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BACKGROUND: Patients who experience intra-hospital transfers to a higher level of care (eg, ward to intensive care unit
[ICU]) are known to have high mortality. However, these ﬁndings have been based on single-center studies or studies that
employ ICU admissions as the denominator.
OBJECTIVE: To employ automated bed history data to examine outcomes of intra-hospital transfers using all hospital
admissions as the denominator.
DESIGN: Retrospective cohort study.
SETTING: A total of 19 acute care hospitals.
PATIENTS: A total of 150,495 patients, who experienced 210,470 hospitalizations, admitted to these hospitals between
November 1st, 2006 and January 31st, 2008.
MEASUREMENTS: Predictors were age, sex, admission type, admission diagnosis, physiologic derangement on admission,
and pre-existing illness burden; outcomes were: 1) occurrence of intra-hospital transfer, 2) death following admission to the
hospital, 3) death following transfer, and 4) total hospital length of stay (LOS).
RESULTS: A total of 7,868 hospitalizations that began with admission to either a general medical surgical ward or to a
transitional care unit (TCU) had at least one transfer to a higher level of care. These hospitalizations constituted only 3.7% of
all admissions, but accounted for 24.2% of all ICU admissions, 21.7% of all hospital deaths, and 13.2% of all hospital days.
Models based on age, sex, preadmission laboratory test results, and comorbidities did not predict the occurrence of these
transfers.
CONCLUSIONS: Patients transferred to higher level of care following admission to the hospital have excess mortality and
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Considerable research and public attention is being paid to
the quantiﬁcation, risk adjustment, and reporting of inpatient mortality.1–5 Inpatient mortality is reported as aggregate mortality (for all hospitalized patients or those with a
speciﬁc diagnosis3,6) or intensive care unit (ICU) mortality.7,8 While reporting aggregate hospital or aggregate ICU
mortality rates is useful, it is also important to develop
reporting strategies that go beyond simply using data elements found in administrative databases (eg, diagnosis and
procedure codes) to quantify practice variation. Ideally, such
strategies would permit delineating processes of care—particularly those potentially under the control of hospitalists,
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not only intensivists—to identify improvement opportunities. One such process, which can be tracked using the bed
history component of a patient’s electronic medical record,
is the transfer of patients between different units within the
same hospital.
Several studies have documented that risk of ICU death is
highest among patients transferred from general medical-surgical wards, intermediate among direct admissions from the
emergency department, and lowest among surgical admissions.9–11 Opportunities to reduce subsequent ICU mortality
have been studied among ward patients who develop sepsis
and are then transferred to the ICU,12 among patients who

experience cardiac arrest,13,14 as well as among patients with
any physiological deterioration (eg, through the use of rapid
response teams).15–17 Most of these studies have been singlecenter studies and/or studies reporting only an ICU denominator. While useful in some respects, such studies are less
helpful to hospitalists, who would beneﬁt from better understanding of the types of patients transferred and the total
impact that transfers to a higher level of care make on general medical-surgical wards. In addition, entities such as the
Institute for Healthcare Improvement recommend the manual review of records of patients who were transferred from
the ward to the ICU18 to identify performance improvement
opportunities. While laudable, such approaches do not lend
themselves to automated reporting strategies.
We recently described a new risk adjustment methodology
for inpatient mortality based entirely on automated data preceding hospital admission and not restricted to ICU patients.
This methodology, which has been externally validated in
Ottawa, Canada, after development in the Kaiser Permanente
Medical Care Program (KPMCP), permits quantiﬁcation of
a patient’s pre-existing comorbidity burden, physiologic
derangement at the time of admission, and overall inpatient
mortality risk.19,20 The primary purpose of this study was to
combine this methodology with bed history analysis to quantify the in-hospital mortality and length of stay (LOS) of
patients who experienced intra-hospital transfers in a large,
multihospital system. As a secondary goal, we also wanted to
assess the degree to which these transfers could be predicted
based on information available prior to a patient’s admission.

