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Comprehensive index combining plan complexity characteristics and dosimetric evaluation

indicators to improve model performance for predicting the results of dose verification

SHEN Luyao', WEI Qianglin', ZHANG Junjun?, BIN Shizhen?, LIU Yibao'
1. School of Nuclear Science and Engineering, East China University of Technology, Nanchang 330013, China; 2. Department of
Oncology, the Third Xiangya Hospital of Central South University, Changsha 410013, China

Abstract: Objective To develop a random forest model for predicting the results of intensity-modulated radiotherapy (IMRT)
plan dose verification, and to study the feasibility of improving model performance by integrating plan complexity
characteristics and dosimetric evaluation indicators. Methods Electronic portal imaging device was used for the dose
verification of 269 IMRT plans with a total of 2 558 fields. The threshold of gamma passing rate (2%/2 mm criterion) was
95%, and there were only two possible outcomes in dose verification, namely pass and fail. The dosimetric evaluation
indicators of plans and the complexity characteristics of the radiation fields were extracted for constructing the dose model
(based on dosimetric evaluation indicators), planning model (based on plan complexity characteristics) and the hybrid model
(comprehensively considering dosimetric evaluation indicators and plan complexity characteristics). The performances of the
prediction models were evaluated by AUC, specificity and sensitivity. Results The AUC of the dose model, the planning
model and the hybrid model were 0.68, 0.80 and 0.82, respectively, and the hybrid model had the highest AUC. The
specificity and sensitivity of the hybrid model were 0.70 and 0.79, both higher than those of the other two models. The
number of samples required for the optimal performance of the dose model the planning model and hybrid model were 1200,
900 and 700, respectively. Conclusion Comprehensively considering dosimetric evaluation indicators and plan complexity
characteristics can improve the prediction performance of the model, and at the same time make up for the lack of sample size
to a certain extent, providing a reference for improvement of the performance of machine learning model for predicting the
results of dose verification.
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Table 1 Features used in machine learning prediction
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Figure 1 ROC curve for each model on the test set
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Figure 3 Relationships between the 3 features and gamma passing rate
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Figure 4 ROC curve of the 3 features

2.3 HAHEM I

FEAS 3 (1 K/ B i A R R 38R, o T
VEAL 3 ISR 3k 31 f5 AF 1 BB T 5 B2 R A &, el AR 1|
RREA BB YN GB35 BE DL e BUR IR RE A
Y 5%, 10%, 15%, -++, 100% , 3 FhAR 1 444 43 20 21
BAL 3H53 AUCE T2 2 S i 2, il S s . 3

R3 3IMFEMHEERY AUCHE ESHERMBUR MR LR
Table 3 Comparison of the correlation coefficient, AUC,

specificity and sensitivity of the 3 features

FRAE SRR AUC  BIfH HusdE Rk
NS -0.40 0.69 16550 0.59 0.74
MU -0.33 0.66 17625 0.59 0.68
BI -0.31 0.64 843335 0.1 0.77

FRASEHY 1) AUC {B A B A A 5 0 185 g 585, 4911 %5
HIREARBOE I+ — EE )5, AUC{HIAF) FBR, W5 80 f
e A St — P, FI AR P REA A 2] 1 200
i, AUCEIE ] 1 FR(0.68) 5 11Tl 45 Y (14 AR e 1K 5
900 I, AUC fH ik 5 12 FR (0.80) ; VR A5 158 76 A A
iK#) 700 B, AUC {4 2] FFR(0.82).

FEALAR 27 >0 Fp RE A A8 SR B i 422 52 i 46

BB TN BE Ty, R s — R P T HLaR o~ BT
AE PR o 3 055 TN 45 B A S PR 50085 B R AR A — 5



- 413 -

0.9

/"' e
A o
> /
i
e

P IDUEPEE S

0.81

rd

AUC
=)
Q

f/f/
[y Sl e
¢
[ A
0.6 / / /
f’// —— AN

17 —— i

051/ —— AR
0 400 800 1200 1600
FEA G

5 AUCESRATIISERNEAREZBHXR
Figure 5 Relationship between AUC and the number

of samples used for model training
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