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Abstract We investigate the issue of patient readmission at
a large academic hospital in the U.S. Specifically, we look
for evidence that patients discharged when post-operative
unit utilization is high are more likely to be readmitted.
After examining data from 7,800 surgeries performed in
2007, we conclude that patients who are discharged from a
highly utilized post-operative unit are more likely to be
readmitted within 72 h. Each additional bed utilized at time
of discharge increases the odds of readmission on average
by 0.35% (Odds Ratio=1.008, 95% CI [1.003, 1.012]). We
propose that this effect is due to an increased discharge rate
when the unit is highly utilized.

Keywords Healthcare operations . Readmission rate .

Hospital utilization

1 Introduction

The current structure of the U.S. healthcare system rewards
hospitals based on the volume of specialty services they can
provide. Surgical volume is often the primary driver of
hospitals’ revenues and profits. The income from surgeries
is used to subsidize other less profitable, but vital hospital
operations. Surgeons derive a large portion of their income
on a per-operation basis. The more surgeries a surgeon can
perform, the more money the surgeon will earn. Both

surgeons and the hospital want to ensure that as many
surgeries as possible are performed each day.

Many resources are required to perform a surgery. In
addition to an operating room, nurses, and a surgeon, there
must be an available bed in a downstream recovery unit
such as an intensive care unit, an intermediate care unit, or
an acute care unit. Often, the limiting factor in how many
surgeries can be performed is the number of available beds
in the post-operative path. If there is no bed available for
the patient, the surgery must be cancelled or postponed.

In previous work, Anderson et al. [2] showed that both
higher post-operative bed utilization and higher demand for
beds (more incoming surgeries) lead to increases in the
discharge rate. They offered two explanations for this
increase: either patients were being held longer than needed
when beds were available, or they were being discharged
early when beds were needed for incoming patients. While
they showed that the discharge rate was increased by higher
utilization, they were not able to reach a conclusion that
explained this increase.

In this paper, we examine how the utilization of beds on
the post-operative path at the time of discharge affects the
readmission rate among surgery patients. By looking at
readmission rates, we try to determine which of the two
explanations for the higher discharge rate is applicable. If
patients are discharged too soon when utilization is high,
we would expect to see an increase in the readmission rate.
A patient who is still recovering will be more likely to
return to the hospital than one who is ready to be
discharged. However, if patients are simply being held
longer until space is needed, we should not see any effect
on readmissions. Figure 1 illustrates the hypothesis that we
test in this paper. We are confident in the direction of the
causal arrows, because utilization precedes readmissions.
When patients are readmitted to the hospital, they are not
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sent back to the post-operative unit, so they do not affect
the utilization rate. Instead, they are either treated through
the emergency department, or in a bed elsewhere in the
hospital. In this paper, we examine surgical data from a
large urban teaching hospital in the U.S.

In Section 2, we review the relevant literature with
respect to hospital readmission. In Section 3, we describe
our data, explain the methodology, and present our results.
In Section 4, we mention the limitations of our work. In
Section 5, we discuss the implication of our results and
provide conclusions.

2 Literature review

Our work focuses on studying post-operative readmission.
We seek to show a connection between decreased length of
stay due to early discharge and increased likelihood of
readmission. We hypothesize that higher utilization leads to
inappropriately shorter length of stay and, thus, increased
readmissions. In doing so, we summarize the literature on
length of stay because we are not aware of any work that
has connected utilization to readmission. While some
studies have shown a relationship between length of stay
and readmission, others have found no evidence for such
a link. Hasan [11] provides a short survey of work studying
hospital readmissions. He concludes that while premature
discharge has been proposed as a cause for readmission, no
causal link has been shown. We focus on the effect of length
of stay on readmission in this section for two reasons. First,
we are not aware of any papers that study the effect of
utilization on readmission. Secondly, we hypothesize that
high utilization causes a decrease in length of stay.

As already mentioned, the literature is split on whether
or not length of stay has an effect on readmission rate. It
seems that length of stay does not have an effect on
readmission rate, unless the length of stay is artificially
shortened. Bohmer et al. [3] studied the readmission rate
after coronary bypass surgery and found that there was no
relationship between length of stay and readmission rate.
However, they showed that cost savings from shorter stays
were offset by increased use of post-acute services. Cowper
et al. [6] found that patients discharged early after coronary
bypass graft surgeries did not have a higher readmission
rate, and had an average cumulative savings of over $6,000.
Delaney et al. [7] observed that patients selected for a “fast
track” discharge protocol were no more likely to be

readmitted. In addition, these patients had shorter lengths
of stay and lower costs.

