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Prediction of Results of Radiotherapy With Ku70
Expression and an Artificial Neural Network
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Abstract. Background/Aim: Accurate prediction of
radiotherapy results is indispensable for the individualized
selection of treatment modalities of cancer. We examined the
application of the artificial neural network (ANN) model in
predicting radiotherapy results using clinical factors and
immunohistochemical staining of Ku70 as inputs. Patients
and Methods: We analyzed 79 prostate cancer patients with
localized adenocarcinoma treated with radiotherapy between
August 2001 and October 2010. We also analyzed 46
hypopharyngeal cancer patients with squamous cell
carcinoma treated with radiotherapy between March 2002
and December 2009. The properly trained ANN analysis
using a standard feedforward, back-propagation neural
network was used to predict the radiotherapy treatment
results. Results: The areas under the receiver-operating
characteristic curve (AUC) were 0.939 for patients treated
with intensity modulated radiotherapy (IMRT)+androgen
deprivation therapy (ADT), 0.803 for IMRT alone, and 0.960
for 3D-conformal radiotherapy (CRT) alone in prostate
cancer. Sensitivity and specificity were 85.7% and 90.4% for
IMRT+ADT, 75.0% and 88.5% for IMRT alone, and 92.3%
and 100% for 3D-CRT alone. The AUC was 0.901 for
hypopharyngeal cancer. Sensitivity and specificity were
66.7% and 88.2%, respectively. Conclusion: We
demonstrated a possibility to predict the radiotherapy
treatment results in prostate and hypopharyngeal cancer
using ANN in combination with Ku70 expression and clinical
factors as inputs.
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Accurate prediction of the results of radiotherapy is
important to achieve individualized radiotherapy. DNA is the
principal target for radiation-induced cell death. Mutations
in the DNA repair mechanisms, such as in base excision
repair, homologous recombination or nonhomologous end
joining (NHEJ) genes can all lead to increased
radiosensitivity (1). Therefore, comprehensive genome and
miRNA analysis is best to be performed before radiotherapy
(2, 3). As expected, these analyses are expensive and can
only be performed at designated institutions, which creates
the additional issue of time delay to results.

We have previously examined the relationship between the
outcome of radiotherapy in relation to the expression of
NHE]J proteins involved in the repair of DNA double strand
breaks (4) in prostate biopsy specimens, demonstrating an
improval in the prediction of prostate specific antigen (PSA)
failure by combining an immunohistochemical examination
of Ku70 with clinical parameters (5), such as the Gleason
score and the D’ Amico risk classification (6).

The artificial neural network (ANN) is a machine learning
classifier that uses a computational model simulating the
behavior of neural networks in the human brain. The ANN
can learn the relationship between input data and teaching
data (7). In other words, a mathematical model representing
the relationship between the input and teaching data can be
constructed by changing the weighting factors connecting
neurons in the ANN through a learning process. The ANN
has recently been applied to a variety of pattern recognitions
and data classifications in the diagnostic field (8). Using
clinical factors and immunohistochemical staining for Ku70
as input, we investigated the application of ANNSs to predict
radiotherapy outcomes.

Patients and Methods

Patients. Concerning prostate cancer, 58 patients with localized
adenocarcinoma treated with intensity modulated radiotherapy
(IMRT) between August 2007 and October 2010 and 21 patients
treated with three-dimensional conformal radiotherapy (3D-CRT)
between August 2001 and May 2007 were analyzed. Patient
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Table 1. Patient characteristics in prostate cancer.

Table II. Patient characteristics in hypopharyngeal cancer.

Variable Number of patients Variable Number of patients
All  Discovery Validation Validation Age
cohort cohort cohort <56 7
(IMRT+ADT) (IMRT alone) (3D-CRT alone) >56 39
Gender
Age Male 38
<67 18 6 9 8 Female 8
>67 61 22 21 13 Performance Status
Gleason score =0 32
5,6,7 53 11 24 18 >1 14
8,9,10 26 17 6 3 Clinical T stage
Positive rates 1,2 34
<12.5% 11 5 3 3 3,4 12
>12.5% 68 23 27 18 Subsite
Initial PSA Pyriform sinus 32
<27.7 (ng/ml) 68 21 29 18 Others 14
>27.7 11 7 1 3 Ku70
Risk <49.2% 24
Low, 43 6 23 14 >492% 22
Intermediate
High 36 22 7 7
Ku70
<68.4% 46 15 21 10
>68.4% 33 13 9 11
Prostate volume
<2353 cc 10 6 3 1 Treatment. With regards to prostate cancer, details of the radiation
>23.53 cc 69 22 27 20 treatment planning of IMRT and 3D-CRT have been described

ADT: Androgen deprivation therapy;
radiotherapy; PSA: prostate specific antigen;
dimensional conformal radiotherapy.

