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A SIMPLIFIED SCORE FOR
TRANSFER OF PATIENTS
REQUIRING MECHANICAL
VENTILATION TO A LONG-
TERM CARE HOSPITAL

By Han-Yang Chen, MS, David J. Vanness, PhD, and Ellie Golestanian, MD, MSc(Epidg.

Background Long-term care hospitals are Medicare providers
of postacute care that have a mean length of stay of 25 days
or more. Early identification and timely transfer of patients
requiring mechanical ventilation to such hospitals may improve
the efficiency of inpatient care.

Objectives To develop a predictive model and a simplified
score for use on day 7 of hospitalization to assess whether a
patient receiving mechanical ventilation is likely to require an
additional 25 days of hospitalization (ie, would qualify for trans-
fer to a long-term care hospital).

Methods A retrospective, cross-sectional study using hospital
discharge and billing data from the 2005 Nationwide Inpatient
Sample for 54 686 Medicare beneficiaries admitted to US
community hospitals who met the study’s eligibility criteria.
The outcome was overall length of stay (>32 vs <32 days).
Split-sample validation was used. Multivariable survey-logistic
regression analyses were performed to assess predictors and
probability of the outcome. A simplified score was derived
from the final predictive model.

Results The discriminatory power of the predictive model
was 0.75 and that of the simplified score was 0.72. The model
calibrated well. All predictors were significantly (P<.01) asso-
ciated with a hospitalization of 32 days or longer; having a
tracheostomy was the strongest predictor (odds ratio, 4.74).
The simplified scores ranged from -5 to 110 points and were
categorized into 3 classes of risk.

Conclusions Efforts to aid discharge decision making and
optimize hospital resource planning could take advantage of
our predictive model and the simplified scoring tool. (American
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ach year in the United States, an estimated 4.4 million patients are admitted to an
intensive care unit (ICU).' The ICU has become one of the largest cost drivers in
hospitals; although ICUs comprise approximately 15% of the beds in US hospitals,
ICUs account for nearly 33% of total inpatient costs.” An estimated 33% to 40%
of patients admitted to ICUs require mechanical ventilatory support to treat respi-
ratory failure, with 5% to 20% requiring prolonged mechanical ventilation.’ Previous studies
have shown that patients requiring prolonged mechanical ventilation are responsible for as

much as 50% of overall ICU costs.*

Mechanical ventilation has been recognized as
the major critical care treatment technique that goes
beyond the boundaries of the ICU, establishing a
critical care continuum in step-down units, nonin-
vasive respiratory care units, and long-term care hos-
pitals (LTCHs). LTCHs are intended to treat medically
complex patients who need hospital care for rela-
tively extended periods. Medicare has an important
influence on LTCH service because of its reimburse-
ment of this service and the rules that go with that
reimbursement. On average, about two-thirds of the
patients admitted to LTCHs are Medicare beneficiar-
ies. Although Medicare is the predominant payer for
postacute care facilities, LTCHs are the only Medicare
providers of postacute care whose patient population
definition is based on a length of stay (LOS) crite-
rion, rather than a diagnosis or measure of care
intensity.” Medicare defines an LTCH as a hospital
that has a mean inpatient length of stay of longer
than 25 days. During the past 2 decades, patients
treated with mechanical ventilation have increas-
ingly been transferred to LTCHs for continued treat-
ment and weaning.®

For acute care hospitals, resource utilization has
become one of the primary incentives in facilitating
the transfer of hemodynamically stable patients
receiving mechanical ventilation out of the ICU
setting.” Transfer of patients who require prolonged
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mechanical ventilation to LTCHs could achieve sub-
stantial cost savings for short-term acute care hospitals
and help with other operational benefits by increas-
ing access to new admissions.** However, discharge
planning poses challenges. Even in patients who are
deemed to be clinically fit for transfer, the complex-
ity of estimating the LOS often leads to delays in
evaluation and acceptance by LTCHs. Physicians,
nurses, and other persons involved in the discharge
process need information about
postacute care options, as well as an
accurate and reliable tool that helps
identify those patients likely to have a
LOS of 25 days or longer; such a tool
would help clinicians and discharge
planners implement timely and
appropriate referrals for transfer.

