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Abstract

Introduction: The rising prevalence of rapid response teams has led to a demand for risk-stratification tools that
can estimate a ward patient’s risk of clinical deterioration and subsequent need for intensive care unit (ICU) admission.
Finding such a risk-stratification tool is crucial for maximizing the utility of rapid response teams. This study compares
the ability of nine risk prediction scores in detecting clinical deterioration among non-ICU ward patients. We also
measured each score serially to characterize how these scores changed with time.

Methods: In a retrospective nested case-control study, we calculated nine well-validated prediction scores for
328 cases and 328 matched controls. Our cohort included non-ICU ward patients admitted to the hospital with
a diagnosis of infection, and cases were patients in this cohort who experienced clinical deterioration, defined
as requiring a critical care consult, ICU admission, or death. We then compared each prediction score’s ability,
over the course of 72 hours, to discriminate between cases and controls.

Results: At 0 to 12 hours before clinical deterioration, seven of the nine scores performed with acceptable
discrimination: Sequential Organ Failure Assessment (SOFA) score area under the curve of 0.78, Predisposition/
Infection/Response/Organ Dysfunction Score of 0.76, VitalPac Early Warning Score of 0.75, Simple Clinical Score
of 0.74, Mortality in Emergency Department Sepsis of 0.74, Modified Early Warning Score of 0.73, Simplified
Acute Physiology Score II of 0.73, Acute Physiology and Chronic Health Evaluation II of 0.72, and Rapid
Emergency Medicine Score of 0.67. By measuring scores over time, it was found that average SOFA scores of
cases increased as early as 24 to 48 hours prior to deterioration (P = 0.01). Finally, a clinical prediction rule which
also accounted for the change in SOFA score was constructed and found to perform with a sensitivity of 75%
and a specificity of 72%, and this performance is better than that of any SOFA scoring model based on a single
set of physiologic variables.

Conclusions: ICU- and emergency room-based prediction scores can also be used to prognosticate risk of
clinical deterioration for non-ICU ward patients. In addition, scoring models that take advantage of a score’s
change over time may have increased prognostic value over models that use only a single set of physiologic
measurements.
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Introduction
Risk prediction scores provide an important tool for clini-
cians by allowing standardized and objective estimations
of mortality for both research and clinical decision-
making purposes. Many such scoring systems have been
successfully developed in recent decades for emergency
room (ER) and intensive care unit (ICU) patients [1-9]. In
subsequent validation studies, many of these scores have
been confirmed to be clinically useful tools in the ER
[10-15] and ICU [16-23] with good discriminatory power.
Following the increasing prevalence of rapid response

teams (RRTs) is a demand for an accurate risk-stratification
tool for patients on the wards who are at-risk for clinical
deterioration and subsequent ICU admission. A number of
“track and trigger” systems have been developed for this
purpose, designed to trigger reassessment by the medical
team whenever tracked physiologic parameters reached an
arbitrary critical level. However, validation of these track-
and-trigger systems has generally revealed poor sensitivity,
poor positive predictive value, and low reproducibility
[24-27]. Although prediction scores based on ER and ICU
data are well validated, it is unclear whether these scoring
systems can also work in non-ICU ward patients and thus
provide clinicians with an alternative to the track-and-
trigger systems.
In addition, the majority of currently available scoring

systems quantify risk on the basis of one set of physio-
logic variables, usually at either hospital or ICU admis-
sion. Therefore, they do not take into account the many
changes in a patient’s clinical status over the course of
hospitalization. Prior studies have shown that sequential
measurements of the Sequential Organ Failure Assess-
ment (SOFA) score in the ICU are helpful and that
trends in SOFA score over time can estimate prognosis
independent of initial score on admission [28,29]. How-
ever, it is unknown whether sequential measurements of
other scoring systems can provide additional prognostic
information among non-ICU ward patients.
In a nested retrospective case-control study of non-

ICU patients on the general hospital wards, we exam-
ined and compared the ability of nine prediction scores
to estimate risk of clinical deterioration. In addition, we
computed each score sequentially over the course of 72
hours in order to analyze their respective performance
over time and to determine whether measuring changes
in score improves discriminatory power.

