the wild-type MEFs over 6.000 genes were changed in response 
to UV-radiation in a strictly biphasic response and although the p53.S389A UV gene 
response was only subtly changed, many cellular processes were affected. Thus, p53.
S389 phosphorylation seems essential for many p53 target genes and p53-dependent 
processes, although the multitude of changed genes resulted in a largely descriptive 
outcome of this study.

Although we obtained several new and important insights regarding the role of p53 
in UV response, we felt unsatisfied in general by the overall interpretation of the 
transcriptome data. We therefore set out to employ creative bioinformatics analyses 
to further understand the involved cellular mechanisms (cf. Chapter 3). At first, we 
appeared to be quite successful in our approach and obtained many new insights, 
which led us to hypothesize that the observed transcriptome response was strictly 
orchestrated. This orchestration could be a result of several general transcription 
factors that would, distributed over time, turn genes on or off due to promoter sites 
with decreasing transcription factor binding affinity. One of those transcription factors 
could be p53. However, during the drafting phase of an article to publish our findings, 
we grew uneasy with our results, even though similar findings in other organisms have 
been reported before. Specifically, the high percentage of differentially-expressed genes 
(34%) combined with their symmetric preferential gene-expression profile in all time 
points and genotypes seemed suspicious and prompted us to reanalyze the data. Close 
scrutiny of the data uncovered an affected mRNA/rRNA ratio, effectively inhibiting valid 
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data analysis. Plus, a new UV-dose range-finding showed low-dose UV specific- and 
high-dose stress-related responses, which represent a plea for UV dose range-finding 
in experimental design.

The new omics technologies can be considered more sensitive detectors to measure and 
observe biological systems. However, using these more sensitive detectors also revealed 
that not all experimental conditions were optimal. For instance in-vitro studies with cell 
culturing using atmospheric oxygen concentrations introduce quite some perturbation-
unrelated stress, and in-vivo studies with a single biopsy per mouse introduces a lot of 
unwanted noise. So we optimized the experimental conditions with respect to in-vitro 
experiment oxygen levels and culture synchronization (cf. Chapter 3) plus in-vivo RNA 
isolation (cf. Chapter 4 & 5).

As any experimental design space is essentially limitless, the ranges of the biological 
variables of the design space usually are based on common practices and in turn on 
phenotypic endpoints. However, specific sub-cellular processes might only be partially 
reflected by phenotypic endpoints or be located outside the associated variable range. 
To solve this, we developed a generic protocol, based on small-scale gene-expression 
experiments, for range finding in design for transcriptomics experimentation (cf. Chapter 
5). This protocol will make it possible to find the right location in the design space by 
analyzing the activity of already known genes of relevant molecular mechanisms. Our 
pragmatic approach is based on: framing a specific biological question and associated 
gene set, performing a wide-ranged experiment without replication, eliminating 
potentially non-relevant genes, and determining the experimental ‘sweet spot’ by gene 
set enrichment plus dose-response correlation analysis. By employing two examples: 
in-vitro UV-C exposure of MEFs and in-vivo UV-B exposure of mouse skin, we illustrated 
the applicability of this approach: Examination of many cellular processes that are 
related to UV response, such as DNA repair and cell-cycle arrest, revealed that basically 
each cellular (sub-) process is active at its own specific spot(s) in the experimental 
design space.

After all the improvements in design and execution of transcriptome experimentation, 
we focused our attention on the data analysis, and in particular confounding factors. 
In transcriptomics experimentation, confounding factors frequently exist alongside 
intended experimental factors and can influence the outcome of an analysis. For 
instance, in-vivo experimental factors; like individual, sample composition and time-
of-day are potentially formidable confounding factors. To study the impact of these 
confounding factors, we designed an extensive in-vivo transcriptomics experiment with 
UV-B exposure on murine skin containing six consecutive samples from each individual 
mouse using the UV dose ranges determined in Chapter 5. In this test study Sample 
Composition, which was caused by mouse-dependent skin composition differences, 
sampling variation and/or influx/efflux of mobile cells, was the most prominent 
confounding factor (cf. Chapter 6). It turned out that the confounding factors: Sample 
Composition, Time-of-Day, Handling Stress, and Mouse affected many genes with 
sometimes over 30-fold gene-expression differences. It lead us to conclude that in-
vivo transcriptomics experiments can be extremely prone to uncontrollable and often 
hidden confounding factors, which severely affect their outcome and thus limit their 



Summary

129

usefulness.

