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Abstract

Timely interventions, such as antibiotics and intravenous fluids, have
been associated with reduced mortality in patients with sepsis. Artificial intelligence (AI)
models that accurately predict risk of sepsis onset could speed the delivery of these inter-
ventions. Although sepsis models generally aim to predict its onset, clinicians might rec-
ognize and treat sepsis before the sepsis definition is met. Predictions occurring after
sepsis is clinically recognized (i.e., after treatment begins) may be of limited utility.
Researchers have not previously investigated the accuracy of sepsis risk predictions
that are made before treatment begins. Thus, we evaluate the discriminative performance
of AI sepsis predictions made throughout a hospitalization relative to the time of
treatment.

We used a large retrospective inpatient cohort from the University of Michi-
gan’s academic medical center (2018-2020) to evaluate the Epic sepsis model (ESM).
The ability of the model to predict sepsis, both before sepsis criteria are met and before
indications of treatment plans for sepsis, was evaluated in terms of the area under the
receiver operating characteristic curve (AUROC). Indicators of a treatment plan were
identified through electronic data capture and included the receipt of antibiotics, fluids,
blood culture, and/or lactate measurement. The definition of sepsis was a composite of
the Centers for Disease Control and Prevention’s surveillance criteria and the severe

sepsis and septic shock management bundle definition.

The study included 77,582 hospitalizations. Sepsis occurred in 3766 hospitaliza-
tions (4.9%). ESM achieved an AUROC of 0.62 (95% confidence interval [CI], 0.61 to

0.63) when including predictions before sepsis criteria were met and in some cases, after The author affiliations are listed

.. .. . .. . . at the end of the article.
clinical recognition. When excluding predictions after clinical recognition, the AUROC

Dr. Wiens can be contacted at
dropped to 0.47 (95% CI, 0.46 to 0.48). wiensi@umich.edu or at the Bob
and Betty Beyster Building, 2260
Hayward Street, Ann Arbor,
dict sepsis before clinical recognition. Our work has important implications for future MI 48109.

We evaluate a sepsis risk prediction model to measure its ability to pre-
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work in model development and evaluation, with the
goal of maximizing the clinical utility of these models.

(Funded by Cisco Research and others.)

Introduction

epsis contributes to approximately one in three

in-hospital deaths in the United States.® Timely

identification and treatment of patients with sep-
sis have led to significant improvements in mortality rates
among hospitalized patients.”"* To enhance clinical decision-
making, researchers have recently focused on developing
predictive models that use electronic health record (EHR)
data to identify patients at risk of sepsis.'*'® An example is
the Epic sepsis model (ESM), one of the most widely imple-
mented systems in U.S. hospitals.'”*° Similar to most sepsis
prediction models, the ESM aims to flag patients at high
risk for developing sepsis before sepsis onset.”'**

Models such as the ESM make predictions throughout an
individual’s hospitalization, incorporating into its predic-
tions relevant changes in a patient’s health status on the
basis of the content of the EHR. The algorithm can then
be used to identify individuals at greatest risk for acquiring
sepsis and to help target clinical resources. Discriminative
metrics, such as the area under the receiver operating
characteristic curve (AUROC), are commonly used to
assess the model’s performance.'>”>?® Typically, with the
goal of evaluating the model’s ability to predict sepsis
before it occurs, researchers calculate AUROCs at the hos-
pitalization level on the basis of the model’s predictions
before patients meet sepsis definitions.'>”” However, clini-
cians may recognize or begin to treat sepsis well before
it is definitively diagnosed. This may be particularly true
in the United States, where recent quality measures, such
as the severe sepsis and septic shock management bundle
(SEP-1) performance measure, incentivize clinicians and
hospitals to administer treatments for sepsis early rather
than late.”® Consequently, predictions occurring after
treatment might not be as clinically useful as those occur-
ring before clinical recognition. This phenomenon,
referred to as label leakage, can be exacerbated in models
that include treatments (e.g., antibiotics) as predictors,
and the accuracy of such models may largely be derived
from predictions made after clinical recognition of sep-
sis.””*° Thus, predictions using treatment indicators may
lead to greater apparent performance but do not provide

NEJM Al

clinicians with new information, and instead, they may
contribute to alert fatigue.” In such cases, many patients
correctly identified by the model as high risk have already
been identified as such by health care practitioners.’” In
contrast, a model that identifies patients at high risk for
developing sepsis before a clinician recognizes its signs or
symptoms could enable the more timely delivery of care.

