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Introduction Results Discussion

Sepsis is a life-threatening syndrome characterized by organ dysfunction and  a) b) c) | Unsupervised learning revealed four distinct clusters with distinct seps
dysregulated host response to infection.! Each year, sepsis accounts for up to 201 | _ 204 ‘ - 1 B ” burdens and outcomes.
20% of deaths worldwide and $20 billion of healthcare costs in the US.%? e _ e Cluster 1 was the most severe cluster with the highest mortality and
Sepsis and septic shock, a more severe subset, are identified using sepsis-3 107 & | Status 01 4 Cluster | Status significantly longer LOS, containing all the “septic shock” patients
consensus criteria!, but the clinical and physiological variables of sepsis-3 ol : @ i ol iy @ ; go O e 87.35% .'::ssse:::s e Cluster 2 contained a high proportion of sepsis and suspected sepsis
may not capture the complexity of sepsis, which is characterized by a & » 8 > g B seoss patients and had intermediate mortality
constellation of different clinical presentations, biological mechanisms, 10+ - Sephc 1] ~ 4 . . e e Cluster 4 had a preponderance of "no sepsis” patients and the lowest
pathophysiological patterns, responses to treatment, and outcomes. e mortality

20 \ i - e Clusters 3 and 4, although comparable in terms of sepsis/septic shock

Conclusions

_ L o 55 ) R . & 1 burdens, were differentiable in terms of mortality (21% vs 9% respectively)
Rationale and Objectives Tk S e mzs e edvw e
| | _

The intrinsic heterogeneity in sepsis could be the most significant barrier to
developing effective therapies and predicting the onset, severity, time course,

Figure 1. Identification and Characterization of Computational Endotypes. a) Visualization of patient cohorts, or

and outcomes for patients. By applying machine learning to high resolution “states,” in scaled dataset containing 24 clinical and physiological variables using tSNE. Each point represents one  Using only -time-SerieS data_,. we id.enti.fied four Can.didate en;lotypes
patient records composed of granular physiologic time-series (PTS) data  hourly time point sample for each patient during the 24-48h interval after ICU admission. 13,487 timepoints (80% of each associated with specific distributions of sepsis categories and
available in conjunction with electronic health records (EHRs), we aim to  septic shock timepoints) were randomly sampled for each state. b) Visualization of clusters from K-Means (k4) on  specific outcome distribution. Ongoing research will further analyze

identify novel endotypes of sepsis and septic shock. scaled data overlapped on previous tSNE plot. ¢) Distribution of samples in each state calculated for every cluster.  identified endotypes In patient characteristics, outcomes, and response
The number of samples in each cluster is given on the x-axis and only proportions larger than 0.5% are labelled. to specific treatments, as well as explore other machine learning

algorithms and externally validate with other EHR data sources. In

- conjunction with a broader range of clinical and physiological features,
a) | b) -~ S o these time-series-derived endotypes could help unlock the

To identify adult patients in the Philips multi-center elCU database who met
sepsis-3 criteria at any time, Sequential Organ Failure Assessment (SOFA)
scores were calculated and infection state was determined through diagnosis
and/or positive culture for each patient. Time-series features (sampling
frequency every 5 min) were extracted. Patients were categorized every 5
minutes based on the Sepsis-3 criteria, in one of four categories: No Sepsis,
Suspected Sepsis [only organ dysfunction], Sepsis, or Septic Shock during
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heterogeneity of sepsis, characterizing the evolution of its progression
and yield greater precision in detection, prediction, and therapy. as a
new paradigm for understanding and categorizing patients in the ICU
who have sepsis.
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