IMRT: intensity modulated
3D-CRT: three-

characteristics are listed in Table I. Patients were divided into two
groups, with the cut-off value based on the receiver operating
characteristic (ROC) curve of each variable.

Patients with prostate cancer were separated into three
cohorts for discovery, and two cohorts for validation. The
discovery cohort consisted of patients treated with IMRT and
androgen deprivation therapy (ADT). The validation cohort
consisted of patients treated with IMRT without ADT. The other
validation cohort involved patients treated with 3D-CRT without
ADT. The Phoenix definition was used for biochemical relapse
(nadir+2 ng/ml).

Concerning hypopharyngeal cancer, 46 patients with squamous
cell carcinoma were treated with radiotherapy between March 2002
and December 2009 were analyzed. Regarding tumour, node, and
metastasis (TNM) stage (7th edition) (9), 4 patients had stage I
disease, 10 had stage II, 8 had stage III and 35 had stage IV disease
(Table II). Most patients (75%) had stage III or IV disease.

The median follow-up time to the last contact or mortality was
78 months in patients treated with IMRT+ADT (discovery cohort),
80 months in IMRT without ADT (validation cohort), and 120
months in 3D-CRT (validation cohort) for prostate cancer patients,
and 62 months for hypopharyngeal cancer patients.

All patients provided an informed consent to participate in this
study. This study was approved by the ethics committee of Sapporo
Medical University.
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previously (10). For IMRT, the dose covering 95% of the target
volume (D95) was set at 76 Gy and was delivered in 38 fractions.
The clinical target volume (CTV) was defined according to risk, as
evaluated by the National Comprehensive Cancer Network (NCCN)
guidelines (11). For 3D-CRT, the dose was set at 70 Gy at the
isocenter and was delivered in 35 fractions. Neoadjuvant ADT was
performed in 28 patients before IMRT. Radiotherapy usually
commenced 3 months after neoadjuvant ADT. Adjuvant ADT was
performed in 16 patients. The duration of adjuvant ADT was i) <1
year in 2 patients, ii) 2-3 years in 11 patients, and iii) >5 years in 3
patients. The treatment method for hypopharyngeal tumor has been
described in detail previously (12). Briefly, in 51 of the 57 patients,
chemotherapy was administered concurrently with radiotherapy.
Six patients were treated with radiotherapy alone. The
chemotherapy consisted of 5-Fluorouracil and cisplatin (FP) or
tegafur/gimeracil/oteracil (S-1). A dose of 50 Gy was administered
in 25 fractions to the primary tumor and regional lymph nodes.
Doses of 10-20 Gy were usually added to the primary tumor with
reduced fields after the completion of 50 Gy.

Immunohisotochemical staining. Formalin-fixed, paraffin-embedded
specimens from pretreated needle biopsies performed before
treatments were assessed for Ku70. Eight to 14 biopsy specimens
were collected per patient. Among these biopsy specimens taken,
two specimens that had prostate cancer cells were selected and
observed. Immunohistochemical staining was carried out as
previously described using the Ku70 monoclonal antibody (MC-
351, clone N3H10, Kamiya Biochemical Company, Tukwila, WA,
USA) (13). Numbers of cells were counted in the most intensely
stained area using an Olympus BXS51 high-power view (x400)
(Olympus, Tokyo, Japan). The number of cells that stained positive
for Ku70 was determined by scoring two microscopic fields with
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Figure 1. The architecture of the ANN model used for predictions of PSA relapse in prostate cancer and locoregional recurrence in hypopharyngeal

cancer.

>250 tumor cells each, determining the percentages of Ku70-
positive cells. The values of immunohistochemical staining were
evaluated by two researchers without prior knowledge of either
radiosensitivity or treatment outcome.

Statistical analysis. The MLR model was used for the univariate and
multivariate analyses. A significance level of 0.05 was used
throughout the study. All data were analyzed using R, version 2.3.0
(R Foundation, Vienna, Austria).

