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Conclusion: We propose a 10-item predictive model to flag high-risk patients in a di-

verse population before discharge using readily available hospital administrative data

which can easily be integrated into the hospital information system.

1 | INTRODUCTION

Unplanned hospital readmissions are widely reported across the
world and highly associated with adverse patient outcomes. A
systematic review estimated around a quarter (range 5.0%-78.9%)
of readmissions to medical, surgical, and geriatric services as po-
tentially avoidable.! Readmissions in Australia contribute to more
than 600 000 potentially avoidable hospitalisations each year.? In
the United States, potentially avoidable 30-days readmissions cost
Medicare more than US$17 billion annually.® Several attempts have
been made to quantify the risk of unplanned readmission in specific
patient populations including disease-specific, age-specific, and
intensive care unit (ICU) patients.*® Consideration of non-specific
care deficits including poor care transitions and comorbidity that
contribute to readmissions has often been ignored.

Predictive models using data from the entire adult population such
as the LACE+ (length of stay, acuity of admission, comorbidity, ED
visits in the 6 months before admission, age, sex, teaching status of
discharge hospital, number of urgent and elective admissions in previ-
ous year, case-mix group score, and number of days on the alternative
level of care status) index” developed in Canada and the HOSPITAL
(haemoglobin at discharge, discharge from an oncology service, so-
dium level at discharge, procedure during index admission, type of
index admission, frequency of admission in past 12 months, and length
of stay) score® in the United States performed fairly (C-statistic 0.77
and 0.72, respectively) in discriminating between high and low-risk pa-
tients when validated internally and externally. However, the LACE+
index was validated only internally and was reported to be suitable
for the local population. Besides, case-mix group score and alternative
level of care information are not available in many hospital databases.
The HOSPITAL score, because of the requirement of variables reflect-
ing discharge health conditions, does not allow the opportunity to in-
tervene during the hospital stay. In addition, clinical and laboratory
variables are not always available in hospital administrative databases
which limit the application of this score to other health systems.

The aim of this study was to develop a predictive model of all-cause
unplanned readmission within 30 days of discharge in a multi-centre pa-
tient population, using administrative data available before discharge.

2 | MATERIALS AND METHODS
2.1 | Retrospective cohort data

We sourced de-identified data from three metropolitan tertiary hos-
pitals in Melbourne, Victoria, Australia, including Melbourne Health
(MH), Northern Health (NH) and Austin Health (AH). All adult admis-
sions between July 01, 2015, and July 31, 2016, were extracted from

What's known

e Risk assessment of unplanned readmission in general
medicine patients remains a major challenge because of
the unavailability of detail clinical and pathological data

required by the available risk prediction tools.

What's new

e Diagnostic details have not been shown to predict un-
planned readmission any better than the simplified
model with variables reflecting socio-demographic sta-
tus, index admission and prior hospital utilisation.

e The simplified model constructed using large multi-
centre data is generalisable and easy to use in the

Australian clinical setting.

the administrative database of MH and NH and from the electronic
medical record of AH. Planned admissions to sub-acute units (tran-
sition care programme, rehabilitation, and geriatric evaluation and
management) following discharge from acute care on the same day,
psychiatric admissions, in-hospital deaths, and dialysis and oncology
follow-up visits were excluded from the analyses (Figure 1) to avoid
the overestimation of unplanned readmission rate. Patients who had
multiple admissions, the first admission during our study period was
considered as index admission and only the first readmission within

30 days after index discharge was counted.

