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Time-series Information Compressing Linear Model
for Blood Glucose Control Prediction
Shuntaro Yui*!, Takanobu Osaki*', Hideyuki Ban"!
*1 Center for Technology Innovation, R&D, Hitachi Ltd.

Japanese health insurance societies are now conducting “Data Health”, which is a data-driven approach not only for cost
saving but also for improvement of the quality of life. In the Data Health, diabetes prevention is one of their focus areas
as the cost burden of diabetes is enormous due to its co-morbidity and complication. From a data-driven perspective, risk
subject identification could help to achieve efficient prevention service, however, a lot of insurance societies are able to
access to limited data such as claim and health check data, including data sparseness which may cause difficulty of data
leveraging. In order to tackle this problem, we proposed a high accuracy prediction method for blood glucose control.
Proposed method introduces time-series information compressing in order to leverage massive data while to reduce data
sparseness. Experimental results using real data of subjects newly diagnosed with diabetes showed that Area Under the
Curve (AUC) of our proposed model has improved from 0.784 to 0.805. It demonstrated that the proposed method could
achieve high accuracy of prediction.

Keywords: Data Health, Diabetes Prevention, Prediction Model
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Step3: Outcome prediction based on the linear model
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& 1 Random variables in this study

Data Data

iabl
Source | Category Variables

Demographic | Gender, Age

Health

check Test  result | Body Mass Index (BMI), HbAlc,

measurement | Low-Density Lipoprotein (LDL)

Diabetes, Hypertension,
Hyperlipidemia, Retinopathy,
Renal, Chronic kidney disease,
Nervous, Heart infarction, Stroke,
Diagnosis Cerebral bleed, Cardiac
hypertrophy,  Atrial fibrillation,
Heart failure, Aortic disease |,
Arteriosclerosis, Gestational
diabetes

Sulfonylureas, Insulin, Glucosidase
inhibitor, Biguanide,
Thiazolidinedione, DPP4 inhibitor,
SGLT2 inhibitor, Compounding
agent, Glucagon like
Claim peptide-1lreceptor agonist,
data Hypotensive agent, Hypolipidemic
agent

Medication

HbAlc, Blood glucose, Albumin,
1-5-anhydroglucitol, Glucose
tolerance trend test, Glucose
tolerance test, Blood glucose
self-test, Total cholesterol,
Triglycerides, High-Density
Test Lipoprotein (HDL), Low-Density
Lipoprotein ~ (LDL),  Lifestyle
intervention (Diabetes) , Lifestyle
intervention (Hypertension),
Lifestyle intervention
(Hyperlipidemia), Dialysis, Food
habit intervention
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