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BACKGROUND: The use of rapid response systems (RRS),
which were designed to bring clinicians with critical care ex-
pertise to the bedside to prevent unnecessary deaths, has
increased. RRS rely on accurate detection of acute deteri-
oration events. Early warning scores (EWS) have been used
for this purpose but were developed using heterogeneous
populations. Predictive performance may differ in medical vs
surgical patients.

OBJECTIVE: To evaluate the performance of published EWS
in medical vs surgical patient populations.

DESIGN: Retrospective cohort study.

SETTING: Two tertiary care academic medical center hospi-
tals in the Midwest totaling more than 1500 beds.

PATIENTS: All patients discharged from January to Decem-
ber 2011.

INTERVENTION: None.

MEASUREMENTS: Time-stamped longitudinal database of
patient variables and outcomes, categorized as surgical or
medical. Outcomes included unscheduled transfers to the
intensive care unit, activation of the RRS, and calls for car-
diorespiratory resuscitation (“resuscitation call”). The EWS
were calculated and updated with every new patient variable
entry over time. Scores were considered accurate if they pre-
dicted an outcome in the following 24 hours.

RESULTS: All EWS demonstrated higher performance within
the medical population as compared to surgical: higher pos-
itive predictive value (P < .0001 for all scores) and sensitivity
(P < .0001 for all scores). All EWS had positive predictive
values below 25%.

CONCLUSIONS: The overall poor performance of the eval-
uated EWS was marginally better in medical patients when
compared to surgical patients. Journal of Hospital Medicine
2017;12:217-223. © 2017 Society of Hospital Medicine

Patients typically show signs and symptoms of deterioration
hours to days prior to cardiorespiratory arrest.!* The rate of
inhospital cardiorespiratory arrest (CRA) requiring cardio-
pulmonary resuscitation is estimated to be 0.174 per bed per
year in the United States.’ After CRA, survival to discharge
is estimated to be as low as 18%.>* Efforts to predict and
prevent arrest could prove beneficial.!*

Rapid response systems (RRS) have been proposed as a
means of identifying clinical deterioration and facilitating
a timely response. These systems were designed to bring cli-
nicians with critical care expertise to the bedside to prevent
unnecessary deaths. They typically include an afferent limb
(detects deteriorating patients), an efferent limb (responds
to calls and acts to avoid further deterioration), and admin-
istrative and data analysis limbs.>® Automatic provision of
recommendations and computer-based systems are desirable
components of the afferent limb of the detection system.
Both are independent predictors of improved clinical prac-
tices for clinical decision support systems.” However, the
existing early warning scores (EWS) may not be ready for
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automation due to low positive predictive values (PPV) and
sensitivities.®

[t is possible that the low discriminatory accuracy of the
published EWS may be secondary to the use of aggregate
patient populations for derivation of scores. We hypothe-
sized that these EWS perform differently in medical and in
surgical subpopulations. Also, the EWS need to be tested
in a time-dependent manner to serve as a realistic clinical
support tool for hospitalized patients.

STUDY AIM
The aim of this study was to evaluate the differential perfor-
mance of widely used EWS in medical vs surgical patients.

METHODS

Site

The study was conducted in an academic center with 2 hos-
pitals in Southeastern Minnesota totaling approximately
1500 general care nonintensive care unit (ICU) beds. The
Mayo Clinic Institutional Review Board approved the re-
search proposal.

Subjects

Our retrospective cohort was comprised of all adult inpa-
tients discharged from 2 academic hospitals between January
1, 2011 and December 31, 2011 who spent any time in a
general care (non-ICU) unit. We excluded patients younger
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than 18 years, psychiatric or rehabilitation inpatients, those
without research authorization, and patients admitted for
research purposes.

Study patients were divided into medical and surgical co-
horts. Hospitalizations were considered surgical if patients
had surgery at any time during their hospital stay according
to billing data. A trigger was an instance in which a patient
met the conditions of a specific rule (score/vital sign exceed-
ed the published/defined threshold).

A resuscitation call was defined as a call for cardiopulmo-
nary resuscitation when a patient has a CRA.

An event was an occurrence of 1 of the following in a
general care setting: unplanned transfer to the ICU, resusci-
tation call, or RRS activation.