Artificial neural network. The ANN model has a standard
feedforward, backpropagation neural network with three layers: i)
an input layer, ii) a hidden layer and iii) an output layer. Multilayer
Perceptron (MLP) networks are a new tool for designing a special
class of layered feedforward networks (14). The input layer contains
the source neurons and the output layer contains the result neurons.
These two layers connect the network to the outside world. In
addition, because there is no direct access to the MLP network,
there are usually one or more additional neuron layers, called hidden
neurons. Hidden neurons extract important features in the input data
(7). The discovery cohort uses validation techniques to optimize the
time to complete a network training session. Patients in the
discovery cohort were automatically grouped into estimation,
validation, and test datasets. The estimation data set is used to train
the model and the validation data set is used to evaluate the model
performance. The neural network is then optimized using the
training dataset. Finally, a separate test dataset is used to determine
when to stop training to reduce overfitting. The training cycle
repeats itself until the test errors are no longer reduced (15). We
trained the ANN and tested its ability to predict PSA relapse using
the six clinical factors and Ku70 expression in tumor cells of the
discovery cohort (IMRT+ADT). We chose the patients treated with
IMRT+ADT as a discovery cohort, and the other groups (IMRT
without ADT and 3DCRT without ADT) as validation cohorts, in
order to examine whether an ANN is applicable to patients under
different treatment. For this purpose, we constructed an ANN with

input units of the seven prognostic factors, ten hidden units, and one
output unit corresponding to the predicted value of the PSA relapse
rate (Figure 1). We included statistically insignificant clinical factors
in the multivariate analysis as input, since these factors may have
significance in the ANN analysis. We did not include radiation
doses or use of ADT as input factors as they were similar in each
cohort. Last, we did not include T-stage as an input as in the
diagnosis of T- stage, trans-rectal ultrasonography was not
performed in all patients. In prostate cancer, the input variables
were: i) age, ii) Gleason score, iii) positive rates of needle biopsy,
iv) initial prostate-specific antigen (PSA), v) D’Amico risk
classification, vi) Ku70, and vii) prostate volume and the output
variable was the biochemical relapse. In hypopharyngeal cancer,
the input variables were: i) age, ii) sex, iii) performance status
(PS), iv) clinical T stage, v) subsite, and vi) Ku70 and the output
variable was the local recurrence. Sensitivity and specificity were
calculated by setting the threshold of the ANN output value to 0.5.
The discriminatory power of the models was also analyzed using
the area under the ROC curves (AUC). ANN analysis was
performed using MATLAB (R2016a) software (Mathworks,
Natick, MA, USA).

Results

Tumor cells showed nuclear staining for Ku70 (Figure 2),
while neither normal epithelial cells nor malignant cells
exhibited cytoplasmic or membrane immunoreactivity in the
biopsy specimens. The median percentage of tumor cell
nuclei with positive staining for Ku70 was 66.4% (range=0-
100%) in prostate cancer and 50.7% (range=0-98.3%) in
hypopharyngeal cancer.

Table III shows the coefficients for PSA relapse in the
discovery cohort using the MLR model. Age and Ku70
expression were significantly associated with PSA relapse
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Figure 2. Expression of Ku70 protein (brown, arrows) in prostate and hypopharyngeal cancer cells from biopsy specimens. Original magnification

was x400.

Table III. Uni- and multi-variate Cox proportional hazards analysis of clinicopathological factors for overall survival.

Variable Univariate analysis Multivariate analysis

OR (95%CI) p-Value OR (95%CI) p-Value
Age, mean (years) 67 0.326 (0.109-0.972) 0.044 0.163 (0.038-0.700) 0.0147
Gleason score 7 vs. 8 1.34 (0.491-3.660) 0.567 2.09 (0.266-16.40) 0.483
Positive rates 12.5% 2.2x107 (0.000-Inf) 0.99 9.2x107 (0.000-Inf) 0.993
Initial PSA 27.7 2.72 (0.777-9.540) 0.118 2.06 (0.245-17.30) 0.506
Risk 142 vs. 3 1.29 (0.494-3.380) 0.602 0.545 (0.051-5.810) 0.615
Ku70 68.4% 4.47 (1.610-12.40) 0.004 73 (2.050-26.10) 0.0022
Prosate volume 23.53 cc 391 (0.462-33.20) 0.211 11.7 (0.087-158.0) 0.0639

CI: Confidence interval; OR: odds ratio; PSA: prostate specific antigen; Inf: infinity.

in the univariate (p<0.05) as well as the multivariate
analysis (p<0.05).

