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(Abstract]  Medical big data, characterized by the vast volume, complex structure and difficulty in analysis, includes clinical data,
omics data, environment exposure, life —style, geospatial data, social media and behavioral data and other types of data with clinical sig-
nificance. The important applications of these big data sets are disease prevention and treatment on population level, interpretation of spe-
cific disease mechanisms, gradually improve the precision medial of knowledge system, construction of clinical decision support system
with autonomous learning ability, etc.
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The highest inpatient echocardiography (echo) use was seen in Rhode Island, New York, and Montane, whereas the lowest rates were observed

in Wyoming, Alaska, and New Mexico.

FIGURE 3 Adjusted Odds Ratio (95% CI) of In-Hospital Death in Patients Who
Echo by €CS
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