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ABSTRACT

Radiotherapy has become a popular and standard approach for treating cancer
patients because it greatly improves patient survival. However, some of the patients
receiving radiotherapy suffer from adverse effects and do not obtain survival benefits.
This may be attributed to the fact that most radiation treatment plans are designed
based on cancer type, without consideration of each individual’s radiosensitivity. A
model for predicting radiosensitivity would help to address this issue. In this study,
the expression levels of both genes and long non-coding RNAs (IncRNAs) were used
to build such a prediction model. Analysis of variance and Tukey’s honest significant
difference tests (P < 0.001) were utilized in immortalized B cells (GSE26835) to
identify differentially expressed genes and IncRNAs after irradiation. A total of 41
genes and IncRNAs associated with radiation exposure were revealed by a network
analysis algorithm. To develop a predictive model for radiosensitivity, the expression
profiles of NCI-60 cell lines along, with their radiation parameters, were analyzed.
A genetic algorithm was proposed to identify 20 predictors, and the support vector
machine algorithm was used to evaluate their prediction performance. The model
was applied to 2 datasets of glioblastoma, The Cancer Genome Atlas and GSE16011,
and significantly better survival was observed in patients with greater predicted
radiosensitivity.

INTRODUCTION

Radiotherapy has become a standard treatment
for curing various cancers and is widely used to improve
the survival of cancer patients [1, 2]. Conventional
radiotherapy is now combined with images processed by
computed tomography to provide a non-invasive and highly
tumor-specific treatment plan. Currently, most radiation
treatment plans are designed based purely on the cancer
type. Challenges arise, however, when individual genetic
differences in radiosensitivity lead to different treatment
responses among patients receiving the same radiation dose.
For example, genetic variants in A7M are associated with
differential hypersensitivity to radiation exposure [3, 4].

These results suggest that radiation sensitivity should be
taken into consideration when designing the treatment plan.

In the last 2 decades, advanced high-throughput
biotechnologies, such as microarray and next-generation
sequencing, have provided accurate methods to measure
genome-wide transcriptional profiles of a single individual
within a short time. Furthermore, it is well known that
radiation exposure is a dominant factor in driving
downstream gene expression changes [5]. For example,
several functional pathways, such as apoptosis signaling,
cell cycle regulation, and DNA repair, can be triggered
in cells responding to irradiation. Previous studies have
demonstrated the possibility and the efficacy of using the
gene expression levels from those affected genes to predict
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the radiation exposure of cancer cell lines [6] and even
their radiosensitivity [7]. Some studies have tried to extend
the prediction models of radiosensitivity into patients
[8, 9]. However, due to the difficulty of identifying
biomarkers directly from patients, most studies developed
prediction models for radiosensitivity from cell lines and
subsequently validated their performance in independent
patient cohorts. For instance, a prediction model for the
radiosensitivity index (RSI) was developed from the gene
expression profiles in a National Cancer Institute panel of
60 (NCI-60) irradiated cell lines [10]. The performance of
the RSI prediction model was validated in 3 datasets [11,
12], including rectal cancer, esophageal cancer and breast
cancer. These results suggest that taking gene expression
levels into consideration when planning radiotherapy
helps to identify susceptible patients and improve their
treatment outcomes.

In addition to genes, radiation treatment is able to
drive expression changes in non-coding RNAs including
microRNAs and long non-coding RNAs (IncRNAs) [13—
15]. The expression levels of non-coding RNAs can be
detected by using real-time polymerase chain reaction
(RT-PCR) and high-throughput methods, including
microarray and next-generation sequencing (NGS).
Due to the short length of microRNA (22-23 bp), a
specialized microarray platform is required to examine
its expression level, which increases the difficulty of
analyzing patients on a large scale. In contrast, IncRNA
is longer (>200 bp) [16], and several studies have shown
that gene expression microarrays can be used to measure
IncRNAs after advanced bioinformatics analyses [17, 18].
Therefore, these results can provide a better understanding
of radiation response by re-analyzing gene expression
microarrays from patients.

LncRNA is a newly identified modulator of gene
expression levels. Although the functional mechanisms
of IncRNAs remain unclear, several studies have reported
that IncRNA expression can be triggered by irradiation
[19, 20]. For example, IncRNA-p21 has been reported as
a repressor of p53-dependent transcriptional responses
[20]. These studies indicate that IncRNAs deserve further
investigation to elucidate their functional roles in the
radiation response.

In this study, gene expression microarrays from
>1,000 samples were analyzed to identify the differential
expression of genes and IncRNAs triggered by radiation
exposure. A co-expression network algorithm was
utilized to select important pairs of genes and IncRNAs
associated with radiation treatment. Subsequently, feature
selection of important predictors among those gene-
IncRNA interaction pairs was performed using a genetic
algorithm in NCI-60 cell lines, and a prediction model
for radiosensitivity was developed accordingly. The
performance of the prediction model was validated in 2
clinical datasets of glioblastoma patients.