The objectives of this study were
to develop a predictive model based
on the information available on day 7
of admission to assess whether a patient
who is receiving mechanical ventilation
is likely to have an additional 25 days or longer of
hospitalization, and to generate a simplified score
that can be easily used to determine which patients
are at high risk of extended hospitalization.

Materials and Methods

Patients requir-
ing prolonged
mechanical ven-
tilation account
for up to 50% of
Intensive care
unit costs.

Data Source

We used hospital discharge and billing data from
the 2005 Nationwide Inpatient Sample from the
Healthcare Cost and Utilization Project.” The 2005
Nationwide Inpatient Sample includes data for
approximately 8 million hospital discharges at 1054
hospitals provided to generate nationally represen-
tative estimates. Overall, the sampling frame for the
2005 Nationwide Inpatient Sample comprised 75.0%
of all US hospitals and encompassed 86.3% of the
UsS population. Detailed information regarding the
sampling frame and weighting scheme is provided
elsewhere.” The Health Sciences Institutional Review
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Figure 1 Model evaluation scheme.

Meeting the
criteria for long-
term care hospital
transfer was based
on information
available on day 7
in the hospital.
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Board at the University of Wisconsin-Madison
approved this study.

Eligibility Criteria

The study population consisted of all inpatient
discharges during the study period, from January
2005 to December 2005, that met the following
criteria: (1) primary Medicare coverage; (2) age 65
years or older at the time of admission; (3) received
mechanical ventilation within 7 days of admission;
(4) had an LOS of 7 days or longer. We excluded
patients younger than 65 years because they are
typically enrolled in Medicare because of disability
or end-stage renal diseases, which makes them
different from the major elderly population of
Medicare beneficiaries.

Outcome

We used patient information available on day 7
of admission to predict whether a patient receiving
mechanical ventilation would or would not stay an
additional 25 days (overall LOS >32 days; Figure 1).
The model was not designed to pre-
dict whether patients would be in
sufficiently stable condition for trans-
fer on day 7 or thereafter.

Potential Predictors

Characteristics of patients and
hospitals were considered as potential
predictors. Patients’ characteristics,
including age, sex, race, and admission
type, were obtained from discharge
records. Age was categorized in 5-year
increments (65-69, 70-74, 75-79, 80-
84, and >85 years). Hospitals’ characteristics, includ-
ing teaching status (teaching vs nonteaching), location
(urban vs rural), region (Northeast, West, South,
Midwest), and bed size (small, medium, large)"
also were considered. Of all patients in the study,
25% did not report race and 11% did not report
admission type. Missing race and admission type
data were categorized as “unknown.” Patients were
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assessed for the presence of 29 comorbid conditions
existing before hospital admission" and for the pres-
ence of 231 categories of procedure coded within 7
days of hospitalization."

Statistical Analyses

We used split-sample validation, with 50% of
the sample randomly assigned to the derivation
data set and 50% to the validation data set. Differ-
ences in proportion of all dichotomous variables
between the derivation data set and the validation
data set were assessed by using ? tests. All potential
predictors were initially categorized into 3 groups:
(1) patient and hospital characteristics, (2) comor-
bid conditions, and (3) procedures. Within each
group, potential predictors were fitted into multi-
variable survey-logistic regression models'; statisti-
cally significant predictor variables from each group
were retained. For the comparison between groups,
the statistical significance was defined as P less than
.05. For the regression analyses, a significance crite-
rion of P less than .01 was chosen because of the
large sample size and a desire to avoid overfitting.
Interaction terms (“Renal failure x Hemodialysis”
and “Tracheostomy x Gastrostomy”) were entered
and tested in subsequent analyses. After defining
our predictive model from the derivation data set,
parameter estimates obtained from the derivation
data set were applied to the validation data set.
Results of the multivariable survey-logistic regres-
sion analysis were reported as odds ratios (OR) and
99% confidence intervals (CI).