Table IV demonstrates the predictive capability with ANN
for local control of prostate cancer by radiation therapy in
the discovery and in the two sets of validations, as compared
to the MLR. In the discovery cohort IMRT+ADT), a correct
prediction was possible in 19 of 21 patients without a PSA
relapse, and 6 of 7 with a PSA relapse. Although the results
of the prediction using the ANN model were almost similar
as MLR in the discovery cohort, much less false negative
rates were obtained using ANN in validation cohorts
compared to MLR.
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In order to validate these results, the ANN constructed
using the discovery cohort (IMRT+ADT) was applied to two
cohorts of patients with different treatments, such as IMRT
without ADT or 3D-CRT without ADT (Table V). In these
validation test stages for the ANN, the same prognostic
factors were used as an input to the ANN trained using the
discovery cohort, and then the ANN calculated the output
according to the same weighting factors in the network as in
the discovery cohort. In a validation cohort (IMRT without
ADT), PSA recurrence-free was correctly predicted, in 22 of
26 PSA-free cases. PSA recurrence was predictable in two
of four patients. When Ku70 expression was excluded from
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Table IV. The predictive capability with ANN for PSA failure of prostate cancer by radiation therapy as compared with the MLR.

Discovery cohort

Validation cohort Validation cohort

(IMRT+ADT) (IMRT alone) (3DCRT alone)
PSA relapse PSA relapse PSA relapse

- + - + - +
Total 21 7 26 4 8 13
ANN model Correct 19 6 22 2 8 12
Wrong 2 1 4 2 0 1
MLR model Correct 18 5 23 0 8 9
Wrong 3 2 3 4 0 4

ADT: Androgen deprivation therapy; ANN: artificial neural network; IMRT: intensity modulated radiotherapy; MLR: multiple logistic regression;
PSA: prostate specific antigen; 3D-CRT: three-dimensional conformal radiotherapy.

Table V. Comparison of performance indices of the ANN and MLR models for predicting PSA relapse.

Sensitivity (%) Specificity (%) PPV (%) NPV (%) Accuracy (%) AUC
Discovery (n=28)
ANN model 85.7 904 75.0 95.0 89.3 0.939
MLR model 714 85.7 62.5 90.0 82.1 0.884
Validation 1 (n=30)
ANN model 75.0 88.5 50.0 95.8 86.7 0.803
MLR model 0.0 88.5 0.0 852 76.7 0.572
Validation 2 (n=21)
ANN model 92.3 100.0 100.0 88.9 95.2 0.960
MLR model 69.2 100.0 100.0 66.7 81.0 0.885

ANN: Artificial neural network; AUC: area under the receiver operating characteristic curves; MLR: multiple logistic regression; NPV: negative
predictive value; PPV: positive predictive value; PSA: prostate specific antigen.

the input units and only the six clinical factors were used for
the ANN analysis, the false positive increased. This meant
that 8 of 26 patients without a PSA relapse were calculated
as a PSA relapse. In the MLR model, the prediction of
patients without relapse was similar to the one by ANN.
However, none of the PSA relapsed patients were
predictable. In another validation cohort (3DCRT without
ADT), all 8 patients without PSA relapse as well as 12 of 13
with PSA relapse were predicted correctly. When Ku70
expression was excluded from the input units and only the
six clinical factors were used for the ANN analysis, a correct
prediction was possible with all 8 patients without a PSA
relapse. In this analysis, however, the rate of the false
negative increased, and 5 of 13 patients with a PSA relapse
were calculated as no PSA relapse. In the MLR model, the
prediction of patients without a relapse was similar to ANN,
however, the number of false positives increased and 4 of 13
patients with a PSA relapse were calculated as no PSA
relapse. The prognostic potency of ANN regarding two
cohorts of validation is reasonably good and proves the

appropriate choice and shape of the network proposed.
Comparisons of performance indices in the discovery and
validation cohorts showed that the ANN model tended to
outperform the MLR (Table V). The values of AUC in ANN
were better than MLR in all cohorts, although the differences
were not significant due to the small numbers of patients.
We then trained the ANN and tested its ability to predict
local recurrence using the five clinical factors as well as the
Ku70 expression in the hypopharyngeal cancer patients. For
this purpose, we constructed an ANN with input units of the
six prognostic factors, ten hidden units, and one output unit
corresponding to the predicted value of local recurrence rate
(Figure 2). Chemotherapy was not added to the input factor
because the type and number of courses of chemotherapy
were different. Compared to MLR, the capability of
prediction of the ANN for local recurrence of
hypopharyngeal cancer following radiation therapy is shown
in Table VI. A correct prediction was possible by ANN in 30
of 34 patients without local recurrence, and in 8 of 12
patients with local recurrence. The irradiation doses were not
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Table VI. The capability of prediction with ANN for local control of hypopharyngeal cancer by radiation therapy as compared with the MLR.

Local recurrence  Sensitivity Specificity PPV NPV Accuracy AUC
(%) (%) (%) (%) (%)

- +
Total 34 12
ANN model Correct 30 8
Wrong 4 4

66.7 88.2 66.7 88.2 82.6 0.901
MLR model Correct 29 6
Wrong 5 6

50.0 853 545 829 76.1 0.750

ANN: Artificial neural network; AUC: area under the receiver operating characteristic curves; MLR: multiple logistic regression; NPV: negative

predictive value; PPV: positive predictive value.

used as an input factor of ANN or following analysis since
similar total doses were used.

