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Abstract

OBJECTIVE—Studies in sepsis are limited by heterogeneity regarding what constitutes suspicion
of infection. We sought to compare potential suspicion criteria using antibiotic and culture order
combinations in terms of patient characteristics and outcomes. We further sought to determine the
impact of differing criteria on the accuracy of sepsis screening tools and early warning scores.

DESIGN—Observational cohort study

SETTING—Academic center from November 2008 until January 2016
PATIENTS—Hospitalized patients outside the intensive care unit (ICU)
INTERVENTIONS—None

MEASUREMENTS AND MAIN RESULTS—Six criteria were investigated: 1) any culture; 2)
blood culture; 3) any culture plus intravenous (1V) antibiotics; 4) blood culture plus IV antibiotics;
5) any culture plus IV antibiotics for at least four of seven days; and 6) blood culture plus 1V
antibiotics for at least four of seven days. Accuracy of the quick Sepsis-related Organ Failure
Assessment (QSOFA) score, SOFA score, systemic inflammatory response system (SIRS) criteria,
the National and Modified Early Earning Score (NEWS and MEWS), and the electronic Cardiac
Aurrest Risk Triage (eCART) score were calculated for predicting ICU transfer or death within 48
hours of meeting suspicion criteria. A total of 53,849 patients met at least one infection criteria.
Mortality increased from 3% for group 1 to 9% for group 6 and percentage meeting Angus sepsis
criteria increased from 20% to 40%. Across all criteria, score discrimination was lowest for SIRS
(median AUC 0.60) and SOFA score (median AUC 0.62), intermediate for gSOFA (median AUC
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0.65) and MEWS (median AUC 0.67), and highest for NEWS (median AUC 0.71) and eCART
(median AUC 0.73).

CONCLUSIONS—The choice of criteria to define a potentially infected population significantly
impacts on prevalence of mortality but has little impact on accuracy. SIRS was the least predictive
and eCART the most predictive regardless of how infection was defined.

Keywords

Systemic inflammatory response syndrome; sepsis; multiple organ failure; organ dysfunction
scores; early warning scores; SOFA; gSOFA

INTRODUCTION

Sepsis is one of the most deadly and costly medical conditions for hospitalized patients (1,
2). As such, healthcare policy and research have been aimed at early identification and
treatment of sepsis in an attempt to improve outcomes (3). Unfortunately, research in this
field is limited by the lack of a gold standard for defining sepsis. Historically, many
observational studies have relied on billing data, in the form of ICD-9 codes, to identify
patients with sepsis (4, 5). However, this method has been shown to have low sensitivity (5,
6). Seymour and colleagues, in their recently published derivation of the quick Sepsis-
related Organ Failure Assessment (qSOFA) score, used one specific combination of culture
orders and antibiotic administration within a predefined time window to define patients with
suspicion for infection (7). However, there are many possible combinations of culture orders
and antibiotic use that likely represent different degrees of suspicion of infection, from
culture orders without subsequent antibiotics to antibiotics that are continued for several
days. Furthermore, the criteria used for infection suspicion are, on the one hand, subjective
and, on the other hand, only reflect iatrogenic enthusiasm and not objective evidence of
infection. These various combinations may result in important differences in patient
outcomes in the study cohort as well as measured accuracy of tools designed to risk stratify
septic patients.

Therefore, we aimed to compare the accuracy of gSOFA, SOFA, the systemic inflammatory
response syndrome (SIRS) criteria, and general early warning scores for predicting
outcomes across different suspicion of infection criteria in hospitalized patients outside the
intensive care unit (ICU). We also sought to compare patient characteristics and outcomes
across these different criteria.

MATERIALS AND METHODS

Data collection

In this secondary analysis of prospectively collected data, all adult patients admitted to the
University of Chicago Medicine from November 2008 to January 2016 were eligible for
study inclusion. Vital signs, laboratory values, orders (e.g., blood cultures) and demographic
data were collected by the University of Chicago’s Clinical Research Data Warehouse from
the electronic health record (EHR) (Epic; Verona, WI). These data were then de-identified
and made available on a secure SQL server for analysis. The University of Chicago
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Institutional Review Board approved the study protocol for this project as non-human
subject research (IRB #15-1705).

Defining potentially infected patients

Six criteria meant to signify varying levels of suspicion of infection were created using EHR
data based on culture orders and antibiotic administration: 1) any culture; 2) blood culture;
3) any culture plus intravenous (1V) antibiotics; 4) blood culture plus IV antibiotics; 5) any
culture plus 1V antibiotics for at least four out of seven days; and 6) blood culture plus 1V
antibiotics for at least four out of seven days. This final criterion is meant to identify a
patient subgroup highly likely to be infected but also allowing for “skip days” in antibiotic
therapy that might occur, for example, in patients with renal failure. For criteria 5 and 6, if a
patient received antibiotics but died before the seven-day period was completed then they
were still included in these definitions. These combinations of cultures and antibiotics were
chosen to represent a range of suspicion of infection, from low (1 and 2) to high (5 and 6).
The time window for culture and antibiotic orders used in this study was the same as in the
original gSOFA paper, with either a culture order followed by an antibiotic within 72 hours
or an antibiotic followed by a culture order within 24 hours (7). The time of first culture or
IV antibiotic was denoted as the time of suspicion of infection, and only admissions first
meeting the criteria in the emergency department or wards were included. Two pharmacists
reviewed the antibiotics to ensure that they were treatment dose, and prophylactic dose
antibiotics were excluded, as previously described (8).