We used 2 methods to assess the accuracy of our
predictive model. First, we examined the ability of
the model to correctly distinguish patients with an
LOS of 32 days or longer from those with an LOS less
than 32 days, using the area under the receiver opera-
tor characteristic curve, or C statistic. A C statistic of
0.5 (50%) indicates that the scale or tool has no abil-
ity to discriminate beyond chance, whereas a C statis-
tic of 1.0 (100%) represents perfect discrimination."
Second, we examined the model calibration by graph-
ically displaying calibration curves from both data
sets. The mean predicted probability of having an
LOS of 32 days or longer, from 0 to 1, was catego-
rized into 10 strata by 10% increments. Calibration
curves were generated by plotting the mean predicted
probability vs the mean observed probability of LOS
of 32 days or longer across the probability stratum.

To generate a simplified score, important vari-
ables were selected from the final predictive model
and were assigned points on the basis of their odds
ratios. Each patient was assigned a score by adding
up the points of risk factors present for that patient.

www.ajcconline.org
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The C statistic was assessed for the simplified score.
By using different cutpoints, the scores were catego-
rized into risk classes. All statistical analyses were
done with SAS software version 9.1.3 (SAS Institute,
Cary, North Carolina).

Results
Descriptive Characteristics

During the study period, 54 686 inpatient dis-
charges met the inclusion criteria and were randomly
selected into a derivation data set (n=27343) and a
validation data set (n=27343; Table 1). Within our
study sample, 10% had an LOS of 32 days or longer,
26% died during hospitalization, and 5% were trans-
ferred to LTCHs (4% before day 32, 1% after day 32).
No statistically significant (P<.05) differences in the
proportion of variables were found between the der-
ivation data set and the validation data set, except
for “admission type” (P=.04). The most prevalent
comorbid conditions were chronic pulmonary dis-
ease (44%) and hypertension (44%). About 4% of
the study population received a tracheostomy within
7 days of admission.

Predictors

Twenty-two predictor variables met the signifi-
cance criterion for inclusion in the final survey-
logistic model (Table 2). Receiving a tracheostomy
was the strongest predictive factor (OR=4.74, 99%
CI=3.54-6.35, P<.001). Receiving a gastrostomy was
also highly associated with the outcome (OR=3.23,
99% CI=2.50-4.16, P<.001). We found a significant
negative interaction between receipt of tracheostomy
and gastrostomy (OR=0.28, 99% CI=0.19-0.43,
P<.001). Hence, receipt of both procedures is not
likely to multiplicatively increase the risk of LOS of
32 days or greater.

Model Accuracy

Our model performed consistently in both the
derivation and the validation data sets, with C sta-
tistics of 0.75 and 0.75, respectively. Figure 2 pres-
ents the calibration curves of the predictive model
from the derivation and the validation data sets. In
general, our model is well calibrated, except among
patients with especially high risk (20.7) of being
hospitalized longer than 32 days, where stochastic
variation might be present because of the small
number of individuals within the sample at such
high risk (<0.2% of the data set)."'*

Simplified Score

Table 3 presents the points assigned for each
factor of the simplified score. The simplified score

www.ajcconline.org

had a discriminatory power, or C statistic of 0.72.
The simplified score had a range from -5 to 110
points, with an increment of 5 points. Sensitivity
and specificity of our scoring tool depend on the
chosen point threshold (“cutpoint”) at which a