Materials and Methods
This project was approved by the Northern California
KPMCP Institutional Review Board for the Protection of
Human Subjects.
The Northern California KPMCP serves a total population
of approximately 3.3 million members. Under a mutual
exclusivity arrangement, physicians of The Permanente
Medical Group, Inc., care for Kaiser Foundation Health Plan,
Inc. members at facilities owned by Kaiser Foundation Hospitals, Inc. All Northern California KPMCP hospitals and
clinics employ the same information systems with a common medical record number and can track care covered by
the plan but delivered elsewhere. Databases maintained by
the KPMCP capture admission and discharge times, admission and discharge diagnoses and procedures (assigned by
professional coders), bed histories, inter-hospital transfers,
as well as the results of all inpatient and outpatient laboratory tests. The use of these databases for research has been
described in multiple reports.21–24
Our setting consisted of all 19 hospitals owned and operated by the KPMCP, whose characteristics are summarized
in the Supporting Information Appendix available to interested readers. These include the 17 described in our previous report19 as well as 2 new hospitals (Antioch and Manteca) which are similar in size and type of population

served. Our study population consisted of all patients
admitted to these 19 hospitals who met these criteria: 1)
hospitalization began from November 1st, 2006 through January 31st, 2008; 2) initial hospitalization occurred at a
Northern California KPMCP hospital (ie, for inter-hospital
transfers, the ﬁrst hospital stay occurred within the
KPMCP); 3) age 15 years; and 4) hospitalization was not
for childbirth.
We deﬁned a ‘‘linked hospitalization’’ as the time period
that began with a patient’s admission to the hospital and
ended with the patient’s discharge (home, to a nursing home,
or death). Linked hospitalizations can thus involve more than
1 hospital stay and could include a patient transfer from one
hospital to another prior to deﬁnitive discharge. For linked
hospitalizations, mortality was attributed to the admitting
KPMCP hospital (ie, if a patient was admitted to hospital A,
transferred to B, and died at hospital B, mortality was attributed to hospital A). We deﬁned total LOS as the exact time in
hours from when a patient was ﬁrst admitted to the hospital
until death or ﬁnal discharge home or to a nursing home,
while total ICU or transitional care unit (TCU, referred to as
‘‘stepdown’’ unit in some hospitals) LOS was calculated for all
individual ICU or TCU stays during the hospital stay.

Intra-Hospital Transfers
We grouped all possible hospital units into four types: general medical-surgical ward (henceforth, ‘‘ward’’); operating
room (OR)/post-anesthesia recovery (PAR); TCU; and ICU.
In 2003, the KPMCP implemented a mandatory minimum
stafﬁng ratio of one registered nurse for every four patients
in all its hospital units; in addition, stafﬁng levels for designated ICUs adhered to the previously mandated minimum
of one nurse for every 2 patients. So long as they adhere to
these minimum ratios, individual hospitals have considerable autonomy with respect to how they staff or designate
individual hospital units. Registered nurse-to-patient ratios
during the time of this study were as follows: ward patients,
1:3.5 to 1:4; TCU patients, 1:2.5 to 1:3; and ICU patients, 1:1
to 1:2. Stafﬁng ratios for the OR and PAR are more variable,
depending on the surgical procedures involved. Current
KPMCP databases do not permit accurate quantiﬁcation of
physician stafﬁng. All 19 study hospitals had designated
ICUs, 6 were teaching hospitals, and 11 had designated
TCUs. None of the study hospitals had ‘‘closed’’ ICUs (units
where only intensivists admit patients) and none had continuous coverage of the ICU by intensivists. While we were
not able to employ electronic data to determine who made
the decision to transfer, we did ﬁnd considerable variation
with respect to how intensivists covered the ICUs and how
they interfaced with hospitalists. Stafﬁng levels for specialized coronary care units and non-ICU monitored beds were
not standardized. All study hospitals had rapid response
teams as well as ‘‘code blue’’ teams during the time period
covered by this report. Respiratory care practitioners were
available to patients in all hospital units, but considerable
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variation existed with respect to other services available (eg,
cardiac catheterization units, provision of noninvasive positive pressure ventilation outside the ICU, etc.).
This report focuses on intra-hospital transfers to the ICU
and TCU, with special emphasis on nonsurgical transfers
(due to space limitations, we are not reporting on the outcomes of patients whose ﬁrst hospital unit was the OR;
additional details on these patients are provided in the Supporting Information Appendix). For the purposes of this
report, we deﬁned the following admission types: direct
admits (patients admitted to the ICU or TCU whose ﬁrst
hospital unit on admission was the ICU or TCU); and nonsurgical transfers to a higher level of care. These latter transfers could be of 3 types: ward to ICU, ward to TCU, and
TCU to ICU. We also quantiﬁed the effect of inter-hospital
transfers.

