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Abstract

Objective

To develop and internally validate prediction models for future hospital care utilization in

patients with multiple chronic conditions.

Design

Retrospective cohort study.

Setting

A teaching hospital in the Netherlands (542 beds)

Participants

All adult patients (n = 18.180) who received care at the outpatient clinic in 2017 for two

chronic diagnoses or more (including oncological diagnoses) and who returned for hospital

care or outpatient clinical care in 2018. Development and validation using a stratified ran-

dom split-sample (n = 12.120 for development, n = 6.060 for internal validation).

Outcomes

�2 emergency department visits in 2018,�1 hospitalization in 2018 and�12 outpatient vis-

its in 2018.

Statistical analysis

Multivariable logistic regression with forward selection.
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Results

Evaluation of the models’ performance showed c-statistics of 0.70 (95% CI 0.69–0.72) for

the hospitalization model, 0.72 (95% CI 0.70–0.74) for the ED visits model and 0.76 (95%

0.74–0.77) for the outpatient visits model. With regard to calibration, there was agreement

between lower predicted and observed probability for all models, but the models overesti-

mated the probability for patients with higher predicted probabilities.

Conclusions

These models showed promising results for further development of prediction models for

future healthcare utilization using data from local electronic health records. This could be

the first step in developing automated alert systems in electronic health records for identify-

ing patients with multimorbidity with higher risk for high healthcare utilization, who might

benefit from a more integrated care approach.

Introduction

The prevalence of multimorbidity (defined as having two or more chronic conditions) is

increasing [1]. Kingston et al. (2018) predicted that by 2035 67.8% of the adults in the UK aged

over 65 years will be living with multimorbidity [2]. An increasing prevalence of multimorbid-

ity puts pressure on current healthcare systems, as hospital organizations are mostly providing

disease-specific care that is generally delivered by separate disciplines or medical specialties

[3,4]. Compared to patients with single chronic conditions, patients with multimorbidity have

a higher risk of experiencing fragmented care, possibly resulting in suboptimal outcomes [4–

8]. Fragmentation of care, especially with a lack of care coordination, can lead to adverse out-

comes such as over- or undertreatment, unnecessary diagnostics and medication-interactions

[9–12]. If undetected, these consequences can result in unnecessary and potentially prevent-

able healthcare utilization, such as emergency department (ED) visits, hospitalizations and

outpatient visits [13].

Several (inter)national healthcare organizations suggest that quality of care for patients with

multimorbidity might improve with a more integrated care approach, for example by organiz-

ing better coordination and more tailoring of care [14]. This approach might also reduce the

risk and related costs of adverse outcomes and decrease preventable future healthcare utiliza-

tion, like emergency department visits, acute hospitalization and unnecessary outpatient visits

[14–16]. Nevertheless, to allocate healthcare resources in a way that is both feasible and sus-

tainable, healthcare professionals should identify patients with multimorbidity that might ben-

efit most from a more integrated care approach, such as those with a high modifiable risk for

adverse outcomes or a high risk of frequent or acute healthcare utilization [14,17]. Several

studies found that healthcare utilization as well as high costs are associated with numerous dis-

ease-related, patient-related and healthcare-related factors [18–23]. Because of this multifacto-

rial association, it is difficult for individual healthcare professionals to quickly recognize

patients with multimorbidity at high risk for future frequent or acute healthcare utilization

that potentially could (partially) be prevented with a more integrated care approach.

A risk screening tool might aid healthcare professionals in identifying patients who might

benefit most from an integrated care approach. In other fields, several risk screening tools are

available, e.g. in cardiovascular risk management and the diagnostic pathway of deep-vein
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thrombosis, that combine several patient-related or disease-related factors to support health-

care professionals’ decisions when dealing with individual patients [24,25]. Normally, the

healthcare professional collects data on risk factors to calculate the risk for the individual

patient and tailors the treatment strategy based on this risk. The registration of data in the

Electronic Health Record (EHR) offers opportunities to develop, integrate and automate the

data collection and calculation of an individual patient’s risk for specific outcomes, such as

future healthcare utilization, using the registered individual patient data [26–28]. Therefore,

the aim of this study was to develop, validate and evaluate the performance of prediction mod-

els for (1)�2 emergency department visits, (2)�1 acute hospitalization and (3)�12 outpa-

tient visits in patients with multimorbidity, based on administrative EHR data.

Methods

Our study is a retrospective cohort study of a large hospital population of patients with multi-

morbidity. We used data on the population’s demographics and healthcare utilization in 2017

to develop and internally validate three prediction models for healthcare utilization outcomes

in 2018. We followed the recommendations of the Transparent Reporting of a multivariable

prediction model for Individual Prognosis Or Diagnosis (TRIPOD) statement for this article

[29].

Source of data and population

The data used for this study was administrative EHR data on all adult patients with multiple

chronic conditions who visited the outpatient clinic of Gelre hospital in Apeldoorn, a middle-

large teaching hospital in the Netherlands, in 2017 and 2018. We included all patients who:

■ were aged 18 years or older;

■ had received outpatient clinical care for multimorbidity, defined as at least two chronic con-

ditions, in 2017. Both chronic and oncologic diagnoses were considered chronic

conditions;

■ had received hospital care for at least one diagnosis in 2018.

The local institutional review board approved the anonymous use of these data for research

purposes and a waiver of consent (Local ethics committee Gelre ziekenhuizen (Gelre LTC)

number 2019_02).

In the Netherlands, hospital care is coded and billed using billing codes that include diagno-

sis and treatment combinations (DTCs). These DTCs contain information about the diagnosis,

including an International Classification of Diseases and Related Health Problems 10 (ICD-

10) code. The DTC data also contains information about the location, time, type and number

of care activities linked to the specific diagnoses [30]. The diagnoses were classified into 259

clinically relevant diagnosis groups with the use of Clinical Classifications Software (CCS) for

ICD-10-PCS, which was developed by the Agency for Healthcare Research and Quality

(AHRQ) [31]. The diagnoses from the CCS classification were categorized by Dutch Hospital

Data in acute, chronic, elective, oncological and other diagnoses.

Outcomes

We included three types of healthcare utilization:

• Acute hospitalization(s);

• Multiple emergency department (ED) visits;
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• A high number of outpatient visits.

Acute hospitalization(s) was defined as one or more acute hospitalizations in 2018. Acute

hospitalization is a major potential adverse event that, when caused by the consequences of

care fragmentation, might be preventable.

Multiple ED visits were defined as two or more ED visits in 2018, which is consistent with

other definitions of frequent ED visits [32]. One ED visit can happen to anyone, but more than

one ED visit could suggest that there is a more chronic cause for acute care utilization. If care

fragmentation and the described consequences are present in these patients, some of the ED

visits might be preventable.

A high number of outpatient visits was defined as twelve or more outpatient visits in 2018,

which is on average one outpatient visit per month. A recent study that developed prediction

models for high care need in patients with multimorbidity from the primary care perspective

also used twelve or more contacts with the general practitioner as the cut-off point [33].

Predictors

We selected candidate predictor variables based on existing literature and clinical expertise.

The demographic characteristics consisted of age, sex, and socio-economic status [18–23,34].

Socio-economic status was based on ZIP code and classified as ‘low’, ‘medium’ and ‘high’

based on information from the Central Bureau of Statistics Netherlands [35]. The healthcare

utilization characteristics included number of chronic diagnoses, number of acute diagnoses

and number of medical specialties involved in the patients’ hospital care in 2017. Additionally,

we calculated and included the number of outpatient visits, number of acute hospitalizations,

number of inpatient days, number of ICU days and number of emergency department visits,

using the information on care activities in 2017. We imputed missing values with the mean of

non-missing cases [36].

