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Abstract 

Background  Differential expression analysis is usually adjusted for variation. However, most studies that examined 
the expression variability (EV) have used computations affected by low expression levels and did not examine healthy 
tissue. This study aims to calculate and characterize an unbiased EV in primary fibroblasts of childhood cancer survi‑
vors and cancer-free controls (N0) in response to ionizing radiation.

Methods  Human skin fibroblasts of 52 donors with a first primary neoplasm in childhood (N1), 52 donors with at 
least one second primary neoplasm (N2 +), as well as 52 N0 were obtained from the KiKme case–control study and 
exposed to a high (2 Gray) and a low dose (0.05 Gray) of X-rays and sham- irradiation (0 Gray). Genes were then clas‑
sified as hypo-, non-, or hyper-variable per donor group and radiation treatment, and then examined for over-repre‑
sented functional signatures.

Results  We found 22 genes with considerable EV differences between donor groups, of which 11 genes were associ‑
ated with response to ionizing radiation, stress, and DNA repair. The largest number of genes exclusive to one donor 
group and variability classification combination were all detected in N0: hypo-variable genes after 0 Gray (n = 49), 0.05 
Gray (n = 41), and 2 Gray (n = 38), as well as hyper-variable genes after any dose (n = 43). While after 2 Gray positive 
regulation of cell cycle was hypo-variable in N0, (regulation of) fibroblast proliferation was over-represented in hyper-var‑
iable genes of N1 and N2+. In N2+, 30 genes were uniquely classified as hyper-variable after the low dose and were 
associated with the ERK1/ERK2 cascade. For N1, no exclusive gene sets with functions related to the radiation response 
were detected in our data.

Conclusion  N2+ showed high degrees of variability in pathways for the cell fate decision after genotoxic insults that 
may lead to the transfer and multiplication of DNA-damage via proliferation, where apoptosis and removal of the 
damaged genome would have been appropriate. Such a deficiency could potentially lead to a higher vulnerability 
towards side effects of exposure to high doses of ionizing radiation, but following low-dose applications employed in 
diagnostics, as well.
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Introduction
Application of high-dose ionizing radiation (HDIR) in 
radiotherapy can cause acute (e.g., inflammation) or late 
adverse reactions, such as the development of a second 
primary neoplasm (Tukenova et  al. 2011; Spector et  al. 
2015; Inskip et  al. 2016; Scholz-Kreisel et  al. 2018), the 
risk for which is additionally increased if exposure to 
HDIR occurs at a young age (Hodgson et al. 2017). How-
ever, it is still unclear why only a fraction of childhood 
cancer survivors, regardless of therapy, develops second 
primary neoplasms later in life (Kutanzi et al. 2016). An 
explanation may be provided by the high degree of indi-
vidual biological variability in pathways like radiation-
response, which are needed in reaction to stressors such 
as radiotherapy (Smirnov et  al. 2012; Hornhardt et  al. 
2014; Borràs-Fresneda et  al. 2016; Seibold et  al. 2019). 
Individual genetic variations such as single nucleotide 
polymorphisms and copy number alterations affect the 
expression variability (EV) (Li et  al. 2010), which sub-
sequently modulates the translation into cellular func-
tion. Moreover, non-sequence-based genetic factors like 
epigenetic modifications (e.g., methylation) also impact 
gene expression magnitude and EV while posing as a link 
between environment, lifestyle, and genome (A I et  al. 
2013; Bashkeel et al. 2019). After several decades of dif-
ferential expression analyses and testing for differences 
in mean expression, the variability of an expressed gene 
may additionally impact phenotypes, modulate fitness, be 
indicative for disease (Ho et al. 2008; Li et al. 2010; Mar 
et al. 2011; Corrada Bravo et al. 2012; Alemu et al. 2014), 
and underlie evolutionary selection (Feinberg and Irizarry 
2010; Zeller et  al. 2010; Bashkeel 2019). To date, only a 
few studies focused on more elaborate methodologies to 
estimate the EV (Oleksiak et al. 2002; Storey et al. 2007; 
Ho et al. 2008; Li et al. 2010; Stranger et al. 2012; Breschi 
et al. 2016). However, some of these approaches perform 
poorly when estimating the EV of lowly expressed genes 
(Alemu et  al. 2014; Simonovsky et  al. 2019). To address 
this issue, the study group of Alemu and colleagues was 
the first to define the term ‘EV’, establishing it as a meas-
urement that separates expression variability from over-
all expression levels (Alemu et  al. 2014) by defining EV 
as the ratio of varianceobserved to varianceexpected. As their 
approach was still sensitive to outliers and moderately 
biased towards lowly expressed genes (Simonovsky et al. 
2019), others thus modified it by using the median abso-
lute deviation (MAD) instead of the standard deviation 
(SD) to add robustness against outliers (Wu et  al. 2014; 
Bashkeel et  al. 2019). Bashkeel et  al. (2019) additionally 
filtered for bimodally expressed genes and used boot-
strapping to compute the ‘observed MAD’. Similar to 
Corrada et al. (2012), genes were then classified based on 
a defined range of the EV-metric and classifications were 

then cross-validated to reduce sampling error and to pro-
vide further robustness. In cancer, the EV bears infor-
mation concerning oncogenesis (Afsari et  al. 2014) and 
methylation-mediated changes in EV can explain the het-
erogeneity between tumour subtypes (Hansen et al. 2011; 
Landau et al. 2014; Ecker et al. 2015), as well as adverse 
clinical outcomes (Landau et  al. 2014; Yard et  al. 2016). 
Corrada et  al. (2012) showed that an increased EV of 
specific genes enabled machine-learning-based distinc-
tion between healthy and tumour tissue samples. To this 
day, no study has examined the EV in healthy tissue from 
subjects with a history of childhood cancer. However, 
the information on EV might explain why some long-
term survivors of childhood cancer develop further pri-
mary neoplasms and some do not. This work, therefore, 
aims to identify the expression variability in primary skin 
fibroblasts from long-term survivors of childhood cancer 
without (N1) and with at least one second primary malig-
nancy (N2+), as well as from cancer-free controls (N0), 
after exposure to a high (2 Gray, HDIR) or low (0.05 Gray, 
LDIR) dose of ionizing radiation. To do so, gene expres-
sion data, previously examined for differential expression 
(Grandt et  al. 2022) were examined to identify patterns 
in EV potentially related to the participants’ onset of first 
and second primary neoplasms, adapting the pipeline 
proposed by Bashkeel et  al. (2019) and furthermore to 
explore whether there are variability patterns that might 
be used to differentiate N1 and N2+ through application 
of machine learning algorithms.