Materials and methods
Description of cohort
The retrospective cohort included all adult patients who
were admitted from the ER to the Jack D. Weiler Hos-
pital (Bronx, NY, USA) or the Moses Division of the
Montefiore Medical Center (Bronx, NY, USA) between 1
December 2009 and 31 March 2010, with a diagnosis of
infection present on hospital admission, as defined by a
validated list of International Classification of Diseases,
Ninth Revision (ICD-9) codes indicative of infection
[30,31] (Additional file 1). Only patients with an infec-
tion ICD-9 code present on admission were included in
the cohort. Patients admitted directly to the ICU from
the ER were excluded. All patients with limits on life-
sustaining interventions were excluded. Both hospitals
have a critical care consult service/RRT that responds to
all requests for acute evaluation of clinical deterioration
or ICU transfer. Any clinician or nurse is empowered
and urged to call the RRT at the first sign of patient de-
cline, defined as respiratory distress, threatened airway,
respiratory rate of less than 8 or of more than 36, new
hypoxemia (oxygen saturation (SaO2) of less than 90%)
while on oxygen, new hypotension (systolic blood pres-
sure of less than 90 mm Hg), new heart rate of less than
40 or of more than 140 beats per minute, sudden fall in
level of consciousness, sudden collapse, Glasgow Coma
Scale score decrease of more than 2 points, new limb
weakness or facial asymmetry, repeated or prolonged
seizures, or serious worry about a patient who did not
qualify from any of the prior criteria.

Definition of cases and controls
Cases are any patient with clinical deterioration, defined
as ICU transfer, critical care consult for ICU transfer,
rapid response evaluation, or in-hospital mortality. The
index time for each case is defined as the earliest of
these events.
One control was selected for each case by risk-set

sampling and matched by hospital admission date. All
controls survived to hospital discharge without an ICU
admission, rapid response, or critical care consult. For
each control, the index time was set so that the time
from hospital admission to index time was equivalent
for both the case and corresponding control. Finally, all
controls must also have length of stay greater than the
time to clinical deterioration of its corresponding case.
This ensures that matched cases and controls had com-
parable hospital length of stay prior to clinical deterior-
ation, allowing valid comparisons between these two
groups within that time interval.

Data collection
All clinical variables were collected retrospectively from
either an electronic database or paper medical records.
An electronic medical database query tool called Clinical
Looking Glass was used to retrieve data such as patient
demographics, vital signs, laboratory data, hospital ad-
mission and discharge dates, ICU transfer date, and
ICD-9 codes. Paper medical records were reviewed for
all data not found in the electronic medical records.
Timing and activation of rapid response and critical care
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consults were obtained from a database maintained pro-
spectively by the critical care team.
Baseline characteristics were available for all cases and

controls except for comorbidities and source of infection,
which were unavailable for 9% and 2% of the patients, re-
spectively. Vital signs and laboratory measurements up to
72 hours before index time were collected for both cases
and controls. For patients with hospital length of stay less
than 72 hours (62% of patients), scores were calculated
only for the time the patient was in the hospital. Among
patients in the hospital, vitals and metabolic panel labora-
tory data over time were available for over 96% and 93%
of patients, respectively. Arterial blood gases were per-
formed in 30% of patients. This study was approved by
the Einstein Montefiore Medical Center Institutional Re-
view Board. In addition, the need for informed consent
was waived by the Einstein Montefiore Medical Center In-
stitutional Review Board because this was a retrospective
study and no interventions were implemented.