RESULTS

Identification of radiation-responsive genes and
IncRNAs

The analysis of variance (ANOVA) test and Tukey’s
honest significant difference (HSD) test were performed
in microarray dataset GSE26835 to identify differentially
expressed genes and IncRNAs (P <0.0001). In total, 1,086
samples were classified into 3 groups, which were 0, 2, and 6
h after irradiation (Figure 1). A total of 640 probes including
8 IncRNAs showed significant expression changes between
0 h and 2 h post-irradiation and 1,090 probes including 10
IncRNAs were identified as having expression changes
between 0 h and 6 h post-irradiation. To elucidate the
biological functions and possible regulators of the union set
of these significant probes (N=1,244), Ingenuity Pathway
Analysis was performed. The top 3 significant pathways
and regulators are shown in Supplementary Tables S1 and
S2. Notably, among the differentially expressed probes, the
most significant function was the p53 signaling pathway
(P=1.0x 10®) and the most important regulator was also
TP53 (P =2.93 x 10%). It is well-known that 7P53 drives
changes in downstream gene expression in response to
irradiation [21], and those differentially expressed genes
regulated by 7P53 are illustrated in Supplementary Figure
S1. In addition to 7P53, several studies have indicated
radiation exposure is able to trigger the other 2 pathways,
aryl hydrocarbon receptor signaling [22] and IL-8 signaling
(Supplementary Table S1). These results suggested that
ANOVA and Tukey’s HSD test were able to identify genes
and IncRNAs participating in biological functions triggered
by irradiation.

Identification of gene-IncRNA interaction pairs
triggered by irradiation

Few studies have reported the biological functions
and signaling pathways of IncRNAs, making it difficult
to explore the roles of IncRNAs in the radiation response.
One possible approach to address this issue is to cluster
IncRNAs with genes based on their expression profiles
because previous studies have demonstrated that genes
participating in the same functional category displayed
similar expression patterns [23]. A network-based co-
expression algorithm, weighted gene correlation network
analysis (WGCNA), was performed to identify modules
composed of correlated genes and IncRNAs. Comparison
of the samples without irradiation (0 h) to the identified set
of differentially expressed probes (N=1,244) via WGCNA
revealed 2 and 10 modules at 2 h and 6 h post-irradiation,
respectively (Supplementary Figure S2). Among the 12
identified modules, highly correlated interactions between
genes and IncRNAs were selected based on their Pearson
correlation coefficients (r >0.75). Consequently, a total of
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43 interaction pairs triggered by irradiation were identified
(Table 1), which contains 34 genes and 7 IncRNAs.

Development of a prediction model for
radiosensitivity

The NCI-60 cell lines, along with the fraction of
surviving cells after a radiation dose of 2 Gy (SF2),
were utilized as the training set for developing a
prediction model for radiosensitivity. For the identified
34 genes and 7 IncRNAs, a genetic algorithm (GA)
was used to select the best combination of genes and
IncRNAs as the predictors for developing a model by
the support vector machine (SVM) algorithm (Figure 1).
The accuracy values in different generations are
illustrated in Supplementary Figure S3. Notably, the
accuracy values had become stable after 70 generations
and over 87% of samples can be correctly predicted

GSE26835 (N = 1086)
NonlIR, IR2hr, IR6hr

ANOVA, P < 0.001
NonIR, IR2hr, IR6hr

Tukey HSD, P < 0.001
Fold Change
NonIR-IR2hr

Tukey HSD, P < 0.001
Fold Change
NonlIR-IR6hr

640 DE probe sets 1090 DE probe sets
(8 INRNA genes) (10 InRNA genes)

Identify radiosensitivity
genes and IncRNAs

in the last generation, suggesting the effectiveness of
the GA to identify a superior combination of genes and
IncRNAs as predictors. The GA identified 20 predictors,
comprising 16 genes and 4 IncRNAs (Table 2).
Intriguingly, 1 of the 4 IncRNAs, TP537TG1, has been
reported to be associated with radiosensitivity in
previous studies [14, 24], strengthening the possibility
that IncRNAs can serve as predictors. In addition,
many of the other 20 predictors have been reported to
be associated with irradiation, including RPS4Y1 [25],
EPS8L2 [26], ANXA4 [27], PYCARD [28], MR [29],
ALDHG6AI [30] and RTNI [27, 31]. Lastly, to further
confirm that this combination was not identified by
random chance, a permutation test was performed by
considering various combinations of the 34 genes and 7
IncRNAs. The low empirical p-value (0.0014) indicates
that the prediction model has a low chance of being
identified by chance.

Patients with RT

*SF2 cutoff value = 0.4

Define RR/RS

Patients without RT

WGCNA:
Identify IncRNA-contained modules
(By network similarity)

Identify INcRNA - Gene Interaction
(in same module)

Correlation > 0.75

Radiation induced genes and IncRNAs

Genetic Algorithms:
20 variables selected
by SVM internal validation

Radiosensitivity related
genes and IncRNAs

Kaplan-Meier survival curve

Log rank test

Develop prediction model

Multivariable Cox regression

by SVM

*SF2: Surviving Fraction under 2 Gy

Figure 1: Proposed workflow to identify differentially expressed genes and IncRNAs triggered by radiation exposure.
A total of 4 microarray datasets were analyzed. Briefly, differentially expressed genes and IncRNAs were identified in GSE26835.
The weighted gene correlation network analysis (WGCNA) method and a genetic algorithm (GA) were performed to select predictors. A
prediction model for radiosensitivity was developed using the support vector machine (SVM) and two external glioblastoma multiforme
(GBM) datasets were analyzed. For more detailed information, please refer to the text.
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Table 1: Pairs of genes and IncRNAs responding to radiation exposure (N=43)

