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Nomogram model for predicting pituitary adenoma recurrence based on radiomics score and clinicopatho-
logical-imaging parameters of multi-sequence MRI YANG Hong-an, ZHANG Jing-run, WANG Jia-
xing,et al. Department of MRI, the First Affiliated Hospital of Nanchang University and Jiangxi Chil-
dren’s Hospital,Nanchang 330006 ,China

[Abstract] Objective: This study intends to combine the radiomic score of multi-sequence MRI
with clinical and pathological risk factors to build a model for predicting postoperative recurrence of pi-
tuitary adenoma. Methods: From June 2012 to June 2017, the clinicopathological and preoperative MRI
data of 128 patients diagnosed with pituitary adenoma (58 cases with recurrence and 70 cases without
recurrence,followed up for 5~10 years) were retrospectively analyzed. Preoperative images were seg-
mented and features were extracted. After dimensionality reduction, six relapse-related omics features
were selected to construct linear SVM, rbf-SVM,KNN, LR, RF and XGBoost machine learning models
and R-score. Then a nomogram model was established by combining R-score with pathological and im-
aging variables. The predictive performance of the models was evaluated and compared,and their clini-
cal value was analyzed by calibration and decision curves. Results: Ki-67 and maximum tumor diameter
were independent predictors of pituitary adenoma recurrence in clinicopathological and imaging fea-
tures. Linear SVM was the best machine learning model. Compared with a single model, the combined
nomogram model showed better predictive performance in both the training set (AUC=0. 907,95%
CI:0.843~0.972) and the test set (AUC=0. 883,95%CI:0. 769~0. 996). The decision curve also
showed that the combined nomogram showed better predictive performance and clinical application

value. Conclusion; The combined nomogram model has good performance in predicting the recurrence
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of pituitary adenoma,which is helpful for personalized preoperative treatment decision and postopera-

tive adjuvant treatment planning in advance.
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