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Abstract

Background

Reducing unplanned rehospitalizations is one of the priorities of health care policies in

France and other Western countries. An easy-to-use algorithm for identifying patients at

higher risk of rehospitalizations would help clinicians prioritize actions and care concerning

discharge transitions. Our objective was to develop a predictive unplanned 30-day all-cause

rehospitalization risk score based on the French hospital medico-administrative database.

Methods

This was a retrospective cohort study of all 2015 discharges from acute-care inpatient hospi-

talizations in a tertiary-care university center comprising four hospitals. The study endpoint

was unplanned 30-day all-cause rehospitalization via emergency departments, and we col-

lected sociodemographic, clinical, and hospital characteristics based on hospitalization

database computed for reimbursement of fees. We derived a predictive rehospitalization

risk score using a split-sample design and multivariate logistic regression, and we compared

the discriminative properties with the LACE index risk-score.

Result

Our analysis included 118,650 hospitalizations, of which 4,127 (3.5%) led to rehospitaliza-

tions via emergency departments. Variables independently associated with rehospitalization

were age, gender, state-funded medical assistance, as well as disease category and sever-

ity, Charlson comorbidity index, hospitalization via emergency departments, length of stay

(LOS), and previous hospitalizations 6 months before. The predictive rehospitalization risk

score yielded satisfactory discriminant properties (C statistic: 0.74) exceeding the LACE

index (0.66).
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Conclusion

Our findings indicate that the possibility of unplanned rehospitalization remains high for

some patient characteristics, indicating that targeted interventions could be beneficial for

patients at the greatest risk. We developed an easy-to-use predictive rehospitalization risk-

score of unplanned 30-day all-cause rehospitalizations with satisfactory discriminant proper-

ties. Future works should, however, explore if other data from electronic medical records

and other databases could improve the accuracy of our predictive rehospitalization risk

score based on medico-administrative data.

Background

Reducing 30-day rehospitalizations is a priority of health care policies in Western countries [1,2].

Unplanned rehospitalizations are common [3,4] and costly [3,5], reflecting poor quality inpatient

care [6–8] and poorly coordinated transitions between hospitals and homes [9]. Despite the grow-

ing literature on this issue, unplanned rehospitalizations are still poorly understood and controlled

[4]. We need to better understand its determinants and be able to identify patients at high risk of

rehospitalization in order to improve quality of care and reduce rehospitalizations and associated

health care costs [10]. To date, the majority of studies have focused on particular conditions, e.g.,

patients with specific diagnoses [11–14] or socio-demographic characteristics like old age

[4,15,16], limiting their generalizability [17,18]. Despite the need to target patients at high risk of

rehospitalizations in order to propose cost-effective interventions at hospital level [3,19], there is

very limited research addressing all-cause unplanned rehospitalizations.

In addition, most of the studies focused on this issue were performed in the United States of

America (USA) [20] where the influence of access to care and health insurance [21] on unplanned

rehospitalization proves to be a complex factor to control, leading to paradoxical and contradic-

tory findings [22–25]. Exploring all-cause unplanned rehospitalizations in different national

health care systems may thus provide new information [4,26], and the French Health System

(FHS) could possibly offer an interesting approach given the opportunity to better control this fac-

tor as French universal health coverage guarantees access to the most appropriate care regardless

of cost [27]. Briefly, the FHS combines universal coverage with a public–private mix of hospital

and ambulatory care, offering a higher volume of service provision than the USA [27]. Comple-

mentary insurance needs to be contracted, leading to out-of-pocket expenses, but the FHS cover-

age increases when a patient’s costs increase, without deductibles. The majority of patients with

severe illnesses are exempted from complementary insurance [28]. Finally, policymakers in

France have not implemented a pay-for-performance system based on rehospitalization indica-

tors, yet hospitals have recently been put under pressure due to the public diffusion of rehospitali-

zation rates, considered as comparative quality-of-care indicators between institutions [29]. To

the best of our knowledge, only a few studies have been carried out in the FHS [4], and no study

has yet to specifically examine the determinants of all-cause rehospitalizations in France.