Given the rising adoption and use of sepsis prediction
models, we need a more comprehensive evaluation proto-
col that captures the clinical utility of a model. Although it
is difficult to retrospectively identify which patients a clini-
cian might have otherwise missed, we can evaluate the
accuracy of artificial intelligence (AI) predictions made in
advance of indicators for sepsis treatment because such
indicators can serve as proxies for clinical recognition. In
this study, we introduce a new model evaluation frame-
work that incorporates the timing of various indicators
of sepsis treatment and that enables us to evaluate to what
extent the ESM may rely on data pertaining to the clinical rec-
ognition of sepsis in making its predictions. An improved
understanding of the utility of Al prediction methods can help
prioritize the integration of useful models in clinical care.

Methods

Our retrospective cohort included adult inpatients admit-
ted to the University of Michigan’s academic medical
center, Michigan Medicine. ESM scores were calculated
for all adult hospitalizations between October 2018 and
December 2020. We included all hospitalizations in this
period for evaluation, excluding hospitalizations from psy-
chiatric and rehabilitation units. This study was approved
by the institutional review board at Michigan Medicine
(HUM: 00176141), and the need for consent was waived
because there was minimal risk to participants.

We used multiple criteria for a composite definition of
sepsis that was on the basis of either the clinical surveil-
lance definition from the Centers for Disease Control and
Prevention (CDC)**** or the U.S. Centers for Medicare
and Medicaid Services (CMS) definition, which involves
meeting two criteria for systemic inflammatory response
syndrome (SIRS) and one criterion for organ dysfunction
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within 6 hours of one another (i.e., SEP-1).>*° Regarding
the CMS definition of sepsis, the time of meeting the sep-
sis criteria was defined as the latter of either meeting the
SIRS criteria or meeting the organ dysfunction criteria.
Regarding the CDC definition, the time of meeting the
sepsis criteria was defined as the first time at which this
definition was met. The time of onset was indeterminable
in a small portion of patients with sepsis, and these
patients were removed from the study cohort.

Through electronic data capture, we compared the timing
of ordering and administration of treatments suggesting
possible sepsis with the time at which sepsis criteria were
met.”"" Initial validation of the data capture was com-
pleted manually by a team of clinical analysts and engi-
neers to ensure nearly perfect accuracy in identifying
relevant treatment indicators. We included treatment and
diagnostic orders as indicating the initiation of a treatment
plan: intravenous fluids, antibiotics, lactate measurement
(captured from both order sets and individual orders), and
blood culture. We reported the percentage of individuals
with sepsis who received each type of treatment as well as
the timing of orders with respect to the time of meeting
sepsis criteria. We excluded patients admitted with sepsis
or who met sepsis criteria or received treatment before
the first measurement of vital signs.

The ESM is a proprietary sepsis risk model developed
by Epic Systems Corporation, Verona, Wisconsin.">*” The

model was developed with a pooled sample of data col-
lected by Epic Systems across three anonymous health
care organizations, not including Michigan Medicine. The
ESM uses data recorded within the EHR to make predic-
tions every 20 minutes during a hospitalization. The ESM
is a penalized logistic regression model that outputs a con-
tinuous score between O and 100, where O represents the
lowest possible risk and 100 represents the highest. At
Michigan Medicine, ESM scores of six or higher are used
to generate alerts, a threshold chosen by the hospital
operations committee. This threshold is within the recom-
mended score range of five to eight suggested by Epic Sys-
tems. We included individuals with ESM scores before the
first of meeting the sepsis criteria, ordering of any treat-
ment indicating potential clinical recognition of sepsis, or
death or discharge.

