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ABSTRACT

Background Readmission rate is one way to measure
quality of care for older patients. Knowledge is sparse

on how different social factors can contribute to predict
readmission. We aimed to develop and internally validate
a comprehensive model for prediction of acute 30-day
readmission among older medical patients using various
social factors along with demographic, organisational and
health-related factors.

Methods We performed an observational prospective
study based on a group of 770 medical patients aged

65 years or older, who were consecutively screened

for readmission risk factors at an acute care university
hospital during the period from February to September
2012. Data on outcome and candidate predictors were
obtained from clinical screening and administrative
registers. We used multiple logistic regression analyses
with backward selection of predictors. Measures of model
performance and performed internal validation were
calculated.

Results Twenty percent of patients were readmitted
within 30 days from index discharge. The final model
showed that low educational level, along with male gender,
contact with emergency doctor, specific diagnosis, higher
Charlson Comorbidity Index score, longer hospital stay,
cognitive problems, and medical treatment for thyroid
disease, acid-related disorders, and glaucoma, predicted
acute 30-day readmission. Area under the receiver
operating characteristic curve (0.70) indicated acceptable
discriminative ability of the model. Calibration slope

was 0.98 and calibration intercept was 0.01. In internal
validation analysis, both discrimination and calibration
measures were stable.

Gonclusions We developed a model for prediction of
readmission among older medical patients. The model
showed that social factors in the form of educational
level along with demographic, organisational and health-
related factors contributed to prediction of acute 30-day
readmissions among older medical patients.

INTRODUCTION

Acute readmission within 30 days from
hospital discharge is a major concern in
quality of healthcare for older patients, with

consequences for both patient and health-
care ﬁnancing.1 In addition, readmissions are
associated with increased risk of in-hospital
complications, such as pressure ulcers and
delirium.? Several countries report consist-
ently high rates of readmission among older
patients.” A Danish study of older patients
with comorbidities reported a 30-day read-
mission rate of approximately 25%." When
older patients are transferred from hospital
to home, they are in a state of increased
vulnerability due to impaired health and the
influence of multiple stressors. Besides recov-
ering from the specific condition that led to
hospitalisation, newly discharged patients are
often influenced by the physiological distress
of experiencing illness and hospitalisation.”
One study has shown that the ability to
manage disease is associated with socioeco-
nomic factors such as income, wealth and
educational level,6 and numerous studies on
the association of specific risk factors with
30-day readmission have showed that both
health-related and social factors are risk
factors for acute readmissions among older
patients.7 ® For older patients, readmission
diagnosis often differs from the previous
admission, indicating a high level of comor-
bidities, vulnerability related to transfer of
care and to the fact that the majority of older
patients do not fit into a single disease cate-
gory.” Y A number of studies have focused
on prediction of readmission among non-se-
lected older medical patients who are 65
years or older.'”™* All studies had relatively
poor discriminative performance (c-statis-
tics between 0.55 and 0.66) indicating that
developing a prediction model for acute
30-day readmission among older medical
patients is complex and should include
more predictors than can be obtained from
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most administrative hospital databases.'”™* One study
including more than a million older patients in Hong
Kong focused on admissions of both inpatient and outpa-
tient clinics,'”” showing excellent discriminative ability
based on predictors concerning sociodemographic
factors, healthcare utilisation and diagnosis.'” Simi-
larly, a prediction study targeting older patients found
that ethnicity and healthcare insurance contributed to
prediction of readmission.'® However, among patients
in specific disease groups, other social measures such
as educational level and income have additionally influ-
enced readmission.'” '® The present study was conducted
in Denmark, which has high-quality register information
about social factors like civil status, children, income and
education,'"™ which permits the investigation of the role
of a broad range of social factors.

This study aims to develop a comprehensive model
for predicting 30-day readmission among older medical
patients. It tests the predictive use of social, demographic,
organisational and health-related factors. Further, we will
internally validate the model.

METHOD

This study was informed by the Prognosis Research
Strategy framework® and reported in line with the Trans-
parent Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD) statement.**
The study was designed as a prospective observational
study.