Our study objective was to develop a predictive unplanned 30-day all-cause rehospitaliza-

tion risk score based on the French hospital medico-administrative database.

Methods

Study design

This was a retrospective cohort study of all acute-care inpatient hospitalization cases dis-

charged from January 1 to December 31, 2015, from the largest university health center in
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south France (Assistance Publique–Hôpitaux de Marseille, APHM). All data were collected

from the APHM Hospital database computed for reimbursement of fees including both the

PMSI (PMSI—Programme de Médicalisation des Systèmes d’Information) database as well as

administrative data. The PMSI is the French medico-administrative database for all hospitali-

zations based on diagnosis related-groups (DRG) that we can group into significant diagnostic

categories.

Study setting and inclusion criteria

The APHM is public tertiary-care center comprising four hospitals (La Timone, La Concep-

tion, Sainte-Marguerite, and North), 3,400 beds, and 2,000 physicians. Approximately 300,000

hospitalizations are recorded every year at the APHM, involving approximately 210,000

patients. All acute-care hospitalizations were included in this study. We excluded hospitaliza-

tions in ambulatory care unit (i.e., ambulatory surgery, radiotherapy, dialysis, chemotherapy,

transfusions) as well as in-hospital mortalities.

Study outcome

The study outcome was unplanned 30-day all-cause rehospitalization, defined as any cause of

admission via emergency departments in any acute care wards within 30 days of discharge. To

calculate this outcome, the unique and individual identifying variable was used to track rehos-

pitalizations 30 days following discharge. We excluded patients with identification problems

in the database. No more than one rehospitalization for each discharge was taken into account.

Readmission via the emergency department was employed to identify unplanned rehospitali-

zations [30].

Collected data

The following data were collected from the PMSI:

• socio-demographic characteristics: age, gender, state-funded medical assistance (Aide Médi-

cale d’Etat, AME) (i.e., health cover for undocumented migrants), and free universal health

care (Couverture Maladie Universelle, CMU) (i.e., universal health coverage for those not

covered by employment/business-based schemes);

• clinical characteristics: category of disease based on the 10th revision of the International

Statistical Classification of Diseases [31], disease severity and the Charlson comorbidity

index based on the algorithm developed by Quan et al. [32]; type of hospitalization (medical,

surgical or obstetrical). Disease severity (no or low severity, moderate–high severity or not

determined for short hospitalizations) as well as the categories of disease are constituted

from the Diagnosic Related Groups issued from the PMSI’s algorithm which takes into

account age and other comorbidities, medical or chirurgical procedures. This algorithm is

available on the ATIH Website [33]. Categories of disease are clusters of distinct DRG. This

algorithm is used for all the French hospitals (private, public and university ones) and is

reproducible.

• the LACE index: a widely used instrument for predicting the risk of unplanned rehospitaliza-

tion within 30 days of discharge [34,35]. It is computed from four variables: length of stay

(LOS), admission via emergency departments, Charlson comorbidity index [32], and previ-

ous admission via emergency departments six months before. Scores range from 0, indicat-

ing the lowest risk, to 19, indicating the highest risk;
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• Hospitalization characteristics: patient origin (home or other hospital institution), hospitali-

zation via emergency departments, LOS, destination after hospital discharge (home or trans-

fer to other hospital institution), hospitalization via emergency departments 6 months

before.

Statistical analyses

The unit of analysis was the hospitalization. Descriptive analyses for the socio-demographic,

clinical, and hospitalization data were expressed as frequencies and percentages. Chi-squared

tests were employed to compare socio-demographic, clinical, and hospitalization data between

unplanned 30-day all-cause rehospitalized and non-rehospitalized patients. Multivariate logis-

tic regression was then performed to identify variables potentially associated with unplanned

30-day all-cause rehospitalization, after adjusting for confounding factors. Variables relevant

to the model were selected based on a threshold p-value (�0.2) in the univariate analysis and

had to be non collinear with other variables introduced in the model. Odds ratios (OR) with

confidence intervals (CI) were calculated.