We evaluated the ESM’s predictions at key time points
during hospitalization to understand its performance in
relation to clinical recognition of sepsis (Fig. 1). To mimic
a situation in which a clinician has not yem)gnized sep-
sis and has not initiated treatment, we used predictions
occurring before sepsis criteria were met and before the
first indicator of treatment. We compared the predictive
performance resulting from this evaluation with the per-
formance achieved in predictions occurring before sepsis
criteria were met, regardless of any treatment indicator.
In addition, as an upper bound on performance, we evalu-
ated the model’s performance when it made sepsis

Patient 1 Sepsis
Admission Criteria
Epic Met Discharge
(d Scores 4 4
2.1 1.3 3.2 4.0 13.4 20.1 8.1 3.1
Patient 2 Sepsis
Admission Criteria
Epic Met Mortality
(4 Scores : :
0.3 1.2 23 5.0 18.1 22.4 45.3 81.0

Figure 1. Overview of Different Evaluation Schemes.
In patient 1, indicators of treatment for sepsis occur before sepsis criteria are met. In patient 2, sepsis criteria are met before any
treatment indication. In the case of patient 1, if the artificial intelligence model is relying on treatment indicators, then the accuracy of
the Epic sepsis model (ESM) should decrease when data collected after the initiation of treatment are excluded. However, for patient 2,
the ESM’s accuracy should not change because no treatments were ordered before sepsis criteria were met. For both patients, the
highest accuracy should occur when the ESM uses all data up to the time of discharge.
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predictions up until discharge, including predictions made
after sepsis criteria may have been met. We calculated a
hospitalization-level AUROC, where an AUROC of 0.5
means that a model’s performance is no better than ran-
dom. To calculate a hospitalization-level AUROC, we took
the maximum ESM score as the hospitalization-level score
for predictions before each evaluation time point for each
hospitalization. This evaluation mimicked how the ESM
would generate alerts in a real-life clinical setting, where
the ESM would fire an alert for a particular hospitalization
the first time the sepsis threshold was exceeded before the
time point of interest.”” We estimated the 95% confi-
dence interval (CI) of the AUROC with 1000 bootstrap
samples. We also measured the positive predictive value
(PPV) and sensitivity of the ESM identifying high-risk indi-
viduals at a threshold of six or higher. This is the same
score threshold used by Michigan Medicine to alert clini-
cians as to which patients are at the highest risk of devel-
oping sepsis, thus allowing clinicians to tailor care and
provide extra monitoring for these individuals. Institu-
tional priorities and resources can help determine mean-
ingful PPV and sensitivity values for generating alerts,
with the goal of balancing alert fatigue, missing cases of
sepsis, and resource overuse in individuals without sepsis.
For example, past work has indicated that a PPV of 60%
might provide a meaningful trade-off between alert fatigue
and improved clinical decision-making.*®

In a sensitivity analysis, we separately evaluated ESM per-
formance with respect to the timing of each treatment
or diagnostic indicator (antibiotics, lactate measurement,
fluids, blood culture) to better understand which indica-
tors drove changes in performance. In addition, we evalu-
ated ESM performance with respect to the timing of
diagnostic orders (lactate and blood culture collection)
and treatment orders (antibiotic and fluid administration)
separately.

Evaluating sepsis prediction models only on the basis of
the timing of indicators of possible sepsis treatment could
exclude significant portions of a patient’s hospitalization,
thereby reducing the amount of data available for making
predictions. In many cases, clinicians might order treat-
ments well in advance of sepsis criteria being met. To
measure the amount of data available at different points
of evaluation, we quantified the number of laboratory and
medication orders for admissions in which the sepsis
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criteria were met at each time point of our evaluation.
Because the type of data available to the ESM might differ
across different care settings, we also reported a break-
down of where ESM scores were generated (see the
Supplementary Appendix for details). To control for the
amount of data available to the algorithm, we stratified
the number of orders available at treatment initiation into
quintiles, and we evaluated the ESM within each quintile.
We compared ESM performance before the first indicator
for treatment with before the sepsis criteria were met.
Across all quintiles, we included all individuals without
sepsis as negative examples to calculate the AUROC.

