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Abstract
Objectives  Evaluating whether future studies to develop 
prediction models for early readmissions based on 
health insurance claims data available at the time of a 
hospitalisation are worthwhile.
Design  Retrospective cohort study of hospital admissions 
with discharge dates between 1 January 2014 and 31 
December 2016.
Setting  All-cause acute care hospital admissions in 
the general population of Switzerland, enrolled in the 
Helsana Group, a large provider of Swiss mandatory health 
insurance.
Participants  The mean age of 138 222 hospitalised 
adults included in the study was 60.5 years. Patients were 
included only with their first index hospitalisation. Patients 
who deceased during the follow-up period were excluded, 
as well as patients admitted from and/or discharged to 
nursing homes or rehabilitation clinics.
Measures  The primary outcome was 30-day readmission 
rate. Area under the receiver operating characteristic 
curve (AUC) was used to measure the discrimination 
of the developed logistic regression prediction model. 
Candidate variables were theory based and derived from a 
systematic literature search.
Results  We observed a 30-day readmission rate of 
7.5%. Fifty-five candidate variables were identified. The 
final model included pharmacy-based cost group (PCG) 
cancer, PCG cardiac disease, PCG pain, emergency 
index admission, number of emergency visits, costs 
specialists, costs hospital outpatient, costs laboratory, 
costs therapeutic devices, costs physiotherapy, number of 
outpatient visits, sex, age group and geographical region 
as predictors. The prediction model achieved an AUC of 
0.60 (95% CI 0.60 to 0.61).
Conclusions  Based on the results of our study, it is 
not promising to invest resources in large-scale studies 
for the development of prediction tools for hospital 
readmissions based on health insurance claims data 
available at admission. The data proved appropriate 
to investigate the occurrence of hospitalisations and 
subsequent readmissions, but we did not find evidence for 
the potential of a clinically helpful prediction tool based on 
patient-sided variables alone.

Introduction
Hospital readmissions describe events in 
which patients have to return to the same or 
another hospital shortly after the discharge. 

Hospital readmissions are both common and 
costly.1 A part of the readmissions  is consid-
ered to be preventable.2 They are a promising 
aspect for quality improvement measures, on 
the healthcare system and/or hospital level.3 

Previous research indicated that it is 
possible to effectively reduce readmissions 
with interventions such as patient-centred 
discharge instructions or scheduling of a 
follow-up visit prior to discharge.4 5

In Switzerland, it is currently discussed 
how digitalisation could be used to increase 
efficiency in the healthcare system. In partic-
ular, it is postulated that the use of routine 
data (such as claims data) does not reflect 
its potential to increase the efficiency of the 
healthcare system.6

Hospital readmission prediction models 
(HRPMs) calculate the risk of a patient for a 
subsequent readmission based on individual 
characteristics, for example, age or comor-
bidities. Claims data include detailed infor-
mation on healthcare service utilisation and 
costs on the patient level and a systematic 
review of HRPM showed they are a useful 
basis for HRPM.7 8

Avoiding hospital readmissions has been 
given a high priority in Switzerland.9 Rates 
are calculated systematically and published 
on a hospital level. Thus, developing tools 

Strengths and limitations of this study

►► This study helps to tailor future research related 
to the development of prediction tools for hospital 
readmissions.

►► It extends the existing literature by focusing on po-
tential predictors available in claims data and at the 
time of the hospitalisation.

►► The study population was not limited to specific 
conditions or age groups.

►► Eligible potential predictors were selected based on 
a systematic literature search.

►► Only a small part of the predictors used in existing 
models could be extracted from Swiss claims data 
and were available at the time of hospitalisation.
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to identify patients at high risk for a subsequent rehospi-
talisation as a basis for tailored interventions is relevant 
for hospitals, quality institutions and cost payers. Given 
the fact that health insurance claims data are nationwide 
available, pre-existing and standardised, they might be 
very useful. They might overcome the barrier of building 
additional data collections.

The aim of the present study is to develop a proof-of-
concept HRPM to evaluate whether patient-sided factors 
present at the time of a hospital admission and available 
from Swiss claims data are promising for predicting early 
hospital readmissions. The potential target audience of 
such a model are (Swiss) health insurances and their 
partners. A health insurance running the model on its 
database could agree specific interventions for high-
risk patients identified by the HRPM with the respective 
hospitals as part of its case management programme.