2.2 | Study variables

Factors representing the socio-demographic characteristics of patients
(age, sex, country of birth other than Australia, interpreter required
flag, preferred language, indigenous status); lifestyle risk factor (history
of alcohol use); and social support (marital status and family doctor)
were considered as candidate variables which were identified through
a systematic literature review of potential risk factors of unplanned re-
admission. A variable, “not fluent in English,” was generated combining
interpreter required flag and preferred language variables to indicate
patient's fluency in English. Patients who required an interpreter and
preferred a language other than English were classified as “not fluent
in English.” Variables characterising index hospitalisation (unplanned
admission, season of hospital admission, length of stay, primary and
secondary diagnoses, hours spent in ICU, separation ward different
from admission ward, and day of discharge) were also included. The
Charlson Comorbidity Index (CCI) for the index hospitalisation was cal-

culated using the primary and secondary International Classification
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FIGURE 1 Flow diagram showing number of included, excluded and readmitted patients along with missing data. “In Austin Health, of
the 64 734 adult discharges between January 01, 2016 and December 31, 2016, 38 145 admissions took place during the study period
comprising of 25 423 patients. TTCP: Transition Care Programme; REHAB: Rehabilitation; GEM: Geriatric Evaluation and Management

of Diseases, Tenth Revision, Australian Modification (ICD-10-AM) di-
agnosis codes listed for each patient following Quan et al.” The pri-
mary diagnosis of each patient was also classified according to the 21
chapters of ICD-10-AM.*® Dummy variables were generated for each
day of discharge and admission season. Another dummy variable was
generated to flag if the separation ward was different from the admis-
sion ward for the index discharge. Discharges on public holidays were
identified and represented using a dummy variable. The number of in-

patient admissions and ED presentations in the previous 12 months

was categorised and included in the analyses to reflect the patients’

prior hospital utilisation.

2.3 | Model development

The outcome variable was the first unplanned readmission within
30 days after the index discharge which was compared against all

other index discharges comprising of those not followed by any
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readmission and those followed by readmission but after 30 days.
Re-hospitalisation in the same hospital occurring through the ED for
any cause was considered unplanned readmission. A 30-day time
frame was chosen for a higher likelihood of readmissions that are
related to the index admission and likely to be avoidable.'*

Data from all three hospitals were combined and randomly di-
vided into two cohorts; a derivation cohort comprising 70% of the
data was used for model development and a validation cohort with
the remaining 30% data was used for internal model validation.

A mixed-effect multivariable logistic regression model was de-
veloped using variables that were significant at 5% level of signifi-
cance at the univariate level (univariate logistic regression). Random
effects for each hospital were introduced to account for the cor-
relation of patients within the hospitals. Four different models were
generated: (1) Model 1 included socio-demographic, social support,
index admission, and prior hospital utilisation variables (2) Model 2:
model 1 with CCl score at index hospitalisation (3) Model 3: model 1
with individual CCl components instead of CCl score at index hospi-
talisation and (4) Model 4: model 1 with principal diagnosis at index
hospitalisation categorised into ICD-10-AM chapters. The model
with the minimum Akaike Information Criterion (AIC) value was se-
lected as the favoured model. Predicted probability of a 30-day un-
planned readmission was calculated for each patient using the final

predictive model.

2.4 | Model validation

Predictive performance of the final model was evaluated using the
validation cohort. The discriminatory power of the model was as-
sessed using the area under the receiver operating characteristic
(ROC) curve (also referred to as C-statistic) which was constructed
using the predicted probabilities of the final model. Higher area under
the ROC curve provides evidence for better predictive performance.

Model calibration was assessed using Hosmer-Lemeshow test
showing the ability of the model to generate probabilities that match
the observed rates of 30-days unplanned readmission.

2.5 | Risk score calculation

A regression coefficient-based risk score was then generated using
a multivariable logistic regression model of variables with P value <
.05 in the final model.®! The age of the patient (18-75, 76-80, 81-
85, 86-90, and 291 years) and the index length of stay (1, 2-3, 4-59,
and 260 days) were categorised for risk score development following
the univariate odds ratio (OR) associated with each value of the cor-
responding continuous variables. Categorisation was performed to
assess the risk of readmission in clinically meaningful categories. All
analyses were performed using Stata 14 (StataCorp, College Station,

Texas).

