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Objectives: Despite wide adoption of rapid response teams 
across the United States, predictors of in-hospital mortality for 
patients receiving rapid response team calls are poorly character-
ized. Identification of patients at high risk of death during hospi-
talization could improve triage to intensive care units and prompt 
timely reevaluations of goals of care. We sought to identify predic-
tors of in-hospital mortality in patients who are subjects of rapid 
response team calls and to develop and validate a predictive 
model for death after rapid response team call.
Design: Analysis of data from the national Get with the Guide-
lines-Medical Emergency Team event registry.
Setting: Two-hundred seventy four hospitals participating in Get 
with the Guidelines-Medical Emergency Team from June 2005 to 
February 2015.
Patients: 282,710 hospitalized adults on surgical or medical 
wards who were subjects of a rapid response team call.
Interventions: None.
Measurements and Main Results: The primary outcome was death 
during hospitalization; candidate predictors included patient 
demographic- and event-level characteristics. Patients who died 

after rapid response team were older (median age 72 vs 66 yr), 
were more likely to be admitted for noncardiac medical illness 
(70% vs 58%), and had greater median length of stay prior to 
rapid response team (81 vs 47 hr) (p < 0.001 for all comparisons). 
The prediction model had an area under the receiver operating 
characteristic curve of 0.78 (95% CI, 0.78–0.79), with systolic 
blood pressure, time since admission, and respiratory rate being 
the most important variables.
Conclusions: Patients who die following rapid response team calls 
differ significantly from surviving peers. Recognition of these fac-
tors could improve postrapid response team triage decisions and 
prompt timely goals of care discussions. (Crit Care Med 2018; 
46:1041–1048)
Key Words: hospital medical emergency team; hospital rapid 
response team; machine learning; risk assessment

The prevalence of rapid response teams (RRTs) has 
increased dramatically since the concept’s introduction 
in the 1990s, with near ubiquitous adoption across the 

United States and other parts of the world (1, 2). These systems 
include an afferent component, which seeks to prospectively 
identify deteriorating hospitalized patients, and an efferent 
component, which aims to direct clinical resources and appro-
priately triage at-risk patients to higher levels of care. The over-
all purpose of this system is to reduce preventable in-hospital 
morbidity and mortality; however, whether RRTs achieve this 
goal is still unclear (3–7).

To date, a significant amount of RRT research has focused 
on the afferent function of RRTs, with many studies examin-
ing predictors of cardiac arrest and clinical deterioration for 
general wards patients as criteria for RRT activation (8–10). 
However, data to guide the efferent functions of RRTs, such as 
triaging patients to ICUs or initiating timely goals of care dis-
cussions, are limited. Despite the pervasiveness of RRTs, very 
little is known about outcomes and predictors of death for 
patients who are subjects of an RRT call. Given that severity of 
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illness is likely to differ significantly between all floor patients 
and those requiring RRT, existing score systems for identify-
ing high-risk floor patients, such as the National Early Warning 
System (NEWS), may not sufficiently differentiate high from 
low-risk RRT patients. Accurate risk stratification at the time 
of the RRT call could enable improved resource allocation, 
spur goals of care discussions, and allow for timely initiation of 
transfer to higher level of care for those at highest risk, with the 
potential to improve overall efficacy of rapid response systems.

The aims of this study are 1) to use a large, national regis-
try of RRT events to describe predictors of in-hospital mortal-
ity for patients receiving RRT calls, 2) to develop and validate 
a model to predict in-hospital death after RRT calls, and 3) 
to compare the performance of this model to the commonly 
employed NEWS score for predicting in-hospital mortality in 
patients who received RRT calls.

METHODS

Data Source
The Get With the Guidelines (GWTG) - Medical Emergency 
Team (MET) registry, a prospective, multicenter registry of 
patients with RRT activation, was used to perform this study. 
This registry is a component of the larger American Heart 
Association–sponsored GWTG research databases, for which 
the registry design has been previously described in detail by 
studies using the separate cardiac arrest GWTG-Resuscitation 
registry (11). Briefly, all patients with RRT activations were 
identified and enrolled by trained quality improvement per-
sonnel, and patient and event characteristics were recorded 
using standardized collection tool. Data accuracy within the 
database was ensured by certification of data entry staff, use of 
case-study methods for newly enrolled hospitals before sub-
mission of data, and use of standardized software with built-in 
checks for missing or outlying values. A reabstraction process 
has demonstrated a mean error rate of less than 5% for all data 
in the GWTG-Resuscitation (11). All participating GWTG 
institutions were required to comply with local regulatory 
and privacy guidelines and, if required, to secure institutional 
review board approval. Because data were used primarily at the 
local site for quality improvement, sites were granted a waiver 
of informed consent under the common rule.

