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ABSTRACT

The accurate determination of the biological effects of low doses of pollutants is a major
public health challenge. DNA microarrays are a powerful tool for investigating small
intracellular changes. However, the inherent low reliability of this technique, the small
number of replicates and the lack of suitable statistical methods for the analysis of such
a large number of attributes (genes) impair accurate data interpretation. To overcome
this problem, we combined results of two independent analysis methods (ANOVA and
RELIEF). We applied this analysis protocol to compare gene expression patterns in
Saccharomyces cerevisiae growing in the absence and continuous presence of varying
low doses of radiation. Global distribution analysis highlights the importance of
mitochondrial membrane functions in the response. We demonstrate that microarrays
detect cellular changes induced by irradiation at doses that are 1000-fold lower than the
minimal dose associated with mutagenic effects.

INTRODUCTION

Estimation of health risks associated to low doses of genotoxic components in the
environment is a public health challenge. For exemple, the assessement of a “safety limit” on
exposure to ionizing radiation is the object to permanent debates for new environmental
policies and laws. Actually, the possible effects of ionizing radiation capture the imagination
of the public. The mining and processing of radioactive materials for use in medicine, power
generation, consumer products, and industry inevitably generate emissions and waste. Not
only is there an ever-present danger of an accident, like the fire at Chernobyl Center 3, but the
widespread use of nuclear power and the accumulation of nuclear waste raise questions
concerning the possible harmful effects of low doses of radiation released by these sites. The
threshold dose concept, designed to account for negative effects being observed only above a

certain threshold dose, remains controversial. Now that complete genome sequences and
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methods for genome-wide analysis of the transcriptome, such as microarrays, are available, it
is possible to study the gene expression pattern in response to changes in environment (1,2).
Most studies of this type have been carried out with high doses of genotoxic agents or in
drastically changed growth conditions such as glucose (3), oxygen (4) or amino acid (5)
starvation. In this study, we monitored transcriptional changes induced in yeast populations
growing in an environment with low level of radiation. We develop a new data analysis
method, combining the results of two independent methods, to accuratly detect small changes
in the whole transcriptome. We demonstrate that microarray-based transcriptional analysis is
a powerful tool to detect biological effects of environmental modifications.

MATERIALS AND METHODS

Strains and growth conditions. The diploid S. cerevisiae strain D7 (trp5-12 /trp5-27, ilvi-
92/ilv1-92, ade2-40,119/ade2-40,119) was used in all experiments (19). Exponentially
growing cells were used to inoculate standard rich glucose (YPD) medium at 30°C, to a
density of 2 x 10* cells/ml. Cells were cultured for 20 hours, without shaking, in a thin layer
of medium (4 mm) to facilitate oxygenation. The culture plate was placed on a layer of
agarose containing various amounts of *°P, to reproduce a radioactive environment (f-rays,
1.71 Mev) with low dose rates. The dose rate emitted by the **P radioactive layer was directly
proportional to the isotope concentration since the thickness of the layer was larger (> 1 cm)
than the mean track length (0.79 cm in water) of the electrons.We estimate a correlation of 2
mGy/h per uCi/ml of P, taking into account an attenuation of 72% due to the distance of the
cells from the radioactive surface (1.2 mm). Most of the electron (99,4 %) were absorbed by
the cells and the media. After 20 hours of culture, cells were observed under a microscope.
They were counted and the frequency of budding cells was measured. For all the dose rates
tested, the density of cells at the end of the culture period was 2-5 x 10’ cells/ml, with about

30 % budding cells. The frequency of recombinants and mutants was estimated as described
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by Zimmermann and coll. (19) by measuring plating efficiency on solid minimal medium
(YNB, Difco) supplemented with adenine and tryptophan (//v- mutants) or with all amino
acids except tryptophan (7rp+ recombinants).

Microarray analysis. Microarray slides were made by Corning (23 microarrays) and Hitachi
(10 microarrays), using patented techniques. Most of the ORFs of §. cerevisiae (6135
Corning; 5804 Hitachi) were represented on the microarrays. Total RNA was extracted from
cells cultured in various conditions by the phenol and glass beads method. Fluorescently
labelled first-strand cDNA was synthesized by reverse transcription (2 h at 42°C) with the
superscript I enzyme (Life Technology), with 20 ug of total RNA treated with DNase I (2.5
ug) and primed with 3.5 ug dT (20) oligomer in the presence of Cy3-dUTP or Cy5-dUTP
(Amersham) for the Corning microarrays and using indirect labeling kit (Fairplay™
Microarray Labeling, STRATAGENE) for the Hitachi microarrays. RNA was digested with 4
units of RNase H and 5 units of RNase A, at 37 °C for 15 min. Labelled cDNA was separated
from unbound fluorescence by filtration through a microfilter (Qiagen). The Cy3- and Cy5-
labelled cDNAs were pooled, denatured and mixed with 40 ul of hybridization buffer (25 %
formamide (omitted for Hitachi microarrays), 5 X SSC, 0,1 % SDS), 0.66 ug/ul yeast tRNA
and 0.66 ug/ul dA (20). Mixtures were hybridized overnight in a Corning hybridization
chamber, in a 42 °C water bath. The slides were then removed from the chamber, washed for
5 min in 2 X SSC, 0.1 % SDS at 42 °C, four times for one minute each in 0.1 X SSC, four
times for 1 min each in 0.1 X SSC, and then twice with water at room temperature. For all
hybridizations, a Cy-3 fluorescently labelled cDNA control population was prepared from the
same pool of RNA extracted from five independent cultures in rich medium.

