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Abstract

Background: Tracing frequent users of health care services is highly relevant to policymakers and clinicians, enabling them
to avoid wasting scarce resources. Data collection on frequent users from all possible health care providers may be cumbersome
due to patient privacy, competition, incompatible information systems, and the efforts involved.

Objective: This study explored the use of a single key source, emergency medical services (EMS) records, to trace and reveal
frequent users’ health care consumption patterns.

Methods: A retrospective study was performed analyzing EMS calls from the province of Drenthe in the Netherlands between
2012 and 2017. Process mining was applied to identify the structure of patient routings (ie, their consecutive visits to hospitals,
nursing homes, and EMS). Routings are used to identify and quantify frequent users, recognizing frail elderly users as a focal
group. The structure of these routes was analyzed at the patient and group levels, aiming to gain insight into regional coordination
issues and workload distributions among health care providers.

Results: Frail elderly users aged 70 years or more represented over 50% of frequent users, making 4 or more calls per year.
Over the period of observation, their annual number and the number of calls increased from 395 to 628 and 2607 to 3615,
respectively. Structural analysis based on process mining revealed two categories of frail elderly users: low-complexity patients
who need dialysis, radiation therapy, or hyperbaric medicine, involving a few health care providers, and high-complexity patients
for whom routings appear chaotic.

Conclusions: This efficient approach exploits the role of EMS as the unique regional “ferryman,” while the combined use of
EMS data and process mining allows for the effective and efficient tracing of frequent users’ utilization of health care services.
The approach informs regional policymakers and clinicians by quantifying and detailing frequent user consumption patterns to
support subsequent policy adaptations.

(J Med Internet Res 2021;23(10):e27499) doi: 10.2196/27499
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Introduction

A large part of regional health care consumption is attributed
to “frequent users” (ie, patients who make repeated calls to
hospital and nursing health care services) [1]. Although
definitions differ, a threshold of 4 to 5 calls or more per year is
generally used to classify a patient as a “frequent user” [2,3].

While frequent users represent a minority of emergency
department (ED) patients (4.5%-8%), they may account for up
to 21%-28% of all ED visits [4]. Frequent users appear
heterogeneous as a group; however, they may be clustered into
distinct categories relating to their health care needs and the
health services provided to them [5].
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The high workload and costs incurred by frequent users make
them a relevant target group for regional policymakers and
clinicians to consider as they attempt to make the best use of
scarce resources. For example, due to the various health care
needs related to advanced age, the “frail elderly” are known to
be frequent users [6-9]. Their frailty is related to their status of
being extremely vulnerable to endogenous and exogenous
stressors, exposing them to a higher risk of negative
health-related outcomes [8]. Importantly, they are often
confronted with fragmented health care [6], inappropriate or
delayed triage at EDs [10], and incorrect referrals. These
observations suggest an inappropriate approach to their health
care needs and the potential unnecessary use of health care
services. Once their frailness is identified, advanced health care
planning may be used to improve their health care continuity
[8,11,12]. Therefore, tracing frequent users and their (shared)
consumption patterns is a prerequisite for assessing the
efficiency and effectiveness of current clinical practice,
undertaking appropriate actions to improve it, and evaluating
the added value of these actions and related policy changes.

Notably, many frequent users do not make calls to a single
health care provider but are network users, making consecutive
visits to multiple health care providers. Apart from their
preferences, their network use may be explained, for example,
by specialized health care needs. Thus, tracing frequent users
requires a network-based approach, including all regional health
care providers. Unfortunately, collecting data by interviewing
health care providers or even extracting data from their local
records tends to be cumbersome. Rules on patient privacy,
competition among health care providers, incompatibility of
information systems, and the effort required may present hurdles
that are not easily overcome, adding to data collection costs.
Most research designs limit their scope to single or related health
care providers, with a primary focus on hospitals [13]. As a
result, many frequent users may be overlooked. Moreover, their
routings along different health care providers may appear
fragmented due to a lack of information on major health care
providers outside hospitals, such as nursing homes, which are
particularly relevant to the frail elderly.