3 | RESULTS

During the study period, there were 205 799 admissions com-
prising 102 601 adult patients. Forty-four thousand six hundred
and nine admissions were excluded following the exclusion crite-
ria (Figure 1). Of the 161 190 admissions that remained including
multiple readmissions, 99 470 index admissions were considered
in the analyses. A total of 5796 (5.8%) index admissions were fol-
lowed by unplanned readmission within the first 30 days after
discharge.

Patients who were readmitted within 30 days were older (me-
dian age 64 vs 54 years), more likely to be male (51.6% vs 48.3%),
had higher emergency admissions (77.7% vs 56.0%), had a higher CCI
score (58.0% vs 73.7% with O point), and had higher frequency of
admissions (20.2% admitted more than once vs 10.2%) and ED pre-
sentations (21.9% presented more than once vs 8.6%) in 12 months
prior to the index hospitalisation, compared with the reference

group (Table 1).

3.1 | Prediction models

The derivation cohort was consisted of 69 629 admissions, of which
4026 (5.8%) were followed by an unplanned 30-days readmission.
The validation cohort included 29 841 admissions with an unplanned
30-days readmission rate of 5.9%.

Covariates of the multivariable regression model included socio-
demographic factors (age, sex, country of birth other than Australia,
not fluent in English, and indigenous status); social support factors
(marital status and family doctor); factors relating to index hospital-
isation (unplanned admission, length of stay, ICU hours more than
one, CCl score, components of CCl except cerebrovascular disease,
rheumatoid disease, and peptic ulcer disease, ICD-10-AM chapters
of principal diagnosis except chapter 2, 3, 8, 11, 12, 13, and 17, sep-
aration ward different from admission ward, and day of discharge-
Tuesday and Saturday), and prior hospital utilisation (number of
inpatient admissions and number of ED presentations). Parameter
estimates and predictive performances of the four models are sum-
marised in Table 2. Overall, discrimination (C-statistic 0.70) is similar
across all four models. However, model 3 with individual CCl compo-
nents has the smallest AIC, although not substantially different from
model 4 with the principal diagnosis categorised into ICD-10-AM
chapters. Considering clinical applicability, model 3 was preferred
over model 4. In addition, model 1 with socio-demographic, social
support, index admission, and prior hospital utilisation variables
was also considered as a candidate model considering the relatively
fewer number of variables required to predict unplanned readmis-
sion within 30 days.

The Hosmer-Lemeshow goodness of fit statistic for model 1 and
model 3 was 15.73 (P = .05) and 13.93 (P = .08) in the validation

cohort, respectively.
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TABLE 1 Patient characteristics in the entire dataset

Characteristics

Socio-demographic factors
Age, year, median (Quartiles)
Male, n (%)
Country of birth other than Australia, n (%)
Not fluent in English, n (%)
Indigenous?, n (%)
Lifestyle risk factor
History of alcohol use®, n (%)
Social support factors
Divorced/Separated/Widowed/Single, n (%)
Has a family doctor (GP), n (%)
Factors relating to index hospitalisation
Unplanned admission, n (%)
Season of admission, n (%)

Summer

Autumn

Winter

Spring
Length of stay, median (Quartiles)
Admitted at ICU, n (%)
Hours spent in ICU >1, n (%)

Separation ward different from admission ward, n (%)

Day of discharge, n (%)
Monday
Tuesday
Wednesday
Thursday
Friday
Saturday
Sunday
Discharged on holidays, n (%)

Prior hospital utilisation

No. of prior admissions (emergency & non-emergency), n (%)

0
1
More than 1
No. of prior ED presentations, n (%)
0
1
More than 1
Diagnostic details
CCl score at index hospitalisation®, n (%)

0

CLINICAL PRACTIC

of 12
- WILEY- 292

Unplanned readmission within 30 days

Yes No

n=>5796 n=93674

64 (43-78) 54 (36-71)
2993 (51.64) 45280 (48.34)
2688 (46.51) 39 577 (42.46)
825(14.30) 9975 (10.70)
65(1.13) 776 (0.85)