Probe(IncRNA) Name(IncRNA) Probe(gene) Name(gene) Correlation Time
214983 at TTTY15 205000 at DDX3Y 0.935 2h
214983 at TTTY15 204410 at EIF14Y 0.921 2h
214983 at TTTY15 201909 at RPS4Y1 0.92 2h
214983 at TTTY1S 206624 at USP9Y 0.918 2h
214983 at TTTY15 204409 s at EIF14Y 0.907 2h
214983 at TTTY15 206700 s at KDM5D 0.896 2h
214983 at TTTY15 205001 _s_at DDX3Y 0.892 2h
209917 s _at TP53TG1 210609 s at TP5313 0.883 2h
209917 s at TP53TG1 200885 _at RHOC 0.847 2h
222271 at - 210609 s at TP5313 0.839 2h
209917 s at TP53TGlI 215407 s at ASTN2 0.835 2h
209917 s at TP53TG1 205354 at GAMT 0.823 2h
209917 s _at TP53TG1 218180 s at EPSSL2 0.82 2h
209917 s at TP53TG1 200974 at ACTA2 0.814 2h
222051 s _at - 221586 s at E2F5 0.809 2h
222271 at - 200974 at ACTA2 0.806 2h
209917 s_at TP53TGl1 210224 at MRI 0.801 2h
214983 at TTTY15 211149 at ury 0.798 2h
209917 s at TP53TG1 207565 s at MRI1 0.797 2h
222271 at - 215407 s _at ASTN2 0.796 2h
222271 at - 200885 at RHOC 0.793 2h
209917 s at TP53TG1 204985 s at TRAPPC6A 0.793 2h
222271 at - 205354 at GAMT 0.79 2h
209917 s at TP53TG1 202949 s at FHL2 0.789 2h
222271 at - 201301 s _at ANXA4 0.783 2h
209917 s at TP53TGl 205531 s at GLS?2 0.774 2h
209917 s_at TP53TGl1 209498 at CEACAM1I 0.769 2h
209917 s at TP53TG1 204034 at ETHE! 0.766 2h
222271 at - 203226 s at TSPAN31 0.765 2h
209917 s _at TP53TG1 221666 s at PYCARD 0.765 2h
222271 at - 202949 s at FHL? 0.764 2h
215708 s _at LOC100653079 211804 s at CDK2 0.762 6h
222271 at - 218180 s at EPSSL2 0.761 2h
209917 s at TP53TG1 212236 x_at JUP /// KRT17 0.76 2h
209917 s _at TP53TG1 210223 s at MRI 0.76 2h
222271 at - 210224 at MRI 0.759 2h
222271 at - 207566 _at MRI 0.759 2h
(Continued)
www.impactjournals.com/oncotarget 26742 Oncotarget



Probe(IncRNA) Name(IncRNA) Probe(gene) Name(gene) Correlation Time
214657 s at LOC100653017 208899 x at ATP6VID 0.757 2h
209917 s at TP53TG1 203650 at PROCR 0.751 2h
214657 s _at LOC100653017 33494 at ETFDH 0.75 2h
222271 at - 215407 s at ASTN2 0.75 6h
213447 at LOC100506948 221590 s at ALDHG6A1 0.75 2h
209917 s at TP53TG1 203485 at RTNI 0.75 2h
*---:unannotated
Table 2: The 20 selected genes and IncRNAs in the prediction model

Probe Sets Gene Symbol Ensembl ID

205000 _at DDX3Y ENSG00000067048

204410 _at EIF14Y ENSG00000198692
201909 at RPS4Y1 ENSG00000129824
206624 at USP9Y ENSG00000114374
200885 at RHOC ENSG00000155366

218180 s at EPSSL2 ENSG00000177106
200974 at ACTA2 ENSG00000107796
204985 s at TRAPPC6A ENSG00000007255

201301 _s_at ANXA4 ENSG00000196975
204034 at ETHEI ENSG00000105755
221666 s at PYCARD ENSG00000103490
212236 x_at JUP ENSG00000128422
210223 s at MRI1 ENSG00000153029

33494 at ETFDH ENSG00000171503
221590 s at ALDHG6A1 ENSG00000119711
203485 at RTNI ENSG00000139970
*209917 s at TP53TG1 ENSG00000182165
*222051 s at --- ENSG00000254208
*214657 s at LOC100653017 ENSG00000245532
*213447 at LOC100506948 ENSG00000224078
*IncRNA

Validation of the prediction model in patients
with glioblastoma

Two microarray datasets from patients with
glioblastoma multiforme (GBM) were retrieved, one from
The Cancer Genome Altas (TCGA) [32] and another from
the Gene Expression Omnibus (GEO) (accession number
GSE16011) [33]. The datasets were analyzed to evaluate
the prediction performance of the developed SVM model.

The model was applied to classify the patients into
radiosensitive (RS) and radioresistant (RR) groups. The
Kaplan-Meier survival curves of the prediction results
are illustrated in Figure 2. Notably, a significantly higher
survival rate was observed in the RS patients while
receiving radiotherapy (RT+) in both datasets (P = 0.015
for TCGA and P = 2x107 for GSE16011), suggesting the
prediction model is effective in identifying RS patients for
radiation treatment. In contrast, no significant differences
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were observed between RS and RR patients who had
not been treated by radiation (RT-), and thus the results
indicated that the prediction model was specific to the RT+
patients.

A multivariable Cox hazard regression model was
performed to compare the prediction performance of the
model with other clinical parameters, including age, grade,
and Karnofsky Performance Score (KPS). As shown in
Table 3, the prediction model remains an independent
predictor after being adjusted for other confounding
factors (P = 0.00698 for TCGA and P = 0.0277 for
GSE16011). Therefore, these results demonstrate that the
prediction model can effectively identify patients who
will be responsive to radiotherapy and thus experience
significantly better survival outcomes.

DISCUSSION

Radiotherapy has become a standard procedure for
treating cancer. Tremendous improvement in tumor control
and survival in patients treated by irradiation has been
demonstrated in several cancer types [34, 35]; however,
severe adverse effects were also reported. Therefore, how
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to maintain the efficacy but avoid the accompanying side
effects of radiotherapy poses a major challenge in treating
cancer. A possible approach to address this issue is to take
individual genetic differences into consideration when
designing radiation treatment plans. In this study, we
demonstrated the possibility of identifying biomarkers for
radiosensitivity based on the expression levels of genes
and IncRNAs, and a radiosensitivity prediction model
was developed by the SVM algorithm. These biomarkers
effectively divided the patients into 2 groups showing
significantly different survival rates in 2 independent
GBM cohorts.