This article explores an alternative approach to tracing frequent
users, relying on emergency medical services (EMS) data (ie,
records of ambulance rides containing patient and logistic data).
Acting as the “ferrymen” in the regional health care network,
EMS theoretically direct subacute or acute patient routings,
starting with a time-ordered sequence of ambulance rides.
Therefore, their databases potentially offer an efficient means
for identifying and tracing frequent users. Importantly, the EMS
patient population is likely to accommodate many frequent users
[14,15]. Moreover, patients served by EMS tend to require
substantial health care resources, as indicated by their need for
mobile nursing services and transport. However, the potential
of using EMS data to identify frequent users and their
consumption patterns has hardly been acknowledged in the
literature [16].

This study aimed to show how the analysis of EMS records may
contribute to tracing frequent users on a regional scale,
especially the frail elderly, and reveal their health care
consumption patterns. The novel analysis technique of process

mining is instrumental to the study, enabling the automated
identification of patient routings (ie, identifying health care
providers consulted over time by combining the records related
to ambulance rides). Frequent users can be identified by
quantifying their number of ambulance rides via process mining.
In turn, their consumption patterns are reflected in their routings,
specifying health care providers and specialties involved over
time. The aggregation of patient routings establishes trends in
their annual demand for health care and the associated workload
distribution over the network. Process mining has an advantage
over other mapping techniques as it uses factual observations
retrieved from data rather than man-made process models.
Process mining has been successfully used to analyze health
care processes, usually in an intrahospital context [17-27].
However, its application to regional health care networks is
new.

As relevant background information, we briefly summarize that
the Dutch system for chronic healthcare has for a long time been
funded through national funds under the General Act Special
Care Costs [28]. However, this funding scheme was deemed
too inefficient and generous. Accordingly, as of January 1, 2015,
a major system change was introduced, accompanied by new
legislation (ie, the Long-term Care Act ) [29]. The execution
and implementation of health care for less severe indications
in the home setting were transferred to the municipalities to
achieve a better match and a more efficient system. The transfer
was expected to result in more elderly people remaining in their
homes, thus reducing chronic (elderly) health care costs. As of
spring 2021, these expectations, to a large extent, have not
materialized or even worsened the situation. Our study reveals
problems that have emerged since the system’s change,
including subsequent nursing home closures.

Using EMS records of the province of Drenthe, the Netherlands,
this study shows how ambulance data allows for effective and
efficient tracing and quantification of frequent users of health
care services on a regional scale, considering frail elderly users
as a focal group. The proposed approach builds on the role of
EMS as the regional “ferryman,” implying the utilization of a
single key source for data collection, covering many health care
providers at the same time (ie, hospitals, nursing homes, and
EMS). Process mining adds to the efficiency of the approach
by enabling automated mapping of patient routings (ie, their
consecutive visits to health care providers). Furthermore, the
structure of patient routes is analyzed at patient and group levels,
allowing us to gain insight into regional coordination issues and
workload distributions among health care providers, which is
helpful to policymakers and clinicians. In particular, we seek
evidence for the effects of the Dutch governmental policies
described above, including the impact of higher health care need
entry requirements for nursing home admissions on regional
health care consumption [30-32].

