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Characters

Security

Traditional imaging analysis

single storage, easy to lose data

Project managemknt decentralized management, repetitive

Database

Quantitative index

Analyzing method

labor

separated management

several features, such as mean
mtensity, total volume_ et al.

T-test. ANOVA. ROC et al low
dimensional

Software tools project information management.
image viewing, quantitative index
measurg, statistics software

Calculating velocity single node calculation
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Radiomics cloud platform

cloud storage, promuse data safety

centralized management,
imaging/clinical information can be
used repetitively

unified management

more than 1000 features, describing
signal intensity, shape. texture et al.

SVM, kNN, XGBoost et al. high
dimensional big data

cloud platform integrating all software
from project information management
to statistics

multiple nodes parallel distributed
computing
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1.SVM

2.Logistic Regression
3. KNN

4 .Decision Tree

5. Random Forest
6.XGBoost
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1.T-test

2.ANOVA

3. ROC
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Figure 1. Variance threshold on feature s=lect. We used variance thy
select radiomics feamwes (varance threshald = 0.8), we s
from 1020 features.

F_classif scores of the features

Figure 2. Select K best on feature select. We used Select K best methods
select radiomics features, we selected 47 features.
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Figure 4. ROC curves of DT methods to classification. (2) ROC curve of training set,
the AUC were 1.0 in I (sensitivity and specificity were 1.00and 1.0), 1.0 in I
(sensitivity and  specificity were 1.00and1.0). 10 in IIa (sensitivity and
specificity were 1.00 and 1.0), 1.0 in ITIb (sensitivity and specificity were 1.00 and 1.0)
respectively: (b) ROC curve of validation set, the AUC were 1.0 in I (sensitivity and
specificity were 1.00 and 1.0), 0.5 m II (sensitivity and specificity were 0.00 and 1.0),
0.5 in ITa (sensitivity and specificity were 0.00 and 1.0), 0.75 in IITb (sensitivity and
specificity were 1.00 and 0.0) respectively.
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Figure 3. Lasso althorithm on feature select (a) Laso path; (b) MSE path: (c)
coefficients in Lass model. Using Lasso model, 9 features which are correspond to the
optimal alpha value were selected.
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