Methods
Study design, participants, and differential gene 
expression
The KiKme nested case–control study was conducted to 
identify genetic predispositions associated with paedi-
atric cancer and second primary neoplasms, potentially 
initialised by exposure to ionizing radiation during radia-
tion therapy for the first cancer in childhood or radiation 
diagnostics prior to the first childhood cancer. For this 
purpose, biosamples, as well as data on lifestyle, medical 
history, and history of radiation exposure were collected. 
The KiKme study design (Marron et al. 2021), a detailed 
description of the establishment of the radiation experi-
ments (Brackmann et  al. 2020), the differential expres-
sion analysis, as well as a description of the study sample 
used in this work (Grandt et  al. 2022), can be found in 
detail elsewhere. In short, the median age of donors with 
at least one second primary neoplasm was 32.0 years, and 
32.5 years of donors with only a first neoplasm in child-
hood, respectively (interquartile range 28.0–38.2  years). 
The median age of cancer-free controls was 33.0  years 
(interquartile range 27.8–38.0) at the time of sampling. 
Half (51.9%) of the participants were female. All subjects 
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included in this study were matched by age at recruit-
ment and sex. The long-term survivors of childhood can-
cer were additionally matched by first cancer site, as well 
as age at and year of the first cancer diagnosis. Primary 
skin fibroblasts were sampled from skin biopsies of 156 
donors with cancer in childhood without a second pri-
mary neoplasm (N1, n = 52), donors with cancer in child-
hood and at least one second primary neoplasm (N2 + , 
n = 52), and cancer-free controls (N0, n = 52).

RNA‑sequencing and processing
In short, fibroblasts were cultured for ~ 14 days, then irra-
diated as triplets with fibroblasts of the matched donors 
with 0, 0.05 (LDIR), or 2 (HDIR) Gray, respectively. RNA 
was then isolated 4  h after exposure. Samples with an 
RNA integrity number < 7 were not used for the subse-
quent library preparation. The libraries were processed 
on a HiSeq2500 instrument (Illumina, San Diego, Cali-
fornia, USA) which was set to high-output mode (Nucleic 
Acids Core Facility, Faculty of Biology, Univ. Mainz). The 
reads were then generated using the TruSeq Single Read 
Cluster Kit v3 and the TruSeq SBS Kit v3 (Illumina, San 
Diego, California, USA). Here, single-end reads had a 
length of 51 base pairs using single indices (8). The base 
calling was performed by Real-Time Analysis (Version 
1.8.4) and the resulting data were then converted into 
FASTQ format using bcl2fastq (Version 1.8.4, Illumina, 
San Diego, California, USA). The raw reads were sepa-
rated from the adapter sequences using Trimmomatic 
(Bolger et al. 2014) and the processed reads were aligned 
to the human reference genome (GRCh38) using STAR​ 
(Dobin et  al. 2013). The expression per gene was then 
computed as the number of aligned reads per gene, quan-
tified using FeatureCounts (Liao et  al. 2014). The data 
were then normalized using the voom method (Law et al. 
2014) for the detection of differentially expressed genes 
(adjusted for age at recruitment and sex) via limma, 
(Ritchie et al. 2015) (Additional file 1a) and DESeq2 (Love 
et al. 2014) for the EV pipeline.

Computation of expression variability and classification 
of genes
We used a modified version of the pipeline by Bashkeel 
et  al. (2019) for computing the EV and the subsequent 
classification into hypo-, non-, and hyper-variable genes. 
As with that pipeline, this work also solely examined the 
EV of genes showing a unimodal distribution across all 
three donor groups per experiment. Hereby the assump-
tion was that a high EV represented the widened ranges 
of count values across the median. Genes where the 
expression showed multimodal patterns, thus having 
more than one discrete state (e.g., differential expres-
sion between the phenotypes) were examined in another 

work using differential expression analysis (Grandt et al. 
2022). Contrary to Bashkeel et  al., (2019) who used 
microarray data and thus computed bimodal genes using 
Gaussian distribution, we used SIBERG (version 2.0.3) 
to calculate a bimodal index for RNA-Sequencing data 
(Wang et  al. 2009) with default settings (zeroPercent-
Thr = 0.2, base = exp(1) and eps = 10). To account for 
the normalization of mRNA data, a vector, containing 
the respective normalization factors for each sample cal-
culated with DESeq2 (Love et al. 2014), was provided to 
the SIBERG algorithm. Raw RNA-sequencing counts of 
bimodal expression distributions were analysed for all 
donor groups (N2 + , N1, and N0) using a log-normal 
mixture model (Tong et al. 2013). Moreover, as the same 
genes may show different expression patterns depend-
ing on the radiation dose, data of each experiment 
(sham irradiation, LDIR, and HDIR) were analysed sep-
arately. Thus, genes with a bimodal distribution, identi-
fied by a bimodal index >  = 1.1, were removed from the 
data for further analyses (Additional file 1b) (Tong et al. 
2013). Assuming that the EV and the participants’ can-
cer history could be associated, the following computa-
tional steps were applied to the data stratified by donor 
group and radiation dose. First, the MADoberserved was 
calculated for each gene per donor group and radia-
tion treatment as the median of 1,000 bootstrap itera-
tions. Second, the MADpredicted was estimated by fitting 
a non-parametric local polynomial regression (loess) 
function. The EV for each gene was then calculated as 
the difference MADoberserved—MADpredicted. Genes were 
classified as hypo-, non, or hyper-variable if their EV 
was below, within, or above the interval: MedianEV ± 3 · 
MADEV. Here, xẼV is the median EV in the N0 group. The 
MADEV was again computed as the median of 1000 boot-
strap iterations. Assuming that the EV of the N0 group 
is associated with the non-cancer phenotype, EV in the 
N2 + and N1 groups were not classified by their inter-
nally defined ranges, but by the range defined through 
expressional data of the N0 group. The resulting classi-
fications were then cross-validated for each treatment 
by randomly splitting each donor group (N0, N1, N2 +) 
in half and repeating the complete classification pipe-
line 10 times. Next, classification of genes was confirmed 
using a binomial test, where the success was defined as a 
concordant classification in the first (split 1) and in the 
second (split 2) half of each donor group, as well as in 
the whole dataset. Here, the alternative hypothesis was 
defined as the true probability of success being greater 
than 0.5. The resulting p-values from the binomial tests 
were then adjusted for false discovery at a rate of 0.05. 
The resulting data sets (Additional file  3) were then 
analysed for overlaps and displayed using upsetR (Con-
way et al. 2017). Genes whose classification as hypo- or 
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hyper-variable was verified by cross-validation and that 
were part of unique gene sets after the set-based analysis 
for overlap with upsetR (e.g., genes that were only classi-
fied as hypo-variable in N0 after LDIR) were then sub-
jected to the Gene Ontology (GO) over-representation 
analysis (see below).