When the MLR model was used, there were more false
negatives compared to ANN. Comparisons of performance
indices showed that the ANN model tended to outperform
the MLR. The values of AUC in ANN were better than MLR
although the differences were not significant due to the small
number of patients.

Discussion

The purpose of this study is to develop a clinically useful
method for predicting radiation therapy treatment results by
combining immunohistochemical staining of the biopsy
specimen with ANN analysis, which can be easily performed
at any hospital.

The repair of various types of DNA damage is critical for
cell survival. Of these, the DNA double-strand break (DSB)
is one of the most serious forms of damage induced by
DNA-damaging agents, such as ionizing irradiation (16).
NHE] is a key mechanism of DNA DSB repair (17), divided
into three steps: i) detection, ii) processing and iii) ligation
of DSB ends. In the detection step, Ku protein, a heterodimer
consisting of Ku70 and Ku86, first binds to the ends of
double-stranded DNA and then recruits the DNA-PK
catalytic subunit (DNA-PKcs). The complex consisting of
Ku70, Ku86 and DNA-PKcs is termed DNA dependent
protein kinase (DNA-PK). Upon binding of DNA-PKcs to
DNA ends, it exerts its kinase catalytic activity to
phosphorylate substrate proteins. Thus, DNA-PK is
considered the molecular sensor of DSB, triggering the
signaling cascade. At the final ligation step, the DNA ligase
IV in a tight association with the DNA repair protein XRCC4
catalyzes the reaction to join the two DNA ends together
(18). Thus, Ku70 is a core component of NHEJ. Therefore,
the immunohistochemical analysis of proteins involved in
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NHEJ may have a potential as a predictive assay for clinical
tumor radiosensitivity. We have recently reported that the
expression of proteins, such as Ku70 and XRCC4, in biopsy
specimens could be a predictive marker of recurrence
following radiotherapy, independently of the classic clinical
prognostic markers (5, 12, 19, 20).

The ANN model has been increasingly used in clinical
research, especially for prognosis prediction (21-23) far more
superior compared to the MLR and Cox models (15). The
present study used the ANN model to predict radiotherapy
treatment results for prostate cancer and the accuracy of the
analysis by ANN was compared to MLR. The prediction of
PSA relapse of prostate cancer following radiotherapy using
the ANN model was more accurate compared to the
prediction using the MLR models. Our results demonstrated
the advantages and preferred characteristics of the ANN
model over MLR.

In the treatment of prostate cancer, it is already known that
the difference in radiation doses and the presence or absence
of ADT affect the recurrence of PSA. Therefore, treatment
was classified into three cohorts of discovery IMRT+ADT)
and two of validation (IMRT without ADT and 3D-CRT
without ADT). Our method could differentiate between
patients in the discovery group as with or without PSA
relapse with an accuracy of 89.3%. Similar results were
obtained in the two cohorts of validation. In the ROC
analysis, the AUC value of the ANN model was 0.939 in
IMRT+ADT (discovery cohort), 0.803 in IMRT without ADT
(validation cohort), and 0.960 in 3D-CRT without ADT
(validation cohort), suggesting that our method for prediction
may be at a clinically usable level for prostate cancer. To
investigate whether our method can be applied to other types
of cancer we also applied it to predict the therapeutic effect
of hypopharyngeal cancer. The AUC value of the ANN model
was 0.901, showing that our method for prediction may also
be at a clinically usable level for hypopharyngeal cancer.
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The fact that our prediction method is effective for
different types of cancers, such as prostate and
hypopharyngeal cancer, might indicate the versatility of our
prediction method. Results of radiotherapy for prostate
cancer and hypopharyngeal cancer could be predicted using
ANN by simply adding the immunohistochemical staining of
Ku70 with the clinical factors used in ordinary clinical
practice into inputs. This method is inexpensive and
applicable to any hospital since the ANN software is already
on the market and is not expensive. However, several
limitations are present in this study. The number of patients
is small, and some patients were treated with IMRT without
image-guidance. We are planning to conduct a study to
confirm our results using a larger cohort of patients treated
with uniform therapy, such as image-guided IMRT.

In conclusion, we demonstrated a possibility to predict
radiotherapy treatment results in prostate and hypopharyngeal
cancer with ANN by using Ku70 expression and clinical
factors as inputs. This model could be clinically useful since
it is inexpensive and applicable to any hospital.
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