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Purpose: A high number of hospital admissions may indicate poor general health and less 
than optimal health care across sectors. To prevent hospital admissions, previous studies have 
focused on predicting readmissions relating to a defined index admission and specific 
condition, whereas generic models suited for community-dwelling persons are lacking. The 
aim of this study was to validate a generic model that predicted risk of emergency hospital 
admission within the following three months and to investigate regional variation.
Materials and Methods: This study is an observational register-based validation study of 
a prediction model. The prediction model was based on a population of frail elderly, persons with 
non-communicable diseases, and persons with three emergency hospital admissions using 
information about diagnoses and hospital contacts. The prediction model consisted of two stages. 
In the first stage, covariate associations to admissions are estimated from observed data in 
one year. In the second stage, admissions are predicted in the coming three months based on 
observed estimations from the first stage. The validity of the model was calculated by comparing 
predicted and observed admissions from August 1st to October 31st, 2016.
Results: The study included 112,026 persons. In nationwide data, area under the curve 
(AUC) was 0.7742 (95% CI 0.7698–0.7786), and the positive predictive value was 52% for 
the 99th percentile (the top 1%). AUC varied between regions from 0.6914 in Southern 
Denmark (95% CI 0.6779–0.7049) to 0.8224 (95% CI 0.8064–0.8384) in North Denmark. 
AUC was higher with nationwide data compared to regional.
Conclusion: The model performed satisfactorily in predicting individual risk of emergency 
hospital admission.
Keywords: hospital admissions, prediction, chronic disease, frailty, prevention

Introduction
A high number of emergency hospital admissions may indicate poor general health1 

and less than optimal healthcare planning across sectors. Some hospital admissions 
are caused by ambulatory care sensitive conditions that may be prevented by 
interventions in primary care or outpatient hospital care.2

Persons with non-communicable diseases such as heart diseases and chronic 
obstructive pulmonary disease (COPD) are at risk of becoming high-cost users of 
healthcare resources.3 The incidence of unplanned hospital admissions for ambula-
tory care sensitive conditions varies with geographical regions, bed availability and 
quality of primary care.4,5 Being a high-cost user is associated with multimorbidity, 
mental illness, higher age and low income.6 Number of comorbidities as well as 
specific combinations thereof are associated with increased risk of hospital 
admissions,7 and hospital admissions are a substantial driver of healthcare costs.8
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Aging populations and increasing healthcare costs call 
for rigorous prioritization of the delivery of healthcare 
resources and the recipients. Predicting which persons 
will become high-cost users and at high risk of needing 
specialized health care may enable timely preventive mea-
sures. Prediction models should accommodate the diver-
sity and complexity of this population.9 Prediction models 
primarily based on administrative or clinical data tend to 
perform better than models developed with self-reported 
data.10 Most models that predict hospital admissions have 
moderate discriminative ability.10,11 In addition to disease- 
specific prediction models, generic models to predict hos-
pital admissions have also been developed, but they 
mostly focus on readmission after a defined index admis-
sion, and prediction models without a defined index 
admission are rare.11,12 A generic model needs to encom-
pass a wide range of conditions and time points in the 
healthcare trajectory, which may increase complexity but 
also enable preventive measures for patients with multi-
morbidity and general frailty. It is pertinent to develop 
generic prediction models that support personalized treat-
ment and care across diagnoses. Focusing on modifiable 
risk factors and preventability of admissions may support 
the use of prediction models in case-finding and prioritiz-
ing patients for more intensive supportive measures.

In Denmark, a national randomized controlled trial of 
telephone-based self-management support entitled 
Proactive Health Support (PaHS) took place from 
April 2018 to July 2019.13 The participants in the trial 
were identified through an algorithm that calculated indi-
vidual risk of hospital admission within the following 
three months – the PaHS prediction model. The aim of 
this article is to validate the PaHS prediction model to 
predict individual risk of hospital admission and to inves-
tigate the extent of regional variation.

Materials and Methods
Design
This nationwide cohort study was based upon two years 
of information from healthcare registers to predict the risk of 
hospital admissions. This study describes the validation of the 
PaHS prediction model alone, whereas model development is 
outside the scope of this study. The model development was 
data driven as well as informed by strategic decisions in 
focusing on predefined preventive admissions and the three 
target groups described below. This study is reported using the 
TRIPOD statement.14 Since the PaHS prediction model was 

used to select participants for a randomized controlled trial and 
the intervention might affect hospital admissions, we per-
formed the analyses on information predating the trial and 
the preceding implementation period.15 Therefore, the vali-
dated prediction period was from August 1st to October 31st, 
2016.

