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BACKGROUND: With limited numbers of intensive care unit
(ICU) beds available, increasing patient acuity is expected to con-
tribute to episodes of inpatient deterioration on general wards.

OBJECTIVE: To prospectively validate a predictive algo-
rithm for clinical deterioration in general–medical ward
patients, and to conduct a trial of real-time alerts based on
this algorithm.

DESIGN: Randomized, controlled crossover study.

SETTING/PATIENTS: Academic center with patients hospi-
talized on 8 general wards between July 2007 and Decem-
ber 2011.

INTERVENTIONS: Real-time alerts were generated by an
algorithm designed to predict the need for ICU transfer
using electronically available data. The alerts were sent by
text page to the nurse manager on intervention wards.

MEASUREMENTS: Intensive care unit transfer, hospital
mortality, and hospital length of stay.

RESULTS: Patients meeting the alert threshold were at
nearly 5.3-fold greater risk of ICU transfer (95% confidence
interval [CI]: 4.6-6.0) than those not satisfying the alert
threshold (358 of 2353 [15.2%] vs 512 of 17678 [2.9%]).
Patients with alerts were at 8.9-fold greater risk of death
(95% CI: 7.4-10.7) than those without alerts (244 of 2353
[10.4%] vs 206 of 17678 [1.2%]). Among patients identified
by the early warning system, there were no differences in
the proportion of patients who were transferred to the ICU
or who died in the intervention group as compared with the
control group.

CONCLUSIONS: Real-time alerts were highly specific for
clinical deterioration resulting in ICU transfer and death, and
were associated with longer hospital length of stay. How-
ever, an intervention notifying a nurse of the risk did not
result in improvement in these outcomes. Journal of Hospi-
tal Medicine 2013;8:236–242. VC 2013 Society of Hospital
Medicine

Timely interventions are essential in the management
of complex medical conditions such as new-onset sep-
sis in order to prevent rapid progression to severe sep-
sis and septic shock.1–5 Similarly, rapid identification
and appropriate treatment of other medical and surgi-
cal conditions have been associated with improved
outcomes.6–8 We previously developed a real-time,
computerized prediction tool (PT) using recursive par-
titioning regression tree analysis for the identification
of impending sepsis for use on general hospital
wards.9 We also showed that implementation of a
real-time computerized sepsis alert on hospital wards
based on the PT resulted in increased use of early
interventions, including antibiotic escalation, intrave-
nous fluids, oxygen therapy, and diagnostics in
patients identified as at risk.10

The first goal of this study was to develop an
updated PT for use on hospital wards that could be
used to predict subsequent global clinical deterioration
and the need for a higher level of care. The second
goal was to determine whether simply providing a
real-time alert to nursing staff based on the updated
PT resulted in any demonstrable changes in patient
outcomes.

METHODS
Study Location

The study was conducted at Barnes-Jewish Hospital, a
1250-bed academic medical center in St. Louis, Mis-
souri. Eight adult medicine wards were assessed from
July 2007 through December 2011. The medicine
wards are closed areas with patient care delivered by
dedicated house staff physicians under the supervision
of a board-certified attending physician. The study
was approved by the Washington University School of
Medicine Human Studies Committee.

Study Period

The period from July 2007 through January 2010 was
used to train and retrospectively test the prediction
model. The period from January 2011 through De-
cember 2011 was used to prospectively validate the
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model during a randomized trial using alerts gener-
ated from the prediction model.

Patients

Electronically captured clinical data were housed in a
centralized clinical data repository. This repository
cataloged 28,927 hospital visits from 19,116 distinct
patients between July 2007 and January 2010. It con-
tained a rich set of demographic and medical data for
each of the visits, such as patient age, manually col-
lected vital-sign data, pharmacy data, laboratory data,
and intensive care unit (ICU) transfer. This study
served as a proof of concept for our vision of using
machine learning to identify at-risk patients and ulti-
mately to perform real-time event detection and
interventions.