Study population

Patients were sampled consecutively from the Department
of Medicine at Holbaek University Hospital, Denmark,
which has acute care capacity. We included patients aged
65 years or older, who were discharged from the Depart-
ment of Medicine, including the medical specialities of
internal medicine, nephrology, cardiology, respiratory
medicine and neurology. Further, data included patients
who lived in one of three surrounding municipalities and
who were consecutively screened for readmission risk
factors during the period from February to September
2012 (figure 1). Patient screening was obtained as part
of a previous randomised controlled intervention study
using risk of readmission as main outcome.” This previous
study had found no difference in readmission rate
between intervention and control groups. In our study,
we included all patients screened for the previous study;
the group included both patients who were categorised
as eligible and patients categorised as non-eligible in
the original randomised study. We included all screened
patients, but excluded patients if the screening question-
naire was incomplete (figure 1).

Screening data from the previous study were supple-
mented with administrative register data to obtain addi-
tional information about potential demographic, social,
organisational and health-related candidate predictors,

Screened for specific readmission risk factors:
1,136 patients

Screening data were not
complete:
366 patients

’ ( Patient attempted screened

Discharged alive and full screening data
available:

770 patients

Patients included

Not readmitted within 30 days
from discharge:
619 patients

Readmitted within 30 days from
discharge:
151 patients

Figure 1 Patient flow diagram illustrating how patients were
included or excluded in this study

as well as readmission data. Data were obtained from
. 5
several data sources as described below.”

Outcome measure

The outcome measure was acute all-cause readmission
within 30 days to any Danish hospital obtained from the
Danish National Patient Register.”

Candidate predictors

Social factors

We included patients’ educational level, obtained from
the Danish Education Register%; income, obtained from
the Danish Income Statistics Register”; whether patients
were living alone or with a spouse, obtained from the
Civil Registration Systemgl; and the Charlson Comor-
bidity Index of the spouse (see section about health
factors). We obtained information about children, from
the Danish Fertility Database and the Danish Adoption
Register,'” ** and we obtained information regarding the
children’s residence from the Civil Registration System.*!
We categorised patients as having children living close by
if at least one adult child was living in the same or in a
neighbouring municipality as the older patient.

Demographic factors

Information regarding age and gender was obtained
from the Civil Registration System,”' and size of city was
provided by Statistics Denmark.

Organisational factors

We included the following: contact with general practi-
tioners and the after-hours emergency service doctor 1
month before indexed admission, obtained from the
Danish National Health Service Register®; and prior
admission within 3 months of indexed admission,
obtained from the Danish National Patient Register.”
Distance between patient home and general practitioner
clinic was based on information from the Danish Civil
Registration System and the Danish National Health

2

Lehn SF, et al. BMJ Open Quality 2019;8:6000544. doi:10.1136/bmjog-2018-000544



Service Register.”' *® Municipal home service was obtained
from municipal reporting on service indicators,” and was
divided into personal and practical assistance. Personal
assistance includes assistance with personal hygiene,
whereas practical assistance covers cleaning or other
practical healthcare needs.

Health-related factors

We included 21 different potential predictors related to
patient health. Among these were diagnosis, previous
admissions and length of stay obtained from the Danish
National Patient Register”®; medication obtained from
the Danish National Prescription Registry®’; and clinically
assessed cognitive problems and loss of activities of daily
living (ADL) obtained from clinical screening. Cognitive
problems was derived from clinical assessment of “does
the patient’s behaviour indicate cognitive problems (not
diagnosed dementia)?” Loss of ADL was derived from
the clinical assessment of “has the patient experienced
greater ADL impairment compared with prior to admis-
sion?” Diagnosis was categorised according to the main
groups of ICD-10. The three most frequent primary diag-
noses were included in the analysis: diagnoses related to
atypical symptoms, the respiratory system or the circu-
latory system. Patients were categorised according to
whether their specific diagnosis related to the specific
group or not. The patients’ Charlson Comorbidity Scores
were calculated using information about primary and
secondary diagnoses from all hospital contacts up to 10
years before index admission. Information on prescribed
medication, found using Anatomical Therapeutic Chem-
ical (ATC) codes,™ was used to identify 22 chronic condi-
tions. Polypharmacy was defined as the use of five or more
different prescribed drugs within a period of 3 months
prior to admission, defined as the number of unique drug
ATC codes purchased.

Analysis

We included only candidate predictors with a sufficient
number of observations, that is, at least 10 readmissions
for each predictor category. Consequently, we included
33 candidate predictors in the model search. The anal-
ysis was divided into three steps: (1) descriptive univariate
logistic regression analyses exploring the crude associa-
tions between each predictor and outcome; (2) backward
stepwise logistic regression model selection including
only those predictors showing significance on a 10%
significance level determined by a likelihood-ratio test’;
(3) performance evaluation of the model developed in
step 2 in terms of its discriminative ability and calibration
(see next section).

