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Diseases prediction has been performed by machine learning approaches with various biological
data. One of the representative data ks the gut microblal community, which interacts with the host's
immune system. The abundance of & few microorganisrms has been used as markers to predict diverse
digeases, In this study, we hypothesized that multi-classification vsing machine learning approach
could distinguish the gut microbieme from following six diseases: multiple sclerosis, juvenile idiopathic
wrthritis, myalgic encephalomyelitisfchronic fatigue syndrome, acguired immune deficiency syndrome,
stroka and colorectal cances. We used the abundance of microorganisms at frve taxonomy levels as
features in 696 samples collected from different studies to establizh the best prediction model. We

bwilt ¢ ion models based on four multi-class dassifiers and two feature selection methods
including a forward selection and a backward elimination, As a result, we found that the performance of
classification s improved as we use the lower taxonomy levels of features; rhe h:ghen performance was
observed at the genus level. Among four classifiers, LogitB: based p del o o
other classifiers. Abio, we suggested the optimal feature subsets at the genus- -level obtained by
backward elimination. We belleve the selected feature subsets could be used as markers to distinguish

warious diseases simultaneously. The finding in this study suggests the potential use of selected features
for the diagnosis of several diseases.

(20191 7€ 154, Scientific reports AlA)

Establishment and evaluation of prediction model for multiple disease

classification based on gut microbial data
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