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Figure 1: the workflow of 3D-morphomics.

BIBLIOGRAPHY

This work establishes the distribu�on curvature as efficient 

features for predic�ng lung nodule malignancy and that the 

nodules shape have a predominant predic�ve power beyond 

the classical size used in everyday clinical prac�ce at the 

image of the Lung-RADS score. As a surprise, morphomics 

and radiomics approaches, relying on predesigned features, 

can provide equivalent or even out-perform deep network 

models on a medical diagnosis task [4,5].

CONCLUSIONS

Pathologies systema�cally induce morphological 

changes, thus providing a major but yet insufficiently 

quan�fied source of observables for diagnosis. The 

study develops a predic�ve model of the 

pathological states based on morphological features 

(3D-morphomics) on Computed Tomography (CT) 

volumes. For lung nodule malignancy, it is well 

known that nodule's shape (sphericity-spicula�on) is 

a predic�ve feature, along with well quan�fied size 

and textural (a�enua�on) features. Curvature is one 

of the main topological invariant, in the sense of the 

Bonnet-Gauss theorem, and hence stands as a 

robust descriptor of the shape of manifold. However, 

in order to obtain features that are sensible to 

deforma�ons and hence not diffeomorphic 

invariant,  the distribu�on of curvatures which 

encodes a wide spectrum of deforma�ons is 

considered.
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METHODS
Model: Mesh extrac�on and simplifica�on of an 

organ’s surface from a binary mask. Automa�c 

extrac�on of morphological features given by 

the distribu�on of mean curvature into 10 bins 

and mesh energy. XGBoost supervised classifier 

trained and tested on the 3D-morphomics to 

predict the pathological states 

Table 1: Numbers of lesions for each set and subsets of the study.

Figure 2: Examples of Benign and Malignant nodules curvature distribu�on and meshes (a., b., the mean curvature 

values at each vertex are color coded from blue-nega�ve, green-close to zero, red-posi�ve) and (c.) the average 

distribu�ons of mean curvature across all NLST set of malignant and benign nodules with error bars represen�ng their 

standard devia�ons (enlargement for small values is given inset).

The curvature distribu�ons of malignant 

and benign nodules are significantly 

different (for all features p<<0.001 t-test), 

with overrepresenta�on of high nega�ve 

and posi�ve curvature values in malignant 

nodules.

3D-morphomic model with an AUC of 

0.964, significantly outperform the NLST 

Brock model [2] (Welch t-test n=5000, 

p<0.05), and indirectly the AUC of 0.82 

obtained by Choi et al. using morphological 

features on LIDC [3].

  

Table 2: Models performances on NLST and LIDC test sets: AUC, sensi�vity and specificity at the maximum of 

Youden index, accuracy, 5000 bootstraps mean AUC ± standard devia�on and 95% Confidence Interval (bold: 

best automated models).

RESULTS

Figure 3: Main results: (le�) ROC Curves of the 3D-Morphomics+Radiomics model onNLST test set and LIDC dataset. 

(right) XGBoost feature importance (30 highest) on NLST test set. Curvature distribu�on features are in bold.

 

 

BACKGROUND

on (1) clinical features, (2) 111 
radiomics features [1], (3) 
radiologist ground truth 
(nodule size, a�enua�on and 
spicula�on). 
Dataset: train and test: NLST 
dataset (GT: biopsy and follow 
up, 2 radiologists annota�ons). 
Valida�on: LIDC-IDRI 
independent cohort.   

Radiologist GT model, based on 3 

main diagnos�c criterions of size, 

qualita�ve margins (shape) and 

a�enua�on (texture) of a nodule, 

gives a high AUC of 0.979, with 

a�enua�on and margins providing 

about twice greater predic�ve power 

than the size.

3D-morphomics+radiomics gives an 

AUC of 0.978 with 6 curvature 

distribu�on features residing among 

the 30 features with highest 

predic�ve power. 

Brock NLST model [2], combining  

Radiomics model (111 features 

represen�ng size, classical 3D shape and 

luminance pa�erns func�ons: first order 

stat, GLCM, GLRLM, GLSZM, NGTDM, 

GLDM) gives an AUC of 0.976. Four 

among the 6 highest predic�ve features 

are 2D shape features, while the 2 le� are 

NGTDM and GLDM features.

Clinical model  provides poor 

performance, indica�ng that clinical 

informa�ons such as age, smoking habits, 

family antecedent, emphysema, have low 

impact on malignancy predic�on.

clinical and annotators GT features 

into a logis�c model, obtained an AUC 

of 0.826. 

3D-morphomics and 3D-

morphomics+radiomics models 

valida�on on the LIDC dataset, gives 

an AUC of 0.906 which is higher than 

the 0.82 obtained with other 

morphological feature by Choi et al. [3] 

and of 0.958 respec�vely (signif. 

different unpaired Welch t-test 5000 

bootstrap, p<0.05, 2nd rank at LIDC 

characteriza�on challenge [4] although 

our model was not trained on LIDC). 


