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BACKGROUND: Hospitalized patients who develop severe sepsis have signiﬁcant morbidity and mortality. Early goal-directed
therapy has been shown to decrease mortality in severe sepsis and septic shock, though a delay in recognizing impending
sepsis often precludes this intervention.
OBJECTIVE: To identify early predictors of septic shock among hospitalized non-intensive care unit (ICU) medical patients.
DESIGN: Retrospective cohort analysis.
SETTING: A 1200-bed academic medical center.
PATIENTS: Derivation cohort consisted of 13,785 patients hospitalized during 2005. The validation cohorts consisted of
13,737 patients during 2006 and 13,937 patients from 2007.
INTERVENTION: Development and prospective validation of a prediction model using Recursive Partitioning And Regression
Tree (RPART) analysis.
METHODS: RPART analysis of routine laboratory and hemodynamic variables from the derivation cohort to identify
predictors prior to the occurrence of shock. Two models were generated, 1 including arterial blood gas (ABG) data and
1 without.
RESULTS: When applied to the 2006 cohort, 347 (54.7%) and 121 (19.1%) of the 635 patients developing septic shock were
correctly identiﬁed by the 2 models, respectively. For the 2007 patients, the 2 models correctly identiﬁed 367 (55.0%) and 102
(15.3%) of the 667 patients developing septic shock, respectively.
CONCLUSIONS: Readily available data can be employed to predict non-ICU patients who develop septic shock several hours
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Severe sepsis is responsible for signiﬁcant morbidity and
mortality. In the United States, approximately 750,000 cases
occur each year with an estimated mortality of 30% to 50%.1
Early goal-directed therapy has been shown to decrease
mortality in patients with severe sepsis and septic shock.2,3
As a result, efforts have been focused toward providing early
and aggressive intervention once sepsis has been established. In many cases this has been accomplished through
the implementation of a protocol with guidelines for ﬂuid
management, antibiotic and vasopressor administration,
and other interventions.4–10 Prior studies have demonstrated
that care of hospitalized patients before intensive care unit
(ICU) admission is often suboptimal,11–13 and have suggested that patients with clear indicators of acute deterioration may go unrecognized on the ward. We previously
reported the effects of implementing a hospital-wide protocol for the management of severe sepsis,14 ﬁnding that
although there was a signiﬁcant reduction in overall mortality there was no difference for patients who developed
severe sepsis on the hospital ward. This ﬁnding also sug-

gests that the initial care of patients with severe sepsis on
hospital wards may differ in intensity compared to emergency departments and ICUs. Failure on the part of the clinician to recognize the harbingers of impending sepsis
before the onset of organ dysfunction or hypotension may
contribute to a delay in aggressive therapy.
Previous efforts at early recognition of sepsis have relied
on diagnostic studies or speciﬁc biomarkers to screen atrisk patients. These have included such studies as messenger RNA (mRNA) expression,15 C-reactive protein,16 procalcitonin in newborns,17 immunocompetence measures in
burn patients,18 protein C concentration in neutropenic
patients,19 and several immune markers (eg, tumor necrosis
factor-alpha, interleukin [IL]-1 beta, IL-6, IL-8, and IL-10).20
However, these biomarkers have been studied only in speciﬁc patient populations, require suspicion on the part of
the clinician and the measurement of diagnostic or laboratory values that would otherwise not have been obtained.
The ideal tool for predicting the onset of sepsis would be
applicable to a broad patient population, not require
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speciﬁc suspicion on the part of the clinician, and use only
routinely obtained clinical measurements and laboratory
values.
Prediction models and scoring systems that use routine
hemodynamic and laboratory values for several endpoints
related to sepsis and septic shock have been developed.
Many such tools are used to deﬁne severity of illness and
predict outcome, while others have been developed to predict such events as bacteremia in patients presenting with
fever,21 the probability of infection in the critically ill,22 and
end-organ dysfunction in severe sepsis.23 Little work has
been done to develop such a model capable of predicting
the onset of sepsis,24 and there have been no attempts to
deploy a model as a large-scale screening tool.
Our objective was to develop a simple algorithm that can
be used in an automated fashion to screen hospitalized
patients for impending septic shock. Such a model would
be derived from routine hemodynamic and laboratory values, and take advantage of a computerized medical record
system for data collection.

