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of Medicine, Iowa City, IA, USA; 6University of California-San Francisco, San Francisco, CA, USA; 7University of Wisconsin School of Medicine
and Public Health, Madison, WI, USA.

BACKGROUND: Previous studies of hospital readmis-
sion have focused on specific conditions or populations
and generated complex prediction models.

OBJECTIVE: To identify predictors of early hospital
readmission in a diverse patient population and derive
and validate a simple model for identifying patients at
high readmission risk.

DESIGN: Prospective observational cohort study.

PATIENTS: Participants encompassed 10,946 patients
discharged home from general medicine services at six
academicmedical centers andwere randomly divided into
derivation (n=7,287) and validation (n=3,659) cohorts.

MEASUREMENTS: We identified readmissions from
administrative data and 30-day post-discharge tele-
phone follow-up. Patient-level factors were grouped into
four categories: sociodemographic factors, social sup-
port, health condition, and healthcare utilization. We
performed logistic regression analysis to identify signif-
icant predictors of unplanned readmission within
30 days of discharge and developed a scoring system
for estimating readmission risk.

RESULTS: Approximately 17.5% of patients were read-
mitted in each cohort. Among patients in the derivation
cohort, seven factors emerged as significant predictors of
early readmission: insurance status, marital status,
having a regular physician, Charlson comorbidity index,
SF12 physical component score, ≥1 admission(s) within
the last year, and current length of stay >2 days. A
cumulative risk score of ≥25 points identified 5% of
patients with a readmission risk of approximately 30%
in each cohort. Model discrimination was fair with a c-
statistic of 0.65 and 0.61 for the derivation and validation
cohorts, respectively.

CONCLUSIONS: Select patient characteristics easily
available shortly after admission can be used to identify
a subset of patients at elevated risk of early readmis-
sion. This information may guide the efficient use of
interventions to prevent readmission.
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INTRODUCTION

Hospital readmission shortly after discharge is increasingly
recognized as a marker of inpatient quality of care and a
significant contributor to rising healthcare costs1,2. Nearly one
fifth of Medicare beneficiaries discharged from acute care
hospitals are readmitted within 30 days, incurring additional
costs of several billion dollars annually3. Although it remains
unclear whether such readmissions are entirely preventable,4–6

there is good evidence that targeted interventions initiated
before and/or shortly after discharge can decrease the likeli-
hood of readmission7–11. Identifying patients at risk of readmis-
sion can guide efficient resource utilization and permit valid
comparisons of hospital quality across institutions.

Previous studies that have examined risk factors for early
hospital readmission have focused primarily on a single
disease or condition,12–15 a single hospital site,16–18 or a
specific patient population19–22. Of four large multi-hospital
studies that modeled readmission risk in a diverse patient
population, one studied patients discharged from Veterans
Affairs hospitals,23 two were conducted in England and
employed extensive information technology resources unavail-
able in most other countries,24,25 and the fourth utilized
Medicare data to derive a highly predictive but difficult to use
model incorporating 20 variables26. These studies yielded
complex prediction models that used patient information not
currently easily available in most hospitals and did not
adequately assess the impact of patients’ social supports on
readmission risk.
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To address these gaps, we used data from the Multicenter
Hospitalist (MCH) Study to identify patient-level factors signif-
icantly associated with early hospital readmission among
general medicine patients hospitalized in six large academic
medical centers. In addition, we aimed to create and internally
validate a simple score-based prediction model to identify
patients with significantly elevated readmission risk. We
limited our analysis to patient information that could be easily
collected within the first 48 hours of admission.

METHODS

Context

The MCH Study was a prospective multi-center trial designed
to assess the impact of hospitalist care on patients admitted
to the general medicine services of six academic medical
centers27–29. Patients were enrolled from July 1, 2001
through June 30, 2003 at the following six sites: University
of Chicago, University of California San Francisco, University
of Iowa, University of Wisconsin, University of New Mexico,
and Brigham and Women’s Hospital in Boston. The study was
approved by each site’s institutional review board.