Sensitivity analyses
This workflow was also applied to subsets of the data after 
stratifying by sex. Moreover, to examine the EV without 
potential confounding introduced by tobacco smoking or 
alcohol consumption, we repeated the analysis pipeline 
after excluding donor triplets where at least one donor 
(i) had smoked tobacco for over ten pack years (23 of 52 
triplets remaining) and/or (ii) consumed more than 2 
alcoholic beverages per day (38 of 52 triplets remaining). 
Due to an otherwise too strongly reduced sample size, we 
only filtered for the values representing the questionnaire 
categories for the highest consumption of tobacco smok-
ing and alcohol, respectively. For all sensitivity analyses, 
we applied an appropriate higher threshold of 1.3 for the 
bimodal index due to the reduced sample sizes (nFemale: 
81, nMale: 75, as well as nhealthy: 60) as recommended by 
Tong et al. (2013).

Comparison of methods to compute variability estimates
To evaluate the performance of EV as a measurement of 
gene expression variability, we also calculated the coeffi-
cient of variation (CV = SD/mean) and the standardized 
MAD (d = MAD/median) for each gene per dose and 
donor group. We then compared the influence of expres-
sion magnitude on all three metrics using Kendall’s Tau. 
This is a measure robust to departure from linear asso-
ciations, to assess the correlation between the variability 
metric and the median expression level.

Construction of the candidate gene list
To reduce the high complexity of our data, we also con-
structed a candidate list, containing genes assumed to 
be associated with the radiation response. To do so, 
we collected genes curated in the RadAtlas (Xu et  al. 
2020), genes known to be involved in DNA repair (Kni-
jnenburg et  al. 2018), as well as genes annotated to the 
GO terms response to stress and response to radiation 
(The Gene Ontology Consortium 2018), and the top 100 
genes with regard to p-value from the differential gene 
expression analysis in reaction to LDIR and HDIR we 
have previously conducted (Grandt et al. 2022). We then 
filtered the genes in our data that were classified as hypo- 
and hyper-variable in any combination of donor group 
and radiation dose for genes on the candidate list. Fur-
thermore, we acquired information in the literature on 
genes whose methylation may be potentially affected by 

radiation and examined these regarding their respective 
EV in reaction to the different radiation doses (Antwih 
et al. 2013; Miousse et al. 2017).

Gene Ontology over‑representation analysis
Genes whose classification as hypo- or hyper-variable 
confirmed by cross-validation were additionally analysed 
for over-representation using the ConsensusPathDB 
(Kamburov et  al. 2012). According to best practice for 
pathway/functional analyses (e.g., the over-representa-
tion analysis used in this work), a gene set is compared 
to a given list of total genes measured in an experiment, 
called background (Wijesooriya et  al. 2022). As such, 
gene lists per radiation dose after exclusion of bimodally 
expressed genes were used (Additional file  3). Resulting 
GO terms of the category biological process were filtered 
for adjusted p-values < 0.05 (Benjamini–Hochberg pro-
cedure (Benjamini and Hochberg 1995)). This was done 
for (i) each combination of radiation dose, EV-classifi-
cation, and donor group, as well as (ii) unique gene sets 
identified in the upsetR-analysis. The complete list of 
GO terms for (i) can be found in Additional file 4. These 
GO term results for each radiation dose were also exam-
ined for overlap between the donor groups per radiation 
dose and EV classification and filtered for the top 5 GO 
terms regarding the adjusted p-value. For (ii), respective 
GO terms were summarized into clusters using REVIGO 
(Supek et al. 2011) with an allowed semantic similarity of 
GO terms set to 0.7 and the database set to Homo sapi-
ens. The results were then extracted and plotted as tree 
maps using the R script provided by the platform. In 
these, tile sizes of the tree maps were defined to represent 
the adjusted p-value of each respective GO term (Addi-
tional file 6).

Application of classification algorithms
We further used selected gene sets uniquely classified 
as hyper-variable in reaction to LDIR in N2 + to distin-
guish between N1 and N2 + , using N1 as the reference 
class. For this purpose, MLSEQ (Goksuluk et  al. 2019) 
was employed; an R package designed to apply a plethora 
of classifiers to RNASeq data (Additional file  2d). The 
models were trained on a randomly assigned 20% train-
ing split of the data and their respective accuracy was 
then examined using the remaining 80% of the data. The 
models were trained with the “validation method” set to 
10 times repeated fivefold cross-validation and the tune 
length (number of values used for the tuning parameter, 
if the respective classifier had a tuning parameter) set 
to 10, according to the readme of the package. In sparse 
models (e.g., voomNSC) that set parameters of the model 
to 0 if not relevant for the outcome prediction accuracy, 
the selectedGenes-function was used to identify potential 
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biomarker genes that contributed most to the discrimi-
nation function of the classifier.

Results
Bimodal genes, computation of expression variability, 
and gene classification
The data contained expression information for 14,756 
genes. Of these, 97 genes (0.66%) in the sham irra-
diation data set, 511 genes (3.46%) in the LDIR data 
set, and 164 genes (1.11%) in the HDIR data set had a 
bimodal index higher or equal to 1.1 and were excluded 
before computation of the EV (Additional file  1a). 
The comparison of EV, the CV, and the standardized 
MAD (d) with the median expression showed nega-
tive correlation values which were more pronounced 
for CV and d (tauCV = −  0.622/−  0.619/−  0.623, 
taud = −  0.596/−  0.591/−  0.598 for 0, 0.05, and 2  Gy, 
respectively) than for EV (tauEV = − 0.019/− 0.018/− 0.021 
for 0, 0.05, and 2  Gy, respectively), whereas the EV 
was more dispersed in very high expression levels. The 

distribution of EV-values was similar across donor groups 
and radiation doses (Fig.  1b). The number of hypo- and 
hyper-variable genes decreased in all data sets after cross-
validation (Fig.  1c). After all radiation doses, most genes 
were classified as hypo- (sham irradiation: 1059, LDIR: 
1049, HDIR: 1037) and hyper- (sham irradiation: 808, 
LDIR: 795, HDIR:790) variable in N0, while there were 
about 20% fewer genes classified as hypo- or hyper-vari-
able in N1 and N2 +. Comparing gene classifications, we 
identified 461 hypo- and 333 hyper-variable genes that 
had identical classifications in fibroblasts of all donors at 
any radiation dose (Additional files 2 and 5a). The follow-
ing 4 intersect groups consisted exclusively of N0-data 
sets. These were hypo-variable genes after sham irradia-
tion (n = 49 genes), LDIR (n = 41 genes), and HDIR (n = 38 
genes). Additionally, 43 genes were only hyper-variable in 
N0 after any radiation dose. Of these 171 genes in total, 49 
(sham irradiation: BAG5, CCND1, DNAJB2, EIF2AK2, FH, 
GNAQ, LAMB2, OSMR, POLR2C, PPIG, PSMA3, PSMB3, 
TOLLIP, VDAC3, and WDR48; LDIR: ABCF3, ARID1A, 