Missing values

We expected a low level of missing observations due to the
high coverage of Danish registers. However, we encoun-
tered missing values for distance between general prac-
titioner (12%) and patient address, and for educational
level (7%). Thus, in order to gain statistical strength, we

made imputations before performing multiple logistic
regression analysis. For distance between general prac-
titioner and patient address, we calculated the mean
distance stratified by city size and used this value for
missing values, while for educational level, missing values
were imputed as primary school completed since more
than half of the Danish population in the included age
range had no further education after primary school.

Non-participants

We have no way of verifying whether all potential
eligible patients who were discharged from the Medical
Department at Holbak University Hospital in the study
period were screened. Based on data obtained from the
Danish National Patient Register, we identified patients
who were discharged from the Medical Department
at Holbaek University Hospital in the study period. We
performed descriptive analysis of basic characteristics on
the total cohort of discharged patients (n=2026 patients)
compared with the cases where screening were intended
though not completed (n=336 patients) and the cases
where screening were completed (n=770).

Performance measures
We assessed the overall model performance by calcu-
lating the Brier score, with a range between 0 for a
perfect prediction model and 0.25 for a non-informa-
tive model.*® In addition, we assessed the discriminative
ability of the model by calculating the area under the
receiver operating characteristic curve (AUC).” AUC
can be interpreted as the probability that a readmitted
patient is assigned a higher probability of readmission
than a randomly chosen patient who is not readmitted.
Generally, an AUC of <0.7 represents poor discrimina-
tion, 0.7-0.8 acceptable discrimination, 0.8-0.9 excellent
discrimination and 0.9-1.0 outstanding discrimination.”
Calibration refers to the agreement between the observed
and the predicted frequencies of a given outcome.” We
assessed calibration by constructing calibration plots that
illustrated observed proportions of readmission in four
groups separated by quantiles of risk versus predicted risks
produced from the prediction model. We also derived
the calibration slope and intercept. In a well-calibrated
model, the intercept will be 0 and the slope will be 1.%*
To assess model optimism, we performed bootstrap-
ping and compared the Brier score, discrimination and
calibration measures between the original model and
bootstrapped estimates.” Bootstrap samples were created
by drawing random samples with replacement from the
study population (1000 replications) and then evaluating
model performance in the newly created sample.

Patient and public involvement

Prior research shows that lower levels of patient satis-
faction are associated with a higher risk of 30-day read-
mission, and readmission can be regarded as a relevant
outcome for both patients and healthcare providers.™
In this study, we investigated clinical and register-based
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predictors; hence, patient participation was not part of
the design.

Results

Seven hundred and seventy patients were clinically
screened for specific readmission risk factors and
included in this study. Of these, 151 patients (20%) were
acutely readmitted within 30 days from index discharge
(figure 1). The overall group of patients (n=770) had a
median age of 78 years and an equal number of men and
women. The majority of patients had primary school as
highest level of education (50%), children living close
by (62%) and were living alone (55%). The patients’
health was characterised by high comorbidity; 60% had a
Charlson Comorbidity Score of 2+. A majority of patients
were medically treated for cardiovascular disease (80%),
and 30% of the patients had a main diagnosis related to

the circulatory system. For additional data, see online
supplementary tables 1 and 2.

Univariate analyses showed that gender, education,
contact with general practitioner and emergency service
doctor the previous month, diagnosis related to atypical
symptoms, diagnosis related to the respiratory system,
Charlson Comorbidity Index, length of hospital stay,
previous hospital admissions, polypharmacy and being
medically treated for respiratory disease, glaucoma,
acid disorders or pain were associated with readmission
(results not shown). Two-way tables of potential predic-
tors and readmission are available as online supplemen-
tary tables 1 and 2.

The final prediction model presented in table 1 shows
11 predictors of demographic, social, organisational and
health-related characteristics. Both in univariate analysis
and in the final multiple regression model, the clinical

Table 1
between February and September 2012

Prediction model for 770 patients discharged from medical department, Holbaek University Hospital, Denmark,

Variables OR (95% CI) P value
Social
Educational level Higher education -

Vocational education 1.09 (0.55 t0 2.19) 0.81

Primary school 1.79 (0.94 to 3.38) 0.08
Demographic
Gender Female -

Male 1.71 (1.15 to 2.54) 0.01
Organisational
Contact with emergency service doctor within 1 month  No -
before index admission Yes 1.43 (0.99 to 2.09) 0.06
Health related
Primary diagnosis related to the respiratory system No -

