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Figure 2. Constitution of the learning data base

3.2. Interpretable Deep CNN Architecture

A first DNN model was designed and trained using 80% of the data and 20% of the data served
as a “test” to check the performance of the neural network.

Several standard CNN architectures have been created, comprising between 7 and 9 layers of
neurons. In order to increase the classification accuracy, two neural network sub-models were created
to differentiate: on the one hand hyperdivergence from mesdivergence (network named “Hyper
Network”; and hypodivergence from mesdivergence of another network, named “Réseau Hypo”.
These networks were exposed to different databases but operated on the basis of the same general
principles. This method proved to be unsatisfactory since the performance of the networks created,
peaking at 60% (a performance of 50% means that the classification of the image is random).

We then used another method called “transfer learning”. Indeed, traditional learning techniques
require high computing times and significant resources. On the other hand, “transfer learning” makes
it possible to use pre-trained models as a starting point in order to achieve the rapid development of a
high-performance neural network for solving problems, particularly in computer vision [122].

In order to detect areas correlated with facial divergence, it is necessary to identify the areas of
interest used by the neural network when making decisions. We then chose to use Score CAM [124] as
a method of interpretability of the neural network. The latter makes it possible to generate saliency
maps highlighting the areas of the image specific to vertical dysmorphosis and therefore used by
the neural network to carry out its classification. It combines the use of the CAM (class activation
mapping) method and the perturbation method.

The CAM method consists of pooling the different salient elements of the network which
contributed to the classification and which are located on the last layers; The last layer shows the
globular areas representing the centers of gravity of the areas of importance which can be visualized
via a color thermal map corresponding to the importance of the area of the skull for classification. A red
zone will be very specific to the dysmorphosis. The blue/green areas are not useful for classification
and therefore do not represent elements correlated with the pathology. The methodology used allowed
us to achieve a performance of the Hyper and Hypo networks of around 90%. See Figure 3.
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The perturbation method consists of altering the image by generating masks on certain areas of
the image. It is then a matter of hiding from the network the information which the zone carries. The
extent of the impact of this masking on decision-making is representative of the importance of the area.
Therefore, the salient features are identified by the CAM method. Then each identified characteristic is
used as a mask to identify its importance. The method makes it possible to map areas of importance
on the input image with very fine spatial resolution.

We can give a Bayesian interpretation for this process: As we do the perturbations following some
prior knowledge, and for each realization, we obtain a map, and this for all the individuals of the
same class, we can compute the mean and the variance images. The mean image is used for the main
visualization, and the map of the variances show the uncertainties. These informations can be used
to make better decisions. However, showing both maps of the means and the variances makes the
presentation for the practitioner more difficult to understand.

Figure 3. General methodology: Classification, ScoreCAM, Mean over all the images in the same class

4. Main results

The performance of the Hyper and Hypo networks is around 90%. This means that the GoGn-SN
angle in itself is not sufficient to diagnose vertical dysmorphosis: 90% of the subjects in the study
present consistency between the GoGn-SN angle and the cranio-facial signs of their typology. vertical
and 10% of the study subjects present an inconsistency between the GoGn-SN angle and the craniofacial
signs of their vertical typology. These 10% correspond to false positives or false negatives from the
GoGn-SN angle, and may be due to cephalometric biases, as seen previously and/or operator errors
during labeling.

Skeletal divergence is assessed by the values of the three angles GoGn/SN, ENA-ENP/SN and
FMA. “Borderline” cases can be diagnosed as hyperdivergent from one angle and mesdivergent
from another. For example, faced with a subject presenting an ENA-ENP/GoGn angle of 26° and a
GoGn/SN of 34° it will be difficult to classify the subject in the hyperdivergent group. See Figure 4.

A patient qualified as hyperdivergent by angular analysis and mesodivergent according to
craniofacial signs. This patient is a false positive, he is diagnosed as hyperdivergent by the
GoGn-SN angle (37.2°) while the neural network, based on all the cranio-facial signs, qualifies him as
mesodivergent. See Figure 5.
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Figure 6. Main result: Correspondance between the structured map correlated with the SNB angle and
the Saliency map.

radiographies using one angle on a cephalographic geometry, we used the DNN and the interpretability
tools of the classification CNN as a "Third Eye" to visualize the map of the regions of the head which
participate more to that classification. This combination of using NNs, ML tools, and the biological
prior knowledge, made our method as an Al system for hyperdivergence and hypodivergence of the
bone bases diagnosis.

More specifically, the following points have been clarified:

A clear and synthetic summary of the areas impacted by hypo and hyperdivergence identified in
the literature, is presented;

A global Al method is used to discuss and to give a conclusion to the questions raised by this
synthesis.

The main conclusions are:

There is no consensus on the areas impacted by hypo and hyper divergence (hence the need for
our Al approach).

The GoGn-SN angle is insufficient for a diagnosis.

The structural signs of vertical dysmorphosis exist beyond the maxillo-mandibular level.

During this study, we could highlight the following points:

To identify impacted areas more effectively than traditional methods;

To show the limits of the GoGn-SN angle;

To show, via the hiding and perturbation technique, that the structural signs of vertical
dysmorphosis exist beyond the maxillo-mandibular level.
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