Based on the beta coefficients issued from the multivariate logistic regression, we developed a

0-to-100 point score for rehospitalization risk prediction using a regression-coefficient-based

scoring method [36,37]. The number of points assigned to each modality equaled its regression

(beta) coefficient multiplied by 100 and divided by the highest score of rehospitalization (corre-

sponding to the sum of the highest beta coefficient of each variable). We then calculated each

patient’s final score by totaling their points. The area under the receiver operating characteristics

curve (AUC under ROC) was derived to evaluate this risk score’s capacity of discriminating

between rehospitalized and non-rehospitalized patients. The AUC ranges from 0.5 to 0.99, with

higher values signifying higher model discrimination. The AUC of the predictive rehospitalization

risk-score was then compared to the AUC of the LACE index score [38], computed on the same

database. To compare these two AUCs, we used Chi-square statistic developed by Gönen [39].

In addition to the AUC metric, we used other metrics based on a threshold value deter-

mined as the best trade-off between sensitivity and specificity. For this cutoff, we provide the

following metrics for each score (i.e., the predictive rehospitalization risk-score and the LACE

index): sensitivity, specificity, the Youden Index, the accuracy and the F1 score:

Sensitivity ¼
true positive

true positiveþ false negative

Specificity ¼
true negative

true negativeþ false positive

Youden index score ¼ sensitivityþ specificity � 1

Accuracy ¼
true positiveþ true negative

N

Precision ¼
true positive

true positiveþ false positive

F1 score ¼ 2 �
sensitivity � precision
sensitivityþ precision
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Then, we assessed the robustness of the predictive rehospitalization risk score. Following

the methodology proposed by Tuffery [37], the data were split into two samples: a training

sample including 2/3 of the data and a test sample including the remaining 1/3. Using the

training datasets, risk scores were built for each independently-associated factors of 30-day all-

cause rehospitalization, previously determined and using the multivariate logistic regression.

The AUCs obtained for the training and testing datasets were then compared. The model was

considered robust if the AUCs between the testing and training datasets were similar.

Lastly, we computed the 30-day rehospitalization rates to each class (10 by classes) of the

predictive risk score and test the association using the Chi-square test.

Statistical significance was defined as p<0.05. The statistical analyses were performed with

Statistical Analysis Software (SAS), Version 9.4 (SAS Institute).

Ethics and consent to participate

The datasets generated and/or analyzed during the current study are issued from the Assis-

tance Publique des Hôpitaux de Marseille (APHM) hospitalization database computed for

reimbursement of fees. Patients are informed by the hospital that their data may be analyzed

for research purpose, consequently respecting the French law for research that does not

require explicit or written consent of the patient. No additional data out of this database has

been computed for the study. The use of such database is governed by a local ethic committee

(named CIL-APHM) and declared under the following authorization numbers 1305855 for

medical data and 2012–1 for administrative ones. According to the French law, there is no

need to ask to another relevant ethical review board or relevant regulatory body.

Results

Rates of unplanned 30-day all-cause rehospitalization

A total of 289,358 hospitalizations (112,662 patients) were recorded in 2015 in this French

University Hospital. After excluding mortalities and hospitalization in ambulatory hospitaliza-

tions care unit (ambulatory surgery, radiotherapy, dialysis, chemotherapy, transfusions),

118,650 hospitalizations (82,862 distinct patients) were included. The most common diseases

were digestive disease, nervous system conditions, and cardiovascular and pulmonological dis-

eases. We excluded 4 patients with identification problems in the database. In total, 4,127

(3,294 distinct patients) hospitalizations resulted in rehospitalizations via emergency depart-

ments 30 days after discharge (30-day re-hospitalization rate equal to 3.5%). Thirty–days

rehospitalization rates according to socio-demographic, clinical, and hospitalization character-

istics are presented in Table 1.