Methods
Data source and study design
Basic health insurance is mandatory for all Swiss residents. 
A large number of private companies offer coverage of 
a broad spectrum of medical services considered appro-
priate, medically effective and cost-effective. Persons are 
free to switch the health insurance once a year. They may 
to some extent select the amount of their deductible and 
choose between different health plans.

All health plans allow reimbursement of all covered 
services from every approved healthcare provider, in the 
inpatient as well as in the outpatient setting. In return of 
rebates on the per-capita premiums, some health plans 
require a specific care provider (general practitioner 
or telemedicine provider) as first contact for each new 
health problem. Some of these first contact providers 
are commissioned by the health insurances to estab-
lish a binding treatment procedure and to restrict the 
reimbursement of other services without consulting the 
first contact providers again beforehand (eg, specialists 
visits).10

This retrospective cohort study used administrative 
claims data of the Helsana Group, a large health insur-
ance with a market share of about 14% of the Swiss popu-
lation (ie, app. 1.2 million persons). The claims data 
provide information about the use of medical services 
of the insurees, as well as the insurance status and socio-
demographic information. The reimbursement of acute 
inpatient care services is regulated via the nationwide 
diagnosis-related groups (DRG) tariff SwissDRG.11

Literature search
For identification of potential predictors of readmission, 
we chose a theory-driven (as opposed to a data-driven) 
approach. We, therefore, systematically searched for 
systematic reviews of HRPM and extracted the predictors 
used in the described models into a pool of candidate vari-
ables. Entries in the database PubMed matching the filter 
‘Systematic Review’ and the Medical Subject Headings 

(MeSH) terms ‘Patient Readmission’ and ‘Models, Statis-
tical’ were selected. As a second search string the filter 
‘Systematic Review’ was used again, this time together 
with at least one of the following words in the Title or 
Abstract field: readmission, rehospitalisation, model and 
predict. No additional restriction on the publication date 
was applied.

We looked at the abstracts of these publications and 
applied the following exclusion criteria: no systematic 
review, did  not include the correct outcome (hospital 
readmissions), paediatric patients only and no acute care 
intervention as index hospitalisation. The selected publi-
cations were retrieved as full text, and two further exclu-
sion criteria were applied: no patient-level characteristics 
as predictors and no list of predictors reported.

In addition, we retrieved studies evaluating hospital-
isations in the Swiss healthcare setting using claims data 
of Swiss basic mandatory health insurance and extracted 
patient-level factors associated with hospitalisations. This 
step ensured the inclusion of country-specific items not 
considered in international studies.

The listed predictors were regrouped into seven cate-
gories: clinical assessment, comorbid conditions, illness 
severity, overall health and function, perioperative vari-
ables, prior use of medical services, sociodemographic 
variables. The candidate variables were then assessed 
by means of the three criteria: whether they described 
patient-level features, if they were available from Swiss 
health insurance claims data (directly or indirectly, eg, via 
medication use), and if they were available at admission.

Outcome
The primary outcome was all-cause readmissions to any 
acute care hospital within 30 days of discharge from the 
index acute care hospitalisation. This outcome is the 
most widely used in HRPM12 so that a comparison of our 
model performance with previous research is feasible. As 
per sensitivity analyses, we additionally evaluated readmis-
sions compensated within a single DRG case (ie, within 
maximum of 18 days and within the same major diag-
nostic category, MDC) and 60 and 90 days readmissions.

The years 2014, 2015 and 2016 were screened for 
hospitalisations to any acute care hospital in Switzer-
land. Exclusion criteria were: patients below age 19 in 
the year of the hospitalisation, hospitalisations due to 
accident or delivery, psychiatric hospitalisations, death of 
patients within 90 days after discharge and cases where 
the hospitalisation was followed by a stay in any inpatient 
institution other than an acute care hospital (eg, nursing 
home, rehabilitation clinic). If a patient was hospitalised 
several times within the investigated time period, we only 
included the first one.

Candidate variables and additional measures
All candidate variables on the prior use of health services 
took into account data from a 1-year period prior to the 
index hospitalisation. The data contain the purchasing 
power measured on a zip code level. This variable consists 
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of centred values with a mean of 100 in the Swiss popu-
lation. It was used as an approximation of the individuals 
socioeconomic status. The DRG cost weight reflects the 
complexity of the hospital stay and consists of centred 
values with a mean of 1. We could not include this vari-
able in the prediction model since it is only available 
after discharge. However, this variable allowed us to assess 
whether our study population differs largely from the 
Swiss population with respect to the complexity of the 
hospitalisations.