Study Population
The study population was derived from data submitted on 
RRT events at all acute care hospitals participating in the 
GWTG-MET registry between June 2005 and February 2015 
and included all adult patients who were subjects of a RRT call 
while hospitalized on an inpatient ward, including those who 
were later transferred to the ICU. Data from hospitals with 
fewer than 50 RRT events recorded over the study period were 
excluded. Events with missing or pending patient survival data 
were excluded, as this was the primary study outcome. Events 
involving patients under 18 years old, those called on “non-
hospitalized persons” (e.g., staff members or visitors), those 
occurring outside of an inpatient telemetry or nontelemetry 

ward (e.g., ICU, emergency department, procedural suite, or 
operating room), and events missing illness category or loca-
tion data were also excluded (Appendix Fig. 1, Supplemental 
Digital Content 1, http://links.lww.com/CCM/D121). Finally, 
RRT call date and times and patient identification numbers 
were used to temporally order RRT events for those individuals 
with more than one qualifying RRT call during a hospitaliza-
tion. When call date or time was missing for an event, it was 
imputed from the recorded RRT arrival time or RRT departure 
time. Only the first event on the general or telemetry wards was 
included in the study.

Study Outcome and Variables
The primary study outcome was in-hospital mortality. The 
patient and event characteristics examined as candidate predic-
tors of the primary outcome included demographics (age, sex, 
and race/ethnicity [white non-Hispanic, black non-Hispanic, 
Hispanic, other, missing]), time in hours from admission to 
RRT event, illness category (medical cardiac, medical noncar-
diac, surgical cardiac, surgical noncardiac, obstetric, trauma), 
event location (general inpatient, telemetry/step-down), pre-
vious ICU stay during hospitalization, postanesthesia care 
unit stay within 24 hours of event, admission from emergency 
department within 24 hours of event, sedation within 24 hours 
of event, trigger for RRT (respiratory [respiratory depression, 
tachypnea, difficulty breathing, hypoxia], cardiovascular [bra-
dycardia, tachycardia, hypotension, chest pain], neurologic 
[mental status change, agitation or delirium, loss of conscious-
ness, seizure, suspected stroke], decreased urine output, bleed-
ing, staff worry, other trigger), total number of triggers, and 
vital signs at time of RRT activation (heart rate, respiratory 
rate, systolic blood pressure, diastolic blood pressure, tempera-
ture, oxygen saturation).

Statistical Analysis
Differences between patients who survived to discharge and 
those who did not were evaluated using chi-square tests for 
categorical variables and t tests or Wilcoxon rank-sum tests, as 
appropriate, for continuous variables. For model development, 
two thirds of the study population was randomly selected for 
the derivation cohort and one third for the validation cohort. 
All model tuning was performed in the derivation dataset. If 
vital signs values at the time of the RRT call were missing, 
then the value closest to the time of the call was imputed. 
For the remaining missing vital signs, median values were 
imputed. Because previous studies have shown that modern 
machine learning methods can develop more accurate mod-
els than traditional regression, a gradient boosted machine 
(GBM) algorithm was used in this study (12). We have pre-
viously shown that this method has both excellent discrimi-
nation and calibration when used to predict outcomes using 
physiologic data in ward patients (12). This method involves 
creating sequential decision trees, with each additional tree 
predicting the outcome of interest with the cases missed by 
the prior trees weighted more heavily. It automatically investi-
gates interactions between variables and allows for nonlinear 
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relationships between the variables and the outcome of inter-
est. The tuning variables for the algorithm (learning rate, tree 
depth, and number of trees) were optimized in the deriva-
tion dataset using 10-fold cross-validation to maximize the 
area under the receiver operating characteristic curve (AUC). 
A second model was developed using multivariable logistic 
regression with continuous variables entered as linear terms 
to determine if this simpler model would have accuracy simi-
lar to that of the more complex GBM model. To ensure par-
simony and inclusion of only those variables that provide 
significant value, the least absolute shrinkage and selection 
operator (Lasso) method was employed for variable selection. 
Finally, a modified version of the NEWS was calculated in the 
validation dataset for comparison purposes, with the neuro-
logic triggers denoted as abnormal mental status and with the 
omission of the “on room air” variable, as it was not available 
in the dataset. Model discrimination was assessed and com-
pared between algorithms using the AUC in the validation 
dataset. Data analysis was performed using Stata (StataCorp. 
2015. Stata Statistical Software: Release 14. College Station, 
TX: StataCorp LP) and R software (The R Foundation for Sta-
tistical Computing, Vienna, Austria). Two-tailed p values of 
less than 0.05 were considered statistically significant.