In recent years, some studies have successfully
developed prediction models for radiosensitivity and
radiation exposure using gene expression levels [7]. For
example, a linear regression model was developed from
cell lines to calculate a radiosensitivity index (RSI), and
patients were divided into responders and non-responders
to radiotherapy according to the threshold of the 25"
percentile of the RSI interval [7, 12]. Another study
simultaneously analyzed 4 microarray datasets to establish
a prediction model, which was utilized to classify patients
into 2 groups with different radiosensitivity based on
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Figure 2: The Kaplan-Meier survival curves for the TCGA and GSE16011 datasets. Patients were classified as radioresistant
(RR) and radiosensitive (RS) based on the developed prediction model. In addition to the radiosensitivity, patients were divided into 2
groups based on whether they received radiotherapy (RT+) or not (RT-).
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Table 3: Cox hazard regression analysis of the prediction models in the TCGA and GSE16011 datasets

Hazard ratio SE P-value

TCGA RT(+) Model 1.641 0.184 6.98E-03
Age 1.033 0.007 4.02E-06

Chemotherapy 0.513 0.297 2.45E-02

KPS 0.992 0.006 2.14E-01

TCGART(-) Model 0.836 0.506 7.24E-01
Age 1.028 0.020 1.79E-01

Chemotherapy 1.079 0.427 8.58E-01

KPS 0.972 0.015 4.83E-02

GSE16011 RT(+) Model 1.681 0.236 2.77E-02
Histological diagnosis 0.615 0.146 8.75E-04

WHO grade 2.227 0.191 2.74E-05

Gender 0.932 0.199 7.22E-01

Age 1.037 0.008 3.41E-06

KPS 0.989 0.006 7.34E-02

Type of surgery 1.179 0.090 6.77E-02

Chemotherapy 0.788 0.343 4.87E-01

GSE16011 RT(-) Model 0.604 0.417 2.26E-01
Histological diagnosis 0.796 0.249 3.59E-01

WHO grade 2.405 0.349 1.18E-02

Gender 2.237 0.368 2.87E-02

Age 1.007 0.016 6.83E-01

KPS 0.961 0.010 2.71E-05

Type of surgery 1.363 0.160 5.24E-02

Abbreviations: RT: radiotherapy; KPS: Karnofsky Performance Score; SE, standard error; WHO: World Health Organization

hierarchical clustering [8]. Although significant differences
in survival between responders and non-responders were
observed in both studies, both are subject to an important
limitation: both the RSI model and the hierarchical
clustering model must include many patients to establish
the baseline for comparison. However, the treatment plan
of a patient needs to be determined within a short time
and it is impractical to delay the decision just because not
enough patients are enrolled. In addition, the requirement
of accumulating patients to create the baseline may make
prediction results relatively unstable. The predictions for
1 patient from the 2 models can become totally different
just by adding some additional patients, because the
25" percentile of the RSI interval and the hierarchical
clustering results are sensitive to small changes in baseline
samples. Yet an individual patient’s gene expression
levels remain the same at all times. Therefore, a machine
learning algorithm, such as the SVM, may serve as a better

prediction model for clinical practice due to its availability
for individual patients and lower sensitivity to the training
samples.

To our knowledge, ours is the first study to incorporate
the expression levels of IncRNAs into a prediction model
for radiosensitivity. Several studies have demonstrated that
IncRNAs are key players in modulating transcriptional
changes and radiation responses [20]. For example, a
previous study has indicated that some IncRNAs can regulate
the expression level of 7P53 [20]. Among the 4 identified
IncRNAs, TP53TG1 has been reported to be associated with
both TP53 expression and radiation exposure in previous
studies [36, 37]. The full name of 7P537G1 is TP53 target
1 (non-protein coding), and its expression level was altered
after radiation exposure in a wild-type TP53-dependent
manner, suggesting its potential role in the radiation
response modulated by 7P53 [36]. The expression level of
TP53TG1 is increased 1.5-fold 24 h after irradiation in a
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dose-dependent manner, suggesting its potential as a suitable
candidate in radiodosimetry [37]. Although the reports of the
other 3 IncRNAs shown in Table 2 are relatively limited, we
believe they deserve further study to elucidate their roles in
the radiation response. Furthermore, a permutation test was
performed in this study to assess whether it is superior to
add IncRNAs into a prediction model for radiosensitivity. As
shown in Supplementary Figure S4, the average prediction
accuracy value based on both genes and IncRNAs was
slightly better than that obtained from genes only. Therefore,
the performance of a prediction model for radiosensitivity can
be improved by simultaneously considering the expression
levels of both genes and IncRNAs.