Yes 1.57 (0.93 to 2.65) 0.09
Primary diagnosis related to atypical symptoms No -

Yes 0.64 (0.39 to 1.03) 0.07
Charlson Comorbidity Index score 0-1 -

2-3 1.37 (0.87 t0 2.16) 0.18

4+ 1.88 (1.63 to 3.04) 0.01
Length of hospital stay <5 days =

6+ days 1.47 (1.01 to 2.15) 0.05
Clinical assessment of cognitive problems (not dementia) No -

Yes 2.19 (1.10 to 4.36) 0.08
Medication for glaucoma No -

Yes 2.20 (1.02 to 4.78) 0.05
Medication for acid disorders No -

Yes 1.89 (1.29 t0 2.77) 0.001
Medication for thyroid disease No =

Yes 1.83 (0.94 to 3.57) 0.08

The table shows predictors, ORs and p values for the final prediction model.
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Table 2 Summary performance measures for the model
and in internal validation (bootstrapping)

Bootstrap
Final analysis
prediction Median value
Measure  model (range)
Overall Brier score 0.15 0.14 (0.13-0.16)
performance
Discrimination AUC 0.70 0.72 (0.67-0.76)
Calibration Calibration 0.01 0.00 (-0.01 to
intercept 0.01)
Calibration 0.98 0.98 (0.93-1.04)
slope

AUC, area under the receiver operating characteristic curve.

assessment of ‘cognitive problems’ seemed to be a strong
predictor based on OR. Additionally, being male, having
primary school as highest level of education, contact with
emergency service doctor, primary diagnosis related to
the respiratory system, Charlson Comorbidity Score of
4 or more, patients with five or more days at hospital at
index admission, and patients who received medication
for glaucoma, acid disorders or thyroid disease were all
associated with a greater likelihood of acute readmission
in the final model (table 1).

Model fit

The overall model fit, as indicated by the Brier score,
was 0.15 (table 2). The model’s ability to discriminate
patients was acceptable based on AUC (0.70), please see
table 2 and online supplementary figure 1. The calibra-
tion plot showed a reasonable fit with a minor outlier
for the third quantile risk group (online supplementary
figure 2) and calibration plot for 10 groups of predicted
probabilities did not change this result (online supple-
mentary figure 3). The calibration intercept was close to
0 (intercept=0.01), and the slope close to 1 (slope=0.98),
indicating good calibration. The results from bootstrap-
ping were similar to the model’s development, yet showed
slightly higher median AUC (0.72).

Analysis of non-participants

A total of 2,026 patients above the age of 65 with resi-
dence in the relevant municipalities were discharged from
Holbzk Medical Department during the study period.
Only a smaller group of 1,136 patients had completed or
partly completed screening data (figure 1), and it appears
that 890 patients were not screened during the data
collection period. A descriptive comparison between the
total cohort of discharged patient (n=2026) versus partly
screened (n=366) or screened patients (n=770) showed
no systematic differences in terms of age, gender, munic-
ipality or educational level (online supplementary table
3).

DISCUSSION

In this study, we used comprehensive clinical and registry
data to develop amodel for predicting readmission among
older patients. The model showed good calibration and
higher discrimination (AUC=0.70) than comparable
prediction models related to non-selected older medical
patients,'”"* and AUC just reached acceptable level of
discrimination. Performance measures were consistent in
the bootstrap analysis and thus did not indicate data over-
fitting. The discriminative capacity of the model is crucial
since the model aimed to distinguish };recisely those
patients with a higher readmission risk.”” In the initial
literature search, only one study showed better discrimi-
native ability (AUC=0.82) in prediction of acute all-cause
30-day readmission among older medical patients.'” This
previous model included predictors regarding sociode-
mographic and health-related factors, and focused on
a group of patients discharged from both in-hospital
and specialist outpatient clinics. However, prediction of
readmission among the diverse group of older medical
patients is complex, and previous prediction models
with exclusive focus on older patients discharged from
hospital were based on administrative hospital data and
tested only a few social factors, such as use of healthcare
security and education.'” '** In the current study, we
have included various candidate predictors related to
social factors, such as educational level, income, children
living close by, and having a spouse with or without comor-
bidity. However, the final model in this study revealed
that educational level was the strongest social candidate
predictor of readmission. There is no consensus on how
to measure the impact of social factors on health among
older patient groups.” Some studies include different
social factors like healthcare insurance and ethnicity,
which might be less relevant in a setting with universal
tax-paid healthcare,” and relatively low ethnic diversity,"
as in Denmark. Still, this study indicated social factors,
in terms of educational level, have a crucial influence on
risk of readmission, which should be acknowledged both
in future studies of readmission risk prediction and in the
design of readmission prevention interventions for older
patients. Previous research indicates that differences in
healthcare utilisation between educational groups can
be associated with differences in the applied acute care
and differences in patient ability to manage care.’*' Yet,
more knowledge is needed. Further, results showed that
demographic, organisational and health-related factors
as well as social factor need to be emphasised in clinical
practice when identifying older medical patients at risk of
readmission.