RESULTS
Of 402,023 RRT events at 360 acute care hospitals included in 
the database over the study time period, 18,698 were excluded 
for missing or pending survival; 10,010 were excluded for being 
called on subjects who were not adults, not hospital patients, or 
located outside of a general or telemetry ward; and 1,058 were 
excluded for coming from an institution with fewer than 50 
RRTs recorded over the study period (Appendix Fig. 1, Supple-
mental Digital Content 1, http://links.lww.com/CCM/D121).

The final study cohort included 282,710 index RRT calls 
occurring on the wards at 274 institutions. Of these, 42,581 
(15%) died during the hospital admission. Thirty-three per-
cent of patients (n = 91,796) were transferred to the ICU at the 
conclusion of their index RRT, of which 21,645 (24%) died. 
Patient and RRT event characteristics in patients who survived 
versus died are shown in Table 1. Patients who died were older 
(median age 72 vs 66 yr), were more likely to be male (52% vs 
47%), were more likely to be admitted for a medical noncardiac 
illness (70% vs 58%), and had longer time between admission 
and index RRT (median 81 vs 47 hr) (p < 0.001 for all compari-
sons). Vital signs were more likely to be abnormal in patients 
who died, with higher rates of tachypnea (respiratory rate ≥ 25 
breaths/min; 40% vs 24%), hypotension (systolic blood pres-
sure ≤ 90 mm Hg; 25% vs 14%), and hypoxia (oxygen satura-
tion ≤ 91%; 33% vs 18%) among those who died compared 
with those who survived their hospital stay (p < 0.001; for all 
comparisons, see Table 2).

Triggers for RRT activation also differed significantly 
between patients who died during the hospitalization com-
pared with those who survived, with patients who died more 
likely to have a respiratory trigger (59% vs 37%), particularly 
tachypnea (21% vs 12%) or hypoxia (37% vs 21%), or to have 

RRT called for hypotension (24% vs 15%) (p < 0.001 for all 
comparisons). In-hospital mortality was found to increase 
with number of simultaneous RRT triggers documented per 
RRT call, from 12% for calls with one trigger to 26% for calls 
with greater than three 3 triggers (p < 0.001) (Fig. 1).

Patients with an RRT call who died after not being trans-
ferred to the ICU at the end of the RRT call were older (median 
age 74 vs 70 yr), more likely to be hospitalized for a medical, 
noncardiac illness (71% vs 69%), and more likely to be on 
a nontelemetry general ward than those who died and were 
transferred to an ICU at the end of the RRT call (Appendix 
Table 1, Supplemental Digital Content 2, http://links.lww.com/
CCM/D122).

The final, optimized GBM algorithm had an AUC in the 
validation dataset of 0.78 (95% CI, 0.78–0.79). Systolic blood 
pressure, time from hospital admission to the RRT call, and 
respiratory rate were the three most important variables in the 
model (Fig. 2). The multivariable logistic regression model 
AUC was significantly lower (0.73 [95% CI, 0.73–0.73]) than 
the GBM model (p < 0.01 for AUC comparison). Both logis-
tic regression and GBM models were more accurate than 
the NEWS, which had an AUC of 0.66 (95% CI, 0.66–0.67) 
(p < 0.01 for both comparisons).