The RRS activation criteria consisted of an “acute and per-
sistent change” in any 1 or more of the following: oxygen sat-
urations less than 90%, heart rate less than 40 or greater than
130 beats/minute, systolic blood pressure less than 90 mm Hg,
or respiratory rate less than 10 or greater than 28 breaths/min-
ute. The RRS activation requires health provider action; they
are not electronically generated. Nurses and physicians may
also activate the RRS if they are concerned about a patient,
even if calling criteria are not met. This is in contrast to the
EWS analyzed, which are aggregate composites of multiple
parameters. However, whether or not a derangement in vital
signs is considered an “acute and persistent change” still in-
volves clinical judgment. Any movement from a general care
bed to an ICU bed, or from a general care bed to a procedure
area, and from there to an ICU, was considered unplanned.
Transfers to the ICU directly from the emergency department
or operating room (OR) were not considered as an unplanned
transfer and were not included in the analyses.

Coverage time was the period observed for events after
a rule was triggered. In this analysis, a coverage time of 24
hours was considered, with a 1-hour look-back. A trigger was
counted as a true positive if an event occurred during the
following 24 hours. The 1-hour look-back was included to
take into account the nursing clinical process of prioritizing
a call to the RRS followed by documentation of the altered
vital signs that prompted the call.

An episode was the continuous time on the general care
floor within a hospitalization, excluding times when a pa-
tient was in the OR or ICU. For example, if a patient was
admitted to a general bed on a surgery floor, subsequently
went to the OR, and then returned to the surgery floor, the
2 episodes were considered separate: the time on the floor
before surgery, and the time on the floor after surgery.

Assessment of implementation of RRS in our hospitals
showed a significant drop in the failure-to-rescue rate (issues
considered related to delay or failure to identify or intervene
appropriately when a patient was deteriorating, as identi-
fied through mortality review) and a decrease in non-ICU
mortality.>° This suggests that our current process captures
many of the relevant episodes of acute deterioration when a
rapid response team is needed and supports using RRS acti-
vation as outcomes.

Data Sources

We developed a time-stamped longitudinal database of pa-
tient data from the electronic health record, including vital
signs, laboratory test results, demographics (age, sex), ad-
ministrative data (including length of stay), comorbidities,
resuscitation code status, location in hospital, and at the
minute level throughout each patient’s hospital stay. Physi-
ologically impossible values (eg, blood pressures of 1200 mm
Hg) were considered entered in error and eliminated from
the database. Time spent in the OR or ICU was excluded
because RRS activation would not be applied in these al-
ready highly monitored areas. SAS Statistical software (SAS
Institute Inc. Cary, North Carolina) was used for database
creation.

We applied the current RRS calling criteria in our institu-
tion and calculated the Kirkland score,!! along with some of
the most widely used early warning scores:'? Modified Early
Warning System (MEWS), Standardized Early Warning
Scoring System (SEWS),* Global Modified Early Warning
Score (GMEWS),"® Worthing physiologic scoring system,!
National Early Warning Score (NEWS),'7 and VitaPAC
Early Warning Score (ViEWS).!® Published thresholds for
these scores were used to create rule triggers in the data.
Once a trigger was created to calculate the number of false
positives and true positives, all subsequent triggers were ig-
nored until the end of the episode or until 24 hours elapsed.
We calculated triggers in a rolling fashion throughout the
episodes of care. The EWS score was updated every time a
new parameter was entered into the analytical electronic
health record, and the most recent value for each was used
to calculate the score. SAS statistical software was used for
calculation of scores and identification of outcomes.

For our analysis, events were treated as dependent vari-
ables, and triggers were independent variables. We calculat-
ed the score for each EWS to the minute level throughout
our retrospective database. If the score for a specific EWS
was higher than the published/recommended threshold for
that EWS, an alert was considered to have been issued, and
the patient was followed for 24 hours. If the patient had an
event in the subsequent 24 hours, or 1 hour before (1-hour
look-back), the alert was considered a true positive; if not,
a false positive. Events that were not preceded by an alert
were false negatives, and 24-hour intervals without either an
alert or an event were considered true negatives. This simu-
lation exercise was performed for each EWS in both subco-
horts (medical and surgical). Clusters of RRS calls followed
by transfers to the ICU within 3 hours were considered as a
single adverse event (RRS calls, as it was the first event to
occur) to avoid double counting. We have described how
well this simulation methodology,? correlates with results
from prospective studies.'’