In addition, to further isolate the effect of using reduced
and earlier data per hospitalization and to better under-
stand the effect of the model’s use of data after the time
of treatment, we compared the ESM with a simple Base-
line Model that did not rely on clinicians’ behaviors (i.e.,
orders) to make a prediction. The Baseline Model was a
penalized logistic regression model that made predictions
every 15 minutes using only data pertaining to vital signs,
nursing scores, demographics, and information from past
visits. More information on the features and training
procedure for the Baseline Model can be found in the Sup-
plementary Appendix. We assessed and compared the per-
formance of the two models with respect to the time that
sepsis criteria were met and with respect to the time that
treatment indicators were ordered.

Results

We identified 77,582 hospitalizations (41,191 females
[55%]; median age, 58years [interquartile range, 37 to
70]) that met the inclusion/exclusion criteria for the study
cohort (Table 1). Sepsis occurred in 3766 people (4.9%).
Patients whose illness met sepsis criteria during their stay
tended to be sicker as measured by comorbidities, with
significantly longer hospital stays. A total of 3538 hospitali-
zations with sepsis had some indicator of sepsis treatment
(93.9%). Over 70% of hospitalizations with sepsis involved
orders for antibiotics (76.4%), blood cultures (72.4%), or
lactate measurements (77.6%) as part of a treatment plan
for sepsis, whereas orders for some level of fluids were
made in only 29.0% of hospitalizations. For lactate mea-
surements, 38.0% of orders came from an order set as
opposed to an individual order. Over 45% of hospitaliza-
tions meeting sepsis criteria involved orders for antibiotics,
blood cultures, or lactate measurements before sepsis cri-
teria were met, with median lead times of 55, 46, and
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Table 1. Characteristics of the Cohort of Adult Inpatients Used Throughout Evaluation.*

Characteristic
Median age — yr (IQR)
Female sex — n (%)
Race — n (%)
American Indian or Alaska Native
Asian
Black
Native Hawaiian or other Pacific Islander
Not recorded
Other
Refused
White
Unknown
Ethnicity — n (%)
Hispanic
Not Hispanic
Not recorded
Refused
Unknown
Comorbidities — n (%)
Hypertension
Obesity
Diabetes
Cancer
Chronic kidney disease
Congestive heart failure
Chronic obstructive pulmonary disease
Chronic liver disease
Dementia
Human immunodeficiency virus

Time to meeting the sepsis criteria — median
hours (IQR)

Discharge time — median hours (IQR)
From admission time
From sepsis time

Antibiotics
No. (%)

Order time from time of meeting sepsis criteria —
median minutes (IQR)

Lactate measurement
No. (%)

Order time from time of meeting sepsis criteria —
median minutes (IQR)

Blood cultures
No. (%)

Order time from time of meeting sepsis criteria —
median minutes (IQR)

Hospitalizations (n)

Overall
(n=77,582)
58 (37-70)
42,774 (55.13)

363 (0.47)
2,261 (2.91)
9,451 (12.18)

9 (0.09)

276 (0.36)
2,281 (2.94)
243 (0.31)
62,118 (80.07)
520 (0.67)

2,276 (2.93)
73,753 (95.06)
348 (0.45)
282 (0.36)
923 (1.19)

67.26
40.81

52,179 (67.26)
31,663 (40.81)
28,324 (36.51)
24,220 (31.21)
22,146 (28.55)
20,905 (26.95)
14,064 (18.13)
5,453 (7.03)
4511 (5.81)

392 (0.51)

N/A

7.03

91 (53-161)

N/A

N/A

N/A
N/A

N/A
N/A

No Sepsis
(n=73,816)
57 (36-69)
41,191 (55.80)

340 (0.46)
2,188 (2.96)
8,866 (12.01)

3 (0.09)

251 (0.34)
2,160 (2.93)
235 (0.32)
59,221 (80.23)
492 (0.67)