Hybridized microarrays were scanned using a Genepix 4000B machine (Axon Instruments).
Separate images were acquired for each type of fluorescence, at a resolution of 10 wm per

pixel. Images were analyzed with Genepix pro 3.0 (Axon), after manual rectification of the
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outline of each spot. The median values for both types of fluorescence were used for each
spot. A quality control standard (QCS) was estimated, calculating the difference between the
median pixel values within the spot (spof) and in the background (bkgrd), corrected with the

square root of the sum of the standard deviations (stdev).

median(spof) — median(bkgrd) ~ Quantile normal 0.5 \
stdev(spor) - \w_stdev(bkgrd) - \'m 2 - number of spots)
\/2 -nbpixels(spof) /2 - nbpixels(bkgrd)

Data with "non significant" QCS values for both types of fluorescence were considered to be

missing.

Normalization for cDNA microarray data. Data from cDNA microarrays are influenced by
many experimental parameters other than differential expression, resulting in systematic
variations in the measured intensities. These parameters cannot easily be quantified by
standard quantification methods. To compare measurements from different microarray
experiments, the measured intensities must be normalized. The main assumption underlying
normalization is that there is a functional coherence between a true biological difference and
the corresponding measured values. The calculation of crude ratios of signal intensity in
intensity-dependent dye normalization methods seems preferable to global methods such as
mean or median normalization. We used the location and scale normalization procedures
originally developed by Yang et al. (20). These methods correct for intensity and spatial dye
biases, by use of a robust local regression. They use the Splus LOWESS function (Insightful)
to perform robust local regression. We applied these methods to obtain a scaled within-print-
group normalization to account for spatial dependence in dye biases, with scale adjustment
between the blocks. To make this method more robust, we did not consider saturating points
(with saturating fluorescence intensities) when estimating of LOWESS fits. However, as these

points contain relevant information, all measured intensities were normalized with the
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estimated LOWESS curves. The normalized data for each spot were defined as the estimation
of the relative expression levels in experiments with irradiated populations (I values) and non
irradiated populations (NI values). Each set of normalized data corresponding to one
microarray will be referred as an instance.

Statistical analysis.

We used three global analysis methods to select the most differentially expressed genes,
namely SAM (9), ANOVA (21,22) and RELIEF (10,23) standard versions of SAM and ANOVA
were used in the experiments, whereas we optimized the RELIEF algorithm for high
dimensional data. SAM and ANOVA are parametric methods that assume that the data for each
class is normally distributed. (Note that we performed one ANOVA per gene). They are based
on the Student’s t-test and calculate the threshold at which the null hypothesis (24, 25 (i.e. that
the two groups of data are drawn from the same distribution) can be rejected. These methods
measure a distance between two normal distributions estimated from the data. Strictly
speaking, they only apply when the variances within each class are equal, which is
questionable in our context. However, SAM partly corrects this by introducing an additional
constant to the variance in the denominator of the formula for the relative difference in gene
expression. In contrast, RELIEF is a non parametric method that considers each instance as a
point in the attribute space (here a 6135-dimensional space). RELIEF calculates, for each
instance, the mean distance to its k-nearest neighbours in another class and the mean distance
to its k-nearest neighbours in the same class. It compares these distances for a given gene (for
a given instance) by considering the associated dimension (here the relative gene expression
of this gene). RELIEF then calculates the weight of this gene by averaging across all instances.
The weight of a gene is thus a function of the variation of its relative expression level within
each class compared to the variation between classes. Indeed, the correlation between class

and relative gene expression seems to be stronger if the intra-class variation is small
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compared to the extra-class variation. In a way, this weight measures the ability of one given
gene to distinguish between classes. The parameter k controls the trade-off between
sensitivity and robustness to noise (in our case, k=3 was empirically determined to be the best
choice).

To estimate the significance of the correlation measured by RELIEF between relative gene
expression and class, we compared it to the correlation obtained when the classes are
arbitrarily assigned to the instances. We labelled instances such that one class contained 12
experiments and the other one contained 6 experiments, in accordance with the original
distribution. We repeated this procedure a thousand times to obtain the average number of
genes with a correlation level greater than a given threshold. The same procedure was applied
for ANOVA.

The data management was facilitated by the use of the “AMADEA” software (Isoft Corp.).
Promoter sequences were analyzed by use of the RSA tool (http://rsat.ulb.ac.be/rsat/). The

transcription factors were identified in the SCPD database (http://cgsigma.cshl.org/jian/).

RESULTS

Experimental design

To generate a homogeneous and controlled low-level radiation environment, we used a layer
containing a controlled amount of radionuclide as an emitter. Diploid S. cerevisiae cells were
allowed to grow exponentially for 12 divisions (20 hours) in the presence of various dose
rates of radiation. None of the dose rates tested (< 2 Gy/h) affected cell growth. Indeed, the
number of living cells and the frequency of budding cells were similar in populations growing
with and without irradiation. We first estimated the range of doses that induced genetic
changes such as mutations or recombination events. As already observed with acute
irradiation, the frequencies of recombination and mutation events increased with the dose rate

(Fig. 1). However, we did not observe any mutagenic effects at dose rates below 100 mGy/h.
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We then investigated the possibility that lower doses could induce transcriptional changes that
do not result in genetic modifications. For this purpose, we compared the expression profiles
of 6 independent irradiated (I) cultures that were exposed to a dose rate of 15 -20 mGy/h for
20 hours with those of 12 independent cultures grown without radiation (Not Irradiated, NI).
We used DNA microarrays to characterize the gene expression patterns in the two sets of
cultures (I and NI). The same control cDNA mixture, prepared from a pool of independent
cultures grown without irradiation, was used in all experiments. For each spot, we calculated
the ratio of normalized quantitative values obtained for the two types of fluorescence. We
combined results of two independent analysis methods to determine the maximal number of
“informative” genes corresponding to the best correlation between the two methods and the
minimal level of “false positive”. The expression levels of these genes estimated by
microarray analysis of populations exposed to various dose rates were used to determine the

lower dose of irradiation inducing detectable transcriptional changes.