Statistical Analysis

To calculate whether results were statistically significant for
subgroups, a jackknife method of calculating variance?® was
used. The jackknife method calculates variance by repeating
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TABLE 1. Patient Characteristics, Events, and Triggers

All Surgical Medical
Patient characteristics
Total patients (N9 34,898 20,176 14,722
Male patients (N [%]) 17,001 (48.7%) 10,368 (51.4%) 6633 (45.1%)
Age (mean) 58.6 58.9 58.2
Total hospitalizations 46,366 23,831 22,535
Total episodes (N) 75,240 46,275 28,965
Total time points (N) 16,780,669 11,878,268 4902,401
LoS (d)?
LOS, hospitalization (median, quartiles)
25% 2 2 2
50% 3 3 3
75% 6 6 5
LOS, episode. (median, quartiles)
25% 0 0 1
50% 2 2 2
75% 3 3 4
Events®
Total events 3,517 1,820 1,697
RRS calls 1,865 786 1,079
Code 45 203 119 84
Unscheduled transfer to ICU 1,449 915 534
Event rate
Total events/100 episodes 4.67 3.93 5.86
RRS calls/100 episodes 2.48 1.70 3.73
Code 45/100 episodes 0.27 0.26 0.29
Unscheduled transfers to ICU/100 episodes 1.93 1.98 1.84
Triggers by rule
RRT 174,014 101,190 72,824
GMEWS 5,043 2,338 2,705
MEWS 51,693 27,386 24,307
SEWS 116,753 63,370 53,383
VIEWS 1,375,831 818,695 557,136
Worthing 1,175,736 685,693 490,043
Kirkland 602,441 321,605 280,836
Triggers/d/10 hospital beds
RRT 3.0 3.1 29
GMEWS 0.1 0.1 0.1
MEWS 09 0.8 1.0
SEWS 2.0 19 2.1
VIEWS 23.8 249 224
Worthing 20.3 20.8 19.7
Kirkland 10.4 9.8 11.3

#Patients are classified as surgical if they had at least 1 surgical hospitalization during the study period. All other metrics shown here (eg, events, triggers) are calculated per hospitalization. Hence, the total number of events for the

medical group is the total number of events for all medical hospitalizations.

“Events and triggers are assigned to the group where a patient was when the event took place. “Triggers” refers to the number of instances when a patient met the EWS'’ triggering criteria recommended by the authors.
NOTE: Abbreviations: GMEWS, Global Modified Early Warning Score; ICU, intensive care unit; LOS, length of stay; RRS, rapid response systems; RRT, rapid response team calling criteria; SEWS, Standardized Early Warning Scoring

System; VIEWS, VitaPAC Early Warning Score.

the calculations of the statistic leaving out 1 sample at a
time. In our case, we repeated the calculation of sensitivity
and PPV leaving out 1 patient at a time. Once the simula-
tion method had been run and the false/true positives/neg-
atives had been assigned, calculation of each metric (PPV
and sensitivity) was repeated for n subsamples, each leaving
out 1 patient. The variance was calculated and 2 Student t
tests were performed for each EWS: 1 for PPV and anoth-
er for sensitivity. SAS statistical software v 9.3 was used for
the simulation analysis; R statistical software v 3.0.2 (The R
Foundation, Vienna, Austria) was used for the calculation of

the statistical significance of results. A univariable analysis
was also performed to assess the sensitivity and PPVs for the
published thresholds of the most common variables in each
EWS: respiratory rate, systolic blood pressure, heart rate,
temperature, and mental status as measured by the modified
Richmond Agitation Sedation Score.?!