96 (1.66) 1079 (1.15)

2632 (45.88)
5727 (98.81)

4504 (77.71)

1009 (17.41)
1286 (22.19)
1787 (30.83)
1714 (29.57)
1.5 (1-5)
1762 (30.40)
284 (6.57)
1895 (32.69)

846 (14.60)
913 (15.75)
961 (16.58)
974 (16.80)
1011 (17.44)
626 (10.80)
465 (8.02)
155 (2.67)

3740 (64.71)
871 (15.07)
1169 (20.22)

3147 (54.45)

1369 (23.69)
1264 (21.87)

3351 (57.96)

39 014 (42.42)
91260 (97.42)

52 483 (56.03)

16 251 (17.35)
25 366 (27.08)
28201 (30.11)
23856 (25.47)
1(1-2)

23585 (25.18)
2638 (3.63)
26 025 (27.78)

14 446 (15.43)
15748 (16.82)
16 082 (17.18)
15882 (16.96)
15 693 (16.76)
8971 (9.58)
6805 (7.27)
1908 (2.04)

72 610 (77.61)
11 445 (12.23)
9503 (10.16)

69 116 (73.88)
16 410 (17.54)
8032 (8.59)

67 968 (73.73)

(Continues)



60of 12 «0[9» THE INTERNATIONAL JOURNAL OF SHARMIN ET AL.
WILEY—CLINICAL PRACTICE

TABLE 1 (Continued)

Unplanned readmission within 30 days

Yes No

Characteristics n=5796 n=93 674

1 892 (15.43) 10 615 (11.52)

2 609 (10.53) 7023 (7.62)

3 350 (6.05) 2480 (2.69)

4 181(3.13) 1364 (1.48)

5 113 (1.95) 699 (0.76)

6 54(0.93) 404 (0.44)

7 21(0.36) 106 (0.11)

8 155 (2.68) 1190 (1.29)

9 27(0.47) 193(0.21)

10 17 (0.29) 78(0.08)

11 6(0.10) 39 (0.04)

12 1(0.02) 17 (0.02)

13 3(0.05) 6(0.01)

14 2(0.03) 0(0.00)

15 0(0.00) 2(0.00)
Primary diagnosis at index hospitalisation, n (%)

Chapter 1-Infectious & parasitic 205 (3.55) 2632 (2.86)

Chapter 2-Neoplasms 372 (6.43) 5846 (6.34)

Chapter 3-Blood & immune mechanism 94 (1.63) 1932 (2.10)

Chapter 4-Endocrine, nutritional & metabolic 165 (2.85) 1937 (2.10)

Chapter 5-Mental & behavioural disorders 127 (2.20) 1307 (1.42)

Chapter 6-Nervous system 199 (3.44) 4216 (4.57)

Chapter 7-Eye & adnexa 22 (0.38) 1194 (1.30)

Chapter 8-Ear & mastoid process 25(0.43) 605 (0.66)

Chapter 9-Circulatory system 795 (13.75) 9315 (10.10)

Chapter 10-Respiratory 471 (8.15) 5089 (5.52)

Chapter 11-Digestive 652 (11.28) 10 646 (11.55)

Chapter 12-Skin & subcutaneous tissue 133 (2.30) 2206 (2.39)

Chapter 13-Musculoskeletal system & connective tissue 314 (5.43) 5247 (5.69)

Chapter 14-Genitourinary system 484 (8.37) 5406 (5.86)

Chapter 15-Pregnancy, childbirth & puerperium 123(2.13) 3949 (4.28)

Chapter 16-Perinatal period 0(0) 0(0)

Chapter 17-Congenital malformations, deformations & chromosomal 12(0.21) 246 (0.27)

abnormalities

Chapter 18-Abnormal clinical & laboratory findings 765 (13.23) 12 813 (13.90)

Chapter 19-Injury, poisoning & external causes 715(12.37) 13460 (14.60)

Chapter 20-External causes of morbidity & mortality 0(0) 0(0)

Chapter 21-Health status & health services 109 (1.89) 4137 (4.49)

Abbreviations: CCI, Charlson Comorbidity Index; ED, emergency department; ICU, intensive care unit.