Fig. 1  Comparison of methods for quantification of expression variability and overview of distribution and subsequent variability classification: 
A Comparison of different metrics that are typically used for the characterization of expressional variability. Scatter plots showing the association 
of the coefficient of variation (CV, standard deviation/mean), standardized median absolute deviation (d, median absolute deviation (MAD)/
median), and expression variability (EV, computed as MADobserved-MADexpected) on the respective y-axes with the median expression on the x-axis. 
Kendall’s correlation coefficient (τ) for the correlation of each variability metric with the median gene expression is provided per facet. The yellow 
stripes on the left show the value distribution of each variability metric. The colours of the dots represent the donor groups (N0 = fibroblasts of 
cancer-free controls, N1 = fibroblasts of childhood cancer survivors without a second primary neoplasm, N2 +  = fibroblasts of childhood cancer 
survivors with at least one second primary neoplasm) Below, the distribution of the median gene expression is presented as box- and density 
plots. B Density plots showing the distribution of the EV (truncated using the smallest Q01 (N0 after LDIR) EV = − 427.9 to the largest Q99 (N0 after 
2 Gray) EV = 1204.8 for reasons of legibility), also stratified by donor group, and radiation dose. Dashed lines imply the ranges employed for the 
classification into hypo-, non-, and hyper-variable, whereas genes with an EV lower than the left dashed lines were classified as hypo-variable and 
genes with an EV higher than the right dashed line were conversely classified as hyper-variable. Genes with an EV between the dashed lines were 
classified as non-variable. C Bar charts showing the number of genes that were classified as hypo-, non-, and hyper-variable, using the whole data 
set and the number of genes with stable classification confirmed by cross-validation. All data were stratified by exposed radiation dose (0, 0.05, and 
2 Gray)
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CCM2, CIRBP, GTF2H1, PPP1R10, PRDX5, PSMD4, 
PSMD5, RPS19, SIGMAR1, SRPK2, and STK25; HDIR: 
LASP1, CST3, GLB1, MSH6, RAD21, RAD23A, SIN3A, 
TXNRD1, ULK1, and YBX3; Hyper-variable after all doses: 
ATF4, CAMK1D, DKK2, FBLN5, IL1R1, KLF2, LOXL3, 
MSRB3, RCN3, SREBF2, and TRAIL) were also present in 
our candidate list, which consisted originally out of 4,810 
genes.

Sensitivity analyses
Bimodal genes and differential gene expression
To examine whether genes were bimodally expressed 
e.g., because they were differentially expressed between 
phenotypes, we compared the excluded bimodally 
expressed genes (Additional file  1a) with their respec-
tive data on differential expression status between donor 
groups (Additional file 1b). After exposure to the sham-
irradiation (n = 97) and HDIR (n = 164), half of the iden-
tified bimodally expressed genes were also differentially 
expressed comparing N1 and N2 + with N0 (Additional 
file 7a). After LDIR, about one-third of the 511 bimodal 
genes were also differentially expressed genes compar-
ing donor groups (Additional file 7b). Genes showing the 
highest values for the bimodal index (≥ 2.5) were mostly 
genes that were not differentially expressed between 
donor groups (Additional file 7a).

Sex
To examine differences in EV we stratified the data by 
sex and repeated the analysis pipeline. After sham-irra-
diation, 281 genes from the female and 35 from the male 
data set were excluded, compared to 97 genes in the 
combined data (Additional file 8a). In the LDIR data set, 
138 genes from the female and 1553 from the male data 
were excluded (511 genes in the complete data set). In the 
HDIR data, 68 genes from the female and 151 genes from 
the male data had a bimodal index over 1.3 and were 
excluded (complete data: 164). The values for the EV 
were comparable between males and females (adjusted r2: 
0.779; Kendall’s tau: 0.786; Additional file 8b). The num-
ber of genes per classification was comparable between 
sexes (Additional File 8c), and the overlap of hypo- and 
hyper-variable genes, stratified by radiation dose, sex, 
and donor group was persistent along the classification as 
hyper- (n = 531) and hypo- (n = 400) variable (Additional 
file 8d).

Exclusion of smokers and participants with heavy alcohol 
consumption
After filtering out donor triplets containing partici-
pants with strong smoking and drinking behaviour, as 
well as individuals with missing values on these vari-
ables, 20 triplets remained for this sensitivity analysis. 

Thus, after the exclusion of donor triplets with missing 
values, participants without any heavy smokers or drink-
ers in their respective triplets summed to a total of 60, 
and donors from triplets with at least one heavy drinker 
or smoker added up to 54 persons. The number of bimo-
dally expressed genes was much higher here than in the 
analysis with all participants (nSI: 1280, nLDIR: 1726, and 
nHDIR: 527; Additional file  8e). Subsequently, the num-
ber of genes classified as hypo-/hyper-variable was lower 
than in the whole data set (Additional file 8f ). Computed 
EV values from donor triplets termed healthy, mean-
ing not heavy drinker, nor heavy smoker and unhealthy 
based on smoking and alcohol consumption were differ-
ent (adjusted r2: 0.377; Kendall’s tau: 0.683, Additional 
file 8g). A comparison of data from triplets without heavy 
smoking and alcohol consumption showed the largest 
overlaps across all hyper- and all hypo-variable sets of 
genes, respectively (Additional file 8h). We further exam-
ined whether the number of bimodally expressed genes 
was explained by the exclusion of participants termed 
unhealthy based on smoking and alcohol consumption. 
Thus, we randomly generated samples with compara-
ble large (n = 96) and small (n = 60) subsamples. These 
showed the same fluctuation in the number of bimo-
dally expressed genes irrespective of metadata, solely 
explained by sample size (Additional file 8i).