RESULTS

The initial cohort included 60,020 hospitalizations, of which
the following were excluded: 2751 because of a lack of ap-
propriate research authorization; 6433 because the patients
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TABLE 2. Comparison of the Predictive Performance of Widely Used EWS in a Surgical and a Medical

Population?
Alerts (n) Sensitivity PPV
Medical Surgical Medical Surgical Medical Surgical
N N Mean SD Mean SD Mean SD Mean SD

GMEWS 688 675 0.10 0.007 0.07 0.006 0.22 0.013 0.18 0.013
KIRKL 14,210 14,560 0.58 0.008 0.49 0.008 0.06 0.002 0.06 0.002
MEWS 4040 3957 0.37 0.009 0.29 0.009 0.14 0.005 0.13 0.005
NEWS 14,269 16,197 0.64 0.007 0.53 0.008 0.07 0.002 0.06 0.002
RRT 13,5627 16,120 0.59 0.008 0.53 0.008 0.07 0.002 0.06 0.002
SEWS 7832 9116 0.51 0.008 0.40 0.009 0.10 0.003 0.08 0.003
VIEWS 26,034 35,856 0.78 0.005 0.70 0.006 0.05 0.001 0.03 0.001
WRTH 33,602 44,109 0.78 0.005 0.68 0.006 0.04 0.001 0.03 0.001

2All analyzed EWS sensitivity and PPV perform better in the medical than in the surgical subpopulation.

NOTE: Abbreviations: EWS, early warning scores; GMEWS, Global Modified Early Warning Score; KIRKL, Kirkland score; MEWS, Modified Early Warning Score; PPV, positive predictive value; RRT, rapid response team calling criteria; SD,
standard deviation; SEWS, Standardized Early Warning Scoring System; VIEWS, VitaPAC Early Warning Score; WRTH, Worthington physiologic scoring system.

were younger than 18 years; 2129 as psychiatric admissions;
284 as rehabilitation admissions; 872 as research purpos-
es-only admissions; and 1185 because the patient was never
in a general care bed (eg, they were either admitted directly
to the ICU, or they were admitted for an outpatient surgical
procedure and spent time in the postanesthesia care unit).

Table 1 summarizes patient and trigger characteristics,
overall and by subgroup. The final cohort included 75,240
total episodes in 46,366 hospitalizations, from 34,898 unique
patients, of which 48.7% were male. There were 23,831
medical and 22,535 surgical hospitalizations. Median length
of episode was 2 days both for medical and surgical patients.
Median length of stay was 3 days, both for medical and for
surgical patients.

There were 3332 events in total, of which 1709 were RRS
calls, 185 were resuscitation calls, and 1438 were unsched-
uled transfers to the ICU. The rate of events was 4.67 events
per 100 episodes in the aggregate adult population. There
were 3.93 events per 100 episodes for surgical hospitaliza-
tions, and 5.86 events per 100 episodes for medical hospi-
talizations (P < .001). The number of CRAs in our cohort
was 0.27 per 100 episodes, 0.128 per hospital bed per year, or
4.37 per 1000 hospital admissions, similar to other reported
numbers in the literature.> 22

The total number of EWS triggers varied greatly between
EWS rules, with the volume ranging during the study year
from 1363 triggers with the GMEWS rule to 77,711 triggers
with the ViEWS score.

All scores had PPVs less than 25%. As seen in Table 2
and shown graphically in the Figure, all scores performed
better on medical patients (blue) than on surgical patients
(yellow). The P value was < .0001 for both PPV and sensi-
tivity. The Worthing score had the highest sensitivity (0.78
for medical and 0.68 for surgical) but a very low PPV (0.04
for medical and 0.03 for surgical), while GMEWS was the
opposite: low sensitivity (0.10 and 0.07) but the highest
PPV (0.22 and 0.18).

Theresults of the univariable analysis can be seen in Table 3.
Most of the criteria performed better (higher sensitivity and
PPV) as predictors in the medical hospitalizations than in
the surgical hospitalizations.

DISCUSSION

We hypothesized that EWS may perform differently when
applied to medical rather than surgical patients. Studies had
not analyzed this in a time-dependent manner,?*?¢ which
limited the applicability of the results.®

All analyzed scores performed better in medical patients
than in surgical patients (Figure). This could reflect a behav-
ioral difference by the teams on surgical and medical floors
in the decision to activate the RRS, or a bias of the clini-
cians who designed the scores (mostly nonsurgeons). The
difference could also mean that physiological deteriorations
are intrinsically different in patients who have undergone
anesthesia and surgery. For example, in surgical patients, a
bleeding episode is more likely to be the cause of their phys-
iological deterioration, or the lingering effects of anesthesia
could mask underlying deterioration. Such patients would
benefit from scores where variables such as heart rate, blood
pressure, or hemoglobin had more influence.

