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Abstract

Background: Predictive analytics based on data from remote monitoring of elderly via a personal emergency response system
(PERS) in the United States can identify subscribers at high risk for emergency hospital transport. These risk predictions can
subsequently be used to proactively target interventions and prevent avoidable, costly health care use. It is, however, unknown
if PERS-based risk prediction with targeted interventions could also be applied in the German health care setting.

Objective: The objectives were to develop and validate a predictive model of 30-day emergency hospital transport based on
data from a German PERS provider and compare the model with our previously published predictive model developed on data
from a US PERS provider.

Methods: Retrospective data of 5805 subscribers to a German PERS service were used to develop and validate an extreme
gradient boosting predictive model of 30-day hospital transport, including predictors derived from subscriber demographics,
self-reported medical conditions, and a 2-year history of case data. Models were trained on 80% (4644/5805) of the data, and
performance was evaluated on an independent test set of 20% (1161/5805). Results were compared with our previously published
prediction model developed on a data set of PERS users in the United States.

Results: German PERS subscribers were on average aged 83.6 years, with 64.0% (743/1161) females, with 65.4% (759/1161)
reported 3 or more chronic conditions. A total of 1.4% (350/24,847) of subscribers had one or more emergency transports in 30
days in the test set, which was significantly lower compared with the US data set (2455/109,966, 2.2%). Performance of the
predictive model of emergency hospital transport, as evaluated by area under the receiver operator characteristic curve (AUC),
was 0.749 (95% CI 0.721-0.777), which was similar to the US prediction model (AUC=0.778 [95% CI 0.769-0.788]). The top
1% (12/1161) of predicted high-risk patients were 10.7 times more likely to experience an emergency hospital transport in 30
days than the overall German PERS population. This lift was comparable to a model lift of 11.9 obtained by the US predictive
model.

Conclusions: Despite differences in emergency care use, PERS-based collected subscriber data can be used to predict use
outcomes in different international settings. These predictive analytic tools can be used by health care organizations to extend
population health management into the home by identifying and delivering timelier targeted interventions to high-risk patients.
This could lead to overall improved patient experience, higher quality of care, and more efficient resource use.

(JMIR Med Inform 2021;9(3):e25121) doi: 10.2196/25121
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Introduction

The German population is one of five super-aged societies, and
its population aged 65 years and older is projected to grow to
about 24 million in 2050—roughly one-third of the total German
population [1]. As a result, increasing demands are placed on
the health care system due to chronic diseases that are more
common in the elderly [2]. Emergency care in Germany is
chronically overloaded: the number of patients seen in the
emergency department (ED) doubled between 2005 and 2015
to around 25 million per year [3]. Older multimorbid patients
make up an average of 30% of the patients treated in German
EDs [4]. The number of hospital admissions by individuals aged
65 years and older is more than 49,000 per 100,000 annually
[5]. The country’s health care sector has begun to leverage
digital technology and eHealth solutions as part of a broader
effort to accommodate a healthier and more engaged older
population. Smartification of a person’s home through connected
technologies has the potential to alleviate the shortage of nursing
staff, support the desire of many elderly people to stay at home
longer, and reduce costs for municipalities and health care
services [6,7].

Such connected technologies include a personal emergency
response system (PERS), which can help older adults get
immediate assistance when a home-based incident occurs and
where delayed response may result in preventable health care
use such as ED visits [8]. The work described here builds on a
previous study in which we used data obtained from a US PERS
service to predict patients at high risk for imminent ambulance
transport to the hospital [9]. PERS is a widely used wearable
technology with a help button that is worn either as a bracelet
or pendant. Subscribers may press the help button at any time
to activate an in-home communication system that connects to
a 24/7 response center. The response center associate may
contact an informal responder (eg, a neighbor or family member)
or emergency medical services (EMS) based on the subscriber’s
specific situation, and follows up with the subscriber to confirm
that help has arrived. The response center associate records
notes from conversations with the subscribers in an electronic
record and classifies the type, situation, and outcome of the case
(Figure 1). In combination with user enrollment data, such as
demographics, caregiver network, and medical condition data,
these case data provide valuable information about subscriber
status.

Figure 1. Overview of the personal emergency response system process and case data collection. PERS: personal emergency response system.

PERS services collect information while the subscriber is at
home, including details such as timestamp, type, situation, and
outcome of calls, that have either medical (eg, falls, respiratory
issues, chest pain, or general pain) or social (eg, check-in calls)
nature [10]. Such events may be indicative of decline in patient
status, which may be captured earlier with PERS-based
prediction models than with models based on only clinical data
[11-14]. Previous efforts to predict health care use include
predictive modeling of hospital readmission [11], repeat ED
visits [12,13], and the use of specialized discharge services [14].
The LACE index uses 4 variables (length of stay [L], acuity of
the admission [A], comorbidity of the patient [C], and
emergency department use in the duration of 6 months before
admission (E)) and was designed for the prediction of death or
unplanned readmissions after hospitalization [15], achieving a
predictive performance of AUC=0.68. HOSPITAL, a risk score
for predicting 30-day potentially avoidable readmission,
achieved a performance of AUC=0.72 as evaluated in 9 hospitals
in 4 different countries [16]. Yet another study used 1-year
retrospective electronic medical record data to predict 30-day
ED revisits achieving AUC=0.70 in a prospective validation
cohort [12].

