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Classifier Model Lung Cancer Dataset Throat Cancer Dataset
Smoking -»> cancer -»> death
|

?Enetics- -> cancer -> death Ecological rationality = 81.02% Ecological rationality = 76.93%

Coughing -»> ~cancer

rC@ncer

Genetics -» cancer -» death

|
Smoking -> cancer -> death Ecological rationality = 81.02% Ecological rationality = 76.93%
|

Fatigue -» ~cancer

~Cancer

Smoking -> cancer -> death

|
Toughing -> cancer-> death Ecological rationality = 74.29% Ecological rationality = 64.37%

~Cancer

PCA algorithm Accuracy = 89.32% Accuracy = 47.28%
TSNE Accuracy = 86.32% Accuracy = 34.72%
CNN Accuracy = 94.15% Accuracy = 26.53%
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