Score calculation

Data from admission until the time that a patient first met each of the suspicion of infection
criteria were used to calculate SIRS, SOFA, and gSOFA (7, 9), as well as two general early
warning scores, the Modified Early Warning Score (MEWS) (10), the National Early
Warning Score (NEWS) (11), and the electronic Cardiac Arrest Risk Triage (eCART) score
(12). The MEWS and NEWS are commonly used vital sign based scores and the eCART
score is a statistically derived random forest algorithm that includes vital signs, laboratory
values, and patient demographics. Only scores calculated in the emergency department and
wards were included in the analyses. In addition, non-physiologic values were changed to
missing, as previously described (13).

Statistical Analysis

Descriptive statistics for patients meeting the different infection criteria were presented,
including the proportion of patients who met Angus sepsis criteria using ICD-9 billing codes
(4). Accuracy was calculated for predicting an ICU stay or death within 48 hours of the time
of first suspicion of infection using the highest value of each score calculated outside the
ICU from admission until the time of first suspicion. Scores were compared using the area
under the receiver operating characteristic curve (AUC), sensitivity, and specificity. Two-
tailed p-values <0.05 were considered statistically significant, and all analyses were
performed using Stata version 14.1 (StataCorps; College Station, Texas).
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RESULTS

Study population

In total, 150,288 patients were hospitalized during the study period and therefore eligible for
inclusion. The final study cohort included a total of 53,849 patients who met at least one
infection criteria in the emergency department (ED) or wards. Of this cohort, 57%
(n=30,677) received at least one dose of IV antibiotics and 31% (n=16,596) received at least
4 days of IV antibiotics in a 7-day period. The median time prior to the combined outcome
was 10 hours for any culture order (IQR 4-51 hours), 8 hours for antibiotics (IQR 2-33
hours), and 7 hours for blood culture orders (IQR 2-49 hours). Distributions of age, sex, and
race were similar across the different criteria (Table 1). Moving from criteria 1 (any culture)
to 6 (blood cultures plus at least four days of antibiotics), the proportion of patients who met
Angus sepsis billing criteria, were transferred to the ICU, received a vasopressor, or died
increased. For example, 20% (n=10,527) of patients who had any culture met Angus ICD-9
sepsis criteria, compared to 40% (n=5,877) of patients who had a blood culture and at least
four days of antibiotics. Seventeen percent of patients with any culture were transferred to
the ICU, 6% received a vasopressor, and 3% died. In comparison, of patients with a blood
culture and at least 4 days of antibiotics, 33% were transferred to the ICU, 14% received a
vasopressor, and 9% died. Mortality steadily increased from criteria 1 (any culture) to
criteria 6 (blood cultures plus at least four days of antibiotics) (Figure 1).

Accuracy comparisons

Across all criteria of infection, overall accuracy for predicting the composite outcome in the
48 hours following the time of infection suspicion was lowest for SIRS (median AUC 0.60
(range 0.60-0.61)) and SOFA (median AUC 0.62 (range 0.60-0.63)), intermediate for
gqSOFA (median AUC 0.65 (range 0.62-0.66)) and MEWS (median AUC 0.67 (range 0.66—
0.68)) and highest for NEWS (median AUC 0.71 (range 0.68-0.71)) and eCART (median
AUC 0.73 (range 0.72-0.73)) (Figure 2). For the definition with the highest mortality (i.e.,
blood cultures plus at least four days of antibiotics), the AUC was 0.60 (95% CI 0.59-0.61)
for SIRS, 0.66 (95% CI 0.65-0.67) for gSOFA, 0.67 (95% CI 0.66-0.69) for MEWS, 0.71
(95% 0.70-0.72) for NEWS, and 0.73 (0.72-0.74) for eCART. eCART was significantly
more accurate than NEWS, with P<0.001. A post-hoc analysis of a model that combined
gqSOFA and SIRS (i.e., gSOFA plus SIRS) had a median AUC of 0.65 (range 0.64-0.66). As
shown in the Figure, accuracy varied little for each score across the varying criteria,
although the accuracy of qSOFA, SOFA, and NEWS were lower in the groups that did not
require antibiotics for inclusion compared to the criteria used in the original gSOFA study.
The sensitivity of gSOFA =1 ranged from 69-73% at a 51-57% specificity. At cut-offs with
a similar sensitivity to qSOFA =1, the specificity of MEWS ranged from 51-57% and the
specificity of eCART ranged from 61-65% (Table 2). The sensitivity of SIRS =2 ranged
from 66-69% at a specificity of 46-52%, compared to the sensitivity of gSOFA =2, which
ranged from a sensitivity of 18-23% at 91-94% specificity. At a cut-off with a similar
specificity to qSOFA =2, the sensitivity of MEWS =6 ranged from 17-21%, the sensitivity
of NEWS =9 ranged from 20-25%, and the sensitivity of eCART =25 ranged from 25-30%
(Table 3).
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DISCUSSION

