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Introduction

 Recently, many studies have been conducted to apply
machine learning or deep learning for big data, which
has been in the spotlight, to the department of
radiation oncology [1][2].

* However, there is a difficulty to choose a proper model
for data before doing a machine learning [3].

* The aim of this research is that data extracted from
DICOM files of RT plan and log files are statistically

analyzed to select a model of machine learning.

Materials and Methods

« Data were extracted from the log files of Elekta versa HD
and from the DICOM files of the RT Plan.

* The log files were recorded every 0.04 seconds, and the data
in the DICOM file were recorded only at control points, so
the data in the log files were alighed based on the DICOM
files.

Fig 1. Extracted data from the log and the DICOM file
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Results and Discussion

* The correlation coefficients which represents the relation of
which omitted the

variables are shown
remainder of MLC variables, because they are similar to the
MLC 35 variable.

in Table I,

Table I . The correlation coefficients of variables in DICOM and log files (MLC Leaf 35, D : DICOM, L : log file)
D.Gan. | L.Gan. D.XT. LX1. | DX2. | LX2. D.X1. L.XT. D.X2. | LX2.
D.Mu | LMu
Angle = Angle | Jaw Jaw Jaw Jaw L35 L35 L35 L35
D.Mu 11 0.9999 -0.006 -0.008 -0.013| -0.013| -0.055 -0.055| 0.5463| 0.5458 0.4816 0.4833
L.Mu | 0.9999 11 -0.006 -0.008 -0.013 -0.013| -0.054 -0.054| 0.5462 0.5457 0.4816  0.4832
D.Gan.
Angle -0.006 | -0.006 1109893 -0.127 -0.127 | 0.1149 0.1148 | 0.1176 | 0.1139 | 0.1007 | 0.0993
L.Gan.
Angle -0.008 | -0.008 | 0.9893 11 -0.129 | -0.129 0.1175 0.1173 | 0.1161 0.1124 0.0996 0.0981
D.X1.
Jaw -0.013| -0.013 -0.127 -0.129 1109992 -0.704 -0.705 -0.078 -0.068 0.0693 0.0678
L.X1.
Jaw -0.013| -0.013| -0.127 | -0.129| 0.9992 11 -0.705| -0.706  -0.078 -0.067 | 0.0696 0.0680
D.X2.
Jaw -0.055| -0.054| 0.1149 0.1175| -0.704 | -0.705 11 0.9996 0.0188 0.0191| -0.099 | -0.099
L.X2.
Jaw -0.055| -0.054 0.1148 | 0.1173| -0.705 | -0.706 0.9996 11 0.0187 | 0.0191| -0.099 -0.099
D.X1.
L£35 0.5463 | 0.5462 0.1176| 0.1161 -0.078 -0.078 0.0188 0.0187 11 0.9990 0.8976 0.8975
L.X1.
L£35 0.5458 | 0.5457 | 0.1139 0.1124 | -0.068 -0.067  0.0191) 0.0191| 0.9990 11 0.8988  0.8995
D.X2.
L£35 0.4816| 0.4816 | 0.1007 | 0.0996 0.0693 0.0696 -0.099 -0.099 0.8976 0.8988 11 0.9995
L.X2.
L£35 0.4833 0.4832  0.0993| 0.0981 0.0678| 0.0680 -0.099| -0.099 0.8975| 0.8995 | 0.9995 1

* |t is estimated that some variables have a linear relationship
with other variables because of the result of t-test in Table

I1.

Table II. The t-test’s p-value of correlation coefficients containing MU, gantry angle, jaw positions, X1 leaf

R G iﬁ% 35
44 D.MU D.Gan. angle D.Jaw X1 D.Jaw X2 D,MLC X1 35
44 44 “ 44 D.Gan. angle 0.3377
= = = D.Jaw X1 0.05322 2.0x10-16
* The correlation coefficient of each variables was calculated ™ T U
using the free statistical program R (version x64 4.0.4). In s o o | Lo o | Lo | oo0vad

addition, the model of linear regression was established by
extracting highly correlated variables whose correlation
coefficients are more than about 0.9 and t-testing was
performed for significance tests [4].

 The result of linear regression is illustrated in Table L. The
coefficient is almost one, and the intercept is approximately
less than 0.2.

Table III. The result of linear regression containing MU, gantry angle, jaw positions, X1 leaf 36-38 and
X2 leaf 36-38.

coeficent intercent pvalue
- MU 0.999 -0.146 1.58x108
CO n CI u S I O n Gantry angle 0.989 0.1861 5.37x10-16
Jaw X1 position 0.997 0.214 2.00%10-16
* |tis expected to apply a linear regression for one of the machine Jaw X2 position 0.998 0.157 2.00x10-16
learning models, which has various models. MLC X1 36 0.993 10.167 2.00x10-16
* The MLC variables are associated with MU variable, so it will be MLC X2 36 0.996 0.066 2.00%10-16
analyzed more with other statistical methods. MLC X1 37 0.993 :0.164 2.00x10-16
Furthermore, it will be helpful to predict the data which will be MLC X2 37 0.995 0.066 2.00%10-16
written in a log file because the linear regression is a statistical MLC X138 0.994 0.141 2.00%1076
method to calculate the next values. MLC X2 38 0.996 0.056 2.00x10-16
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