However, there is evidence that early discharge leads to
higher rates of readmission. Niehaus et al. [13] concluded
that patients discharged because of bed shortages in
psychiatric hospitals were significantly more likely to be
readmitted. Campbell et al. [4] used length of stay as a
significant predictor of readmission after discharge from an
intensive care unit. Hwang et al. [12] found that patients
who disregarded medical advice and left the hospital early
were significantly more likely to be readmitted within
15 days. Dobson et al. [8] proposed a model of ICU
bumping. They modeled physicians’ decisions on which
patients to discharge early when bed space in the ICU is
limited. They found that the surgical schedule influences
physicians’ decisions to bump patients. They concluded
that under some circumstances it is optimal, in terms of
throughput, for surgeons to discharge patients before it
would be medically advisable.

3 Data and analysis

We were provided surgical data by a large urban east coast
U.S. academic hospital on every surgery patient during the
first half of 2007 (January 1, 2007 to June 1, 2007). During
that time period, there were no major changes in operating
room procedures or scheduling. The dataset contains
information on patient age, surgical schedule type (emergency
vs. elective), and the surgical specialty group that performed
the surgery. Our data contains a total of 5,265 (adult) patients
admitted as inpatients. We also have available the date and
time of the surgery, the dates when the patient was admitted to
and discharged from the hospital, and the dates when the
patient was readmitted, if any. Using this dataset, we
calculated the number of post-operative beds that were
utilized at the start of each day during the fiscal year. The
hospital has a dedicated post-operative unit that has surgical
ICU beds, acute care beds, and intermediate care beds.

We focus our analysis on differences in readmission rates
within 72 h because we expect the effect that utilization has
on readmission to be most prominent in the first few days.
The 72-hour cutoff is important because a patient read-
mitted within 72 h of discharge must be treated as part of
inpatient services and billed as one claim, thereby reducing
the amount the hospital makes from the procedure. If a
patient is discharged before he/she is ready to be sent home,

High utilization 
causes higher 
discharge rate 

High discharge rate means some 
patients are discharged before the 
medically optimal time

Early discharges 
lead to more 
readmissions

Fig. 1 Theoretical model of hypothesis
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we expect that he/she will be more likely to be readmitted
sooner rather than later. While an early discharge might lead
to more complications down the road, it might particularly
lead to more complications in the short term. We will
examine readmission rates in every time frame up to
30 days after discharge, but our main focus is on rates within
72 h. In this study, we only address readmission after
discharge from the hospital, not “bounce backs” when
patients move back to an ICU from a step-down unit.

We examine how the percent of patients who were
readmitted within 72 h varies with changes in bed utilization
upon discharge. When utilization was high (above 94%),
15.4% of patients were readmitted within 72 h, compared to
just 10% of those discharged when utilization was below
94%. A chi-square test comparing these two rates found that
they were statistically different (p<.0001). After 30 days,
55% of patients discharged from a full (utilization >94%)
post-operative unit were readmitted, while only 50% were
readmitted of those discharged when utilization was lower.
We initially choose 94% as the cutoff for high utilization
because previous work (Anderson et al. [2]) found an
increased discharge rate when utilization crossed that
threshold. Table 1 shows the average readmission rates
within 72 h for different ranges of downstream bed
utilization. As utilization increases, the readmission rate
increases, especially at the highest range of utilization.
Figure 2 shows the relationship between discharge rate and
readmission. As utilization increases, the discharge rate
(shown by triangles) and the readmission rate (shown by
squares) both increase. The discharge rate shown here is the
percent of patients discharged each day.

We construct four logistic regression models to study the
relationship between readmission rate and occupancy level
at the time of discharge. We use a dichotomous dependent
variable, i.e., whether or not a patient is readmitted within
72 h of discharge from the hospital. To determine if
increased utilization of post-operative beds at the time of
discharge increases the readmission rate, we need to define
a suitable measure for increased utilization. We use two
different variables: an indicator variable (called FULL) that
is 1 if utilization is above a certain threshold when the

patient is discharged and 0 otherwise, and a continuous
variable (called BEDS) that gives the number of filled beds
when the patient was discharged. We use four models
because we have two different utilization metrics (continuous
and discrete), and we examine readmission in the entire post-
operative ward as well as just in the trauma surgical line.
Using these four models allows us to study the relationship
between utilization and readmission rates in more depth.
Table 2 summarizes the variables used in our models.