Estimation of the ‘“‘significance” of the transcriptional changes in exposed populations

As massive amounts of data were generated, data analysis methods were required to
determine whether changes in relative gene expression were significant. Unfortunately,

unsupervised clustering (Hierarchical clustering; (6)) of relative changes in gene expression

did not cluster culture conditions according to treatment group (data not shown). Recently,
Cheok et al. encountered a similar problem when trying to study the effects of a drug in
human leukaemia cells (7). We thus used methods able to rank genes according to their ability ‘
to distinguish between our growth conditions. We used a standard ANOVA (ANalysis Of

VAriance, (8)) and the recently advocated technique SAM (9). The two methods gave

relatively similar results (see suplementary material Table S1). They calculate for each gene a
quantile function of Fisher statistics with a high score corresponding to a significant

difference in expression between I and NI samples. However, these standard statistical
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techniques relying on the t-test are based on assumptions that are not fully relevant to this
context. Indeed, ANOVA and SAM assume that the data for relative gene expression across
cultures follow a Gaussian distribution. Moreover, these techniques are sensitive to various
types of noise that are frequent in microarray data. As they look at each gene in isolation, they
may not pick up very important correlations between genes involved in the same or related
biological processes. We therefore used a dedicated version of RELIEF (10), an attribute
estimation technique that does not make any assumptions about the distribution or the
independency of the genes. This method calculates the weight of a gene as a function of the
variation of its relative expression level within each class compared to the variation between
classes.

To determine the statistical significance of the biological effect of radiation, we measured the
correlation between the relative expression level of each gene and the class, and we compared
it to the null hypothesis (absence of correlation). If there is a true correlation between relative
gene expression and class, then, for a given correlation level, more genes should appear to be
correlated in experiments than in the null hypothesis conditions. Indeed, we observed a
marked difference between the experimental and randomized curves. The experimental curves
were out of the 95 % confidence interval (Fig. 2) when analysis was performed using either
RELIEF (Fig. 2-A) or ANOVA (Fig.2-B). Our results strongly support the conclusion that
gene expression profiles differ in irradiated populations and non-irradiated ones.

A new method of global analysis highlight the induction of mitochondrial processes

We designed a global graphic analysis method to identify the main processes affected by
irradiation. The method was based on the assumption that if the induced response involves a
biological process associated with the activity of a set of genes, then a large proportion of
these genes should be found to be relevant in our ranking of gene significance. In other words,

these correlated and relevant genes should appear more frequently at the highest ranks than
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should genes associated with unaffected biological processes, which should be uniformly
distributed throughout the ranking. To identify the cellular processes that are most affected by
irradiation, we therefore plotted, for both rankings (ANOVA and RELIEF), the frequency of
genes belonging to a given biological process occurring within the n top ranked genes with
various values of n, producing a so-called “distribution function” (Fig. 3). Only processes
involving more than 15 genes were considered. Most of the processes included involved
genes that were randomly distributed throughout the ranking (only some are presented on Fig.
3). In contrast, with both rankings, three processes appeared to be clearly over-represented
among the highest ranks: oxidative phosphorylation, ATP synthesis and oxidative stress (Fig.
4). These three processes all take place on the inner membrane of mitochondria and cooperate
to produce ATP and to control the reactive oxygen intermediates produced during respiration
and upon exposure to radiation. Thus, we demonstrate that a global analysis can be used to
identify processes that are involved in the specific cellular response to irradiation.

Combining two analysis methods to spot genes responding to low dose exposure

We wanted to analyze the genes involved in the response to irradiation in more detail. The
main difficulty encountered was choosing a threshold of probability or weight beyond which
the number of genes that are falsely considered as being informative of the growth conditions
is too high. For example, a conventional method consists in setting a minimal fold change in
gene intensity. Using such a method, we found that the expression of only 86 of the 6,135
genes was altered by a factor two or more in the I populations as compared to the NI
populations. However, only half of these 86 genes were among the top ranked genes
according to RELIEF (corresponding to a weight > 0.2) or ANOVA (corresponding to a p-
value < 0.01). We consider that the two-fold change method is insufficient, because it does
not take into account the intra-class variance. The failure of this method to discover

significant genes has already been reported by Tusher (9) and by Townsend (11). As it is

10
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difficult to know which ranking is the most accurate, we decided to combine the two rankings
(given by the ANOVA and RELIEF methods) and we select genes that were identified as
being informative of the growth conditions by both methods. We first examined the
correlation between both rankings by calculating the percentage of common genes for
different numbers of top ranked genes (Fig. 5). The curve shows a very unique shape with a
maximum for the 500 top ranked genes, which corresponds to the highest correlation between
the two rankings. We found 278 common genes in the 500 top ranked genes. These genes
were named “Continuous Irradiation-Induced Response” (CIIR) genes (suplementary material
Table S1). The probability of having such a large number of genes common to both lists by
chance is almost zero (P< 10™'® according to the hypergeometric law). The CIIR genes were
identified according to their I/NI ratio (calculated for each gene by dividing the mean of the I
values by the mean of the NI values). Genes with an I/NI ratio greater than one were
considered to be induced and genes with an I/NI ratio lower than one were considered to be
repressed. About half the CIIR genes (118) were accordingly classified as being repressed and
the others (160) as being induced.

To identify potential transcription factors that could be involved in the response to continuous
exposure to low dose rate of radiation, we looked for common sequence motifs in the 800
nucleotides immediately upstream from the coding region of the 278 CIIR genes. Among the
6-nucleotides motifs found in the regulatory regions only one motif (agcgga) was present
significantly more frequently (P<0.0003 in a chi-square test) than in the entire genome. This
motif was found upstream from 38 induced genes (AGP1, ATP19, COX4, COX6, CUPI-1,
CUP1-2, CYTI, FUN34, FYV6, GDH2, IRA2, LSM2, MET28, MIR1, MRPL38, NHP6B,
PEX4, PRM4, PTR3, RIB4, SDS23, SOD1, SPL2, VRP1, VTC1, YHBI1, YNGI1, YBR230C,
YBR262C, YCL046W, YELOO6W, YERO71C, YHRI121W, YILO57C, YJRO78W,

YKRO88C, YLR262C-A and YPL261C). The (agcgga) motif is bound by three different

11
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transcription factors, including CUP2, which regulates the response to copper ions, and
HSE/HSF, which is activated by stress conditions resulting in the formation of abnormal
proteins. Very little is known about the third factor (UAS2CHA) that binds the (agcgga)
motif, except that it seems to be involved in the cell cycle.