Candidate genes and methylation status
Based on our literature research, we identified 59 genes 
that would potentially show radiation-dependent meth-
ylation patterns. Of these, 50 genes were present in our 
data and 35 of these 50 genes were classified as non-
variable in all combinations of donor group and radia-
tion doses. The remaining 15 genes are depicted in 
Additional file  9. Here, YWHAQ, YWHAG, YWHAE, 
YWHAB, as well as RAD23B were classified as hypo-; 
CDH13 and IGFBP3 as hyper-variable in all donor 
group- and radiation dose-combinations. CCND1 had 
a heterogeneous EV at sham-irradiation that aligned 
at LDIR and HDIR across all donor groups. CDKN1A 
was non-variable in all donor groups after sham irra-
diation and hypo-variable in all donor groups after 
HDIR. ASPH was hypo-variable in N0 after LDIR and 
in N0 and N1 after HDIR. The EV of IGF1R was dis-
persed across donor groups, whereas its expression 
was hyper-variable after sham-irradiation in N1, after 
LDIR in N0 and N2 + , and after HDIR in N1 and N2 + . 
Comparing the classification of genes between differ-
ent donor groups and radiation doses, we identified 
22 genes (ALDOA, ANPEP, CCNG1, CD63, CDKN1A, 
ENO1, GLUL, IL6ST, IMPDH2, LIMS1, LRP1, MTCH1, 
MXRA8, MYH10, PLS3, RPLP0, RPS18, RPS27L, 
SPTBN1, THY1, TMEM119, and TRAM2) that showed 
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a large enough difference in EV to be classified as hypo-
variable in any donor group and hyper-variable in at 
least one of the other donor groups (Fig. 2a). Of these 
genes, 11 (CCNG1, CD63, CDKN1A, ENO1, GLUL, 
IL6ST, LRP1, MYH10, PLS3, RPS27L, and THY1) were 
also present in our candidate list.

Gene Ontology analysis
A comparison of GO term results showed a term consist-
ency across variability-classifications (Additional file  5). 
385 terms were over-represented in hyper-, and 276 GO 
terms were over-represented for hypo-variable genes of 
all donor groups across all radiation doses. Additional 76 
GO terms were over-represented after all radiation doses 

Fig. 2  Heat maps of genes with functional interest: which were A classified both as hyper- and hypo-variable in any data set and B associated with 
the GO term response to radiation and -showed a classification range from to hyper-variable across all donor groups. Genes in A were additionally 
filtered for genes found in the RadAtlas database for radiation-associated genes, genes associated with DNA repair functions, or that were 
annotated to the Gene Ontology (GO) terms response to stress or response to radiation (see facet Candidate List). N0 = fibroblasts of cancer-free 
controls, N1 = fibroblasts of childhood cancer survivors without a second primary neoplasm, and N2 +  = fibroblasts of childhood cancer survivors 
with at least one second primary neoplasm
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for both, hypo- and hyper-variable genes. The GO term 
cellular response to radiation was associated with hypo-
variable genes of all donor groups after all radiation treat-
ments (Additional file 4). Its child-term cellular response 
to ionizing radiation was associated with the hypo-var-
iable genes of N1 after HDIR and in N2 + data after all 
radiation doses, including the sham irradiation. Cor-
responding hypo- and hyper-variable genes are shown 
in Fig. 2b. Among the top 5 GO terms over-represented 
in hypo-variable gene sets of all donor groups, protein/
macromolecule localization and intracellular transport 
were present after all radiation doses (Fig. 3).Prominent 
GO terms that were over-represented for hyper-variable 
gene sets of all donor groups after all radiation doses 
were extracellular structure/matrix organization, system 
development, multicellular organism development, and 
anatomical structure development (Fig. 4). Next, we ana-
lysed the unique hypo-variable genes for N0 (Additional 
file  3b). After sham irradiation, these genes were clus-
tered as protein modification process (Additional file 6a). 
In reaction to LDIR, the GO terms for the uniquely hypo-
variable genes of N0 were transcription initiation-cou-
pled chromatin remodelling, regulation of hematopoietic 
progenitor cell differentiation, RNA catabolic process, 

and negative regulation of hydrolase activity (Additional 
file 6b). After HDIR, clusters were negative regulation of 
catalytic activity and regulation of cellular process (Addi-
tional file  6c) Besides the unique hypo-variable genes, 
43 genes were hyper-variable only in N0 across all radia-
tion doses. These were functionally clustered into lung 
development, cellular response to laminar fluid shear 
stress, and neutrophil migration, Following the unique 
genes for N0, the next largest set of genes was among 
the hypo-variable genes in N2 + after HDIR (n = 30). The 
associated GO term was N-glycan processing (Additional 
file 6e). Additionally, there were 30 genes uniquely clas-
sified as the hyper-variable genes for N2 + after LDIR 
(n = 30). Among this identified set of genes, the associ-
ated GO terms were clustered into establishment of 
protein localization to organelle, translational initiation, 
ERK1 and ERK2 cascade, among others containing ERK1 
and ERK2 cascade (RRAS, ANGPT1, TNFAIP8L3, NRP1), 
protein kinase B signaling (RRAS, FGF5, ANGPT1, 
TNFAIP8L3), MAPK cascade (TNFAIP8L3, ROBO1, 
RRAS, FGF5, ANGPT1, NRP1), Ras protein signal trans-
duction [(ROBO1, RRAS, RALGPS2, NRP1), Fig.  5].We 
additionally filtered the data for the expression values for 
these 30 genes of N1 and N2 + post-LDIR and applied 
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Fig. 3  Summary of the top 5 Gene Ontology terms regarding the adjusted p-value: stratified by group-wise overlap (Top 5 in A) all groups, B 
overlap of two donor groups, and C unique in one group), per radiation dose for genes classified as hypo-variable. Inside the tiles, each respective 
adjusted -log10 (p-value) is provided. Since a p-value was computed per group for A and B, the top 5 GO terms e.g., found only in N0 and N1, 
but not in N2 + post-HDIR might differ. In this case, the top 5 for N0 and N1 are shown each, resulting in more than 5 terms. N0 = fibroblasts 
of cancer-free controls, N1 = fibroblasts of long-term survivors of childhood cancer without a second primary neoplasm, N2 +  = fibroblasts of 
long-term survivors of childhood cancer with at least one second primary neoplasm
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Fig. 4  Summary of the top 5 Gene Ontology terms regarding the adjusted p-value: stratified by group-wise overlap (Top 5 in A all groups, B overlap 
of two donor groups, and C unique in one group), per radiation dose for genes classified as hyper-variable. Inside the tiles, each respective adjusted 
− log10 (p-value) is provided. Since a p-value was computed per group for A) and B), the top 5 GO terms e.g., found only in N0 and N1, but not in 
N2 + post-HDIR might differ. In this case, the top 5 for N0 and N1 are shown each, resulting in more than 5 terms. N0 = fibroblasts of cancer-free 
controls, N1 = fibroblasts of long-term survivors of childhood cancer without a second primary neoplasm, N2 +  = fibroblasts of long-term survivors 
of childhood cancer with at least one second primary neoplasm

Fig. 5  Tree map summarizing over-represented Gene Ontology terms for genes that were only classified as hyper-variable (n = 30) in fibroblasts of 
long-term survivors of childhood-cancer with at least one second primary neoplasm in reaction to exposure to 0.05 Gray
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several classification algorithms (Additional file 2d). The 
voomNSC algorithm performed best with an accuracy 
of 0.68, sensitivity of 65.71% and a specificity of 70.27% 
using on average 14 of the 30 genes for the classifica-
tion (ANGPT1, CCDC71L, EIF3F, FGF5, IER3, KCNK15, 
NRP1, RGMB, ROBO1, RPL11, RPL13A, RPL3, RPS24, 
SETBP1). GO terms associated with these genes were 
amongst others subsumed under the terms translational 
initiation and cellular response to growth factor stimulus 
[also containing MAPK cascade, (Additional file 6f )].

