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BaLkgruund

* Predicting the need for an urgent clinical intervention is important for prognostication and care planning
o Chronic hemodialysis patients frequently require ambulance transport to the Emergency Department (ED)
o Predicting the need for urgent dialysis by paramedics is of life saving importance

* lrgent dialysis is not offered in all hospitals—knowing which patients may require it can help avoid re-
transport and harmful delays in care
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[bjectives and Approach

* To help paramedics decide whether dialysis patients transported to the ED will require timely,
monitored dialysis (“urgent dialysis”)
* Totransport the hemodialysis patient to the appropriate hospital

* To develop a Machine Learning (ML) based prediction model to predict need for urgent dialysis using
clinical markers available to paramedics

* Data
* Ambulance transport data for chronic hemodialysis patients, in Nova Scotia (Canada) over a a-years period (2014-2018)
o 879 ambulance transports of which 34 (11%) needed urgent dialysis

« Patient characteristics available to paramedics (2| variables): vital signs, demographics, chief complaint, and the number
of hours from the last dialysis

o The primary outcome was urgent dialysis
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@dnlugy

« ML-based model for predicting urgent dialysis
o |mbalance dataset--ratio between the urgent and non-urgent classes is 1.8
o Missing data values
« Feature selection
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Data Imputation

e [lassification input target
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Prediction Modeling

—
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Result Comparison

I
Comparison of models’ performance in each phase
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Concluding Remarks

« Pre-hospital patient data analysis to determine appropriate care options
« Decision support to assist paramedics during the critical period between home to hospital transport

« ML methods can be used to predict patients’ needs for urgent dialysis during ambulance transportation

* Addressed the class imbalance problem which is quite comman in clinical datasets
o Achieved high prediction performance using patient features available to paramedics
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Thank you
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