During the course of this PhD research, we have learned some valuable lessons with 
respect to transcriptomics experimentation (cf. Chapter 7). Although many issues 
remain, over the last years, we and others have made quite some improvement to the 
design, execution and analysis of transcriptomics experiments, which will undoubtedly 
lead to better experiments, improved results and ultimately deeper insight in the 
complex biological systems.
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Samenvatting

Het Verbeteren van het Ontwerp, de Uitvoering en de Analyse van 
Transcriptoomexperimenten

De afgelopen 20 jaar is het life sciences onderzoek ingrijpend veranderd door de 
introductie van innovatieve genoombrede technologieën, waarmee veel monsters met 
hoge snelheid verwerkt kunnen worden en grote hoeveelheden data kunnen worden 
gegenereerd. Deze zogenaamde “omics”-technologieën kunnen in potentie onze kennis 
van de biologie enorm uitbreiden, doordat ze het in principe mogelijk maken om voor 
het gehele genoom alle moleculaire veranderingen simultaan te kwantificeren. Deze 
technieken zijn dan ook zeer snel als standaard omarmd door vele onderzoekers 
binnen de life-sciences, zoals blijkt uit het grote aantal succesvolle studies naar de 
identificatie van biomarkers en de zogenaamde genome-wide associatie studies 
(GWAS). Het nettoresultaat is echter dat deze technieken nog niet echt hebben geleid 
tot een uitgebreid begrip van onderliggende moleculaire mechanismen, maar vooral tot 
de ontdekking van een veelheid aan nieuwe regulatieniveaus en onderdelen in levende 
cellen. Ook al kunnen we nu dus vrijwel alle cellulaire onderdelen met hoge efficiëntie 
meten, het begrijpen van de interacties tussen deze vele onderdelen vereist dat we hun 
basale eigenschappen, functie(s) en werkingslocatie kennen. Het lijkt er dus op dat de 
complexiteit van levende organismen ons voorstellingsvermogen vooralsnog te boven 
gaat. Hierdoor voelt het alsof de belofte van “omics” nog niet is waargemaakt, maar in 
werkelijkheid hebben we geleerd dat we nog slecht weinig weten van de intrigerende 
biologische systemen die we bestuderen.

Een gevolg van deze ontdekking van vergrote complexiteit van biologische systemen is 
dat we onze experimentele strategieën zullen moeten aanpassen. Het lijkt er vaak op 
dat wetenschappers starten met het gebruik van een “omics”-technologie, zonder dat ze 
daarbij de wijze waarop ze hun experimenten doen, aanpassen. “Omics”-experimenten 
verschillen echter zodanig van traditionele moleculair-biologische experimenten dat 
ze een duidelijk andere aanpak vereisen. Het is mogelijk om een experiment in drie 
belangrijke fasen op te delen: de ontwerpfase, de uitvoeringsfase en de data-analysefase, 
en iedere fase moet in methodologische zin geoptimaliseerd uitgevoerd worden. 
Tijdens het ontwerpen van een experiment is er gevaar voor onvolkomenheden als: 
onvoldoende biologische replica’s, gebrek aan heldere biologische vraagstellingen, een 
onbekende ontwerpruimte, etc. In de uitvoeringsfase, kunnen er problemen ontstaan 
door de steeds kleiner wordende hoeveelheid materiaal van monsters en onvoldoende 
aandacht voor standaardisatie van protocollen. Als laatste is het belangrijk dat er in 
de data-analysefase gepaste statistiek en deskundige kennis voor het verwerken van 
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enorme datavolumes beschikbaar is en gebruikt wordt.

In dit proefschrift zijn verscheidene kwesties, die van belang zijn gedurende het 
proces van het ontwerpen, uitvoeren en analyseren van transcriptoomexperimenten 
onderzocht aan de hand van voorbeeldstudies. Het doel hierbij was om te identificeren 
welke onderdelen van het proces van experimenteren, verbeterd zouden kunnen 
worden om de betrouwbaarheid van experimenten voor transcriptoomonderzoek te 
verhogen.

Om onderzoek naar de uitvoering van transcriptoomexperimenten mogelijk te maken, 
hebben we gebruik gemaakt van een interessante biologische test-case: de goed 
onderzochte rol van het p53-gen in de ontwikkeling van tumoren. Kort samengevat: de 
transcriptiefactor p53, welke een DNA-schadedetector is, voorkomt de opeenhoping van 
genetische afwijkingen, onder andere veroorzaakt door UV-bestraling, in cellen en de 
daaruit volgende vorming van tumoren. De consensus is dat als gevolg van blootstelling 
aan UV, het p53-eiwit celdeling blokkeert door in te grijpen in de cellcylcus. Hierdoor 
is het voor cellen mogelijk om hun door UV-geïnduceerde DNA-schade te herstellen via 
cellulaire DNA-reparatiemechanismen. Als een bepaalde cel echter te veel, ogenschijnlijk 
niet meer te repareren DNA-schade heeft, initieert p53 geprogrammeerde celdood, ook 
wel apoptose genoemd, om zo te voorkomen dat de cel ongecontroleerd gaat delen. 
In het omgekeerde geval, wanneer deze beschermende cellulaire reacties van p53 
verstoord of afwezig zijn, kan de opeenhoping van DNA-mutaties leiden tot genomische 
instabiliteit en uiteindelijk kankerachtige laesies. Aangezien p53 een transcriptiefactor 
is, werkt het voornamelijk via transcriptionele activatie van zijn doelgenen.