Discussion
In this study, we adapted a pipeline for the computation 
of expression variability of microarray expression data to 
next-generation RNA-sequencing data to compare the 
EV in primary fibroblasts of a collective of cancer-free 
controls and childhood cancer survivors with and with-
out at least one second primary neoplasm after treat-
ment with different doses of ionizing radiation. This 
method was less affected by low expression values than 
metrics usually employed to describe expression variabil-
ity. Regardless of the radiation dose, we found the high-
est total and unique number of hypo- and hyper-variable 
genes in fibroblasts of cancer-free controls. Genes only 
classified as hypo-variable genes in this donor group 
were associated with regulatory processes and the stress 
response. Genes that were only hyper-variable in fibro-
blasts of childhood cancer survivors with at least one 
second primary neoplasm after the low dose were asso-
ciated with the cell fate decision. In long-term survivors 
of childhood cancer without any second primary neo-
plasms, no prominent pathways were predicted to be 
uniquely affected by genes with hypo- or hyper-variable 
expression.

Computation of bimodally expressed genes and EV
Bimodally expressed genes were either differentially 
expressed genes between donor groups or genes that 
showed a bimodal distribution across all donor groups. 
Interestingly, after LDIR, the total number of bimodal 
genes was far higher and the proportion of differentially 
expressed genes was lower than after the sham irra-
diation and HDIR. The observed substantial number of 
bimodal genes after LDIR may be explained by an intrin-
sic threshold for radiation-response, potentially irrespec-
tive of the donor group. Regarding genes that were not 
excluded due to their bimodal expression, the distribu-
tion of EV was similar across donor groups, but across all 
radiation doses, more genes were classified as hypo- and 
hyper-variable in N0 than in N1 and N2 + . N0 showed 
distinct and unique hypo-variable genes, which were 
associated with regulatory and stabilizing functions after 
all doses.

Reaction to LDIR
Most notably, we identified genes to be only hyper-var-
iable in N2 + post-LDIR that were associated with the 
cell fate decision. Among these were the ERK1 and ERK2 
cascade, that are essential regulators of cell proliferation, 
differentiation, as well as the response to stress (Guo 
et  al. 2020). Additionally, RAS protein signal transduc-
tion, also important for cell growth, division, and differ-
entiation (Molina and Adjei 2006) and Protein Kinase B 
signaling, whereas its three isoforms are associated with 
the promotion of proliferation and increased cell survival 
(Nicholson and Anderson 2002), were identified exclu-
sively for N2+ post-LDIR. We have previously reported 
that disturbances in the proper damage recognition and 
subsequent cell fate decision post-LDIR may be a can-
cer-driving factor in N2 + (Grandt et al. 2022). The best 
performing machine learning algorithm for the classifica-
tion of N1 and N2 + based on the 30 genes that were only 
hyper-variable in N2 + post-LDIR showed an accuracy 
of only 0.68. We explain this due to the computational 
nature of the classification, since these usually rely on 
metrics such as mean, variance, and their relationship. As 
such metrics are, as shown by this work, sensitive to low 
expression levels and/or not the perfect fit for RNASeq-
data distribution, novel algorithms might be needed to 
incorporate information such as the EV. However, since 
the EV is a metric that is computed on the group level, 
this is not straightforward to implement and requires fur-
ther efforts. Interestingly, isoform one (AKT1) of protein 
kinase B was observed to halt apoptosis and induce cell-
cycle progression only in N2 + through its upregulation 
post-HDIR (Grandt et al. 2022), further highlighting the 
role of the protein kinase B for radiation induced transfer 
of DNA-damage to the next cellular generations through 
incorrect cell fate decisions post-LDIR and -HDIR.

Reaction to HDIR
The importance of the adequate regulation of the cell fate 
decision was further underlined by two findings. First, 
only in N0 positive regulation of cell cycle was a func-
tion of all hypo-variable and can be presumed to be only 
tightly regulated in N0. Second, in N1 and N2 + but not 
N0, regulation of fibroblast proliferation and fibroblast 
proliferation were GO terms over-represented in hyper-
variable genes, and thus only deregulated in the long-
term survivors of childhood cancer post-HDIR.

Radiation‑induced methylation
Genes that were reported to be affected by radiation-
induced changes in methylation (Miousse et  al. 2017) 
were either classified as non-variable or at least did not 
change classification across radiation treatments. Assum-
ing that methylation has a radiation-dependent influence 
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on EV and may be measured by our analysis pipeline pre-
sented, it is possible that 4 h after irradiation changes in 
global methylation may not be present in the early phase 
of DNA damage response (Maierhofer et al. 2017).

Inter‑individual variation and the response to ionizing 
radiation
Tumour treatment, and radiotherapy in particular, can 
lead to acute normal tissue toxicities or late effects such 
as secondary primary malignancies in long-term survi-
vors of childhood cancer. The occurrence of acute radio-
genic normal tissue toxicities is related to alterations of 
pathways such as DNA damage response, cell cycle, chro-
matin organization, and RNA metabolism, which are 
also thought to be responsible for radiogenic late effects 
(Gomolka et al. 2019). Thus, it is hypothesized that cel-
lular processes span beyond these well-established path-
ways that regulate cellular survival after radiation (Yard 
et  al. 2016). Although this study could not use data on 
immediate adverse reactions to ionizing radiation in 
donors such as inflammation of tissues, we observed 
donor group-specific variability in functions associated 
with adverse reactions to ionizing radiation to be hypo-
variable only in fibroblasts of cancer-free controls.