In our first model (Model 1), we regress readmission
within 72 h on FULL. We control for the patient’s age, race,
gender, and the type of surgery. Age, race, and gender have
previously been shown to be important factors of readmis-
sion (see Hannan et al. [10]). In addition, type of surgery
has an important effect on readmissions (see Goodney et al.
[9]). By controlling for other determinants of readmission,
we are able to isolate the effect of being discharged from a
full unit. Our control variables are relevant, not only
practically but also statistically, since each variable lowers
the Akaike Information Criterion (AIC) (see [1]) when
added to the model.

The equation for this logistic regression model is
given by

logit READMISSION72ð Þ ¼ AGE þ BLACK þ ASIAN þ HISPANIC

þFULLþ ELECTIVE þ TRANSPLANT

þTRAUMA þ . . .þ NEUROþMALE þ ":

The baseline case, in which all dummy variables are 0, is a
white, female patient in the general surgery line. The results
from this model are presented in Table 3. We do not exclude
any insignificant predictors since our sample size is very

Table 1 Readmission rates for different utilization ranges

Utilization Number of
patients

Number
readmitted

Percent
readmitted

<75 911 82 9.0

75–82.5 1,124 117 10.4

82.5–90 1,795 183 10.2

90–92 625 66 10.6

92–94 528 67 12.7

>94 282 47 16.7

Fig. 2 Readmission and discharge rates vs. post-operative utilization
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large and our overall goal is to measure the varying degrees
of relationship between response and predictors. The effect
of FULL is statistically significant at the 1% level and
indicates that a patient discharged from a full unit is more
likely to be readmitted within 72 h. When FULL is 1, it
increases the odds by a factor of 2.341. This implies that for
a baseline patient of average age (i.e., 46 years), the
probability of readmission increases from 10% to 20%.

We observe expected results from the control variables.
For example, trauma and transplant patients are significantly
more likely to be readmitted compared to the (baseline)
general surgery patients. On the other hand, elective patients
are less likely to be readmitted pointing to the lesser severity
of elected surgeries. We control for a patient’s demographics

(age, race and gender). We find that male patients are more
likely to be readmitted and that readmissions are significantly
higher for black patients.

The second model (Model 2) tests readmission within
72 h, using the continuous utilization variable, BEDS. We
regress the readmission variable on the number of beds in
use at the time of discharge (BEDS). This model allows us
to quantify the effect of each additional occupied bed on the
likelihood of readmission, as opposed to the effect of
crossing a particular threshold. The hypothesized regression
equation is given by:

logit READMISSION72ð Þ ¼ AGE þ BLACK þ ASIAN þ HISPANIC

þBEDS þMALE þ ELECTIVE

þTRANSPLANT þ TRAUMA þ . . .

þNEURO þ ":

In this regression, BEDS measures the number of utilized
beds at the time the patient was discharged. The results of
this model are given in Table 4. The effect of BEDS is
positive and significant at the 1% level. This tells us that an
increase in utilization at discharge leads to an increased
readmission rate. The magnitude of the BEDS coefficient
(.00797) is smaller than that of FULL in the previous model
(.851) because the range of BEDS is over 100. Each
additional bed in use at the time of discharge increases the
odds of readmission by a factor of 1.008. Table 5 shows the
effect of increasing the number of beds in use at the time of
discharge on the odds of readmission, and on the
probability that a baseline patient will be readmitted. The
probability of readmission is calculated at the mean age
of a patient and with all dummy variables set to 0 (i.e., a
46-year-old, white female patient in general surgery).

To further investigate the effect over time, we construct
six additional models (all similar to Model 1), with

Table 2 Descriptions of the response and explanatory variables

Variable name Description Range

READMISSION72 A dummy variable that is 1 if the patient is readmitted within 72 h of discharge,
and 0 otherwise.

0,1

FULL A dummy variable that is 1 if the unit was above 94% utilization when the patient was
discharged, and 0 otherwise.

0,1

BEDS The number of beds in use when the patient was discharged. 225, …, 323

AGE The age, in years, of the patient on the day of the surgery. 12, …, 107

ELECTIVE A dummy variable that is 1 if the surgery is elective, and 0 if the surgery is emergency. 0,1

BLACK, ASIAN, HISPANIC Dummy variables that indicate the race of each patient. There are four races including white,
so we use three indicator variables.

0,1

TRANSPLANT, TRAUMA,…,
NEURO

Dummy variables that indicate which service line performed the surgery on the patient.
There are 10 different service lines in our dataset, so we use nine indicator variables.