?Indigenous refers to either aboriginal patients or Torres Strait Islander or Both.

PHistory of alcohol use was ICD-10-AM coded.

¢Charlson Comorbidity Index score was calculated using 1 point for myocardial infarction, congestive heart failure, peripheral vascular disease,
cerebrovascular disease, dementia, chronic pulmonary disease, rheumatic disease, peptic ulcer disease, mild liver disease, and diabetes without
chronic complication; 2 points for diabetes with chronic complication, hemiplegia or paraplegia, renal disease, and any malignancy; 3 points for
moderate or severe liver disease; 6 points for metastatic solid tumor and AIDS/HIV.
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3.2 | Riskscore

A total risk score for each of the patients was generated separately
for the two models (models 1 and 3). Covariates included from
model 1 were: age (categorical), sex, English fluency, indigenous
status, family doctor, unplanned admission, length of stay (categor-
ical), ICU hours more than one, number of prior inpatient admis-
sions and ED presentations. From model 3, covariates included in
risk score calculation were: age (categorical), sex, English fluency,
indigenous status, family doctor, unplanned admission, ICU hours
more than one, separation ward different from admission ward,
congestive heart failure, mild liver disease, diabetes (complicated),
renal disease, cancer, and metastatic cancer, and number of prior
inpatient admissions and ED presentations. The risk score ranged
from O to 35 and O to 57 in model 1 and model 3, respectively.
In model 1, at a risk score threshold of 16 (C-statistic 0.641; 95%
Cl [0.629, 0.652]), the model correctly identified 65.2% of patients
who were readmitted and 62.9% of patients who were not readmit-
ted in the validation cohort (Table 3). In model 3, the optimal sensi-
tivity (63.3%) and specificity (64.6%) were obtained at a risk score
threshold of 20 (C-statistic 0.640; 95% Cl [0.628, 0.651]) (Table 3).

A comparative assessment of sensitivity and specificity at differ-
ent thresholds of risk score and predicted probability of model 1 and

model 3 is shown in Figure 2.

4 | DISCUSSION

In this study, we developed and internally validated a 10-item pre-
dictive model using administrative/electronic medical record data of
99 470 index admissions from adults of all ages. The model identified
patients at highest risk of unplanned readmission before discharge,
which would allow an efficient and resource-intensive care planning
for patients with greatest needs. The predictive model was gener-
ated based on the demographics, clinical characteristics and use of
hospital services before and during hospital stay of patients admit-
ted to three large hospitals. The patients had a wide range of clinical

and socio-demographic background resulting in a high likelihood of
the model being applicable in other hospitals. All variables used to
calculate the risk of unplanned readmission were readily available in
the electronic medical record ensuring easy integration of the pre-
dictive model into the hospital information system.

The rate of 30-days unplanned readmission was 5.8% which is
similar to the previously known rate of 6.2% calculated for the pub-
lic and private hospitals of Victoria, Australia.*? It is important to
note that in our analyses, only the first readmission within 30 days
after index discharge was considered for patients with multiple ad-
missions. Unplanned index admissions, as expected and reported
in previous studies, were associated with a high risk of unplanned
30-days readmission followed by the prior hospital utilisations.®*%13
These factors reflect iliness severity and presumably the presence of
chronic conditions or comorbidity which lead to more frequent and
unplanned presentations at the hospitals. Longer index stay®!%!3
and hours spent in ICU also represent the severity of illness and
thereby higher risk of unplanned readmission.

Patients who were discharged from a ward different from where
they were admitted to, were at higher risk of unplanned readmission
compared with those discharged from the same ward. This presum-
ably indicates the lack of stability in a patient's condition along with
a poor care transition. No previous studies, to our knowledge, con-
sidered this as predictive of unplanned readmission.