2,147 (2.91)
70,188 (95.09)
321 (0.43)
270 (0.37)
890 (1.21)
49,048 (66.45)
29,995 (40.63)
26,508 (35.91)
22,845 (30.95)
20,430 (27.68)
19,290 (26.13)
13,066 (17.70)
4,841 (6.56)
4162 (5.64)
366 (0.50)

N/A

86 (52-149)
N/A

N/A
N/A

N/A
N/A

3,131 (
1,668 (
1,816 (
1,375 (
1,716 (
1,615 (42.88

(

(

(

6 (

5

Sepsis
(n=3,766)

2 (50-72)

1,583 (42.03)

3 (0.61)
3 (1.94)
585 (15.53)
6 (0.16)
5 (0.66)
121 (3.21)
8 (0.21)
(
8 (

2,897 (76.93)

0.74)

129 (3.43)

3,565 (94.66)

(

(

7 (0.72)
2 (0.32)
3 (0.88)
83.14
44.29
48.22
36.51
45.57

998 (26.50
612 (16.25
349 (9.27)
0.69)
1-37)

)
)
)
)
)
)
)
)

268 (147-515)
225 (125-445)

2,878 (76.4)

~55 (688 to 54)

2,924 (77.6)

—43 (~115 to -8)

2,727 (72.4)

—46 (-288 to 17)

SMD
(95% Cl)

0.30 (0.27 to 0.34)
~0.28 (~0.31 to —0.24)

0.02
-0.06

(=0.01 to 0.05)
(~0.09 to —0.03)
0.11 (0.07 to 0.14)
0.02 (0.01 to 0.06)
0.05 (0.02 to 0.09)
0.02 (-0.02 to 0.05)
~0.02 (~0.05 to 0.01)
~0.08 (~0.12 to —0.05)
0.01 (~0.02 to 0.04)

0.03 (~0.002 to 0.06)
~0.02 (~0.05 to 0.01)

0.04 (0.01 to 0.07)
~0.01 (~0.04 to 0.02)
~0.03 (~0.06 to 0.002)

0.36
0.07

(0.32 to 0.39)
(0.04 to 0.11)
0.26 (0.2 to 0.29)
0.12 (0.09 to 0.15)
0.40 (0.36 to 0.43)
0.38 (0.35 to 0.41)
0.23 (0.20 to 0.26)
0.38 (0.35 to 0.41)
0.15 (0.12 to 0.19)
0.03 (0.01 to 0.06)
N/A

1.65 (1.61 to 1.68)
N/A

N/A
N/A

N/A
N/A
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Table 1. (cont.)

Hospitalizations (n)

Overall
Characteristic (n=77,582)
Fluids
No. (%) N/A
Order time from time of meeting sepsis criteria — N/A

median minutes (IQR)

No Sepsis Sepsis SMD
(n=73,816) (n=3,766) (95% Cl)
N/A 1,072 (28.5) N/A
N/A 4 (-56 to 53) N/A

* Cl denotes confidence interval; IQR, interquartile range; N/A, not available; and SMD, standardized mean difference (Cohen’s d).

43 minutes, respectively (Fig. 2). Indicators of sepsis treat-
ment preceded the time meting sepsis criteria in 3193
hospitalizations (84.8%). Lactate was the first treatment
indicator ordered in 47.1% of hospitalizations, followed by
antibiotics (23.7%) and blood cultures (20.0%).

Using all predictions up until discharge during a hospitali-
zation, the ESM achieved an AUROC of 0.87 (95% CI,
0.86 to 0.87), a PPV of 16% (95% CI, 16 to 17%), and a
sensitivity of 79% (95% CI, 78 to 80%). Using only predic-
tions from before sepsis criteria were met, the ESM model
had an AUROC of 0.62 (95% CI, 0.61 to 0.63), a PPV of
8% (95% CI, 8 to 9%), and a sensitivity of 38% (95% CI,
36 to 39%). Further restricting the analysis to predictions
made before treatment indicators, performance decreased,
with an AUROC of 0.47 (95% CI, 0.46 to 0.48), a PPV of
5% (95% CI, 4 to 5%), and a sensitivity of 20% (95% CI, 19
to 22%). Performance dropped the most when predictions