Statistical analysis

We used R 3.6.1, Rstudio 1.2.5001 and the pROC (v1.17.0.1) package for the statistical analysis

and the ggplot2 (v3.3.3) package for visualization [37–40]. For continuous and discrete numer-

ical variables, we checked the linearity of the log odds by categorizing the variable into n

groups and analyzing the association with the outcome with the use of (n-1) dummy variables

reported by tables and plots. If the association was approximately linear, the variable was

included as continuous variable in the model. If the association was defined as non-linear, the

variable was split into groups and included in the model as a categorical variable. The number

of categories for a variable was determined with the following steps:

1. The dataset was divided into quantiles (starting with quartiles, followed by either terciles or

quintiles/sextiles depending on the percentile distribution of the variables)

2. We assessed the quantile’s cut-off points. If the cut-off points were deemed clinically rele-

vant, these cut-off points were used. The cut-off points were clinically relevant if they had

been used in prior research or if they were meaningful based on clinical practicality and

meaningfulness (determined by the researchers). Quantile’s cut-off points were rounded to

clinically relevant cut-off points if possible, to stay as close as possible to the quantile distri-

bution of patients.

3. If the groups and cut-off points produced by the quantiles were not deemed clinically rele-

vant, the cut-off points and number of groups were determined based on clinical practical-

ity and meaningfulness (determined by the researchers). A minimum of 50 events per
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group was used. Moreover, the overlap of the odds ratios and confidence intervals for the

groups were assessed. A solution with a number of groups with no overlap in confidence

intervals was preferred, if possible.

For the log odds of the number of acute diagnoses and number of emergency department vis-

its, a linear relationship with the log odds of the outcome was found to be a good approximation

after assessment using the prior described steps. For age, number of chronic/oncologic diagnoses,

number of specialties, number of outpatient visits, number of acute hospitalizations, number of

inpatient days, number of ICU days, and number of therapeutic care activities, groups were pre-

pared using the methods as earlier described, with the following cut-off-points:

• Age: 55, 65, and 75 years;

• Number of chronic/oncologic diagnoses in 2017: 2, 3, 4, 5 and 6 chronic/oncologic

diagnoses;

• Number of specialties involved in 2017: 2, 3, 4, 5 and 6 specialties;

• Number of outpatient visits in 2017: 5 and 8 outpatient visits.

• Number of acute hospitalizations in 2017: 1 and 2 acute hospitalization(s)

• Number of inpatient days in 2017: 1, 4 and 8 inpatient days.

Building the prediction models

We used multivariable logistic regression with forward selection. For each step we started by

adding the candidate predictor with the lowest p-value to the model. We stopped adding new

variables to the model when all remaining candidate predictors had a p-value < 0.05. We

assessed internal validity with a weighted split-sample procedure. We randomly split the sam-

ple into development sets (two third of the sample size) and validation sets (one third of the

sample size) aiming for a minimum of 50 cases per predictor group in the development sets

[41]. We assured the same distribution for every outcome in both sets by first grouping the

data by outcome. To evaluate performance of each model we examined discrimination with a

ROC-curve and calculated the c-statistic (AUC) using the pROC package and examined cali-

bration by plotting the calibration curve.

Results

Population characteristics

Overall, 18180 patients were included (S1 Fig). Table 1 shows the general, disease and care char-

acteristics in 2017. Median age of the population was 68.0 years (IQR 48.1–87.8 years). 61.6% of

the included patients had two diagnoses, 24.4% had three diagnoses and the remaining patients

had four or more chronic and/or oncologic diagnoses for which they had used hospital care.

With regard to the outcomes in 2018, 2257 patients (12.4%) had at least one hospitalization in

2018, 1258 (6.9%) had two or more ED visits in 2018 and 1293 patients (7.1%) had at least 12 out-

patient visits in 2018. After checking for linearity between the log odds of the outcomes and the

candidate predictors, only the number of acute diagnoses in 2017 and number of ED visits in

2017 were included without groups. All other candidate predictors showed a non-linear relation-

ship to the outcomes and were split into groups. The characteristics of the validation datasets

were similar to those of the derivations datasets (S1 Table). The estimated socio-economic status

had missing values (n = 47) due to missing socio-economic status information for a number of

ZIP codes. These missing values were imputed with the mean of non-missing cases.
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Model 1: Predicting at least one hospitalization in 2018 (Table 2)

A higher age in 2017 was associated with at least one hospitalization in 2018. With age group

18–54 years as reference, the OR increased per age group, from 1.53 (95% CI 1.25–1.87) for

the age 55–64 years to 2.54 (95% CI 2.13–3.04) for the age 75 or more years. In the univariable

analysis, the number of chronic/oncologic diagnoses showed significant associations with at

Table 1. Population characteristics in 2017.

Variable Total population (n = 18180)

General characteristics

Age, median

Age (groups)

18–54 years
55–64 years
65–74 years
75–98 years

68.0 (48.1–87.8)

4132 (22.7)

3585 (19.7)

5369 (29.5)

5094 (28.0)

Sex, female, n (%) 10289 (56.6)

Socioeconomic status, n (%)

Low
Middle
High

7243 (39.8)

7244 (39.9)

3693 (20.3)

Disease characteristics

Chronic/oncologic diagnoses, median (IQR)

Chronic/oncologic diagnoses (groups) n(%)

2 chronic/oncologic diagnoses
3 chronic/oncologic diagnoses
4 chronic/oncologic diagnoses
5 chronic/oncologic diagnoses
�6 chronic/oncologic diagnoses

2 (2–3)

11203 (61.6)

4433 (24.4)

1653 (9.1)

575 (3.2)

316 (1.7)

Acute diagnoses, median (IQR) 0 (0–1)

Hospital care characteristics

Medical specialties involved, median (IQR)

Medical specialties involved (groups), n(%)

2 specialties
3 specialties
4 specialties
5 specialties
�6 specialties

3 (2–5)

5559 (30.6)

5817 (32.0)

3662 (20.1)

1797 (9.9)

1345 (7.4)

Outpatient visits, median (IQR)

Outpatient visits (groups), n (%)

2–4 visits
5–7 visits
�8 visits

6 (2–10)

6337 (34.9)

6176 (34.0)

5667 (31.2)

Acute hospitalizations, median (IQR)

Acute hospitalizations (groups)

0 acute hospitalizations
1 acute hospitalization
�2 acute hospitalizations

0 (0–0)

14847 (81.7)

2479 (13.6)

854 (4.7)

Inpatient days, median (IQR)

Inpatient days (groups)

0 inpatient days
1–3 inpatient days
4–7 inpatient days
�8 inpatient days

0 (0–2)

13402 (73.7)

1504 (8.3)

1531 (8.4)

1743 (9.5)

ICU days, median (IQR)

Patients with at least 1 ICU admission, n (%)

0 (0–0)

265 (1.4)

Emergency department visits, median (IQR), visits 0 (0–1)

https://doi.org/10.1371/journal.pone.0260829.t001
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Table 2. Results (development data) for outcome ‘�1 hospitalization(s) in 2018’.

Variable At least 1 hospitalization in 2018

(n = 1505)

No hospitalization in 2018

(n = 10615)

Univariable

Odds Ratio

(95% CI)

Multivariable

Odds Ratio

(95% CI)

p-value

General characteristics (2017)

Age group, n (%)

18–54 years
55–64 years
65–74 years
75–98 years

192 (12.8)

264 (17.5)

434 (28.8)

615 (40.9)

2603 (24.5)

2143 (20.2)

3135 (29.5)

2734 (25.8)

1 (ref)

1.67 (1.38–

2.03)

1.88 (1.57–

2.25)

3.05 (2.58–

3.63)

1 (ref)

1.53 (1.25–

1.87)

1.67 (1.39–

2.02)

2.54 (2.13–

3.04)

<0.0001

<0.0001

<0.0001

Sex, female, n (%) 746 (49.6) 6143 (57.9) 0.72 (0.64–

0.80)

0.80 (0.71–

0.89)

0.0001

Socioeconomic status, n (%)

Low
Middle
High

630 (41.9)

595 (39.5)

280 (18.6)

4185 (39.4)

4244 (40.0)

2186 (20.6)

1 (ref)

0.93 (0.83–

1.05)

