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Social Determinants Shape Patient Journey Archetypes in Diabetic Care
High-SDOH patients visit more, visit irregularly, use ED 2.5x more, and concentrate in the ED-Dependent archetype

A Patient distribution
by SDOH risk tier

B ED use — headline finding
High SDOH = 2.5x more ED visits

2.5x more ED!
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Three Distinct Patient Journey Archetypes

Each line = one cluster | Higher = more extreme on that dimension
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Longest mean gap, lowest ED rate,
fewest visits -> healthier or simply
don’t engage often

High-SDOH Patients Concentrate in ED-Dependent Archetypg
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https://mugrf2-gloria-yang.shinyapps.io/my_markov_app/

From call to action: Mobile Shuttles to lower ED rate Click me for
the shuttle
dashboard!

Which Social Factors Most Predict ED-Dependent Care?
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© Mobile clinic stop

= Existing clinic

15 stops - 45.2 mi - 32,686 patients

r=0.82

% High-SDOH patients in county

Mean ED visit rae (%)

. Step 5: Weekly schedule — click any stop for full details
G ea ry CO u nty 1 6.7% ED rate (h Igh est SD burden ) 15 stops spread across 5 days. Total patients covered: 32,686. A mobile clinic visit costs a fraction of Q

one ED encounter. The math makes the case.

45 miles, covering over 32,000 patients.


https://miazhouruoya.github.io/kansasmobile/

From risk to action: ML-Driven Early Alert for Care Pathway Disruption

24,213 317,764 20.1% 19.8% 24.8%

CASE REVIEW

Patient Drill-Down Timeline == Problem: Access barriers — silent

Patient 117972 | 6 encounters from 01/14/22 to 10/13/25
How reliably can we flag upcoming care breakdown risk? For each extra 5% outreach capacity, how many future

disengagement — preventable ED crisis

ld by bucket (0-5% ), and the What does the patient timeline show?

« Each point is one encounter time point
« Y-axis is gap days since the previous encounter.
« Higher points mean longer continuity breaks.

| SR e o S e Composite target: 90-day ED risk + visit
gap > 120 days
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Tim Pont vs Gap Dags Scoring: Every encounter ranked —

Which clusters show continuity breakdown and emergency Where does cluster-level burden concentrate? 1000

- priority contact list

- Incremental capture: Each +5% outreach
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Patient profile: Repeated 120-day

Which neighborhoods have the biggest risk gap? Which individual patient story should we review next?
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uncertainty in that neighborhood.
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deployment

Who should we contact first under limited outreach capacity?

Logistic Regression selects 6,008 encounters (10%). This captures 19.8% of observed future-risk events.

Bottom line: Risk score + thresholds +

R MR : = contact list = executable early warning
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https://erhxyun.github.io/Diabete-Alerts/dashboard/index.html
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