We examined the cellular distributions of the proteins encoded by the CIIR genes using the
Snyder database (http://bioinfo.mbb.yale.edu/genome/yeast/localization.cgi). No specific
trend was observed for the products of the repressed genes. In contrast, the genes induced by
continuous irradiation tended to encode mitochondrial proteins: 34 % of the induced CIIR
gene products (55/160) compared to only 12 % of all the localized proteins (710/5882).
Interestingly, 20 of the 55 mitochondrial CIIR proteins have no known function. The
mitochondrial CIIR genes included 21 genes coding for proteins involved in oxidative
phosphorylation, ATP synthesis and oxidative stress. In contrast, the number of CIIR genes
encoding nuclear proteins was lower (15 %) than the relative abundance (27 %) of these
proteins in the cell (12). These results suggest that most of the protein changes induced by
continuous irradiation occur outside the nucleus.

The responses to low dose continuous exposure and to accute irradiation are partially
different

It is currently assumed that the effects of low doses can be estimated by extrapolating the data
obtained for much higher doses. We tested this hypothesis by studying the transcriptional
response induced by a short (2 min) but intense (100 Gy/min) period of irradiation. At this
radiation dose, 75% of cells survived and the cell cycle was arrested for 4 hours (data not
shown; (13)). As the transcriptional response to acute irradiation was sequential, with early
and late inductions, we followed the kinetics of the transcriptional response for 5 hours (6
time points were analyzed). We analyzed the expression profiles of the 278 CIIR genes and

we found that 65 CIIR genes were induced by both continuous and acute exposure and 42

12
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were repressed by both treatments (suplementary material Table S1). Most of the genes
involved in ATP synthesis, oxidative phosphorylation, Cu™" ion homeostasis and electron
transport were induced by both treatments, confirming the key role of these processes in the
response to irradiation. Interestingly, the transcriptional levels of 64 % of the CIIR genes (177
genes: 96 induced and 81 repressed) did not change after exposure to 200 Gy (suplementary
material Fig. S1). This suggests that the transcriptional response to continuous exposure
differs from that induced by short exposure to a high dose rate.

Transcriptional changes can be detected at dose rates as low as 0.1 mGy’/h

CIIR genes were selected by comparing non-irradiated populations and populations exposed
to doses of 10-20 mGy/h. These dose rates are higher than the mean level of radiation in the
environment. We therefore carried out 14 assays with dose rates of between 0.01 and 10
mGy/h. We estimated global changes in the population exposed to these low doses by
calculating separately for each microarray the mean values (induction factor or repression
factor) of the relative expression of all the induced or repressed CIIR genes respectively. The
induction factor depends on the dose received by the cells, and decreases with dose rate (Fig.
6). At dose rates as low as 0.1 mGy/h, the average induction factor was significantly higher
than that of the non irradiated populations. In contrast, the repression factor appeared to be
less predictable and was not clearly correlated with dose rate. However, the results obtained
for this factor were similar to those obtained for the induction factor, with values clearly
changing at a dose rate of 0.1 mGy/h.

DISCUSSION

This study describes a new method to identify genes which expression is specifically
modified by extra cellular conditions. Genome-wide expression analysis using cDNA
microarrays has been widely used to explore remodelling of gene expression in response to

changes in environment. The high variability inherent to this technology requires the use of
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dedicated statistical methods essential to drawing reliable inferences from microarray data. In
this work we compared two independent analysis methods, one based on classical Student’s t-
test and the other being an attribute estimation technique, for their ability to discriminate
transcription program between exposed populations and non-exposed populations. Both
methods indicate that transcriptional change is significant between the two populations and
highlight the specific induction of genes involved in oxidative phosphorylation and ATP
synthesis processes. However the careful analysis of the list of genes ranked as the more
relevant by the two methods show that both methods differ in their ranking. Only half of the
relevant genes were ranked in the 500 more significant by both methods (see supplementary
table 1). It is difficult to determine at this stage, if the genes selected by only one analysis
method are irrelevant. We chose to reduce the number of relevant genes to these selected by
both methods. Doing so, we reduce the number of “false positive” to 16% of the genes
considered as significant (Fig.5). This result indicate that groups of genes rather than
individuals should be considered for further analysis.

The two methods we used come to agreement on the main functions altered by growth under
low radiation. They point out the induction of numerous genes coding for proteins of the inner
mitochondriale membrane. This finding highlights the important role of mitochondria in
response to irradiation. Numerous drugs have been shown to target mitochondria. Most of
them induce long-term defects in mitochondrial DNA (rho” mutants). We measured the
frequency of mitochondrial mutants by testing growth of colonies on a glucose-limited
medium (14). The irradiated cell population contained less than 0.2 % “petite” as did the non
irradiated control. This result indicates that mutagenesis of mitochondrial proteins cannot
explain the transcriptional change observed in the exposed populations.