Participants
The target groups to be included in the PaHS prediction 
model were defined with the following inclusion criteria: 1. 
The chronic disease group: Persons with a hospital contact 
within the last year caused by ≥1 of the following diagnoses: 
heart diseases, connective tissue diseases, pulmonary dis-
eases or diabetes and one or more emergency hospital con-
tacts within 12 months. 2. The emergency group: Persons 
with three or more emergency hospital contacts in the past six 
months. 3. The frail elderly group: Persons aged 65 years or 
more with a preventable hospital admission (admissions 
caused by the following diagnoses: dehydration, constipa-
tion, lower respiratory tract infections, urinary tract infec-
tions, gastroenteritis, fractures, nutritional deficiency anemia, 
social causes, and pressure ulcers) or an emergency read-
mission (within 30 days regardless of diagnosis). The three 
target groups were selected because of the frequency of 
hospitalizations and clinical experiences with earlier versions 
of PaHS. Persons belonging to either one of the three target 
groups aged 18 or above were included in the prediction 
calculation. Persons with a contact within 12 months of the 
following psychiatric diagnoses were excluded: substance 
abuse disorder, schizophrenia or dementia and metastatic 
cancer. Diagnosis codes are included in the Supplementary 
Material, Table 1.

Data
All data were derived from the Danish National Patient 
Register (DNPR) and assembled at Statistics Denmark. 
During analysis, data were pseudonymized and managed 
according to the requirements of the Danish National Data 
Protection Agency (Reference Nr. 06046). The dependent 
variable was a composite score of risk for preventable and 
acute hospital admissions. Covariates were age, gender, 
diagnoses, number and type of outpatient visits, admis-
sions, preventable admissions predefined by diagnosis, 30- 
day readmissions, bed days, referral, acute vs planned 
contacts, pulmonary and cardiac surgery, any surgery, 
medical specialty, costs and dates for all contacts and 
procedures. The full list of covariates can be found in the 
Supplementary Material, Table 2.
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For this study, we included information from the 
DNPR from August 1st, 2014 to October 31st, 2016. The 
prediction is calculated for emergency admissions from 
August 1st to October 31st, 2016.

Analyses
PaHS Prediction Model
The PaHS prediction model predicts risk of emergency 
hospital admission in the three months following the pre-
diction date based on information from hospital contacts in 
a period of one year prior to the three months. The impact 
of each covariate on the risk of emergency hospital admis-
sion is estimated from the corresponding data one year 
prior.

Initially, persons in the three target groups were identi-
fied (the chronic disease, emergency and frail elderly 
groups). In the first estimation step, several generalized 
linear models are then conducted. The first set of analyses 
is regressions on number of emergency admissions (within 
the three months) with a chosen set of variables (based on 
the prior year). This is done separately for the 57 different 
covariates presented in Supplementary Material, Table 2. 
The 57 covariates and their derived forms are modeled 
separately at first to allow for more flexibility, and the 
values for each individual are included in the next 
model, see Supplementary Material Table 3. The second 
step combines the results from step one in one regression 
model, and the third step is a logistic regression of admis-
sion (yes/no) based on the values in the second model.

These steps are conducted separately for emergency 
admissions and preventable emergency admissions as the 
dependent variable resulting in two scores. Finally, the two 
scores are combined into one by summing them each 
weighted by their share of a common sum of both areas 
under the receiver operating characteristic (ROC) curve. 
Predictions are made by the same three steps, using results 
from the estimation part as weight/loadings in each step. In 
consequence, regression coefficients estimated in the esti-
mation period are combined with register information on 
the outcome hospital admissions in the prediction period. 
The samples for the first estimation step and the second 
prediction step are separated by time and both include 
100% of the sample.

Validation
Applying the PaHS prediction model, we calculated a risk 
score of emergency hospital admission in the three months 
from August 1st to October 31st, 2016. The predicted risk 

was then compared with information on emergency hospi-
tal admission within the same three months registered in 
the DNPR. The ROC and the corresponding area under the 
curve (AUC) were used to evaluate the discriminative 
ability of the PaHs predicted risk. Sensitivity, specificity, 
positive and negative predictive values were calculated for 
the 10th, 25th, 50th, 75th, 90th, 95th and 99th percentiles. 
The main model discrimination result is AUC. Due to 
clinical relevance, secondary results are the positive pre-
dictive value of the 95th and 99th percentiles since they 
represent high-risk healthcare users. Model calibration was 
estimated with the Brier score.