Prediction scores
We searched the literature for scores that were validated
for use in the ER, ICU, or non-ICU medical wards.
Scores were selected for this study if the scoring system
(a) modeled risk for clinical deterioration such as ICU
admission or death, (b) was validated with an acceptable
area under the curve (AUC) of greater than 0.70 in a
separate and independent cohort, and (c) consists of
physiologic components which could be readily collected
for ward patients. On this basis, nine prediction scores
were selected: SOFA score, Predisposition/Infection/Re-
sponse/Organ Dysfunction Score (PIRO), VitalPac Early
Warning Score (ViEWS), Simple Clinical Score (SCS),
Mortality in Emergency Department Sepsis (MEDS),
Modified Early Warning Score (MEWS), Simplified Acute
Physiology Score II (SAPS II), Acute Physiology and
Chronic Health Evaluation Score II (APACHE II), and
Rapid Emergency Medicine Score (REMS). APACHE II
was selected in lieu of APACHE III because not all vari-
ables required for APACHE III were available in our floor
patients. Characteristics of the nine prediction scores are
shown in Additional file 2.
Scores were calculated for all patients at four time in-

tervals: 0 to 12, 12 to 24, 24 to 48, and 48 to 72 hours
before index time. If multiple laboratory values were
available in a given time interval, the worst single value
was used. If a laboratory value was missing, the value
from the preceding time interval was used, if available.
If there was also no available value from a preceding
time interval, the laboratory value was assumed to be
normal, similar to prior studies [32]. Glasgow Coma
Scale is not routinely measured on non-traumatic pa-
tients at our hospital, similar to prior studies [13]. In-
stead, the alert/verbal/painful/unresponsive level was
used and converted to a near-equivalent Glasgow
Coma Scale value [33].

Statistical analysis
Univariate analysis was performed by using two-tailed
Fisher exact test, Student t test, or Wilcoxon rank-sum
test as appropriate. To evaluate discriminatory power,
area under the receiver operating characteristic curve
(AUC) was calculated for each score. To compare two
AUC measurements with equal sample size, DeLong’s
non-parametric approach was used. To compare two
AUC measurements with unequal sample size, we used
an ad hoc z-test assuming that the correlation between
them was 0.5. In keeping with Hosmer and Lemeshow
[34], an AUC of at least 0.70 was defined as “acceptable
discrimination” and an AUC of at least 0.80 was defined
as “excellent discrimination”.
To evaluate changes in score over time, a mixed-

effects linear model was applied after adjusting for base-
line differences between cases and controls, such as age,
gender, pneumonia, congestive heart failure, and severe
sepsis. To examine between-group and between-time
differences, we constructed and tested pertinent con-
trasts in the model. We selected the best fitting model
across different dependent score variables that yielded
the smallest Akaike information criterion (AIC) value,
since the set of the independent variables was identical
for all dependent variables in all models.
For each scoring model, optimal score cutoffs were de-

termined by using receiver operating characteristic (ROC)
analysis. Thresholds were selected on the basis of the
models with the highest Youden index. To construct the
clinical prediction rule that incorporated trends in score
over time, the combination of earliest score threshold and
change in score thresholds which produced the highest
Youden index was selected. A multivariate regression
model was employed to estimate the odds ratio after
adjusting for baseline differences between cases and con-
trol. A P value of not more than 0.05 was considered sta-
tistically significant. All statistical analyses were performed
by using Statistical Analysis System 9.3 (SAS Institute Inc.,
Cary, NC, USA).

Results
In our cohort of 5,188 patients admitted with infection,
we evaluated 328 cases and 328 matched controls. Of the
328 patients with clinical deterioration, 142 were admitted
to the ICU, 200 received a rapid response or consult for
ICU admission, and 110 died during hospitalization. By
definition, all 328 cases experienced an ICU admission,
consult for ICU admission, rapid response, or death dur-
ing hospitalization or a combination of these. The median
time from hospital admission to clinical deterioration was
32 hours (interquartile range of 12 to 124 hours).
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Baseline characteristics of the cohort are presented in
Table 1. Compared with controls, cases were generally
older, more likely to be male, and more likely to be ad-
mitted from the nursing home. In addition, cases had
more severe sepsis and pneumonia as the source of
infection.