Patients were eligible for inclusion if they were 18 years of age
or older andwere admitted by a hospitalist or other internist to a
general medicine service. Patients admitted specifically under
the care of their primary care physician were excluded.

Data Collection

Detailed sociodemographic and health information was collected
during a 15–20minute intake interview conducted by a research
assistant, generally within 48 hours of admission. Additional
data were obtained from each site’s administrative records and a
telephone interviewof patients or their proxies conducted 30days
after discharge. These data were matched with the National
Death Index to ascertain 30-day mortality from the date of
hospital discharge.

Administrative data were used to estimate length of stay and
to ascertain age, sex, and insurance status. Intake interviews
were used to administer the adult lifestyles and function
interview mini-mental state exam (ALFI-MMSE),30,31 the Med-
ical Outcomes Study Short Form 12 (SF12) questionnaire,32

and gather data on social supports, prior healthcare utiliza-
tion, and health condition, including comorbidities for calcu-
lating a self-reported Charlson index33.

Patients

We retrospectively selected a subset of enrolled MCH Study
patients for our analysis. First, we only included patients
where they or their proxies could be interviewed in the hospital
and therefore could provide timely data for our predictive
models. We then excluded patients with a length of stay greater
than 30 days to reduce bias from outlier effects. Next, we
excluded patients not discharged to home, i.e., patients who
died during hospitalization, were transferred to another
healthcare facility, or left against medical advice. Lastly, we
excluded patients who died within 30 days of discharge.

Outcome Variable

We defined hospital readmission as all-cause admission to an
acute care hospital within 30 days of discharge from the index

hospitalization. We identified readmissions in two ways: using
administrative data from the study sites and from patient
response to a specific question regarding hospital readmission
included in the 30-day telephone follow-up. To minimize recall
bias, administrative data were used to identify readmissions to
each index hospital, while self-reported data were only used to
identify readmissions to non-index hospitals.

Predictor Variables

We identified candidate patient factors likely to be associated
with high readmission risk a priori from a survey of the
relevant literature and grouped them into four natural catego-
ries as follows: (1) sociodemographic factors, including age,
sex, self-reported race/ethnicity, self-reported total household
income, education, and insurance status; (2) social support
including, marital status, number of people living with patient,
having someone to help at home, and having a regular
physician; (3) health condition, including self-reported 0–9
Charlson comorbidity index, self-reported 0–100 health rating,
0–100 SF12 physical and mental component scores, 0–22
ALFI-MMSE score, and limitations in activities of daily living
(ADLs) and/or instrumental activities of daily living (IADLs);
and (4) healthcare utilization, including number of admissions
in last one year, length of stay of the current hospital
admission, and whether, given the choice, the patient would
stay an extra day in the hospital even if their doctor told them
they were well enough to go home.

Statistical Analysis

The patient was the unit of analysis. Because of our large
sample size, we chose a split-sample design to derive and
internally validate our prediction model. We randomly selected
two thirds of patients from each site and combined them to
create a derivation cohort and subsequently combined the
remaining one third of patients from each site to create a
validation cohort34.

To assess whether the candidate patient factors were
significantly associated with hospital readmission, we fitted
separate multivariable logistic regression models for each of
the four categories of patient factors using data from the
derivation cohort. We used P<0.10 as the cutoff for assessing
significance. Only factors noted to be significantly associated
with readmission within their respective categories were
included in the final regression model. Generalized estimating
equations (GEE) were used to account for clustering by
discharging physician, and hospital site was entered as a fixed
effect in each of the models to minimize confounding35.

