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Fig 3: Results of applying Grad-CAM software to the test data (30 people randomly selected from the sample) after
creating the model using training data (120 people randomly selected from the sample)
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- = The machine learning model identified novel features as determinants of gender that currently do
not serve as areas of focus for gender-affirming surgery. The objective measurements of curvature
advance the sparse, subjective literature on facial feminization/masculinization, and this method of

curvature analysis can be applied to pre-operative planning for all facial reconstruction or aesthetic

Fig 4: Examples of the heat map response for 2 of the 7 facial curvatures (left: nasal dorsum, right: eyelid) identified procedures.
as significant in the machine learning model built to classify the gender of the patient.

Figure 1: Process of using 3D images to generate 100 cross-sectional images from the left to right zygomatic
apices. These images were then analyzed by the Grad-CAM software.
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