The detection of transcriptional changes in response to low doses of radiation raises questions

concerning the nature of the signal detected in these conditions. Indeed, the amount of DNA
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damage is negligible at these dose rates (about one DNA damage/ yeast genome/ mGy).
Ionising radiation causes a temporary increase in intracellular free radical concentration due
to the radiolysis of water. It has been shown recently that the oxidatively damaged proteins
accumulate with replicative age being retained in the mother cells during cytokinesis (15)|
The cumulative effects of dose exposure in growing cells could be partially explained by the
asymmetric inheritance of damaged proteins. On another hand, we cannot exclude that
oxidative intermediates may accumulate in the growth medium. Several studies on
mammalian cells have shown that reactive oxygen species (ROS) are released by cells after
irradiation. A radiation-induced “bystander” effect has been observed in cells treated with
growth medium from Gamma-irradiated cultures (16,17). The authors of these studies
observed changes in intracellular calcium levels, mitochondrial membrane potential and ROS
levels. However, it is not clear how such a process occurs in cultures exposed to low doses of
radiation since the doses currently used to detect the bystander effect (0.5 Gy-5 Gy) are much
higher than those used in our study. Moreover, the bystander effect has never been observed
in yeast (probably because of the low permeability of yeast cell walls and the lack of cell
contact). It is generally believed that intracellular ROS are primarily produced by the
mitochondria. Given the harmful effects of ROS, numerous protective mechanisms are likely
to have evolved to limit oxidant production and release. One possible way of decreasing
mitochondrial oxidant production is to increase metabolic uncoupling between oxygen
consumption and ATP generation. Such uncoupling produces heat and decreases the amount
of oxygen gas released (18). Cells could use a similar mechanism to eliminate the intracellular
free radicals induced by ionizing radiation.

Our results suggest that estimating induction and repression factors might be a useful way of
assessing the level of exposure of a population. The distribution of the radiation induced

damages in the population is stochastic and the number of cells that are not damaged should
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increase as the dose decreases. Thus, as the irradiated population is heterogeneous, we can
assume that the decrease in the induction factor with the dose is probably due to the decrease
in the proportion of “responding” cells in the population, rather than to the decrease in the
level of the response in each cell.

In conclusion, we have devised a new method that can be used to detect the biological effects
of pollutants in the environment. This method is based on the measurement of transcriptional
changes and the combination of the results of two analysis techniques. It is 1,000 times more
sensitive than the detection of genetic mutations. It is noteworthy that this work provides no
evidence as to whether continuous exposure to low-dose radiation is harmful or beneficial for
life. It simply demonstrates that unicellular organisms, such as yeast, detect low levels of
radiation in the environment and respond by modifying their transcriptional activity.

Note: Supplementary data, including the list of genes and functions present on the microarray
and the table of CIIR genes, are available on the Nucleic Acid Research Website.
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Figure Legends

Figure 1: Comparison of the frequencies of recombination (A) and mutation (B) events
induced by continuous irradiation at different dose rates. The recombinant frequency and
the mutation frequency were measured as described in Material and Methods for each

independant culture exposed for 20 hours to the dose rate of radiation indicated in abcissa.

Figure 2: Scatter plots of relative differences in gene expression. Scatter plot of the genes
as a function of their weight calculated with the RELIEF (panel A) or their p-value calculated
with ANOVA (panel B) are represented for experimental data (black) or random distribution
of the experiments (dotted line). High scores represent significant difference in gene
expression between I and NI samples. The random distribution was obtained by 1000
experimental permutations of the experimental data. The grey lines indicate the 95%

confidence intervals of the random distribution.

Figure 3: Identification of the cellular processes affected. Genes were ranked by RELIEF
(Panel A) and by ANOVA (Panel B) and grouped according to the cellular process involved.
The ordinate corresponds to the percentage of genes involved in a given process with a rank

below the value indicated on the abscissa.

Figure 4: Schematic diagram of the oxidative phosphorylation pathway. The proteins

shown in cream were not induced by continuous exposure to ionizing radiation. The numbers
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indicate the names of the subunits in the protein complex. The names of the CIIR genes

encoding the proteins in each complex are reported.

Figure 5: Analysis of the correlation between the ANOVA and RELIEF rankings as a
function of the size of the gene set. The percentage of common genes was calculated for
different numbers of top ranked genes (n, in abscissa) by ANOVA and RELIEF (diamonds).
The percentage of “false” common genes in two independent random drawings of size n was
calculated by applying the hypergeometric law (circles). The difference between the two
curves indicates the percentage of correlated top ranked genes between the ANOVA and

RELIEF rankings (triangles).

Figure 6: Induction factors and repression factors as a function of dose rate. The factors
were calculated for experiments with various doses as the mean value for expression ratio of
the induced (black boxes) and repressed (grey boxes) CIIR genes. The mean value and

variance of factors from several experiments are reported for each dose rate analyzed.

20



Recombinants (per 10° cells)

Mercier et al. , November 2003

Figure 1
. 100 -
L]
300- ' o) .
E 80 +
=}
200 ¢ 9 — 60 1
=]
y
10 o 2 40
100
e ! g 20
A = B
D T T T T T T T 1 U T T T T T 1
0 0.4 0.8 1.2 1.6 0 0.4 0.8 1.2 1.6
Dose rate (Gy/h) Dose rate (Gy/h)

21




7000 -
6000 |
» 5000 -
()
£ 4000 -
Gy
o
5 3000 A
5 2000 -
1000 -

Figure 2

0

-03 02 00 02 03 05

Number of genes

Weight calculated by RELIEF

22

Mercier et al. , November 2003

0 02 04 06 08 1

Quantile function of Fisher
Statistics



Percent of genes

100 +

Figure 3

100 -

80

60

40

20 1

A B
0 T T T 0 T T T
0 2000 4000 6000 0 2000 4000 6000
ANOVA classification RELIEF classification

23

Mercier et al. , November 2003

—®—ATP synthesis
—&—DNA repair
DNA replication
cell cycle
—#—cell wall biogenesis
chromatin structure
—=— cytoskeleton
—e— mRNA splicing
—=—nuclear protein targeting
—&—oxidative phosphorylation
—@-oxidative stress response
—4— protein degradation, ubiquitin-mediated
protein processing
protein synthesis
—4respiration
secretion
—e— transcription
——transport
—¢—unknown
—&—random