In this study comparing different methods of identifying potentially infected patients using
EHR data, we found that patient outcomes varied widely depending on the criteria used.
Patients identified using the strictest criteria (blood cultures plus four days of antibiotics)
had a threefold higher in-hospital mortality compared to those using any culture as the
criteria of infection. However, the accuracy of risk stratification algorithms was not impacted
appreciably. Specifically, we found both eCART to be the most accurate algorithm studied,
followed by NEWS, MEWS, and gSOFA, with the SIRS criteria being the least accurate,
regardless of how suspicion of infection was defined. These findings extend our prior work
(8), where we found that NEWS had higher discrimination than gSOFA when using the
same definition of suspicion of infection as in the original paper by Seymour et al.

Despite the hallmarks of sepsis being first recognized over two millennia ago, there is still
no gold standard for its diagnosis (14, 15). This problem is further compounded when the
goal is to study sepsis epidemiology, risk factors, and outcomes in large patient cohorts. For
example, although ICD-9 codes have been widely used to study sepsis trends over time, they
have been found to have low sensitivity, missing over one-third of patients on the wards who
develop severe sepsis or septic shock (5, 6). Investigating combinations of antibiotics and
culture orders, as was done in the original gSOFA paper, has the advantage of identifying a
specific time point where infection was first suspected (7). It is also possible that these
orders might be more accurate than billing codes for identifying septic patients
retrospectively. However there are a large number of potential combinations of antibiotics
and culture orders that are possible, in addition to choosing a time window in which these
orders need to occur. Our data illustrate the importance of determining which of these
combinations most accurately identifies infected patients for large-scale studies investigating
the incidence or outcomes of septic patients due to the wide variability in outcomes
depending on the criteria used.

The proliferation of EHRSs across the country has also spurred research using large datasets
to develop models to identify high-risk patients with sepsis (7, 16, 17). Although ICD-9
codes can be used to identify patients for these studies, they lack a specific time component
regarding the onset of sepsis. Therefore, it is likely that studies that utilize combinations of
infection-related orders to identify these patients will become more common over time. Our
study clearly demonstrated that the accuracy of several tools varied little based on the
criteria used. The fact that these differing criteria resulted in similar model accuracy
suggests that the vital sign abnormalities that predict adverse outcomes in infected patients
are similar to those that predict outcomes in other conditions. Although this idea deserves
further research, it is bolstered by the fact that NEWS, MEWS and eCART, which are early
warning scores designed for use on the general wards in all patients, were as accurate or
more accurate than both SIRS and gSOFA. SOFA was less accurate than these scores, likely
because it includes several laboratory parameters, which may not be readily available early
on in a patient’s admission, and only data up to the time of initial suspicion of infection was
included in this study. Our findings also suggest that non-specific early warning scores can
play an important role in sepsis risk stratification.
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The greater accuracy of eCART compared to the other scores in this study illustrates the
potential for statistically developed scores that utilize advanced statistical methods to
improve the detection of high risk infected patients (12, 18). As access to EHR data becomes
ubiquitous around the country and other parts of the world, a shift toward more complex and
accurate clinical decision support tools will occur. Furthermore, when deciding between
SIRS and gSOFA the decision has to be made regarding selecting a score with high
sensitivity (SIRS) or high specificity (qQSOFA), without the ability to select a threshold that
has both characteristics at the time of infection suspicion. The ability of the EHR to both
collect and then calculate more complex scores makes simplifying models unnecessary (19).
Several groups have already developed complex models for accurately identifying septic
patients in the emergency department and on the wards (16, 17), with other studies showing
improved processes of care due to early detection through EHR alerting (20-22). However,
hospitals need to consider the relative improvements in accuracy of these complex models
when compared to more standard scores, such as NEWS, in light of the challenges and costs
that come with implementing machine learning models in practice.

Our study has several limitations. First, it is a single center investigation and thus the
findings may not be generalizable to other settings. In addition, we did not investigate all
possible combinations of infection related orders or vary the time window for these orders
due to the sheer number of possible iterations. Finally, it is unknown which of the patients in
our large dataset truly were infected given that manual chart review was not feasible in this
large cohort of over 50,000 patients.

CONCLUSIONS

In conclusion, patients identified as infected using different combinations of antibiotic and
culture orders had a wide range of outcomes, including in-hospital mortality. However, the
accuracy of both sepsis-specific and general early warning scores were similar across these
criteria, with eCART being most accurate, followed by NEWS, MEWS and gSOFA, and
then the SIRS criteria and SOFA score being least accurate. Future work is needed to
determine which suspicion criteria most accurately identifies infected patients before these
methods are used in studies on sepsis epidemiology and outcomes in large EHR datasets.
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