Comparison of score discrimination at different time
intervals
To evaluate discriminatory power, AUC was computed
for all time intervals, as displayed in Table 2. At the
0- to 12-hour interval, all scores except REMS per-
formed with acceptable discrimination (AUC ≥0.70)
and had roughly equivalent AUC. Although SOFA per-
formed the best with an AUC of 0.78 (95% confidence
Table 1 Baseline characteristics of cases and controls

Characteristics Controls Cases P value

(n = 328) (n = 328)

Demographics

Age, median (IQR) 64 (49-78) 67 (55-79) 0.01

Body mass index, median (IQR) 28 (23-32) 27 (23-31) 0.3

Female, n (%) 207 (63) 173 (53) 0.01

Race, n (%) 0.02

White, non-Hispanic 60 (18) 93 (28)

Black, non-Hispanic 111 (34) 96 (29)

Hispanic 134 (41) 109 (33)

Other 23 (7) 30 (9)

Service, n (%) 0.2

Medical 269 (82) 255 (78)

Surgical 59 (18) 73 (22)

Suspected source of infection, n (%)

Pneumonia 84 (26) 135 (42) <0.001

Urinary tract 92 (28) 73 (22) 0.09

Skin or soft tissue 20 (6) 14 (4) 0.3

Peritonitis 3 (1) 9 (3) 0.14

Other 134 (41) 119 (36) 0.3

Comorbidities, n (%)

Severe sepsis 106 (32) 248 (76) <0.001

Chronic liver disease 77 (23) 83 (25) 0.6

Chronic pulmonary disease 136 (41) 123 (38) 0.3

Chronic renal disease 82 (25) 89 (27) 0.6

Congestive heart failure 97 (30) 125 (38) 0.02

Diabetes mellitus 122 (41) 127 (43) 0.7

History of myocardial infarction 49 (15) 57 (17) 0.5

Human immunodeficiency virus 21 (6) 15 (5) 0.4

Malignancy 61 (19) 76 (23) 0.17

Metastatic 23 (7) 29 (9) 0.5

IQR, interquartile range.
interval (CI) 0.74 to 0.81), this was not significantly higher
than PIRO (AUC 0.76, P = 0.36), ViEWS (AUC 0.75, P =
0.28), SCS (0.74, P = 0.15), MEDS (0.74, P = 0.09), or
MEWS (0.73, P = 0.07). However, at the 12- to 72-hour in-
tervals, all scores, with the exception of MEDS, no longer
performed with acceptable discrimination (AUC <0.70).
Change in scores over time
To characterize how scores changed relative to time of
clinical deterioration, plots of average scores for case
and controls are shown in Figure 1. For each model,
average scores of cases were higher than average scores
of controls at every time interval (P <0.01).
For all models, average scores of cases increased closer

to time of clinical deterioration (P <0.05). For the MEWS,
SAPS II, APACHE II, and REMS scoring models, this in-
crease can be detected as early as 12 to 24 hours before
deterioration (P <0.05). For SOFA, this increase can be de-
tected even earlier at 24 to 48 hours before clinical deteri-
oration. That is, the average SOFA score of cases during
the 24- to 48-hour interval was significantly higher than
during the 48- to 72-hour interval (P = 0.01). In contrast,
average scores of controls did not increase closer to the
index time.
Exploratory analysis for models that incorporate change
in score
To evaluate whether sequential measurements of a scor-
ing system yielded additional prognostic value, we cre-
ated and examined a clinical decision rule that used
change in score (Δ-score), and compared it with trad-
itional models that use only one set of measurements on
admission. We applied this comparison to SOFA be-
cause it was the best performing score over time in our
analysis.
First, we assessed a model that used the earliest avail-

able SOFA score. However, this model performed poorly,
with a sensitivity of 76% and a specificity of 50%
(Table 3). Next, we evaluated a model that used the
highest SOFA score within 72 hours. This model per-
formed better, with a good sensitivity of 74% but a poor
specificity of 66%.
Finally, we constructed the clinical decision rule de-

scribed in Figure 2. This model uses both the earliest
available SOFA score and Δ-score and was found to per-
form even better, with a sensitivity of 75% and a specifi-
city of 72%. Even after baseline differences between
cases and controls (like age, gender, severe sepsis, pneu-
monia, and congestive heart failure) were adjusted for,
patients who met the clinical decision rule criteria are
almost six times more likely to clinically deteriorate
compared with patients who did not (adjusted odds ratio
(ORadj) 5.89, 95% CI 3.62 to 9.57) (Table 3).