In the development of a prediction model, a critical
step is how to select important predictors, especially
when handling high-throughput data [38]. A popular
approach is to perform a stepwise regression using forward
selection and/or backward elimination, and to evaluate the
performance by the Akaike information criterion (AIC)
[39]. However, such methods are time-consuming and
inefficient, because the number of possible combinations
of predictors is large. We tried such an approach in this
study, but the predictors identified from the AIC model
changed substantially upon the addition of only 1 or 2 pairs
of genes and IncRNAs. The GA was used instead due to
its low computational complexity and high efficiency
in achieving good accuracy. In this study, the number of
possible combinations of the original pool (34 genes and 7
IncRNAs) is Cj)= 269128937220, which is impossible to
test in a reasonable amount of time. In addition, it is well-
known that radiosensitivity differs greatly across different
tissues. Therefore, we analyzed the NCI-60 cell lines to
develop the prediction model because they were from
distinct tissue types. One major advantage of using the GA
in this situation is that it can identify the best combination
of predictors (genes and IncRNAs) through random
selection over many generations, taking the heterogeneity of
radiosensitivity in different tissue types into consideration.
The randomness in the initial step of GA is compensated
for by the reproducibility of the consecutive generations
(Supplementary Figure S3). Although it is desirable to
minimize the number of predictors in the GA model in order
to minimize costs and simplify experimental procedures, the
prediction performance of the GA was poor and unstable
when the number of predictors selected was <20. Therefore,
the number of predictors in the GA was set at 20 to achieve
the highest possible prediction accuracy with the minimum
number of predictors.

There are certain limitations to our study. First, it is
well-known that radiosensitivity may vary in different tissues,
and thus the prediction model cannot cover all cancer types. A
theoretical solution is to develop different prediction models
for specific tissue or cancer types; however, such an approach
usually suffers from a limited sample size in the real world. One
compromise is to identify predictors based on cell lines and
then to validate their performance in patient cohorts. Therefore,

we developed the prediction model for radiosensitivity based
on gene expression data from human lymphocytes in this
study because previous studies have shown that lymphocytes
can be used as an accurate indicator of radiosensitivity
for patients [40, 41]. Furthermore, it is not difficult to get
lymphocytes from patients; therefore peripheral blood samples
are suggested as the source for future applications. However,
many differences exist between human samples and cell lines,
and thus validations in more independent cohorts are required.
Second, the sample size in this study is limited, even though
2 external GBM datasets were analyzed. Further evaluations
of the prediction model should be performed in more samples
and different cancer types. Third, the prediction outcomes
were dichotomized into RS and RR groups based on the SF2
parameter. However, radiosensitivity may be a continuous
variable instead of a dichotomous variable. Unfortunately,
the sample sizes of published microarrays after irradiation are
insufficient to develop a prediction model for specific radiation
response values. Therefore, a better prediction model can only
be developed after more of these datasets are accumulated
and published.

MATERIALS AND METHODS

Microarray datasets

Four datasets analyzed in this study were retrieved
from the Gene Expression Omnibus (GEO) [33], CellMiner
[42], and The Cancer Genome Altas (TCGA) [32], and their
characteristics are summarized in Supplementary Table
S3. The dataset with the largest sample size, GSE26835,
was utilized as the identification set to select differentially
expressed genes and IncRNAs triggered by irradiation.
Subsequently, a prediction model for radiosensitivity was
developed based on the expression profiles of the NCI-60
cell lines. Two GBM datasets were used as the validation
sets to evaluate the performance of the developed prediction
model. All preprocessing procedures and normalization
algorithms, including robust multiarray averaging (RMA)
and quantile normalization, were performed in R [43, 44].
Although the microarray platforms of these 4 datasets were
originally designed to examine gene expression profiles,
previous studies have shown that a re-analysis of the probe
sequences can select the probes targeting IncRNAs. In this
study, we adopted the results from a previous study [45],
and all those probe sets targeting IncRNAs can be mapped
to the Ensembl database.

Identification of differentially expressed genes
and IncRNAs triggered by irradiation

A protocol to identify radiation-induced genes and
IncRNAs and develop a prediction model is illustrated in
Figure 1. Initially, the ANOVA and Tukey’s HSD tests
were performed in the samples harvested at 0, 2, and 6
h after radiation exposure in GSE26835 (P < 0.0001).
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To take biological effects into consideration, only probes
showing at least 1.3-fold changes were retained for further
analyses. Because few published studies have reported
the biological functions of IncRNAs, Ingenuity Pathway
Analysis (IPA®, QIAGEN Redwood City, www.qiagen.
com/ingenuity) was performed only on the differentially
expressed genes to characterize their signaling pathways
and associated regulators.

Identification of gene-IncRNA interaction pairs

To take the biological functions of IncRNAs into
consideration, a network-based co-expression algorithm,
WGCNA, was used [23]. The main concept of the
WGCNA method is to cluster the genes and IncRNAs
with similar expression patterns into a single module
based on the hypothesis that genes and IncRNAs involved
in the same functional pathway will have highly correlated
expression values. All parameters were set as their default
values, except that “deepSplit” was used to explore more
possible regulations between genes and IncRNAs. Lastly,

41 probe sets after
correlation filtering > 0.75

v

Randomly select 20 probe sets
(Total Combinations = 100)

Number of
Generation = 100

Select 20 probe sets
in the last generation

!

Develop the prediction model

v

the Pearson correlation coefficients were calculated for
the genes and IncRNAs classified into the same module
in order to select the highly correlated gene-IncRNA
interaction pairs (r >0.75).