Mercier et al. , November 2003
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YALO049C
YBR014C
YBRO39W
YBR162W-
A
YBR230C
YBR268W

YCLO46W
YDLO04W
YDL181W
YDR298C
YDR322C-A
YDR373W
YDR377W
YDR479C
YDR511W
YDR513W
YDR529C
YEL020C
YERO19C-A
YERO72W

YER183C
YFLO30W
YFRO29W
YGL087C

YGL187C

YGL188C
YGL191W

YGRO063C
YGRO076C

YGR137W

YGR234W

Gene

ATP3
YSY6

MRPL37

ATP16
INH1
ATP5
TIM11
FRQ1
ATP17

TTR1
QCR7

SBH2
NRF1

PTR3
MMS2

COXx4

COX13

SPT4
MRPL25

YHBA1

Process

unknown
unknown

ATP synthesis
secretion
(putative)
unknown
protein
synthesis
unknown

ATP synthesis
ATP synthesis
ATP synthesis
ATP synthesis
unknown

ATP synthesis
unknown
unknown

electron carrier

respiration
unknown
secretion
signaling,
polarized
growth
(putative)
unknown
unknown
transport
DNA repair,

postreplication

oxidative

phosphorylation

unknown
oxidative

phosphorylation

transcription
protein
synthesis
unknown

oxidative stress

response
(putative)

Table S1
Predicted RELIEF ANOV
Localization rank A rank
Cytoplasm 190 495
ER-related 78 24
Mitochondria 385 232

366 463
Mitochondria 14 234
Mitochondria 123 154
Cytoplasm 237 204
Mitochondria 430 226
Cytoplasm 37 94
Mitochondria 169 397

194 225
Cytoplasm 91 16
Mitochondria 56 54
Nucleus 221 71
Mitochondria 13 1
ER-related 84 244
Cytoplasm 22 341
Nucleus 230 178

120 323
Membrane- 111 119
related
Mitochondria 212 320
Cytoplasm 34 398
Nucleus 448 101
Cytoplasm 117 49
Mitochondria 82 295
Mitochondria 21 151
Mitochondria 43 179
Cytoplasm 219 92
Cytoplasm 247 64
Membrane- 96 140
related
Cytoplasm 5 10
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SAM
score
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4.44
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4.97
3.07
3.75
2.96
3.07
3.76
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3.69
3.3
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3.7

4.43
3.85
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3.55
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gene
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ind
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YJR077C
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YKLO16C
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YLR038C

YML081C-A
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YMR158W
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YNLO52W

YNL147W

YNRO032C-A
YOLO77W-
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YOL143C

YOL159C
YOR065W

YPL183W-A

YPL261C
YPL271W
YPRO20W
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YPR094W
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YBLO26W
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CUP1-1
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MIR1
SFC1
SOD1

ATP7
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COxX12

ATP18

RPL20A

COX7

COX5A

LSM7

ATP19

RIB4

CYT1

ATP15
ATP20
YMC1

LSM2
SEC17

REG2

oxidative
phosphorylation
oxidative
phosphorylation
Cu2+ ion
homeostasis
Cu2+ ion
homeostasis
unknown
unknown
transport
transport
oxidative stress
response

ATP synthesis
electron carrier
protein
synthesis
oxidative
phosphorylation
ATP synthesis
(putative)
unknown
unknown
protein
synthesis
oxidative
phosphorylation
oxidative
phosphorylation
mRNA splicing
(putative)
unknown

ATP synthesis

riboflavin
biosynthesis
unknown
oxidative
phosphorylation
protein
synthesis
unknown

ATP synthesis
ATP synthesis
transport
unknown
unknown
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mRNA splicing
secretion
unknown
glucose
repression
unknown

Mitochondria
Cytoplasm
Cytoplasm

Nucleus
ER-related
Mitochondria
Nucleus
Cytoplasm

Cytoplasm
ER-related
Mitochondria

Cytoplasm

ER-related
Mitochondria
Cytoplasm

Mitochondria
Mitochondria
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Cytoplasm

ER-related
Mitochondria

ER-related
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Cytoplasm
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Mitochondria
Membrane-
related
Cytoplasm
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Nucleus
Cytoplasm
Nucleus

Cytoplasm
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YDR231C
YDR264C
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PEX4

MRPLO

ECM34

MED6

chromatin
structure
unknown
transport

transcription
iron
homeostasis,
mitochondrial
DNA repair
glutamate
metabolism
unknown
unknown
sporulation
respiration
"signaling,
pheromone
pathway;
endocytosis;
cell shape
control"
mRNA splicing
(putative)
unknown
unknown
oxidative stress
response
unknown
unknown
unknown
oxidative stress
response
unknown
unknown
meiosis,
chromosome
pairing
(putative)
unknown
unknown
lysine
biosynthesis
unknown
meiosis,
synapsis
protein
degradation,
ubiquitin-
mediated
protein
synthesis
unknown

cell wall
biogenesis
transcription

Mitochondria
Membrane-
related

Mitochondria

Mitochondria
Nucleus

Cytoplasm
Cytoplasm
Cytoplasm
Mitochondria
Membrane-
related

Mitochondria

Mitochondria
Nucleus
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Nucleus
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Nucleus
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Mitochondria
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related
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29

257

152
386

131
446

228
483

375
215
199
64

488

409

258
382
40

179
396
372
63

359
156
477

340
435
102

250
373

352

155

39
452

305

273

308
386

89
116

202
395

185
215
26
21
434

391

38
162
467

48
85
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18
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47
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109
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39
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2.76

3.8
3.32
2.23
4.2

3.12
3.79
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3.24
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2.79