Algorithm Overview

Details regarding the predictive model development
have been previously described.11 To predict ICU
transfer for patients housed on general medical wards,
we used logistic regression, employing a novel frame-
work to analyze the data stream from each patient,
assigning scores to reflect the probability of ICU trans-
fer to each patient.

Before building the model, several preprocessing
steps were applied to eliminate outliers and find an
appropriate representation of patients’ states. For each
of 36 input variables we specified acceptable ranges
based on the domain knowledge of the medical
experts on our team. For any value that was outside
of the medically conceivable range, we replaced it by
the mean value for that patient, if available. Values
for every continuous parameter were scaled so that all
measurements lay in the interval [0, 1] and were nor-
malized by the minimum and maximum of the param-
eter. To capture the temporal effects in our data, we
retained a sliding window of all the collected data
points within the last 24 hours. We then subdivided
these data into a series of 6 sequential buckets of 4
hours each.

To capture variations within a bucket, we com-
puted 3 values for each feature in the bucket: the min-
imum, maximum, and mean data points. Each of the
resulting 3n values was input to the logistic regression
equation as separate variables. To deal with missing
data points within the buckets, we used the patients’
most recent reading from any time earlier in the hos-
pital stay, if available. If no prior values existed, we
used mean values calculated over the entire historical
dataset. Bucket 6 max/min/mean represents the most
recent 4-hour window from the preceding 24-hour
time period for the maximum, minimum, and mean
values, respectively. By itself, logistic regression does
not operate on time-series data. That is, each variable
input to the logistic equation corresponds to exactly 1
data point (eg, a blood-pressure variable would con-
sist of a single blood-pressure reading). In a clinical

application, however, it is important to capture un-
usual changes in vital-sign data over time. Such
changes may precede clinical deterioration by hours,
providing a chance to intervene if detected early
enough. In addition, not all readings in time-series
data should be treated equally; the value of some
kinds of data may change depending on their age. For
example, a patient’s condition may be better reflected
by a blood-oxygenation reading collected 1 hour ago
than a reading collected 12 hours ago. This is the ra-
tionale for our use of a sliding window of all collected
data points within the last 24 hours performed in a
real-time basis.

The algorithm was first implemented in MATLAB
(Natick, MA). For the purposes of training, we used a
single 24-hour window of data from each patient. For
patients admitted to ICU, this window was 26 hours
to 2 hours prior to ICU admission; for all other
patients, this window consisted of the first 24 hours
of their hospital stay. The dataset’s 36 input variables
were divided into buckets and min/mean/max features
wherever applicable, resulting in 398 variables. The
first half of the dataset was used to train the model.
We then used the second half of the dataset as the val-
idation dataset. We generated a predicted outcome for
each case in the validation data, using the model pa-
rameter coefficients derived from the training data.
We also employed bootstrap aggregation to improve
classification accuracy and to address overfitting. We
then applied various threshold cut-points to convert
these predictions into binary values and compared the
results against the ICU transfer outcome. A threshold
of 0.9760 for specificity was chosen to achieve a sensi-
tivity of approximately 40%. These operating charac-
teristics were chosen in turn to generate a manageable
number of alerts per hospital nursing unit per day
(estimated at 1–2 per nursing unit per day). At this
cut-point the C-statistic was 0.8834, with an overall
accuracy of 0.9292.

In order to train the logistic model, we used a single
24-hour window of data for each patient. However,
in a system that predicts patients’ outcomes in real
time, scores are recomputed each time new data are
entered into the database. Hence, patients have a se-
ries of scores over the length of their hospital stay,
and an alert is triggered when any one of these scores
is above the chosen threshold.