When comparing the different scores, it was much easier
for a patient to meet the alerting score with the Worthing
score than with GMEWS. In the Worthing score, a respira-
tory rate greater than 22 breaths per minute, or a systolic
blood pressure less than 100 mm Hg, already meet alerting
criteria. Similar vital signs result in O and 1 points (respec-
tively) in GMEWS, far from its alerting score of 5. This re-
flects the intrinsic tradeoff of EWS: as the threshold for con-
sidering a patient “at risk” drops, not only does the number
of true positives (and the sensitivity) increase, but also the
number of false positives, thus lowering the PPV.

However, none of the scores analyzed were considered to
perform well based on their PPV and sensitivity, particularly
in the surgical subpopulation. Focusing on another metric,
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TABLE 3. Univariable analysis in the medical and
surgical subpopulations?

Sensitivity PPV
Criteria
Medical Surgical Medical Surgical

RR <8 0.018 0.036 0.019 0.030
RR <15 0.218 0.323 0.023 0.016
RR >20 0.621 0.511 0.048 0.045
RR >22 0.546 0.427 0.060 0.055
RR >25 0.414 0.308 0.085 0.079
RR >30 0.229 0.162 0.124 0.110
RR >35 0.137 0.097 0.162 0.133
HR <40 0.078 0.077 0.041 0.003
HR <50 0.131 0.138 0.027 0.026
HR >100 0.599 0.558 0.040 0.031
HR >110 0.478 0.413 0.061 0.046
HR >120 0.332 0.288 0.087 0.066
HR >130 0.229 0.187 0.118 0.088
HR >140 0.137 0.114 0.139 0.103
SBP <70 0.069 0.085 0.162 0.139
SBP <80 0.165 0.175 0111 0.092
SBP <90 0.290 0.290 0.057 0.048
SBP <100 0.432 0.421 0.031 0.025
SBP >180 0.078 0.091 0.042 0.054
SBP >200 0.034 0.027 0.085 0.090
SBP >220 0.011 0.008 0.131 0.107
Sp0, <88 0.408 0.353 0.054 0.034
Sp0, <90 0.522 0.452 0.043 0.028
Sp0, <91 0.590 0.514 0.037 0.025
Sp0, <92 0.657 0.605 0.031 0.022
Sp0, <94 0.795 0.786 0.023 0.018
Sp0, <95 0.844 0.848 0.020 0.016
Sp0, <96 0.905 0.909 0.019 0.015
Temp <34.5° 0.008 0.008 0.052 0.076
Temp <35° 0.018 0.013 0.044 0.048
Temp <35.5° 0.032 0.020 0.035 0.038
Temp >38° 0.151 0.110 0.069 0.066
Temp >38.5° 0.103 0.078 0.082 0.110
Temp >39° 0.070 0.050 0.095 0.142
Temp >40° 0.004 0.003 0.291 0.400
mRASS # 0 0.566 0.550 0.030 0.023
mRASS >1 or <-1 0.201 0.159 0.039 0.147
mRASS >2 or <-2 0.081 0.058 0.147 0.114
mRASS >3 or <-3 0.044 0.034 0.191 0.193

Table shows the sensitivity and positive predictive value in the following 24 hours after a patient meets each of
the criteria.

NOTE: Abbreviations: HR, heart rate (beats/minute); mRASS, modified Richmond Agitation Sedation Score (+4 to
-5); RR, respiratory rate (breaths/minute); PPV, positive predictive value; SBP, systolic blood pressure (mm Hg);
SpO,, peripheral oxygen saturation (%); temp, temperature (C).

% <& GMEWS med
| GMEWS surg
| A MEWS med
MEWS sur
0.15 A 9

0.20

O SEWS med
SEWS surg
% Kirkland med
' Kirkland surg
-] + O RRT med
RRT surg
+ NEWS7 med
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VIEWS surg
= Worthing med
Worthing surg

Positive Predictive Value
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FIG. Performance of scores in medical and surgical patients.