Independent Variables
In addition to patients’ age and sex, we employed the following independent variables to predict transfer to a higher level
of care. These variables are part of the risk adjustment model
described in greater detail in our previous report19 and were
available electronically for all patients in the cohort. We
grouped admission diagnoses into 44 broad diagnostic categories (Primary Conditions), and admission types into 4 groups
(emergency medical, emergency surgical, elective medical, and
elective surgical). We quantiﬁed patients’ degree of physiologic
derangement using a Laboratory-based Acute Physiology Score
(LAPS) using laboratory test results prior to hospitalization. We
quantiﬁed patients’ comorbid illness burden using a Comorbidity Point Score (COPS) based on patients’ pre-existing
diagnoses over the 12-month period preceding hospitalization.
Lastly, we assigned each patient a predicted mortality risk (%)
and LOS based on the above predictors,19 permitting calculation of observed to expected mortality ratios (OEMRs) and
observed minus expected LOS (OMELOS).

Statistical Methods
All analyses were performed in SAS.25 We calculated standard descriptive statistics (medians, means, standard deviations) and compared different patient groupings using t and
chi-square tests. We employed a similar approach to that
reported by Render et al.7 to calculate OEMR and OMELOS.
To determine the degree to which transfers to a higher
level of care from the ward or TCU would be predictable
using information available at the time of admission, we performed 4 sets of logistic regression analyses using the abovementioned predictors in which the outcome variables were as
follows: 1) transfer occurring in the ﬁrst 48 hours after admission (time frame by which point approximately half of the
transferred patients experienced a transfer) among ward or
TCU patients and 2) transfer occurring after 48 hours among
ward or TCU patients. We evaluated the discrimination and
calibration of these models using the same methods
described in our original report (measuring the area under
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the receiver operator characteristic curve, or c statistic, and
visually examining observed and expected mortality rates
among predicted risk bands as well as risk deciles) as well as
additional statistical tests recommended by Cook.19,26

Results
During the study period, a total of 249,129 individual
hospital stays involving 170,151 patients occurred at these
19 hospitals. After concatenation of inter-hospital transfers,
we were left with 237,208 linked hospitalizations. We
excluded 26,738 linked hospitalizations that began at a
non-KPMCP hospital (ie, they were transported in), leaving
a total of 210,470 linked hospitalizations involving 150,495
patients. The overall linked hospitalization mortality rate
was 3.30%.
Table 1 summarizes cohort characteristics based on initial hospital location. On admission, ICU patients had the
highest degree of physiologic derangement as well as the
highest predicted mortality. Considerable inter-hospital variation was present in both predictors and outcomes; details
on these variations are provided in the Supporting Information Appendix.
Table 2 summarizes data from 3 groups of patients:
patients initially admitted to the ward, or TCU, who did not
experience a transfer to a higher level of care and patients
admitted to these 2 units who did experience such a transfer. Patients who experienced a transfer constituted 5.3%
(6,484/121,237) of ward patients and 6.7% (1,384/20,556) of
TCU patients. Transferred patients tended to be older, have
more acute physiologic derangement (higher LAPS), a
greater pre-existing illness burden (higher COPS), and a
higher predicted mortality risk. Among ward patients, those
with the following admission diagnoses were most likely to
experience a transfer to a higher level of care: gastrointestinal bleeding (10.8% of all transfers), pneumonia (8.7%), and
other infections (8.2%). The diagnoses most likely to be
associated with death following transfer were cancer (death
rate among transferred patients, 48%), renal disease (death
rate, 36%), and liver disease (33%). Similar distributions
were observed for TCU patients.
Table 3 compares outcomes among ward and TCU
patients who did and did not experience a transfer to a
higher level of care. The table shows that transferred
patients were almost 3 times as likely to die, even after controlling for severity of illness, and that their hospital LOS
was 9 days higher than expected. This increased risk was
seen in all hospitals and among all transfer types (ward to
ICU, ward to TCU, and TCU to ICU).
Table 3 also shows that, among decedent patients, those
who never left the ward or TCU died much sooner than
those who died following transfer. Among direct admits to
the ICU, the median LOS at time of death was 3.9 days,
with a mean of 9.4 6 standard deviation of 19.9 days, while
the corresponding times for TCU direct admits were a median and mean LOS of 6.5 and 11.7 6 19.5 days.