When constructing the final model, factors that became
non-significant at P>0.05 were removed if their presence did
not change the beta-coefficient for any other factor by more
than 20%. We derived a scoring system by multiplying each
beta coefficient by ten and rounding to the nearest integer; the
integer values from all applicable factors were then added
together to estimate a total score for each patient. We
subsequently obtained score-based predicted probabilities of
readmission by entering each patient’s risk score into a single-
predictor logistic regression model and used the output from
this model to determine score cutoffs for identifying patients
within selected readmission risk levels (0–9%, 10–19%, 20–
29%, and 30% or higher).
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We tested the performance of our model using data from the
validation cohort. We assessed goodness of fit using the The
Hosmer–Lemeshow chi-square test36 and model discrimina-
tion by measuring the C statistic, which is the area under the
receiver operating characteristic (ROC) curve37. Because
patients discharged to sub-acute or long-term care facilities
are an important patient population but might have different
predictors of readmission, we repeated our methodology in this
population. We used SAS statistical software (Version 9.1; SAS
Inc, North Carolina) to perform all analyses.

RESULTS

Patient selection is described in Fig. 1. Of 13,903 patients who
failed to complete the intake interview, 28% refused to sign
informed consent, 52% were discharged before they or their
proxies could be interviewed, 17% had been admitted during
the previous month and were not re-interviewed, and 3% died
in the hospital. The 10,946 patients selected for our analysis
were randomly assigned to a derivation cohort of 7,287
patients and a validation cohort of 3,659 patients. There were
no statistically significant differences in patient characteristics
between the two cohorts (Table 1).

Approximately 20% of patients in each cohort were older
than 75 years, over 60% were not currently married, approx-
imately one-quarter needed at least some help with their ADLs,
and half had been hospitalized at least once in the preceding
year. The mean rating for self-rated health (one month prior to
admission) was 55 (standard deviation 25), and the median
Charlson comorbidity index was 1 (inter-quartile range 0–2).

Of the 7,287 patients in the derivation cohort, 1,274 (17.5%)
were readmitted within 30 days, of which 79% could be
confirmed with administrative data from the index hospitals.
Readmission rates varied from 16.1% to 17.9% among the
different sites. Table 2 compares readmitted and non-
readmitted patients and shows the results of each of the four
sub-models used to derive the final model. The significant
predictors included sociodemographic factors (age, income,
insurance status), social support factors (marital status,
having a regular physician), markers of health (Charlson
comorbidity index, SF12 physical component score), and
healthcare utilization factors (number of admissions in last
one year, current length of stay greater than two days).

In the final model, two previously significant predictors—age
and income—lost statistical significance (Table 3). Removing
either of these predictors did not change the beta coefficients of
other predictors by more than 20%, and so both were removed
from the final model. As a consequence of removing these two,
SF12 physical component score became non-significant; how-
ever, removing this predictor caused a substantial change in
the beta coefficients of remaining predictors and it was
retained in the final model. Study site was retained as an
obligatory confounder. The odds ratio for the site with the
highest adjusted readmission rate was 1.40 (95% CI 1.09–
1.79) compared with the site with the lowest rate; no other
differences among sites were statistically significant.

Points were assigned to each predictor as described in the
Methods section, except four points were assigned for ‘3
admissions in last one year’ to allow for a monotonic function.
Using a regression model based only on the scoring system, we
were able to assign score cutoffs based on predicted readmis-

17095 patients enrolled 

Excluded 13927 patients: 
13903 Did not complete intake interview 
24 Age < 18 years

Excluded 307 patients with length of stay ≥ 30 days

16788 patients remaining 

12974 patients remaining 

Excluded 2028 patients who died within 30 days of 
discharge

Excluded 3814 patients not discharged to home

10946 patients remaining 

31022 patients screened for 
Multicenter Hospitalist Study

Figure 1. Patient selection.
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Table 1. Patient Characteristics

Characteristica Entire cohort n=10,946 Derivation cohortb n=7,287 Validation cohortb n=3,659