In order to account for non-linearity in the prediction 
model, all continuous candidate variables were grouped 
into categories, without stratification of the data. The 
age of the patients was grouped into categories of 10 
years, with an open lower bound in the category up to 
29, and an open upper bound in the category above 90 
years. Costs variables and the number of outpatient visits 
were grouped into no costs/visits, above no costs/visits 
up to the third quartile, and costs/visits above the third 
quartile. Purchasing power was grouped into lower than 
the first quartile, between the first and the third quartile, 
and above the third quartile. Count variables with low 
counts (number of emergency visits, previous hospital-
isations, comorbidities and relocations) were grouped 
into none/never, one/once and multiple. The length of 
stay (LOS) of the index admission was dichotomised into 
below 3 days and 3 days and above. In a sensitivity anal-
ysis, we centred, scaled and transformed (Yeo-Johnson 
transformation) all continuous variables instead of cate-
gorising them. All MDCs accounting for less than 2.5% of 
the cases were grouped in one category (other). Urbanity 
discriminates between rural and urban (central city, 
isolated city and agglomeration).

Statistical analysis
We identified 157  940 patients with an eligible index 
hospitalisation in the screened period. Patients were 
excluded if they were asylum seekers, Helsana employees 
or lived abroad (3876), when they were not insured with 
Helsana during the full observation period (1 year before 
and 3 months after the index hospitalisation, 12 626), and 
patients with medications charged as a lump sum from a 
nursery home (3221). The final study population, there-
fore, consisted of 138 222 hospitalised persons, 53.2% of 
them were female and the mean age was 60.5 years. No 
missing data had to be imputed in the resulting data set.

First, descriptive analysis of the total study popula-
tion and subgroups were done. As previous HRPM are 
often restricted to specific populations7 in terms of age, 
location, emergency admissions or specific conditions, 
we explored these variables specifically from different 
perspectives (distribution in the population, raw read-
mission rates and model performance). We used the 
following subgroups: the largest age group, the largest 
geographical region, patients with an emergency admis-
sion, surgical patients, medical patients, patients with the 
most prevalent MDC, the MDC with the highest raw read-
mission rate and patients with an index hospitalisation of 

3 days or more. Apart from the primary outcome (30-day 
readmissions), we looked at three secondary outcomes 
with different follow-up periods.

Bivariate analyses between the outcome and available 
variables were performed using Kruskal-Wallis test, Fish-
er's exact test, X2 test and likelihood-ratio-test (LRT). 
The prediction model was a generalised linear model 
with a binary dependent variable (logistic regression). In 
a sensitivity analysis, we used a generalised mixed-effects 
model with random intercepts per hospital.

Characteristics of the patients and their index hospital-
isation in the study population stratified by the primary 
outcome were calculated. We plotted a Kaplan-Meier 
curve of the observed readmissions to depict the fraction 
of patients with and without a readmission by time after 
discharge. Raw readmission rates of the primary outcome 
stratified by subgroups of the study population were 
calculated to show which patients are mainly affected by 
early readmissions.

The set of predictors in the final model was determined 
with a heuristic approach in four steps. First, we performed 
LRT with the primary outcome and each available candi-
date variable separately. All candidate variables resulting in 
a p<0.001 together initialised the model in the second step. 
The second step iteratively removed one variable at the 
time based on its Akaike information criterion. We stopped 
this step once no further variable could be removed without 
worsening the model fit significantly. These first two steps 
are widely used in the development of HRPM.12 Since 
the previous steps tend to overvalue large models with 
too many predictors which overfit the data.13 We added a 
manual third step. We deleted variables from the model 
manually when their estimated coefficients were inconsis-
tent (eg, health plan), small with large variation (eg, home 
care costs), or when the effect was large with the respec-
tive characteristic being very scarce (eg, flag for prosthesis, 
some pharmacy-based cost group (PCG)). In a fourth 
step, we tested possible effect modification of variables by 
performing LRT of interaction terms of the selected vari-
ables and all available candidate variables. If the estimated 
coefficients in models split by those variables showing the 
highest number of significant interaction terms differed 
relevantly, the interaction terms were added to the model. 
Estimated coefficients of the prediction model are shown as 
ORs and their 95% CIs.