As a next step, we designed and executed a 2-arm randomized
control trial, which demonstrated that PERS-based risk
prediction with targeted interventions could reduce health care
use and costs [17,18]. In this study, a study nurse contacted

high-risk subscribers, conducted additional triaging and, if
deemed necessary, provided them with interventions including
educational support, nurse home visits, or primary care physician
referral. Based on the positive findings in the United States, we
are investigating if a PERS-based risk prediction system with
tailored interventions could also be applied in the German health
care setting [19]. Similar to the US study, the German study
requires a predictive model of risk of hospital transport in PERS
users. Therefore, the objectives of this paper are to (1) develop
and validate a predictive model of 30-day emergency hospital
transport based on German PERS provider data and (2) compare
the German and US models. It should be noted that various
structural differences between the German and US PERS data
prevented us from applying the US predictive model to the
German data directly or using a transfer learning approach.
Therefore, we opted to train a new prediction model on the
German data.

Methods

Retrospective Data Set
The first study aim was to develop a 30-day predictive model
of emergency hospital transport for a German PERS subscriber
population. The initial retrospective data set used to develop
the predictive model was extracted from the German PERS
service provider ServiceCall AG [20]. It contained data from
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8374 former PERS subscribers covering the period March 2006
through November 2018. Subscribers used a variety of PERS
devices commercially available in Germany. At the time of
study data collection, subscribers in the data set were deceased
for at least 1 year to minimize impact on data privacy. This
retrospective data study was approved by the Internal Committee
for Biomedical Experiments of Philips (ICBE-2-24827).

The extract contained historical data including subscriber
demographics such as gender, subscriber age at enrollment, and
number of responders the subscriber had listed who could be
contacted by the response center. The latter served as an
indication of the size of the subscriber’s support network. In
addition, the data set included self-reported medical conditions
and medications provided by the subscriber at the time of
enrollment.

Finally, the data set contained case data, which represent
interactions with the response center such as incidents (where
the subscriber requires assistance) or nonincidents such as test
calls, false alarms, or technical issues. For interactions classified
as incidents, a number of different situations were recorded (eg,
subscriber has fallen), as well as a number of different follow-up
actions, including contacting a friend or family member, having
a conversation with the subscriber to jointly resolve the problem,
or, in some cases, contact EMS.

Inclusion and Exclusion Criteria
Subscribers were included in the analysis if they were active
on the service at any time between January 1, 2012, and January
1, 2018. Subscribers were included in the analysis if they had

a listed age between 18 and 100 years at the time of enrollment
on the PERS service. Furthermore, subscribers were excluded
if their contract end date predated the start date, presumably
due to administrative error. Subscribers who did not have a
unique identifier in the data set (ie, that shared a pseudonym
with another subscriber) were also excluded. After applying
inclusion and exclusion criteria, data from 5805 subscribers
remained for analysis.

Data Processing
The retrospective data set included a table consisting of
subscriber data with a single row for each subscriber and a case
data table with each row representing a single case. The tables
were processed in the statistical programming software R (R
Foundation for Statistical Computing).

The case data were characterized in terms of case types, case
reasons, and case outcomes (Table 1). The case data for each
subscriber were then aggregated by determining the frequency
and recency of each of the case types, reasons, and outcomes.
The frequency represents the number of a particular case that
the subscriber has experienced, while the recency represents
the time that has passed since the subscriber has experienced a
particular case. Up to 2 years of historic case data were used to
derive these features. The frequency and recency features of
case data cases were then combined with subscriber
demographics, support network, and self-reported medical
conditions and medications from the subscriber data table.
Tables were merged based on the pseudonymized subscriber
IDs.

Table 1. Case types, reasons, and outcomes for which frequency and recency features are derived for input into the predictive model. Examples are
given per category.

DescriptionClassification example

Case type

Case where the subscriber is in need of helpIncident

Subscriber accidentally pushed the help buttonAccidental

Test call by subscriberTest

Case reason

Subscriber fellFall

Subscriber has breathing problemsBreathing problems

Subscriber has heart problemsHeart problems

Case outcome

Nurse visitNurse

Emergency medical services dispatched to bring subscriber to hospitalAmbulance transport

Subscriber did not require further assistanceNo assistance required

Predictive Model Development
The 5805 German PERS users were randomized into a training
and test set in an 80:20 ratio (Figure 2). Originally, the US
predictive model was trained using a 50:50 split of training and
test set [9]. To eliminate the difference in training/test set ratio,
the US predictive model was retrained on the US data set using
an 80:20 split. Because the German data set was much smaller

than the US data set, it was decided to create multiple prediction
windows for each subscriber in order to use the data to the fullest
extent possible. This was achieved by computing frequency and
recency features and the dependent variable by splitting the data
for each subscriber at multiple 30-day intervals (Figure 3). The
dependent variable for the predictive model was determined as
whether or not a subscriber had an event with the outcome
“ambulance transport” in a 30-day prediction window (ie, the
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prediction was treated as a binary classification problem). The
frequency and recency features for the predictive model were
derived from the entire case data history prior to the 30-day

window. It was ensured that training and test sets were
independent (ie, data from a single subscriber were either in the
training or the test set but not in both).

Figure 2. Overview of the study design to develop and evaluate the predictive models of emergency hospital transport. PERS: personal emergency
response system.

Figure 3. Schematic of using 30-day intervals to train and validate the prediction models.

