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Featiure Unit | Type Meaning classifies 12/14 cases of privacy=0 rooms and 9/15 cases of privacy=1 in the held-
Room Area m?  General - ~ AN\ out set. Interestingly enough, no model was able to correctly predict the class of
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Total Area m” | General - privacy=1 rooms in the ternary case, which are the hybrid-privacy spaces. This
Room to Tofal Area ﬂoft General Weight of the room over floor area reinforces the idea of the complexity in studying the relationship between spatial
Centered Isovist m Visibility Area of visible space from the baricenter . .
of the Toom L, features and qualities, and justifies the need for larger datasets and a more complex
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Centered Isovist to Total Area|m Visibility Visibility in relation to total floor area | | 7 Appllcat ions and Extensions
Number of Visual Neighbors |int | Visibility Number of other rooms that fall in the room. The dataset included a total of 97 rooms labeled according to their privacy level
centered isovist ML algorithms: NNearest Neighbors, Support Vector Machines, Logistic ‘ ' ' ' i
Degree Centrality float |Graphical | How central the room is with respect to gorl - . g , OUPP , 1LOg = automatic extraction of spatial features from the plans images (image
property the graph Regression, Gradient Boosted Trees, Random Forests. processing, computer vision)
Betweenness Centrality float Gfaphlcal How many paths cross the room = binary classification, room privacy in the set {0, 1} = Al-assisted analytic and generative work in architecture research
property

= ternary classification, room privacy in the set {0, 1,2} = Real time spatial privacy analysis from plan images (applications in real estate)