Readmitted, n (%) 1,912 (17.5) 1,274 (17.5) 638 (17.4)
Male sex, n (%) 4,774 (43.6) 3,167 (43.5) 1,607 (43.9)
Age group, n (%)
18–39 years 2,396 (21.9) 1,590 (21.8) 806 (22.0)
40–60 years 3,903 (35.7) 2,597 (35.6) 1,306 (35.7)
61–75 years 2,493 (22.8) 1,681 (23.1) 812 (22.2)
>75 years 2,154 (19.7) 1,419 (19.5) 735 (20.1)

Race/ethnicity (n=10,919), n (%)
White 5,009 (45.9) 3,318 (45.7) 1,691 (46.3)
Black 3,961 (36.3) 2,635 (36.3) 1,326 (36.3)
Asian 558 (5.1) 373 (5.1) 185 (5.1)
Other 638 (5.8) 432 (5.9) 206 (5.6)
Hispanic 753 (6.9) 511 (7.0) 242 (6.6)

Household income in dollars, n (%)
≤ 15,000 2,683 (24.5) 1,798 (24.7) 885 (24.2)
15,001–35,000 1,353 (12.4) 906 (12.4) 447 (12.2)
35,001–50,000 697 (6.4) 458 (6.3) 239 (6.5)
> 50,000 1,405 (12.8) 947 (13.0) 458 (12.5)
Do not know or missing 4,808 (43.9) 3,178 (43.6) 1,630 (44.6)

Education (n=10,316), n (%)
< High school 2,250 (21.8) 1,518 (22.1) 732 (21.2)
High school graduate 3,085 (29.9) 2,042 (29.7) 1043 (30.2)
Some college 2,651 (25.7) 1,772 (25.8) 879 (25.5)
≥ College graduate 2,330 (22.6) 1,534 (22.3) 796 (23.1)

Primary insurance (n=10,465), n (%)
Medicare 4,687 (44.8) 3,105 (44.5) 1,582 (45.3)
Medicaid 1,973 (18.9) 1,314 (18.8) 659 (18.9)
Self-pay 2,536 (24.2) 1,708 (24.5) 828 (23.7)
Private 1,269 (12.1) 846 (12.1) 423 (12.1)

Marital status (n=10,553), n (%)
Currently married 4,019 (38.1) 2,700 (38.4) 1,319 (37.4)
Not currently married 6,534 (61.9) 4,326 (61.6) 2,208 (62.6)

No. of people live with (n=10,165), n (%)
Alone 2,210 (21.7) 1,461 (21.7) 749 (21.9)
≥ 1 7,955 (78.3) 5,286 (78.4) 2,669 (78.1)

Someone to help (n=10,596), n (%)
Yes 9561 (90.2) 6,359 (90.1) 3,202 (90.5)
No 1,035 (9.8) 697 (9.9) 338 (9.6)

Regular physician (n=10,793), n (%)
Yes 8,659 (80.2) 5,762 (80.2) 2,897 (80.2)
No 2,134 (19.8) 1,420 (19.8) 714 (19.8)
Charlson index (n=10,630), median (IQR) 1 (0–2) 1 (0–2) 1 (0–2)
Self-rated health (n=10,146), mean (SD) 55.2 (24.9) 55.2 (25.0) 55.1 (24.9)
Physical SF12 (n=9,920), mean (SD) 38.2 (12.7) 38.3 (12.7) 37.8 (12.7)
Mental SF12 (n=9,920), mean (SD) 48.2 (11.6) 48.1 (11.6) 48.2 (11.5)
Mini-mental state (n=8,796), mean (SD) 20.3 (2.4) 20.3 (2.4) 20.3 (2.5)

Functional limitations (n=10,166), n (%)
No help required 5,328 (52.4) 3,558 (52.6) 1,770 (52.0)
Little help with IADLs only 1,428 (14.1) 972 (14.4) 456 (13.4)
Lots of help with IADLs only 903 (8.9) 596 (8.8) 307 (9.0)
Little help with ADLs 1,259 (12.4) 830 (12.3) 429 (12.6)
Lots of help with ADLs 1,248 (12.3) 805 (11.9) 443 (13.0)