In addition, we have found that clinical screening based
on one simple question related to the potential for cogni-
tive problems (“does the patient’s behaviour indicate
cognitive problems (not diagnosed dementia)?”) strongly
contributed to the prediction of readmission; hence, clin-
ically assessed cognitive problems not related to dementia
more than doubled the risk of readmission. This clinical
observation seemed to have an even stronger influence
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than previous studies using diagnosed cognitive problems
as a predictor, thus indicating the importance of bedside
clinical assessment. This result might reflect both the
importance of clinical observations related to prediction
of risk and that cognitive problems can be associated with
a number of conditions including delirium. However,
our data does not allow for further investigation into this
predictor.

Studies have highlighted that readmission risk is influ-
enced by both comorbidities treated outside hospitalin the
primary healthcare sector and organisational factors.® ****
To our knowledge, prediction studies have not previously
included chronic condition information from non-hos-
pital data sources. We found that three different disease
categories based on prescribed medications predicted
readmission. Older patients who suffer from glaucoma
potentially struggle with impaired vision;** yet, previous
studies show inconsistent results on whether impaired
vision increases risk of readmission.”” ** Potentially, the
impact of glaucoma is related to other factors.** We have
not been able to find literature on the general outcomes
of thyroid disease or thyroid disease therapy; yet, a
meta-analysis has shown that the thyroid disease hypothy-
roidism is associated with increased all-cause mortality and
hospitalisation of patients with heart failure.* Likewise,
studies have reported that acid-related disorders are asso-
ciated with specific comorbidities and that medication is
in itself associated with increased risk of readmission.

Predictors of readmission among older medical patients
should be acknowledged when planning discharge and
post-discharge care. Various interventions have been
described and tested to prevent readmissions and increase
quality of care in the transition from hospital to home.*

Study strengths and limitations

From our view, a strength of this study is that the clinical
data were obtained and provided information not covered
by the administrative hospital data. Further, our dataset
included comprehensive register data that allowed us to
investigate demographic, social and organisational candi-
date predictors, and it provided a low level of missing
observations. Additionally, we performed internal valida-
tion in the form of bootstrapping in order to account for
model overfitting or uncertainty.

The population group was not very large (n=770
patients), and due to an incomplete list of general prac-
titioners, we had 12% missing observations for distance
between general practitioner clinic and patient address.
Likewise, in 7% of the included patients, we lacked
information about their educational level. As previously
stated, the screening data included in this analysis were
obtained as part of a randomised controlled intervention
study using risk of readmission as main outcome.* The
study did not show any effect of the tested intervention
on readmissions; however, we cannot rule out that the risk
of readmissions was changed for some of the 149 patients
who received the intervention. We did not publish a study
protocol prior to the data analysis phase, as recommended

by TRIPOD, and despite bootstrap analysis showing
good internal validity, the model should be tested on an
external population of older medical patients.

CONCLUSION

In this study, we developed a model to predict acute
readmission within 30 days after discharge among older
medical patients. The model has an acceptable discrimi-
native ability and good calibration. It succeeded in eluci-
dating the influence of a social predictor, in terms of
educational level as well as demographic, organisational
and health-related predictors. Hence, it adds important
new knowledge to prediction of readmissions among
older patients. In predicting readmission risk, administra-
tive hospital data should not and need not stand alone.
By supplementing administrative hospital data with addi-
tional types of data, more accurate and useful models of
readmission risk can be developed.

Author affiliations

"Department of Medicine, Holbaek University Hospital, Holbaek, Denmark
“National Institute of Public Health, University of Southern Denmark, Copenhagen,
Denmark

*Knowledge Center for Rehabilitation and Palliative Care, University of Southern
Denmark, Nyborg, Denmark

“Department of Medicine, Geriatric Section, Holbaek University Hospital, Holbaek,
Denmark

SEmergency Clinic, Gentofte Hospital, Hellerup, Denmark

Acknowledgements A great thanks to all the clinicians at the Department

of Medicine, Holbaek University Hospital, who in 2012 screened patients for
readmission risk factors and, thus, obtained valuable clinical information for later
use in this study.