Methods

The Health Care Network of the Province of Drenthe
The province of Drenthe has a population of 491,867, with a
population density of 183 inhabitants per square kilometer [33].
Hospital care is provided by 4 hospitals within the province and
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by several hospitals located in neighboring provinces. Among
the 4 hospitals, 3 offer basic treatment, and 1 hospital has the
necessary skills and resources to treat multilevel trauma. The
reasons for referral to hospitals outside the province include
being close to the patient scene, patient preferences, level of
health care, or specialization related to specific treatments.
Nursing care is also provided by a few dozen nursing homes,
mainly located within the province. EMS is provided by a single
operator, relying on a network of 17 bases in 14 towns or
villages in Drenthe. Its services include both urgent (A-rides)
and planned (B-rides) patient transport to hospitals and planned
(B-rides) transport to nursing homes. B-rides are legitimized
by patient health care needs prohibiting self-transport or
transport by taxi. A-rides assume the presence of staff and
equipment, enabling advanced life support (ALS; ie, advanced
health care for critical patients). In contrast, B-rides may be
offered with either ALS or basic life support, setting less strict
medical skillsets and equipment requirements.

Data
Patient data were collected from EMS records of ambulance
rides performed between January 1, 2012, and December 31,
2017. The data collected included the ride dates and times,
destinations (ie, health care providers), patient age, urgency (A
or B), and health care providers’ medical specialty as indicated
by the patient’s health care needs. A unique identification
number assigned to each patient identified patients’ routings
along different health care providers and services by combining
their records and organizing them according to ambulance ride
dates.

Based on our focus on the frail elderly population, frequent
users, and EMS scope of services, 3 categories of health care
providers were distinguished: hospitals, nursing homes, and the
EMS. The latter was considered a formal health care provider
when the treatment provided by the ambulance paramedics on
the scene sufficed to address patient health care needs,
designated EMS “see and treat” (EMS-S&T). This inclusion
may also serve as an indicator of inappropriate or fragmented
health care [6].

Process Mining
Like many regions worldwide, the province of Drenthe has
increasing numbers of frail elderly people who utilize a
significant part of the regional health care system. In terms of
their visits to regional hospitals and nursing homes, their
consumption patterns remain largely unknown, as regional
health care providers do not disclose this type of patient
information.

Process mining is a technique combining data science and
process management to support the identification and analysis
of operational processes (ie, sequential activities undertaken by
an organization in satisfying its customers), thereby relying on
event logs (ie, recordings of respective activities) stored in a
database [34]. Process mining has been successfully used to
map health care processes, clarifying how patients are served
as a net effect of activities performed by health care providers.
So far, most examples of its use in health care are related to an
intrahospital context [17-27]. By automatically generating

process maps using factual observations retrieved from data,
process mining has important advantages over other modeling
techniques that rely on manual observations of the actual system
or inspection of documents [17,34].

EMS records referring to single rides are anonymized, cleaned
by removing empty records (ie, records not relating to patients),
and inspected for data accuracy to allow for process mining. If
a record lacks information on the health care provider (eg, the
destination of a ride), it was marked “unknown.” Subsequently,
Disco (version 2.2.0; Fluxicon) [35], a tool used to perform the
process mining, traced patient routings by combining and
ordering (time-wise) patient records referring to unique patients.

The health care consumption of frequent users (ie, patients
meeting a threshold of 4 ambulance rides to regional health care
providers within a year) is quantified by presenting their
numbers and the number of calls, including annual trend figures
and the distribution of frequencies. Frail elderly users (patients
70 years of age or more) were considered a subgroup among
frequent users. They were analyzed for urgency using the
ambulance ride categories A (urgent) and B (planned) as a proxy
and for the volume of recognized categories of frequent users
among them, specifically patients known to be in frequent need
of dialysis, radiation therapy, or hyperbaric medicine (DRH).
The “known” patient categories depend on local insight, thereby
relying on EMS staff and records. For “unknown” patient
categories, such a classification is lacking.

The health care consumption of frail elderly users was assessed
at two levels (the patient level and the patient group level) using
process mining for structural analysis. At the patient level,
patient routings along the various health care providers are
identified by the ride destinations, including the specialties
being consulted. Patients are distinguished by two categories
(low complexity and high complexity) as indicated by their
routings. This complexity is considered from the perspective
of health care consumption uncertainty. For instance,
low-complexity patients are the “known” patients, involving
few health care providers, and high-complexity patients are
those for whom routings might not be fully understood.
Although the term “low complexity” might suggest that these
patients have a relatively mild health condition, they are frail
and consume many resources and should also be recognized as
a relevant subgroup.

