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Machine learning has been applied to medical imaging and has shown an excellent
recognition rate. Recently, there has been much interest in preventive medicine. If
data are accessible, machine learning packages can be used easily in digital healthcare
fields. However, it is necessary to prepare the data in advance, and model evaluation
and tuning are required to construct a reliable model. On average, these processes
take more than 80% of the total effort required. In this study, we describe the basic
concepts of machine learning, pre-processing and visualization of datasets, feature
engineering for reliable models, model evaluation and tuning, and the latest trends in
popular machine learning frameworks, Finally, we survey a explainable machine

learning analysis tool and will discuss the future direction of machine learning.
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from sklearn.metrics import classification report

print (classification report (y test,y pred class))

precision recall fl-score support
0 0.97 0.97 0.97 107
1 0.95 0.95 0.95 64
avg/total0.96 0.96 0.96 171

(3 5) R Hloleel =2 Wit x|®

Receiver operating characteristic
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