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BACKGROUND METHODS

Detection and characterization through  The model was designed using 10872 patients from the NLST and LIDC. e, Mg
appropriate malignancy risk evaluation of  Benign and cancer diagnosis was considered as 1 year stability follow up and e e 1 Tel [ |
pulmonary nodules during lung cancer histopathology proof respectively. The model consists first in an ensembling of - ®
screening remains a difficult and time  3D-CNN detection models that localize pulmonary nodules, second is an onraser st Bed _ ooseion -
consuming task. Here we present the ensembling of 3D-CNN providing malignancy risk for all the detected nodules. % ';2;2;',‘,’,‘1—@- """"-u;i.;;;_:i' g ¥ - e | ﬂ:-[;
performances and subpopulation analysis  Given an LDCT scan in input, the model predicts the location, segmentation, ‘ WEM - ,m:',_r ——— mipfﬁfi—" o
of a computer-aided detection and and malignancy probability of each nodule. The entire test set contained 2163 — ™ H el weo | | RN RGTRR SR Sa [ — " — a
characterization (CADe/CADx) Al model  NLST patients (136 cancer, 2027 benign). Patients were stratified according to [rff..o" Lg_m | ooz | ®

dEVEIOpEd to ald Iung cancer Screenlng nOdUIe Standard mean dlamEter Measure, marglns and attenuations derlved Figure 1: Presentation of the global workflow of the CADe/Cadx for lesion prediction, with CADe 3D CNN detection and lung segmentation on the left, and with
standard of care. from the h|ghest risk nodule acco rding to the model output. nodule segmentation and CADx on the right. The CADx ensembles 15 different 3D CNN models [2]. It is followed by a discretization module into 10 malignancy scores

(not used here) and a module of redundant detection reduction.

RESULTS

CONCLUSIONS

On the NLST test set the patient level AUC-ROC was 0.952, 95% Cl [0.933 0.968]. Considering a subset of nodules in the NLST ground truth localized by our radiologists (n =3952, The model exhibits robust performance in
145 malignant, 3807 benign), our model with an AUC-ROC of 0.987 [0.981 0.991] at nodule level significantly outperforms the NLST Brock model* which displayed an AUC-ROC detecting and predicting the malignancy risk
0.971 [0.961 0.979] (unpaired one-sided Welch t test p<<0.05, 5000 bootstraps samples) on the same dataset. When looking at the size subclasses the AUC was 0.965 [0.899-1] of nodules present in lung cancer screening
for nodules 4-10mm, 0.963 [0.934-0.991] for 10-20mm, and 0.899 [0.821-0.914] for 20-30mm . AUC for spiculated and non-spiculated nodules were 0.943 [0.832-1] and 0.921 populations and significantly outperforms
[0.874-0.969] respectively. When looking at the solid and non-solid nodule subclasses AUC were 0.932 [0.869-0.995] and 0.924 [0.849-0.999]. NLST Brock model without requiring clinician’s
nodule detection and feature assessment as
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Figure 2: (Left) The ROC curve at patient level and (Right) the distribution of malignancy prediction of our CADex model on the 2163 NLST patients  o.2- /,/ ®  Youden index max: Thresh0.242 Sens: 97.2% Spec93.3%
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Figure 3: (Left) Performance comparison of LCS CADe/x model and NLST Brock Model at lesion level on all the detected nodules of NLST having a ground [2] Baudot, P., Voyton, C., Francis, D., Baili-laya, A., Bobin, V., Renoust, B., Liu, Y.,
truth localized by our radiologists (n =3952, 145 malignant, 3807 benign). (Right) the distribution of AUC of the two models for 5000 bootstraps samples. lannessi, A., Huet, B.: Development and Validation of a Machine Learning Based CADx
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