patient is deemed “positive” for likeli-
hood of satisfying the LOS criterion
for transfer to an LTCH. At a cutpoint
of 30, the score predicted the risk of
LOS of 32 days or longer with a sensi-
tivity of 40.6% and a specificity of
86.0%. Use of 35 points as the cut-
point reduced sensitivity to 33.9%
and increased specificity to 90.1%. If
we are willing to accept one false-pos-
itive result (ie, a patient predicted to
satisfy the LTCH length of stay crite-
rion at day 7 who is actually discharged

before day 32) to get 2 true-positive results, then
the cutpoint should be 35 points. Similarly, if we
require 3 to 4 true-positive results to be willing to
accept 1 false-positive result, then the cutpoint
should be 60. The relative benefits of true-positive
results versus the costs of false-positive results are
likely to vary by institution. Thus, we categorized
the score into 3 classes: less than 30 points as low
risk, 30 to 60 points as intermediate risk, and 60

points or more as high risk.

Discussion

Receiving a
tracheostomy
was the strongest
predictor for meet-
Ing long-term care
hospital transfer
criteria.

Physicians and hospital administrators are
increasingly under pressure to improve quality of care
while monitoring economic performance. The pur-
pose of our study was to develop a predictive model
that would help identify patients receiving mechani-
cal ventilation who were likely to fulfill the LOS crite-
ria for transfer to LTCHs. By using a nationally
representative hospital administrative
data set, we were able to develop a
well-calibrated risk-adjustment model
with good discriminatory power. The
predictive model developed in our
study was simplified to devise a scoring
tool that uses readily available variables
to identify eligible patients for LTCH
transfer. Because the model is based on
information available on day 7 after
admission, our approach informs real-
time decision making. Clinicians can
make referrals on the basis of the pres-
ence of those factors that have the strongest associa-
tion with LOS of 32 days or longer. Our simplified
index can be easily used at the bedside to monitor
the patients on the basis of their risk level.
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The scoring tool
uses readily
available vari-
ables to identify
eligible patients
for long-term care
hospital transfer.
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Table 1
Sample characteristics of derivation data set and validation data set

Derivation data set

Validation data set

No. Weighted % No. Weighted %
Total 27343 100 27343 100
Age,y 06
65-69 4988 18.2 5011 18.3 ’
70-74 5475 20.0 5621 20.5
75-79 6502 23.8 6449 23.6
80-84 5590 20.4 5633 20.6
>85 4788 17.6 4629 17.0
Female sex 14286 52.2 14248 52.1 .60
Race .38
White 16741 61.3 16850 61.6
African American 1973 7.1 1919 7.0
Hispanic 1386 5.0 1427 5.2
Asian or Pacific Islander 444 1.6 421 1.5
Native American 51 0.2 49 0.2
Other races 494 1.8 506 1.9
Unknown 6254 22.9 6171 22.6
Admission type .04°
Emergency 17057 62.4 16905 61.8
Urgent 4029 14.8 4027 14.8
Elective 3199 11.8 3338 12.3
Trauma 87 0.3 97 0.4
Unknown 2971 10.8 2976 10.8
Hospital teaching status: teaching hospital 11096 41.3 11101 41.3 .95
Hospital location: urban 24885 90.7 24885 90.7 .96
Hospital region .99
South 10122 36.8 10122 36.8
Northeast 6609 24.6 6609 24.6
Midwest 5938 21.9 5938 21.9
West 4674 16.7 4674 16.7
Hospital bed sizeP .99
Large 17926 65.8 17926 65.8
Medium 6782 24.8 6782 24.8
Small 2635 9.4 2635 9.4
Comorbid conditions
Congestive heart failure 10573 38.6 10643 38.9 .28
Chronic pulmonary disease 12038 44.0 12092 44.2 .56
Coagulopathy 2910 10.6 2921 10.7 .84
Hypertension, uncomplicated and complicated 12225 44.6 12095 441 .09
Renal failure 4411 16.1 4330 15.8 .16
Weight loss 3554 13.0 3524 12.9 .64
Procedures
Tracheostomy, temporary and permanent 1114 4.1 1111 4.1 .97
Incision of pleura, thoracentesis, chest drainage 1808 6.7 1859 6.8 .36
Other nonsurgical therapeutic procedures on respiratory system 634 2.3 620 2.3 .68
Hemodialysis 1863 6.8 1899 6.9 A4
Gastrostomy, temporary and permanent 1453 5.3 1454 53 .95
lleostomy and other enterostomy 419 1.5 407 1.5 .60
Other gastrointestinal surgical procedures 572 2.1 580 2.1 .66
Debridement of wound, infection, or burn 359 1.3 375 1.4 .50
Other physical therapy and rehabilitation 236 0.9 232 0.9 .85
Enteral and parenteral nutrition 4143 15.3 4201 15.5 .33
Length of stay, d
>32 2747 10.1 2743 10.1 .90
<32 24596 89.9 24600 89.9
aP<.05.