Admissions in last year (n=10,772), n (%)
None 5,397 (50.1) 3,602 (50.3) 1,795 (49.8)
1 2,493 (23.1) 1628 (22.7) 865 (24.0)
2 1,178 (10.9) 782 (10.9) 396 (11.0)
3 682 (6.3) 454 (6.3) 228 (6.3)
4 360 (3.3) 240 (3.4) 120 (3.3)
≥ 5 662 (6.2) 461 (6.4) 201 (5.6)

Current length of stay, n (%)
1–2 days 4,532 (41.4) 3,010 (41.3) 1,522 (41.6)
> 2 days 6,414 (58.6) 4,277 (58.7) 2,137 (58.4)

Stay extra day (n=10,519), n (%)
Yes 3,879 (36.9) 3,920 (56.0) 1,934 (54.9)
No 5,854 (55.7) 2,571 (36.7) 1,308 (37.2)
Don’t know 786 (7.5) 508 (7.3) 278 (7.9)

Site of enrollment, n (%)
(A) 3,704 (33.8) 2,463 (33.8) 1,241 (33.9)
(B) 1,267 (11.6) 847 (11.6) 420 (11.5)
(C) 2,994 (27.4) 1,990 (27.3) 1,004 (27.4)
(D) 1,663 (15.2) 1,110 (15.2) 553 (15.1)
(E) 1,318 (12.0) 877 (12.0) 441 (12.1)

a Because of rounding, percentages may not equal 100; because of missing data, number of patients in some categories may be less than the entire cohort
(shown in parentheses)
b All P values for differences between derivation cohort and validation cohort were >0.05 using the chi-square test for categorical variables and t-test for
continuous variables
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sion rates of 0–9%, 10–19%, 20–29%, and 30% or higher
(Table 4). The 5.1% of patients with a score of 25 or higher had
30-day readmission rates of 32.6% and 28.9% in the deriva-
tion and validation sets, respectively, compared with a 30-day

readmission rate of 16.4% in patients with a score below 25
(same rate in both cohorts).

The Hosmer–Lemeshow goodness of fit test yielded P-values
of 0.44 and 0.23 for the derivation and validation cohorts,

Table 2. Association of Patient Characteristics with 30-Day Hospital Readmission in the Derivation Cohort

Category Characteristica Readmitted
n=1,274

Not readmitted
n=6,013

Odds ratio (95% CI)b P valueb

Socio-demographic factors Male sex (%) 41.8 43.8 0.94 (0.84–1.06) 0.30
Age group (%)
18–39 years 20.1 22.2 1.14 (0.89–1.46) 0.30
40–60 years 34.9 35.8 1.20 (0.96–1.50) 0.11
61–75 years 24.9 22.7 1.18 (0.98–1.41) 0.08
> 75 years 20.2 19.3 Reference

Race/ethnicity (%)
White 44.2 46.0 Reference
Black 38.8 35.7 1.11 (0.90–1.38) 0.34
Asian 4.4 5.3 0.88 (0.65–1.19) 0.41
Other 5.7 6.0 0.94 (0.70–1.27) 0.69
Hispanic 7.0 7.0 1.04 (0.78–1.39) 0.81

Income in dollars (%)
≤ 15,000 23.6 24.9 0.90 (0.70–1.17) 0.44
15,001–35,000 13.9 12.1 1.25 (0.96–1.64) 0.09
35,001–50,000 6.1 6.3 1.09 (0.81–1.48) 0.56
> 50,000 11.9 13.2 Reference
Do not know or missing 44.6 43.4 1.02 (0.80–1.29) 0.90

Education (%)
< High school 23.6 21.8 1.02 (0.84–1.25) 0.84
High school graduate 28.5 30.0 0.92 (0.75–1.12) 0.40
Some college 25.7 25.8 0.97 (0.80–1.18) 0.77
≥ College graduate 22.2 22.4 Reference

