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A Study on the Classification of Stroke Using Machine Learning
Technology
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Abstract

Stroke is the most common, dangerous single institutional disease and exacerbates the social burden in
an aging society. Stroke can be examined through various imaging methods, and diagnosing stroke using
CT images has the advantage of fewer space constraints and faster shooting time. However, the diagnosis
through images is very difficult, so it is a big disadvantage of this method. In this paper, the study was
conducted based on facial image data, not based on CT images, through the characteristics of imbalance in
the face of stroke patients. Based on this concept, we proposed a preprocessing algorithm optimized for
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stroke using facial image data of patients. We developed machine learning-based algorithms by finding
elements that can be quantified from facial images, and used data from stroke patients in actual hospitals
to evaluate their performance. In order to evaluate the performance of the proposed algorithm and system,
two hospital neurosurgeons diagnosed stroke separately for each stroke data and evaluated their performance
by comparing their diagnosis with system results. Additionally, cross-checking and feedback allowed us to
identify the underlying problem of stroke.
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[Table 1] Performance comparison experiment result by model

2naE e
Decision Tree 82.95
Random Forest 86.36
XGBoost 85.22
LightGBM 86.36
GBM 91.06
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