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Consequences

Diabetes can lead to complications in many parts of
the body and increase the risk of dying prematurely.
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POC in Diabetes Care
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CGM: continuous glucose monitoring; AID: automated insulin delivery;
EHR: electronic health record Hughes et al 2023 NEJM (https://www.nejm.org/doi/10.1056/NEJMc2315000)
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Data-driven optimization at PoC
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Subtypes of type 2 diabetes determined from clinical parameters

reclassification
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SIDD = Severe Insulin Deficient Diabetes
Low insulin secretion, poor metabolic control,
increased risk of retinopathy and neuropathy

SIRD = Severe Insulin Resistant Diabetes
Insulin resistance, obesity, late onset,
increased risk of nephropathy and fatty liver

MOD = Mild Obesity-Related Diabetes
Obesity, early onset

MARD = Mild Age-Related Diabetes
Late onset, low risk of complications

Ahlgvist et al 2020 Diabetes (https://doi.org/10.2337/dbi20-0001)
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Heterogeneity of glycemic phenotypes in type 1 diabetes
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Fagherazzi et al 2024 Diabetologia (https://link.springer.com/article/10.1007/s00125-024-06179-4)
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Heterogeneity of glycemic phenotypes in type 1 diabetes
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Heterogeneity of glycemic phenotypes in type 1 diabetes
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Fagherazzi et al 2024 Diabetologia (https://link.springer.com/article/10.1007/s00125-024-06179-4)


https://link.springer.com/article/10.1007/s00125-024-06179-4

Heterogenelity of glycemic phenotypes in type 1 diabetes
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The Steno T1 Risk Engine: Screening for CVD In T1D
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Development and validation in Vistisen et al 2016 Circulation (https://www.ahajournals.org/doi/10.1161/circulationaha.115.018844)
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Data-driven optimization at PoC
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Immune correlates of diabetes status and complications

15 leukocyte populations in peripheral circulation IRF5 nuclear stain
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Alzaid et al 2020 EMBO Mol Med (https://www.embopress.org/doi/full/10.15252/emmm.202013038)

Julla et al 2024 Circ Res.

Blood monocyte phenotype is a
marker of cardiovascular risk in
type 2 diabetes

Circulation
Research

Julla et al 2024 Circ Res (https://www.ahajournals.org/doi/10.1161/CIRCRESAHA.123.322757)
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Immune correlates of diabetes status and complications
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Immune correlates of diabetes status and complications
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Immune correlates of diabetes status and complications

Circulation
Research

Julla et al 2024 Circ Res.

Blood monocyte phenotype is a
B marker of cardiovascular risk in
il type 2 diabetes
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Julla et al 2024 Circ Res (https://www.ahajournals.org/doi/10.1161/CIRCRESAHA.123.322757)
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Data-driven optimization at PoC
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