In order to assess the model discrimination, we calcu-
lated area under the curve (AUC) with k-fold cross-valida-
tion (k=20). This was done for the total sample, patient 
subgroups and the different outcomes separately. We 
show the calibration intercept (calibration-in-the-large) 
and the calibration slope of the model with the entire 
study population and the primary outcome as calibration 
measures.14 We estimated the intercept and the slope 
with a weighted linear regression model, with number of 
observations as weights.

The success of the model prediction was measured with 
a random split of our data into a training (75%) and a 
test set (25%). We used a cut point which maximised the 
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true positive rate and minimised the false positive rate to 
determine which patients may experience a readmission.

With the true and the predicted outcome, we then calcu-
lated the following measures: the positive prediction value 
(PPV), the negative prediction value (NPV), sensitivity, spec-
ificity and the detection prevalence (share of the patients 
predicted to have a rehospitalisation). This was done for 
the total sample with the primary outcome only.

A p<0.05 in statistical tests was considered signifi-
cant throughout the study if not stated otherwise. We 
conducted all statistical analysis in R V.3.5.0.15

Patient and public involvement
Neither patients nor the public were involved in the plan-
ning or design of the study, as we worked with secondary 

data collected by a health insurer for reimbursement 
purposes.

Results
Literature search and candidate variables assessment
The literature search resulted in 65 entries with one 
duplicate. We excluded 55 publications because they did 
not match the inclusion criteria. This resulted in nine 
included publications.7 16–23 Two publications specifi-
cally evaluating the use of Swiss claims data in regression 
models were additionally included.24 25

The assessment of all variables collected in the iden-
tified literature is shown in the online supplementary 
appendix 1. The extracted candidate variables included: 

Table 1  Population characteristics for patients with and without readmission within 30 days after discharge

Variable Total With Without P value

n 138 222 10 300 (7.5%) 127 922 (92.5%)

Sex (=female) 73 580 (53.2%) 4808 (46.7%) 68 772 (53.8%) <0.001*

Age 60.53/17.7 63.25/16.9 60.31/17.7 <0.001†

Geographical region <0.001‡

 � Zurich 33 861 (24.5%) 2656 (25.8%) 31 205 (24.4%)

 � Lake Geneva 17 165 (12.4%) 1057 (10.3%) 16 108 (12.6%)

 � Midland 25 790 (18.7%) 1895 (18.4%) 23 895 (18.7%)

 � Northwest 21 009 (15.2%) 1565 (15.2%) 19 444 (15.2%)

 � East 19 330 (14.0%) 1583 (15.4%) 17 747 (13.9%)

 � Ticino 12 562 (9.1%) 988 (9.6%) 11 574 (9.0%)

 � Central 8505 (6.2%) 556 (5.4%) 7949 (6.2%)

 � Purchasing power 101.78/20.3 101.45/20.1 101.80/20.3 0.209†

 � Surgical/medical (=medical) 52 657 (38.1%) 5174 (50.2%) 47 483 (37.1%) <0.001*

 � Length of stay 4.56/4.8 9.07/8.9 4.20/4.1 <0.001†

Major diagnostic category <0.001‡

 � Musculoskeletal system 29 362 (21.2%) 1176 (11.4%) 28 186 (22.0%)

 � Digestive system 22 488 (16.3%) 1396 (13.6%) 21 092 (16.5%)

 � Circulatory system 17 682 (12.8%) 1588 (15.4%) 16 094 (12.6%)

 � Female reproductive system 9263 (6.7%) 489 (4.7%) 8774 (6.9%)

 � Kidney and urinary tract 8598 (6.2%) 1403 (13.6%) 7195 (5.6%)

 � Ear, nose, mouth and throat 8102 (5.9%) 537 (5.2%) 7565 (5.9%)

 � Respiratory system 7213 (5.2%) 649 (6.3%) 6564 (5.1%)

 � Skin, subcutaneous tissue and 
breast

7118 (5.1%) 560 (5.4%) 6558 (5.1%)

 � Nervous system 6989 (5.1%) 544 (5.3%) 6445 (5.0%)

 � Hepatobiliary system and 
pancreas

5442 (3.9%) 569 (5.5%) 4873 (3.8%)

 � Male reproductive system 4459 (3.2%) 346 (3.4%) 4113 (3.2%)

 � Other 11 506 (8.3%) 1043 (10.1%) 10 463 (8.2%)