Insurance (%)
Medicare 50.7 43.2 2.22 (1.73–2.84) < 0.001
Medicaid 20.2 18.6 1.94 (1.50–2.51) < 0.001
Self-pay 21.2 25.2 1.53 (1.16–2.02) 0.003
Private 7.9 13.0 Reference

Social support Marital status (%)
Currently married 41.8 37.7 1.19 (1.04–1.36) 0.01
Not currently married 58.2 62.3 Reference

No. of people live with (%)
Alone 21.0 21.8 1.04 (0.88–1.23) 0.65
≥ 1 79.0 78.2 Reference

Someone to help (%)
Yes 91.4 89.9 1.15 (0.92–1.44) 0.22
No 8.6 10.2 Reference

Regular physician (%)
Yes 84.0 79.4 1.44 (1.19–1.75) < 0.001
No 16.0 20.6 Reference

Health condition Charlson index, median (IQR) 1 (0–2) 1 (0–2) 1.13 (1.08–1.19) (per 1 unit change) < 0.001
Self-rated health, mean (SD) 52.0 (24.9) 55.8 (24.9) 0.98 (0.95–1.02) (per 10 unit change) 0.31
Physical SF12, mean (SD) 35.9 (12.4) 38.8 (12.7) 0.90 (0.83–0.98) (per 10 unit change) 0.01
Mental SF12, mean (SD) 47.2 (12.0) 48.3 (11.5) 0.97 (0.90–1.04) (per 10 unit change) 0.35
Mini mental state, mean (SD) 20.2 (2.5) 20.3 (2.3) 0.85 (0.64–1.12) (per 10 unit change) 0.25
Functional limitations (%)
No help required 44.2 54.4 Reference
Little help with IADLs only 14.7 14.3 0.99 (0.77–1.26) 0.91
Lots of help with IADLs only 10.4 8.5 1.16 (0.85–1.59) 0.34
Little help with ADLs 14.7 11.8 1.22 (0.91–1.64) 0.18
Lots of help with ADLs 16.0 11.0 1.20 (0.88–1.64) 0.24

Healthcare utilization Admissions in last year (%)
None 38.1 52.8 Reference
1 25.3 22.2 1.61 (1.36–1.89) < 0.001
2 12.9 10.5 1.71 (1.39–2.10) < 0.001
3 6.6 6.3 1.47 (1.13–1.92) 0.005
4 5.4 2.9 2.57 (1.89–3.51) < 0.001
≥ 5 11.8 5.3 3.02 (2.49–3.66) < 0.001

Current length of stay (%)
1–2 days 33.8 42.9 Reference
> 2 days 66.3 57.1 1.42 (1.25–1.60) < 0.001

Stay extra day (%)
Yes 53.7 56.5 1.03 (0.89–1.19) 0.69
No 39.2 36.2 Reference
Don’t know 7.2 7.3 0.96 (0.75–1.22) 0.71

a Because of rounding, percentages may not equal 100.
b Odds ratios and P values were derived from separate multivariable logistic regression models for each category; generalized estimating equations were
used to account for clustering by discharging physician and hospital site was entered as a fixed effect in each model.
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respectively, indicating good model fit. Discrimination of the
model was only fair: the area under the ROC curve (AUC) was
0.65 in the derivation cohort and 0.61 in the validation cohort
(Fig. 2).

In a similar analysis in patients discharged to sub-acute or
long-term care facilities, the only significant predictors of
readmission were the number of hospital admissions in the
preceding year and patient age (results not shown). The effects
of Charlson comorbidity index and SF12 physical component
score on readmission were of a similar magnitude as with
patients discharged home but were not significant predictors
due to wider confidence intervals. Hospital length of stay,
marital status, presence of a PCP, and insurance status were
much less predictive of readmission.