Contributors All five authors have substantially contributed to this study. SFL has
contributed to study design, obtained data, performed data management, analysis,
interpretation and drafting of the manuscript. LCT has contributed to design, data
management, analysis, interpretation and drafting. A-DZ, SGHP and TG have all
contributed to design, interpretation and drafting of the manuscript. Finally, all
authors have approved this version of the manuscript to be published.

Funding This work was supported by Region Zealand; Holbaek Municipality; and
the University of Southern Denmark, Knowledge Center for Rehabilitation and
Palliative Care.

Disclaimer These sponsors played no role in the study design, execution, analysis
or interpretation of the data.

Competing interests None declared.

Patient consent for publication Not required.

Ethics approval Danish Data Protection Agency (no. REG-60-2016).
Provenance and peer review Not commissioned; externally peer reviewed.

Data sharing statement Data may be obtained from a third party and are not
publicly available.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which
permits others to distribute, remix, adapt, build upon this work non-commercially,
and license their derivative works on different terms, provided the original work is
properly cited, appropriate credit is given, any changes made indicated, and the use
is non-commercial. See: http://creativecommons.org/licenses/by-nc/4.0/.

REFERENCES
1. Vest JR, Gamm LD, Oxford BA, et al. Determinants of preventable
readmissions in the United States: a systematic review. Implement

Sci 2010;5.

6

Lehn SF, et al. BMJ Open Quality 2019;8:6000544. doi:10.1136/bmjog-2018-000544


http://creativecommons.org/licenses/by-nc/4.0/
http://dx.doi.org/10.1186/1748-5908-5-88
http://dx.doi.org/10.1186/1748-5908-5-88

I

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

. Dwyer R, Gabbe B, Stoelwinder JU, et al. A systematic review of

outcomes following emergency transfer to hospital for residents of
aged care facilities. Age Ageing 2014;43:759-66.

Robinson S, Howie-Esquivel J, Vlahov D. Readmission risk factors
after hospital discharge among the elderly. Popul Health Manag
2012;15:338-51.

. Thygesen LC, Fokdal S, Gjerup T, et al. Can municipality-based

post-discharge follow-up visits including a general practitioner
reduce early readmission among the fragile elderly (65+ years
old)? A randomized controlled trial. Scand J Prim Health Care
2015;33:65-73.

. Krumholz HM. Post-hospital syndrome—an acquired, transient

condition of generalized risk. N Engl J Med 2013;368:100-2.

. Goldman DP, Smith JP. Can patient self-management help explain

the health gradient? Proc Nat/ Acad Sci U S A 2002;99:10929-34.

. Garcia-Perez L, Linertova R, Lorenzo-Riera A, et al. Risk factors for

hospital readmissions in elderly patients: a systematic review. QUM
2011;104:639-51.

. Pedersen MK, Meyer G, Uhrenfeldt L. Risk factors for acute care

hospital readmission in older persons in Western countries: a
systematic review. JBI Database System Rev Implement Rep
2017;15:454-85.

. Clerencia-Sierra M, Calderon-Larrafiaga A, Martinez-Velilla N, et al.

Multimorbidity patterns in hospitalized older patients: associations
among chronic diseases and geriatric syndromes. PLoS One
2015;10:e0132909-14.

Cotter PE, Bhalla VK, Wallis SJ, et al. Predicting readmissions: poor
performance of the lace index in an older UK population. Age Ageing
2012;41:784-9.

Kansagara D, Englander H, Salanitro A, et al. Risk prediction
models for hospital readmission: a systematic review. JAMA
2011;306:1688-98.

Lin K-P, Chen P-C, Huang L-Y, et al. Predicting inpatient
readmission and outpatient admission in elderly. Medicine
2016;95.

Low LL, Liu N, Ong MEH, et al. Performance of the lace index to
identify elderly patients at high risk for hospital readmission in
Singapore. Medicine 2017;96:€6728.

Soong J, Poots AJ, Scott S, et al. Developing and validating a risk
prediction model for acute care based on frailty syndromes. BMJ
Open 2015;5.

Tsui E, Au SY, Wong CP, et al. Development of an automated model
to predict the risk of elderly emergency medical admissions within
a month following an index hospital visit: a Hong Kong experience.
Health Informatics J 2015;21:46-56.