Ethics Approval and Consent to Participate
Since the data originally were routinely collected for
administrative purposes and completely anonymized, this study
does not fall within the scope of the Medical Research Involving
Human Subjects Act (Wet Medisch-weteschappelijk Onderzoek
2021) [31]. Accordingly, we obtained a full waiver for using
anonymized data from the EMS services from the Medical
Ethics Review Board of the University Medical Center
Groningen (reference number METc 2018/402).
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Results

Quantifying Frequent Users

Overview
Table 1 provides an overview of all patients served by regional
health care providers based on EMS records. In total, 126,758
unique patients were identified between 2012 and 2017,
involving 212,967 calls for services and omitting 2494 records

not linked to patients. Table 1 shows call volumes have
increased 25% over the years, from 31,300 to 39,235 calls.
Similar changes are observed for frequent users' general health
care consumption, including frail elderly users. Frequent users
account for approximately 16% of total regional health care
consumption, of which more than half is attributable to the frail
elderly. The number of frail elderly users increased from 395
to 628 (59%), and their calls rose from 2607 to 3615 (39%).
Strikingly, the largest growth in frail elderly users was observed
from 2013 to 2015, increasing from 320 to 548 (71%) patients.

Table 1. Overview of patients served by regional health care providers.

Frail elderly, n (%)bFrail elderly, nFrequent users, n (%)aFrequent users, nAll patient calls, NAll patients, NYear

2607 (52)3955051 (16)73131,30022,5512012

2428 (52)3204636 (14)62532,35923,7942013

2792 (49)4465681 (16)84434,56824,3552014

3169 (53)5485976 (16)98736,74225,6772015

3333 (52)5616449 (17)99938,76327,1462016

3615 (58)6286258 (16)104339,23527,6712017

17,9442898 (2700)c34,0515229 (4734)c212,967151,194 (126,758)cTotal

aCalls made by frequent users as a percentage of calls from all patients.
bCalls made by frail elderly users as a percentage of calls from frequent users.
cNumber of unique patients involved.

Frail Elderly
Details on the health care needs for frail elderly users and their
urgency are shown in Table 2, which are categorized by
distinguishing their EMS calls according to the medical specialty
requested and the urgency of the ride (Tables 1 and 2). For
example, among the 395 frail elderly users in 2012 (Table 1),
302 (76%) patients had been transported at least once in an
urgent ride (A), while 345 (87%) patients had used at least 1
planned ride (B; Table 2). In addition, among patients
transported in planned rides, 75 (19%) patients required dialysis,
radiation therapy, or hyperbaric medicine (B-DRH), and 326
(83%) patients had other diverse health care needs and urgencies
(B-other). The 2 patient groups overlap due to comorbidity;
therefore, the sum of their patient numbers exceeds the overall

annual number of frail elderly users. The right-hand side of
Table 2 shows the number of calls, indicating the number of
rides associated with the groupings mentioned above.

Table 2 reveals the number of urgent (A) calls among frail
elderly users more than doubled between 2012 and 2017 (from
825 to 1729, 110%), in contrast to the modest growth in calls
for rides planned in advance (B; from 1782 to 1886, 6%). In
addition, between 2012 and 2017, the number of frail elderly
users requiring either specific, predictable treatment or other
treatments (Table 2, see columns B-DRH and B-other) increased
from 75 to 104 (39%) and 326 to 487 (49%), respectively.
However, annual calls made by DRH patients diminished
between 2012 and 2017 (from 728 to 502, –31%), while a
considerable growth in the number of calls made had occurred
for the remaining group (from 1054 to 1384, 31%).
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Table 2. Health care needs and urgency for frail elderly users.