0.85 (0.73–

0.99)

1 (ref)

0.89 (0.78–

1.01)

0.84 (0.71–

0.98)

0.0610

0.0245

Disease characteristics (2017)

Chronic/oncologic diagnoses, n (%)

2 chronic/oncologic diagnoses
3 chronic/oncologic diagnoses
4 chronic/oncologic diagnoses
5 chronic/oncologic diagnoses
�6 chronic/oncologic diagnoses

739 (49.1)

404 (26.8)

201 (13.4)

82 (5.5)

79 (5.3)

6748 (63.6)

2560 (24.1)

862 (8.1)

309 (2.9)

136 (1.3)

1 (ref)

1.44 (1.27–

1.64)

2.13 (1.79–

2.52)

2.42 (1.87–

3.11)

5.30 (3.97–

7.05)

1 (ref)

1.12 (0.97–

1.28)

1.34 (1.10–

1.62)

1.13 (0.85–

1.49)

1.80 (1.29–

2.50)

0.1228

0.0028

0.4017

0.0005

Acute diagnoses, median (IQR), diagnoses 0 (0–1) 0 (0–1) 1.67 (1.57–

1.78)

1.09 (1.01–

1.18)

0.0296

Hospital care characteristics (2017)

Medical specialties involved, n (%)

2 specialties
3 specialties
4 specialties
5 specialties
�6 specialties

312 (20.7)

424 (28.2)

327 (21.7)

231 (15.4)

211 (14.0)

3440 (32.4)

3458 (32.6)

2069 (19.5)

978 (9.2)

670 (6.3)

1 (ref)

1.35 (1.16–

1.58)

1.74 (1.48–

2.05)

2.60 (2.16–

3.13)

3.47 (2.86–

4.21)

Outpatient visits, n(%)

2–4 visits
5–7 visits
�8 visits

366 (24.32)

442 (29.37)

697 (46.3)

3884 (36.6)

3685 (34.7)

3046 (28.7)

1 (ref)

1.27 (1.10–

1.47)

2.43 (2.12–

2.78)

1 (ref)

1.02 (0.87–

1.18)

1.26 (1.07–

1.50)

0.8441

0.0065

Acute hospitalizations, n (%)

No acute hospitalizations
1 acute hospitalization
�2 acute hospitalizations

943 (62.7)

345 (22.9)

217 (14.4)

8908 (83.9)

1359 (12.8)

348 (3.3)

1 (ref)

2.40 (2.09–

2.74)

5.89 (4.90–

7.06)

1 (ref)

1.23 (0.99–

1.55)

1.55 (1.11–

2.16)

0.0679

0.0100

(Continued)
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least one hospitalization in 2018, but in the multivariable analysis these associations disap-

peared, except for the group with six or more chronic/oncologic diagnoses (OR 1.80, 95% CI

1.29–2.50). Moreover, variables of acute care utilization in 2017 where significant predictors in

the multivariable model for hospitalization in 2018. Patients with two or more hospitalizations

in 2017 had 1.55 higher odds (95% CI 1.11–2.16) to have at least one hospitalization in 2018

compared to patients without a hospitalization in 2017. Moreover, every ED visit in 2017 led

to 1.23 higher odds (95% CI 1.15–1.33) of having at least one hospitalization in 2018. Com-

pared to patients with no inpatient days, patients with eight or more inpatient days had 1.47

higher odds (95%CI 1.13–1.89) of having at least one hospitalization in 2018.

Model 2: Predicting 2 or more ED visits in 2018 (Table 3)

Age in 2017, number of outpatient visits in 2017 and variables of acute healthcare utilization in

2017 were predictors for 2 or more ED visits in 2018. The association of number of chronic/onco-

logic diagnoses in 2017 with 2 or more ED visits in 2018 in the univariable analysis disappeared in

the multivariable analysis, with exception of the group with six or more chronic diagnoses. In the

multivariable model, patients with 4–7 or�8 inpatient days had 1.22 (95% CI 0.99–1.51) and 1.72

(95% CI 1.37–2.17) higher odds of visiting the ED 2 or more times in 2018, respectively, compared

to patients with no inpatient days. Every ED visit in 2017 led to 1.49 (95% CI 1.39–1.61) higher

odds of visiting the ED 2 or more times in 2018. Moreover, patients with eight or more outpatient

visits in 2017 had an OR 1.80 (1.29–250) of visiting the ED twice or more in 2018.

Model 3: Predicting 12 or more outpatient visits in 2018 (Table 4)

Age, number of chronic/oncologic diagnoses, higher numbers of involved medical specialties

and number of outpatient and ED visits were significant predictors of the outcome in the mul-

tivariable model for 12 or more outpatient visits in 2018. The number of outpatient visits in

2017 was the strongest predictor of 12 or more outpatient visits in 2018. The OR was 2.13

(95% CI 1.52–2.61) for five to seven outpatient visits and 4.76 (95% CI 3.63–6.29) for eight or

more outpatient visits compared to patients with two to four outpatient visits.

Performance and internal validation of the models

Evaluation of the models’ performance showed c-statistics of 0.70 (95% CI 0.69–0.72) for the

hospitalization model, 0.72 (95% CI 0.70–0.74) for the ED visits model and 0.75 (95% CI 0.73–

Table 2. (Continued)

Variable At least 1 hospitalization in 2018

(n = 1505)

No hospitalization in 2018

(n = 10615)

Univariable

Odds Ratio

(95% CI)

Multivariable

Odds Ratio

(95% CI)

p-value

Inpatient days, n(%)

No inpatient days
1–3 inpatient days
4–7 inpatient days
�8 inpatient days

821 (54.6)

142 (9.4)

188 (12.5)

354 (23.5)

8085 (76.2)

870 (8.2)

844 (8.0)

816 (7.7)

1 (ref)

1.61 (1.32–

1.94)

2.19 (1.84–

2.60)

4.27 (3.70–

4.93)

1 (ref)

1.09 (0.87–

1.37)

1.20 (0.94–

1.51)

1.47 (1.13–

1.89)

0.4469

0.1423

0.0033

Patients with at least 1 ICU admission, n

(%)

27 (1.8) 139 (1.3) 1.38 (0.89–

2.05)

Emergency department visits, median

(IQR), visits

1 (0–2) 0 (0–1) 1.62 (1.54–

1.70)

1.23 (1.15–

1.33)

<0.0001

https://doi.org/10.1371/journal.pone.0260829.t002
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0.76) for the outpatient visits model. The c-statistics in two validation sets were almost similar

to the c-statistics in the development sets: 0.69 (95% CI 0.67–0.71) for the hospitalization

model and 0.75 (95% CI 0.73–0.78) for the outpatient visits model. The model predicting two

or more ED visits performed less in the validation set with a c-statistic of 0.67 (95% CI 0.64–

0.70). The full prognostic models including intercept and model performance measures for the

development and validation sets are included in supplementary tables (see S2–S4 Tables). The

models’ calibration curves (Fig 1) show that there was agreement between lower predicted and

observed probability for hospitalization and ED visits, but that the models overestimated the

probability for patients with higher predicted probabilities. For the outpatient visit model

Table 3. Results (development data) for outcome ‘�2 ED visits in 2018’.

