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ABSTRACT

Objective: To examine whether an institution- and service-
specific readmission prediction instrument has improved
performance compared to universal tools.

Design: Retrospective cohort study.

Setting: Academic medical center located in Boston, MA.

Participants: Adult inpatients admitted to a medicine service.

Measurements: Patient attributes, inpatient service
assignment, and 30-day readmission rate.

Results: Of 7972 index admissions, 12.6% were readmitted
within 30 days. Thirty-day readmissions were associated
with number of medications on admission (adjusted odds
ratio [OR], 1.34; 95% confidence interval [CI], 1.11-1.61)
for > 11 compared with < 5 medications; prior admission

eadmissions are a costly problem in the United
States. The readmission rate among Medicare
beneficiaries aged 65 years and older was 17.1
per 100 live discharges in 2016." Although both the rela-
tionship between readmissions and quality of care and
the use of readmissions as a quality measure are con-
tested,? efforts to reduce potentially avoidable rehos-
pitalizations have received widespread attention and
readmissions are a focus of reimbursement reform.®
The LACE index is a widely used model for readmis-
sion risk prediction.® Derived from a study of hospital-
ized patients in Ontario, Canada, LACE uses information
about length of stay, acuity, comorbidities, and emer-
gency department utilization to estimate readmission
risk. Models such as LACE+, LACE-rt, and HOSPITAL
have tried to improve on LACE’s performance, but

or overnight observation (OR, 1.89; 95% Cl, 1.61-2.23);
and discharge (OR, 2.45; 95% Cl, 1.97-3.06) to an acute
care facility compared to home without services. The
subspecialty services with the highest risk of readmission
were bone marrow transplant/nematology (OR, 2.46; 95%
Cl, 1.78-3.40) and oncology (OR, 2.26; 95% Cl, 1.67-3.05),
as compared with general medicine/geriatrics. The C
statistic for the derivation cohort was 0.67, as compared
with a C statistic of 0.63 for the LACE index.
Conclusion: A hospital service—specific 30-day readmission
prediction tool showed incrementally improved
performance over the widely used LACE index.

Keywords: rehospitalization; quality of care; predictive model;
hospital medicine.

models with strong discriminative ability are lacking.”®
Institution-specific models exist,”® as do well-organized
multicenter studies,” but their generalizability is limited
due to population differences or inclusion of data diffi-
cult to extract from patients in real-time, such as data
gathered through a socioeconomic questionnaire.

Given hospital-specific differences in operational
performance and patient population, we sought to
develop a statistical model for 30-day readmission
prediction and demonstrate the process that could
be utilized by other institutions to identify high-risk
patients for intensive case management and discharge
planning.

From Tufts Medical Center, Boston, MA (Dr. Trautwein and
Dr. Schwartz contributed equally to this article).
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Methods

Study Design

We conducted a retrospective cohort study of all admis-
sions to the medicine service at a 415-bed teaching hospi-
talin Boston, MA, from September 1, 2013, through August
31, 2016. Patients are admitted through the emergency
department or directly admitted from hospital-based prac-
tices or a statewide network of private practices.

Data Collection

Data were abstracted from electronic medical and bill-
ing records from the first (index) admission for each
patient during the study period. Thirty-day readmis-
sion was defined as an unplanned admission in the 30
days following the index discharge date. We excluded
patients readmitted after leaving against medical advice
and planned readmissions based on information in dis-
charge summaries.

The study team identified candidate risk factors by
referencing related published research and with input
from a multidisciplinary task force charged with develop-
ing strategies to reduce 30-day readmissions. Task force
members included attending and resident physicians,
pharmacists, nurses, case managers, and administra-
tors. The task force considered factors that could be
extracted from the electronic medical record, including
demographics, location of care, and clinical measures
such as diagnostic codes, as well as data available in
nursing, social work, and case management notes.
Decisions regarding potential risk factors were reached
within the group based on institutional experience, avail-
ability, and quality of data within the electronic record for
specific variables, as well as published research on the
subject, with the goal of selecting variables that could be
easily identified before discharge and used to generate a
predictive score for use in discharge planning.

Variables

Variables initially considered for inclusion in univariate
analyses included demographic characteristics of age,
gender, and a combined race/ethnicity variable, delin-
eated as either non-Hispanic white, non-Hispanic black,
Asian/Asian Indian, or Hispanic. Those with race listed
as other or missing were set to missing. Primary lan-
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guage was categorized as English versus non-English.
We included a number of variables related to the severity
of the patient’s medical condition during the index admis-
sion, including any stay in an intensive care unit (ICU)
and number of medications on admission, divided into
3 groups, 0-5, 6-10, and 11 or more. We also included
separate indicators for admissions on warfarin or chronic
opioids. Charlson comorbidity score as well as heart fail-
ure, diabetes, and chronic obstructive pulmonary disease
were included as separate variables, since these specific
diagnoses have high comorbidity and risk of readmission.