DISCUSSION

Using data from the MCH Study, we were able to identify key
patient-level predictors of early hospital readmission and
derive and internally validate a parsimonious and easy-to-use
model for assessing readmission risk in general medicine
patients hospitalized for a variety of medical conditions and
discharged home. Using seven easily available predictors, our
model was able to identify 5% of patients with an approx-
imately 30% risk of readmission within 30 days of discharge.
Although the discriminative ability of our model is only fair, it
still provides a useful and easily applicable tool for identifying

high-risk patients who may require more intensive use of
hospital resources designed to reduce readmission rates.

Several patient-level factors identified as significant predic-
tors were known from the published literature, such as the
number of hospital admissions in the preceding year and the
Charlson comorbidity index16–26. It was somewhat surprising
that marital status and having a regular physician were both
positively associated with readmission risk. It is possible that the
presence of social supports, such as a spouse, allows some frail
patients to be discharged home who would otherwise be trans-
ferred to a subacute care facility (of note, when our model was
applied to patients discharged to facilities, being married was a
negligible predictor of readmission). Similarly, having a regular
physician may be a marker of illness severity not captured by
other predictors in ourmodel. Another possibility is that having a
spouse or regular physician may lead to earlier detection of
clinical deterioration and/or a lower threshold for readmission,
although the lack of a significant association between having help
at home or living with someone and early readmission appears to
argue against this. Nevertheless, these explanations do not
diminish the usefulness of these factors as predictors in our
model. Future studies should validate these findings and com-
pare model discrimination with and without these social factors.

Age is one predictor that has been noted to have a
significant association with readmission risk in several studies
but was non-significant in our final model. However, Medicare
as primary insurance was a significant predictor in our final
model and this variable incorporates age, which may partly
explain these findings. Also, other predictive factors more

Table 3. Final Logistic Regression Model of Predictors of 30-Day Hospital Readmissiona

Variable Beta coefficient Odds ratio (95% CI) P value Pointsb

Insurance
Medicare 0.549 1.73 (1.37–2.19) < 0.001 5
Medicaid 0.419 1.52 (1.14–2.03) 0.004 4
Self-pay 0.435 1.55 (1.15–2.07) 0.004 4
Private Reference Reference 0

Currently married 0.216 1.24 (1.09–1.41) 0.001 2
Have a regular physician 0.288 1.33 (1.09–1.64) 0.006 3
Charlson index 0.090 1.09 (1.05–1.14) < 0.001 1/unit
Physical SF12 −0.007 0.99 (0.99–1.00) 0.01 −1/10 units
Admissions in last one year
None Reference Reference 0
1 0.452 1.57 (1.31–1.88) < 0.001 4
2 0.489 1.63 (1.31–2.03) < 0.001 4
3 0.157 1.17 (0.87–1.56) 0.29 4
4 0.858 2.36 (1.65–3.36) < 0.001 9
≥ 5 1.077 2.94 (2.36–3.66) < 0.001 11

Current length of stay >2 days 0.301 1.35 (1.18–1.54) < 0.001 3

a Generalized estimating equations were used to account for clustering by discharging physician and hospital site was retained as a fixed effect in the
model
b Calculated by multiplying beta coefficient by 10 and rounding to the nearest integer (with exception for “Admissions in last one year”)

Table 4. Comparison of Score Predicted and Observed Readmission Rates

Score range

0 to 6 7 to 17 18 to 24 ≥ 25

% Patients in score rangea 3.7 69.0 22.3 5.1
Predicted % readmission rate 0–9% 10–19% 20–29% ≥ 30%
Observed % readmitted in derivation cohort 9.8 14.6 23.0 32.6
Observed % readmitted in validation cohort 5.9 15.3 21.2 28.9

aBecause of rounding, percentages may not equal 100.
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commonly found in the elderly may already have been
captured in our model, including Charlson comorbidity index
and hospitalizations during the preceding one year.

In a supplementary analysis of patients discharged to sub-
acute and long-term care facilities, we found that sociodemo-
graphic and social support variables were much less predictive
of readmission. This may be because these factors mediate
readmission through access to care and performance of self-
care activities, and these factors are much less important
when access to care is essentially continuous.