b The criteria for bed size category differed according to a hospital’s location, region, and teaching status.”
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In this study, we found that various characteris-
tics of patients and hospitals, comorbid conditions,
and procedures were significant predictors associ-
ated with the outcome. Most importantly, these
included tracheostomy, gastrostomy, the need for
hemodialysis, wound debridement, physical ther-
apy, and rehabilitation.

The indications for frequency and timing of
tracheostomy are extremely variable in the United
States and worldwide."” Performance of a tracheostomy
usually reflects the clinician’s judgment that pro-
longed ventilation or at least airway support will be
necessary. Maclntyre et al'* recommend that clini-
cians consider referral to a facility focused on pro-
longed mechanical ventilation when a tracheostomy
is first considered. This recommendation is consis-
tent with our finding that tracheostomy was the
strongest predictor for having an LOS of 32 days or
longer. However, there is equipoise with respect to
early vs late tracheostomy placement: a tracheo-
stomy by day 7 of an inpatient stay is typically con-
sidered “early.” Given that early tracheostomies
have, in some studies, been shown to reduce LOS
and duration of mechanical ventilation,”* the find-
ing that tracheostomies are predictive of an LOS of
32 days or longer was not necessarily an expected
one. But in a recent study,” researchers reported a
statistically significant increase in the number of
ventilator-free and ICU free days in the early tra-
cheostomy group, and the median hospital LOS in
that group was 31 days (interquartile range, 17-49
days). Although the scope of our study is to provide
a simple referral planning tool to use at a single
point in time, nonetheless, whether timing of tra-
cheostomy is a predictor of LOS is an important
area for further research.

We found that patients aged 80 and over were
significantly less likely to have an LOS of 32 days or
longer. This difference could be due to a higher risk
of in-hospital mortality, which would shorten LOS.
We also found that race was a significant predictor,
with blacks significantly more likely than whites to
stay beyond 32 days. This finding may reflect a pref-
erence that African American patients are less likely
to have do-not-resuscitate orders in place at the time
of hospitalization” and are less likely to favor with-
drawal of life-supporting measures in the ICU.*

Hospital characteristics, such as location, region,
bed size, and teaching status, are associated with
LOS.*** Researchers in a prior study* reported that
teaching hospitals generally have a higher mean
LOS than nonteaching hospitals have. However, we
found no statistically significant association between
hospital teaching status and the outcome. In our
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Table 2

Multivariable survey-logistic regression
analysis on length of stay 32 days or longer

99% confidence

a Reference=1.0.
bp<.01.
€P<.001.