Because the hospital’s medicine service is divided into
subspecialty services, we included the admitting service
and discharge unit to assess whether certain teams or
units were associated with readmission. Discharge dispo-
sition was categorized as home with services (ie, physical
therapy and visiting nurse), home without services, skilled
nursing facility, acute care facility, or other. We included
a variable to assess patient frailty and mobility based on
the presence of a physical therapy consult. We incorpo-
rated social determinants of health, including insurance
coverage (private insurance, Medicare, Medicaid, subsi-
dized, or uninsured); per capita income from the patient’s
zip code as a proxy for economic status (divided into
quartiles for analysis); and substance abuse and alcohol
abuse (based on International Classification of Diseases,
10th revision codes). We considered whether the dis-
charge was on a weekday or weekend, and considered
distance to the hospital in relation to Boston, either within
route 128 (roughly within 15-20 miles of the medical
center), within interstate 495 (roughly within 30-40 miles
of the medical center), or beyond this. We considered
but were unable to incorporate candidate variables that
had inconsistent availability in the electronic medical
record, such as the Braden score, level of independence
with activities of daily living, nursing-determined fall risk,
presence of a social work or nutrition consultation, CAGE
questionnaire for alcohol abuse, deliium assessment
score, the number of adults living in the home, the num-
ber of dependents, and marital status.

Analysis
We created a derivation cohort using admission data from
September 1, 2013, through November 30, 2015. We



used a backward selection process to include variables in
the derivation model. Any variable associated with 30-day
readmissions with a P value < 0.10 in univariate analyses
was considered as a candidate variable. To be retained
in the multivariable model, each variable was required to
have a significant association with 30-day readmission at
the P < 0.05 level. We used beta coefficients to create a
numerical score reflective of probability of readmission.

We then created a validation cohort using admissions
data between December 1, 2015, and August 31, 2016.
We applied the scoring algorithm from the derivation
cohort to the validation cohort and compared the dis-
criminative ability of the 2 models using the area under
the receiver operating characteristic (ROC) curve. We
also compared the area under the ROC curve of our pre-
dictive model to the LACE index using the nonparametric
approach of DeLong and colleagues.®"

Results

The derivation cohort consisted of 7972 index admis-
sions, of which 12.6% were readmitted within 30 days.
The patient population was 45% female, 70% white, and
85% English-speaking, with an average age of 61.4 years
(standard deviation, 18.1, Table 1). Most patients had
either private insurance (43%) or Medicare (41%).

Many patients were medically complex: 21% required
ICU care, 29% were taking 11 or more medications
on admission, and 52% had a Charlson score of 2 or
more. In the previous 6 months, 14% had an emergency
department visit and 16% had an admission or overnight
observation. The rate of drug or alcohol abuse was 13%.
The majority of patients were discharged home without
services (54%), while 23% were discharged home with
services, 13% were discharged to a skilled nursing facil-
ity, and 9% were discharged to an acute care facility.

Factors Associated With 30-Day Readmission

Table 2 displays the univariate and multivariate associa-
tions with 30-day readmissions in the derivation cohort.
Variables significantly associated with readmission in
univariate analysis were Charlson comorbidity score,
history of diabetes, ICU utilization, previous emergency
department visit, inpatient or observation stay within 6
months, number of medications on admission, use of
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Table 1. Characteristics of Patients Admitted

to Internal Medicine Services, 2013-2015

(Derivation Cohort)
Characteristic
Age, y

Gender
Ethnicity

Language
Within the last 6
months

ICU stay

No. of medications
on admission

Alcohol or drug use
Disposition location

Charlson score

Income quartile
by zip code, $

Insurance type

Hospital service

18-39

40-64

65-79

80+

Female

White

Black

Asian

Hispanic

English

ED visit
Admission/observation
Yes

0-5

6-10

1+

Yes

Home

Home with services
Skilled nursing facility
Acute care facility

0

1

2+

8126-26,735
26,736-35,927
35,928-44,737
>44,737

Private

Medicare

Medicaid
Subsidized/uninsured
Cardiology
Gastroenterology

General Medicine/
Geriatrics

Bone Marrow Transplant/
Hematology

Infectious Disease
MICU

Oncology
Pulmonary

Renal

n (%)
1112 (14)

806 (10)
1884 (24)

292 (4)

712 (9)
74 (1)
352 (4)
718 (9)
1036 (13)