Variable �2 ED visits (n = 839) No or 1 ED visit (n = 11.282) Univariable

Odds Ratio

(95% CI)

Multivariable

Odds Ratio

(95% CI)

p-value

General characteristics (2017)

Age group, n (%)

18–54 years
55–64 years
65–74 years
75–98 years

139 (16.6)

142 (16.9)

264 (31.5)

294 (35.0)

2547 (22.6)

2186 (19.4)

3443 (30.5)

3106 (27.5)

1 (ref)

1.19 (0.94–1.51)

1.41 (1.14–1.74)

1.73 (1.41–2.14)

1 (ref)

1.11 (0.86–1.42)

1.29 (1.03–1.61)

1.42 (1.14–1.77)

0.4293

0.0252

0.0019

Sex, female, n (%) 443 (52.8) 6373 (56.5) 0.86 (0.75–0.99)

Socioeconomic status, n (%)

Low
Middle
High

351 (41.8)

337 (40.2)

151 (18.0)

4449 (39.4)

4554 (40.4)

2279 (20.2)

1 (ref)

0.94 (0.80–1.10)

0.84 (0.69–1.02)

Disease characteristics (2017)

Chronic/oncologic diagnoses, n (%)

2 chronic/oncologic diagnoses
3 chronic/oncologic diagnoses
4 chronic/oncologic diagnoses
5 chronic/oncologic diagnoses
�6 chronic/oncologic diagnoses

389 (46.4)

222 (26.5)

116 (13.8)

53 (6.3)

59 (7.0)

7005 (62.1)

2780 (24.6)

988 (8.8)

346 (3.1)

163 (1.4)

1 (ref)

1.44 (1.21–1.70)

2.11 (1.69–2.62)

2.76 (2.01–3.72)

6.52 (4.72–8.88)

1 (ref)

1.05 (0.88–1.26)

1.16 (0.91–1.47)

1.09 (0.76–1.52)

1.90 (1.31–2.72)

0.5799

0.2324

0.6349

0.0006

Acute diagnoses, median (IQR) 1 (0–2) 0 (0–1) 1.79 (1.66–1.92) 1.11 (1.01–1.22) 0.0271

Hospital care characteristics (2017)

Medical specialties involved, n (%)

2 specialties
3 specialties
4 specialties
5 specialties
�6 specialties

164 (19.5)

215 (25.6)

166 (19.8)

134 (16.0)

160 (19.1)

3504 (31.1)

3646 (32.3)

2285 (20.2)

1083 (9.6)

767 (6.8)

1 (ref)

1.26 (1.02–1.55)

1.55 (1.24–1.94)

2.64 (2.08–3.35)

4.46 (3.54–5.62)

Outpatient visits, n(%)

2–4 visits
5–7 visits
�8 visits

150 (17.9)

239 (28.5)

450 (53.6)

4042 (35.8)

3835 (34.0)

3405 (30.2)

1 (ref)

1.68 (1.36–2.07)

3.56 (2.95–4.32)

1 (ref)

1.36 (1.09–1.69)

1.72 (1.37–2.17)

0.0056

<0.0001

Acute hospitalizations, n (%)

No acute hospitalizations
1 acute hospitalization
�2 acute hospitalizations

495 (59.0)

192 (22.9)

152 (18.1)

9350 (82.9)

1505 (13.3)

427 (3.8)

1 (ref)

2.41 (2.02–2.87)

6.72 (5.46–8.25)

Inpatient days, n(%)

No inpatient days
1–3 inpatient days
4–7 inpatient days
�8 inpatient days

427 (50.9)

75 (8.9)

112 (13.3)

225 (26.8)

8427 (74.7)

942 (8.3)

926 (8.2)

987 (8.8)

1 (ref)

1.57 (1.21–201)

2.39 (1.91–2.96)

4.50 (3.77–5.35)

1 (ref)

1.00 (0.76–1.29)

1.24 (0.97–1.57)

1.37 (1.08–1.73)

0.9862

0.0748

0.0086

Patients with at least 1 ICU admission, n (%) 29 (3.5) 152 (1.3) 2.62 (1.72–3.86)

Emergency department days, median (IQR) 1 (1–3) 0 (0–1) 1.81 (1.72–1.91) 1.49 (1.39–1.61) <0.0001

https://doi.org/10.1371/journal.pone.0260829.t003
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Table 4. Results (development data) for outcome ‘�12 outpatient visits in 2018’.

Variable �12 outpatient visits in 2018

(n = 862)

Less than 12 outpatient visits in 2018

(n = 11258)

Univariate

Odds Ratio

(95% CI)

Multivariable

Odds Ratio

(95% CI)

P Value

General characteristics (2017)

Age group, n (%)

18–54 years
55–64 years
65–74 years
75–98 years

127 (14.7)

173 (20.1)

299 (34.7)

263 (30.5)

2691 (23.9)

2194 (19.5)

3258 (28.9)

3115 (27.7)

1 (ref)

1.67 (1.32–

2.12)

1.94 (1.57–

2.42)

1.79 (1.44–

2.23)

1(ref)

1.44 (1.13–

1.83)

1.58 (1.27–

1.98)

1.34 (1.07–

1.69)

0.0034

<0.0001

0.0109

Sex, female, n (%) 451 (52.3) 6426 (57.1) 0.83 (0.72–

0.95)

Socioeconomic status, n (%)

Low
Middle
High

361 (41.9)

338 (39.2)

163 (18.9)

4530 (40.2)

4489 (40.0)

2239 (19.9)

1 (ref)

0.94 (0.81–

1.10)

0.91 (0.75–

1.10)

Disease characteristics (2017)

Chronic/oncologic diagnoses, n (%)

2 chronic/oncologic diagnoses
3 chronic/oncologic diagnoses
4 chronic/oncologic diagnoses
5 chronic/oncologic diagnoses
�6 chronic/oncologic diagnoses

321 (37.2)

262 (30.4)

147 (17.1)

73 (8.5)

59 (6.8)

7185 (63.8)

2663 (23.7)

957 (8.5)

310 (2.8)

143 (1.3)

1 (ref)

2.20 (1.86–

2.61)

3.44 (2.79–

4.22)

5.27 (3.97–

6.93)

9.24 (6.64–

12.70)

1 (ref)

1.34 (1.12–

1.62)

1.43 (1.12–

1.81)

1.57 (1.13–

2.15)

2.17 (1.48–

3.17)

0.0018

0.0035

0.0063

0.0001

Acute diagnoses in 2017, median (IQR),

diagnoses

0 (0–1) 0 (0–1) 1.52 (1.41–

1.63)

Hospital care characteristics (2017)

Medical specialties involved, n (%)

2 specialties
3 specialties
4 specialties
5 specialties
�6 specialties

123 (14.3)

188 (21.8)

198 (23.0)

168 (19.5)

185 (21.5)

3644 (32.4)

3641 (32.3)

2238 (19.9)

1041 (9.2)

694 (6.2)

1 (ref)

1.53 (1.21–

1.93)

2.62 (2.08–

3.31)

4.78 (3.76–

6.10)

7.90 (6.21–

10.08)

1 (ref)

0.93 (0.72–

1.19)

1.03 (0.79–

1.35)

1.34 (1.00–

1.80)

1.59 (1.15–

2.20)

0.5489

0.8433

0.0546

0.0047

Outpatient visits, n(%)

2–4 visits
5–7 visits
�8 visits

90 (10.4)

212 (24.6)

560 (65.0)

4180 (37.1)

3904 (34.7)

3174 (28.2)

1 (ref)

2.52 (1.97–

3.25)

8.19 (6.56–

10.35)

1 (ref)

2.13 (1.52–

2.61)

4.76 (3.63–

6.29)

<0.0001

<0.0001

Acute hospitalizations, n (%)

No acute hospitalizations
1 acute hospitalization
�2 acute hospitalizations

586 (68.0)

168 (19.5)

108 (12.5)

9328 (82.9)

1456 (12.9)

474 (4.2)

1 (ref)

1.84 (1.53–

2.19)

3.63 (2.88–

4.53)

(Continued)
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there was good agreement, with a slight underestimation of the probability in the patients with

intermediate predicted probability and an overestimation of the probability in the patients

with a higher predicted probability.

Integrating prediction models into the EHR

An individual patient’s risk can be calculated using the regression coefficients in the supple-

mentary tables (see S2–S4 Tables). Fig 2 shows an example of how the calculated predicted

risk, including the probability percentile (top-X% risk group, see S2 Fig) for the three out-

comes for new fictive patients, could be reported to an individual healthcare professional.