Older age was found to be associated with a higher risk of un-
planned readmission. This contrasts with some previous studies
which reported no influence of age on readmission.®*® A potential
explanation could be that age was modelled as a continuous vari-
able in our study whereas it was categorised in previous studies.
However, studies amongst heart failure patients have reported age
as a risk factor of 30-days readmission or death.**>

Males were found to be at higher risk of readmission compared
with female adult patients. However, in the literature, both sexes
have been found to be at high- risk of readmission.'**” Interestingly,
being born in countries other than Australia did not increase the risk,
but lack of fluency in English was identified as a risk factor of un-

planned readmission.

TABLE 3 Sensitivity, specificity and C-statistic at different thresholds of predicted probability and risk score derived from model 1 and

model 3 in validation dataset

Model 1

Model 3

Socio-demographic + social support + index admission + prior

hospital utilisation variables

Model 1 + CCl components

Threshold  Sensitivity Specificity  C-statistic (95% Cl)  Threshold  Sensitivity = Specificity = C-statistic (95% Cl)
Predicted 0.06 64.36% 64.09% 0.64(0.63,0.65) 0.06 63.92% 63.82% 0.64(0.63,0.65)
probability ¢ o5 80.33% 45.58% 0.63(0.62,0.64) 005 80.07% 46.23% 0.63(0.62, 0.64)
0.08 43.41% 80.21% 0.62(0.61, 0.63) 0.08 45.79% 80.04% 0.63(0.62,0.64)
Overall 0.69 (0.68, 0.71) Overall 0.70 (0.68, 0.71)
Risk score 16 65.20% 62.94% 0.64 (0.63, 0.65) 20 63.33% 64.56% 0.64 (0.63, 0.65)
14 78.19% 48.33% 0.63(0.62, 0.64) 17 85.54% 39.43% 0.63(0.62,0.63)
19 46.10% 78.52% 0.62(0.61, 0.64) 24 42.00% 82.00% 0.62 (0.61, 0.63)
Overall 0.69 (0.69,0.70) Overall 0.70(0.68,0.71)
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FIGURE 2 Sensitivity and specificity for each value of predicted probability and risk score derived from model 1 (a) and model 3 (b) in

validation dataset

Aboriginal and Torres Strait Islanders (TSI) when compared with
non-indigenous patients were more likely to get readmitted within
30 days of discharge. This is particularly relevant considering the
poorer health outcomes of indigenous population at the national level.”
This finding is consistent with an earlier study reporting higher relative
risk of unplanned readmission in aboriginal patients compared with
non-aboriginals in public hospitals of New South Wales, Australia.*®

Patients without a spouse were found to be at a higher risk, pre-
sumably because of the risk of living alone and is consistent with an
existing readmission prediction model in general medicine patients
aged 18 years and older.®®

Surprisingly, having a family doctor was associated with a higher
risk of readmission through ED. This may reflect the group of pa-
tients with chronic conditions who are likely to have a regular GP.
This finding had been reported previously amongst adult patients in
general medicine with an explanation that having a regular physician
allows for the earlier detection of clinical deterioration, which then
leads to unplanned readmission.*®

Many of the existing readmission risk prediction models lack
validation and generalisation with poor discriminative ability, com-
plex model structure, and inability to predict readmission before
hospital discharge.* The hospital score, which is one of the most
studied scores, may not be generalisable for surgical patients and
the requirement of laboratory values at discharge also reduces the
applicability of this model.®Y” Another widely cited readmission
prediction tool is the LACE+ index” which requires data of case-mix