Factors associated with rehospitalizations

The univariate and multivariate analyses results are presented in Tables 1 and 2.

Overall, the multivariate analysis confirmed the findings of the univariate analysis, except

for patients who returned home being at higher risk of rehospitalization compared to those

discharged to other hospitals or institutions. The following variables were found to be inde-

pendently associated with rehospitalization: age, gender, state-funded medical assistance, as

well as disease category and severity, Charlson comorbidity index, hospitalization via emer-

gency departments, LOS, and previous hospitalizations 6 months before. The type of hospitali-

zation (medical, surgical or obstetrical) was not introduced into the multivariate model due to

colinearity with the disease category. The Charlson comorbidity types are provided in S1

Table.
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Table 1. Sample characteristics and rates of unplanned 30-day all-cause rehospitalizations.

30-day re-hospitalization

rates�
p-value All (n = 118 650)

Sociodemographic characteristics

Age N (4 127) % <0.0001 N % of all

> = 75 years old 1 201 5.6 21 651 18.3

> = 18 and <75 years old 2 156 2.9 75 063 63.3

> = 1 and < = 17 years old 363 2.9 12 596 10.6

<1 year 407 4.4 9 340 7.9

Gender <0.0001

Male 2 377 4.0 59 874 50.5

Female 1 750 3.0 58 776 49.5

State-funded medical assistance <0.0001

Yes 142 7.4 1 921 1.6

No 3 985 3.4 116 729 98.4

Free universal health care <0.0001

Yes 600 4.7 12 894 10.9

No 3 527 3.3 105 756 89.1

Clinical characteristics

Category of disease <0.0001

Digestive 600 4.9 12 159 10.3

Orthopedic—Trauma 218 2.7 8 000 6.7

Multiple or complex trauma 11 3.8 288 0.2

Rheumatology 81 2.2 3 656 3.1

Nervous systems 428 3.6 12 030 10.1

Vascular catheterization 160 2.4 6 598 5.6

Cardiovascular 340 3.7 9 167 7.7

Pulmonology 604 6.6 9 108 7.7

Ear Nose and Throat—Stomatology 80 1.6 4 903 4.1

Ophthalmology 13 0.8 1 579 1.3

Gynecology-Breast 45 2.0 2 231 1.9

Obstetrical 98 1.3 7 360 6.2

Newborns and perinatal diseases 224 3.8 5 827 4.9

Uro-nephrology and reproductive organ 274 4.1 6 754 5.7

Hematology 148 4.9 3 014 2.5

Chemotherapy—radiotherapy 155 2.0 7 852 6.6

Infectious diseases 76 5.3 1 444 1.2

Endocrinology 151 3.1 4 856 4.1

Cutaneous and subcutaneous 67 2.1 3 146 2.7

Psychiatry 83 6.6 1 264 1.1

Toxicology—Intoxication—Alcohol 96 6.0 1 611 1.4

Chronic pain palliative care 20 5.7 351 0.3

Organ Transplant 3 1.3 240 0.2

Interdisplinary activities and follow-up of patients 149 3.1 4 825 4.1

Burns 3 0.8 387 0.3

Severity <0.0001

No or low severe 2 121 2.7 78 014 65.8

Moderate—high severe 1 180 6.2 19 191 16.2

No determined (short stay) 826 3.9 21 445 18.1

(Continued)
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Development and performance of the predictive rehospitalization risk

score

The scores for the predictive rehospitalization risk calculation are presented in Table 2. The

characteristics accounting for the highest risks of rehospitalization were some disease catego-

ries, such as newborn and perinatal diseases (+27 points), toxicology (+26 points), pulmonol-

ogy (+26 points), psychiatry (+25 points), chronic pain and palliative care (+24 points), and

digestive diseases (+24 points).