TABLE 1. Variables Included in the RPART Analysis
Age (years)
Albumin (g/dL)
Arterial blood gas (pH, PaCO2, PaO2)
Anion gap
Bilirubin (mg/dL)
BP, systolic and diastolic (mm of Hg)
Blood urea nitrogen (mg/dL)
Chloride (mmol/L)
Creatinine (mg/dL)
Glucose (mg/dL)
Hemoglobin (g/dL)
International normalized ratio
Neutrophil count, absolute (1  103/lL)
Platelet count (1  103/lL)
Pulse (beats/minute)
Pulse pressure (mm of Hg)
Shock index (pulse divided by systolic BP)
Sodium (mmol/L)
Total bicarbonate (mmol/L)
Temperature (degrees Celsius)
White blood cell count (1  103/lL)
NOTE: All laboratory values are for serum samples.
Abbreviation: BP, blood pressure; RPART, Recursive Partitioning and Regression Tree.

Patients and Methods
Patient Enrollment and Data Collection
This study was conducted at Barnes-Jewish Hospital,
St. Louis, MO, a university-afﬁliated, urban teaching hospital. The study was approved by the Washington University
(St. Louis, MO) School of Medicine Human Studies Committee. Patients included in the study where those hospitalized
during 2005, 2006, and 2007, and who had at least 1 International Statistical Classiﬁcation of Diseases and Related
Health Problems, 9th edition (ICD9) discharge diagnosis
code for the medical/nonsurgical diagnoses listed in Appendix 1. From this pool of patients, septic shock patients were
identiﬁed as those who were admitted to the hospital ward
and later developed septic shock requiring transfer to an
ICU for vasopressor support and hemodynamic monitoring.
This was accomplished by using discharge ICD9 codes for
acute infection matched to codes for acute organ dysfunction and the need for vasopressors within 24 hours of ICU
transfer (Appendix 1). The patients used as controls were
then all those remaining in the pool once the septic shock
patients were identiﬁed and separated.
Case patients were excluded from the analysis if they
were transferred to the ICU within 2 hours of hospital
admission, as these patients are unlikely to have an
adequate amount of pretransfer clinical data available for
analysis. Both case and control patients were excluded
if they lacked any value for basic, routine laboratory data
(serum sodium, chloride, total bicarbonate, urea nitrogen,
creatinine, glucose, white blood cell count, neutrophil
count, hemoglobin, hematocrit, and platelet count) and certain vital signs (blood pressure, heart rate, temperature).
Patient data from 2005 were used in the derivation of the
prediction model, and 2006 and 2007 patient data were
used to prospectively validate the model. Clinical variables
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used in the analysis were selected based on both ease of
access from the electronic medical record and clinical relevance, and are shown in Table 1.
In performing the Recursive Partitioning And Regression
Tree (RPART) analysis to generate a prediction model, data
for case patients were extracted in a window from 24 hours
to 2 hours before ICU admission. The data collection window excluded the 2 hours prior to ICU transfer in order to
minimize the effect of acute hemodynamic or laboratory
changes that may have prompted the transfer; the purpose
of the model is to identify hemodynamic and laboratory
patterns in the several hours before the onset of clinically
evident shock, so data from a time during which impending
shock was clinically apparent were excluded. For the control
patients, data from the ﬁrst 48 hours of their hospitalization
were included in the analysis.

Statistical Analysis
RPART analysis was performed on the 2005 patient data set
to generate a prediction algorithm. This method of analysis
results in a classiﬁcation tree that contains a series of binary
splits designed to separate patients into mutually exclusive
subgroups.25 Each split in the tree is selected based on its
ability to produce a partition with the greatest purity. Initially, a large tree that contains splits for all input variables
is generated. This initial tree is generally too large to be useful as the ﬁnal subgroups are too small to make sensible
statistical inference.25 A pruning process is then applied to
the initial tree with the goal of ﬁnding the ‘‘subtree’’ that is
most predictive of the outcome of interest. The analysis was
done using the RPART package of the R statistical analysis
program, version 2.7.0 (R: A Language and Environment for

FIGURE 1. Classiﬁcation tree resulting from RPART analysis of all 2005 clinical data. For each branch, to the left indicates
that the patient meets the condition, and to the right either the patient does not meet the condition or the data are missing.
Abbreviations: Bicarb, serum bicarbonate; BP, blood pressure; BUN, serum urea nitrogen PaO2, partial pressure of arterial
oxygen.