Predictor variables Odds ratio interval
Age, y
65-69 Reference?
70-74 0.98 0.83-1.17
75-79 0.91 0.77-1.07
80-84 0.83° 0.70-0.98
>85 0.64¢ 0.51-0.81
Race
White Reference
African American 1.32P 1.05-1.67
Hispanic 1.23 0.92-1.65
Asian or Pacific Islander 1.46 0.90-2.36
Native American 1.48 0.47-4.61
Other races 1.30 0.86-1.96
Unknown 0.75° 0.58-0.97
Admission type
Emergency Reference
Urgent 1.23 1.00-1.51
Elective 1.90¢ 1.50-2.42
Trauma 1.61 0.87-2.97
Unknown 1.94b 1.21-3.11
Hospital location
Rural Reference
Urban 1.72b 1.19-2.48
Hospital region
South Reference
Northeast 1.70¢ 1.34-2.16
Midwest 0.80 0.59-1.09
West 0.82 0.53-1.26
Hospital bed size
Large Reference
Medium 0.80 0.64-1.01
Small 1.77¢ 1.25-2.51
Comorbid conditions
Congestive heart failure 1.29¢ 1.15-1.45
Chronic pulmonary disease 0.85b 0.75-0.95
Coagulopathy 1.35¢ 1.13-1.61
Hypertension, uncomplicated and 0.64¢ 0.56-0.74
complicated
Renal failure 1135 1.13-1.61
Weight loss 2.20°¢ 1.86-2.60
Procedures
Tracheostomy, temporary and permanent 4.74¢ 3.54-6.35
Incision of pleura, thoracentesis, chest
drainage 1.57¢ 1.29-1.91
Other nonsurgical therapeutic
procedures on respiratory system 1.47° 1.06-2.03
Hemodialysis 2.20¢ 1.61-3.01
Gastrostomy, temporary and permanent  3.23¢ 2.50-4.16
lleostomy and other enterostomy 1.84¢ 1.27-2.68
Other gastrointestinal surgical procedures  1.77¢ 1.26-2.49
Debridement of wound, infection,
or burn 2.76¢ 1.92-3.96
Other physical therapy and rehabilitation ~ 2.37° 1.15-4.86
Enteral and parenteral nutrition 1.54¢ 1.23-1.94
Renal failure and hemodialysis 0.49¢ 0.32-0.74
Tracheostomy and gastrostomy 0.28¢ 0.19-0.43
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study, patients admitted to urban hospitals were
more likely to have an LOS of 32 days or longer,
after adjusting for case mix. We also found that
patients admitted to hospitals in the Northeastern
region of the country were more likely to have a
longer LOS. The variance between regions might be
explained by the availability of alternatives to acute
care or differing case management strategies and
clinical practice patterns.

Although bed size is positively related to aver-
age LOS,* we found that patients admitted to smaller
hospitals are more likely to have an LOS of 32 days
or longer than were patients admitted to larger hos-
pitals. The discrepancy has 2 possible explanations.
First, in the data from the 2005 Nationwide Inpatient
Sample,® bed size was categorized into 3 groups
(ie, small, medium, large), with the criteria for each
group set differently according to a hospital’s location,
region, and teaching status. Second, it could be argued
that large capacity hospitals have more resources
and might be able to treat medically complex
patients more effectively, resulting in shorter LOS.

Comorbid conditions traditionally have been
regarded as important risk factors. Patients with
comorbid conditions often have a longer LOS.

However, we found that patients with chronic pul-
monary disease or hypertension were less likely to
have an LOS of 32 days or longer. Patients with
chronic obstructive pulmonary disease may have a
higher risk of mortality that could lead to a shorter
LOS. On the other hand, risk-adjustment studies
that used administrative data have shown a counter-
intuitive negative relationship between utilization
and report of common chronic conditions such as
hypertension."*** Coding bias resulting from lim-
ited coding space may be at play, because in patients
with numerous serious conditions, coders may not
have room to report the patient’s more common
conditions. Several strategies have been proposed
for improving the accuracy of comorbidity meas-
ures that are based on claims data.” Although
increasing the number of diagnoses coded might
reduce bias, it is uncertain to what extent the prob-
lem of coding bias would be solved.*

Although hemodialysis was significantly associ-
ated with the outcome of an LOS of 32 days or longer,
we did not include it in the scoring scheme. It is
uncommon for patients to be coded as receiving
hemodialysis without having a code for renal fail-
ure. When we assigned a score for hemodialysis
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plus renal failure, the result was the same as renal
failure alone. Because both scenarios receive the
same score, our algorithm was simplified by assign-
ing a value of 5 points to renal failure, regardless of
whether or not dialysis was coded.