TABLE 1. Characteristics of Study Cohort Based on Patients’ Admission Hospital Unit

n
Admitted via emergency department, n (%)
% range across hospitalsy
Male, n (%)
Age in years (mean 6 SD)
LAPS (mean 6 SD)
COPS (mean 6 SD)
% predicted mortality (mean 6 SD)
Observed in-hospital deaths (n, %)
Observed to expected mortality ratioz
Total hospital LOS, days (mean 6 SD)

Ward

TCU

ICU

All*

121,237
99,909 (82.4)
55.0-94.2
53,744 (44.3)
64.5 6 19.2
19.2 6 18.0
90.4 6 64.0
4.0 6 7.1
3,793 (3.1)
0.79 (0.77-0.82)
4.6 6 7.5

20,556
18,612 (90.5)
64.7-97.6
10,362 (50.4)
69.0 6 15.6
23.3 6 19.5
99.2 6 65.9
4.6 6 7.3
907 (4.4)
0.95 (0.89-1.02)
5.3 6 10.0

16,001
13,847 (86.5)
49.5-97.4
8,378 (52.4)
63.7 6 17.8
31.7 6 25.7
94.5 6 67.5
8.7 6 12.8
1,995 (12.5)
1.43 (1.36-1.49)
7.8 6 14.0

210,470
139,036 (66.1)
53.6-76.9
94,451 (44.9)
63.2 6 18.6
16.7 6 19.0
84.7 6 61.8
3.6 6 7.3
6,952 (3.3)
0.92 (0.89-0.94)
4.6 6 8.1

NOTE: See text for description of unit characteristics and stafﬁng.
Abbreviations: COPS, Comorbidity Point Score; ICU, Intensive Care Unit; LAPS, Laboratory Acute Physiology Score; LOS, length of stay; SD, standard deviation; TCU, Transitional Care Unit.
* Number includes 52,676 excluded surgical patients described in the Supporting Information Appendix.
y
See Supporting Information Appendix for details on inter-hospital variation.
z
Numbers in parentheses are 95% conﬁdence intervals. Total ratio for cohort is <1.0 because risk adjustment is based on an earlier calibration dataset (the 2002-2005 Kaiser Permanente hospital cohort described in
citation 19).

TABLE 2. Characteristics of Ward and Transitional Care Unit (TCU) Patients Who Did and Did Not Experience
Transfer to a Higher Level of Care

n
Male, n (%)
Age (mean 6 SD)
LAPS (mean 6 SD)
COPS (mean 6 SD)
% predicted mortality risk (mean 6 SD)
Admission diagnosis of pneumonia, n (%)
Admission diagnosis of sepsis, n (%)
Admission diagnosis of GI bleed, n (%)
Admission diagnosis of cancer, n (%)

Patients Initially
Admitted to Ward,
Remained There

Patients Initially
Admitted to TCU,
Remained There

Patients Transferred
to Higher Level of Care

All

114,753
50,586 (44.1)
64.3 6 19.4
18.9 6 17.8
89.4 6 63.7
3.8 6 7.0
5,624 (4.9)
1,181 (1.0)
13,615 (11.9)
2,406 (2.1)

19,172
9,626 (50.2)
69.0 6 15.7
22.7 6 19.1
98.3 6 65.5
4.4 6 7.0
865 (4.5)
227 (1.2)
1,448 (7.6)
80 (0.4)

7,868
3,894 (49.5)
68.1 6 16.1
26.7 6 21.0
107.9 6 67.6
6.5 6 8.8
684 (8.7)
168 (2.1)
851 (10.8)
186 (2.4)

141,793
64,106 (45.2)
65.2 6 18.8
19.8 6 18.3
91.7 6 64.4
4.1 6 7.1
7,173 (5.1)
1,576 (1.1)
15,914 (11.2)
2,672 (1.9)

Abbreviations: COPS, Comorbidity Point Score; GI, Gastrointestinal; LAPS, Laboratory Acute Physiology Score; SD, Standard Deviation.

