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First layer| Dy two creators reduction in 3D

FDG-PET/CT images were acquired as a staging procedure prior to prostatectomy
in 160 patients diagnosed with prostate cancer with a Gleason sum of 2 8 at

We recently showed that intraprostatic 18F-fluorodesoxyglucose biopsy.

(FDG) uptake as measured by Positron Emission Tomography

(PET) before radical prostatectomy (RP) was a prognostic marker Three filters are applied to the images to extract more features:

[2]. Indeed, this marker was associated with more advanced cancer « gradient, wavelet and Laplacian of Gaussian filters

stage, lymph node metastases at pathology and earlier recurrence.

However, only one parameter (degree of capture or intraprostatic A total of 1015 radiomic features extracted with Pyradiomics [4].

SUVmax for maximum standardized uptake value) was used to

characterize the association between imaging and cancer A random forest classifier is used to predict the presence of lymph node
recurrence. metastasis. The training is achieved over the 67% of the dataset in 3-fold cross-

validation. fieduced

Extensive analysis of intraprostatic radiomic
- . features can improve the accuracy of FDG-
Second layer| Multicollinearity PET/CT to predict lymph node metastasis
before radical prostatectomy, generating

Prior research:

Minimum redundancy Reducing the number of characteristics reduces
maximum variance.
relevance [2]

Thrid layer

Ultimately, the algorithm will better predict the
risk of prostate cancer recurrence and help
Feature importances improve treatment choices.

— with random forest

Fourth layer

Diagram of feature
selection method

feature set
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eye such as texture and intensity. . o _
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| / It can be seen from Figure 2 that reducing the number of markers does not alter the ] ‘ , , .

. o . Lavallée, E et al. Increased Prostate Cancer
accuracy or even improve the prediction of the system.
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In fact, with only 2% of all the radiomics features extracted, the accuracy is at its maximum 751 uorodeoxyglucose Fositron Emission _
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The results obtained with PET are better with an AUC of 80 =+ 6% for training and 68 =+ i i i) . Peng, H. et al. Feature selection based on mutual
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5% for validation. The ROC curve is shown in Figure 3. Figure 2: Comparison of pN number prediction models after the addition of each of the information criteria of max-dependency, max-

H'EE B . .
Il radiomic markers selection layers. The PN number indicates the presence of lymph relevance, and min-redundancy. IEEE Transactions
EEN L] node metastases. on pattern analysis and machine intelligence 2005;
To sum up, the best model is obtained after the fourth selection layer with PET markers, Lol . . 27(8); 1226-1238.
i.e. with only 18 markers. This group consists of: | Figure 3: Receiver . van Griethuysen, J. J. M et al. Computational
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according to PET
— features after the fourth

Number of radiomic features .
Al M Modality N , , P layer of selection. The
one First layer Second layer Third layer Fourth layer ROC T 0 GIC = 075 area under the ROC
PET 1015 556 143 80 18 ROC fold 1 (AUC = 0.66) curve was 0.68 *+
cT 1015 710 171 80 22 - RO fold 2 (AUG = 0:64) 0.05. CONTACT INFORMATION
To predict pathological lymph node metastases from the radiomic PET/CT 2030 1256 368 80 18 ﬁ?eifioc (AUC = 0.68 = 0.05)
characteristics extracted from prostate segmentations of _ + 1 std. dev.
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