ED, emergency department; ICU, intensive care unit; MICU, medical intensive

care unit.
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Table 2. Univariate and Multivariate Associations With 30-Day Unplanned Readmissions

Variable Category Univariate Analyses Multivariate Model
30-Day Unplanned Odds Ratio
Readmission Rate, % P Value (95% CI) P Value
Charlson score® 0 9 < 0.001 [Reference]
1 10 1.02 (0.816-1.278) 0.85
>2 16 1.36 (1.112-1.656) 0.003
Any ICU utilization Yes 16 < 0.0001 1.29 (1.08-1.593) 0.005
No 12
Any inpatient or observation Yes 21 < 0.0001 1.89 (1.607-2.230) < 0.0001
visits in prior 6 months
ED visit in prior 6 months Yes 15 0.02
No. of prescription 0-5 10 < 0.009 [Reference]
medications on admission” 6-10 12 114 (0.952-1.362) 0.15
M+ 17 1.34 (1.108-1.607) 0.002
Opioid use Yes 16 <0.34
Diabetes Yes 14 0.01
Physical therapy consultation No 1A < 0.0001
Insurance type Private 1 0.0001
Medicare 15
Medicaid 13
Subsidized/self- 10
pay
Hospital service® Cardiology 9 < 0.0001 0.83 (0.667-1.036) 0.10
Gastroenterology 14 1.63 (1.262-2.093) 0.0002
General Medicine/ 1A [Reference]
Geriatrics
Hematology 22 2.46 (1.777-3.403) < 0.0001
Infectious disease 13 1.22 (0.935-1.601) 0.14
MICU 22 1.19 (0.650-2.186) 0.57
Oncology 23 2.26 (1.667-3.051) < 0.0001
Pulmonary 12 0.98 (0.739-1.287) 0.86
Renal 16 1.33 (1.059-1.675) 0.01
Discharge disposition® Home, no 9 < 0.0001 [Reference]
services
Home with 16 1.64 (1.379-1.940) < 0.0001
services
SNF 15 1.53 (1.233-1.892) 0.0001
Acute care facility 23 2.45 (1.962-3.056) < 0.0001
Other 9 0.88 (0.306-2.477) 0.79

ED, emergency department; ICU, intensive care unit; MICU, medical intensive care unit; SNF, skilled nursing facility.

A\ariables were entered into model through a backward selection process: univariate P < 0.10 for entry and P < 0.05 to remain in the model. Nonsignificant
variables in univariate analysis include warfarin use, age, sex, race, language, income, alcohol/drug use, and distance from the hospital.

Global P values are reported in the univariate analyses for variables with more than 2 categories.
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Table 3. Distribution of Readmissions at Various Scores

Cumulative
Frequency Percentage
Score (n =7972) of Discharge
1+ 25 <1
10 68 1
9 103
8 232 6
7 400 11
6 567 18
5 842 28
4 1099 42
3 1176 57
2 1212 72
1 970 84
0 1258 100

Cl, confidence interval.

opioids on admission, a diagnosis of diabetes, type of
insurance, physical therapy consultation, admitting ser-
vice, and discharge disposition. Variables not significant
in univariate analysis included warfarin use, alcohol/
drug abuse, distance from the hospital, and demo-
graphic variables (age, sex, race, language, income by
Zip code).

Variables associated with readmission in the final
multivariate analysis model included a Charlson score
of 2 or higher (compared to a score of 0; odds ratio
[OR], 1.36; 95% confidence interval [Cl], 1.11-1.66); any
ICU stay (OR, 1.29; 95% Cl, 1.08-1.53); number of med-
ications on admission (OR, 1.34; 95% ClI, 1.11-1.61) for
11 or more compared with 5 or fewer medications; prior
admission or overnight observation (OR, 1.89; 95% Cl,
1.61-2.23); and disposition on discharge to an acute
care facility (OR, 2.45; 95% Cl, 1.96-3.08), skilled nurs-
ing facility (OR, 1.53; 95% ClI, 1.23-1.89), or home with
services (OR, 1.64; 95% ClI, 1.38-1.94) compared with
home discharge without services. The hospital service
from which the patient was discharged was significantly
associated with readmission; the subspecialty services
with the highest odds ratios were bone marrow trans-
plant/hematology (OR, 2.46; 95% CI, 1.77-3.40) and
oncology (OR, 2.26; 95% ClI, 1.67-3.05), as compared
with general medicine/geriatrics.
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Readmission
Likelihood, % (95% CI)

Cumulative Percentage of
Potential Readmissions

44 (42-57) 1
39 (33-42) 4
34 (33-42) 7
29 (23-33) 14
24 (19-29) 23
20 (15-25) 36
16 (13-21) 49
14 (10-18) 64
11 (8-15) 77
9 (7-12) 87
7 (6-9) 93
5 (4-7) 100

Model Derivation and Validation

We utilized the beta coefficients from the multivariate
analysis to create a scoring tool to predict the likelihood
of 30-day readmission. We rounded each beta coefficient
and calculated a readmission score by adding together
the rounded beta coefficients of each of the significant
variables. Table 3 presents the cumulative percentage
of discharges at each score level, as well as the calcu-
lated cumulative percentage of potential readmissions.
For example, in our population, a score of 6 or greater
accounted for 18% of all discharges, but 36% of all
30-day readmissions.