group score and alternative level of care that are not available in

many Australian databases. Furthermore, the predictive tool was
discriminative in the original Canadian adult patient population, but,
its generalisability has not been tested externally. A recent study
proposed a 24-item predictive model which requires information
on hospital-acquired Clostridium difficile infection, vital sign insta-
bility on discharge, and hyponatremia on discharge which are not
available in many databases.? Besides, the model when compared
with the hospital score did not perform any better in discriminating
between high and low-risk patients (C statistic 0.69 vs 0.77).
Unlike existing electronic risk scores, the clinically simpli-
fied model, we propose here utilises variables reflecting socio-
demographic, index admission, and prior hospital utilisation that are
readily available before discharge and is as discriminative as complex
models. We have shown that the inclusion of detailed diagnostic in-
formation including CCl score, components of CCl, and categories of
primary diagnosis at index admission do not substantially improve
the prediction of 30-days unplanned readmission. The comparable
performance of the risk score and predicted probability-based pre-
diction suggests that an additional step of developing a risk score
is not required. An automated system of calculating the predicted
probability of readmission from the predictive model could easily be
implemented in clinical settings with greater efficiency. This will en-
able clinicians to identify high-risk patients with the opportunity to
provide better pre-discharge care. However, before this model can
be implemented, external validation in a different geographical loca-
tion is necessary to confirm the generalisability of the model. Future

work will be benefitted from linking hospitals to track readmissions



@8 THE INTERNATIONAL JOURNAL OF

SHARMIN ET AL.

12 of 12
—I—Wl LEY—CLINICAL PRACTICE

to different hospitals since this study considered readmissions to
the same hospital as discharged from and potentially excluded read-
missions to alternative hospitals. Furthermore, the identification of
patients at risk of unplanned readmissions should be followed by in-

terventions to eventually reduce preventable hospital utilisation.?>??

ACKNOWLEDGEMENTS

This work was supported by the Australian Government National
Health and Medical Research Council (grant number APP1133163).
The funder was not involved in the design of the study; collection,
management, analysis, and interpretation of the data; preparation,
review, or approval of this manuscript; or decision to submit the
manuscript for publication. We acknowledge Jenni Smith (General
Manager, Research, Education and Partnerships Ambulatory
Services), Adam King (Director, Decision Support), and Leanne
Stojcevski from Northern Health; Liz Singleton (Director, Business
Intelligence Unit) and Magda Giagias (Senior Data Analyst, Business
Intelligence Unit) from The Royal Melbourne Hospital; and Ray
Robbins (Senior Data Analyst) from Austin Health for their help on
data extraction from the hospital databases.

DISCLOSURES

The authors report no conflict of interest.

ETHICS APPROVAL
This study was approved by the Melbourne Health Human Research
Ethics Committee at the Royal Melbourne Hospital (QA2017038).

DATA AVAILABILITY STATEMENT

The data that support the findings of this study are available on re-
quest from the corresponding author. The data are not publicly avail-
able because of ethical restrictions.

ORCID
Johannes J. Meij
Andrea B. Maier

https://orcid.org/0000-0001-8738-901X
https://orcid.org/0000-0001-7206-1724

REFERENCES

1. Van Walraven C, Bennett C, Jennings A, Austin PC, Forster AJ.
Proportion of hospital readmissions deemed avoidable: a system-
atic review. Can Med Assoc J. 2011;183:E391-E402.

2. Hamar GB, Coberley C, Pope JE, et al. Effect of post-hospital dis-
charge telephonic intervention on hospital readmissions in a privately
insured population in Australia. Aust Health Rev. 2018;42:241-247.

3. Jencks SF, Williams MV, Coleman EA. Rehospitalizations among
patients in the Medicare fee-for-service program. N Engl J Med.
2009;360:1418-1428.

4. Kansagara D, Englander H, Salanitro A, et al. Risk prediction
models for hospital readmission: a systematic review. JAMA.
2011;306:1688-1698.

5. Campbell AJ, Cook JA, Adey G, Cuthbertson BH. Predicting death
and readmission after intensive care discharge. Br J Anaesth.
2008;100:656-662.

6. Rosenberg AL, Watts C. Patients readmitted to ICUs: a systematic
review of risk factors and outcomes. Chest. 2000;118:492-502.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Australian Institute of Health and Welfare. The Health and Welfare
of Australia’s Aboriginal and Torres Strait Islander Peoples. Canberra:
AIHW2015; 2015.

