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Introduction

Prediction of sepsis in general wards is a major challenge because sepsis
diagnosis is based on a series of criteria that can be fulfilled at different times
points and correlate with mortality

Since there is no gold standard for diagnosis of sepsis, current models predict
sepsis onset based on consensus definitions 12

One key criteria for sepsis is the development of acute organ failure and
predicting organ dysfunction may provide an opportunity for intervention before
patients develop sepsis-induced organ failure. We derive the Predicting Onset of
Organ Failure (PROOF) model to identify patients at risk of organ dysfunction.

Objective

Derive and validate the Predicting Onset of Organ Failure (PROOF) model to
detect organ dysfunction.

Assess PROOF’s ability to predict organ dysfunction, an event that is not unique
to sepsis patients, which can serve as a building block for future clinical decision
supports tools that assist in the care of hospitalized patients.
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(a) The Sequential Organ Failure Assessment (SOFA) score is left aligned on admission time and computed at a
fixed timestep throughout the admission with a retrospective observation window for input to each SOFA score.
In the case of this study’s implementation the observation window is fixed at 24 hours and SOFA is computed

Sequences of lab values,
. . . at 2-hour intervals. (b) PROOF is left aligned with prediction times occurring at a fixed window shift
V|ta I Si g nsS : O bse rvat| ons : an d throughout the admission with a retrospective observation window and prospective prediction window for each

. . prediction.
medication orders were used
as predictor variables

Organ dysfunction events were defined as an increase in Sequential Organ
Failure Assessment (SOFA) score = 3 within the next 48 hours of hospitalization
and were computed every two hours for each admission

Recurrent Neural Networks, a form of deep learning sensitive to temporality and
sequences of events, were used to create a predictive model that was computed

every two hours for each admission

Table 1. Operating points for predicting increases in SOFA up to 48 hours ahead of time

a

Operating points for predicting ASOFA > 2 up to 48 hours ahead of time
Precision True positive / Sensitivity (ASOFA) Sensitivity (step) Specificity (step)
False positive

20.0%
25.0%
33.0%
40.0%
50.0%
60.0%

1:4
123
152
2:3
| Fd |
5:2

60.6%
60.4%
59.0%
58.0%
ST:2%
56.7%

82.0%
32.8%
13.9%
9.1%
5.7%
2.1%

47.6%
84.4%
95.4%
97.9%
99.1%
99.8%

Operating points for predicting ASOFA > 3 up to 48 hours ahead of time
Precision True positive / Sensitivity (ASOFA) Sensitivity (step) Specificity (step)
False positive

20.0%
25.0%

33.0%

1:4
1:3
152

58.9%
57.8%

57.5%

50.3%
29.7%
11.2%

82.6%
92.6%

98.2%

40.0% 233 48.6% 1.3% 99.8%

50.0% i 14 36.6% 0.3% 100%
60.0% 32 28.0% 0.2% 100%

Table 2. Model performance for predicting increases in SOFA within the range of prediction windows
from 24 to 72 hours

a)

Time windows ROC AUC [95% CI]
ASOFA > 2 ASOFA >3
24h 73.8% [73.4, 74.3] 78.3% [77.8, 78.8]
48h 70.1% [69.8, 70.5] 75.2% [74.8, 75.7]
72h 69.9% [69.5, 70.3] 73.3% [72.9, 73.7]

b)

Time windows PR AUC [95% CI]
ASOFA > 2 ASOFA >3
24h 24.0% [23.4, 24.7] 18.3% [17.6, 19.1]
48h 26.4% [25.9, 27.1] 21.0% [20.4, 21.7]
72h 31.5% [31.0, 32.0] 23.1%[22.5, 23.7]

a, b Area under the receiver operating characteristic curve (AUROC; a) and area under the precision-recall
curve (AUPRC; b). Bootstrap pivotal 95% confidence intervals are calculated using » = 200 bootstrap samples.

For prediction of any ASOFA = 3 within 48 hours at 25% precision, nearly a
quarter of all false positive predictions are trailing, after the ASOFA has already
occurred, or early, more than 48 hours before the event (QR code, Figure 2)

In addition to the 26.5% of false-positive alerts that were made during
admissions during which there was at least one ASOFA event, 73.5% of false-
positive alerts were made In patients who never experienced a ASOFA event
(QR code, Figure 2)

Conclusion

PROOF is a promising deep learning approach for the continuous prediction of
acute organ dysfunction within a clinically actionable window of up to 48 hours in
advance

We report performance on a clinically and demographically diverse population
and across three hospitals to demonstrate that our approach may allow for the
delivery of preventive treatment in many cases

Additional studies will be needed to determine how PROOF performs across
different populations (MIMIC-IV) and in a prospective setting
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