3.75

4.11
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2.9
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ind
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ind
ind
ind
ind
ind

ind

ind
ind
ind
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ind
ind
ind
ind
ind

ind
ind
ind

ind
ind

ind

ind

ind
ind

ind

no
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YHR110W

YHR121W
YHR132C

YHR136C
YILO57C
YI1L098C

YIL112W
YIR017C

YIR029W

YJLO37W

YJL102W

YJL205C-A

YJRO78W
YKLO02W
YKLO58W
YKLO67W

YKR088C

YLRO41W
YLR174W
YLR236C
YLR262C-A
YLR267W
YLR337C
YLR375W
YLR377C

YLR385C
YLR395C

YML114C
YMRO022W

YMRO35W

YMRO056C
YMR126C

YMR157C
YMR264W

ERP5

ECM14

SPL2

FMC1

MET28

DAL2

MEF2

NCE101

TOA2
YNK1

IDP2

BOP2
VRP1
STP3
FBP1

COX8

QRI8

IMP2

AACH1

CUE1

"membrane
trafficking;
secretion
(putative)"
unknown
cell wall
biogenesis
cell cycle
unknown
respiration
(putative)
unknown
sulfur amino
acid metbolism
allantoin
utilization
unknown

protein
synthesis
secretion, non-
classical
unknown
unknown
transcription
nucleotide
metabolism
unknown

unknown
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unknown
unknown
unknown
cytoskeleton
tRNA splicing
gluconeogenesi
S

unknown
oxidative
phosphorylation
unknown
protein
degradation,
ubiquitin-
mediated
protein
processing
transport
unknown

unknown
protein
degradation,
ubiquitin-
mediated

ER-related

Mitochondria
ER-related
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Cytoplasm
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Nucleus
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206
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308

245
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128
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183
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YPL275W
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YPR193C

YALOG64W-
B
YBLO69W
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YDLO71C
YDL187C
YDL246C
YDL247W

YDRO21W
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YDR221W
YDR257C
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GPI12
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IRA2

CRC1
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DIB1

HPA2
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ORC2

MPSH1

FALA

DBF4

RMS1
MTH1

protein
processing
(putative)
unknown
unknown
unknown

unknown
signaling, Ras
pathway
unknown

unknown
unknown

unknown
transport
unknown
unknown
fatty acid
metabolism
unknown
transport
unknown

unknown
unknown
unknown
unknown
unknown
unknown
chromatin
structure
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plasma
membrane
protein
targeting
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rRNA
processing
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transport
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Nucleus
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Nucleus
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100

353
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404

337
254

55

428
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285
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405

15
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425
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184
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436
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207
25

171
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95

189
288
347
47
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41
275
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409

240

88
375

43
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100
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YDR331W  GPI8 protein ER-related 309 477 -2.22 rep no
processing
YDR379W  RGA2 signaling Nucleus 439 351 -2.41 rep no
YDR383C unknown Nucleus 136 34 -3.32 rep no
YEL047C unknown ER-related 197 407 -2.21 rep no
YERO22W  SRB4 transcription Nucleus 186 98 -2.55 rep no
YER027C GAL83 glucose Nucleus 260 340 -2.19 rep no
repression
YER049W unknown Cytoplasm 24 492 -2.63 rep no
YER187W- KHS1 unknown 151 310 -2.4 rep no
A
YFLO47W unknown Nucleus 248 315 -2.12 rep no
YFL0O48C EMP47  secretion ER-related 494 83 -2.34 rep no
YFRO12W unknown Membrane- 391 279 -2.45 rep no
related
YFR039C unknown ER-related 434 257 -2.56 rep no
YGLO17W  ATE1 protein Nucleus 402 313 -2.27 rep no
synthesis
YGL032C AGA2 mating ER-related 225 134 -2.8 rep no
YGL144C unknown Nucleus 139 168 -2.52 rep no
YGL225W  GOG5 protein Membrane- 456 169 -2.53 rep no
glycosylation related
YGL228W  SHE10 unknown ER-related 113 405 -2.41 rep no
YGL263W  COS12 unknown ER-related 422 192 -2.32 rep no
YGRO14W  MSB2 bud emergence ER-related 246 253 -2.48 rep no
YGR208W  SER2 glycine, serine, Cytoplasm 51 31 -3.29 rep no
and threonine
metabolism
YGR294W unknown ER-related 231 494 -2.34 rep no
YHR047C AAP1'  protein Nucleus 226 439 -2.32 rep no
degradation
YHRO73W unknown Nucleus 441 103 -2.63 rep no
YHRO085W unknown Nucleus 253 274 -2.56 rep no
YILOO6W unknown Nucleus 363 389 -2.47 rep no
YIL0O55C unknown Membrane- 295 141 -2.57 rep no
related
YIL174W unknown Mitochondria 36 6 -3.99 rep no
YIRO10W unknown Nucleus 284 164 -2.65 rep no
YJLO25W RRN7 transcription Nucleus 167 51 -3.01 rep no
YJLO41W NSP1 nuclear protein  Nucleus 158 261 -2.25 rep no
targeting
YJLOS51W unknown Membrane- 77 296 -2.62 rep no
related
YJL105W unknown Nucleus 224 246 -2.46 rep no
YJL110C GZF3 nitrogen Nucleus 445 435 -2.36 rep no
catabolism
YJL145W unknown Mitochondria 183 58 -3.18 rep no
YJRO03C unknown Cytoplasm 208 284 -2.19 rep no
YJRO64W  CCT5 protein Cytoplasm 423 441 -2.12 rep no
targeting
YJR069C HAM1 6-N- Cytoplasm 412 40 -3.02 rep no