Table 2 Comparison of areas under the receiver operating curves for the nine scoring systems

Score 0-12 hours 12-24 hours 24-48 hours 48-72 hours

SOFA 0.78a (0.74-0.81) 0.68a (0.63-0.73) 0.66 (0.60-0.71) 0.64 (0.57-0.71)

PIRO 0.76 (0.72-0.79) 0.66 (0.61-0.71) 0.66 (0.61-0.72) 0.68 (0.61-0.75)

ViEWS 0.75 (0.71-0.79) 0.67 (0.62-0.72) 0.64 (0.58-0.69) 0.66 (0.59-0.73)

SCS 0.74 (0.70-0.78) 0.67 (0.62-0.72) 0.63 (0.57-0.69) 0.63 (0.56-0.71)

MEDSb 0.74 (0.70-0.78) 0.68 (0.63-0.73) 0.69a (0.63-0.74) 0.71a (0.64-0.78)

MEWS 0.73 (0.69-0.77) 0.66 (0.61-0.71) 0.59 (0.53-0.65) 0.60 (0.52-0.67)

SAPS II 0.73 (0.69-0.77) 0.67 (0.61-0.72) 0.61 (0.55-0.67) 0.60 (0.53-0.68)

APACHE II 0.72 (0.68-0.76) 0.66 (0.61-0.71) 0.61 (0.55-0.67) 0.60 (0.52-0.67)

REMS 0.67 (0.62-0.71) 0.63 (0.57-0.68) 0.55 (0.49-0.61) 0.59 (0.52-0.66)

Areas under the receiver operating characteristic curves along with 95% confidence intervals are displayed. aDenotes best performing score at each time interval.
bScores where AUC at 0 to 12 hours is NOT significantly higher than AUC at 12 to 24 hours, 24 to 48 hours, and 48 to 72 hours. APACHE II, Acute Physiology and
Chronic Health Evaluation Score II; MEDS, Mortality in Emergency Department Sepsis; MEWS, Modified Early Warning Score; PIRO, Predisposition/Infection/
Response/Organ Dysfunction Score; REMS, Rapid Emergency Medicine Score; SAPS II, Simplified Acute Physiology Score II; SCS, Simple Clinical Score; SOFA,
Sequential Organ Failure Assessment; ViEWS, VitalPac Early Warning Score.

Figure 1 Plot of average scores for cases and controls with respect to time. P values reflect pair-wise comparisons between consecutive
time intervals, after adjusting for age, gender, severe sepsis, pneumonia, and congestive heart failure.
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Table 3 Performance of three Sequential Organ Failure Assessment models

Model Sensitivity Specificity OR (95% CI) ORadj (95% CI)a

Earliest SOFA ≥1 76% 50% 3.23 (2.28-4.58) 2.26 (1.36-3.78)

Peak SOFA ≥2 74% 66% 5.63 (3.95-8.00) 3.34 (2.26-5.24)

Earliest SOFA ≥3 or ΔSOFA >0 75% 72% 7.85 (5.14-12.00) 5.89 (3.62-9.57)

Earliest Sequential Organ Failure Assessment (SOFA) represents the earliest available SOFA score within 72 hours of clinical deterioration. Peak SOFA represent
highest SOFA score within 72 hours of clinical deterioration. ΔSOFA represent changes in consecutive SOFA scores. Thresholds selected based on receiver
operating characteristic analysis. aAdjusted odds ratio derived after adjusting for age, gender, severe sepsis, pneumonia, and congestive heart failure.
CI, confidence interval; OR, odds ratio; ORadj, adjusted odds ratio.
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Mortality analysis
We performed a subgroup analysis, using mortality as the
endpoint instead of clinical deterioration. At the 0- to
12-hour interval, seven of the eight scores performed
similarly and had an AUC of greater than 0.80 (SOFA
AUC 0.83, ViEWS 0.81, PIRO 0.87, SCS 0.83, MEDS
0.85, MEWS 0.82, SAPS II 0.83, and APACHE II 0.80)
(Additional file 3). However, at the 12- to 72-hour in-
tervals, only MEDS continued to predict for mortality
with excellent discrimination (AUC >0.80).
In this subgroup analysis, the clinical decision rule de-