Once the model was developed, we implemented it
in an internally developed, Java-based clinical decision
support rules engine, which identified when new data
relevant to the model were available in a real-time
central data repository. The rules engine queried the
data repository to acquire all data needed to evaluate
the model. The score was calculated with each rele-
vant new data point, and an alert was generated when
the score exceeded the cut-point threshold. We then
prospectively validated these alerts on patients on 8
general medical wards at Barnes Jewish Hospital.
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Details regarding the architecture of our clinical deci-
sion support system have been previously published.12

The sensitivity and positive predictive values for ICU
transfer for these alerts were tracked during an inter-
vention trial that ran from January 24, 2011, through
December 31, 2011. Four general medical wards were
randomized to the intervention group and 4 wards
were randomized to the control group. The 8 general
medical wards were ordered according to their alert
rates based upon the historical data from July 2007
through January 2010, creating 4 pairs of wards in
ascending order of alert rate. Within each of the 4
pairs, 1 member of the pair was randomized to the
intervention group and the other to the control group
using a random number generator.

Real-time automated alerts generated 24 hours per
day, 7 days per week from the predictive algorithm
were sent to the charge-nurse pager on the interven-
tion units. Alerts were also generated and stored in
the database on the control units, but these alerts
were not sent to the charge nurse on those units. The
alerts were sent to the charge nurses on the respective
wards, as these individuals were thought to be in the
best position to perform the initial assessment of the
alerted patients, especially during evening hours when
physician staffing was reduced. The charge nurses
assessed the intervention-group patients and were
instructed to contact the responsible physician (hospi-
talist or internal medicine house officer) to inform
them of the alert, or to call the rapid response team
(RRT) if the patient’s condition already appeared to
be significantly deteriorating.

Descriptive statistics for algorithm sensitivity and
positive predictive value and for patient outcomes
were performed. Associations between alerts and the
primary outcome, ICU transfer, were determined, as
well as the impact of alerts in the intervention group
compared with the control group, using v2 tests. The
same analyses were performed for patient death. Dif-
ferences in length of stay (LOS) were assessed using
the Wilcoxon rank sum test.

RESULTS
Predictive Model

The variables with the greatest coefficients contribut-
ing to the PT model included respiratory rate, oxygen
saturation, shock index, systolic blood pressure, anti-
coagulation use, heart rate, and diastolic blood pres-
sure. A complete list of variables is provided in the
Appendix (see Supporting Information in the online
version of this article). All but 1 are routinely col-
lected vital-sign measures, and all but 1 occur in the
4-hour period immediately prior to the alert
(bucket 6).

Prospective Trial

Patient characteristics are presented in Table 1.
Patients were well matched for race, sex, age, and
underlying diagnoses. All alerts reported to the
charge nurses were to be associated with a call
from the charge nurse to the responsible physician
caring for the alerted patient. The mean number of
alerts per alerted patient was 1.8 (standard
deviation51.7). Patients meeting the alert threshold

TABLE 1. Demographics by Study Group

Study Group

Control (N510,120) Intervention (N59911)

Race N % N %
White 5,062 50 4,934 50
Black 4,864 48 4,790 48
Other 194 2 187 2

Sex
F 5,355 53 5,308 54
M 4,765 47 4,603 46

Age at discharge, median (IQR), y 57 (44–69) 57 (44–70)

Top 10 ICD-9 descriptions and counts, n (%)
1 Diseases of the digestive system 1,774 (17.5) Diseases of the digestive system 1,664 (16.7)
2 Diseases of the circulatory system 1,252 (12.4) Diseases of the circulatory system 1,253 (12.6)
3 Diseases of the respiratory system 1,236 (12.2) Diseases of the respiratory system 1,210 (12.2)
4 Injury and poisoning 864 (8.5) Injury and poisoning 849 (8.6)
5 Endocrine, nutritional, and metabolic diseases,

and immunity disorders
797 (7.9) Diseases of the genitourinary system 795 (8.0)

6 Diseases of the genitourinary system 762 (7.5) Endocrine, nutritional, and metabolic diseases,
and immunity disorders

780 (7.9)