Cost weight 0.99/0.7 1.15/1.0 0.97/0.7 <0.001†

*Kruskal-Wallis test. 
†Fisher exact test. 
‡X2 test.  on A
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PCGs, an established measure for detection of a set of 22 
comorbidities via medication use in Swiss claims data,26 
variables of healthcare utilisation in the year prior to the 
index hospitalisation (eg, grouped costs, visits and hospi-
talisations), and socioeconomic and sociodemographic 
information (eg, sex, age, regional information of resi-
dence, purchasing power). Since we wanted to build a 
model using only information available at admission, the 
following variables principally available in Swiss health 
insurance claims data could not be used as predictors: 
LOS, MDC and DRG cost weight of the index admission, 
and postoperative health services use.

Population
Table  1 shows characteristics of the patients and their 
index hospitalisations. The study population was distrib-
uted across all geographical regions of Switzerland, 
had an average purchasing power index, and the index 

hospitalisations had an average complexity according to 
their cost weights.

Readmitted patients were about 3 years older and 
more often male, the index hospitalisations of read-
mitted persons were more often medical (as compared 
with surgical), longer and had a higher complexity as 
compared with those of non-readmitted persons. The 
MDC were distributed differently in index admissions 
followed by a readmission compared with those without 
a readmission. The most prevalent MDC in index admis-
sions followed by a readmission was circulatory system, 
while in those without a readmission it was musculoskel-
etal system.

A complete list of bivariate analysis of all poten-
tial predictors available at admission with the primary 
outcome can be found in the online supplementary 
appendix 2.

Raw rates
Four different readmission rates were calculated: for 
readmissions within 30 days of discharge (7.5%, primary 
outcome), within a single DRG case (ie, within 18 days, 
2.9%), and readmissions within 60 (11.2%) and 90 days 
(14.0%), respectively. Figure 1 shows the cumulative inci-
dence of readmissions by number of days after discharge. 
The secondary outcome readmission within a single DRG 
case is not depicted in figure 1 since additional restric-
tions were applied (only readmissions within the same 

Figure 1  Reverse Kaplan–Meier curve of readmissions.

Figure 2  Raw rates of readmission split by subgroups.
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MDC as the index admission). The proportion of patients 
with a readmission increases smoothly and decelerates 
with increasing number of days after discharge. Based on 
figure 1, there is no single follow-up period which should 
be preferred on the others.

Figure 2 shows the raw rates of the primary outcome 
in the selected subgroups. The red line indicates the 
readmission rate in the total study population. The read-
mission rate rose with increasing age, showing a linear 
correlation between the two except for the lowest and the 
highest age groups. Readmission rates differed between 
geographical regions with no apparent pattern. Read-
mission rates were higher if the index hospitalisation was 
an emergency admission, for a medical (as opposed to 
surgical) stay or for stays of 3 days or longer. Subgroups 
according to the MDC of the index hospitalisation had 
largely different readmission rates. Patients with the most 
prevalent MDC, diseases of the musculoskeletal system, 
had the lowest readmission rate (n=29 362, rate=4.0%). 
Patients with a hospitalisation because of a disease of the 
kidney or urinary tract (n=8598, rate=16.3%) had by far 
the highest readmission rate, which is more than four 
times the one in patients with a disease of the musculo-
skeletal system.

Variable selection
The first step of the variable selection process resulted 
in 33 variables having an LRT with a p<0.001. The auto-
mated stepwise variable deletion of step two left 21 vari-
ables in the model. In the third step, we deleted seven 
variables manually (PCG gout, PCG intestinal inflamma-
tory diseases, prosthesis, costs home care, costs medica-
tion outpatient, health plan, language region).

Effect modification was explored in the fourth step, but 
considering interaction terms did not improve the model. 
Therefore no interaction terms were added to the model. 
The resulting final model contained the following 14 vari-
ables as predictors: PCG cancer, PCG cardiac disease, PCG 
pain, emergency index admission, number of emergency 
visits, costs specialists, costs hospital outpatient, costs 
laboratory, costs therapeutic devices, costs physiotherapy, 
number of outpatient visits, sex, age group, geographical 
region.

Model performance
The ORs of each predictor of the final model are depicted 
in table  2. The predictors with the largest effects were 
emergency index admission (OR 1.50, 95% CI 1.43 to 
1.56), high hospital outpatient costs (1.50 (1.43 to 1.56)) 
and age group 80–89 years (1.50 (1.43 to 1.56)).