Based on the processed features, a predictive model for hospital
transport was created using extreme gradient boosting, a
variation of the boosted regression trees approach. Extreme
gradient boosting is an ensemble approach where new models
are added over a number of iterations in order to improve upon
and correct the errors of the previous set of models. The models
themselves take the form of small regression trees. In this study,
XGBoost, an extreme gradient boosting algorithm implemented
in R, was used since it has proven to perform well on nonlinear
problems, including many high-ranking finishes in Kaggle data
science competitions [21].

Predictive Model Evaluation
Discriminatory accuracy of the predictive models was evaluated
using area under the receiver operator characteristic curve
(AUC), which indicates the probability of the predictive model
ranking a randomly selected subscriber with 30-day emergency
transport higher than a randomly selected subscriber without
the event. Furthermore, the positive predictive value (PPV)
indicates the percentage of subscribers having emergency
transport in the group classified as positive (ie, having a 30-day
emergency transport). The threshold for classifying subscribers
as positive was varied using risk scores >90th, 95th and 99th
percentile, such that 10%, 5%, and 1% of subscribers were
classified as high risk, respectively. For these thresholds, the
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PPV, sensitivity, specificity, and accuracy were computed.
Confidence intervals for performance metrics were derived
using a stratified bootstrapping method with 1000 bootstrap
replicates. The agreement between the predictions made by the
model and the observed outcome was evaluated by plotting the
average of the predicted probabilities and the observed
percentage of users having 30-day emergency transport in
deciles of the prediction score.

Statistical Analysis
Differences between subscriber characteristics in the training
and test sets of the German data and between both test sets of
the German and US data were analyzed using Student t tests
for age and chi-square tests for the categorical variables.
Differences were considered to be statistically significant if
P<.05.

Results

Subscriber Characteristics
Characteristics of subscribers in the training and test set of the
Germany model are presented in Table 2 and compared with
the test set used for the US predictive model. Data of 5805
unique PERS users were used in the Germany predictive model.
A total of 4644 (80%) individuals were randomly selected for
the training set and 1161 (20%) for the test set—training and
test sets were mutually exclusive with regard to users. The US
test set comprised 109,966 PERS users. Since the German data
set was smaller, multiple prediction dates were considered by
splitting the time range January 1, 2012, through January 1,
2018, into 73 equally spaced 30-day windows. This resulted in
a training set containing 96,273 (79.5%) prediction dates and
a test set with 24,847 (20.5%) prediction dates.

PERS users were on average aged 84.0 years in the German
training set. Average age was slightly, but statistically
significantly, younger in the test set (83.6 years). The average

age in the US test set was statistically significantly lower at 81.2
years compared with the German test set. About two-thirds
(2997/4644, 64.5%) of German PERS users were female, with
no statistically significant difference between training and test
sets. However, the US test set showed a significantly higher
proportion of females (88,433/109,966, 80.4%).

In the German training set, more than half of users (2598/4644,
55.9%) were on the service 2 years or less, 23.2% (1079/4644)
of users were 2 to 4 years on the service, and 20.8% (967/4644)
of users were more than 4 years on the service. These
percentages were not statistically significantly different in the
test set. In the US test set, 44.4% (48,922/109,966) of users
were less than 2 years on the service, which was significantly
lower than in the Germany test set (630/1161, 54.3%). A similar
percentage of US PERS users were 2 to 4 years on the service
(26,193/109,966, 23.8%, vs 264/1161, 22.7%), while more users
were 4 or more years on the service (34,851/109,966, 31.7%,
vs 267/1161, 23.0%).

In the training set for the Germany predictive model, 94.3%
(4397/4644) of users had at least one self-reported medical
condition, with 35.7% (1657/4644) reporting 5 or more
conditions. There were no statistically significant differences
between the number of self-reported conditions in the training
and test set for the Germany predictive model. In contrast, 77.3%
(85,056/109,966) of users in the test set for the US predictive
model self-reported one or more medical conditions, which was
statistically significantly lower than in the test set for the
Germany predictive model.

The prevalence of the dependent variable “emergency hospital
transport in the next 30 days” was 1.6% (1506/96,273) in the
training set and 1.4% (350/24,847) in the test set for the
Germany predictive model. The latter was statistically
significantly lower than the prevalence of the dependent variable
in the test set of the US predictive model (2455/109,966, 2.2%).
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Table 2. Subscriber characteristics and prevalence of the dependent variable in the training and test sets for the Germany predictive model compared
with the previously published results of the US predictive model in the test set. P values are reported for differences between German test and training
sets, and between US and German test sets.

US predictive model (from [9])Germany predictive model (this study)Characteristics

P value (US
vs Germany
test)

Test setP value (test
vs training
Germany)

Test setTraining set

General

—Feb 1, 2014—Jan 1, 2012, to
Jan 1, 2018

Jan 1, 2012, to Jan
1, 2018

Prediction dates

—109,966 (20)—116 (20)4644 (80)# of unique PERSa users, n (%)

—109,966 (20)—24,847 (20.5)96,273 (79.5)# of prediction windows, n (%)

<.00181.1 (11.4).00183.6 (8.3)84.0 (8.2)Age in years, mean (SD)

<.00188,433 (80.4).37743 (64.0)2997 (64.5)Female gender, n (%)

Years on PERS service, n (%)

<.00148,922 (44.4).32630 (54.3)2598 (55.9)0-2

.4126,193 (23.8).75264 (22.7)1079 (23.2)2-4

<.00134,851 (31.7).11267 (23.0)967 (20.8)4 or more

Number of PERS self-reported medical conditions, n (%)

<.00124,910 (22.6).4973 (6.3)265 (5.7)None

<.00126,515 (24.1).93329 (28.3)1325 (28.5)1-2

<.00128,561 (26.0).25370 (31.9)1397 (30.1)3-4

<.00129,980 (27.3).18389 (33.5)1657 (35.7)5 or more

<.0012455 (2.2).08350 (1.4)1506 (1.6)30-day emergency hospital transport (% of prediction
windows)

aPERS: personal emergency response system.