Several possible limitations must be considered
while interpreting our results. Although administra-
tive data bases contain demographic information,
diagnoses, comorbid conditions, clinical services,
and severity measures on large numbers of patients,
these databases are limited by the lack of clinically
important physiological information and the inabil-
ity to differentiate between conditions present on
admission and complications that occurred during
hospitalization.”** Also, we generally assume that
administrative data provide reasonably valid infor-
mation on diagnoses and clinical services. However,
various factors, such as misdiagnoses, incomplete
documentation of clinical information, or miscod-
ing of diagnoses and procedures all unintentionally
contribute errors."?*** Thus, the validity of risk-
adjustment models based solely on administrative
data has been challenged.***

A further limitation was the presence of missing
data in our study. It is well known that racial iden-
tity is often not consistently reported. Although we
found a higher odds of an LOS of 32 days or longer
in African American patients (OR=1.32, P=.002),
this finding should be interpreted cautiously, given
that 25% of discharges in our data set failed to
report race. Our conclusions regarding racial differ-
ences in LOS are only suggestive and warrant fur-
ther research. Similarly, although we found that
“elective” admissions were more likely to have a
longer LOS than were “emergency” admissions (OR
=1.90, P<.001), 11% of patients discharged did not
report admission type in our data set.

Our study population included patients who
died during hospitalization after day 7 (26%) and
patients who were transferred to LTCHs before day
32 (4%). If characteristics associated with a longer
LOS are also associated with high risk of mortality
or actual transfer to an LTCH, their association with
an LOS of 32 days or longer may be underestimated
by including these patients. However, our model is
designed to generate predictions by using only
information available at day 7; since foreknowledge
of death or LTCH transfer is not possible, exclusion
of such patients would inappropriately change the
study population. We explored the potential effect
of right-hand censoring of actual LTCH transfers
before 32 days by recoding the dependent variable
to 1 for these individuals and repeating the regres-
sion analysis. The C statistic and estimates of odds
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Table 3
Simplified index scoring scheme

Variable Score

Age 285y =5
Elective admission 10
Northeast region 5
Urban location 5
Small bed size 10
Coagulopathy 5
Congestive heart failure 5
Renal failure 5
Weight loss 10
Debridement of wound, infection, or burn 20
Enteral and parenteral nutrition 5
lleostomy and other enterostomy 10
Incision of pleura, thoracentesis, chest drainage 5
Other nonsurgical therapeutic procedures on respiratory system 5
Other gastrointestinal surgical procedures 10
Other physical therapy and rehabilitation 15
Tracheostomy 35
Gastrostomy 20
Tracheostomy and gastrostomy 30

ratios for predictor variables were largely unchanged,
with the exception that the odds ratio for tracheotomy
increased from 4.74 (P<.001) to 6.32 (P<.001).

Future work should examine the change in pre-
dictive performance associated with using informa-
tion available at different time points (eg, day of
admission, day 3, day 14, etc). Because the referral
process can take up to 2 weeks for completion, opti-
mization of the time at which the predictive model
is used also becomes important in maximizing cost
savings.

Conclusions

Long-term ventilator management and libera-
tion from mechanical ventilation is a complex
process that requires a multidisciplinary approach.
Although the medical appropriateness for transfer is
central to the ultimate discharge decision (and was
not assessed in this analysis), our model and sim-
plified index provide useful information for acute
care physicians, nurses, and case managers to facili-
tate patients’ discharge planning. Through better
planning of ICU bed occupancy, hospitals can
improve patient flow, maximize throughput in the
ICU, allocate resources more effectively, and eventu-
ally improve the efficiency of inpatient care.
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