The discriminatory power of our model is limited 
(table  3). The AUC using the entire study population 
was 0.60 (95% CI 0.60 to 0.61). Fitting the model to the 
specific subgroups, which are likely to be more homo-
geneous, improved the model discrimination in two 
subgroups (MDC musculoskeletal system and surgical 
patients). The best AUC resulted in the group with the 
MDC musculoskeletal system, where it was 0.66 (95% CI 

0.65 to 0.67). The calibration of the model was good. Cali-
bration-in-the-large was 1.02 (95% CI −0.28 to –2.32), the 
calibration slope was 0.86 (95% CI 0.72 to 1.01).

The PPV using a balanced cut point was low. In the 
model relating to the entire study population, it made up 
9.9%, which means that 9.9% of the patients predicted to 
have a readmission did in fact have one. NPV was 94.5%, 
sensitivity was 58.6% and specificity was 56.8%. The detec-
tion prevalence was 44.3%.

Table  4 shows the results of the sensitivity analysis 
with the primary and all three secondary outcomes. The 
model discrimination increased very slightly with longer 
follow-up periods.

Discussion
The present study found that a prediction model based 
on patient-level variables available in claims data and at 
the time of the index admission alone is not promising. 
We, therefore, conclude that more sophisticated and 
resource-intensive attempts comparing a wide range of 
modelling techniques (eg, logistic regression, random 
forest, support vector machines, neural networks) are 
probably not worthwhile.

Results seem to be stable across patient subgroups, that 
is, with regard to age, geographical region, emergency 
status or clinical information. The developed model 
discriminated poorly, though it was well calibrated. Sensi-
tivity analysis using a mixed-effects model with random 
intercepts per hospital and using pre-processed (centred, 
scaled and transformed) instead of categorised contin-
uous variables did not improve the model performance 
meaningfully (results not shown).

Our comparison of the subgroups showed significant 
differences in their prevalence in the hospitalised and 
readmitted population and their raw readmission rates. 
However, we did not find relevant improvements in the 
model performance if we fitted our model to one of the 
subgroups. Existing HRPM are often restricted to such 
subgroups of the general population.7 The results of this 
study do not provide a statistical reason for restricting the 
target population of an HRPM.

Based on clinical considerations, it is debated contro-
versially whether 30 days readmissions are an appropriate 
performance indicator for hospitals.27 Our data did not 
suggest a certain follow-up time in an HRPM, neither in 
the cumulative incidence rate nor in the performances 
the models achieved with different outcomes.

Models enabling real-time use by restricting input vari-
ables to timely available ones exist,28 29 as well as models 
relying on claims data.30 31 However, to our knowledge, 
the present study is the first combining these two aspects, 
developing a model with variables available at admis-
sion that were based on claims data. The Preadmission 
Readmission Detection Model (PREADM model)28 
included only variables available at admission derived 
from electronic health records and other administrative 
sources, including chronic disease registries and data on 
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behavioural risk indicators. It achieved an AUC of 0.69 
in the test set, and depending on the chosen cut point 
the PPV ranged from 17.6% to 34.3%. According to the 
authors, the model performance of a readmission predic-
tion model is likely to be low, since only a fraction of all 
readmissions are deemed avoidable (ie, the readmissions 
might occur due to a random unpreventable health 
problem). The fact that a model using only claims data 
can be improved by adding additional information (eg, 
clinical, psychosocial) was shown in a recent study in the 
USA.30 However, the reported improvement between the 
claims-only (AUC=0.63) and the more elaborate model 
(AUC=0.65) was rather small. Similar findings7 31 suggest 
that a claims-only model benefits little from adding clinical 

data, and that readmission risk prediction remains poorly 
understood.