To assess generalizability of the developed GBM model, AUCs 
were computed for observations at various institution types, 
including rural, urban, minor teaching, major teaching, non-
teaching, large (≥ 500 beds), and small (< 500 beds) hospitals, 
with all AUC results falling between 0.78 and 0.82 (Fig. 3). The 
final model was well calibrated in the validation cohort, as shown 
in the observed versus predicted in-hospital mortality calibration 
plot (Appendix Fig. 2, Supplemental Digital Content 1, http://
links.lww.com/CCM/D121).

DISCUSSION
In this study, we used a large, nationwide database to identify 
significant, clinically relevant variables for predicting in-hospi-
tal mortality in patients with RRTs calls, as well as to create and 
validate an accurate prediction model for death during hospi-
talization in patients following their first RRT on the wards. To 
our knowledge, it is the first statistically derived tool developed 
to predict in-hospital mortality after RRT calls. RRT patients 
who die in the hospital differ significantly from their surviv-
ing peers in many ways—most notably they tend to be older, 
admitted for medical noncardiac disease, have longer periods 
between admission and RRT, and have more deranged vital 
signs—and these differences can be leveraged to improve care 
at the patient, hospital, and systems levels.

Critical care physicians are often the guardians of limited 
ICU resources, and our model enables RRT physicians and 
staff to make evidence-based triage decisions during an RRT 
call. By identifying the highest risk patients for prompt escala-
tion of care, the model may improve outcomes for patients on 
the general wards. Further, the model’s ability to accurately dif-
ferentiate lower risk patients may allow triage leaders to more 
confidently allow low-risk patients to remain on the floor, 
improving efficiency and safely decreasing costs
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Our results provide evidence to help guide physicians and 
RRT staff in the efferent functions of the RRT. Most of the 
variables found to predict death in patients with RRT calls 
are quickly and easily assessed at bedside or from superficial 

assessment of patients’ charts. While some of the characteristics 
predictive of death are not surprising and have been previously 
described, such as age and vital sign derangements (13), others 
are less intuitive, such as the importance of when the RRT call 

TABLE 1. Comparison of Demographic and Event Characteristics of Rapid Response Team 
Calls Between Those Who Survived Versus Died During the Hospitalization

Variables Survived, n = 239,129 Died, n = 43,581 p

Age, yr, median (IQR) 66 (53–78) 72 (60–82) < 0.001

Age category, yr, n (%)   < 0.001

  < 55 64,288 (26) 6,872 (16)

  55–69 72,256 (30) 12,581 (29)

  70–79 50,106 (21) 10,542 (24)

  ≥ 80 52,479 (22) 13,586 (31)

Male sex, n (%) 111,420 (47) 22,547 (52) < 0.001

Race/ethnicity, n (%)   < 0.001

  White, non-Hispanic 164,624 (69) 30,980 (71)

  Black, non-Hispanic 45,054 (19) 7,867 (18)

  Hispanic 12,092 (5) 1,873 (4)

Other (includes Asian/Pacific Islander, Native American, Biracial), n (%) 4,355 (2) 830 (2)

Unknown or missing, n (%) 13,004 (5) 2,031 (5)

Illness category, n (%)   < 0.001

  Medical, cardiac 49,274 (21) 8,033 (18)

  Medical, noncardiac 139,372 (58) 30,610 (70)

  Surgical, cardiac 6,054 (3) 680 (2)

  Surgical, noncardiac 41,053 (17) 3,985 (9)

  Obstetric 1,026 (< 1) 16 (< 1)

  Trauma 2,350 (1) 257 (1)

Hours since admission, median (IQR) 47 (17–115) 81 (27–198) < 0.001

Hours since admission category, hr, n (%)   < 0.001

  < 18 61,210 (26) 7,997 (18)

  18–47 57,063 (24) 7,528 (17)

  48–119 60,277 (25) 10,436 (24)

  ≥ 120 60,406 (25) 17,580 (40)

Location, n (%)   < 0.001

  General inpatient 142,946 (60) 24,977 (57)

  Telemetry or step-down 96,183 (40) 18,604 (43)