scribed in Figure 2 performed even better, with a sensi-
tivity of 79% and a specificity of 72% when predicting
for mortality. Even after baseline differences between
cases and controls were adjusted for, patients who met
the clinical decision rule criteria are much more likely to
die during hospitalization compared with patients who
did not (ORadj 13.3, 95% CI 5.3 to 33.3).
Discussion
In a retrospective case-control study, we compared the
discriminatory power of nine risk prediction scores and
found that eight of the nine scores performed with
Figure 2 Clinical decision rule which incorporate both earliest
available Sequential Organ Failure Assessment (SOFA) score
and changes in SOFA score.
similar and acceptable discrimination (AUC >0.70)
within 12 hours prior to clinical deterioration. By
measuring scores over time, we found that the some
scores begin to worsen as early as 12 to 48 hours be-
fore time of clinical deterioration. Finally, we found
that clinical decision rules that take advantage of the
change in SOFA score over time have increased prog-
nostic value over models that use a single SOFA
measurement.
Our study demonstrates that both ER and ICU scoring

systems can be used on non-ICU ward patients with
similar performance compared with well-validated track-
and-trigger systems such as MEWS and ViEWS. This
gives clinicians on the floor a potential alternative to
existing track-and-trigger systems. Interestingly, despite
vast differences in the physiologic parameters used, all of
these scores performed with very similar performance
for ward patients.
Of note, the AUCs derived in our study are lower than

those found in other studies [13,15-18]. However, the
AUCs found in our study may be lower because many of
these scores were originally derived and validated in a
cohort of ICU or ER patients. Furthermore, these scores
were all originally derived to calculate risk of mortality
rather than clinical deterioration. Indeed, our subgroup
analysis showed that when examining only mortality, the
AUCs generated were higher and more closely resemble
those from prior studies. However, we selected clinical
deterioration as our endpoint because we wanted a score
that could estimate need for critical care intervention
and therefore prevent morbidity, not just mortality. For
the purposes of our study, the endpoint of clinical de-
terioration was simply more relevant than using mortal-
ity, since not every patient who deteriorated to the point
of requiring ICU evaluation necessarily died later on. By
being able to anticipate clinical deterioration, clinicians
can better administer early intervention measures or
trigger RRT.
We found that scores performed better closer to time

of clinical deterioration, which makes sense since
physiologic parameters associated with certain events,
such as cardiac arrest, may not be present long before
the event. We discovered that MEDS performed with ac-
ceptable performance even 48 to 72 hours before time of
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deterioration. This finding may be explained by the fact
that MEDS contains many baseline variables which do
not change throughout hospitalization.
In studying the scores over time, we found that

physiologic changes prior to clinical deterioration may
be detected hours before the event. For patients who ul-
timately deteriorated, the average scores increased 12 to
24 hours prior to time of deterioration for the MEWS,
SAPS II, APACHE II, and REMS scoring models. For the
SOFA model, average scores of cases increased as early
as 24 to 48 hours before time of deterioration. This early
warning is significant and can provide clinicians with
sufficient time to reassess patients. This also allows time
for early interventional measures to take effect and im-
prove outcomes. In the context of previous findings, one
trial studying the impact of implementing a track-and-
trigger system found that about 50% of deteriorating pa-
tients were not detected by the trigger system until less
than 15 minutes prior to hospital death, cardiac arrest,
or ICU admission [35]. Furthermore, since 76% of our
cases had severe sepsis, serial assessment of these pre-
diction scores may also help clinicians identify patients
with worsening severe sepsis who may benefit from early
goal-directed therapy.
For our exploratory analysis, we constructed a clinical