Statistical Computing, R Development Core Team, Foundation for Statistical Computing, Vienna, Austria). The resulting classiﬁcation tree was then used as a prediction algorithm and applied in a prospective fashion to the 2006 and
2007 patient data sets.
For the purpose of performing the RPART analysis, each
set of case data entered into the analysis consisted of a random extraction of the desired clinical data within the speciﬁed extraction window from a single case patient. Thus, if a
case patient had more than 1 value available for any variable
of interest, 1 value was randomly selected to be entered in
combination with the other available clinical data. Furthermore, in order to ensure that the majority of case patient
data were included in the analysis, this process was iterated
10 times for each case patient. This resulted in 10 sets of case
patient data being entered into the analysis for each case
patient in the database, with each set containing a value for
all variables of interest randomly extracted from those available for that patient. In addition to ensuring that the majority
of case patient data were included, this technique also functionally expands the number of case patients present in the
analysis. As there were far more control patients than case
patients in the database, this in turn results in a classiﬁcation
tree that does not simply identify controls without regard to
the relatively small number of case patients.
Data for the control patients entered into the analysis
were extracted in a similar fashion, though only 1 set of
data were included in the analysis for each control patient
present in the database. As a result, only 1 randomly
selected value per variable was included in the analysis.

Results
Patients
During 2005, 562 septic patients and 13,223 control patients
were identiﬁed. For 2006 and 2007 there were 635 and 667
case patients, and 13,102 and 13,270 control patients,
respectively.

Predictors of Sepsis
RPART analysis of the 2005 patient data set demonstrated
that the most signiﬁcant predictors of sepsis in the 24 hours
preceding transfer to the medical ICU were the partial pressure of arterial oxygen (PaO2), systolic blood pressure, absolute neutrophil count, blood urea nitrogen (BUN), pH, bicarbonate, chloride, and albumin. This resulted in a simple
algorithm with nine classiﬁcation splits (Figure 1), which
was then prospectively applied to the 2006 and 2007 patient
data sets. These results are summarized in Table 2.
The resulting classiﬁcation model had a low total misclassiﬁcation rate for the 2005 data. Of the 562 septic
patients, 320 (56.9%) were correctly classiﬁed, and 12,394
(93.7%) of the control patients were appropriately identiﬁed.
The number of septic and control patients misclassiﬁed was
242 and 829, respectively, yielding a total misclassiﬁcation
rate of 7.8%. When applied to the 2006 patient data set, 347
(54.7%) of the 635 septic shock patients were correctly identiﬁed, while 12,241 (93.4%) of the 13,102 control patients
were correctly classiﬁed. The total misclassiﬁcation rate for
the 2006 patient set was 8.4%. For the 2007 patient data,
367 (55.0%) of the 667 case patients were correctly
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TABLE 2. Results of 2005-Derived Model Using All Clinical Data Applied to the 2005, 2006, and 2007 Patient Data Sets

2005
Cases
Controls
2006
Cases
Controls
2007
Cases
Controls

Total Number

Number Correctly
Classiﬁed (%)

562
13,223

320 (56.9)
12,394 (93.7)

635
13,102

347 (54.7)
12,241 (93.4)

667
13,270

367 (55.0)
12,341 (93.0)

Case Identiﬁcation
Time Before ICU
Admission (minutes)

PPV (%)

NPV (%)

MCR (%)

27.9

98.1

7.8

179  230

28.7

97.7

8.4

192  210

28.3

97.6

8.8

NOTE: Values shown represent mean  SD.
Abbreviations: ICU, intensive care unit; MCR, misclassiﬁcation rate; NPV, negative predictive value; PPV, positive predictive value.

