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Dataset
The dataset used for this retrospective 
analysis is from the control arm of a 
randomized-control trial, which included 
adult patients admitted to an 85-bed 
acute-care cardiology medical-surgical unit 
at UVA Medical Center from January 2021 
to October 2022. Validated illness severity 
measures, called CoMET scores, were 
recorded every 15 minutes throughout the 
first 12 hours of each hospitalization. 

Background

Research Design

The representation-based approach had 
the best-performing model with a mean 
DBI of 0.6879 (95% CI: 0.6670-0.7083), 
indicating good cluster separation with a 
non-overlapping CI, suggesting that this 
approach yields significantly better 
clustering performance than other models.

Trajectory B and C were significantly 
different from Trajectory A in all measured 
outcomes (see Fig. 2). Trajectory C had the 
highest rates of ICU transfer, emergent 
intubation, cardiac arrest, and death. 
Despite Trajectory B having lower and 
more stable illness severity scores 
compared to Trajectory C, their 95% CI for 
cardiac arrest and emergent intubation 
outcomes overlapped. 

Clustering Methods Compared:

EVALUATION METRICS

6205 patient encounters and 49 time-
point features were included for 
subsequent transformations and 
clustering. Temporal-proximity-based, 
representation-based, and feature-based 
approaches resulted in 3 consistent illness 
severity trajectories with significant 
agreement in clustering (84-98% 
agreement, p < .001). 

Results
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Key Takeaways
Distinct computational approaches identify 
statistically similar illness trajectories 
among acute cardiovascular patients with 
good internal clustering performance. 
Identified illness trajectory subphenotypes 
also have clinically significant associations 
with decompensation events. 

Future Work & Challenges
Machine learning approaches for time 
series clustering perform well on clinical 
data and must be investigated in inpatient 
settings as the sample sizes of routinely 
collected temporal data drastically 
increase. These methods capture more 
variability within the series than model-
based approaches and may be more easily 
integrated into clinical decision-making 
due to their computational efficiency.

Conclusion

Results cont.
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Figure 2: This diagram illustrates physiological measurements used to 
calculate a CoMET score, which is an instantaneous estimate of risk of 
an imminent event.

Preprocessing
Missing data points were imputed using 
linear interpolation to maintain temporal 
trends. Log-transformations were applied 
to reduce skewness and the influence of 
outliers on Euclidean distances.

Feature-based clustering (i.e. feature 
extraction using ‘tsfresh’ and 
dimensionality reduction using PCA 
analysis) and representation-based 
clustering (i.e. Discrete Fourier Transforms) 
were applied to capture important series 
characteristics. K-means clustering was 
then applied to the transformed datasets 
with Euclidean distances as the similarity 
measure. These conditions were kept 
consistent across all methods to reduce 
bias. 

Clustering agreement and performance 
between models were compared to 
temporal-proximity-based clustering using 
the Adjusted Rand Index (ARI) and 
bootstrapped Davies-Bouldin index (DBI), 
respectively. Odds ratios were computed to 
compare associations of subphenotypes 
with acute clinical events:
1. Emergent ICU transfer
2. Emergent intubation
3. Cardiac arrest
4. In-hospital death

Figure 4: This diagram illustrates the average cluster trajectories by 
clustering method over the course of the first 12 hours of 
hospitalization. The distribution for subphenotype membership in our 
best-performing model (representation based) was trajectory A (n = 
4532, 73%), trajectory B (n = 1521, 25%), and trajectory C (n = 152, 
2%). 

Figure 5: This plot of odds ratios and 95% confidence intervals 
calculated using the partitions from our representation-based model 
illustrates the effect of cluster grouping on clinical outcomes using 
Trajectory A as the reference group.

Figure 3: This diagram illustrates the time series clustering approaches. 
In this study, we used temporal-proximity, representation, and feature-
based clustering.
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Early identification of patient deterioration 
allows for early intervention thereby 
reducing rates of ICU-transfer and mortality. 
Historically, studies that identify subgroups 
of at-risk patients for clinical deterioration 
use cross-sectional data, failing to capture 
variability of patient illness severity states 
over time therefore there has been a recent 
focus on phenotyping patients using time 
series data to capture dynamic clinical 
characteristics. 

Millions of inpatient time series data points 
are routinely collected yet remain 
underutilized in clinical-decision making 
because clustering models are difficult to 
validate and determine clinical relevance. 
Few studies investigate the clinical 
relevance of preprocessing decisions, such 
as time series representation methods, 
which have the potential for widely different 
clinical utilization and relevance. 

Thus, the aims of this study are to: 
1. Compare clustering agreement and 
performance across approaches and
2. Characterize identified subphenotypes 
and their association with acute clinical 
events.
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