Previous hospitalization via emergency departments at least 6 months before was also a cru-

cial factor involved with being rehospitalized (+20 points), as was simply being hospitalized via

Table 1. (Continued)

30-day re-hospitalization

rates�
p-value All (n = 118 650)

Charlson Comorbidity Index <0.0001

0 2 513 3.0 84 364 71.1

1 582 4.6 12 786 10.8

2 416 4.0 10 356 8.7

3 191 5.0 3 802 3.2

4 and higher 425 5.8 7 342 6.2

The LACE SCORE <0.0001

Low risk 1 946 2.4 81 742 68.9

Moderate risk 1 615 5.1 31 414 26.5

High risk 566 10.3 5 494 4.6

Type of hospital stay <0.0001

Chirurgical 922 2.6 35 480 29.9

Medical 3 107 4.1 75 810 63.9

Obstetrical 98 1.3 7 360 6.2

Hospital stay characteristics

Origin of patient 0.25

From home 3 878 3.5 111 973 94.4

Other (other hospital-institution) 249 3.7 6 677 5.6

Hospitalization via emergency departments <0.0001

No 1 06 2.2 71 846 60.5

Yes 2 521 5.4 46 804 39.5

Length of hospital stay <0.0001

One day 265 4.4 5 979 5.0

From 2 to 3 days 1 201 2.9 42 083 35.5

From 4 to 8 days 1 417 3.1 46 251 39.0

9 and higher 1 244 5.1 24 337 20.5

Destination on discharge <0.0001

Return to home 3 425 3.4 101 859 85.9

Other (other hospital-institution) 702 4.2 16 791 14.1

Hospitalization via emergency departments 6 months before <0.0001

No hospitalization 1 935 2.6 74 452 62.8

At least one previous hospitalization but not via emergency departments 719 2.5 28 591 24.1

At least one previous hospitalization via emergency departments 6 months before 1 473 9.4 15 607 13.2

� 30-days rehospitalization rate corresponds to the percentage of patients rehospitalized within 30 days for each modality of investigated factors, e.g., 3% of women have

been rehospitalized within 30-days after discharge vs 4% for men.

https://doi.org/10.1371/journal.pone.0210714.t001
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Table 2. Factors associated with unplanned 30-day all-cause rehospitalizations and predictive rehospitalization risk score: Multivariate analysis (n hospital

stays = 118 650).

Multivariate OR

[95%CI]