Vandaar dat we bij dit promotieonderzoek gestart zijn met een transcriptoomanalyse van 
een grootschalig in-vitro onderzoek naar de rol van p53 na DNA-schade (zie Hoofdstuk 
2). Hierbij hebben we de genexpressie van de reactie op UV-straling in embryonale 
fibroblasten van muizen (MEFs) met p53-gemuteerde muismodellen geanalyseerd. 
Aangezien de fosforylering van het p53-eiwit belangrijk is bij p53-gestuurde DNA-
schadereacties en deze fosforylering specifiek plaatsvindt op het muizenresidue Ser389 
van het p53-eiwit, hebben we in een tijdsreeks van UV-bestraalde wild-type, p53.S389A 
mutant en p53−/− knock-out MEFs de onderliggende cellulaire processen onderzocht. 
De eerste observatie toonde aan dat er zelfs zonder UV-bestraling al duizenden genen 
een andere expressie lieten zien bij de gemuteerde MEFs dan in de wild-type MEFs, 
wat elke interpretatie van de UV-blootstelling van deze mutanten bemoeilijkt. Verder 
bleken er in de wild-type MEFs meer dan 6.000 genen te zijn veranderd in reactie op 
de UV-straling. Deze verandering vond plaats als een strikte twee-fasen-reactie over de 
tijd en hoewel deze reactie alleen subtiel veranderd was in de p53.S389A-gemuteerde 
MEFs, waren er toch vele cellulaire processen aangedaan. Daarom lijkt fosforylering 
van p53.S389 essentieel voor vele p53-doelgenen en p53-afhankelijke processen, ook 
al heeft het grote aantal veranderde genen gezorgd voor een grotendeels beschrijvende 
uitkomst van deze studie.

Hoewel we verscheidene nieuwe en belangrijke inzichten met betrekking tot de rol van 
p53 in reactie op UV hadden gevonden, waren we in het algemeen niet bijzonder tevreden 
met de algehele interpretatie van de transcriptoomdata. Daarom hebben we geprobeerd 



Samenvatting

132

met creatieve bioinformatica-analyses de betrokken cellulaire processen beter te 
begrijpen (zie Hoofdstuk 3). Op het eerste gezicht leken we behoorlijk succesvol te zijn 
met onze aanpak en hebben we veel nieuwe inzichten verkregen met de bijbehorende 
hypothese, dat de waargenomen transcriptoomreactie strikt wordt gereguleerd. Deze 
regulatie zou het resultaat kunnen zijn van meerdere transcriptiefactoren, die verdeeld 
over tijd, genen aan en uit zouden schakelen door promotorsites met afnemende 
transcriptiefactor-bindingsaffiniteit. Een van deze transcriptiefactoren zou p53 kunnen 
zijn. Tijdens het opstellen van een manuscript om onze bevindingen te publiceren, 
begonnen wij onze aan onze resultaten te twijfelen, ook al waren er in het verleden 
vergelijkbare bevindingen in andere organismen gepubliceerd. Vooral het hoge 
percentage differentieel tot expressie gebrachte genen (34%) gecombineerd met hun 
symmetrische preferentiële genexpressieprofielen over alle tijdspunten en genotypen 
waren verdacht en deden ons besluiten om de data opnieuw te analyseren. Nauwkeurig 
onderzoek toonde een aangetaste mRNA/rRNA-ratio aan, die een valide data-analyse 
verhindert. Verder liet een nieuwe studie naar UV dosis-response zien dat er bij een 
lage dosis, UV-specifieke en bij een hoge dosis, stress-gerelateerde reacties zijn, wat 
pleit voor het uitvoeren van studies naar het bereik van UV-dosering bij het ontwerp 
van experimenten.