were restricted to those made before blood cultures were
ordered (AUROC, 0.53 [95% CI, 0.52 to 0.54]; PPV, 5.9%)
and dropped the least when predictions were restricted to
the time before fluids were ordered (AUROC, 0.61 [95%
CI, 0.60 to 0.62]; PPV, 8.0%) (Fig. 3). Regarding predictive
performance before the first diagnTstic order (i.e., for lactate
and blood culture collection), the ESM achieved an AUROC
of 0.49 (95% CI, 0.48 to 0.50). Meanwhile, regarding the
performance of the ESM before the first treatment orders
(i.e., for antibiotics and fluid administration), the AUROC
was 0.55 (95% CI, 0.54 to 0.56).

For most cases, treatment indicators occurred before
sepsis criteria were met (84.8%). There were significantly
fewer clinical orders at treatment indicator time than
when sepsis criteria were met (median count, 22 [inter-
quartile range, 9 to 92] vs. 79 [interquartile range, 28 to
187]). However, the percentage of scores filed in the emer-
gency department did not meaningfully differ across the

Time to Ordering of Indicators
for Treatment of Sepsis

1500 R TR,
Blood Cultures

w1000 Antibiotics
<
3 Lactate Measurement
Y 500 Fluids

0 T T T T :

—4000 —3000 —2000 -1000

Time before Sepsis Onset (Minutes)

o\ 400

1000

500

0 200 400

200

Time before Sepsis Onset (Minutes)

Figure 2. Temporal Distribution of Indicators of Treatment with Respect to the Time of Meeting

Sepsis Criteria.
The dashed vertical bars represent the median time for each treatment. Antibiotics, blood culture collections, and lactate measurements
are ordered substantially before the time of sepsis. Nearly half of the population has orders for lactate measurement, antibiotics, or

blood cultures before the onset of sepsis.
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0.60

0.581

AUROC
\
|

0.56

0.54

0.52

¢ T

T T
Before Before
Fluids Antibiotics

Evaluation Protocol

T T
Before Before
Lactate Measurement Blood Cultures

Figure 3. Evaluating the Accuracy of the ESM with Respect to Different Treatments.
We visualize the model’s performance with 95% confidence intervals for each evaluation. The blue dashed line denotes the ESM’s
performance before the time of meeting the sepsis criteria. Its performance drops the most when predictions are made only before the
time of blood culture orders, achieving nearly random performance. Meanwhile, the model’s performance drops only slightly when using
predictions before orders for fluids. AUROC denotes area under the receiver operating characteristic curve; and ESM, Epic sepsis model.

two evaluation time points (23.5 and 23.2%) (Table S1 in
the Supplementary Appendix). In analyses adjusting for
the amount of available data, the ESM model consistently
performed worse when evaluating cases before treatment
indicators than before sepsis criteria were met across
all levels of available data (Fig. S1). However, the gap
decreased as more data (i.e., more orders) became avail-
able to the ESM.

AUROC of the Baseline Model was similar to the ESM
when evaluating hospitalization data before sepsis criteria
were met (ESM, 0.62 [95% CI, 0.61 to 0.63]; Baseline,
0.60 [95% CI, 0.59 to 0.61]) (Table 2). Regarding model
performance when sepsis predictions were on the basis of
earlier data from before treatment indicators, both models
performed worse, although the ESM’s drop in perfor-
mance was greater (ESM, 0.47 [95% CI, 0.46 to 0.48];
Baseline, 0.51 [95% CI, 0.50 to 0.52]).