Multivariate p

value

Coefficient Score /

Points

Sociodemographic characteristics

Age < .0001

> = 75 years old 1.40 1.29 1.51 < .0001 5

[1; 74] year old 1 0

<1 year old 1.06 0.90 1.25 0.50 1

Gender Male 1.21 1.13 1.30 < .0001 3

Female 1 0

State-funded medical assistance Yes 2.14 1.78 2.58 < .0001 12

No 1 0

Clinical characteristics

Category of disease < .0001

Digestive 4.58 1.47 14.35 0.0089 24

Orthopedic—Trauma 3.17 1.01 10.00 0.0483 19

Multiple or complex trauma 3.26 0.90 11.86 0.0723 19

Rheumatology 2.59 0.81 8.25 0.1078 15

Nervous systems 3.71 1.18 11.62 0.0245 21

Vascular catheterization 3.22 1.02 10.18 0.0459 19

Cardiovascular 3.45 1.1 10.84 0.0337 20

Pulmonology 5.15 1.65 16.13 0.0049 26

Ear Nose and Throat—Stomatology 2.37 0.74 7.55 0.1450 14

Ophthalmology 1.26 0.36 4.45 0.7196 4

Gynecology-Breast 3.78 1.17 12.28 0.0267 21

Obstetric 1.23 0.39 3.92 0.7227 3

Newborns and perinatal diseases 5.51 1.74 17.50 0.0038 27

Uro-nephrology and reproductive organ 4.04 1.29 12.71 0.0168 22

Hematology 4.42 1.4 14.00 0.0113 24

Chemotherapy—radiotherapy 3.39 1.07 10.72 0.0375 20

Infectious diseases 3.71 1.16 11.86 0.0272 21

Endocrinology 3.87 1.23 12.23 0.0210 22

Cutaneous and subcutaneous 2.24 0.70 7.16 0.1751 13

Psychiatry 4.78 1.49 15.19 0.0085 25

Toxicology—Intoxication—Alcohol 4.98 1.56 15.83 0.0066 26

Chronic pain palliative care 4.36 1.27 14.90 0.0190 24

Organ Transplant 1.21 0.24 6.06 0.8213 3

Burns 1 0

Severity No/ low or not determined (short stay) 1 0

Moderate—high severe 1.37 1.25 1.50 < .0001 5

Charlson Comorbidity Index < .0001

0 1 0

1 1.14 1.03 1.26 0.0098 2

2 1.06 0.94 1.18 0.3487 1

3 and higher 1.29 1.17 1.43 < .0001 4

Hospital stay characteristics

Hospitalization via emergency

departments

Yes 2.52 2.34 2.71 < .0001 15

No 1 0

(Continued)
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emergency departments (+15 points). Concerning socio-demographic factors, patients who

benefited from state-funded medical assistance were at higher risk of being rehospitalized (+12

points).

The ROC curves of the predictive rehospitalization risk score and LACE index score are

presented in Fig 1. The predictive rehospitalization risk-score yielded a better AUC than that

Table 2. (Continued)

Multivariate OR

[95%CI]

Multivariate p

value

Coefficient Score /

Points

Length of inpatient stay < .0001

One day 1.26 1.10 1.44 0.0009 4

From 2 to 8 days 1 0

9 and higher 1.29 1.18 1.41 < .0001 4

Destination on discharge Return to home 1.28 1.17 1.40 < .0001 4

Other (other hospital-institution) 1 0

Hospitalization via emergency

departments 6 months before

< .0001 0

At least one previous hospitalization but not via emergency

departments 6 months before

1.31 1.19 1.44 < .0001 4

At least one previous hospitalization via emergency

departments 6 months before

3.45 3.19 3.72 < .0001 20

No hospitalization 1 0

CI: confidence interval; OR: odds ratio

https://doi.org/10.1371/journal.pone.0210714.t002

Fig 1. Receiver operating characteristic curves for our predictive rehospitalization risk score and LACE score (p<0.0001).

https://doi.org/10.1371/journal.pone.0210714.g001
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of the LACE index score (0.74 vs. 0.66, respectively; p<0.0001). For the rehospitalization risk

score, the best trade-off between sensitivity and specificity corresponds to a probability of 0.03

(score near 42) and yield a sensitivity equal to 0.65, a specificity = 0.70, a Youden score = 0.35,

an accuracy = 0.69 and a F1-score = 0.13. For the Lace score, the best trade-off between sensi-

tivity and specificity corresponds to a probability of 0.03 (score near 6) and yield a sensitivity

equal to 0.63, a specificity = 0.60, a Youden score = 0.23, an accuracy = 0.60 and a

F1-score = 0.10.

Moreover, we confirmed the accuracy of the predictive rehospitalization risk score given

that 30-day rehospitalization rate increased with the predictive risk score (10- by classes), as

shown in Fig 2 (p<0.0001).

The robustness of the predictive rehospitalization risk score was confirmed with similar

AUCs generated for the learning (0.74) and testing (0.73) datasets.

Discussion

The principal findings of this study can be summarized as follows. In a large sample of acute-

care inpatients (82,862 patients and 118,650 hospitalizations), the rate of unplanned 30-day

all-cause rehospitalization in four French university hospitals proved to be low (3.5%). Several

factors predicted these rehospitalizations (i.e., age, gender, state-funded medical assistance,

disease category and severity, Charlson comorbidity index, hospitalization via emergency

departments, LOS, and previous hospitalization 6 months before), which could be targeted in

a French national rehospitalization reduction program. Finally, we developed and internally

validated an easy-to-use predictive rehospitalization risk score of unplanned 30-day all-cause

rehospitalization with satisfactory discriminatory properties that can help physicians identify

patients at high risk then propose adapted transitional care interventions.