identiﬁed, and 12,341 (93.0%) of the 13,270 control patients
were correctly identiﬁed. This resulted in a total misclassiﬁcation rate of 8.8%.
The 2006 and 2007 case patients were identiﬁed 179 
230 minutes and 192  210 minutes before ICU transfer,
respectively (Figure 2). The algorithm demonstrated positive
and negative predictive values of 28.7% and 97.7% for the
2006 patient set, respectively, and 28.3% and 97.6% for the
2007 patient set, respectively.
Although the prediction algorithm shown in Figure 1
identiﬁed the majority of the case patients with ample time
for clinical intervention prior to ICU transfer, the analysis
used to derive this model included values for the arterial
blood gas (ABG). As this is not a routinely obtained study
for hospitalized patients outside of an ICU, it is possible
that the performance of this model can in part be attributed
to clinical acumen rather than changes in patient physiology. The ABG would likely only be obtained in patients with
a more concerning or deteriorating clinical course, and thus
more likely to develop shock. To address this possibility, a
second analysis was performed that did not include the values for the ABG. The result was an algorithm with 13 classiﬁcation splits, as shown in Figure 3.
The most predictive clinical variables in this analysis
included the shock index (heart rate divided by systolic
blood pressure), mean arterial pressure, total bilirubin,
international normalized ratio (INR), total white blood cell
count, absolute neutrophil count, albumin, hemoglobin,
and sodium. This model was again applied to the 2006 and
2007 patient data sets (Table 3).
The overall misclassiﬁcation rates for 2006 and 2007 were
7.0% and 7.1%, respectively. The model correctly identiﬁed
121 (19.1%) of the 635 cases and 12,657 (96.6%) of the
13,102 control patients from 2006, and 102 (15.3%) of the
667 cases and 12,850 (96.8%) of the 13,270 control patients
from 2007. The respective positive and negative predictive
values were 21.4% and 96.1% for 2006, respectively, and
19.5% and 95.8% for 2007, respectively.
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FIGURE 2. Number of patients identiﬁed by hour prior to
ICU transfer. Classiﬁcation tree derived from all 2005
clinical data applied to the 2006 and 2007 patient data sets.

Although the overall performance of the model derived
without the ABG data was not as good, the identiﬁcation
times prior to ICU transfer were signiﬁcantly improved. For
the 2006 data, patients were identiﬁed 508  536 minutes
before transfer (Figure 4), compared to 179  230 minutes
for the model that included the ABG data (P < 0.01). For
the 2007 data, patients were identiﬁed 496  512 minutes
prior to ICU admission (Figure 4), compared to 192  210
minutes for the previous model (P < 0.01).

Discussion
We have demonstrated a simple method for generating an
algorithm derived from routine laboratory and hemodynamic values that is capable of predicting the onset of
sepsis in a signiﬁcant proportion of non-ICU patients. Two
prediction models were generated, 1 with and 1 without
ABG data included in the analysis. In the 2006 and 2007

FIGURE 3. Classiﬁcation tree resulting from RPART analysis of 2005 clinical data, excluding arterial blood gas. For each
branch, to the left indicates that the patient meets the condition, and to the right either the patient does not meet the
condition or the data are missing. Abbreviations: INR, international normalized ratio; MAP, mean arterial pressure; WBC,
white blood cell count.

TABLE 3. Results of 2005-Derived Model, Excluding Arterial Blood Gas Data, Applied to the 2005, 2006, and 2007 Patient
Data Sets

2005
Cases
Controls
2006
Cases
Controls
2007
Cases
Controls

Total Number

Number Correctly
Classiﬁed (%)

562
13,223

126 (22.4)
12,735 (96.3)

635
13,102

121 (19.1)
12,657 (96.6)

667
13,270

102 (15.3)
12,850 (96.8)

Case Identiﬁcation
Time Before ICU
Admission (minutes)

PPV (%)

NPV (%)

MCR (%)

20.5

96.7

6.7

508  536

21.4

96.1

7.0

496  512

19.5

95.8

7.1

NOTE: Values shown represent mean  SD.
Abbreviations: MCR, misclassiﬁcation rate; NPV, negative predictive value; PPV, positive predictive value.

