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[ Abstract] Objective To explore the radiomics features of T2 weighted image (T2W1) and readout-segmented
echo-planar imaging (RS-EPI) plus difusion-weighted imaging (DWI), to develop an automated mahchine-learning
model based on the said radiomics features, and to test the value of this model in predicting preoperative T staging of
rectal cancer. Methods The study retrospectively reviewed 131 patients who were diagnosed with rectal cancer
confirmed by the pathology results of their surgical specimens at West China Hospital of Sichuan University between
October, 2017 and December, 2018. In addition, these patients had preoperative rectal MRI. Tumor regions from
preoperative MRI were manually segmented by radiologists with the ITK-SNAP software from T2WTI and RS-EPI DWI
images. PyRadiomics was used to extract 200 features—100 from T2WTI and 100 from the apparent diffusion coefficient
(ADC) calculated from the RS-EPI DWI. MWMOTE and NEATER were used to resample and balance the dataset, and 13
cases of T\, stage simulation cases were added. The overall dataset was divided into a training set (111 cases) and a test set
(37 cases) by a ratio of 3 : 1. Tree-based Pipeline Optimization Tool (TPOT) was applied on the training set to optimize
model parameters and to select the most important radiomics features for modeling. Five independent T stage models
were developed accordingly. Accuracy and the area under the curve (AUC) of receiver operating characteristic (ROC)
were used to pick out the optimal model, which was then applied on the training set and the original dataset to predict the
T stage of rectal cancer. Results The performance of the the five T staging models recommended by automated machine
learning were as follows: The accuracy for the training set ranged from 0.802 to 0.838, sensitivity, from 0.762 to 0.825,
specificity, from 0.833 to 0.896, AUC, from 0.841 to 0.893, and average precision (AP) from 0.870 to 0.901. After
comparison, an optimal model was picked out, with sensitivity, specificity and AUC for the training set reaching 0.810,
0.875, and 0.893, respectively. The sensitivity, specificity and AUC for the test set were 0.810, 0.813, and 0.810,
respectively. The sensitivity, specificity and AUC for the original dataset were 0.810, 0.830, and 0.860, respectively.
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Conclusion

Based on the radiomics data of T2WI and RS-EPI DWI, the model established by automated machine

learning showed a fairly high accuracy in predicting rectal cancer T stage.

[ Key words] Rectal cancer ~ Radiomics
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Table1 T staging model parameters

Model ~ Modeling classifier

Parameters

1 DecisionTreeClassifier, Make_union (make_pipeline (StackingEstimator (estimator= DecisionTreeClassifier (criterion= “entropy”, max_depth=>5,

MultinomialNB

min_samples_leaf= 8, min_samples_split= 8)), Binarizer (threshold= 0.6000000000000001 )), make_union

(FunctionTransformer (copy), FunctionTransformer (copy))), MultinomialNB (alpha= 1.0, fit_prior= True)

2 MultinomialNB

MinMaxScaler (), StackingEstimator (estimator= MultinomialNB (alpha= 10.0, fit_prior= True)), Binarizer (threshold=

0.600000 000000000 1), StackingEstimator (estimator= MultinomiaINB (alpha= 10.0, fit_prior= False)), MultinomialNB

(alpha= 1.0, fit_prior= True)
3 MultinomialNB,
DecisionTreeClassifier

StackingEstimator (estimator= MultinomialNB (alpha= 10.0, fit_prior= True)), Binarizer (threshold= 0.600 000000000000 1),
StackingEstimator (estimator= DecisionTreeClassifier (criterion= “entropy”, max_depth= 5, min_samples_leaf=17,

min_samples_split= 3)), MultinomialNB (alpha= 1.0, fit_prior= True)

4 MultinomialNB,
DecisionTreeClassifier

StackingEstimator (estimator= MultinomialNB (alpha= 100.0, fit_prior= False)), Normalizer (norm= "max"),
StackingEstimator (estimator= DecisionTreeClassifier (criterion= “entropy”, max_depth= 2, min_samples_leaf= 16,

min_samples_split=20)), MultinomialNB (alpha= 1.0, fit_prior= True)

5 MultinomialNB
fit_prior=True)

Binarizer (threshold= 0.600 000000000000 1), RobustScaler (), Binarizer (threshold= 0.65), MultinomialNB (alpha= 1.0,

2.3 HEETNER

W2, B2, SRR 2R AR B (E 340 0.5,
HER5°40.802 ~ 0.838, HUBE 40.762 ~ 0.825, R 5K
0.833 ~ 0.896, AUCH0.840 ~ 0.893, W3, %3, XLl
GRAEFTA B (22) BIBE, model 1R fe MBS, MR R
s, AUCIE e @, 4091 40.838 ., 0.893, H:Hamming
losst Ak, “40.162, F1 scorefiz K, 470.850, kappa scorefix
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Table 2 T staging model evaluation in the training set

Model Threshold Sensitivity Specificity Accuracy Hamming loss F1 score Kappa score AUC AP
1* 0.5 0.809 0.875 0.838 0.162 0.850 0.674 0.893 0.901
2 0.5 0.809 0.833 0.819 0.180 0.836 0.636 0.841 0.880
3 0.5 0.778 0.833 0.802 0.198 0.817 0.602 0.846 0.885
4 0.5 0.825 0.833 0.829 0.171 0.845 0.654 0.842 0.869
5 0.5 0.762 0.896 0.819 0.180 0.827 0.642 0.864 0.892

*Best performance of all models in training set; AP: Average precision; AUC: Area under the curve; Hamming loss: The fraction of labels that are incorrectly

predicted; F1 score=2x(precisionxrecall)/(precision+recall); Kappa score: A score that expresses the level of agreement between two annotators on a

classification problem.
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Table 3 T staging model evaluation with the test set
Model Threshold Sensitivity Specificity Accuracy AUC AP
1* 0.5 0.809 0.812 0.811 0.809 0.823
2 0.5 0.667 0.812 0.729 0.783 0.821
3 0.5 0.714 0.875 0.784 0.803 0.843
4 0.5 0.619 0.875 0.729 0.815 0.837
5 0.5 0.571 0.875 0.703 0.802 0.837

*Best performance of all models in training set; AP: Average precision; AUC: Area under the curve.
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Feature name with suffix ".1 " were from ADC, and other features were from the T2WI.
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pP* 0.000 0.010 0.335 0.001 0.209 0.000
AUC 0.739 0.644 0.554 0.677 0.570 0.693
Test set Stage T, 22.98+5.98 17.22+14.01 2.45+3.47 34.98+16.06 129.72+87.07 32.11+14.80
Stage T, 29.06+8.83 12.34+10.85 3.3946.35 45.99+18.22 129.72+104.79 45.67+21.29
pP* 0.037 0.229 0.751 0.063 0.892 0.078
AUC 0.702 0.619 0.533 0.682 0.515 0.673
Original dataset ~Stage T, 25.26+8.38 22.82+28.05 1.38+2.32 40.76+15.59 208.06+265.76 39.32+14.55
Stage T, 30.65+8.75 12.32+11.79 2.64+4.32 50.04+20.84 137.52+119.64 49.70+20.87
pP* 0.000 0.003 0.197 0.014 0.063 0.004
AUC 0.710 0.657 0.568 0.630 0.598 0.654
*With no multiple testing correction.
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