De nieuwe “omics”-technieken kunnen beschouwd worden als gevoeligere detectoren 
om biologische systemen te meten en te observeren. Het gebruik van deze gevoeligere 
detectoren heeft echter laten zien dat niet alle gebruikelijke experimentele condities 
optimaal zijn. Bij de in-vitro studies bleken onder andere het opgroeien van de cellen 
onder atmosferische zuurstofconcentraties behoorlijke aspecifieke stress op te leveren 
en in-vivo studies met een enkele biopt-afname per muis genereren ook veel ongewenste 
ruis. Daarom hebben we de experimentele condities geoptimaliseerd voor wat betreft de 
zuurstofconcentratie niveaus en celcultuur-synchronisatie voor in-vitro experimenten 
(zie Hoofdstuk 3) en RNA-isolatie voor in-vivo experimenten (zie Hoofdstuk 4 & 5).

Aangezien de experimentele ontwerpruimte in feite oneindig is, wordt het bereik van 
elke biologische variabele in de ontwerpruimte meestal gebaseerd op wat gangbaar is 
en dus vaak op fenotypische eindpunten. Echter, specifieke sub-cellulaire processen 
zullen vaak slechts ten dele weerspiegeld worden door de fenotypische eindpunten 
of vallen buiten het hiermee geassocieerde variabelenbereik. Om dit probleem op 
te lossen hebben we een generiek protocol ontwikkeld, gebaseerd op kleinschalige 
genexpressie-experimenten, om het relevante variabelenbereik te vinden (zie 
Hoofdstuk 5). Dit protocol maakt het mogelijk om de juiste locatie in de ontwerpruimte 
te vinden door het analyseren van de activiteit van al bekende genen van relevante 
moleculaire processen. Onze pragmatische aanpak is op het volgende gebaseerd: het 
vaststellen van een specifieke biologische vraag en de bijbehorende sets van genen, het 
uitvoeren van een experiment met een breed bereik zonder replicatie, het uitsluiten van 
mogelijk niet-relevante genen, het bepalen van de optimale experimentele locatie door 
verrijking over de sets van genen te bepalen plus het analyseren van de dosis-respons 
relatie. Middels in-vitro UV-C-blootstelling van MEFs en in-vivo UV-B-blootstelling van 
muizenhuid laten we de toepasbaarheid van deze aanpak zien. In onderzoek naar de 
vele cellulaire processen die gerelateerd zijn aan de reactie op UV, zoals DNA-reparatie 
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en celcyclus arrest, bleek dat vrijwel ieder cellulair (sub-) proces actief is op een eigen 
specifieke locatie in de experimentele ontwerpruimte.

Na alle verbeteringen op het gebied van het ontwerp en de uitvoering van 
transcriptoomexperimenten, hebben we ons gericht op de data-analyse en specifiek 
op zogenaamde verstorende effecten. Bij transcriptoomexperimenten zijn deze 
verstorende effecten regelmatig aanwezig naast de bedoelde experimentele factoren 
en zullen de resultaten van een analyse beïnvloeden. Zo kunnen onder andere de in-
vivo experimentele factoren, zoals individu, monstersamenstelling en tijdstip mogelijk 
geduchte verstorende effecten zijn. Om de invloed hiervan te bestuderen hebben we 
een uitgebreid in-vivo transcriptoomexperiment opgezet met UV-B blootstelling van 
muizenhuid met zes opeenvolgende monsters van elke individuele muis in combinatie 
met het UV-dosis bereik, dat bepaald was in Hoofdstuk 5. In deze test studie bleek de 
monstersamenstelling, welke veroorzaakt wordt door muisafhankelijke verschillen 
in huidsamenstelling, variatie van bemonstering en/of in-/uitstroom van mobiele 
cellen, het meest prominent verstorende effect (zie Hoofdstuk 6). Het bleek dat de 
verstorende effecten: monstersamenstelling, tijdstip, omgangsstress en muis vele genen 
beïnvloedden met soms tot wel 30 maal veranderde genexpressiewaarden. Hieruit 
volgde de conclusie dat in-vivo transcriptoomexperimenten extreem gevoelig kunnen 
zijn voor oncontroleerbare en vaak verborgen verstorende effecten, die hun resultaten 
sterk kunnen beïnvloeden en daarmee hun bruikbaarheid beperken.

Gedurende het verloop van dit promotieonderzoek, hebben we meerdere waardevolle 
lessen geleerd met betrekking tot het doen van transcriptoomexperimenten (zie 
Hoofdstuk 7). Ook al blijven er nog vele problemen over, toch hebben wij en anderen 
met ons gedurende de laatste jaren een groot aantal verbeteringen aangebracht met 
betrekking tot het ontwerp, de uitvoering en de analyse van transcriptoomexperimenten, 
welke ongetwijfeld zullen leiden tot betere experimenten, verbeterde resultaten en 
uiteindelijk diepere inzichten in de complexe biologische systemen.
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