Our model performance lined up with existing 
approaches and stayed as such below a practical benefit. 
To be useful, the model should identify only patients 
having a high risk for a rehospitalisation. Our model 
predicts 44.3% of the patients to have a rehospitalisation 
(detection prevalence), but only 9.9% of them had in fact 
one (PPV). This marginal improvement of our prediction 
model over an uninformed model (with 50% detection 
prevalence and the actual rehospitalisation rate of 7.5% 
as PPV) does not justify the costs of an implementation of 
the model into production.32

Table 2  Estimated coefficients of the final model

Term OR (95% CI) P value

(Intercept) 0.05 (0.04 to 0.06) <0.001

Pharmacy-based cost group (PCG) cancer (=yes) 1.26 (1.12 to 1.42) <0.001

PCG cardiac disease (=yes) 1.09 (1.03 to 1.14) 0.001

PCG pain (=yes) 1.16 (1.10 to 1.23) <0.001

Emergency index admission (=yes) 1.50 (1.43 to 1.56) <0.001

No of emergency visits (=one) 1.06 (1.00 to 1.12) 0.054

No of emergency visits (=multiple) 1.15 (1.07 to 1.25) <0.001

Costs specialists (=low) 0.93 (0.88 to 0.99) 0.013

Costs specialists (=high) 0.87 (0.81 to 0.94) <0.001

Costs hospital outpatient (=low) 0.99 (0.94 to 1.04) 0.752

Costs hospital outpatient (=high) 1.28 (1.18 to 1.38) <0.001

Costs laboratory (=low) 1.13 (1.06 to 1.21) <0.001

Costs laboratory (=high) 1.31 (1.21 to 1.42) <0.001

Costs therapeutic devices (=low) 1.07 (1.01 to 1.12) 0.012

Costs therapeutic devices (=high) 1.20 (1.11 to 1.30) <0.001

Costs physiotherapy (=low) 0.88 (0.83 to 0.93) <0.001

Costs physiotherapy (=high) 0.87 (0.79 to 0.95) 0.002

No of outpatient visits (=low) 0.81 (0.73 to 0.89) <0.001

No of outpatient visits (=high) 0.84 (0.74 to 0.94) 0.003

Sex (=male) 1.30 (1.24 to 1.35) <0.001

Age group (=30–39) 0.98 (0.87 to 1.11) 0.786

Age group (=40–49) 1.16 (1.04 to 1.30) 0.008

Age group (=50–59) 1.25 (1.12 to 1.39) <0.001

Age group (=60–69) 1.40 (1.26 to 1.56) <0.001

Age group (=70–79) 1.38 (1.24 to 1.53) <0.001

Age group (=80–89) 1.50 (1.34 to 1.68) <0.001

Age group (=90+) 1.26 (1.06 to 1.50) 0.009

Region (=Lake Geneva) 0.75 (0.69 to 0.81) <0.001

Region (=Midland) 0.92 (0.87 to 0.98) 0.011

Region (=Northwest) 0.94 (0.88 to 1.01) 0.079

Region (=East) 1.05 (0.98 to 1.12) 0.187

Region (=Ticino) 0.96 (0.88 to 1.03) 0.243

Region (=Central) 0.82 (0.74 to 0.90) <0.001
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Nevertheless, the study examined important aspects in 
the understanding of hospital readmissions. Contrary to 
existing suggestions,7 we did not find meaningful inter-
actions between variables. Patient’s age was available in 
most existing models, but was not considered in most 
final models due to their small contribution. We found 
a strong association between age and the readmission 
risk. This may be explained by the fact that we included a 
broad range of age groups while other models were solely 
based on an elderly population.

Patients with an emergency index hospitalisation 
consistently had an elevated readmission risk across all 
subgroups (OR 1.50, 95% CI 1.43 to 1.56) in the general 
population). An emergency visit in the year prior to the 
index admission was also an important predictor for read-
missions, and patients without any outpatient visit had an 
elevated readmission risk as well. Emergency admissions 
and having no outpatient visits might be indicators of 
a delay of seeking care. Since these three variables are 
associated with an elevated readmission rate, it should be 
investigated in more depth if delay of healthcare is a rele-
vant risk factor for hospital readmissions. In addition, the 
readmission rates of patients of the different geograph-
ical regions of Switzerland varied widely, even when we 
controlled for confounding in the regression model. 
This aspect should be examined in more detail in future 
research as well.

A main strength of the study is the fact that the data 
we used are characterised by a high availability and reli-
ability and included the general population as well as all 
healthcare providers of the whole country. We were able 
to observe a large number of hospitalisations (n=138 222) 

and covered a large share of inhabitants of Switzerland. 
The measured readmission rates in the study population 
were in line with official statistics,33 reporting 8.7% and 
12.3% for the 30 days and 60 days readmission rates for 
the year 2013.