0,1

MALE A dummy variable that indicates the gender of our patient. There are two genders, so we use
one indicator variable.

0,1

Table 3 Model 1 results (AIC: 1978.6)

Variable Odds ratio 95% confidence interval p-value

(Intercept) 0.088 [0.055, 0.14] <.001

FULL 2.341 [1.54, 3.556] <.001

BLACK 1.359 [1.055, 1.748] 0.016

HISP 0.969 [0.449, 2.084] 0.946

ASIAN 1.222 [0.344, 4.335] 0.534

AGE 0.992 [0.984, 0.998] 0.023

MALE 1.649 [1.279, 2.126] <.001

ELECTIVE 0.812 [0.639, 1.029] 0.086

TRANS 9.772 [6.97, 13.7] <.001

NEURO 0.901 [0.54, 1.502] 0.77

PLASTIC 1.029 [0.456, 2.319] 0.791

GYNO 0.586 [0.309, 1.11] 0.134

URO 5.447 [1.922, 15.436] 0.001

OPTH 1.745 [0.98, 3.105] 0.043

CARDIAC 1.545 [0.486, 4.914] 0.334

TRAUMA 2.249 [1.361, 3.716] 0.001

THORACIC 0.301 [0.089, 1.009] 0.095
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readmission within 5, 10, 15, 20, 25, and 30 days as the
dependent variable. For example, if a patient was readmit-
ted after 13 days, the indicator variable would have a value
of 0 for 5 and 10 days and a value of 1 for the other day
variables. We recorded the magnitude of the coefficient of
FULL for each model. In Fig. 3, we show the magnitude of
the coefficient of FULL as the definition of readmission
changes. The error bars for each point show one standard
error above and below each value. The utilization at
discharge has the strongest effect on readmission within
72 h, and it slowly diminishes over time. Patients who are
discharged too soon are more likely to be readmitted
quickly, instead of later in the month.

Next, we were interested in determining the effect when
only one surgical line is considered. By isolating the
surgical line, we can more precisely measure the effect of
utilization. Concentrating on one surgical line only allows
us to eliminate any variation between the discharge
procedures of different surgical lines, the differences in

case severity, and the potential for future complications.
The trauma surgery line is one of the largest units in our
dataset, and has patients who are similar demographically
to the general surgery population at the hospital. The
percentage of each racial group is nearly the same as the
percentage in the general population. The mean and median
ages for trauma patients are both within 1 year of the mean
and median ages in the general population, as well. There
are 248 patients admitted as inpatients after having trauma
surgery. Of those, 18% were readmitted within 72 h. The
results are given in Tables 6 and 7.

Table 6 shows that high utilization upon discharge has a
statistically significant effect on readmission rates within
72 h. While FULL is statistically significant, its p-value is
higher compared to Model 1 (Table 3). The reason is the
reduced sample size (since we are only focusing on a single
surgical line, the sample size is reduced by 95%), which
reduces the power of the test. However, the magnitude of
the odds ratio is increased dramatically (from 2.3 in the first
model to over 25).1 This implies that for a baseline patient
(a 46-year-old, white female) the probability of readmission
increases by 63% (from 10% to 73%)—compared to an
increase of only 10% (10% to 20%) when averaging over
all surgical lines (Model 1). The insight from this analysis is
that the impact of utilization on readmission changes from
one surgical line to another. We observe a much stronger
effect for trauma patients because surgeries in this line are
typically more severe and, thus, more sensitive to variations

Table 4 Model 2 results (AIC: 1982.1)