validation cohorts, the model including these data correctly
classiﬁed 54.7% and 55.0% of the patients who developed
septic shock and 93.4% and 93.0% of control patients,
respectively. The second model identiﬁed 19.1% and 15.3%
of the septic shock patients and 96.6% and 96.8% of the
control patients for 2006 and 2007, respectively. The methods used in generating this model are relatively simple and
can be executed with the use of an electronic medical
record system.
Early, goal-directed cardiovascular resuscitation and
adequate initial antibiotic therapy have been shown to
decrease mortality in patients with severe sepsis and septic
shock.2,26 Prior studies employing early, targeted resuscitation strategies have demonstrated decreased use of vasopressors10 and decreased mortality.5–10 In addition, we pre-

viously demonstrated that a standardized order set for the
management of severe sepsis in the emergency department
that focused on early and aggressive intervention was associated with decreased 28-day mortality.1 These studies suggest that early, aggressive management of septic shock can
improve outcomes. Identiﬁcation of patients prior to overt
clinical deterioration may allow for early intervention aimed
at preventing shock or improving its outcome.
The purpose of this method is to develop a model capable of recognizing patterns in clinical data that herald a
patient’s otherwise unidentiﬁed clinical deterioration. It is
not intended to replace existing outcome prediction tools or
severity of illness scoring systems, where a high degree of
accuracy would be required. Rather, it would be best implemented as an automated screening tool incorporated into
2010 Society of Hospital Medicine DOI 10.1002/jhm.530
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FIGURE 4. Number of patients identiﬁed by hour prior to
ICU transfer. Classiﬁcation tree derived from 2005 clinical
data excluding arterial blood gas applied to the 2006 and
2007 patient data sets.

an electronic medical record system. When a hospitalized
patient is identiﬁed as a possible septic shock patient by the
classiﬁcation tree, a notiﬁcation is then issued to the clinicians caring for the patient. The primary goal of this
method is to notify clinicians of potential clinical deterioration. Any action taken as a result of this notiﬁcation is at
the discretion of the clinician. This method could be
employed for any population of hospitalized patients,
though because of variations in clinical practice and patient
physiology, different models would need to be generated for
differing patient populations.
This method has limitations, the foremost of which is the
possible instability of the resulting classiﬁcation model. This
type of analysis results in an algorithm that depends on
binary splits to classify patients. In generating the algorithm,
the recursive partitioning analysis selects the variables and
cutoff values that result in the strongest decision tree with
the most pure classiﬁcations at the end nodes. These variables and cutoff values may not immediately seem logical
from a clinical standpoint, and may vary with changes in
practice and even possibly between divisions within a hospital. As a result, the algorithm would likely require intermittent updating to remain effective and a model derived
from 1 hospital or patient population would not necessarily
be applicable to patients at another institution or from a
different population. However, once the method has been
developed at an institution, the process of revising the algorithm could be essentially automated and uses few
resources.
Another shortcoming of this method is the relatively low
sensitivity of the resulting algorithm. In a role as an automated alert system, a low false-positive rate is particularly
desirable to avoid unnecessary frequent distraction of clinicians. The sensitivity of the model can be improved through
2010 Society of Hospital Medicine DOI 10.1002/jhm.530
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manipulation of how the analysis is performed, but this
would be at the expense of a higher false-positive rate,
which is not acceptable. Finally, prior studies examining
treatment for sepsis have demonstrated an advantage to
early and aggressive therapy. It is not clear, however, if identifying these patients prior to the onset of clinically evident
sepsis would result in improved outcomes. Further work is
required to determine if this is the case. We are currently
conducting a prospective study that employs the method
described here in conjunction with an automated alert system to ascertain if it impacts outcomes on patients admitted to the medicine wards of Barnes-Jewish Hospital.
In conclusion, the method presented here represents a
technique that consumes few resources and is capable of
identifying some patients before septic shock becomes clinically evident. When applied in an automated fashion with
the capability to alert clinicians caring for a patient, the
method demonstrated here may allow for earlier diagnosis
and possibly intervention for septic shock patients.
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