7 Infectious and parasitic diseases 555 (5.5) Infectious and parasitic diseases 549 (5.5)
8 Neoplasms 547 (5.4) Neoplasms 465 (4.7)
9 Diseases of the blood and blood-forming organs 426 (4.2) Diseases of the blood and blood-forming organs 429 (4.3)
10 Symptoms, signs, and ill-defined conditions and factors

influencing health status
410 (4.1) Diseases of the musculoskeletal system and connective tissue 399 (4.0)

NOTE: No significant differences between study groups. Abbreviations: F, female; ICD-9, International Classification of Diseases, 9th Revision; IQR, interquartile range; M, male.
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were at nearly 5.3-fold greater risk of ICU transfer
(95% confidence interval [CI]: 4.6-6.0) than those
not satisfying the alert threshold (358 of 2353
[15.2%; 95% CI: 13.8%-16.7%] vs 512 of 17678
[2.9%; 95% CI: 2.7%-3.2%], respectively;
P<0.0001). Patients with alerts were at 8.9-fold
greater risk of death (95% CI: 7.4-10.7) than those
without alerts (244 of 2353 [10.4%; 95% CI:
9.2%-11.7%] vs 206 of 17678 [1.2%; 95% CI:
1.0%-1.3%], respectively; P<0.0001). Operating
characteristics of the PT from the prospective trial
are shown in Table 2. Alerts occurred a median of
25.5 hours prior to ICU transfer (interquartile
range, 7.00-81.75) and 8 hours prior to death
(interquartile range, 4.09-15.66).

Among patients identified by the PT, there were no
differences in the proportion of patients who were
transferred to the ICU or who died in the intervention
group as compared with the control group (Table 3).
In addition, although there was no difference in LOS
in the intervention group compared with the control
group, identification by the PT was associated with a
significantly longer median LOS (7.01 days vs 2.94
days, P<0.001). The largest numbers of patients who
were transferred to the ICU or died did so in the first
hospital day, and 60% of patients who were trans-
ferred to the ICU did so in the first 4 days, whereas

deaths were more evenly distributed across the hospi-
tal stay.

DISCUSSION
We have demonstrated that a relatively simple hospi-
tal-specific method for generating a PT derived from
routine laboratory and hemodynamic values is capable
of predicting clinical deterioration and the need for
ICU transfer, as well as hospital mortality, in non-
ICU patients admitted to general hospital wards. We
also found that the PT identified a sicker patient pop-
ulation as manifest by longer hospital LOS. The meth-
ods used in generating this real-time PT are relatively
simple and easily executed with the use of an elec-
tronic medical record (EMR) system. However, our
data also showed that simply providing an alert to
nursing units based on the PT did not result in any de-
monstrable improvement in patient outcomes. More-
over, our PT and intervention in their current form
have substantial limitations, including low sensitivity
and positive predictive value, high possibility of alert
fatigue, and no clear clinical impact. These limitations
suggest that this approach has limited applicability in
its current form.

Unplanned ICU transfers occurring as early as
within 8 hours of hospitalization are relatively com-
mon and associated with increased mortality.13

TABLE 2. Prediction Tool–Generated Alerts and Outcomes

Sensitivity, % Specificity, % PPV, % NPV, %

Positive

Likelihood Ratio

Negative

Likelihood Ratio

ICU Transfer Yes (N5870) No (N519,161)
Alert 358 1,995 41.1 (95% CI:

37.9–44.5)
89.6 (95% CI:

89.2–90.0)
15.2 (95% CI:

13.8–16.7)
97.1 (95% CI:

96.8–97.3)
3.95 (95% CI:

3.61–4.30)
0.66 (95% CI:

0.62–0.70)
No Alert 512 17,166
Death Yes (N5450) No (N519,581)
Alert 244 2109 54.2 (95% CI:

49.6–58.8)
89.2 (95% CI:

88.8–89.7)
10.4 (95% CI:

9.2–11.7)
98.8 (95% CI:

98.7–99.0)
5.03 (95% CI:

4.58–5.53)
0.51 (95% CI:

0.46–0.57)
No Alert 206 17,472

NOTE: Abbreviations: CI, confidence interval; ICU, intensive care unit; NPV, negitive predictive value; PPV, positive predictive value.