Variable Odds ratio 95% confidence interval p-value

(Intercept) 0.011 [0.002, 0.044] <.001

BEDS 1.008 [1.003, 1.012] 0.001

BLACK 1.332 [1.035, 1.714] 0.025

HISP 0.984 [0.461, 2.1] 0.913

ASIAN 1.324 [0.373, 4.69] 0.452

AGE 0.991 [0.983, 0.998] 0.015

MALE 1.664 [1.29, 2.145] <.001

ELECTIVE 0.828 [0.653, 1.051] 0.121

TRANS 9.790 [6.979, 13.733] <.001

NEURO 0.883 [0.529, 1.472] 0.713

PLASTIC 1.053 [0.468, 2.367] 0.748

GYNO 0.609 [0.322, 1.15] 0.166

URO 6.057 [2.185, 16.785] <.001

OPTH 1.669 [0.938, 2.97] 0.061

CARDIAC 1.624 [0.511, 5.159] 0.293

TRAUMA 2.220 [1.343, 3.665] 0.001

THORACIC 0.298 [0.088, 0.998] 0.091

Table 5 Effect of increasing utilization on readmission

Number of beds Factor by which odds
are increased

Percent readmitted

225 1.00 8.6

250 1.22 10.4

275 1.49 12.4

300 1.82 14.7

325 2.22 17.4

Fig. 3 Effect of the definition of readmission on the effect of FULL

1 Note that the confidence interval is very wide (1.085, 594.979). The
decrease in sample size, combined with the dichotomization of a
continuous variable, leads to larger standard errors, and, hence, less
precision in the confidence interval.
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in length of stay and thoroughness of treatment. Lower
acuity patients might be less sensitive to premature
discharge, and, therefore, exhibit less of an increased risk
for readmission.

The same conclusions hold when measuring utilization
on a continuous scale (BEDS; see Table 7). In fact, we see
that the odds ratio of BEDS is 1.027, which is more than
three times larger than its effect in Model 2 (which averages
over all surgical lines). In other words, regardless of how
utilization is measured, increased utilization at the time of
discharge increases the readmission rate for trauma surgery
patients.

Finally, we use survival analysis to determine what
affects the rate at which patients return to the hospital after
being discharged. While logistic regression estimates the
probability that a patient will be readmitted in a certain time
frame, survival analysis models the fraction of patients who
have been readmitted over time. In this model, our
dependent variable is whether or not the patient was
readmitted on a given day. We create one observation for
each day, for each patient, until the patient is readmitted, up
to 30 days. If the patient is readmitted on that day, the
variable is 1, if he/she is not, it is 0. A patient who is
readmitted on the 10th day after discharge will have nine
observations where the dependent variable is 0. For the
10th observation, the dependent variable will be 1, because
the patient was readmitted on that day. We also create 30
dummy variables to account for the baseline hazard on each
day (D1, D2, …, D30). DN is 1 on the Nth day after

discharge, and 0 otherwise. In the first observation, D1 is 1,
and the remaining DN variables are 0. In the 10th
observation, D10 is 1, the remaining DN variables are 0.
When FULL is 1, the odds that a patient will be readmitted
on any given day increase by a factor of 1.32. This means
that when a patient was discharged from a highly utilized
unit, the patient is readmitted at a higher rate. FULL has a
larger effect on the odds of readmission than age, race, or
gender. Figure 4 shows the percent of each type of patient
who is readmitted as a function of time. Table 8 shows the
results of this model.

Patients discharged when the post-operative unit was full
are more likely to return the first day, and the gap grows as
the month progresses. These results are similar to the
logistic regression models, in that patients dismissed from a
full unit are more likely to return, and that the effect is
observable immediately. In this model, the effect that
utilization has on readmission rates is statistically significant
throughout the entire month. When compared to the logistic
regression models, we see a stronger effect later in the month
in this model. The difference between the two models comes
from a restriction of the survival analysis model. Survival
analysis assumes that the effect of each variable is constant
over time. However, by varying the readmission window in
the logistic regression models, we can examine how the effect
changes over time. The survival analysis model gives the
effect of FULL averaged over the entire month. The
coefficients on the DN variables are decreasing with time.
This means that as the month progresses, patients are less
likely to be readmitted. While many readmissions that occur
after 72 h are unavoidable, it is still interesting to note that

Table 6 Trauma surgery model—discrete variable (AIC: 98.4)

Variable Odds ratio 95% confidence interval p-value

(Intercept) 1.030 [0.189, 5.591] 0.945

FULL 25.411 [1.085, 594.979] 0.043

BLACK 8.234 [2.427, 27.929] <.001

HISP 5.655 [0.154, 206.926] 0.305

AGE 0.943 [0.911, 0.976] 0.001

MALE 0.782 [0.243, 2.506] 0.658

ELECTIVE 0.580 [0.182, 1.843] 0.381

Table 7 Trauma surgery model—continuous variable (AIC: 186)

Variable Odds ratio 95% confidence interval p-value

(Intercept) 0.002 [0, 0.857] 0.064

BEDS 1.027 [1.002, 1.052] 0.047

BLACK 7.525 [2.276, 24.872] 0.001

HISP 3.069 [0.085, 109.748] 0.502

AGE 0.934 [0.899, 0.968] <.001

MALE 0.556 [0.16, 1.926] 0.355

ELECTIVE 0.565 [0.178, 1.784] 0.356 Fig. 4 Readmission rates for patients discharged when full and
not full
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the effect of utilization at time of discharge has a lingering
effect on readmission rates that lasts up to 30 days.