Development of a prediction model using a
genetic algorithm

The gene expression profiles and radiation
parameters of the NCI-60 cell lines [46] retrieved from
CellMiner [42] were analyzed to develop a prediction
model. To mimic the situation of radiotherapy in real
patients, the SF2 was utilized, and the NCI-60 cell
lines were dichotomized into radiosensitive (RS) and
radioresistant (RR) groups based on the threshold of
0.4. A GA was designed to select genes and IncRNAs
with the highest prediction accuracy in the NCI-
60 cell lines (Figure 3). In the first generation, we
randomly selected 20 predictors from the gene-IncRNA
interaction pairs, which included 34 genes and 7
IncRNAs. The random selection of predictors was

Internal validation
by SVM

l

Determine the prediction
performance of each
combination

l

Keep the best combination
Discard Others

l

Select two combinations
based on the proportion of
their accuracy versus
total accuracy

l

Crossover two combinations
to generate two new offsprings
in the next generation

No

Total combinations = 100

Figure 3: The proposed genetic algorithm for feature selection in the prediction model.To ensure that the prediction accuracy
value of the model became stable, the selection was repeated for 100 generations.
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repeated 100 times to simulate different combinations
of genes and IncRNAs. For different combinations of
predictors, the SVM algorithm was used to develop
prediction models, and their performance was evaluated
in the NCI-60 cell lines using 5-fold cross-validation.
Subsequently, the combination showing the highest
prediction accuracy in the first generation was kept in
the second generation. To generate other combinations
in the second generation, 2 combinations in the first
generation were selected based on the probabilities that
were calculated by dividing their accuracy values by the
total accuracy values of all combinations. This method
is based on the belief that a combination in the first
generation with higher accuracy is more likely to be
selected in the next generation, which concurs with the
concept of “survival of the fittest.” A random exchange
of predictors among the 2 selected combinations was
performed in order to mimic the process of crossover
and to add more diversity to the set of predictors.
The procedures to breed a new generation were
repeated until 100 generations were simulated, and the
prediction model in the last generation produced the
highest accuracy for predicting radiosensitivity (SF2).
Lastly, a permutation test was performed to evaluate
the random chance of identifying 20 predictors with the
same accuracy value. A combination of 20 predictors
was randomly selected from the 43 interaction pairs
shown in Table 1 and this procedure was repeated
100,000 times to establish a null baseline of prediction
accuracy. To evaluate whether IncRNAs raise the
prediction accuracy, the comparison of randomly
selected predictors included IncRNA probesets. The
empirical p-value of a prediction model was determined
by comparing its prediction accuracy with the null
baseline, that is, by the ranking of the accuracy values.

Validation of prediction model in GBM patients

The developed prediction model was applied to 2
microarray datasets of GBM patients from GSE16011
and TCGA. Considering the high mortality rate of GBM
[47], we focused on the overall survival rate within 2
years. Patients’ data were excluded from the analyses
if no information was provided about their status of
radiotherapy and survival. The stratification resulted in
324 RT+ and 57 RT- patients in the GBM dataset from
TCGA and 193 RT+ and 70 RT- patients in GSE16011.
The developed prediction model was utilized to classify
those patients into RS or RR groups, and log-rank tests
were used to examine the differences in overall survival
between them. To further evaluate whether the prediction
model was associated with radiotherapy only, the RT+ and
RT- patients were compared accordingly. Kaplan-Meier
survival curves were produced and Cox hazard regression
analyses were performed to assess the differences in and
performance of the prediction model and other clinical
parameters.

ACKNOWLEDGMENTS

We thank Melissa Stauffer, PhD, of Scientific
Editing Solutions, for editing the manuscript.

CONFLICTS OF INTEREST

The authors declare that they have no conflicts of
interest.

GRANT SUPPORT

This work was supported in part by the Center
of Genomic Medicine, National Taiwan University,
Taiwan with the grant number: 104R8400, the YongLin
biomedical engineering center, National Taiwan
University, Taiwan with the grant number: FB0027, and
Center of Biotechnology, National Taiwan University,
Taiwan with the grant number: GTZ300. The funders
had no roles in design, in the collection, the analysis, the
interpretation of data; in the writing the manuscript; and
in the decision to submit the manuscript for publication.

REFERENCES

1. Group EBCTC. Effects of radiotherapy and of differences
in the extent of surgery for early breast cancer on local
recurrence and 15-year survival: an overview of the
randomised trials. The Lancet. 2006; 366:2087-2106.

Thompson IM, Tangen CM, Paradelo J, Lucia MS, Miller
G, Troyer D, Messing E, Forman J, Chin J and Swanson G.
Adjuvant radiotherapy for pathological T3NOMO prostate
cancer significantly reduces risk of metastases and improves
survival: long-term followup of a randomized clinical trial.
The Journal of urology. 2009; 181:956-962.

3. Cesaretti JA, Stock RG, Lehrer S, Atencio DA, Bernstein
JL, Stone NN, Wallenstein S, Green S, Loeb K and
Kollmeier M. ATM sequence variants are predictive of
adverse radiotherapy response among patients treated
for prostate cancer. International Journal of Radiation
Oncology* Biology* Physics. 2005; 61:196-202.

Taylor A, Harnden D, Arlett C, Harcourt S, Lehmann A,
Stevens Su and Bridges B. Ataxia telangiectasia: a human
mutation with abnormal radiation sensitivity. Nature. 1975;
258:427-429.

5. Tusher VG, Tibshirani R and Chu G. Significance analysis
of microarrays applied to the ionizing radiation response.
Proceedings of the National Academy of Sciences. 2001;
98:5116-5121.

Lu T-P, Hsu Y-Y, Lai L-C, Tsai M-H and Chuang EY.
Identification of Gene Expression Biomarkers for Predicting
Radiation Exposure. Sci Rep. 2014; 4:6293.

Torres-Roca JF, Eschrich S, Zhao H, Bloom G, Sung
J, McCarthy S, Cantor AB, Scuto A, Li C and Zhang S.

Prediction of radiation sensitivity using a gene expression
classifier. Cancer research. 2005; 65:7169-7176.

www.impactjournals.com/oncotarget

26748

Oncotarget



10.

I1.

12.

13.

15.

16.

18.

19.

20.

Meng J, Li P, Zhang Q, Yang Z and Fu S. A radiosensitivity
gene signature in predicting glioma prognostic via EMT
pathway. Oncotarget. 2014; 5:4683. doi: 10.18632/
oncotarget. 2088.