Predictive Model Evaluation
The performance of the Germany predictive model on the test
set is detailed in Table 3 for various prediction score thresholds.
AUC was 0.749 (95% CI 0.721-0.777) for emergency hospital
transport in 30 days. This was slightly but not statistically
significantly lower than the AUC for the US predictive model
(0.778 [95% CI 0.769-0.788]), as 95% CIs were overlapping.

Positive predictive values for the Germany predictive model
were low due to the low prevalence of 30-day emergency
hospital transport, which was 1.4% (350/24,847) in the test set
(Table 1). By increasing the prediction score threshold, PPV
increased but at the expense of decreased sensitivity. At a
prediction score threshold corresponding to the 90th percentile,
the Germany predictive model identified 40.3% (95% CI
35.1%-45.4%) of the subscribers who had emergency transport

in the 30 days following the prediction date (sensitivity);
however, only 5.7% (95% CI 4.9%-6.4%) of flagged subscribers
had emergency transport in the following 30 days (PPV) at this
threshold. At thresholds corresponding to the 95th and 99th
percentiles, the sensitivity dropped to 26.9% (95% CI
22.3%-31.1%) and 10.6% (95% CI 7.4%-14.0%), respectively,
while the PPV increased to 7.5% (95% CI 6.3%-8.8%) and
15.0% (95% CI 10.7%-19.3%), respectively. When the threshold
was set at the 99th percentile, the PPV was 10.7 times higher
than the prevalence of 1.4%. This lift of the prediction model
was similar for the US prediction model, namely 11.9.

The US predictive model demonstrated similar sensitivity and
specificity values for the different thresholds. However, PPV
was significantly higher across all thresholds compared with
the Germany predictive model due to the higher prevalence of
the target variable in the US data set.

JMIR Med Inform 2021 | vol. 9 | iss. 3 | e25121 | p. 6https://medinform.jmir.org/2021/3/e25121
(page number not for citation purposes)

op den Buijs et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 3. Performance of the Germany and US predictive models on the corresponding test sets, evaluated by positive predictive value, sensitivity, and
specificity using the 90th, 95th, and 99th percentiles as a threshold and area under receiver operator characteristic curve.

US predictive model (adapted from [9]), %
(95% CI)

Germany predictive model (this study), %
(95% CI)

Performance metric and threshold (percentile)

PPVa

9.4 (8.9-9.8)5.7 (4.9-6.4)b90%

13.6 (12.9-14.3)7.5 (6.3-8.8)b95%

26.2 (23.7-28.5)15.0 (10.7-19.3)b99%

Sensitivity

41.9 (40.0-43.9)40.3 (35.1-45.4)90%

30.3 (28.6-32.0)26.9 (22.3-31.1)95%

11.7 (10.5-13.0)10.6 (7.4-14.0)99%

Specificity

90.8 (90.6-91.0)90.4 (90.1-90.8)90%

95.6 (95.6-95.7)95.3 (95.1-95.6)95%

99.3 (99.2-99.3)99.1 (99.0-99.2)99%

AUCc

0.778 (0.769-0.788)0.749 (0.721-0.777)—

aPPV: positive predictive value.
bNonoverlapping 95% CI between Germany and US predictive models.
cAUC: area under the receiver operator characteristic curve.

The predictive model produced for each subscriber a probability
from 0% to 100% indicating the risk of having 30-day
emergency hospital transport. The actually observed percentage
of subscribers with 30-day emergency hospital transport and
average predicted probabilities are presented in Figure 4 to
indicate calibration across deciles of risk for both models. Each

decile consists of 10% of the test set sorted by predicted
probability. Probabilities increased from 0.4% in the lowest risk
decile to 5.7% in the highest risk decile observed in the Germany
test set and from 0.2% to 9.7% for the US test set. Both models

were well calibrated with R2=.9935 and R2=.9992 for the
Germany and US predictive models, respectively.
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Figure 4. Observed percentage of subscribers needing 30-day emergency hospital transport versus model predicted probability across deciles of risk.

Predictor Importance
The Germany predictive model of 30-day emergency hospital
transport included 98 variables with nonzero values for the gain
compared with 121 for the US predictive model. For each broad
category of predictors, Table 4 provides the number of predictors
and the gain. Here, gain is calculated by the XGBoost algorithm
and represents a combined statistic of the information gain over
all trees for a particular predictor. As such, gain represents a

measure of the relative importance of individual predictors.
Predictors from the case data form the most important predictor
category for both predictive models, although percentage-wise,
their contribution to the Germany predictive model was lower
compared with the US predictive model (72.9% vs 87.7%,
respectively). On the other hand, the relative importance of
self-reported medical conditions (9.6% vs 3.7%, respectively)
and other predictors (17.5% vs 8.7%, respectively) was higher
in the Germany predictive model.