Table 4 summarizes outcomes among different patient subgroups that did and did not experience a transfer to a higher
level of care. Based on location, patients who experienced a
transfer from the TCU to the ICU had the highest crude death
rate, but patients transferred from the ward to the ICU had
the highest OEMR. On the other hand, if one divides patients
by the degree of physiologic derangement, patients with low
LAPS who experienced a transfer had the highest OEMR. With
respect to LOS, patients transferred from the TCU to the ICU
had the highest OMELOS (13.4 extra days).
Transfers to a higher level of care at a different hospital,
which in the KPMCP are usually planned, experienced lower
mortality than transfers within the same hospital. For ward
to TCU transfers, intra-hospital transfers had a mortality of
12.1% while inter-hospital transfers had a mortality of 5.7%.
Corresponding rates for ward to ICU transfers were 21.7%

and 11.2%, and for TCU to ICU transfers the rates were
25.9% and 12.5%, respectively.
Among patients initially admitted to the ward, a model to
predict the occurrence of a transfer to a higher level of care
(within 48 hours after admission) that included age, sex,
admission type, primary condition, LAPS, COPS, and interaction terms had poor discrimination, with an area under the
receiver operator characteristic (c statistic) of only 0.64. The
c statistic for a model to predict transfer after 48 hours was
0.66. The corresponding models for TCU admits had c statistics of 0.67 and 0.68. All four models had poor calibration.

Discussion
Using automated bed history data permits characterizing a
patient population with disproportionate mortality and LOS:
intra-hospital transfers to special care units (ICUs or TCUs).
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TABLE 3. Outcomes of Ward and Transitional Care Unit (TCU) Patients Who Did and Did Not Experience Transfer to a
Higher Level of Care

n
Admitted to ICU, n (%)
Ventilated, n (%)
Died in the hospital, n (%)
Length of stay, in days, at time of death (mean 6 SD)
Observed to expected mortality ratio (95% CI)
Total hospital length of stay, days (mean 6 SD)
Observed minus expected length of stay (95% CI)
Length of stay, in hours, at time of transfer (mean 6 SD)

Patients Initially
Admitted to Ward,
Remained There

Patients Initially
Admitted to TCU,
Remained There

Patients
Transferred to Higher
Level of Care

114,753
0 (0.0)
0 (0.0)
2,619 (2.3)
7.0 6 11.9
0.60 (0.57-0.62)
4.0 6 5.7
0.4 (0.3-0.4)

19,172
0 (0.0)
0 (0.0)
572 (3.0)
8.3 6 12.4
0.68 (0.63-0.74)
4.4 6 6.9
0.8 (0.7-0.9)

7,868
5,245 (66.7)
1,346 (17.1)
1,509 (19.2)
16.2 6 23.7
2.93 (2.79-3.09)
14.3 6 21.3
9.1 (8.6-9.5)
80.8 6 167.2

Abbreviations: CI, conﬁdence interval; ICU, intensive care unit; SD, standard deviation.

TABLE 4. Death Rates and Hospital Length of Stay Among Ward and Transitional Care Unit (TCU) Patients

Never admitted to TCU or ICU
Direct admit to TCU
Direct admit to ICU
Transferred from ward to ICU
Transferred from ward to TCU
Transferred from TCU to ICU
Admitted to ward, COPS 80, no transfer to ICU or TCU
Admitted to ward, COPS 80, did experience transfer to ICU or TCU
Admitted to ward, COPS <80, no transfer to ICU or TCU
Admitted to ward, COPS <80, did experience transfer to ICU or TCU
Admitted to ward, LAPS 20, no transfer to ICU or TCU
Admitted to ward, LAPS 20, did experience transfer to ICU or TCU
Admitted to ward, LAPS <20, no transfer to ICU or TCU
Admitted to ward, LAPS <20, did experience transfer to ICU or TCU

n (%)*

Death Rate (%)

OEMRy

LOS (mean 6 SD)

OMELOSz

157,632 (74.9)
18,464 (8.8)
14,655 (7.0)
5,145 (2.4)
3,144 (1.5)
1,107 (0.5)
55,405 (26.3)
4,851 (2.3)
57,421 (27.3)
3,560 (1.7)
46,492 (22.1)
4,070 (1.9)
66,334 (31.5)
4,341 (2.1)

1.6
2.9
11.9
21.5
11.9
25.7
3.4
19.3
1.1
9.8
4.2
21.4
0.9
9.5

0.55 (0.53-0.57)
0.66 (0.61-0.72)
1.38 (1.32-1.45)
3.23 (3.04-3.42)
1.99 (1.79-2.20)
2.94 (2.61-3.31)
0.59 (0.56-0.62)
2.72 (2.55-2.90)
0.55 (0.51-0.59)
2.93 (2.63-3.26)
0.59 (0.56-0.61)
2.37 (2.22-2.54)
0.55 (0.51-0.60)
4.31 (3.90-4.74)