Discussion

The aim of this study was to develop and validate prediction models for future (1)�2 emer-

gency department visits, (2)�1 acute hospitalization and (3)�12 outpatient visits in patients

with multimorbidity, using existing administrative EHR data. Our results suggest that local

administrative data from the EHR can be used to locally develop and validate reasonable per-

forming prediction models for these outcomes. All prediction models also performed reason-

ably well in the validation sets (see S2–S4 Tables). The predicted and actual probabilities show

good agreement in each model, but show a tendency to overestimate the actual probability in

the higher risk groups for�1 hospitalization and�2 ED visits.

In line with other research, our study shows that administrative data from the EHR can be

used to develop reasonable prediction models for healthcare utilization [42]. In a systematic

review by Wallace et al. (2014) the best performing models to predict acute hospitalization

using administrative or clinical record data had similar c-statistics in development studies

ranging from 0.68 to 0.83 [42]. Hudon et al. (2020) developed prediction models to predict

four or more ED visits and reported c-statistics of 0.76 and 0.79 [43]. Compared to these mod-

els, our acute unplanned care models scored well. However, we were unable to compare cali-

bration to these models, because these studies did not show calibration curves for their data.

To our knowledge, there are no studies that developed prediction models to predict high

numbers of outpatient visits, but models using administrative data from primary care predict-

ing persistent frequent attendance and�12 general practitioner visits reported c-statistics of

respectively 0.67 and 0.83, which is consistent with the c-statistic of 0.75 in our validation set

[33,44].

Table 4. (Continued)

Variable �12 outpatient visits in 2018

(n = 862)

Less than 12 outpatient visits in 2018

(n = 11258)

Univariate

Odds Ratio

(95% CI)

Multivariable

Odds Ratio

(95% CI)

P Value

Inpatient days, n(%)

No inpatient days
1–3 inpatient days
4–7 inpatient days
�8 inpatient days

486 (56.4)

90 (10.4)

115 (13.3)

171 (19.8)

8490 (75.4)

900 (8.0)

906 (8.0)

962 (8.5)

1 (ref)

1.75 (1.37–

2.20)

2.22 (1.78–

2.74)

3.11 (2.57–

3.73)

Patients with at least 1 ICU admission, n

(%)

28 (3.2) 149 (1.3) 2.50 (1.63–

3.71)

Emergency department days, median

(IQR), days

0 (0–1) 0 (0–1) 1.45 (1.37–

1.53)

1.13 (1.06–

1.20)

<0.0001

https://doi.org/10.1371/journal.pone.0260829.t004
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In all three of our models, age,�6 chronic/oncologic diagnoses, the number of ED visits,

and a higher number of outpatient visits in the year prior were significant predictors of health-

care utilization one year later. This is consistent with the acute care models with the best

model accuracy described by Wallace et al. (2014), with age, prior healthcare utilization and a

multimorbidity measure as some of the most important predictors [42]. However, we expected

Fig 1. Calibration curves for the three prediction models. The models for hospitalization and ED visits overestimate

the risk in patients with a higher predicted risk. The model for outpatient visits has a reasonable agreement between

predicted and actual risk.

https://doi.org/10.1371/journal.pone.0260829.g001
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that the number of chronic diagnoses would have been a stronger predictor, based on the asso-

ciation between multimorbidity and healthcare utilization and healthcare costs reported in

prior research [21,23]. Consistent with Heins et al. (2020), we found that higher numbers of

outpatient visits in the prior year was the strongest predictor of higher numbers of outpatient

visits one year later, and also predicted hospitalization and ED visits one year later [33]. These

findings suggest that it is feasible to include measures of age, multimorbidity and prior health-

care utilization in models to predict future healthcare utilization.

A strength of our study is that we developed reasonably performing prediction models

using local administrative data from the EHR. Prediction models based on national and

regional data might perform worse in a local population and be less applicable due to local var-

iations [42]. Our results suggest that administrative data from the local EHR are sufficient to

develop reasonably performing prediction models. Another strength of our study is the inclu-

sion of a large, general hospital population with multimorbidity to develop these prediction

models. This population matches the general definition of multimorbidity [1]. The prediction

models can aid healthcare professionals in the hospital in differentiating between several

patients with multimorbidity in the general hospital population. The combination of variables

such as age, number of chronic diagnoses and prior healthcare utilization and the associated

risk for adverse outcomes can be used in addition to the clinical assessment. Another strength

of our study is the interpretability of the models. Compared to black-box models, that tend to

have the best performance, models such as multiple logistic regression generally have lower

accuracy, but are more interpretable, which is beneficial for the usage in the clinical setting

[45]. Models with high interpretability can offer insight into the relative importance of each

predictor and can help to form hypotheses about how and why the model predicts high proba-

bility for certain patients. Further research using newer techniques with regularization and

sample size calculation for the required events per candidate predictor might improve the

accuracy of the models without losing interpretability [46,47]. Moreover, other interpretable

models, like classification trees and random forest, may perform better if there are important

interaction effects between predictor variables. A limitation of our prediction models is their

overestimation of the actual probability for the higher risk groups, especially for the acute care

models. However, if a higher predicted risk for healthcare utilization is considered an

Fig 2. Predicted probabilities for two fictive patients using the developed models and indicating the probability

percentile per outcome.

https://doi.org/10.1371/journal.pone.0260829.g002
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indication of need for support, the overestimation could be acceptable if the models are used

in combination with clinical assessment of the need for support.

Digitalization of health records and data generation gives rise to the possibility of integrat-

ing prediction models in the EHR and using recent EHR data and machine learning for auto-

matic stratification of patients with multimorbidity at risk for adverse outcomes [26,48,49].

However, future impact studies should evaluate if patients who are identified as high risk

patients are indeed patients with a high modifiable risk for these outcomes and if they would

benefit from a more integrated care approach. Moreover, factors like perceived health status,

coordination of care, health literacy or the reason for healthcare utilization are not included as

variables in these models and not a standard part of EHR registration. In the future, further

development and use of artificial intelligence solutions could aid in retrieving information that

is not a standard part of EHR registration. Including these factors in the models or in the iden-

tification process might add valuable information about a patient’s need for more integrated

care [6,50]. Moreover, the models’ performance and identification process could also be

improved by adding more variables by connecting to and using data from other (local) data

sources, e.g. mortality from the municipal database or number of general practitioner’s visits

from local general practitioners’ databases [26]. Adding a prediction model for mortality to

the identification process could be valuable, as the majority of patients approaching end of life

are not being appropriately identified as such, and might also benefit from a more integrated

care approach to enhance adequate advance care planning [51].

Our prediction models can be considered a useful example of how local prediction models

could support individual healthcare professionals in the identification of high risk of hospitali-

zation, emergency department visits, and outpatient visits in patients with multimorbidity.

Hospitals could use their own administrative data, and our predictors for hospitalizations,

emergency department visits and outpatient visits for patients with multimorbidity. By locally

developing and validating these models, local variation of the hospital population will be taken

into account. The development and internal validation of local prediction models could be the

first step in developing an automated alert system in EHRs for identifying patients with multi-

morbidity who might benefit from an integrated care approach.

Supporting information

S1 Fig. Flow chart patients included in final dataset.

(TIF)

S2 Fig. Distribution of predicted probabilities in the development datasets based on the

developed models, with cut-off values for top 5% and top 10% probabilities.

(TIF)

S1 Table. Comparison of development and validation data. Total dataset (n = 18180) was

split randomly three times, weighted for every outcome.

(PDF)

S2 Table. Full Prognostic Model including intercept and model performance measures for

derivation and validation set for outcome measure ‘�1 hospitalization(s) in 2018’.

(PDF)

S3 Table. Full Prognostic Model including intercept and model performance measures for

derivation and validation set for outcome measure ‘�2 ED visits in 2018.

(PDF)

PLOS ONE Predicting hospital care utilization by patients with multimorbidity using electronic health record data

PLOS ONE | https://doi.org/10.1371/journal.pone.0260829 March 17, 2022 14 / 18

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0260829.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0260829.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0260829.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0260829.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0260829.s005
https://doi.org/10.1371/journal.pone.0260829


S4 Table. Full Prognostic Model including intercept and model performance measures for

derivation and validation set for outcome measure ‘�12 outpatient visits in 2018’.