TABLE 3. Outcomes (ICU Transfer, Mortality, and LOS) by Study Group and Alert

Outcomes by Alert Statusa

Alert Study Group No-Alert Study Group

Intervention, N51194 Control, N51159 Intervention, N58717 Control, N58961

N % N % N % N %

ICU Transfer
Yes 192 16 166 14 252 3 260 3
No 1002 84 993 86 8465 97 8701 97

Death
Yes 127 11 117 10 96 1 110 1
No 1067 89 1042 90 8621 99 8851 99

LOS from admit to discharge, median (IQR), da 7.07 (3.99–12.15) 6.92 (3.82–12.67) 2.97 (1.77–5.33) 2.91 (1.74–5.19)

NOTE: No significant differences between study groups. Abbreviations: ICU, intensive care unit; IQR, interquartile range; LOS, length of stay

LOS significantly differed by alert status (P<0.01).
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Bapoje et al evaluated a total of 152 patients over 1
year who had unplanned ICU transfers.14 The most
common reason was worsening of the problem for
which the patient was admitted (48%). Other inves-
tigators have also attempted to identify predictors
for clinical deterioration resulting in unplanned ICU
transfer that could be employed in a PT or early
warning system (EWS). Keller et al evaluated 50 con-
secutive general medical patients with unplanned
ICU transfers between 2003 and 2004.15 Using a
case-control methodology, these investigators found
shock index values>0.85 to be the best predictor for
subsequent unplanned ICU transfer (P<0.02; odds
ratio: 3.0).

Organizations such as the Institute for Healthcare
Improvement have called for the development and
implementation of EWSs in order to direct the activ-
ities of RRTs and improve outcomes.16 Escobar et al
carried out a retrospective case-control study using as
the unit of analysis 12-hour patient shifts on hospital
wards.17 Using logistic regression and split validation,
they developed a PT for ICU transfer from clinical
variables available in their EMR. The EMR derived
PT had a C-statistic of 0.845 in the derivation dataset
and 0.775 in the validation dataset, concluding that
EMR-based detection of impending deterioration out-
side the ICU is feasible in integrated healthcare deliv-
ery systems.

We found that simply providing an alert to nursing
units did not result in any demonstrable improve-
ments in the outcomes of high-risk patients identified
by our PT. This may have been due to simply relying
on the alerted nursing staff to make phone calls to
physicians and not linking a specific and effective
patient-directed intervention to the PT. Other investi-
gators have similarly observed that the use of an
EWS or PT may not result in outcome improve-
ments.18 Gao et al performed an analysis of 31 stud-
ies describing hospital “track and trigger” EWSs.19

They found little evidence of reliability, validity, and
utility of these systems. Peebles et al showed that
even when high-risk non-ICU patients are identified,
delays in providing appropriate therapies occur,
which may explain the lack of efficacy of EWSs and
RRTs.20 These observations suggest that there is cur-
rently a paucity of validated interventions available
to improve outcome in deteriorating patients, despite
our ability to identify patients who are at risk for
such deterioration.