3.6 6 4.6
4.2 6 5.8
6.4 6 9.4
15.7 6 21.6
13.6 6 23.2
18.0 6 28.2
4.5 6 5.9
14.2 6 20.0
3.4 6 4.2
12.0 6 19.0
4.6 6 5.4
14.8 6 21.0
3.5 6 4.9
11.8 6 18.1

0.04 (0.02-0.07)
0.60 (0.52-0.68)
2.28 (2.14-2.43)
10.33 (9.70-10.96)
8.02 (7.23-8.82)
13.35 (11.49-15.21)
0.29 (0.24-0.34)
8.14 (7.56-8.71)
0.23 (0.19-0.26)
7.52 (6.89-8.15)
0.16 (0.12-0.21)
8.76 (8.06-9.47)
0.32 (0.28-0.36)
7.12 (6.61-7.64)

Abbreviations: COPS, COmorbidity Point Score; ICU, intensive care unit; LAPS, Laboratory Acute Physiology Score; LOS, length of stay; OEMR, Observed to expected mortality ratio; OMELOS, Observed minus expected
length of stay; SD, standard deviation.
* Percentage refers to % among all hospital admissions.
y
Numbers in parentheses are the 95% conﬁdence intervals.
z
Numbers in parentheses are the 95% conﬁdence intervals.

Indeed, the largest subset of these patients (those initially
admitted to the ward or TCU) constituted only 3.7% of all
admissions, but accounted for 24.2% of all ICU admissions,
21.7% of all hospital deaths, and 13.2% of all hospital days.
These patients also had very elevated OEMRs and OMELOS.
Models based on age, sex, preadmission laboratory test
results, and comorbidities did not predict the occurrence of
these transfers.
We performed multivariate analyses to explore the degree
to which electronically assigned preadmission severity scores
could predict these transfers. These analyses found that, compared to our ability to predict inpatient or 30-day mortality at
the time of admission, which is excellent, our ability to predict the occurrence of transfer after admission is much more
limited. These results highlight the limitations of severity
scores that rely on automated data, which may not have
2011 Society of Hospital Medicine DOI 10.1002/jhm.817
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adequate discrimination when it comes to determining the
risk of an adverse outcome within a narrow time frame. For
example, among the 121,237 patients initially admitted to the
ward who did not experience an intra-hospital transfer, the
mean LAPS was 18.9, while the mean LAPS among the 6,484
ward patients who did experience a transfer was 25.5. Differences between the mean and median LAPS, COPS, and predicted mortality risk among transferred and non-transferred
patients were signiﬁcant (P < 0.0001 for all comparisons).
However, examination of the distribution of LAPS, COPS, and
predicted mortality risk between these two groups of patients
showed considerable overlap.
Our methodology resembles Silber et al.’s27,28 concept of
‘‘failure to rescue’’ in that it focuses on events occurring after hospitalization. Silber et al. argue that a hospital’s quality
can be measured by quantifying the degree to which

patients who experience new problems are successfully
‘‘rescued.’’ Furthermore, quantiﬁcation of those situations
where ‘‘rescue’’ attempts are unsuccessful is felt to be superior to simply comparing raw or adjusted mortality rates
because these are primarily determined by underlying case
mix. The primary difference between Silber et al.’s approach
and ours is at the level of detail—they speciﬁed a speciﬁc
set of complications, whereas our measure is more generic
and would include patients with many of the complications
speciﬁed by Silber et al.27,28
Most of the patients transferred to a higher level of care
in our cohort survived (ie, were ‘‘rescued’’), indicating that
intensive care is beneﬁcial. However, the fact that these
patients had elevated OEMRs and OMELOS indicates that
the real challenge facing hospitalists involves the timing of
provision of a beneﬁcial intervention. In theory, improved
timing could result from earlier detection of problems,
which is the underlying rationale for employing rapid
response teams. However, the fact that our electronic tools
(LAPS, COPS) cannot predict patient deteriorations within a
narrow time frame suggests that early detection will remain
a major challenge. Manually assigned vital signs scores
designed for this purpose do not have good discrimination
either.29,30 This raises the possibility that, though patient
groups may differ in terms of overall illness severity and
mortality risk, differences at the individual patient level may
be too subtle for clinicians to detect. Future research may
thus need to focus on scores that combine laboratory data,
vital signs, trends in data,31,32 and newer proteomic markers
(eg, procalcitonin).33 We also found that most transfers
occurred early (within <72 hours), raising the possibility
that at least some of these transfers may involve issues
around triage rather than sudden deterioration.
Our study has important limitations. Due to resource constraints and limited data availability, we could not characterize the patients as well as might be desirable; in particular,
we could not make full determinations of the actual reasons
for patients’ transfer for all patients. Broadly speaking, transfer
to a higher level of care could be due to inappropriate triage,
appropriate (preventive) transfer (which could include transfer
to a more richly staffed unit for a speciﬁc procedure), relentless progression of disease despite maximal therapy, the
occurrence of management errors, patient and family uncertainty about goals of care or inadequate understanding of
treatment options and prognoses, or a combination of these
factors. We could not make these distinctions with currently
available electronic data. This is also true of postsurgical
patients, in whom it is difﬁcult to determine which transfers
to intensive care might be planned (eg, in the case of surgical
procedures where ICU care is anticipated) as opposed to the
occurrence of a deterioration during or following surgery.
Another major limitation of this study is our inability to identify ‘‘code’’ or ‘‘no code’’ status electronically. The elapsed LOS
at time of death among patients who experienced a transfer
to a higher level of care (as compared to patients who died in
the ward without ever experiencing intra-hospital transfer)