(PDF)

Acknowledgments

We thank G. Klop and R. van de Kerkhof, data scientists, for their help with the data collection

and the data cleaning process. We thank H. van der Zaag, MD, PhD and epidemiologist, for

her collaboration.

Author Contributions

Conceptualization: Marlies Verhoeff, Barbara C. van Munster.

Data curation: Marlies Verhoeff.

Formal analysis: Marlies Verhoeff.

Funding acquisition: Barbara C. van Munster.

Investigation: Marlies Verhoeff.

Methodology: Marlies Verhoeff, Janke de Groot, Barbara C. van Munster.

Project administration: Marlies Verhoeff.

Resources: Barbara C. van Munster.

Supervision: Janke de Groot, Jako S. Burgers, Barbara C. van Munster.

Validation: Marlies Verhoeff, Jako S. Burgers, Barbara C. van Munster.

Visualization: Marlies Verhoeff.

Writing – original draft: Marlies Verhoeff.

Writing – review & editing: Marlies Verhoeff, Janke de Groot, Jako S. Burgers, Barbara C. van

Munster.

References
1. van den Akker M, Buntinx F, Knottnerus JA. Comorbidity or multimorbidity: what’s in a name? A review

of literature. Eur J Gen Pract. 1996; 2: 65–70. https://doi.org/10.3109/13814789609162146

2. Kingston A, Robinson L, Booth H, Knapp M, Jagger C, for the MODEM project. Projections of multi-mor-

bidity in the older population in England to 2035: estimates from the Population Ageing and Care Simu-

lation (PACSim) model. Age Ageing. 2018; 47: 374–380. https://doi.org/10.1093/ageing/afx201 PMID:

29370339

3. Barnett K, Mercer SW, Norbury M, Watt G, Wyke S, Guthrie B. Epidemiology of multimorbidity and

implications for health care, research, and medical education: a cross-sectional study. The Lancet.

2012; 380: 37–43. https://doi.org/10.1016/S0140-6736(12)60240-2.

4. Marengoni A, Angleman S, Melis R, Mangialasche F, Karp A, Garmen A, et al. Aging with multimorbid-

ity: A systematic review of the literature. Ageing Res Rev. 2011; 10: 430–439. https://doi.org/10.1016/j.

arr.2011.03.003 PMID: 21402176

5. Verhoeff M, van der Zaag HJ, Vermeeren Y, van Munster BC. Secondary care experiences of patients

with multiple chronic conditions. Neth J Med. 2018; 76: 397–406. PMID: 30465654

6. Burgers JS, Voerman GE, Grol R, Faber MJ, Schneider EC. Quality and Coordination of Care for

Patients With Multiple Conditions: Results From an International Survey of Patient Experience. Eval

Health Prof. 2010; 33: 343–364. https://doi.org/10.1177/0163278710375695 PMID: 20801976

7. Gijsen R, Hoeymans N, Schellevis FG, Ruwaard D, Satariano WA, van den Bos GA. Causes and con-

sequences of comorbidity: a review. J Clin Epidemiol. 2001; 54: 661–674. https://doi.org/10.1016/

s0895-4356(00)00363-2 PMID: 11438406

PLOS ONE Predicting hospital care utilization by patients with multimorbidity using electronic health record data

PLOS ONE | https://doi.org/10.1371/journal.pone.0260829 March 17, 2022 15 / 18

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0260829.s006
https://doi.org/10.3109/13814789609162146
https://doi.org/10.1093/ageing/afx201
http://www.ncbi.nlm.nih.gov/pubmed/29370339
https://doi.org/10.1016/S0140-6736%2812%2960240-2.
https://doi.org/10.1016/j.arr.2011.03.003
https://doi.org/10.1016/j.arr.2011.03.003
http://www.ncbi.nlm.nih.gov/pubmed/21402176
http://www.ncbi.nlm.nih.gov/pubmed/30465654
https://doi.org/10.1177/0163278710375695
http://www.ncbi.nlm.nih.gov/pubmed/20801976
https://doi.org/10.1016/s0895-4356%2800%2900363-2
https://doi.org/10.1016/s0895-4356%2800%2900363-2
http://www.ncbi.nlm.nih.gov/pubmed/11438406
https://doi.org/10.1371/journal.pone.0260829


8. Osborn R, Squires D, Doty MM, Sarnak DO, Schneider EC. In New Survey Of Eleven Countries, US

Adults Still Struggle With Access To And Affordability Of Health Care. Health Aff (Millwood). 2016; 35:

2327–2336. https://doi.org/10.1377/hlthaff.2016.1088 PMID: 27856648

9. Kern LM, Seirup JK, Casalino LP, Safford MM. Healthcare Fragmentation and the Frequency of Radiol-

ogy and Other Diagnostic Tests: A Cross-Sectional Study. J Gen Intern Med. 2017; 32: 175–181.

https://doi.org/10.1007/s11606-016-3883-z PMID: 27796694

10. Romano MJ, Segal JB, Pollack CE. The Association Between Continuity of Care and the Overuse of

Medical Procedures. JAMA Intern Med. 2015; 175: 1148. https://doi.org/10.1001/jamainternmed.2015.

1340 PMID: 25984883

11. Boyd CM, Darer J, Boult C, Fried LP, Boult L, Wu AW. Clinical Practice Guidelines and Quality of Care

for Older Patients With Multiple Comorbid Diseases: Implications for Pay for Performance. JAMA.

2005; 294: 716. https://doi.org/10.1001/jama.294.6.716 PMID: 16091574

12. Opondo D, Eslami S, Visscher S, de Rooij SE, Verheij R, Korevaar JC, et al. Inappropriateness of Medi-

cation Prescriptions to Elderly Patients in the Primary Care Setting: A Systematic Review. Simpson C,

editor. PLoS ONE . 2012; 7: e43617. https://doi.org/10.1371/journal.pone.0043617 PMID: 22928004

13. Van Walraven C, Oake N, Jennings A, Forster AJ. The association between continuity of care and out-

comes: a systematic and critical review: Association between continuity of care and outcomes. J Eval

Clin Pract. 2010; 16: 947–956. https://doi.org/10.1111/j.1365-2753.2009.01235.x PMID: 20553366

14. Barnett N. et al. Multimorbidity: clinical assessment and management NICE guideline [NG56]. 2016.

Available: https://www.nice.org.uk/guidance/ng56/evidence/full-guideline-pdf-2615543103.

15. World Health Organization (WHO). Integrated care models: an overview. Health Services Delivery Pro-

gramme, Division of Health Systems and Public Health; 2016. Available: http://www.euro.who.int/__

data/assets/pdf_file/0005/322475/Integrated-care-models-overview.pdf.

16. American Geriatrics Society (AGS) Expert Panel on the Care of Older Adults with Multimorbidity. Guid-

ing Principles for the Care of Older Adults with Multimorbidity: An Approach for Clinicians. J Am Geriatr

Soc. 2012; 60: E1–E25. https://doi.org/10.1111/j.1532-5415.2012.04188.x PMID: 22994865

17. Farrell TW, Tomoaia-Cotisel A, Scammon DL, Day J, Day RL, Magill MK. Care Management: Implica-

tions for Medical Practice, Health Policy, and Health Services Research. Care management Issue Brief.

Agency for Healthcare Research and Quality (US); 2015. Available: https://www.ahrq.gov/sites/default/

files/publications/files/caremgmt-brief.pdf.