Several limitations of our study need to be considered. 
Although the literature search was done systematically, 
we may have missed important articles and therefore 
relevant candidate variables which could have been 
extracted from our data. Second, Swiss claims data were 
our only data source and our results may thus not be 
transferable to other countries. Further, each patient was 
included into the study population only once, since we 
only used the first hospital admission per person as index 
hospitalisation.

The aim of the present study was to evaluate the poten-
tial of existing evidence (ie, previously published litera-
ture) and existing data sources (ie, health insurance claims 
data) for a promising risk prediction tool. Given that 
the present study was planned as a proof-of-concept we 
took some simplifying approaches in the model building 
process. The categorisation of all continuous variables 
based on their distribution in the present data helped 
to allow for non-linear relationships with the outcome, 
but led to some information loss in these variables. 
Although, in a sensitivity analysis with centred, scaled and 
transformed (Yeo-Johnson transformation) continuous 
variables, we did not find a meaningful improvement 
of the model discrimination (see online supplementary 
appendix 3). Furthermore, we used logistic regression, 
which is the most widely used analysis method in existing 
HRPM. However, other methods (eg, random forest) 
could achieve better discriminatory power than logistic 
regression given the same data.12

In addition, we used a theory-based approach for 
identification of candidate variables. Alternatively, a 
data mining approach might derive different candidate 
variables from the available data, which might result in 
a better model performance. However, acceptance by 
healthcare professionals is an important prerequisite for 
an effective implementation of a risk prediction tool in 
clinical practice. We are convinced that the acceptance 
is higher when predictors are derived from medical 
concepts and well established as opposed to technically 
derived items.

We derive several implications from the present pilot 
study for further research. First, following the path of 
using patient-sided factors currently available in Switzer-
land at the time of hospitalisation alone is not worthwhile 
for the development of a clinically relevant risk predic-
tion tool. However, and second, health insurance claims 
data at the patient level seem to be very useful to inves-
tigate rehospitalisations and to identify potential predic-
tors. They might provide additional helpful information 
supplementary to current reporting on the hospital 
level.9 Third, given the fact that patient-sided factors 
alone seem to have limited predictive power, we hypoth-
esise that a hierarchical model that includes data on the 

Table 3  Model discrimination (area under curve, AUC) in 
the entire population and in subgroups

Population AUC 95% CI

Entire study population 0.60 0.60 to 0.61

Age group 70–79 0.59 0.58 to 0.60

Region Zurich 0.60 0.59 to 0.61

Emergency index admission 0.57 0.56 to 0.58

Surgical patients 0.62 0.61 to 0.63

Medical patients 0.58 0.57 to 0.59

Musculoskeletal system 0.66 0.65 to 0.67

Kidney and urinary tract 0.60 0.57 to 0.62

Length of stay ≥3 days 0.58 0.57 to 0.59

Table 4  Model discrimination (area under curve, AUC) with 
primary and secondary outcomes

Population AUC 95% CI

Within 18 days of discharge 0.60 0.59 to 0.61

Within 30 days of discharge 0.60 0.60 to 0.61

Within 60 days of discharge 0.61 0.61 to 0.62

Within 90 days of discharge 0.62 0.62 to 0.62
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hospital level could achieve better results. In-hospital 
process factors and supply of health services, especially 
of hospital beds, could add important information to 
explain the differences in regional readmission rates,7 34 
and thus increase the discriminatory power of the model. 
Moreover, as readmission rates vary widely between coun-
tries,35 it may also be helpful to examine the incentives in 
place in different healthcare systems.

Conclusion
Opposed to our assumption, this attempt of a prediction 
model for rehospitalisations on patient-sided variables 
alone derived from Swiss health insurance claims data 
available at the time of a hospitalisation did not lead to 
a practically useful risk discrimination. This pilot study 
may be helpful for the design of future studies and for 
the allocation of resources for research and quality assur-
ance projects. Based on these results, we recommend that 
future studies focus on surrogates for patient’s health-
seeking behaviour, in-hospital process factors, supply 
parameters or incentives on the healthcare system level. 
The results are specifically relevant for the ongoing polit-
ical debate in Switzerland about how to use and imple-
ment healthcare information in order to increase the 
efficiency of the healthcare system. However, since the 
study is based on an international literature review, the 
results may also be helpful for researchers from other 
healthcare systems. Given the fact that a part of the occur-
ring rehospitalisations is preventable, future research on 
how to identify the population at risk is of high relevance 
for patients and all involved stakeholders.
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