Since precision of the PaHS model may depend on the 
number of individuals included in the prediction, the calcula-
tion of PaHS risk score and validation was conducted for the 
whole country and for each of the five Danish regions.

Results
There were 112,026 persons aged 18 and over, who were 
included in at least one of the three target groups on 
August 1st, 2016. Table 1 presents characteristics of the 
included persons.

Most participants were aged 65 years or older, 52% 
were women and 71% had at least one predefined chronic 
disease. The Capital Region differed from the other four 
regions by having a younger population, more women and 
fewer participants with chronic diseases compared to the 
other four regions.

Between August 1st and October 31st, 2016, 
11,748 persons had one or more emergency hospital 
admissions.

Table 2 presents the sensitivity, specificity, positive and 
negative predictive value and the predicted risk threshold 
for the 10th, 25th, 50th, 75th, 90th, 95th, 99th percentiles 
with national data. The positive predictive value for the 
99th percentile (top 1%) ranged from 0.251 (95% CI 
0.193–0.309) in Southern Denmark to 0.656 (95% CI 
0.589–0.723) in Zealand with a national average of 0.517 
(95% CI 0.488–0.546) (Table 2). Model performance with 
regional data is presented in the Supplementary Material, 
Table 4. For regional data, the positive predictive value for 
the 99th percentile (top 1%) ranged from not applicable in 
Southern Denmark to 0.446 (95% CI 0.4–0.493) in the 
Capital.

Figure 1 presents the receiver operating characteristic 
curve. Area under the curve (AUC) was 0.7742 (95% CI 
0.7698–0.7786) for the whole country when the model 
used national data.
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Table 3 presents AUC for each region when the model 
ran national and regional data, respectively. The model 
performed better with national data for estimation. While 
the AUC for four regions was ≥0.77 regardless of national 
or regional data, Southern Denmark had AUC of 0.69 
(95% CI 0.6779–0.7049) with national data but only 0.64 
(95% CI 0.6260–0.6535) on regional data.

Table 4 presents model calibration (accuracy) esti-
mated with the Brier score. The Brier score was 0.09 for 
the national model and no higher than 0.11 in all regions.

Discussion
Findings
The PaHS prediction model demonstrated satisfactory pre-
dictive value. The positive predictive value and AUC in 
Southern Denmark were well below the other regions. This 
may be explained by the relatively low number of emer-
gency hospital admissions in this region, since the discrimi-
natory ability of any prediction model may be reduced when 
the outcome prevalence is low.16 Furthermore, there may be 
indeterminable variation in registration practice between the 
regions such as classifying more hospital admissions as 
“planned” rather than “emergency”.

Strengths and Weaknesses
The complexity of the model enables prediction in 
a population that is heterogeneous in disease 

characteristics as well as point in the healthcare trajectory 
since there is no index admission. This demanding task is 
managed by using the estimated associations to calculate 
the expected number of admissions for each individual for 
each of the 57 covariates. The PaHS prediction model may 
identify persons already having many hospital admissions 
as well as those at risk of becoming consistently frequently 
admitted. The model design builds on estimation on the 
two years prior to prediction date and therefore assumes 
similar patterns of hospital admission in both years, which 
would account for seasonal variation but not clinical dis-
ease progression or recovery. A drawback of the model is 
the number of covariates that might imply overfitting of 
the model and might lead to errors in local implementa-
tion. The results, however, speak against overfitting since 
the model performed satisfactorily in four of the five 
regions. Furthermore, the Brier score was 0.09 overall 
and no higher than 0.11 in all regions suggesting fair 
model accuracy.

Similar Studies
The national AUC of 0.77 is comparable to other admis-
sion prediction models that rarely exceed 0.80.10 Other 
models with good discriminatory value have included pre-
dictors such as prior healthcare use, multimorbidity or 
polypharmacy and named medical diagnoses or prescrip-
tion medication.10 The predictive value of the current 
model might improve with information about prescription 

Table 1 Sample Characteristics

Participant Characteristics Denmark Region

North 
Denmark

Central 
Denmark

Southern 
Denmark

Capital Zealand

Total n=112,026 n % n % n % n % n % n %

Gender - Female 58,235 51.98 4700 51.71 9454 49.69 10,853 50.63 23,492 54.21 9736 50.87

Age

18–44 18,277 16.31 1298 14.28 2428 12.76 3185 14.86 9010 20.79 2356 12.31

45–54 10,837 9.67 839 9.23 1652 8.68 2035 9.49 4581 10.57 1730 9.04
55–64 15,159 13.53 1252 13.77 2530 13.30 2961 13.81 5948 13.72 2468 12.90