hydroxylaminop
urine resistance

YKLO08C LACH aging Membrane- 341 80 -2.65 rep no
related
YKLO62W  MSN4 transcription Nucleus 418 321 -2.14 rep no
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YKL112W  ABF1 transcription Nucleus 275 243 -2.47 rep no
YKL144C RPC25 transcription Nucleus 209 22 -3.34 rep no
YKL205W  LOS1 tRNA splicing Nucleus 355 464 -2.26 rep no
YKL223W unknown Mitochondria 307 271 -2.56 rep no
YKL224C unknown ER-related 256 424 -2.38 rep no
YKRO27W unknown Nucleus 164 182 -2.74 rep no
YKR043C unknown Cytoplasm 491 67 -2.93 rep no
YLR042C unknown Membrane- 80 229 -2.75 rep no
related
YLR084C RAX2 cell polarity Membrane- 376 293 -2.42 rep no
(putative) related
YLR432W unknown Cytoplasm 45 137 -2.68 rep no
YLR464W unknown Nucleus 267 278 -2.59 rep no
YML062C MFTA mitochondrial Nucleus 299 61 -2.89 rep no
protein
targeting
YMLO64C  TEM1 cell cycle Nucleus 287 191 -2.58 rep no
YML128C unknown ER-related 59 385 -2.34 rep no
YMR151W  YIM2 unknown Membrane- 476 221 -2.71 rep no
related
YMR307W  GASH unknown ER-related 269 107 -2.68 rep no
YNLO65W unknown Membrane- 33 238 -2.77 rep no
related
YOL064C MET22 methionine Cytoplasm 447 239 -2.02 rep no
biosynthesis
YOL156W  HXT11 transport Membrane- 57 72 -3.27 rep no
related
YOL164W unknown Nucleus 72 311 -2.42 rep no
YOR047C  STD1 glucose Mitochondria 487 198 -2.41 rep no
repression
YORO051C unknown Nucleus 4 62 -3.6 rep no
YPLO21W  ECM23 cell wall Cytoplasm 319 292 -2.44 rep no
biogenesis
(putative)
YPL023C MET12 methionine Nucleus 142 167 -2.66 rep no
biosynthesis
YPL245W unknown Nucleus 124 111 -2.61 rep no
YPRO76W unknown Cytoplasm 322 414 -1.99 rep no
YPR136C unknown Membrane- 239 417 -2.19 rep no
related
YALO35W  FUN12 unknown Cytoplasm 93 302 -2.67 rep rep
YALO53W unknown Membrane- 65 99 -2.72 rep rep
related
YARO73W unknown Cytoplasm 165 304 -2.36 rep rep
YBL039C URA7 pyrimidine Cytoplasm 88 173 -2.55 rep rep
biosynthesis
YBR121C GRS1 protein Cytoplasm 296 339 -2.31 rep rep
synthesis
YDRO37W  KRS1 protein Cytoplasm 293 97 -2.86 rep rep
synthesis
YDRO091C unknown Nucleus 390 35 -3.18 rep rep
YDR234W LYS4 lysine Cytoplasm 115 55 -2.88 rep rep
biosynthesis
YDR398W unknown Cytoplasm 298 371 -2.52 rep rep
YELO75C unknown Nucleus 138 451 -2.42 rep rep
YELO76C-A unknown 261 265 -1.85 rep rep
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YELO76W-C unknown 9 429 -2.47 rep rep
YERO11W  TIR1 stress response ER-related 23 355 -2.4 rep rep
(putative)
YFROO9W  GCN20 protein Cytoplasm 380 69 -2.66 rep rep
synthesis
YGL120C PRP43  mRNA splicing  Cytoplasm 262 408 -2.3 rep rep
YHL046C unknown ER-related 191 425 -2.51 rep rep
YHL049C unknown ER-related 85 233 -2.95 rep rep
YHRO70W unknown Nucleus 392 438 -2.18 rep rep
YHR092C HXT4 transport Membrane- 315 330 -2.65 rep rep
related
YHR137W  ARO9 aromatic amino Nucleus 90 82 -3 rep rep
acid
metabolism
YIL176C unknown ER-related 181 469 -2.41 rep rep
YJLO80C SCP160 mitosis, Cytoplasm 170 9 -3.57 rep rep
chromosome
transmission
YJL200C unknown Mitochondria 313 145 -2.57 rep rep
YJR162C unknown Mitochondria 27 254 -2.6 rep rep
YKL029C MAEH1 pyruvate Mitochondria 41 190 -2.61 rep rep
metabolism
YLLO11W  SOF1 rRNA Nucleus 300 207 -2.34 rep rep
processing
YLLO48C YBT1 transport Membrane- 69 331 -2.29 rep rep
related
YLRO60OW  FRS1 protein Cytoplasm 116 44 -3.09 rep rep
synthesis
YLR462W unknown Nucleus 6 163 -3.07 rep rep
YOLO57W unknown Cytoplasm 216 277 -2.21 rep rep
YOLO79W unknown Membrane- 154 459 -2.32 rep rep
related
YOR168W  GLN4 protein Nucleus 335 102 -2.61 rep rep
synthesis
YOR394W unknown Membrane- 187 142 -3.15 rep rep
related
YPL044C unknown Nucleus 107 78 -2.78 rep rep
YPL086C ELP3 chromatin Mitochondria 346 298 -2.35 rep rep
structure
YPLO93W  NOG1 unknown Cytoplasm 276 496 -2.18 rep rep
YPR203W unknown ER-related 26 235 -2.96 rep rep

Table S1. List of the CIIR genes.The name of the gene and the function and localisation of
the protein are indicated in the first columns. The classification parameter given by each
analytical method are indicated. In the two last columns we summerized our results on
populations exposed to continuous low rate irradiation (CIIR gene) or to acute irradiation
(High dose 200 Gy): rep :repressed ; ind : induced ; no : no variation).
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Figure S1
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Figure S1: Kinetics of expression of CIIR genes exposed to a 200Gy acute irradiation.

Panel A: genes not affected by acute irradiation; Panel B: repressed genes; Panel C: induced

genes. The lists of the genes are given in Table S1.

35