Table 4. Number of predictors and total gain per predictor category.

Total gain, %Number of predictorsPredictor category

USGermanyUSGermany

87.772.96248Case data-based predictors

3.79.64443Self-reported medical condi-
tions

8.717.5157Other predictors

10010012198Total

The 5 most important predictors for each category are shown
in Figure 5 for both models. In each category, 3 out of 5
predictors were overlapping between the Germany and US
predictive models. For case data–based predictors, these
included recency and frequency of ambulance transport and
recency of incidents. In the Germany predictive model, features
based on the collection of further case information from the

user and entering additional information into the electronic
record were found among the important predictors. We expect
that extracting features from these free text notes in the
electronic record could lead to further model improvement;
however, text notes were left out of the analysis due the risk of
including privacy-sensitive information.
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Figure 5. Predictor importance as measured by the gain of the 5 most important variables in 3 categories of predictors for both Germany and US
predictive models. Predictor categories: case data, self-reported medical conditions, and other predictors. Dashed lines indicate features present in both
predictive models. COPD: chronic obstructive pulmonary disease; PERS: personal emergency response system.

Furthermore, the number of self-reported medical conditions,
chronic obstructive pulmonary disease, and oxygen dependency
were among the 5 most important predictors in both models in
the category self-reported medical conditions. Other important
predictors that were shared by both models included time on
the PERS service, age, and number of responders. It should be
noted that in the Germany predictive model, number of
medications and care level (Pflegestufe), a Germany-specific
categorization of the level of (financial) support individuals
need with activities of daily living, were among the most
important other predictors, and this information was not
available in the US PERS data.

Discussion

Principal Findings
In previous work, we have shown that PERS service data from
US subscribers can be used to predict risk for emergency
hospital transport [9]. This study is an extension of that work
to determine the feasibility to develop such a prediction model
on data from German PERS subscribers. Comparison of data
from the German and US PERS providers shows that PERS

users in both countries have, on a high level, similar
characteristics—average age over 80 years, predominantly
female, and more than half reporting on 3 or more medical
conditions. On the other hand, Table 2 shows various subtle
differences between the characteristics of the two populations,
justifying the effort to develop a Germany-specific predictive
model.

In the US and German PERS populations, the prevalence of
hospital transport in 30 days among PERS users was
significantly lower in the German PERS population (1.4% vs
2.2%, respectively). Health insurance is obligatory in Germany,
and the health care systems covers all costs of both inpatient
and outpatient treatment [22]. Compared with the United States,
where patients often self-refer to the ED out of financial
considerations [23], this is therefore less likely to play a role in
Germany, which might explain the difference in prevalence of
hospital transport. Nevertheless, the increasing number of ED
visits that could have been prevented via treatment in the
primary care setting is a growing issue in Germany.

Evaluation of the German prediction model of 30-day
emergency hospital transport on a test set of data from different
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PERS users demonstrated that at-risk subscribers could be
identified with discriminatory accuracy similar to the US
prediction model (AUC=0.749 vs AUC=0.778). Furthermore,
calibration across deciles indicated that the predicted
probabilities for both the Germany and US prediction models
closely matched with observed outcomes. Calibration refers to
the agreement between observed outcomes and predictions (ie,
if we predict a 10% risk of 30-day hospital transport, the
observed frequency of hospital transport should be
approximately 10 out of 100 subscribers with such a prediction
[24]). Finally, analysis of variable importance indicated that
predictors derived from the medical alert pattern data, including
the frequency and recency of prior ambulance transports, were
most predictive of future hospital transport in both the German
and US prediction models. Similarly, Poole et al [25] found that
the timing and frequency of prior ED use are the strongest
predictors of future ED visits using a random forest model.

Our previous study on health care use in US PERS users
indicates that 21% of hospital admissions are considered
potentially avoidable [10]. A recent study on hospitalizations
by German nursing home patients classified 27% as potentially
avoidable [26]. Therefore, we believe that prediction of
emergency transport risk in combination with appropriate
interventions could potentially reduce health care use. Case
managers and health professionals should integrate risk
prediction of patients into their clinical workflows to obtain the
clinical and financial benefits from predictive models, which
requires a detailed guideline that clarifies how the algorithm
will inform care [27]. In a recently completed randomized
clinical trial, we developed workflows that integrate daily
PERS-based risk of 30-day emergency hospital transport with
care pathways [17], resulting in 49% fewer EMS encounters in
the intervention group [18]. In a currently running prospective
study in Germany [19], the predictive model described herein
is used to predict subscribers risk for 30-day emergency
transport, followed by a case manager assessment, and tailored
interventions for high-risk subscribers. The number of patients
who will ultimately benefit from a combination of prediction
and intervention will depend on various factors including the
population size and prevalence of emergency health care use,
performance of the predictive model and risk threshold above
which patients are considered to be high risk, and efficacy of
the interventions provided to high-risk patients.

In our prospective study in Germany [19], the predicted risk
scores drive proactive outreach—if the risk is above a certain

threshold, the patient may be contacted by the case manager.
Due to the low prevalence of hospital transport in the German
PERS population, setting the value of the risk threshold is a
trade-off between finding many true positive cases (ie, a high
sensitivity) and reducing the number of false positives (ie, a
high PPV), as shown in Table 2 and also reported by other
predictive modeling studies of emergency health care use
[12,28]. Despite this, our recent study in a US PERS population
has demonstrated that health care use and cost can be reduced
by combining risk prediction with preventive interventions [18].