4 Limitations

While our results shed new light on hospital readmissions,
one should use caution in generalizing from them. Since
our data pertain to one particular hospital only, our results
don’t immediately generalize to all hospitals. While we
suspect that similar phenomena occur at other hospitals,
since incentives in other U.S. hospitals are essentially the
same, our study can only address one hospital. In addition,
we have very little data on patient acuity levels. We only
have information on whether or not the surgery was elective
or emergency. While this captures some of the variance in
patient severity, we cannot control for all aspects of patient
acuity levels. Also, we do not have the cause for patient
readmission, which would allow us to examine in more
depth the effect that ICU utilization has on readmission. We
also investigated flexible nonparametric regressions via
smoothing splines in order to relax the linearity assumption
of our model. However, the results were not distinguishable
from the linear approach. One reason for the lack of power
of the nonparametric model may be the small sample
size; a larger sample size might lead to a more nuanced
understanding of the relationship between utilization and
readmission rates.

5 Conclusions

In previous work, Anderson et al. [2] showed that the
discharge rate of patients in the post-operative unit
increased when utilization was high. In this paper, we

show that these patients are more likely to be readmitted
within 72 h than patients discharged when utilization is
lower. This effect prevails regardless of the utilization
measurement or the chosen timeframe for readmission. Our
results indicate that an additional day of recovery would
help some patients who are being discharged when there are
few available beds.

The systematic early discharge of patients is problematic
because readmissions are costly and could lead to an
inefficient use of healthcare resources. In addition, early
discharge with readmission is a potential public relations
problem for a hospital. We propose four solutions for
lowering readmission rates. A first solution is to add more
flexibility to the post-operative path for patients. While
there is a standard post-operative ICU for each service line,
there might be other beds in the hospital that would be able
to take a patient and allow the patient to recover more fully.
Making it easier to match patients with beds might help to
reduce readmission rates. A second solution would be the
creation of a discharge checklist with objective criteria.
Patients must satisfy the criteria before they can be
discharged. This checklist can be used at all times, or only
when the unit is operating at high levels of utilization. By
standardizing the discharge process, it becomes more likely
that each patient is fully ready to be transitioned out of the
hospital at the time of discharge. Third, the hospital might
consider using transition coaches, especially for patients at
high risk of readmission. Hiring social workers to check on
patients and to coach them on treatment and rehabilitation
has been shown to lower the readmission rate (Coleman
et al. [5]). A fourth solution would be to align a surgeon’s
compensation with a patient’s health outcome. Currently,
surgeons are paid for performing surgeries and having high
operating room utilizations. By incorporating readmission
rate into the compensation formula, we might impact the
discharge decision process in a way that would lower the
readmission rate.

Our work has identified a class of patients for whom the
readmission rate is shown to be demonstrably higher.
Patients discharged from a highly utilized unit are more
likely to be readmitted to the hospital after surgery. Because
the discharge rate increases when utilization is high, extra
time in the post-operative unit for these patients might help
lower the probability that they are readmitted.

In future work, we plan to address questions on the total
length of stay for each type of patient. For example, do
patients who are discharged from a highly utilized unit
come back and stay longer than those who are discharged
under normal circumstances? What effect do these early
discharges and extra readmissions have on the overall
efficiency of the hospital? In terms of throughput, there is a
tradeoff to be considered when deciding to discharge a
patient a day early. By discharging a patient early, a bed is

Table 8 Survival analysis model results

Estimate Std. error z value p-value

(Intercept) −10.8513 0.247 −43.979 <.001

FULL 0.279 0.112 2.49 0.0128

AGE −0.005 0.001 −4.109 <.001

BLACK 0.136 0.057 2.37 0.018

HISPANIC −0.043 0.175 −0.244 0.808

ASIAN −0.169 0.320 −0.527 0.599

D1 9.621 0.233 41.307 <.001

D2 6.703 0.258 26.019 <.001

D3 6.657 0.262 25.454 <.001

. . . . .

. . . . .

. . . . .

D30 −2.428 .210 −11.586 <.001
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freed up to allow a surgery to be performed. However, this
discharged patient is now more likely to be readmitted. If
the patient comes back, he/she might cause future surgeries
to be postponed. There is a delicate tradeoff between
rushing to discharge patients, which comes with the risk of
higher readmission rates, and taking the time to treat
patients fully in order to lower future readmission rates.
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