65–74 28,916 25.81 2411 26.52 5262 27.66 5480 25.57 10,177 23.48 5586 29.19

75–84 25,785 23.02 2161 23.77 4857 25.53 5228 24.39 8840 20.40 4699 24.55
85+ 13,052 11.65 1129 12.42 2298 12.08 2545 11.87 4781 11.03 2299 12.01

Chronic diseases* 79,560 71.02 6742 74.17 14,208 74.67 15,983 74.57 29,045 67.02 13,582 70.97
Emergency contacts† 24,565 21.93 1834 20.18 2839 14.92 4137 19.30 12,724 29.36 3031 15.84

Frail elderly‡ 32,024 28.59 2109 23.20 6211 32.64 5379 25.10 11,004 25.39 7321 38.25

Notes: *Chronic diseases: Heart, connective tissue, lung and diabetes. †Emergency contacts: ≥ three acute hospital contacts within six months. ‡Frail elderly: ≥ 65 years of 
age and a preventable admission within 12 months.
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medication. But these data are not available in the Danish 
National Patient Register, and they are registered with 
some delay, which would outdate the risk prediction.

Implications
The model is not focused on one specific condition and 
may be used to identify and prioritize community-dwelling 
adults for preventive measures. The model was developed 
for prioritization without a predefined cutoff. Based on the 
positive predictive value, focusing preventive interven-
tions on the top 1% or top 5% would secure a relevant 
patient population.

Targeting high-risk persons for interventions includes the 
risk of the sample regressing towards the mean,17 which may 
dilute intervention efficacy. For example, an otherwise well- 
designed trial of highly intensive supportive care for so- 
called superutilizers turned out negative because the control 
group also experienced lower hospital admissions and 
a prediction model was not utilized.18 The PaHS prediction 
model was employed to select patients for telephone-based 
self-management support. The impending evaluation of the 
trial will demonstrate intervention efficacy and investigate 
whether predicted risk interacts with intervention effects. 
Since patients have untethered access to their own patient 
records, documentation of any risk score in a patient record 
has ethical implications and requires strong communicative 
skills to avoid stigmatization, ensure patients’ understanding 
of the risk score and ensure patient involvement in deciding 
whether to disclose the risk score. The PaHS prediction 
model was used to invite patients for trial participation. 
Although the risk score was not intended to have any role 
in the intervention, the topic might come up since randomi-
zation was stratified by risk score. The nurses with patient 
contact were well trained in communication.13 A qualitative 
observational study of 22 start-up sessions did not identify 
the predicted risk as a theme19 and it therefore seems unlikely 
that participants were burdened from the topic.

Future Research
The present prediction model assigns a risk to each patient 
at a given date but does not differentiate between stable, 
fluctuating, decreasing and increasing risk. Furthermore, 
high-cost healthcare users are heterogeneous and frequent 
users only account for a small portion of the population.9 

Figure 1 Receiver operating characteristics curve for national data.

Table 3 Area Under the Curve for Each of the Five Regions Predicted with National and Regional Data Respectively

Area Under the Curve N AUC* 95% CI

Predicted with national data Denmark 112,026 0.7742 (0.7698–0.7786)
North Denmark 9090 0.8224 (0.8064–0.8384)

Central Denmark 19,027 0.7978 (0.7874–0.8082)
Southern Denmark 21,434 0.6914 (0.6779–0.7049)

Capital 43,337 0.7850 (0.7781–0.7920)
Zealand 19,138 0.7891 (0.7798–0.7984)

Predicted with regional data North Denmark 9090 0.7658 (0.7470–0.7846)
Central Denmark 19,027 0.7726 (0.7616–0.7836)

Southern Denmark 21,434 0.6397 (0.6260–0.6535)

Capital 43,337 0.7730 (0.7658–0.7803)
Zealand 19,138 0.7756 (0.7660–0.7852)

Notes: *Area under the receiver operating characteristics curve with 95% Confidence Intervals. Emergency hospital admissions predicted from August 1st to October 31st, 
2016.
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Future prediction models could focus on identifying per-
sons that are at risk of developing a high use of healthcare 
resources, such as trajectory modelling or mapping events 
that make the overall burden of disease and treatment 
unmanageable for each patient.

Conclusions
Individual risk of emergency hospital admissions can be 
satisfactorily predicted.

Data Sharing Statement
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