decision rule that incorporated both changes in SOFA
score and the earliest available SOFA score. Whereas the
earliest score represents baseline severity of illness, the
change in SOFA score reflects events during course of
the hospitalization, such as clinical deterioration or inad-
equate response to therapeutic interventions. Thus, this
rule captures both patients who were very sick on pres-
entation or worsened during hospitalization. This clin-
ical prediction rule was derived objectively from ROC
analysis and is the first to use SOFA score in a cohort of
non-ICU patients. More importantly, this decision rule
has good discriminatory ability. Even after baseline dif-
ferences were adjusted for, patients who meet the clin-
ical decision rule criteria are almost six times more
likely to deteriorate clinically compared with patients
who did not.
However, with a sensitivity of 75%, many patients who

would have deteriorated are still missed. However, it is still
higher than the sensitivities of existing track-and-trigger
systems (25% to 69%) [24]. Furthermore, its specificity of
72%, though comparable to that of track-and-trigger sys-
tems, means that many patients who satisfy the clinical
decision rule will not deteriorate. This makes ICU admis-
sion for every at-risk patient impractical since stable pa-
tients will end up using scarce ICU resources. However,
early identification of at-risk patients may still be useful.
High-risk patients can receive closer follow-up, early inter-
vention measures that can be done on the non-ICU wards,
and benefit from earlier discussions on goals of care.
This study has a number of strengths. To the best of
our knowledge, this was the first study to provide a
head-to-head comparison of multiple ER and ICU pre-
diction scores in a cohort of non-ICU ward patients. We
assessed scores sequentially over time and, by using risk-
set sampling and controlling for time to exposure, were
able to account for time-dependent variables. Finally, we
measured scores in the 72 hours before clinical deterior-
ation. This study design allowed us to demonstrate the
temporal trends of scores relative to time of deterior-
ation rather than time of ICU admission.
However, we acknowledge some limitations. This was

a retrospective case-control study involving chart re-
views. Though not a prospective cohort study, this was a
nested case-control study which has been shown to pro-
duce accurate sensitivities and specificities since both
cases and controls are selected from a cohort of patients
with similar backgrounds [36]. Nevertheless, the results
and findings of this study need to be validated in a fu-
ture prospective study. Our cohort was limited to pa-
tients with infection, although this was done in similar
prior studies [2,5,13] since patients with infection consti-
tute a substantial percentage of ward patients. Missing
variables were assumed to be normal, although this was
similar to prior studies [32]. Some variables, such as
functional status variables and Glasgow Coma Scale,
were not collected. However, these variables are not rou-
tinely assessed and documented on ward patients and
therefore this omission may be in line with actual clin-
ical practice. Instead, we converted alert/verbal/painful/
unresponsive scale measurements into equivalent Glas-
gow Coma Scale values by using a previously verified
conversion [33]. Finally, we did not have continuous
monitoring of vital signs, the presence of which could
have provided greater resolution of data.

Conclusions
Both ER and ICU prediction scores can be used to esti-
mate a ward patient’s risk of clinical deterioration, with
good discriminatory ability comparable to that of exist-
ing track-and-trigger systems. We also found that some
scores, such as SOFA, began to increase as early as 12 to
48 hours before time of clinical deterioration. Accord-
ingly, we constructed a clinical decision rule for SOFA
that used both the change in SOFA and baseline SOFA,
and found that it performed well.

Key messages

� ER and ICU risk prediction scores can prognosticate
with good discrimination the risk of clinical
deterioration in ward patients.

� By measuring some risk prediction scores (SOFA,
MEWS, SAPS II, APACHE II, and REMS) over time,
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we find that the scores of cases begin to increase as
early as 12 to 48 hours prior to time of clinical
deterioration.

� Clinical decision rules that take advantage of the
change in SOFA over time have increased
prognostic value over models that use a single SOFA
measurement.

Additional files

Additional file 1: International Classification of Diseases, Ninth
Revision (ICD-9) codes used to assess diagnosis of infection.

Additional file 2: Characteristics and components of the nine
examined risk prediction scoring systems.

Additional file 3: Area under the curve measurements for the nine
scoring systems when using mortality as the endpoint.
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