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cases, and radiation therapy is often required as part of their management. __ Radiomics h A Bl i Peri 0.8

However, even after therapy with curative intent, 15% to 50% of HNSCC featrs L & c

patients will experience locoregional recurrence (LRR), most of them occur e 0 Sensitivity 2

within the first 3 years after treatment. Patients usually undergo [ Béras zl “ o o

post-treatment surveillance in the form of clinical examinations and imaging __Radiomics C2 o Bher WL”Jp;m— “E p;ET: L Prer —— P o 0.6

studies with the aim of identifying asymptomatic recurrences at an earlier feature “ Bz ‘% %

stage, when further treatment may be more successful. Therefore, a strategy - g o "W 8 —

that can timely and accurately identify patients with high risk of HNSCC LRR PET 2 e o 04 Clinic

is of great value to guide physicians making more effective treatment plan for Clinicvarisble 3 7| Porras " € Peui” E’ Pre-PET

patients and potentially support personalized treatment. 1 solution #, : generston 8+ fearure section vee U3 —= Pl — & L P Post-PET

Radiomics is a technique that extract handcrafted quantitative features from it i i Y sy 02 Ere-C(;I'T |

radiological images to help cancer diagnosis, treatment outcome prediction Fig. 1. The overall framework of the mCOM model. mcg’gM

and survival analysis. In recent years, radiomics-based method has been The implementation of MCOM consists of training stage and testing stage. During 0 . - - .
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' ’ model. For each modality, a multi-classifier multi-objective immune algorithm False positive rate Modality

studied for predicting the response or outcome of treatment. ) e T
(mCOIA) based on our previous work is utilized to optimize the model through

iteratively feature selection, classifier training, evidential reasoning (ER) fusion of
output probabilities of classifiers and Pareto-optimal solution set update. Here, for

Fig. 2. ROC curves of models built with features of different modality. Fig. 3. AUCs of maodels built with different radiomics features.

In this work, we have focused on building a multiple-classifier, multi-objective
and multiple-modality (mCOM) model for HNSCC LRR prediction. In mCOM,
the features from multiple modalities at pre and post treatment stages are

Table 2. Results of models built with features from different modalities and scans.

| Modality | Feature | Sensitivity | Specifiity | Accuracy | AUC____

utilized as training, validation and testing data, multiple classifiers are used for each modality, each individual solution 6; is defined as a group of parameters

building the model and a iterative multi-objective immune algorithm algorithm which contains feature selection vector f;, classifier hyperparameter vector j; and Table 1. Results of delta-radiomics models built with different classifiers. Clinic Gzt T CHEEELE 0.6210.02 0.67+0.03
is used for training the model. weighting factor vector w;. f; is a binary vector, a value of ‘1’ indicates that the " Modality | Classifier | Sensitivity | Specifity | Accuracy | AUC | Pre 0.69+0.03 0.62+0.02 0.64+0.01 0.69+0.02
corre;p.onding feature has .been. selected, while ‘0" is n.ot. .,81- is the \{e:ctor CIer R js e o E cT Post 0.62+0.03 0.62+0.04 0.62+0.03 0.67+0.01
containing all the parameter including hyperparameter to train different classifiers, LR 0.68+0.05 0.69+0.04 0.69+0.03 0.73+0.04 Delta 0.73+0.02 0.70+0.04 0.70+0.03 0.74+0.03
AIM and w; is the weights used in classifier fusion to fuse the output probabilities of i DA 0.67+0.06 0.66+0.04 0.66+0.04 0.71+0.04 Pre 0.65+0.04 0.66+0.02 0.66+0.02 0.72+0.02
) , ) . o ) multiple classifiers to a single value. The three classifiers used in this study are McC 0.73£0.02 0.70£0.04 0.70£0.03 0.74+0.03 PET Post 0.65£0.03 0.65+0.01 0.65£0.01 0.72+0.02
This work aims to develop a multiple-classifier, multi-objective and multiple- support vector machine (SVM), logistic regression (LR) and discriminant analysis SVM 0.69+0.02 0.70+0.03 0.70£0.02 0.74+0.01 —— 0.72+0.05 0.7140.03 0.7140.02 0.7540.02

modality (mMCOM) model for HNSCC LRR prediction, and to investigate (DA), which are commonly utilized in radiomics methods T T E e SEETen o
whether the therapy induced changes‘ cIjaracterized by radiomics features can ‘ ; PET . ;0'04 olss:eoloa 0'65;0'03 0'72;0'03 Pre 0.67+0.07 0.70+0.05 0.69+0.03 0.74+0.02
help improve the accuracy of LR prediction. After the model is well trained, the final output probabilities of testing samples are '3;2 glsilolos oy e P CT/PET Post 0.6740.01 0.68+0.03 0.68£0.02 0.730.02
calculated by a two-step automatic weighted ER fusion method (solution fusion e e e T Delta 0.71+0.03 0.7110.02 0.710.02 0.78+0.01
and modality fusion) in the testing stage. Pre 0.71£0.06 0.6720.02 0.69£0.02 0.7540.03
CT/PET/Clinic Post 0.69+0.02 0.68+0.03 0.68+0.02 0.730.02

DATAS ETS R ES U LTS Delta 0.7510.04 0.7210.01 0.7310.01 0.80+0.01

224 HNSCC patients received radiation treatment between September 2005

to November 2015 from the University of Texas Southwestern Medical Center
(UTSW) were included in this study, 57 of them experienced LRR. The
median follow-up duration for this study is 37 months. All of these patients
have FDG-PET/CT images acquired from both pre-treatment and post-

The results show that post-treatment prediction using mCOM with delta-
radiomics features yielded better AUC, accuracy and sensitivity, and specificity
than all other models trained with features from single modality or single image
scan. Compared with radiomics models built with base classifiers, multi-classifier
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