Discussion

Recent work has emphasized the need to accurately frame
the evaluation of machine-learning models to understand
their potential for clinical impact.** In line with this idea,
we evaluated a commonly used sepsis risk prediction
model, the ESM, with respect to when a clinician places
an order for treatment indicating possible sepsis. We
found that for most individuals who developed sepsis,

NEJM Al

clinicians sent an order for an indicator of sepsis treat-
ment before the criteria for sepsis were met. In our analy-
ses excluding predictions after treatment indicators, the
ESM’s performance was no better than random and per-
formed significantly worse than its predictions using data
up to meeting the sepsis criteria. This suggests that the
ESM does not help to identify cases before clinical recog-
nition has occurred.

We focused on the ESM because of its prevalence in
health care systems across the United States. The clinical
utility and performance of the ESM have been topics of
recent interest across institutions.”>*°™** In our study, the
ESM demonstrated strong performance when using pre-
dictions across an entire hospitalization because these pre-
dictions included data after sepsis definitions were met.
Despite the ESM’s high AUROC, PPV, and sensitivity,
none of these predictions are clinically meaningful. The
ESM also demonstrated performance significantly better
than random for identifying cases before sepsis criteria
were met. These results were consistent with previous eva-
luations, where the ESM performed similarly at the same
institution using predictions before sepsis onset, and other
institutions found strong performance when using all pre-
dictions during a stay.'” However, in contrast to past work,
we focused on measuring the performance of the ESM
with respect to when a clinician placed an order for a
treatment indicator. In line with the type of evaluation
proposed by Beaulieu-Jones et al.,** this helped to shed
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Table 2. Performance of the Epic Sepsis Model and Baseline Model under Different Evaluation Schemes.*

Evaluation Scheme

Using predictions before sepsis criteria are met

Using predictions before treatment indicators

ESM Performance, AUROC (95% Cl)

0.62 (0.61 to 0.63)
0.47 (0.46 to 0.48)

Baseline Model Performance, AUROC (95% ClI)

0.60 (0.59 to 0.61)
0.51 (0.50 to 0.52)

* AUROC denotes area under the receiver operating characteristic curve; Cl, confidence interval; and ESM, Epic sepsis model.

light on whether the ESM was simply relying on human
intuition (i.e., looking over the shoulders of clinicians) or
actually augmenting clinical knowledge in predicting the
likelihood of sepsis. Through our analysis, we found that
most of the discriminative ability of the ESM during stan-
dard evaluation was attributable to predictions made after
clinicians recognized sepsis and initiated treatment. When
evaluating predictions made before clinical recognition,
the model achieved a PPV of 5%, far below the recom-
mended threshold of 60%.** This means that 95% of
alerts sent to clinicians by the ESM were for individuals
who did not acquire sepsis during their stay, which could
contribute to a large burden of alert fatigue. Moreover,
false alarms could result in potentially harmful overuse of
treatments, such as antibiotics. False alarms might also
divert resources away from patients who acquired sepsis
during their stay but were not flagged as high risk, thus
contributing to delays in treatment. In our evaluation, the
ESM flagged only one in five cases of sepsis as high risk.
Hence, if clinicians were to follow the ESM, the remaining
80% of sepsis cases might not receive timely monitoring
and treatment. Once allowed to make predictions up until
the time of the sepsis criteria being met, the model flagged
nearly twice as many sepsis cases correctly. However, at
that point of clinical recognition, the model would not be
providing clinicians with any new knowledge. The poor
performance of the ESM within this context helps to
explain other recent work evaluating the ESM, which
found that the ESM scores often did not cross the alert
threshold for sepsis until after antibiotics were given or
after lactate was measured.” Through our new evaluation
framework, we determined that the ESM was unable to iden-
tify patients with sepsis before treatments were initiated.