ICU prior to RRT, n (%) 28,937 (12) 6,794 (16) < 0.001

Postanesthesia care unit within 24 hr, n (%) 18,179 (8) 1,051 (2) < 0.001

Emergency department within 24 hr, n (%) 52,209 (22) 7,258 (17) < 0.001

Sedation within 24 hr, n (%) 22,822 (1) 1,841 (4) < 0.001

Transferred to ICU post RRT, n (%) 70,151 (29) 21,645 (50) < 0.001

IQR = interquartile range, RRT = rapid response team.
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occurs during a patient’s admission and the high mortality for 
calls triggered by respiratory concerns. Interestingly, systolic 
blood pressure was the most important predictor of mortality 
included in our GBM model, which differs from prior work 
showing respiratory rate to be the most predictive vital sign for 

detecting clinical deterioration in general wards patients (12). 
Hours since admission was the second most important predic-
tor of mortality in our model, with RRT calls occurring later 
in the hospitalization being associated with decreased survival. 
This may be related to the fact that patients with later RRTs 

TABLE 2. Vital Signs and National Early Warning System Score at Time of Rapid Response 
Team Activation

Variables Survived, n = 239,129 Died, n = 43,581 p

Respiratory rate (breaths/min), mean (sd) 21.9 (7.4) 24.9 (8.9) < 0.001

  Respiratory rate ≥ 25, n (%) 56,141 (24) 17,247 (40) < 0.001

  Respiratory rate ≤ 8, n (%) 2,692 (1) 808 (2) < 0.001

Heart rate (beats/min), mean (sd) 98.3 (30.8) 102.9 (30.2) < 0.001

  Heart rate ≥ 130, n (%) 36,686 (15) 7,948 (18) < 0.001

  Heart rate ≤ 40, n (%) 2,936 (1) 721 (2) < 0.001

Systolic blood pressure (mm Hg), mean (sd) 130 (36) 117 (35.9) < 0.001

  Systolic blood pressure ≥ 220, n (%) 3,064 (1) 269 (1) < 0.001

  Systolic blood pressure ≤ 90, n ( %) 34,425 (14) 11,076 (25) < 0.001

Temperature (°C), mean (sd) 36.7 (0.7) 36.6 (0.8) < 0.001

  Temperature ≤ 35, n (%) 1,634 (1) 742 (2) < 0.001

O2 saturation (%), median (interquartile range) 96 (93–98) 95 (89–97) < 0.001

  O2 saturation ≤ 91, n (%) 43,962 (18) 14,389 (33) < 0.001

National Early Warning System score, mean (sd) 4.6 (2.8) 6.4 (2.9) < 0.001

Figure 1. In-hospital mortality by trigger type and number of triggers for rapid response team calls. Neuro = neurologic. aIncludes respiratory depression, 
tachypnea, difficulty breathing, and hypoxia. bIncludes bradycardia, tachycardia, hypotension, and chest pain. cIncludes mental status change, agitation or 
delirium, loss of consciousness, seizure, and suspected stroke.
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are more likely to have failed initial medical therapy or devel-
oped a complication. These results also could be due to the fact 
that delays in calling the RRT may result in worse outcomes. 

Recognition of these risk fac-
tors in a patient receiving an 
RRT call could prompt earlier 
ICU transfers for patients with 
more high-risk factors and 
potentially provide objective 
data to facilitate discussion of 
need for transfer between RRT 
and ICU staff, especially for 
patients who otherwise may 
lack a clear ICU indication.

There has also been signifi-
cant interest in leveraging rapid 
response systems to help improve 
end-of-life care and avoid futile 
interventions at the end of life 
(13–16), with some evidence to 
support that RRT deployment 
is associated with improved end-
of-life pain management and 
psychosocial care (17). Awareness 
of risk factors for death in this 
population may prompt RRT or 
primary team providers to more 
frequently address patient com-
fort and initiate frank discussions 
of prognosis and treatment limi-
tations with patients and fami-
lies. In particular, our developed 
model could be used to calcu-
late a predicted probability of 
death during admission, which 
could then complement other 
information such as patient 
comorbidities and preferences 
for aggressive care. Although it 
is essential that scores from the 
model indicating high risk of 
death not be applied in such a 
way as to impose inflexible limi-
tations of care upon patients, we 
believe that a high score could 
serve as a valuable prompt for 
initiating goals of care discus-
sions of palliative care services in 
a personalized, patient-specific 
way when appropriate. This 
would enable more efficient and 
effective use of scarce resources 
and would strengthen the RRTs 
ability to become active partici-
pants in goals of care discussions.