Limitations
This study had a few limitations. The PERS population is mostly
older and primarily female, and the service is to a certain extent
privately paid for by subscribers (ie, not fully covered by their
health insurance). This may limit the generalizability of the
study to older women who can afford the service. Furthermore,
the predictive model may have been influenced by confounding
of unobserved variables, including when and where users wear
the PERS device [29].

Subscribers may have initiated emergency hospital transport
outside of the PERS service, in which case there are no records
in the PERS data, which may have affected predictive model
development. As a mitigation measure, participants of our
prospective study are instructed to use their emergency pendant
for all incidents where they require help.

Conclusions
This study showed that remotely collected subscriber data from
a German PERS service can be used to predict 30-day hospital
transport with similar discriminatory accuracy and calibration
as our previously published prediction model developed on data
from a US PERS population. Health care providers could
potentially benefit from our validated predictive model by
estimating the risk of 30-day emergency hospital transport for
individual subscribers and target timely preventive interventions
to high-risk subscribers. Due to a lower prevalence of emergency
hospital transport in Germany compared with the United States,
it needs further investigation if combining risk prediction with
interventions will effectively reduce health care use. We are
currently testing this hypothesis in a prospective study where
risk predictions are combined with a stepped intervention
pathway. This approach could lead to overall improved patient
experience, higher quality of care, and more efficient resource
use.

Acknowledgments
The authors thank Mr Sandrock and Mr Runge from ServiceCall AG for provision of the data. JB, MP, and AL designed the
research; JB and MP conducted the analyses. AL provided feedback on analyses and interpretation of results; JB, MP, and AL
wrote the paper. JB had primary responsibility for the final content. All authors read and approved the final manuscript.

Conflicts of Interest
Philips funded the study. JB, MP, and AL are employed by Philips.

References

JMIR Med Inform 2021 | vol. 9 | iss. 3 | e25121 | p. 10https://medinform.jmir.org/2021/3/e25121
(page number not for citation purposes)

op den Buijs et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


1. The Aging Readiness & Competitiveness Report—Germany. URL: https://arc.aarpinternational.org/File%20Library/
Full%20Reports/ARC-Report---Germany.pdf [accessed 2021-02-19]

2. Nowossadeck E. Demografische Alterung und stationäre Versorgung chronischer Krankheiten. Dtsch Arztebl Int Deutscher
Arzte-Verlag GmbH 2012;109:157. [doi: 10.1007/978-3-8349-6787-9_6]

3. Bundesärztekammer. (Politische) Rahmenbedingungen einer sektorenübergreifenden Versorgung in Notfallpraxen und
Notaufnahmen. 2017. URL: https://www.bundesaerztekammer.de/politik/programme-positionen/notfallversorgung/ [accessed
2021-02-19]

4. Singler K, Heppner HJ. [Acute and emergency care of geriatric patients: old ways—new paths]. Z Gerontol Geriatr 2017
Dec;50(8):669-671. [doi: 10.1007/s00391-017-1305-4] [Medline: 28900726]

5. Eckdaten der Krankenhauspatientinnen und -patienten. Statistisches Bundesamt. URL: https://www.destatis.de/DE/Themen/
Gesellschaft-Umwelt/Gesundheit/Krankenhaeuser/Tabellen/entlassene-patienten-eckdaten.html [accessed 2021-01-08]

6. Christiansen S, Klötzer JP. [Ambient assisted living: an overview]. Versicherungsmedizin 2015 Sep 01;67(3):130-132.
[Medline: 26548006]

7. Uhlig M, Bahrmann A. [Ambient assisted living: a sleeping giant]. MMW Fortschr Med 2014 Nov 06;156(19):45-48. [doi:
10.1007/s15006-014-3639-9] [Medline: 25510023]

8. Bakk L. Does PERS and falls prevention information reduce stress, anxiety, falls risk, hospital admission and emergency
room use for older adults on the wait list for home-and community- based services?. 2011. URL: http://www.aaa1b.com/
wp-content/uploads/2010/07/PERS-Report-Final-May-2011.pdf [accessed 2021-02-20]

9. Op den Buijs J, Simons M, Golas S, Fischer N, Felsted J, Schertzer L, et al. Predictive modeling of 30-day emergency
hospital transport of patients using a personal emergency response system: prognostic retrospective study. JMIR Med
Inform 2018 Nov 27;6(4):e49 [FREE Full text] [doi: 10.2196/medinform.9907] [Medline: 30482741]

10. Golas S, Fischer N, Agboola S, Jethwani K, Simons-Nikolova M, Op Den Buijs J. Reasons patients are using Personal
Emergency Response Services...and it's not just falls. 2018. URL: http://incenter.medical.philips.com/doclib/getDoc.
aspx?func=ll&objId=16015470&objAction=Open [accessed 2021-02-19]

11. Kansagara D, Englander H, Salanitro A, Kagen D, Theobald C, Freeman M. Risk prediction models for hospital readmission:
a systematic review. VA Evidence-based Synth Progr Rep 2011 Oct. [Medline: 22206113]

12. Hao S, Jin B, Shin AY, Zhao Y, Zhu C, Li Z, et al. Risk prediction of emergency department revisit 30 days post discharge:
a prospective study. PLoS One 2014;9(11):e112944 [FREE Full text] [doi: 10.1371/journal.pone.0112944] [Medline:
25393305]

