
Predicting Therapeutic Response to 
Unfractionated Heparin Therapy 
Using Machine Learning

Ahmad Abdel-Hafez, Ian A. Scott, Nazanin Falconer, Stephen Canaris, 
Oscar Bonilla, Sven Marxen, Aaron Van Garderen, Michael Barras 

Introduction

Intravenous unfractionated 
heparin (UFH) is a high-risk 
medication requiring close 
monitoring of activated partial 
thromboplastin time (aPTT) and 
regular dose adjustments in order 
to minimise risk of bleeding or 
recurrent thrombosis. Current 
weight-based dosing is 
suboptimal, with local data 
suggesting target aPTT within 24 
hours is achieved in only 22% of 
patients (Figure 1). 

Figure 1: aPTT result after UFH bolus dose

Research objectives

The aim of this study was to 
develop and validate a machine 
learning (ML) algorithm to predict 
aPTT within 12 hours after a 
specified bolus and maintenance 
dose of UFH. This model will be 
later utilised to aid clinicians in 
administering a more accurate 
bolus dose. 

Methods

This was a retrospective cohort 
study of 2158 patients. data 
collected from January 2017 to 
August 2020 from electronic 
health records (EHR) of five 
hospitals in Queensland, 
Australia. Data from four 

hospitals served to develop and 
internally validate an ensemble 
model, with external validation 
performed on data from the fifth 
hospital. Data were blended from 
13 different tables resulting in 
identification of 195 different 
features; this included 
demographic data, pathology, 
medications, vital signs, and 
diagnosis. Seventeen experiments 
with different ML methods were 
iteratively performed to optimise 
a multi-classification model to 
predict the target aPTT class as 
sub-therapeutic, aPTT<70 
seconds, therapeutic, aPTT 
between 70-100 seconds, and 
supra-therapeutic, aPTT>100 
seconds. 

Results

The best performing experiment 
produced an ensemble with 4x 
LightGBM models yielded an 
accuracy of 72.5% and an Area 
Under the Curve (AUC) of 83.8%, 
with similar results seen on 
external validation: 75.3% and 
85.9% respectively. 

Discussion

Predictions generated by the 
ensemble model was consistent 
over the training and external 
validation datasets. Figure 2 
shows a plot chart comparing 
actual vs predicted aPTT scores.

Figure 2. Actual vs predicted aPTT results

The final model relied on 93 
features, some expected such as 
weight and baseline aPTT and 
bolus dose, with others novel to 
this study and contemporary 
clinical knowledge. Figure 3 
shows the top 8 features.

Figure 3: Top 10 features by relative importance

Limitations

The modelling approach only 
applies to adult inpatients 
admitted to the general medical 
and surgical specialties. 
Furthermore, this modelling 
approach was intended for 
prediction of aPTT after a 
prespecified bolus and 
maintenance dose and as such 
further work is required to allow 
dose calculation.

Conclusion

ML can potentially provide more 
accurate predictions of individual 
patient response to UFH dosing 
with improved safety and 
efficacy.
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