In a large majority of the sepsis population, clinicians
ordered treatment before sepsis criteria were met. We
found that the ESM performance dropped most when we
evaluated on the basis of predictions made before orders
for blood cultures, followed by predictions before orders
for lactate measurements and antibiotics. The drop in the
ESM’s performance when relying on only predictions made
before blood culture orders might in part be explained
by how clinicians use blood cultures in practice because
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clinicians might order these when they have a strong suspi-
cion that a person will develop sepsis.** The poor per-
formance when predictions used only data from before
antibiotic orders helped explain findings in recent work by
Burgin et al.,* who reported no improvement in the time
to antibiotics for patients with sepsis when using the ESM.
These findings suggest that the ESM might not be useful in
guiding the timing of antibiotic administration before clini-
cians have made that decision. We hypothesize that this
poor performance might be attributed to the inclusion of
antibiotics as a predictor in the ESM. Moreover, ESM per-
formance deteriorated more when it was evaluated with
respect to diagnostic orders compared with treatment
orders. This suggested that the ESM’s predictive accuracy
was improved by relying on human clinical intuition: that
is, when diagnostic orders were placed. In addition, diag-
nostic orders tended to occur before treatment indicators
(Fig. 2), making the task more difficult from a timing
p?pective.

The degradation in performance of the ESM before treat-
ment indicators was likely because of a combination of
the model’s reliance on treatment indicators and the lim-
ited availability of data earlier in a patient’s hospitaliza-
tion. There were fewer orders earlier than later in the
visit, which in turn, resulted in less data available as input
to the algorithm and thus, worse performance. Nonethe-
less, even before treatment, the ESM had a nonnegligible
amount of data to use in making its predictions. To further
disentangle the effects of utilizing less data earlier in a
patient’s hospitalization and removing data that included
treatment on performance, we compared the ESM with a
simple Baseline Model for sepsis risk prediction. The
Baseline Model was designed to focus on representations
of patient physiology rather than clinician behavior. The
greater drop in performance of the ESM compared with
the drop in performance of the Baseline Model suggested
its higher sensitivity to the timing of treatment, potentially
because of the ESM’s inclusion of features that incorpo-
rated clinical intuition.

Our study is not without limitations. First, we identified
sepsis on the basis of a composite definition and identified
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the ordering time of indicators for sepsis treatment accord-
ing to this definition. However, sepsis definitions are still
debated.*>***> Next, we used our proposed evaluation
scheme to assess only two models: the ESM and our Base-
line Model. Importantly, our goal was not to find the best
sepsis risk model but rather, to gain insights into how our
proposed evaluation scheme would affect our understand-
ing of a model’s performance. Furthermore, our study was
performed at a single medical center. However, our cohort
was large and represented many subpopulations of interest,
providing meaningful representation. Researchers could
consider using our evaluation scheme to assess the perfor-
mance of multiple models in a variety of institutions and
settings and to understand a model’s performance before
it used data indicating clinical intuition. Moreover, we
focused on understanding how our new evaluation scheme
assessed the discriminative performance of the ESM; in
our evaluation, we did not account for the uncertainty of
individual predictions because the ESM only provided point
estimates of risk. Researchers have begun to consider how
to quantify prediction uncertainty at an individual level for
classification tasks.*® Incorporating these models for sepsis
risk prediction could help us understand the effect of
different evaluation milestones on individual-level uncer-
tainty. Finally, we evaluated the ESM using scores that
could generate Epic alerts. However, past work has shown
that the discriminative performance of the Epic model is
similar for patients with Covid-19 and patients without
Covid-19, despite the large difference in alerts.*” More-
over, the ESM’s performance in our analysis was similar to
that in a previous study that removed alert-eligible hospita-
lizations.”” Hence, we expect that our findings would not
be affected by the potential of Epic to generate alerts from
the data.

This study has significant implications for the develop-
ment and evaluation of clinically useful models for sepsis
prediction. Although we have focused on sepsis, our work
also has implications for the development and evaluation
of predictive models for other clinically relevant diseases.
When designing Al models, researchers need to consider
that features could inadvertently encode clinical suspicion,
such as medications, laboratory tests, and treatments,
thus suggesting strong performance in retrospective stud-
ies but failing to identify new cases that a clinician has
not yet recognized. Model developers should carefully
consider the inputs and observation period used during
model training. Incorporating data from windows after
treatment onset may encourage the model to rely on
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features that could leak clinical suspicion to maximize
model performance. Our results emphasize the impor-
tance of rigorous evaluation to better understand how
these models can affect clinical care and improve patient
outcomes.
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