Donzé J, Aujesky D, Williams D, Schnipper JL. Potentially avoid-
able 30-day hospital readmissions in medical patients: der-
ivation and validation of a prediction model. JAMA Intern Med.
2013;173:632-638.

Quan H, Sundararajan V, Halfon P, et al. Coding algorithms for de-
fining comorbidities in ICD-9-CM and ICD-10 administrative data.
Med Care. 2005;43:1130-1139.

Australian Consortium for Classification Development. The interna-
tional statistical classification of diseases and related health problems,
tenth revision, australian modification (ICD-10-AM/ACHI/ACS), 10th ed.
Darlinghurst, NSW: Independent Hospital Pricing Authority; 2017.
Van Walraven C, Dhalla IA, Bell C, et al. Derivation and valida-
tion of an index to predict early death or unplanned readmission
after discharge from hospital to the community. Can Med Assoc J.
2010;182:551-557.

Health Innovation and Reform Council. Presenting the Data
Considered in Preparation of Advice Regarding Improvement to
Unplanned Readmission Performance in Victoria. Melbourne:
Victorian Government, Department of Health; 2013.

Hasan O, Meltzer DO, Shaykevich SA, et al. Hospital readmission
in general medicine patients: a prediction model. J Gen Intern Med.
2010;25:211-219.

Amarasingham R, Velasco F, Xie B, et al. Electronic medical record-
based multicondition models to predict the risk of 30 day readmission
or death among adult medicine patients: validation and comparison
to existing models. BMC Med Inform Decis Mak. 2015;15:39.

Atkins ER, Geelhoed EA, Knuiman M, Briffa TG. One third of hospi-
tal costs for atherothrombotic disease are attributable to readmis-
sions: a linked data analysis. BMC Health Serv Res. 2014;14:338.
Krumholz HM, Parent EM, Tu N, et al. Readmission after hospital-
ization for congestive heart failure among Medicare beneficiaries.
Arch Intern Med. 1997;157:99-104.

Ferraris VA, Ferraris SP, Harmon RC, Evans BD. Risk factors for early
hospital readmission after cardiac operations. J Thorac Cardiovasc
Surg. 2001;122:278-286.

Jayakody A, Oldmeadow C, Carey M, et al. Unplanned readmission
or death after discharge for Aboriginal and non-Aboriginal peo-
ple with chronic disease in NSW Australia: a retrospective cohort
study. BMC Health Serv Res. 2018;18:893.

Donzé JD, Williams MV, Robinson EJ, et al. International validity of
the HOSPITAL score to predict 30-day potentially avoidable hospi-
tal readmissions. JAMA Intern Med. 2016;176:496-502.

Nguyen OK, Makam AN, Clark C, et al. Predicting all-cause read-
missions using electronic health record data from the entire hos-
pitalization: model development and comparison. J Hospital Med.
2016;11:473-480.

Damery S, Flanagan S, Combes G, et al. Does integrated care re-
duce hospital activity for patients with chronic diseases? An um-
brella review of systematic reviews. BMJ Open. 2016;6:¢011952.
Wan CS, Mitchell J, Maier AB. A multidisciplinary, community-
based program to reduce unplanned hospital admissions. J Am Med
Dir Assoc. 2020 Nov 5;51525-8610(20)30834-3.

How to cite this article: Sharmin S, Meij JJ, Zajac JD, Moodie
AR, Maier AB. Predicting all-cause unplanned readmission
within 30 days of discharge using electronic medical record
data: A multi-centre study. Int J Clin Pract. 2021;75:14306.
https://doi.org/10.1111/ijcp.14306



https://orcid.org/0000-0001-8738-901X
https://orcid.org/0000-0001-8738-901X
https://orcid.org/0000-0001-7206-1724
https://orcid.org/0000-0001-7206-1724
https://doi.org/10.1111/ijcp.14306