18. Hull SA, Homer K, Boomla K, Robson J, Ashworth M. Population and patient factors affecting emer-

gency department attendance in London: Retrospective cohort analysis of linked primary and second-

ary care records. Br J Gen Pract. 2018; 68: e157–e167. https://doi.org/10.3399/bjgp18X694397 PMID:

29335325

19. Cunningham A, Mautner D, Ku B, Scott K, LaNoue M. Frequent emergency department visitors are fre-

quent primary care visitors and report unmet primary care needs. J Eval Clin Pract. 2017; 23: 567–573.

https://doi.org/10.1111/jep.12672 PMID: 27862710

20. Agborsangaya CB, Lau D, Lahtinen M, Cooke T, Johnson JA. Health-related quality of life and health-

care utilization in multimorbidity: results of a cross-sectional survey. Qual Life Res. 2013; 22: 791–9.

https://doi.org/10.1007/s11136-012-0214-7 PMID: 22684529

21. Palladino R, Tayu Lee J, Ashworth M, Triassi M, Millett C. Associations between multimorbidity, health-

care utilisation and health status: evidence from 16 European countries. Age Ageing. 2016; 45: 431–5.

https://doi.org/10.1093/ageing/afw044 PMID: 27013499

22. Glynn LG, Valderas JM, Healy P, Burke E, Newell J, Gillespie P, et al. The prevalence of multimorbidity

in primary care and its effect on health care utilization and cost. Fam Pract. 2011; 28: 516–523. https://

doi.org/10.1093/fampra/cmr013 PMID: 21436204

23. Wammes JJG, van der Wees PJ, Tanke MAC, Westert GP, Jeurissen PPT. Systematic review of high-

cost patients’ characteristics and healthcare utilisation. BMJ Open. 2018; 8: e023113. https://doi.org/

10.1136/bmjopen-2018-023113 PMID: 30196269

24. Wells PS, Anderson DR, Bormanis J, Guy F, Mitchell M, Gray L, et al. Value of assessment of pretest

probability of deep-vein thrombosis in clinical management. The Lancet. 1997; 350: 1795–1798. https://

doi.org/10.1016/S0140-6736(97)08140-3 PMID: 9428249

25. Chamnan P, Simmons RK, Khaw KT, Wareham NJ, Griffin SJ. Estimating the population impact of

screening strategies for identifying and treating people at high risk of cardiovascular disease: modelling

study. BMJ. 2010; 340: c1693–c1693. https://doi.org/10.1136/bmj.c1693 PMID: 20418545

26. Rahimian F, Salimi-Khorshidi G, Payberah AH, Tran J, Ayala Solares R, Raimondi F, et al. Predicting

the risk of emergency admission with machine learning: Development and validation using linked elec-

tronic health records. Sheikh A, editor. PLOS Med. 2018; 15: e1002695. https://doi.org/10.1371/journal.

pmed.1002695 PMID: 30458006

PLOS ONE Predicting hospital care utilization by patients with multimorbidity using electronic health record data

PLOS ONE | https://doi.org/10.1371/journal.pone.0260829 March 17, 2022 16 / 18

https://doi.org/10.1377/hlthaff.2016.1088
http://www.ncbi.nlm.nih.gov/pubmed/27856648
https://doi.org/10.1007/s11606-016-3883-z
http://www.ncbi.nlm.nih.gov/pubmed/27796694
https://doi.org/10.1001/jamainternmed.2015.1340
https://doi.org/10.1001/jamainternmed.2015.1340
http://www.ncbi.nlm.nih.gov/pubmed/25984883
https://doi.org/10.1001/jama.294.6.716
http://www.ncbi.nlm.nih.gov/pubmed/16091574
https://doi.org/10.1371/journal.pone.0043617
http://www.ncbi.nlm.nih.gov/pubmed/22928004
https://doi.org/10.1111/j.1365-2753.2009.01235.x
http://www.ncbi.nlm.nih.gov/pubmed/20553366
https://www.nice.org.uk/guidance/ng56/evidence/full-guideline-pdf-2615543103
http://www.euro.who.int/__data/assets/pdf_file/0005/322475/Integrated-care-models-overview.pdf
http://www.euro.who.int/__data/assets/pdf_file/0005/322475/Integrated-care-models-overview.pdf
https://doi.org/10.1111/j.1532-5415.2012.04188.x
http://www.ncbi.nlm.nih.gov/pubmed/22994865
https://www.ahrq.gov/sites/default/files/publications/files/caremgmt-brief.pdf
https://www.ahrq.gov/sites/default/files/publications/files/caremgmt-brief.pdf
https://doi.org/10.3399/bjgp18X694397
http://www.ncbi.nlm.nih.gov/pubmed/29335325
https://doi.org/10.1111/jep.12672
http://www.ncbi.nlm.nih.gov/pubmed/27862710
https://doi.org/10.1007/s11136-012-0214-7
http://www.ncbi.nlm.nih.gov/pubmed/22684529
https://doi.org/10.1093/ageing/afw044
http://www.ncbi.nlm.nih.gov/pubmed/27013499
https://doi.org/10.1093/fampra/cmr013
https://doi.org/10.1093/fampra/cmr013
http://www.ncbi.nlm.nih.gov/pubmed/21436204
https://doi.org/10.1136/bmjopen-2018-023113
https://doi.org/10.1136/bmjopen-2018-023113
http://www.ncbi.nlm.nih.gov/pubmed/30196269
https://doi.org/10.1016/S0140-6736%2897%2908140-3
https://doi.org/10.1016/S0140-6736%2897%2908140-3
http://www.ncbi.nlm.nih.gov/pubmed/9428249
https://doi.org/10.1136/bmj.c1693
http://www.ncbi.nlm.nih.gov/pubmed/20418545
https://doi.org/10.1371/journal.pmed.1002695
https://doi.org/10.1371/journal.pmed.1002695
http://www.ncbi.nlm.nih.gov/pubmed/30458006
https://doi.org/10.1371/journal.pone.0260829


27. Hu Z, Hao S, Jin B, Shin AY, Zhu C, Huang M, et al. Online Prediction of Health Care Utilization in the

Next Six Months Based on Electronic Health Record Information: A Cohort and Validation Study. J Med

Internet Res. 2015; 17: e219. https://doi.org/10.2196/jmir.4976 PMID: 26395541

28. Morawski K, Dvorkis Y, Monsen CB. Predicting hospitalizations from electronic health record data. Am

J Manag Care. 2020; 26: e7–e13. https://doi.org/10.37765/ajmc.2020.42147 PMID: 31951361

29. Moons KGM, Altman DG, Reitsma JB, Ioannidis JPA, Macaskill P, Steyerberg EW, et al. Transparent

Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD): Explana-

tion and Elaboration. Ann Intern Med. 2015; 162: W1. https://doi.org/10.7326/M14-0698 PMID:

25560730

30. Folmer K, Mot E. Diagnosis and Treatment Combinations in Dutch Hospitals. CPB Report 2003/1;

2003.

31. Healthcare Cost and Utilization Project (HCUP). Beta Clinical Classifications Software (CCS) for ICD-

10-CM/PCS. Agency for Healthcare Research and Quality, Rockville, MD.; 2018. Available: www.

hcup-us.ahrq.gov/toolssoftware/ccs10/ccs10.jsp.

32. Doupe MB, Palatnick W, Day S, Chateau D, Soodeen R-A, Burchill C, et al. Frequent Users of Emer-

gency Departments: Developing Standard Definitions and Defining Prominent Risk Factors. Ann Emerg

Med. 2012; 60: 24–32. https://doi.org/10.1016/j.annemergmed.2011.11.036 PMID: 22305330

33. Heins M, Korevaar J, Schellevis F, Rijken M. Identifying multimorbid patients with high care needs—A

study based on electronic medical record data. Eur J Gen Pract. 2020; 26: 189–195. https://doi.org/10.

1080/13814788.2020.1854719 PMID: 33337928

34. McGilton KS, Vellani S, Yeung L, Chishtie J, Commisso E, Ploeg J, et al. Identifying and understanding

the health and social care needs of older adults with multiple chronic conditions and their caregivers: a

scoping review. BMC Geriatr. 2018; 18: 231. https://doi.org/10.1186/s12877-018-0925-x PMID:

30285641

35. Sociaal en Cultureel Planbureau. Sociaal-Economische Status per postcodegebied. Available: https://

bronnen.zorggegevens.nl/Bron?naam=Sociaal-Economische-Status-per-postcodegebied.