Silverstein MD, Qin H, Mercer SQ, et al. Risk factors for 30-

day hospital readmission in patients >65 years of age. Proc
2008;21:363-72.

Cafagna G, Seghieri C. Educational level and 30-day outcomes after
hospitalization for acute myocardial infarction in Italy. BMC Health
Serv Res 2017;17.

Lindenauer PK, Lagu T, Rothberg MB, et al. Income inequality and
30 day outcomes after acute myocardial infarction, heart failure, and
pneumonia: retrospective cohort study. BMJ 2013;346.

Toelbell Blenstrup L, Knudsen LB. Danish registers on aspects of
reproduction. Scand J Public Health 2011;39(7_suppl):79-82.
Jensen VM, Rasmussen AW. Danish education registers. Scand J
Public Health 2011;39(7 Suppl):91-4.

Pedersen CB. The Danish civil registration system. Scand J Public
Health 2011;39(7 Suppl):22-5.

Petersen L, Serensen TIA. The Danish adoption register. Scand J
Public Health 2011;39(7 Suppl):83-6.

Riley RD, Hayden JA, Steyerberg EW, et al. Prognosis Research
Strategy (PROGRESS) 2: prognostic factor research. PLoS Med
2013;10:e1001380.

24.

25.

26.

27.

28.

29.
30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

Open access

Collins GS, Reitsma JB, Altman DG, et al. Transparent reporting of a
multivariable prediction model for individual prognosis or diagnosis
(TRIPOD): the TRIPOD statement. Ann Intern Med 2015;162:55-63.
Thygesen LC, Ersbell AK. Danish population-based registers for
public health and health-related welfare research: introduction to the
supplement. Scand J Public Health 2011;39(7 Suppl):8-10.

Lynge E, Sandegaard JL, Rebolj M. The Danish national patient
register. Scand J Public Health 2011;39(7 Suppl):30-3.

Baadsgaard M, Quitzau J. Danish registers on personal income and
transfer payments. Scand J Public Health 2011;39(7 Suppl):103-5.
Andersen JS, Olivarius NDF, Krasnik A. The Danish national health
service register. Scand J Public Health 2011;39(7 Suppl):34-7.
Denmark S. Elderly indicators — statistical presentation, 2018.
Kildemoes HW, Sgrensen HT, Hallas J. The Danish national
prescription registry. Scand J Public Health 2011;39(7 Suppl):38-41.
Huber CA, Szucs TD, Rapold R, et al. Identifying patients with
chronic conditions using pharmacy data in Switzerland: an updated
mapping approach to the classification of medications. BMC Public
Health 2013;13.

Steyerberg EW. Selection of main effect. In: Gail M, Krickeberg

K, Tsiatis A, eds. Clinical prediction models. New York: Springer,
2009: 191-212.

Steyerberg EW, Vickers AJ, Cook NR, et al. Assessing the
performance of prediction models: a framework for traditional and
novel measures. Epidemiology 2010;21:128-38.

Steyerberg EW. Evaluation of performance. In: Gail M, Krickeberg
K, Tsiatis A, eds. Clinical prediction models. New York: Springer,
2009: 255-80.

Traeger A, Henschke N, Hiibscher M, et al. Development and
validation of a screening tool to predict the risk of chronic low

back pain in patients presenting with acute low back pain: a study
protocol. BMJ Open 2015;5.

Boulding W, Glickman SW, Manary MP, et al. Relationship between
patient satisfaction with inpatient care and hospital readmission
within 30 days. Am J Manag Care 2011;17:41-8.

Nuesch E, Pablo P, Dale CE, et al. Incident disability in older adults:
prediction models based on two British prospective cohort studies.
Age Ageing 2015;44:275-82.

Artazcoz L, Rueda S. Social inequalities in health among the elderly:
a challenge for public health research. J Epidemiol Community
Health 2007;61:466-7.

Pedersen KM, Andersen JS, Sendergaard J. General practice and
primary health care in Denmark. J Am Board Fam Med 2012;25
Suppl 1:S34-S38.

Andersen ZJ, Lassen CF, Clemmensen IH. Social inequality and
incidence of and survival from cancers of the mouth, pharynx and
larynx in a population-based study in Denmark, 1994-2003. Eur J
Cancer 2008;44:1950-61.

Rasmussen JN, Rasmussen S, Gislason GH, et al. Persistent socio-
economic differences in revascularization after acute myocardial
infarction despite a universal health care system—a Danish study.
Cardiovasc Drugs Ther 2007;21:449-57.