Our finding of the poor 
accuracy of the NEWS for predicting in-hospital mortality 
among patients receiving RRT calls also has important impli-
cations. The NEWS has been previously shown to have good 

Figure 2. Importance of the predictor variables in the gradient boosted machine model, scaled to a maximum of 
100. PACU = postanesthesia care unit.

Figure 3. Area under the receiver operator characteristic curves of the gradient boosted machine algorithm by 
institution type and in all hospitals (solid vertical line) in the validation cohorts.
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to excellent discrimination for predicting in-hospital mortal-
ity among all hospitalized patients on the wards. However, our 
findings demonstrate that NEWS performs considerably worse 
when predicting outcomes of patients already receiving an RRT 
call. The improvement in AUC translates into significantly 
improved identification of high-risk patients without increased 
workload. For example, compared with a NEWS score of greater 
than 4, which has a sensitivity of 72.9% for predicting death, at 
the same specificity (49.8%), our GBM model has a sensitivity 
of 88.2%, detecting an additional 15.3% of patients who go on 
to die. At a NEWS threshold greater than 6, our model picks up 
an additional 19.3% of deaths, increasing the sensitivity from 
47.9% to 67.2% at the same specificity of 74.2%. This is likely 
because patients receiving a call are already showing signs of 
clinical deterioration, and therefore, new tools are necessary 
to accurately predict outcomes in this patient population. This 
should not come as a surprise given that our model was created 
and validated in precisely this patient population, but the supe-
rior accuracy of our developed GBM model provides a more 
appropriate resource for post-RRT decision-making.

In addition to benefits at the bedside, our results have 
potential applications for quality improvement initiatives at 
the institutional and healthcare system level. Although rapid 
response systems are ubiquitous in the United States, system 
design and the severity of illness of hospitalized patients vary 
widely across institutions, making generalizable assessments of 
RRT performance challenging. Our developed model can be 
used to estimate expected mortality rates based upon patient 
and event characteristics for a given population of patients at 
the time of their first ward RRT call, which may then be com-
pared with observed mortality rates. At the institutional level, 
this could allow rapid response systems to track their own 
performance over time in a way that accounts for changes in 
physiologic severity of illness in the population it serves, as well 
as to compare performance with a historic national average. 
For healthcare systems comprised of multiple sites with het-
erogeneous populations, the model could allow comparisons 
between locations and targeted site improvements.

One potential criticism of our study is that the prediction 
model is complex and will require infrastructure for real-world 
use. While it is true that a score cannot be computed with 
pen and paper at bedside, with the rise of electronic medical 
records, using even complex models is becoming increasingly 
feasible. Another potential limitation is that our results reflect 
only those patients at hospitals who participate in the GWTG-
MET database. However, given the large number of included 
institutions, their breadth and depth, and the excellent perfor-
mance of our model across institution types, generalizability 
of our score is likely to be good. An additional limitation is 
that we did not have whether the patient was on room air for 
NEWS score calculation, which may result in an underestima-
tion of its accuracy. However, most of the over 100 early warn-
ing scores in use in hospitals today do not include this variable. 
Additionally, information about whether patients had Do Not 
Attempt Resuscitation (DNAR) orders or other stated limita-
tions of care placed were not available for the vast majority 

of patients included in the database. It is likely that at least 
some portion of patients who were not transferred to the ICU 
after their RRT and subsequently died on the floor had DNAR 
orders and thus did so appropriately. Last, our model does not 
include information on patient frailty or comorbidities. Such 
information would help define the study population and likely 
improve the performance of our model. However this infor-
mation was not available in the database we used.

CONCLUSIONS
We used a large multicenter database to identify predictors of 
death after RRT and to develop and validate a risk-stratification 
tool for hospitalized patients who are subjects of an RRT call on 
the wards. Our model outperforms the widely used NEWS score 
for predicting death in this population. Physicians and RRT staff 
can use our results and the online risk-stratification tool (http://
shiny.cac.queensu.ca/CritCareMed/RRT_mortality/) to help 
inform clinical decision-making and facilitate discussions with 
patients and families (17). This model may also serve as a gener-
alizable tool for objective assessment and improvement of rapid 
response systems at the institutional or national level.
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