The ROC curves for the derivation model and LACE
index are shown in the Figure. The C statistic for the der-
ivation cohort was 0.67, as compared with a C statistic
of 0.63 for the calculated LACE index (P < 0.0001). The
validation cohort had a C statistic similar to that of the
derivation cohort (0.66).

Discussion

We developed a predictive model that can be used during
admission to stratify patients for intensive case man-
agement and discharge planning. The model included
Charlson score, ICU utilization, admission to inpatient ser-
vices or observation, visits to the ED in the past 6 months,
number of medications on admission, hospital service,
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Figure. Receiver operating characteristic curves for derivation model and LACE index.

and discharge disposition. The C statistic of 0.67 is better
than that of the LACE predictive model for our population,
although both reflect only modest predictive value.

While our model, which was developed and validated
at a single institution, may not be generalizable to other
institutions, the method of developing a readmission risk
prediction model specific to an institution is readily repli-
cable. While standardized tools for predicting readmission
risk exist, they do not necessarily account for unique
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patient populations and medical complexity at individual
institutions. We examined patients discharged over 3
years from the medicine services, creating a service-
specific model. Our approach could lead to the wide-
spread development of service- and institution-specific
models that take into account the risks and resources
appropriate to each patient population and setting.

Many of the factors included in our model were indic-
ative of the patients’ medical complexity, with Charlson



comorbidity score and the number of discharge med-
ications strongly associated with readmission. In the
derivation of the LACE model, many patients were
middle-aged and independent in their activities of daily
living, and more than 75% had a Charlson comorbidity
score of 0.6.% In our population, by contrast, the major-
ity of patients had a Charlson score of 2 or greater.
Health care utilization was a strong positive predictor
in both our model and in LACE. The finding that the
Charlson comorbidity score was a better predictor
than any single chronic illness suggests that medical
complexity and comorbidities increase the likelihood
of admission more than any 1 chronic condition. Our
model incorporates discharge disposition in readmis-
sion prediction, another factor associated with medical
complexity and frailty.

A surprising finding in our study was the lack of asso-
ciation between social determinants of health, such as
alcohol and drug abuse, and readmission risk. We posit
several reasons that may account for this finding. First,
the population served by the medical center may be
too small or homogeneous with respect to social deter-
minants of health to detect a difference in readmission
risk. Second, markers available in the electronic medical
record to determine social needs may be too crude to
distinguish degrees of vulnerability that increase the risk
of readmission. We do not discount the importance of
social determinants of health as predictors of readmis-
sion risk, but we do acknowledge the limitations of the
data incorporated in our model.

Predictive models are useful only if they can be
incorporated into workflow to identify high-risk patients.
Prior to developing and using our model, we used LACE
inconsistently because it required length of stay as 1 of
the variables. Because the variables in our model are
collected and recorded routinely at admission in our
electronic medical record, the readmission risk score
is calculated and displayed in a daily high-risk patient
report. This automated process has afforded a more
consistent and reliable approach to readmission risk
assessment than previous efforts to assess the LACE
index. Case managers use the high-risk patient report to
identify patients who require enhanced care coordination
and discharge planning. Since the introduction of this
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predictive model, we have noted a 10% reduction in the
hospital’s 30-day readmission rate.

This project was subject to several limitations.
Because data on admissions to other facilities were
unavailable, we may have underestimated the risk of
readmission to other facilities. Our results may not be
generalizable to other organizations, although we believe
that the methods are readily replicable. The performance
of the model and its replication with a validation cohort
are strengths of the approach.

Conclusion

We created a hospital service—specific 30-day read-
mission prediction tool whose performance improved
incrementally over the widely used LACE index. This
research suggests that readmission prediction is highly
context-specific and that organizations would do well to
examine the readmission risk factors most pertinent to
the populations they serve. We believe that “customized”
readmission risk prediction models for particular services
in specific hospitals may offer a superior method to iden-
tify high-risk patients who may benefit from individualized
care planning. Future research is needed to understand
how best to capture information about the attributes of
vulnerable populations, so that this information can be
incorporated into future risk models.
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