Strengths and limitations
While other studies examined small samples sizes (Storey 
et al. 2007) or used cell lines (Stranger et al. 2012) which 
are not able to fully depict the true variability in a popu-
lation, we analysed a large donor group (N = 156) with 
a unique profile of cancer-free controls and childhood 
cancer survivors with and without second primary neo-
plasms. To reduce technical variation (commonly referred 
to as noise), all experiments were conducted in the same 
lab using matched triplets, consisting of one N0, one N1, 
and one N2 + donor. These triplets were then simultane-
ously subjected to the same treatment under identical lab 
conditions. Moreover, we used a pipeline that accounted 
for sampling error by incorporating bootstrapping and 
cross-validation in the classification process. The method 
used is more robust to outliers compared to other pro-
posed methods (Storey et al. 2007; Li et al. 2010; Stranger 
et al. 2012). Despite all our efforts to reduce the techni-
cal variation to a minimum, we cannot fully exclude the 
possibility that other factors e.g., differences in sampling 
location (N2 + and N1 were predominantly sampled from 
inside the elbow by local dermatologists for this study, 
while N0 donors were predominantly sampled from the 
knee and feet in the course of elective surgery) between 
cancer survivors and tumour-free donors may have had 
an impact on expressional variability. Nevertheless, we 
expect that filtering of bimodal genes excluded such 
genes (e.g., the various HOX-cluster and their expression 

dependent on the developmental axes (Rinn et al. 2007)). 
We compared identical cell types and matched the 
donors by central parameters that affect EV, such as sex 
and age, which have been previously shown to be the 
most influential factor for the EV (Bashkeel et al. 2019), 
to successfully identify subtle group differences in EV 
between donor groups that may be associated with their 
respective cancer status, especially via sex-specific mod-
ulation of immune-pathways as one recent work reported 
(Khodursky et al. 2022). Thus, we applied analyses strati-
fied by sex to examine these potential differences in more 
detail. Our analyses did identify sex-specific differences 
in the number of bimodally expressed genes, but not in 
EV and its subsequent variability classification. A differ-
ence in bimodal expression is unsurprising as the sex-
specific expression can be found across all tissues and are 
of immense pathophysiological relevance (Gershoni and 
Pietrokovski 2017) and impact the radiation response 
(Narendran et  al. 2019). To further elaborate on this, 
we further accounted for EV-modulating factors such as 
smoking and drinking habits in the additional sensitivity 
analyses. Smoking and excessive consumption of alcohol 
have been shown to affect gene expression in active vs 
never smokers (Cao et al. 2015), as well as smokers com-
pared to non-tobacco consumers (Arimilli et  al. 2017). 
However, the genes proposed as biomarkers for smok-
ing individuals (CYP1A1, CYP1B1, YWHAZ and PTPRD, 
MAX, and USF1) did not differ in classification between 
the samples termed healthy and those termed unhealthy, 
irrespective of the radiation dose. Nevertheless, further 
work with more adequate sample sizes is needed to elab-
orate on these findings.

Conclusion
For the first time, we adapted a comprehensive method 
to compute and characterize the expression variability 
unaffected by the expression magnitude in fibroblasts of 
childhood cancer survivors and cancer-free controls in 
response to a low and a high dose of ionizing radiation. 
Our results suggest that cancer-free controls exhibit dif-
ferent variability structure in gene expression with more 
hypo- and hyper-variable genes than long-term survi-
vors of childhood cancer. The fibroblasts of these former 
childhood cancer patients with at least one second pri-
mary neoplasm showed deregulated mechanisms essen-
tial for cell fate decision. This could partially explain a 
subsequently occurring second primary neoplasm. Based 
on these results we encourage future works to focus on 
pathways for cell fate decision post-LDIR to shed fur-
ther light on the carcinogenesis of potentially radiation 
induced second primary neoplasms.
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Additional file 1. Results of the differential gene expression analysis 
and the bimodal indices. a: Results of the differential expression analysis 
comparing fibroblasts of long-term survivors of childhood cancer without 
(N1) and with at least one second primary neoplasm (N2 +) to cancer-free 
controls (N0). Data were adjusted for age and sex, p-values for false discov‑
ery at a rate of 0.05 (FDR). b: Bimodal index (BI) values of the bimodal test, 
using the SIBERG package for R.

Additional file 2. Results of the gene expression variability classification. 
a Gene classifications in whole data set (WDS) and classifications after 
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cross-validation (cv) in fibroblasts of cancer-free controls (N0), childhood 
cancer survivors without (N1) and with at least one second primary 
neoplasm (N2 +) after exposure 0 Gray. 1 = Hypo-Variable, 2 = Non-
Variable, 3 = Hyper-Variable. NA = Gene excluded by bimodal test/NA 
in CV = classification from WDS not verified, set to 2 for further analyses. 
b Gene classifications in whole data set (WDS) and classifications after 
cross-validation (cv) in fibroblasts of cancer-free controls (N0), long-term 
survivors of childhood cancer without (N1) and with at least one second 
primary neoplasm (N2 +) after exposure to 0.05 Gray. 1 = Hypo-Variable, 
2 = Non-Variable, 3 = Hyper-Variable. NA = Gene excluded by bimodal 
test/NA in CV = classification from WDS not verified, set to 2 for further 
analyses. c Gene classifications in whole data set (WDS) and classifica‑
tions after cross-validation (cv) in fibroblasts of cancer-free controls (N0), 
long-term survivors of childhood cancer without (N1) and with at least 
one second primary neoplasm (N2 +) after exposure to 2 Gray. 1 = Hypo-
Variable, 2 = Non-Variable, 3 = Hyper-Variable. NA = Gene excluded by 
bimodal test/NA in CV = classification from WDS not verified, set to 2 for 
further analyses. d Results of the various employed algorithms for the 
classification of N1 and N2 + using 30 genes that were only classified as 
hyper-variable in N2 + post-LDIR. Models were trained and tested using 
only N1 and N2 + data post-LDIR.

Additional file 3. Gene lists that were used as backgrounds in the gene 
ontology over-representation analyses.

Additional file 4. Results of the Gene Ontology (GO) term over-represen‑
tation analyses. Results of the Gene Ontology (GO) term over-representa‑
tion analyses for all donor groups and radiation doses, filtered for adjusted 
p-value < 0.05. N0 = fibroblasts of cancer-free donors, N1 = fibroblasts of 
long-term survivors of childhood cancer without a second primary neo‑
plasm, and N2 +  = fibroblasts of long-term survivors of childhood cancer 
with at least one second primary neoplasm.

Additional file 5. Intersect graphs of A) genes and B) Gene Ontology 
(GO) terms. Intersect graphs of A) genes and B) Gene Ontology (GO) 
terms: Both graphs are stratified by variability-classification, donor group 
(N0 = fibroblasts of cancer-free controls, N1 = fibroblasts of childhood 
cancer survivors without a second primary neoplasm, N2 +  = fibro‑
blasts of childhood cancer survivors with at least one second primary 
neoplasm), and radiation dose. Connected rows implicate that A) genes or 
B) GO terms were identically classified in these data. The bars denote the 
summed number of identically classified A) genes or B) GO terms among 
the vertically connected rows of data, e.g., in A) the first column implicates 
that 416 genes were found to be hypo-variable across all radiation doses 
and donor groups.