Avaldi VM, Lenzi J, Castaldini |, et al. Hospital readmissions of
patients with heart failure: the impact of hospital and primary care
organizational factors in northern Italy. PLoS One 2015;10:e0127796.
Cortaredona S, Pambrun E, Verdoux H, et al. Comparison of
pharmacy-based and diagnosis-based comorbidity measures

from medical administrative data. Pharmacoepidemiol Drug Saf
2017;26:402-11.

Cohen LP, Pasquale LR. Clinical characteristics and current treatment
of glaucoma. Cold Spring Harb Perspect Med 2014;4:a017236-16.
Ning N, Gao D, Triggiani V, et al. Prognostic role of thyroidism in heart
failure: a meta-analysis. Medicine 2015;94:1-10.

Benbassat J, Taragin MI. The effect of clinical interventions on
hospital readmissions: a meta-review of published meta-analyses.
Electronic:2045-4015.

Lehn SF, et al. BMJ Open Quality 2019;8:6000544. doi:10.1136/bmjoq-2018-000544


http://dx.doi.org/10.1093/ageing/afu117
http://dx.doi.org/10.1089/pop.2011.0095
http://dx.doi.org/10.3109/02813432.2015.1041831
http://dx.doi.org/10.1056/NEJMp1212324
http://dx.doi.org/10.1073/pnas.162086599
http://dx.doi.org/10.1093/qjmed/hcr070
http://dx.doi.org/10.11124/JBISRIR-2016-003267
http://dx.doi.org/10.1371/journal.pone.0132909
http://dx.doi.org/10.1093/ageing/afs073
http://dx.doi.org/10.1001/jama.2011.1515
http://dx.doi.org/10.1097/MD.0000000000003484
http://dx.doi.org/10.1097/MD.0000000000006728
http://dx.doi.org/10.1136/bmjopen-2015-008457
http://dx.doi.org/10.1136/bmjopen-2015-008457
http://dx.doi.org/10.1177/1460458213501095
http://dx.doi.org/10.1080/08998280.2008.11928429
http://dx.doi.org/10.1186/s12913-016-1966-5
http://dx.doi.org/10.1186/s12913-016-1966-5
http://dx.doi.org/10.1136/bmj.f521
http://dx.doi.org/10.1177/1403494811399957
http://dx.doi.org/10.1177/1403494810394715
http://dx.doi.org/10.1177/1403494810394715
http://dx.doi.org/10.1177/1403494810387965
http://dx.doi.org/10.1177/1403494810387965
http://dx.doi.org/10.1177/1403494810394714
http://dx.doi.org/10.1177/1403494810394714
http://dx.doi.org/10.1371/journal.pmed.1001380
http://dx.doi.org/10.7326/M14-0697
http://dx.doi.org/10.1177/1403494811409654
http://dx.doi.org/10.1177/1403494811401482
http://dx.doi.org/10.1177/1403494811405098
http://dx.doi.org/10.1177/1403494810394718
http://dx.doi.org/10.1177/1403494810394717
http://dx.doi.org/10.1186/1471-2458-13-1030
http://dx.doi.org/10.1186/1471-2458-13-1030
http://dx.doi.org/10.1097/EDE.0b013e3181c30fb2
http://dx.doi.org/10.1136/bmjopen-2015-007916
http://www.ncbi.nlm.nih.gov/pubmed/21348567
http://dx.doi.org/10.1093/ageing/afu159
http://dx.doi.org/10.1136/jech.2006.058081
http://dx.doi.org/10.1136/jech.2006.058081
http://dx.doi.org/10.3122/jabfm.2012.02.110216
http://dx.doi.org/10.1016/j.ejca.2008.06.019
http://dx.doi.org/10.1016/j.ejca.2008.06.019
http://dx.doi.org/10.1007/s10557-007-6058-7
http://dx.doi.org/10.1371/journal.pone.0127796
http://dx.doi.org/10.1002/pds.4146
http://dx.doi.org/10.1101/cshperspect.a017236

	Development of a prediction model for 30-day acute readmissions among older medical patients: the influence of social factors along with other patient-specific and organisational factors
	Abstract
	Introduction
	Method
	Study population
	Outcome measure
	Candidate predictors
	Social factors
	Demographic factors
	Organisational factors
	Health-related factors

	Analysis
	Missing values
	Non-participants

	Performance measures
	Patient and public involvement
	Results
	Model fit
	Analysis of non-participants


	Discussion
	Study strengths and limitations

	Conclusion
	References