The 3.5% unplanned rehospitalization rate in our study appears substantially lower than

that of studies performed in other countries, even though such comparisons should be inter-

preted with caution due to differences in methodology (e.g., definition of unplanned rehospi-

talizations), and given that population studies commonly focus on particular conditions (e.g.,

older people, heart failure, diabetes [13,15,40]). In the few studies performed on all-cause

unplanned rehospitalizations, the rates were always higher (i.e., 5.2% [41], 8.5% [19], 16.7%

[42], 17.6% [3]) than in our study. We cannot exclude that patients could have been rehospital-

ized in another hospital and that our rate is underestimated. However, it is likely that this rep-

resents a few proportion of patients. In a study led in Switzerland, Halfon et al. [41] found that

Fig 2. Repartition of our predictive re-hospitalization risk score (10-by-classes) and % of 30-day rehospitalization

rates.

https://doi.org/10.1371/journal.pone.0210714.g002
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17% of the avoidable readmissions were on a different hospital. This low unplanned 30-day

all-cause rehospitalization rate may also be explained by the French universal insurance cover-

age since, according to Gusmano et al. [26], inadequate insurance coverage may result in more

severe illness and consequently more hospitalizations. Such a finding has been reported in a

recent study carried out in the elderly where the rehospitalization rate was 20% in the USA. vs.
15% in France [4]. The authors hypothesized that this discrepancy between countries was

probably due to a combination of better access to primary care and longer average length of

inpatient stay in France [4]. It is interesting to note that the French rehospitalization rate

remains low despite a recognized lack of coordination between hospitals and primary care, in

addition to a lack of preparation of discharge from the hospital in France, two factors known

to be associated with rehospitalizations [16,43]. This suggests that insurance coverage may be

an important factor in controlling rehospitalization that should be kept in mind in health poli-

cies in addition to more targeted interventions (e.g., the development of safety-net institutions

to improve access to primary care, interventions for improving coordination of care and dis-

charge planning, involvement of patients and caregivers in discharge). In addition, French

hospitals are under pressure to make cost savings and, reducing LOS is strongly advocated.

Although the average LOS has decreased substantially over the years in France, there is still

pressure to pursue reductions. Future studies should thus explore the consequences of this

health policy, and in particular its impact on rehospitalization and more generally on quality

of care.

Despite this low unplanned rehospitalization rate, our findings also indicate that the possi-

bility of unplanned rehospitalization remains high for patients with certain characteristics,

suggesting it could be beneficial to target interventions for patients at the greatest risk. The

association between older age and rehospitalization had already been found in previous studies

[4,15,16,44,45], confirming the frailty of the elderly at discharge and the need to develop spe-

cific care transition interventions for them (e.g., comprehensive inpatient geriatric health care

assessment followed by ongoing multidisciplinary support after discharge, plus involvement of

the patients and their caregivers) [9,46,47]. Furthermore, men were more often rehospitalized

than women. Gender differences in the use of ambulatory care, higher in women compared to

men, has previously been described [26,48,49], and is a complex phenomenon involving differ-

ences in illness severity along with social and cultural specificities which should be further

explored in France to provide equal care for both men and women. State-funded medical assis-

tance was associated with higher rehospitalization. This finding is not surprising, as recent

works have already reported that undocumented migrant patients had high levels of chronic

illness and low consultation rates to physicians in France [50,51]. In addition, this state medi-

cal assistance is underused, accessible to only 10.2% of undocumented migrant patients [52]. It

should probably be improved and incorporated with France’s free universal health care,

despite the current unfavorable political climate, in order to improve access to healthcare for

migrants and reduce their level of rehospitalization. As in previous studies, several categories

of disease, illness severity, and higher Charlson comorbidity indices were associated with

higher readmission rates [42,53,54]. The strongest association concerned newborns and peri-

natal diseases, toxicology, pulmonology, psychiatry, chronic pain and palliative care, and

digestive diseases. These particular conditions must therefore be prioritized to reduce

rehospitalization.