Additional file 6. Gene lists that were used as backgrounds in the gene 
ontology over-representation analyses. a: Over-represented Gene Ontol‑
ogy terms for genes only classified hypo-variable (n = 49) in fibroblasts of 
cancer-free donors after 0 Gray. b: Over-represented Gene Ontology terms 
for genes classified only hypo-variable (n = 41) in fibroblasts of cancer-free 
controls after 0.05 Gray. c: Over-represented Gene Ontology terms for 
genes classified only hypo-variable (n = 38) in fibroblasts of cancer-free 
donors after 2 Gray. d: Over-represented Gene Ontology terms for genes 
classified only as hyper-variable (n = 43) in fibroblasts of cancer-free 
donors after all radiation doses. e: Over-represented Gene Ontology terms 
for genes classified only hypo-variable (n = 30) in fibroblasts of long-term 
survivors of childhood cancer with at least one second primary neoplasm 
after 2 Gray. f: Over-represented Gene Ontology terms for genes classi‑
fied only hypo-variable (n = 30) in fibroblasts of long-term survivors of 
childhood-cancer with at least one second primary neoplasm after 0.05 
Gray, filtered for the 14 genes with informational value for classification 
discrimination between N1 and N2 + .

Additional file 7. Comparison of the bimodally expressed genes with the 
information on differential gene expression. Comparison of differential 
gene expression analysis and results of the bimodal test. A.) Volcano plots 
comparing bimodal index values and log2 fold-change values, stratified 
by radiation dose. Here, the expression of fibroblasts of cancer groups 
(N1 = fibroblasts of long-term survivors of childhood cancer without a 
second primary neoplasm, N2 +  = fibroblasts of long-term survivors 
of childhood cancer with at least one second primary neoplasm.) was 

compared to those of cancer-free controls. The dashed line indicates the 
threshold for bimodal expression set to bimodal index = 1.1. B.) Bar charts 
showing the total number of bimodally expressed genes per radia‑
tion dose and the number of differentially expressed genes thereof per 
comparison.

Additional file 8. Stratified_Analyses. a: Violin and jitter plots compar‑
ing results of the analyses for bimodally expressed genes stratified by 
radiation dose and sex. With respect to the reduced sample size due to 
the stratification, the cut-off was increased to 1.3 (dashed line). Neverthe‑
less, these sample sizes (female: n = 81, male: n = 75) could still not have 
been sufficient to provide adequate power for the detection of bimodally 
expressed genes. b: Comparison of expressional variation by sex. The 
scatterplot compares the sex-specific EV per gene and radiation dose. 
The black line indicates the linear regression model (adjusted r2: 0.779; 
Kendall’s tau: 0.786). Only genes with a bimodal index < 1.3 were included 
in the analysis. c: Bar charts showing the number of genes per classifica‑
tion using the whole data set and the number of genes with stable clas‑
sification after cross-validation per radiation dose. Data shown here were 
stratified by sex. Only genes with a bimodal index < 1.3 were included 
in the analyses. N0 = fibroblasts of cancer-free controls, N1 = fibroblasts 
of long-term survivors of childhood cancer without a second primary 
neoplasm, and N2 +  = fibroblasts of long-term survivors of childhood 
cancer with at least one second primary neoplasm. d: Intersect graphs of 
overlapping gene classifications: Data are stratified by variability classifica‑
tion, donor group (N0 = fibroblasts of cancer-free controls, N1 = fibro‑
blasts of long-term survivors of childhood cancer without a second 
primary neoplasm, N2 +  = fibroblasts of long-term survivors of childhood 
cancer with at least one second primary neoplasm), sex, and radiation 
dose. Connected rows implicate that genes were identically classified in 
these data sets. Bars denote the summed number of identically classified 
genes among the vertically connected rows of data. e: Violin and jitter 
plots comparing results of the analyses for bimodally expressed genes 
stratified by radiation dose and consumption information on smoking and 
alcohol. Data used here were donor triplets without heavy smokers (> 10 
pack years) and/or alcohol consumption (> 2 alcoholic beverages per 
day), termed “healthy” for brevity; as well as triplets that contained at least 
one donor with the above-described lifestyle, shortly termed “unhealthy”. 
To ensure validity, the cut-off was increased to 1.3 due to the reduced 
sample size. Nevertheless, these sample sizes (Donors from triplets 
without any heavy smokers or drinkers: n = 60, donors from triplets with 
at least one heavy drinker or smoker: n = 54) might not be sufficient to 
provide adequate power for the detection of bimodally expressed genes 
with the given cut-off. f: Bar charts showing the number of genes per clas‑
sification using the whole data set and the number of genes with stable 
classification after cross-validation per radiation dose. Data used here were 
donor triplets without heavy smokers (> 10 pack years) and/or alcohol 
consumption (> 2 alcoholic beverages per day), termed”healthy”; as well 
as triplets that contained at least one donor with the above-described 
lifestyle, termed “unhealthy” for brevity. Only genes with a bimodal 
index < 1.3 were included in the analyses. N0 = fibroblasts of cancer-free 
controls, N1 = fibroblasts of long-term survivors of childhood cancer 
without a second primary neoplasm, and N2 +  = fibroblasts of long-term 
survivors of childhood cancer with at least one second primary neoplasm. 
g: Comparison of the EV per gene and radiation dose comparison donor 
triplets with and without heavy smokers (> 10 pack years) and/or alcohol 
consumption (> 2 alcoholic beverages per day). The red line indicates 
the linear regression model (adjusted r2: 0.377; Kendall’s tau: 0.683). Only 
genes with a bimodal index < 1.3 were included in the analysis. h: Intersect 
graphs of overlapping gene classifications: Data are stratified by variability 
classification, donor group (N0 = fibroblasts of cancer-free controls, 
N1 = fibroblasts of long-term survivors of childhood cancer without a 
second primary neoplasm, N2 +  = fibroblasts of long-term survivors of 
childhood cancer with at least one second primary neoplasm), radiation 
dose, and additionally computed using only the 20 donor triplets (n = 60) 
without heavy smokers (> 10 pack years) and/or alcohol consumption (> 2 
alcoholic beverages per day). Connected rows implicate that genes were 
identically classified in these data sets. Bars denote the summed number 
of identically classified genes among the vertically connected rows of 
data.
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Additional file 9. Comparison of the bimodally expressed genes with 
the information on differential gene expression. Expression variation 
and variability classification of genes that were presumed to be affected 
in methylation status by ionizing radiation in the literature, stratified by 
donor group and radiation dose. N0 = fibroblasts of cancer-free donors, 
N1 = fibroblasts of long-term survivors of childhood cancer without a 
second primary neoplasm, and N2 +  = fibroblasts of long-term survivors 
of childhood cancer with at least one second primary neoplasm.
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