Kim HS, Kim SC, Kim SJ, Park CH, Jeung H-C, Kim
YB, Ahn JB, Chung HC and Rha SY. Identification of a
radiosensitivity signature using integrative metaanalysis of
published microarray data for NCI-60 cancer cells. BMC
genomics. 2012; 13:348.

Shoemaker RH. The NCI60 human tumour cell line
anticancer drug screen. Nature Reviews Cancer. 2006;
6:813-823.

Eschrich SA, Fulp WJ, Pawitan Y, Foekens JA, Smid M,
Martens JW, Echevarria M, Kamath V, Lee J-H and Harris
EE. Validation of a radiosensitivity molecular signature in
breast cancer. Clinical Cancer Research. 2012; 18:5134-5143.
Eschrich SA, Pramana J, Zhang H, Zhao H, Boulware D,
Lee J-H, Bloom G, Rocha-Lima C, Kelley S and Calvin DP.
A gene expression model of intrinsic tumor radiosensitivity:
prediction of response and prognosis after chemoradiation.
International Journal of Radiation Oncology* Biology*
Physics. 2009; 75:489-496.

He L, He X, Lim LP, De Stanchina E, Xuan Z, Liang Y,
Xue W, Zender L, Magnus J and Ridzon D. A microRNA
component of the p53 tumour suppressor network. Nature.
2007; 447:1130-1134.

Kabacik S, Manning G, Raffy C, Bouffler S and Badie C.
Time, dose and ataxia telangiectasia mutated (ATM) status
dependency of coding and noncoding RNA expression
after ionizing radiation exposure. Radiation research. 2015;
183:325-337.

Rashi-Elkeles S, Warnatz H-J, Elkon R, Kupershtein A,
Chobod Y, Paz A, Amstislavskiy V, Sultan M, Safer H
and Nietfeld W. Parallel profiling of the transcriptome,
cistrome, and epigenome in the cellular response to ionizing
radiation. Science signaling. 2014; 7:rs3-rs3.

Lee JT. Epigenetic regulation by long noncoding RNAs.
Science. 2012; 338:1435-1439.

. Rinn JL and Chang HY. Genome regulation by long

noncoding RNAs. Annu Rev Biochem. 2012; 81:145-66

Michelhaugh SK, Lipovich L, Blythe J, Jia H, Kapatos G
and Bannon MJ. Mining Affymetrix microarray data for
long non-coding RNAs: altered expression in the nucleus
accumbens of heroin abusers. Journal of neurochemistry.
2011; 116:459-466.

Guttman M, Amit I, Garber M, French C, Lin MF, Feldser
D, Huarte M, Zuk O, Carey BW and Cassady JP. Chromatin
signature reveals over a thousand highly conserved large
non-coding RNAs in mammals. Nature. 2009; 458:223-227.
Huarte M, Guttman M, Feldser D, Garber M, Koziol MJ,
Kenzelmann-Broz D, Khalil AM, Zuk O, Amit I and Rabani
M. A large intergenic noncoding RNA induced by p53
mediates global gene repression in the p53 response. Cell.
2010; 142:409-419.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Lowe SW, Schmitt EM, Smith SW, Osborne BA and Jacks
T. p53 is required for radiation-induced apoptosis in mouse
thymocytes. Nature. 1993; 362:847-849.

Puga A, Xia Y and Elferink C. Role of the aryl hydrocarbon
receptor in cell cycle regulation. Chemico-biological
interactions. 2002; 141:117-130.

Langfelder P and Horvath S. WGCNA: an R package
for weighted correlation network BMC
bioinformatics. 2008; 9:559.

Zhou T, Chou J, Zhou Y, Simpson DA, Cao F, Bushel
PR, Paules RS and Kaufmann WK. Ataxia Telangiectasia-
Mutated—Dependent DNA Damage Checkpoint Functions
Regulate Gene Expression in Human Fibroblasts. Molecular
Cancer Research. 2007; 5:813-822.

D’Andrea FP, Safwat A, Kassem M, Gautier L, Overgaard
J and Horsman MR. Cancer stem cell overexpression of
nicotinamide N-methyltransferase enhances cellular radiation
resistance. Radiotherapy and Oncology. 2011; 99:373-378.
Spitzner M, Emons G, Kramer F, Gaedcke J, Rave-Frink M,
Scharf J-G, Burfeind P, Becker H, Beissbarth T and Ghadimi
BM. A gene expression signature for chemoradiosensitivity

analysis.

of colorectal cancer cells. International Journal of Radiation
Oncology* Biology* Physics. 2010; 78:1184-1192.

Yang YP, Chang YL, Huang PI, Chiou GY, Tseng LM,
Chiou SH, Chen MH, Chen MT, Shih YH and Chang
CH. Resveratrol suppresses tumorigenicity and enhances
radiosensitivity in primary glioblastoma tumor initiating
cells by inhibiting the STAT3 axis. Journal of cellular
physiology. 2012; 227:976-993.

He Z, Zhang Y, Mehta SK, Pierson DL, Wu H and Rohde
LH. Expression profile of apoptosis related genes and radio-
sensitivity of prostate cancer cells. Journal of radiation
research. 2011; 52:743-751.

Ohteki T and MacDonald HR. Major histocompatibility
complex class I related molecules control the development
of CD4+ 8-and CD4-8-subsets of natural killer 1.1+ T cell
receptor-alpha/beta+ cells in the liver of mice. The Journal
of experimental medicine. 1994; 180:699-704.