Frail elderly callsFrail elderly populationYear

Health care needs, nUrgency of health care, nAll, NHealth care needs, nUrgency of health care, nAll, N

B-otherB-DRHBAA+BB-otherdB-DRHcBAAa+Bb

105472817828252607326753453023952012

86190317646642428256642712583202013

1033740177310192792353743703724462014

1158533169114783169395834084735482015

1206575178115523333398994174985612016

13845021886172936154871045015616282017

6696398110,677726717,9442,215

(2119)e
499 (480)e2312

(842)e
2464 (2303)e2898

(2700)e
Total

aA: urgent transport.
bB: planned transport.
cB-DRH: patients in need of dialysis, radiation therapy, or hyperbaric medicine making use of EMS planned transport.
dB-other: patients with health care needs other than dialysis, radiation therapy, or hyperbaric medicine making use of EMS planned transport.
eNumber of unique patients involved.

Identifying Regional Health Care Consumption
Patterns Among Frail Elderly Users

Patient Level: Low- and High-Complexity Patients
Consumption patterns for frail elderly users are captured by
ordered ride lists and process maps (Tables 3 and 4; Figures 1
and 2). Tables 3 and 4 show an excerpt of the routings of 2
frequent users, patient A and patient B, respectively. Patient A
needs dialysis and is served by a single hospital (RegHospital
1). Patient A’s routing exhibits low complexity, which is clearly
shown by the process map in Figure 1. It illustrates how the

patient was treated 145 times by RegHospital 1 while living in
the nursing home between 2012 and 2017. Arcs in Figure 1
summarize information on the sequence of services consumed;
for example, a ride to RegHospital 1 is directly followed by a
ride to the nursing home 117 times, and a ride to the nursing
home is directly followed by a ride to RegHospital 1 118 times.
In some cases, transport to or from the hospital has not been
organized by the EMS provider under study. For instance, a
ride to RegHospital 1 is followed by another ride to RegHospital
1 27 times. Similarly, a ride to the nursing home is followed by
another ride to the nursing home 27 times.

Table 3. Excerpt from the routings of patient A.

SpecialtyDestinationUrgencyTimeDate

Other specialtiesNursing homeB16:06:152012-01-06

Internal medicineNursing homeB15:46:062012-01-19

Other specialtiesRegHospital 1-dialysisB09:30:562012-01-20

Other specialtiesRegHospital 1-dialysisB10:15:322012-01-23

Internal medicineNursing homeB15:16:492012-01-23

Other specialtiesRegHospital 1-dialysisB09:11:572012-01-25
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Table 4. Excerpt from the routings of patient B.