As a result of mandates from quality-improvement
organizations, most US hospitals currently employ
RRTs for emergent mobilization of resources when
a clinically deteriorating patient is identified on a
hospital ward.21 However, as noted above, there is
limited evidence to suggest that RRTs contribute to
improved patient outcomes.22–27 The potential im-
portance of this is reflected in a recent report
suggesting that 2900 US hospitals now have

rapid-response systems in place without clear dem-
onstration of their overall efficacy.28 Linking rapid-
response interventions with a validated real-time
alert may represent a way of improving the effec-
tiveness of such interventions.29–34 Our data showed
that hospital LOS was statistically longer among
alerted patients compared with nonalerted patients.
This supports the conclusion that the alerts helped
identify a sicker group of patients, but the nursing
alerts did not appear to change outcomes. This find-
ing also seems to refute the hypothesis that simply
linking an intervention to a PT will improve out-
comes, albeit the intervention we employed may not
have been robust enough to influence patient
outcomes.

The development of accurate real-time EWSs
holds the potential to identify patients at risk for
clinical deterioration at an earlier point in time
when rescue interventions can be implemented in a
potentially more effective manner in both adults and
children.35 Unfortunately, the ideal intervention to
be applied in this situation is unknown. Our experi-
ence suggests that successful interventions will
require a more integrated approach than simply pro-
viding an alert with general management principles.
As a result of our experience, we are undertaking a
randomized clinical trial in 2013 to determine
whether linking a patient-specific intervention to a
PT will result in improved outcomes. The interven-
tion we will be testing is to have the RRT immedi-
ately notified about alerted patients so as to
formally evaluate them and to determine the need
for therapeutic interventions, and to administer such
interventions as needed and/or transfer the alerted
patients to a higher level of care as deemed neces-
sary. Additionally, we are updating our PT with
more temporal data to determine if this will improve
its accuracy. One of these updates will include link-
ing the PT to wirelessly obtained continuous oxime-
try and heart-rate data, using minimally intrusive
sensors, to establish a 2-tiered EWS.11

Our study has several important limitations. First,
the PT was developed using local data, and thus the
results may not be applicable to other settings. How-
ever, our model shares many of the characteristics
identified in other clinical-deterioration PTs.15,17 Sec-
ond, the positive prediction value of 15.2% for ICU
transfer may not be clinically useful due to the large
number of false-positive results. Moreover, the large
number of false positives could result in alert fatigue,
causing alerts to be ignored. Third, although the
charge nurses were supposed to call the responsible
physicians for the alerted patients, we did not deter-
mine whether all these calls occurred or whether
they resulted in any meaningful changes in monitor-
ing or patient treatment. This is important because
lack of an effective intervention or treatment would
make the intervention group much more like our
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control group. Future studies are needed to assess
the impact of an integrated intervention (eg, notifica-
tion of experienced RRT members with adequate
resource access) to determine if patient outcomes can
be impacted by the use of an EWS. Finally, we did
not compare the performance of our PT to other
models such as the modified early warning score
(MEWS).

An additional limitation to consider is that our
PT offered no new information to the nurse man-
ager, or the PT did not change the opinions of the
charge nurses. This is supported by a recent study
of 63 serious adverse outcomes in a Belgian teach-
ing hospital where death was the final outcome.36

Survey results revealed that nurses were often
unaware that their patients were deteriorating
before the crisis. Nurses also reported threshold lev-
els for concern for abnormal vital signs that sug-
gested they would call for assistance relatively late
in clinical crises. The limited ability of nursing staff
to identify deteriorating patients is also supported
by a recent simulation study demonstrating that
nurses did identify that patients were deteriorating,
but as each patient deteriorated staff performance
declined, with a reduction in all observational
records and actions.37

In summary, we have demonstrated that a rela-
tively simple hospital-specific PT could accurately
identify patients on general medicine wards who
subsequently developed clinical deterioration and
the need for ICU transfer, as well as hospital mor-
tality. However, no improvements in patient out-
comes were found from reporting this information
to nursing wards on a real-time basis. The low posi-
tive predictive value of the alerts, local development
of the EWS, and absence of improved outcomes
substantially limits the broader application of this
system in its current form. Continued efforts are
needed to identify and implement systems that will
not only accurately identify high-risk patients on
general wards but also intervene to improve their
outcomes.
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