13. Meldon SW, Mion LC, Palmer RM, Drew BL, Connor JT, Lewicki LJ, et al. A brief risk-stratification tool to predict repeat
emergency department visits and hospitalizations in older patients discharged from the emergency department. Acad Emerg
Med 2003 Mar;10(3):224-232 [FREE Full text] [doi: 10.1111/j.1553-2712.2003.tb01996.x] [Medline: 12615588]

14. Holland DE, Harris MR, Leibson CL, Pankratz VS, Krichbaum KE. Development and validation of a screen for specialized
discharge planning services. Nurs Res 2006;55(1):62-71. [doi: 10.1097/00006199-200601000-00008] [Medline: 16439930]

15. van Walraven C, Dhalla IA, Bell C, Etchells E, Stiell IG, Zarnke K, et al. Derivation and validation of an index to predict
early death or unplanned readmission after discharge from hospital to the community. Can Med Assoc J 2010 Apr
06;182(6):551-557 [FREE Full text] [doi: 10.1503/cmaj.091117] [Medline: 20194559]

16. Donzé JD, Williams MV, Robinson EJ, Zimlichman E, Aujesky D, Vasilevskis EE, et al. International validity of the
HOSPITAL score to predict 30-day potentially avoidable hospital readmissions. JAMA Intern Med 2016 Apr;176(4):496-502
[FREE Full text] [doi: 10.1001/jamainternmed.2015.8462] [Medline: 26954698]

17. Palacholla RS, Fischer NC, Agboola S, Nikolova-Simons M, Odametey S, Golas SB, et al. Evaluating the impact of a
web-based risk assessment system (CareSage) and tailored interventions on health care utilization: protocol for a randomized
controlled trial. JMIR Res Protoc 2018 May 09;7(5):e10045 [FREE Full text] [doi: 10.2196/10045] [Medline: 29743156]

18. Golas SB, Nikolova-Simons M, Palacholla R, Op Den Buijs J, Garberg G, Orenstein A. Predictive analytics and tailored
interventions improve clinical outcomes in older adults: a randomized controlled trial [in press]. NPJ Dig Med 2021 Mar
15 (forthcoming).

19. Pijl M, Op den Buijs J, Landgraf A. Evaluating the impact of a risk assessment system with tailored interventions in
Germany: protocol for a prospective study with matched controls. JMIR Res Protoc 2020 Oct 01;9(10):e17584 [FREE Full
text] [doi: 10.2196/17584] [Medline: 33001038]

20. ServiceCall. URL: http://www.servicecall.de/startseite/index.php [accessed 2021-01-08]
21. Chen T, Guestrin C. XGBoost: a scalable tree boosting system. ArXiv. Preprint posted online on March 9, 2016 2016. [doi:

10.1145/2939672.2939785]
22. Schmiedhofer M, Möckel M, Slagman A, Frick J, Ruhla S, Searle J. Patient motives behind low-acuity visits to the emergency

department in Germany: a qualitative study comparing urban and rural sites. BMJ Open 2016 Nov 16;6(11):e013323 [FREE
Full text] [doi: 10.1136/bmjopen-2016-013323] [Medline: 27852722]

23. Kraaijvanger N, van Leeuwen H, Rijpsma D, Edwards M. Motives for self-referral to the emergency department: a systematic
review of the literature. BMC Health Serv Res 2016 Dec 09;16(1):685 [FREE Full text] [doi: 10.1186/s12913-016-1935-z]
[Medline: 27938366]

JMIR Med Inform 2021 | vol. 9 | iss. 3 | e25121 | p. 11https://medinform.jmir.org/2021/3/e25121
(page number not for citation purposes)

op den Buijs et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

https://arc.aarpinternational.org/File%20Library/Full%20Reports/ARC-Report---Germany.pdf
https://arc.aarpinternational.org/File%20Library/Full%20Reports/ARC-Report---Germany.pdf
http://dx.doi.org/10.1007/978-3-8349-6787-9_6
https://www.bundesaerztekammer.de/politik/programme-positionen/notfallversorgung/
http://dx.doi.org/10.1007/s00391-017-1305-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28900726&dopt=Abstract
https://www.destatis.de/DE/Themen/Gesellschaft-Umwelt/Gesundheit/Krankenhaeuser/Tabellen/entlassene-patienten-eckdaten.html
https://www.destatis.de/DE/Themen/Gesellschaft-Umwelt/Gesundheit/Krankenhaeuser/Tabellen/entlassene-patienten-eckdaten.html
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26548006&dopt=Abstract
http://dx.doi.org/10.1007/s15006-014-3639-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25510023&dopt=Abstract
http://www.aaa1b.com/wp-content/uploads/2010/07/PERS-Report-Final-May-2011.pdf
http://www.aaa1b.com/wp-content/uploads/2010/07/PERS-Report-Final-May-2011.pdf
https://medinform.jmir.org/2018/4/e49/
http://dx.doi.org/10.2196/medinform.9907
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30482741&dopt=Abstract
http://incenter.medical.philips.com/doclib/getDoc.aspx?func=ll&objId=16015470&objAction=Open
http://incenter.medical.philips.com/doclib/getDoc.aspx?func=ll&objId=16015470&objAction=Open
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22206113&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0112944
http://dx.doi.org/10.1371/journal.pone.0112944
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25393305&dopt=Abstract
https://onlinelibrary.wiley.com/resolve/openurl?genre=article&sid=nlm:pubmed&issn=1069-6563&date=2003&volume=10&issue=3&spage=224
http://dx.doi.org/10.1111/j.1553-2712.2003.tb01996.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12615588&dopt=Abstract
http://dx.doi.org/10.1097/00006199-200601000-00008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16439930&dopt=Abstract
http://www.cmaj.ca/cgi/pmidlookup?view=long&pmid=20194559
http://dx.doi.org/10.1503/cmaj.091117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20194559&dopt=Abstract
http://europepmc.org/abstract/MED/26954698
http://dx.doi.org/10.1001/jamainternmed.2015.8462
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26954698&dopt=Abstract
http://www.researchprotocols.org/2018/5/e10045/
http://dx.doi.org/10.2196/10045
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29743156&dopt=Abstract
https://www.researchprotocols.org/2020/10/e17584/
https://www.researchprotocols.org/2020/10/e17584/
http://dx.doi.org/10.2196/17584
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33001038&dopt=Abstract
http://www.servicecall.de/startseite/index.php
http://dx.doi.org/10.1145/2939672.2939785
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=27852722
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=27852722
http://dx.doi.org/10.1136/bmjopen-2016-013323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27852722&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-016-1935-z
http://dx.doi.org/10.1186/s12913-016-1935-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27938366&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