SpecialtyActivityUrgencyTimeDateID

OSbEMS-S&TaA106:50:392013-09-131

OSHospital AA102:42:142013-06-022

OSHospital AA213:50:062013-06-163

PcHospital AA100:04:432013-07-024

OSHospital AA220:40:562014-02-015

OSUnknownA223:09:412014-02-016

OSHospital AA122:26:422014-11-267

PHospital AA111:22:002014-12-068

SurgeryHospital AA112:51:392014-12-089

OSUnknownB16:14:382014-12-0810

PHospital AA111:42:492014-02-1711

OSRegHospital 2B09:37:522014-04-0212

GeneralRegHospital 4A108:43:232015-09-0513

UnknownUnknownB11:04:532015-09-0514

GeneralHospital DA201:51:152015-09-2315

GeneralHospital DA207:57:292015-10-2216

PHospital AA209:56:392015-02-0617

PNursing homeA211:56:252015-02-0618

PHospital AA111:05:342015-02-1219

PNursing homeB12:47:122015-02-1220

OSHospital AB08:57:592015-02-2621

OSNursing homeB10:47:322015-02-2622

OSHospital AA108:16:582015-01-0723

OSUnknownA110:02:352015-01-0724

SurgeryRegHospital 1A111:48:102015-01-0725

OSEMS-S&TA105:22:402015-03-1526

OSHospital AA216:09:122015-01-1127

OSRegHospital 1B17:46:082015-01-1128

PHospital AA214:39:222015-04-3029

PUnknownB16:02:482015-04-3030

PHospital AB08:55:442015-01-1431

PHospital AA216:47:332015-06-2332

PUnknownB19:00:122015-06-2333

GeneralHospital AA110:43:342015-06-2834

PRegHospital 1A121:01:322015-06-2835

GeneralHospital DA111:45:132015-07-1036

IMdRegHospital 1A112:09:242015-07-1237

IMUnknownB14:21:532015-07-1238

PHospital AA221:39:062015-01-2139

PHospital DA208:58:032016-01-1440

PHospital DA122:08:362016-01-0241
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aEMS-S&T: emergency medical services “see and treat.”
bOS: other specialties.
cP: pulmonology.
dIM: internal medicine.

Figure 1. The process map of low complexity patient A.

Figure 2. The process map of high complexity patient B. EMS-S&T: emergency medical services “see and treat.”

Whereas routings for patient A exhibit low complexity, other
patients may have more complex routings, as illustrated by
patient B in Table 4 and Figure 2. Patient B is among the very
frequent users (between 2012 and 2017), with 41 ambulance
rides and diverse health care needs as indicated by the specialties
attending to the patient’s treatment, thus relying on several
health care providers.

Patient Group Level: “Unknown” Patients
Figure 3 and Figure 4 show the workload distribution for frail
elderly users who did not belong to a known category for 2012

(326 patients) and 2017 (487 patients; Table 2, see column
B-other). Only the health care providers involved in at least 30
treatments and had arcs with frequencies of at least 8 are shown.
The number of treatments provided by all health care providers
rose considerably between 2012 (Figure 3) and 2017 (Figure
4), although the growth rate is quite different across health care
providers. This is paralleled by the higher connectivity among
health care providers in 2017, as indicated by the arc frequencies
and new arcs (Figure 4, see arcs marked in red). However,
developments were not necessarily unidirectional, as connections
may disappear over the years (Figure 3, see arcs marked green).
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Figure 3. Process maps of 2012 aggregated routings for frail elderly patients (non-dialysis, radiation therapy, or hyperbaric medicine). EMS-S&T:
emergency medical services “see and treat.”
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Figure 4. Process maps of 2017 aggregated routings for frail elderly patients (non-dialysis, radiation therapy, or hyperbaric medicine). EMS-S&T:
emergency medical services “see and treat.”

Discussion

Principal Findings
Frequent users, defined as patients making repeated calls to
regional health care services, have a high impact on health care
capacities and resource management. Tracing frequent users
and their (shared) consumption patterns may be instrumental
in regional policymaking. In this study, we combined EMS
records and process mining in the Dutch province of Drenthe
to trace frequent users and discern different types of users. The
approach allowed us to develop and assess patient routings
along various regional health care providers by combining their
records on ambulance rides. This study demonstrates that this
approach can effectively and efficiently trace and quantify
frequent users and assess their consumption patterns.
Considering frail elderly users as a focal group, the effectiveness
of the approach benefits from its broad scope, spanning a large
group of health care providers, including nursing homes.
Moreover, using EMS records as a single source of data
guaranteed the availability of data on all regional hospitals.
Notably, data collection and analysis costs were low as the
approach relied on a single data source that is routinely collected
and the use of automated data analysis by process mining.

Process mining of EMS records confirms the relevance and
impact of frail elderly users as a subgroup of frequent users

[6-8], representing over 50% of frequent users and meeting a
threshold of 4 calls in 1 year. Moreover, the number of frail
elderly users and the number of calls they made to health care
providers significantly increased during the observation period.
Strikingly, the largest growth in frail elderly users was observed
in 2014 and 2015, increasing by 100 patients a year, from 320
in 2013 to 548 patients in 2015 (71%). Also, the urgency of
their calls increased as indicated by a steep increase in the
number of urgent rides in this category (from 664 in 2013 to
1478 in 2015, 123%), substantially exceeding the background
annual growth rate of EMS transports of 5.1% over the
observation period [30,36].