NOTE: Abbreviations: GMEWS, Global Modified Early Warning Score; Kirkland, Kirkland score; med, medical;
MEWS, Modified Early Warning Score; NEWS 7, National Early Warning Score 7; RRT, rapid response team; SEWS,
Standardized Early Warning Scoring System; surg, surgical; VIEWS, VitaPAC Early Warning Score; Worthing,
Worthington physiologic scoring system.

the area under the receiver operator curve can give mis-
leadingly optimistic results.”**” However, the extremely low
prevalence of acute physiological deterioration can produce
low PPVs even when specificity seems acceptable, which is
why it is important to evaluate PPV directly.?®

To use EWS effectively to activate RRS, they need to be
combined with clinical judgment to avoid high levels of
false alerts, particularly in surgical patients. It has been re-
ported that RRS is activated only 30% of the time a patient
meets RRS calling criteria.?? While there may be cultural
characteristics inhibiting the decision to call,’*® our study
hints at another explanation: if RRS was activated every
time a patient met calling criteria based on the scores an-
alyzed, the number of RRS calls would be very high and
difficult to manage. So health providers may be doing the
right thing when “filtering” RRS calls and not applying the
criteria strictly, but in conjunction with clinical judgment.

A limitation of any study like this is how to define “acute
physiological deterioration.” We defined an event as recog-
nized episodes of acute physiological deterioration that are
signaled by escalations of care (eg, RRS, resuscitation calls,
or transfers to an ICU) or unexpected death. By definition,
our calculated PPV is affected by clinicians’ recognition of
clinical deteriorations. This definition, common in the lit-
erature, has the limitation of potentially underestimating
EWS’ performance by missing some events that are resolved
by the primary care team without an escalation of care.
However, we believe our interpretation is not unreasonable
since the purpose of EWS is to trigger escalations of care in a
timely fashion. Prospective studies could define an event in
a way that is less affected by the clinicians’ judgment.

Regarding patient demographics, age was similar between
the 2 groups (average, 58.2 years for medical vs 58.9 years
for surgical), and there was only a small difference in gender
ratios (45.1% male in the medical vs 51.4% in the surgical
group). These differences are unlikely to have affected the
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results significantly, but unknown differences in demograph-
ics or other patient characteristics between groups may ac-
count for differences in score performance between surgical
and medical patients.

Several of the EWS analyzed had overlapping trigger
criteria with our own RRS activation criteria (although as
single-parameter triggers and not as aggregate). To test how
these potential biases could affect our results, we performed
a post hoc sensitivity analysis eliminating calls to the RRS as
an outcome (so using the alternative outcome of unexpected
transfers to the ICU and resuscitation calls). The results are
similar to those of our main analysis, with all analyzed scores
having lower sensitivity and PPV in surgical hospitalizations
when compared to medical hospitalizations.

Our study suggests that, to optimize detection of physi-
ological deterioration events, EWS should try to take into
account different patient types, with the most basic distinc-
tion being surgical vs medical. This tailoring will make EWS
more complex, and less suited for paper-based calculation,
but new electronic health records are increasingly able to in-
corporate decision support, and some EWS have been devel-
oped for electronic calculation only. Of particular interest in
this regard is the score developed by Escobar et al,’! which
groups patients into categories according to the reason for
admission, and calculates a different subscore based on that
category. While the score by Escobar et al. does not split pa-
tients based on medical or surgical status, a more general in-
terpretation of our results suggests that a score may be more
accurate if it classifies patients into subgroups with different
subscores. This seems to be confirmed by the fact that the
score by Escobar et al performs better than MEWS.? Un-
fortunately, the paper describing it does not provide enough
detail to use it in our database.

A recent systematic review showed increasing evidence
that RRS may be effective in reducing CRAs occurring in
a non-ICU setting and, more important, overall inhospital
mortality.? While differing implementation strategies (eg,
different length of the educational effort, changes in the
frequency of vital signs monitoring) can impact the suc-
cess of such an initiative, it has been speculated that the
afferent limb (which often includes an EWS) might be the
most critical part of the system.”> Our results show that the
most widely used EWS perform significantly worse on surgi-
cal patients, and suggest that a way to improve the accuracy
of EWS would be to tailor the risk calculation to different
patient subgroups (eg, medical and surgical patients). Plau-
sible next steps would be to demonstrate that tailoring risk
calculation to medical and surgical patients separately can
improve risk predictions and accuracy of EWS.

Disclosures: The authors report no financial conflicts of interest.
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