The performance characteristics of our model are only fair.
However, they are comparable to the discriminative ability of
other commonly cited readmission risk prediction models. Our
AUC of 0.61 in the validation cohort is identical to the AUC of
the Pra (probability of repeated admission) model21,38. Similar
to our model, the Pra model was able to identify a small group
(7.2%) of patients at high risk of readmission (41.8% with two
or more admissions over 4 years). The one well-known model
with a high AUC (0.83) included 20 variables with eight
interaction terms, raising the possibility that it was overfit for
the population used to derive it and limiting its usefulness as a
practical clinical tool26. Two other high performing but simi-
larly complicated models with AUC ranging from 0.68 to 0.75
were derived from the United Kingdom’s National Health
Service database and are not usable in the U.S. due to their
reliance on data from national electronic medical records24,25.

Why is it that so few statistical models derived to date are
capable of reliably predicting readmission risk in a diverse
population of medical inpatients? There are several possibili-
ties. First, several important and previously unknown pre-
dictors may be missing from existing models. For example, we
now know that adverse drug events (ADEs) are an important
patient safety problem following hospital discharge, and exist-
ing models—including the one derived for this study—do not
include many of the recently identified predictors of
post-discharge ADEs (such as the number and classes of
preadmission medications and patients’ knowledge of their
medications)39,40. Second, generic markers of illness severity
may be less predictive when evaluating populations with
diverse medical conditions in contrast to disease-specific
markers such as those for congestive heart failure12–14. Third,
it is plausible that readmission risk has a weaker correlation
with patients’ clinical characteristics and social circumstances
than it does with the processes of care during hospitalization
and discharge and with post-discharge care41. That adjusted
readmission rate varied by site is one piece of evidence in favor
of this hypothesis. Thus, rather than identifying a single group
of patients at high risk of readmission and focusing interven-
tions on them, it may be more efficient to ensure that all
patients receive a standardized set of discharge processes11.
Alternatively, it may be worth identifying different types of
high-risk patients and customizing interventions accordingly
(e.g., a focused pharmacist intervention for patients at high
risk for ADEs; close follow-up for patients with certain high-
risk medical conditions).

Our study has several limitations. Although it was con-
ducted at six academic medical centers in different states and
included detailed information on a sizeable and diverse patient
population, caution should be exercised in generalizing its
findings to small, rural, and/or community hospitals. A
sizeable proportion of screened patients could not be included
in our study, further limiting generalizability; analyzing read-
missions in this population, especially in patients who were
discharged before they could be interviewed, may yield addi-
tional insights into the reasons behind early hospital readmis-
sion in patients with short lengths of stay. Furthermore, we
excluded patients who died within 30 days of discharge
because predictors of death may be somewhat different than
predictors of readmission. Since we did not adjudicate whether
each readmission was elective versus unplanned, we could not
exclude purely elective readmissions; however, based on our
collective experience we would expect the rate of elective

Figure 2. Comparison of the receiver operating characteristic
(ROC) curves for the derivation and validation cohorts. A. ROC
curve for derivation cohort. B. ROC curve for validation cohort.
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readmissions on general medicine services to be low. Lastly, we
were unable to confirm readmissions to non-study hospitals, and
patients are known to underreport hospital readmissions 42.
However, the short time-frame (only 30 days) for measuring
readmissions and use of administrative data to confirm read-
missions to study hospitals minimizes the potential impact of
recall bias.

In summary, a prediction model derived and internally
validated in a large multi-center cohort of general medicine
inpatients successfully identified a small proportion of patients
at elevated risk of hospital readmission within 30 days of home
discharge. While interventions could be designed and tested on
this population, more work is needed to identify additional
factors that impact post-discharge health outcomes, optimize
the discharge process for all patients, and create interventions
tailored to patients’ needs in order to prevent potentially
avoidable readmissions.
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