
Dynamic Outcomes-Based Clustering of Disease 
Trajectory in Mechanically Ventilated Patients

Introduction

1. Patients on mechanical ventilation are a highly heterogeneous group, with 
widely differing outcomes. 

2. Temporal clustering based on phenotype and outcomes, would be greatly 
beneficial for the following reasons:

• The clusters could be used to create interpretable early warning systems to 
alert physicians of deteriorating patients.

• They could help to study and understand sub-types of disease trajectory.
• They could be used to categorise patients early on in intervention studies.

Cluster analysis

Methods

Figure 1: Overview of our model. The data (timeseries and static variables) are 
given to an encoder (LSTM, Transformer or TPC1) to produce an embedding 
(green). The embedding is trained using supervised tasks: mortality, tracheostomy 
risk, length of stay and ventilation duration (red); unsupervised tasks (yellow); and 
a forecasting task (purple). K-medoids clustering is used to produce the clusters.
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1. The TPC1 model significantly outperforms alternative temporal encoders
on patient outcome prediction tasks.

2. It can be used to generate clinically meaningful and interpretable clusters 
with distinct phenotypes and outcomes.

3. Key aspects of the phenotypes are similar across choices of encoder.
4. The cluster assignment is remarkably stable over time, and membership 

is determined early on. This is particularly encouraging as a substrate for 
future intervention studies, because they rely on early phenotyping.

5. Stable transitions between clusters do occur but they are infrequent. 
Studying these transitions with a view towards understanding the cause 
of a change in prognosis is an important avenue for future work.

Task Performance

The TPC model was the best performing model. An ablation study showed that the 
model did better when all of the tasks in Figure 1 were included.

Figure 2: t-SNE plots of the learned embeddings of the TPC1 model, plotted against 
different attributes. The top left plot shows the cluster assignments.
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Figure 3: Raw timeseries from each of the 5 medoids resulting from the k-medoids 
algorithm. These can be considered the ‘archetypal’ patients for each cluster.

Figure 3: The temporal sankey plot and cluster transition matrix both show that 
the clusters are remarkably stable over time.

Cluster 1 Acute life-threatening pulmonary injury: Contains the sickest patients with 
a mortality of 72%. They have signs of severe respiratory distress. 
Cluster 2 Pulmonary critical illness: Substantial mortality, long length of stay and 
ventilation duration. Very difficult to wean, hence the high tracheostomy rate.
Cluster 3 Short stay: Contains the healthiest patients. Most likely perioperative.
Cluster 4 Critical illness (other): Long length of stay, but good lung parameters.
Cluster 5 Acute critical illness (other): Poor outcomes, but lung injury not prominent.