36. Eekhout I, de Boer RM, Twisk JWR, de Vet HCW, Heymans MW. Missing Data: A Systematic Review

of How They Are Reported and Handled. Epidemiology. 2012; 23: 729–732. https://doi.org/10.1097/

EDE.0b013e3182576cdb PMID: 22584299

37. R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical

Computing, Vienna, Austria.; 2019. Available: https://www.R-project.org/.

38. RStudio Team . RStudio: Integrated Development for R. RStudio, PBC, Boston, MA; Available: http://

www.rstudio.com/.

39. Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez J-C, et al. pROC: an open-source package

for R and S+ to analyze and compare ROC curves. BMC Bioinformatics. 2011; 12: 77. https://doi.org/

10.1186/1471-2105-12-77 PMID: 21414208

40. Wickham H. ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag New York; 2016.

41. Altman DG, Royston P. What do we mean by validating a prognostic model? Stat Med. 2000; 19: 453–

473. https://doi.org/10.1002/(sici)1097-0258(20000229)19:4<453::aid-sim350>3.0.co;2-5 PMID:

10694730

42. Wallace E, Stuart E, Vaughan N, Bennett K, Fahey T, Smith SM. Risk Prediction Models to Predict

Emergency Hospital Admission in Community-dwelling Adults: A Systematic Review. Med Care. 2014;

52: 751–765. https://doi.org/10.1097/MLR.0000000000000171 PMID: 25023919

43. Hudon C, Courteau J, Chiu YM, Chouinard M-C, Dubois M-F, Dubuc N, et al. Risk of Frequent Emer-

gency Department Use Among an Ambulatory Care Sensitive Condition Population: A Population-

based Cohort Study. Med Care. 2020; 58: 248–256. https://doi.org/10.1097/MLR.0000000000001270

PMID: 32049947

44. Smits FT, Brouwer HJ, van Weert HC, Schene AH, ter Riet G. Predictability of persistent frequent atten-

dance: a historic 3-year cohort study. Br J Gen Pract. 2009; 59: e44–e50. https://doi.org/10.3399/

bjgp09X395120 PMID: 19192367

45. Kelly CJ, Karthikesalingam A, Suleyman M, Corrado G, King D. Key challenges for delivering clinical

impact with artificial intelligence. BMC Med. 2019; 17: 195. https://doi.org/10.1186/s12916-019-1426-2

PMID: 31665002

46. Dankers FJWM, Traverso A, Wee L, van Kuijk SMJ. Prediction Modeling Methodology. In: Kubben P,

Dumontier M, Dekker A, editors. Fundamentals of Clinical Data Science. Cham: Springer International

Publishing; 2019. pp. 101–120. https://doi.org/10.1007/978-3-319-99713-1_8 PMID: 31314250

47. Riley RD, Ensor J, Snell KIE, Harrell FE, Martin GP, Reitsma JB, et al. Calculating the sample size

required for developing a clinical prediction model. BMJ. 2020; m441. https://doi.org/10.1136/bmj.m441

PMID: 32188600

PLOS ONE Predicting hospital care utilization by patients with multimorbidity using electronic health record data

PLOS ONE | https://doi.org/10.1371/journal.pone.0260829 March 17, 2022 17 / 18

https://doi.org/10.2196/jmir.4976
http://www.ncbi.nlm.nih.gov/pubmed/26395541
https://doi.org/10.37765/ajmc.2020.42147
http://www.ncbi.nlm.nih.gov/pubmed/31951361
https://doi.org/10.7326/M14-0698
http://www.ncbi.nlm.nih.gov/pubmed/25560730
http://www.hcup-us.ahrq.gov/toolssoftware/ccs10/ccs10.jsp
http://www.hcup-us.ahrq.gov/toolssoftware/ccs10/ccs10.jsp
https://doi.org/10.1016/j.annemergmed.2011.11.036
http://www.ncbi.nlm.nih.gov/pubmed/22305330
https://doi.org/10.1080/13814788.2020.1854719
https://doi.org/10.1080/13814788.2020.1854719
http://www.ncbi.nlm.nih.gov/pubmed/33337928
https://doi.org/10.1186/s12877-018-0925-x
http://www.ncbi.nlm.nih.gov/pubmed/30285641
https://bronnen.zorggegevens.nl/Bron?naam=Sociaal-Economische-Status-per-postcodegebied
https://bronnen.zorggegevens.nl/Bron?naam=Sociaal-Economische-Status-per-postcodegebied
https://doi.org/10.1097/EDE.0b013e3182576cdb
https://doi.org/10.1097/EDE.0b013e3182576cdb
http://www.ncbi.nlm.nih.gov/pubmed/22584299
https://www.R-project.org/
http://www.rstudio.com/
http://www.rstudio.com/
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1186/1471-2105-12-77
http://www.ncbi.nlm.nih.gov/pubmed/21414208
https://doi.org/10.1002/%28sici%291097-0258%2820000229%2919%3A4%26lt%3B453%3A%3Aaid-sim350%26gt%3B3.0.co%3B2-5
http://www.ncbi.nlm.nih.gov/pubmed/10694730
https://doi.org/10.1097/MLR.0000000000000171
http://www.ncbi.nlm.nih.gov/pubmed/25023919
https://doi.org/10.1097/MLR.0000000000001270
http://www.ncbi.nlm.nih.gov/pubmed/32049947
https://doi.org/10.3399/bjgp09X395120
https://doi.org/10.3399/bjgp09X395120
http://www.ncbi.nlm.nih.gov/pubmed/19192367
https://doi.org/10.1186/s12916-019-1426-2
http://www.ncbi.nlm.nih.gov/pubmed/31665002
https://doi.org/10.1007/978-3-319-99713-1%5F8
http://www.ncbi.nlm.nih.gov/pubmed/31314250
https://doi.org/10.1136/bmj.m441
http://www.ncbi.nlm.nih.gov/pubmed/32188600
https://doi.org/10.1371/journal.pone.0260829


48. Moons KGM, Royston P, Vergouwe Y, Grobbee DE, Altman DG. Prognosis and prognostic research:

what, why, and how? BMJ. 2009; 338: b375–b375. https://doi.org/10.1136/bmj.b375 PMID: 19237405

49. Goldstein BA, Navar AM, Pencina MJ, Ioannidis JPA. Opportunities and challenges in developing risk

prediction models with electronic health records data: a systematic review. J Am Med Inform Assoc.

2017; 24: 198–208. https://doi.org/10.1093/jamia/ocw042 PMID: 27189013

50. Berkman ND, Sheridan SL, Donahue KE, Halpern DJ, Crotty K. Low Health Literacy and Health Out-

comes: An Updated Systematic Review. Ann Intern Med. 2011; 155: 97. https://doi.org/10.7326/0003-

4819-155-2-201107190-00005 PMID: 21768583

51. National Guideline Centre (UK). Evidence review: What are the best service models to support the iden-

tification of people who may be entering the last year of life? End of life care for adults: service delivery:

Evidence review A. London: National Institute for Health and Care Excellence (UK); 2019. Available:

http://www.ncbi.nlm.nih.gov/books/NBK558773/.

PLOS ONE Predicting hospital care utilization by patients with multimorbidity using electronic health record data

PLOS ONE | https://doi.org/10.1371/journal.pone.0260829 March 17, 2022 18 / 18

https://doi.org/10.1136/bmj.b375
http://www.ncbi.nlm.nih.gov/pubmed/19237405
https://doi.org/10.1093/jamia/ocw042
http://www.ncbi.nlm.nih.gov/pubmed/27189013
https://doi.org/10.7326/0003-4819-155-2-201107190-00005
https://doi.org/10.7326/0003-4819-155-2-201107190-00005
http://www.ncbi.nlm.nih.gov/pubmed/21768583
http://www.ncbi.nlm.nih.gov/books/NBK558773/
https://doi.org/10.1371/journal.pone.0260829