suggests, but does not prove, that prolonged efforts were
being made to keep them alive. We were also limited in terms
of having access to other process data (eg, physician stafﬁng
levels, provision and timing of palliative care). Having ICU severity of illness scores would have permitted us to compare
our cohort to those of other recent studies showing elevated
mortality rates among transfer patients,9–11 but we have not
yet developed that capability.
Consideration of our study ﬁndings suggests a possible
research agenda that could be implemented by hospitalist
researchers. This agenda should emphasize three areas:
detection, intervention, and reﬂection.
With respect to detection, attention needs to be paid to
better tools for quantifying patient risk at the time a decision
to admit to the ward is made. It is likely that such tools will
need to combine the attributes of our severity score (LAPS)
with those of the manually assigned scores.30,34 In some
cases, use of these tools could lead a physician to change the
locus of admission from the ward to the TCU or ICU, which
could improve outcomes by ensuring more timely provision
of intensive care. Since problems with initial triage could be
due to factors other than the failure to suspect or anticipate
impending instability, future research should also include a
cognitive component (eg, quantifying what proportion of subsequent patient deteriorations could be ascribed to missed
diagnoses35). Additional work also needs to be done on developing mathematical models that can inform electronic monitoring of ward (not just ICU) patients.
Research on interventions that hospitalists can use to
prevent the need for intensive care or to improve the ‘‘rescue’’ rate should take two routes. The ﬁrst is a disease-speciﬁc route, which builds on the fact that a relatively small
set of conditions (pneumonia, sepsis, gastrointestinal bleeding) account for most transfers to a higher level of care.
Condition-speciﬁc protocols, checklists, and ‘‘bundles’’36 tailored to a ward environment (as opposed to the ICU or to
the entire hospital) might prevent deteriorations in these
patients, as has been reported for sepsis.37 The second route
is to improve the overall capabilities of rapid response and
‘‘code blue’’ teams. Such research would need to include a
more careful assessment of what commonalities exist
among patients who were and were not successfully ‘‘rescued’’ by these teams. This approach would probably yield
more insights than the current literature, which focuses on
whether rapid response teams are a good thing or not.
Finally, research also needs to be performed on how hospitalists reﬂect on adverse outcomes among ward patients.
Greater emphasis needs to be placed on moving beyond
‘‘trigger tool’’ approaches that rely on manual chart review.
In an era of expanding use of electronic medical record systems, more work needs to be done on how to harness these
to provide hospitalists with better quantitative and riskadjusted information. This information should not be limited to simply reporting rates of transfers and deaths.
Rather, ﬁner distinctions must be provided with respect of
the type of patients (ie, more diagnostic detail), the clinical
2011 Society of Hospital Medicine DOI 10.1002/jhm.817
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status of patients (ie, more physiologic detail), as well as the
effects of including or excluding patients in whom therapeutic options may be limited (ie, ‘‘do not resuscitate’’ and
‘‘comfort care’’ patients) on reported rates. Ideally, researchers should develop better process and outcomes measures
that could be tested in collaborative networks that include
multiple nonacademic general medical-surgical wards.
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