Cojoc M, Peitzsch C, Kurth I, Trautmann F, Kunz-Schughart
LA, Telegeev GD, Stakhovsky EA, Walker JR, Simin K and
Lyle S. Aldehyde Dehydrogenase Is Regulated by B-Catenin/
TCF and Promotes Radioresistance in Prostate Cancer
Progenitor Cells. Cancer research. 2015; 75:1482-1494.

Lee YS, Oh J-H, Yoon S, Kwon M-S, Song C-W, Kim K-H,
Cho M-J, Mollah ML, Je YJ and Kim Y-D. Differential
Gene Expression Profiles of Radioresistant Non—Small-
Cell Lung Cancer Cell Lines Established by Fractionated
Irradiation: Tumor Protein p53-Inducible Protein 3 Confers
Sensitivity to lonizing Radiation. International Journal of
Radiation Oncology* Biology* Physics. 2010; 77:858-866.
Weinstein JN, Collisson EA, Mills GB, Shaw KRM,
Ozenberger BA, Ellrott K, Shmulevich I, Sander C, Stuart
JM and Network CGAR. The cancer genome atlas pan-
cancer analysis project. Nature genetics. 2013; 45:1113-1120.

WWWwW

.impactjournals.com/oncotarget

26749

Oncotarget



33.

34.

35.

36.

37.

38.

39.

40.

Edgar R, Domrachev M and Lash AE. Gene Expression
Omnibus: NCBI gene expression and hybridization array
data repository. Nucleic acids research. 2002; 30:207-210.

Henke M, Laszig R, Riibe C, Schifer U, Haase K-D,
Schilcher B, Mose S, Beer KT, Burger U and Dougherty C.
Erythropoietin to treat head and neck cancer patients with
anaemia undergoing radiotherapy: randomised, double-blind,
placebo-controlled trial. The Lancet. 2003; 362:1255-1260.

Creutzberg CL, van Putten WL, Koper PC, Lybeert ML,
Jobsen JJ, Warlam-Rodenhuis CC, De Winter KA, Lutgens
LC, van den Bergh AC and van de Steen-Banasik E. Surgery
and postoperative radiotherapy versus surgery alone for
patients with stage-1 endometrial carcinoma: multicentre
randomised trial. The Lancet. 2000; 355:1404-1411.

Takei Y, Ishikawa S, Tokino T, Muto T and Nakamura Y.
Isolation of a novel TP53 target gene from a colon cancer cell
line carrying a highly regulated wild-type TP53 expression
system. Genes, chromosomes & cancer. 1998; 23:1-9.

Kabacik S, Manning G, Raffy C, Bouffler S and Badie C.
Time, dose and ataxia telangiectasia mutated (ATM) status
dependency of coding and noncoding RNA expression
after ionizing radiation exposure. Radiation research. 2015;
183:325-337.

Chen JJ, Lu T-P, Chen D-T and Wang S-J. Biomarker
adaptive designs in clinical trials. Translational Cancer
Research. 2014; 3:279-292.

Yamaoka K, Nakagawa T and Uno T. Application of
Akaike’s information criterion (AIC) in the evaluation
of equations. of
pharmacokinetics and biopharmaceutics. 1978; 6:165-175.

Borgmann K, Hoeller U, Nowack S, Bernhard M, Roper B,
Brackrock S, Petersen C, Szymczak S, Ziegler A and Feyer
P. Individual radiosensitivity measured with lymphocytes
may predict the risk of acute reaction after radiotherapy.

linear pharmacokinetic Journal

41.

42.

43.

44,

45.

46.

47.

International Journal of Radiation Oncology* Biology*
Physics. 2008; 71:256-264.

Ozsahin M, Crompton NE, Gourgou S, Kramar A, Li L, Shi
Y, Sozzi WJ, Zouhair A, Mirimanoff RO and Azria D. CD4
and CD8 T-lymphocyte apoptosis can predict radiation-
induced late toxicity: a prospective study in 399 patients.
Clinical Cancer Research. 2005; 11:7426-7433.

Reinhold WC, Sunshine M, Liu H, Varma S, Kohn KW,
Morris J, Doroshow J and Pommier Y. CellMiner: a web-
based suite of genomic and pharmacologic tools to explore
transcript and drug patterns in the NCI-60 cell line set.
Cancer research. 2012; 72:3499-3511.

Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling
M, Dudoit S, Ellis B, Gautier L, Ge Y and Gentry J.
Bioconductor: open software development for computational
biology and bioinformatics. Genome biology. 2004; 5:R80.

Thaka R and Gentleman R. R: a language for data analysis
and graphics. Journal of computational and graphical
statistics. 1996; 5:299-314.

Du Z, Fei T, Verhaak RG, Su Z, Zhang Y, Brown M,
Chen Y and Liu XS. Integrative genomic analyses reveal
clinically relevant long noncoding RNAs in human cancer.
Nature structural & molecular biology. 2013; 20:908-913.
Amundson SA, Do KT, Vinikoor LC, Lee RA, Koch-
Paiz CA, Ahn J, Reimers M, Chen Y, Scudiero DA and
Weinstein JN. Integrating global gene expression and
radiation survival parameters across the 60 cell lines of the
National Cancer Institute Anticancer Drug Screen. Cancer
research. 2008; 68:415-424.

Lacroix M, Abi-Said D, Fourney DR, Gokaslan ZL, Shi
W, DeMonte F, Lang FF, McCutcheon IE, Hassenbusch SJ
and Holland E. A multivariate analysis of 416 patients with
glioblastoma multiforme: prognosis, extent of resection, and
survival. Journal of neurosurgery. 2001; 95:190-198.

www.impactjournals.com/oncotarget

26750

Oncotarget