24. Steyerberg EW, Vickers AJ, Cook NR, Gerds T, Gonen M, Obuchowski N, et al. Assessing the performance of prediction
models: a framework for traditional and novel measures. Epidemiology 2010 Jan;21(1):128-138 [FREE Full text] [doi:
10.1097/EDE.0b013e3181c30fb2] [Medline: 20010215]

25. Poole S, Grannis S, Shah NH. Predicting Emergency Department Visits. AMIA Jt Summits Transl Sci Proc
2016;2016:438-445 [FREE Full text] [Medline: 27570684]

26. Leutgeb R, Berger SJ, Szecsenyi J, Laux G. Potentially avoidable hospitalisations of German nursing home patients? A
cross-sectional study on utilisation patterns and potential consequences for healthcare. BMJ Open 2019 Jan 21;9(1):e025269
[FREE Full text] [doi: 10.1136/bmjopen-2018-025269] [Medline: 30670526]

27. Bates DW, Saria S, Ohno-Machado L, Shah A, Escobar G. Big data in health care: using analytics to identify and manage
high-risk and high-cost patients. Health Aff (Millwood) 2014 Jul;33(7):1123-1131. [doi: 10.1377/hlthaff.2014.0041]
[Medline: 25006137]

28. Billings J, Dixon J, Mijanovich T, Wennberg D. Case finding for patients at risk of readmission to hospital: development
of algorithm to identify high risk patients. BMJ 2006 Aug 12;333(7563):327 [FREE Full text] [doi:
10.1136/bmj.38870.657917.AE] [Medline: 16815882]

29. Stokke R. The personal emergency response system as a technology innovation in primary health care services: an integrative
review. J Med Internet Res 2016 Jul 14;18(7):e187 [FREE Full text] [doi: 10.2196/jmir.5727] [Medline: 27417422]

Abbreviations
AUC: area under the receiver operator characteristic curve
ED: emergency department
EMS: emergency medical services
PERS: personal emergency response system
PPV: positive predictive value

Edited by C Lovis; submitted 19.10.20; peer-reviewed by D Li, H Yasuda; comments to author 05.12.20; revised version received
08.01.21; accepted 07.02.21; published 08.03.21

Please cite as:
op den Buijs J, Pijl M, Landgraf A
Predictive Modeling of 30-Day Emergency Hospital Transport of German Patients Using a Personal Emergency Response: Retrospective
Study and Comparison with the United States
JMIR Med Inform 2021;9(3):e25121
URL: https://medinform.jmir.org/2021/3/e25121
doi: 10.2196/25121
PMID: 33682679

©Jorn op den Buijs, Marten Pijl, Andreas Landgraf. Originally published in JMIR Medical Informatics (http://medinform.jmir.org),
08.03.2021. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR Medical Informatics, is properly cited. The complete bibliographic information,
a link to the original publication on http://medinform.jmir.org/, as well as this copyright and license information must be included.

JMIR Med Inform 2021 | vol. 9 | iss. 3 | e25121 | p. 12https://medinform.jmir.org/2021/3/e25121
(page number not for citation purposes)

op den Buijs et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

http://europepmc.org/abstract/MED/20010215
http://dx.doi.org/10.1097/EDE.0b013e3181c30fb2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20010215&dopt=Abstract
http://europepmc.org/abstract/MED/27570684
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27570684&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=30670526
http://dx.doi.org/10.1136/bmjopen-2018-025269
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30670526&dopt=Abstract
http://dx.doi.org/10.1377/hlthaff.2014.0041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25006137&dopt=Abstract
http://europepmc.org/abstract/MED/16815882
http://dx.doi.org/10.1136/bmj.38870.657917.AE
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16815882&dopt=Abstract
http://www.jmir.org/2016/7/e187/
http://dx.doi.org/10.2196/jmir.5727
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27417422&dopt=Abstract
https://medinform.jmir.org/2021/3/e25121
http://dx.doi.org/10.2196/25121
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33682679&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