Our observations parallel structural changes in the Dutch
healthcare system of elderly health care (Wet Maatschappelijke
Ondersteuning 2015) [37]. Closure of health care homes and
stricter health care need entry requirements for nursing homes
forced the elderly to continue living independently in their
homes for as long as possible [32,38,39]. Although the
respective transformations intended to reduce chronic health
care costs, they resulted in more hospital admissions and acute
situations that were no longer manageable in the home setting,
which indeed may be considered counterproductive. We feel
the structural change in the trend observed in EMS figures for
2014 and 2015 may indicate an unwanted and unexpected impact
of national policy changes. Quantifying the health care
consumption of the frail elderly population may be helpful to
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policymakers by showing their impact on the system and
revealing the urgency to address their needs. Furthermore,
understanding the health care consumption of the frail elderly
can lead to discussions about residential and other health care
homes or other forms of home health care. Our findings reveal
a need for further action, such as capacity extensions, tailored
home health care services, or advanced health care planning to
improve elderly health care and its coordination.

Based on process mining, the structural analysis of patient
consumption patterns revealed 2 patient groups: low-complexity
“known” patients who require DRH and “unknown” patients
often linked to complex routings and the use of several regional
health care providers. Importantly, while the known group of
frail elderly patients exhibited a growth rate mirroring
demographic changes, the unknown group exhibited growth at
a much higher pace, implying increased and unpredictable
workloads. The workload related to the latter group tends to be
increasingly distributed over the several regional health care
providers, requiring them to become better connected over time
to provide the best health care for the patients they jointly serve.
This may be explained by ongoing regional specialization,
calling for regional coordination in identifying and addressing
patient needs and managing capacities. As a result, process
mining further identifies the health care providers involved and
the nature of their involvement in terms of specialties.

Of patients with high call frequencies, we evaluated 2 specific
cases and noted that some of these patients might be considered
low complex. For example, patient A needed frequent dialysis
treatments but was mainly served by a single health care
provider. Alternatively, patient B was associated with multiple
health care providers. The latter patient may benefit from
scrutinizing their treatment plan and organizing advanced health
care planning if deemed necessary. However, using this method
to identify such cases would assume that potential privacy issues

are recognized and resolved, which is beyond the scope of this
paper.

Policymakers and clinicians may use the results of our analyses
to engage in discussions or assess the current standard of care.
Our results indicate that frequent users with no clear indication,
such as dialysis, are “shopping and hopping,” representing an
unmet need while utilizing excessive resources. The onus is on
general practitioners and nursing home specialists to address
this challenge. Advanced care planning and timely and
appropriate care at the right location for this category of frequent
users might enhance their quality of life while saving scarce
resources. Providing sound evidence for the latter would require
a different type of study.

Limitations
This study also has limitations. Firstly, only the frail elderly
were studied at some depth, using EMS records for only one
province in the Netherlands. Nevertheless, while health care
consumption patterns are likely to be affected by regional
characteristics, it is expected that the success of the proposed
approach is not dependent on the latter. Secondly, EMS records
only include frequent users who are not capable of self-transport.
Thus, frequent users who do not or rarely use EMS will not be
traced by the proposed approach. Thirdly, as it is explorative,
the paper highlights the potential of the proposed approach in
tracing frequent users and enhancing regional policymaking.
Ongoing and future research should be directed toward
confirming and expanding the method, including comparisons
with alternative approaches.

Conclusions
The combined use of EMS data and process mining allows for
the effective and efficient tracing of frequent users of health
care services. The approach supports regional policymakers and
clinicians by quantifying and detailing frequent user
consumption patterns to support subsequent policy adaptations.
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