Prior hospitalizations, especially via emergency departments, long LOS, and hospitaliza-

tions conducted via emergency departments were important predictors of unplanned rehospi-

talization. These factors may account for the total burden of illness, functional status, and

social environment [19,34,55,56], causing more frequent rehospitalization. Importantly, short

LOS was also associated with rehospitalization, confirming that current financial injunctions,
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particularly those that incite the development of ambulatory care, should be accompanied by

appropriate reorganization of care processes to avoid detrimental effects on quality of care

[57]. Lastly, return to home was associated with more rehospitalizations, thus confirming the

necessity for clinicians to better prepare discharges, check the availability of home-based ser-

vices, and carefully plan the transition of care. This is clearly a weak point of the FHS [16,43].

Lastly, our final aim was to propose a predictive rehospitalization risk score and, to our

knowledge, this was the first unplanned 30-day rehospitalization risk model to use an under-

standing set of factors sourced directly from the French hospital medico-administrative data-

base. This score is easy to use, accurate in predicting the risk of rehospitalization via

emergency departments, it already presents higher discriminative properties than the LACE

score (c statistics = 0.74 vs. 0.66 for the LACE index), despite being recommended by the

French Health Authority. The French policy is mainly based on the publication of guidelines

by the French Health Authority (HAS) [2], which recommends identifying patients at risk

using the LACE index [34] or 8Ps risk assessment tools used in the BOOST (Better Outcomes
for Older adults through Safe Transitions) program involving 11 hospitals in the USA [58].

Despite the interest of these two instruments, they have not yet been rigorously validated in

France. The LACE index presented poor discriminative ability starting from its construction

[18,34] and the authors themselves later improved it (AUC for 30-day urgent readmission

between 0.743 and 0.753, depending on the inclusion of case mix groups) by adding other

covariates closer than those used in our model but validated on the Ontario administrative

database [35]. The 8Ps check list issued from the BOOST could be cumbersome in routine

practice if performed for every hospitalized patient since it requires physicians to identify and

address each of these factors then propose an appropriate intervention [59]. An important

advantage of our predictive rehospitalization risk score is that it does not require additional

completion by physicians to that already required for the PMSI; consequently, even if analyz-

ing such a medico- administrative database may require computational aid, it is important to

use the data already available and not to increase doctors’ medico-administrative work bur-

dens [60].

Perspectives and limitations

Our findings must be interpreted in the context of our study’s limitations.

Despite the large overall sample size of this multi-center study, our findings may not be

applicable to all French hospitals, particularly concerning general hospitals whose patients

offer potentially different characteristics from those of university hospitals. In addition, the

four university hospitals included in our study were located in only one geographical area,

even though social and healthcare geographical characteristics (e.g., poverty, density of physi-

cians, number of beds, and private hospitals) are known to influence to the risk of rehospitali-

zation [4,20,40,61]. Future studies should thus be conducted in different categories of hospitals

and several geographical areas to confirm the properties and interest of our predictive risk-

score. An external validation in addition to the internal validation performed in this study will

guaranty the generalizability of this score.

Our model does not take into account deaths outside the hospital since we do not dispose

of this information in our database. Other studies with available data on outpatient events are

needed to investigate to what extent this could impact our predictive risk score using a com-

peting risk model as an example.

In this study, we excluded from the analyses the ambulatory surgery. However, this specific

topic should be better studied in the French context, strongly marked by pressures for reduc-

ing length of stay and consequently cost of care.
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Even if our predictive risk-score led to better AUC score than other scores already per-

formed, other and more advanced methods like machine learning are advocated to investigate

whether they can give better predictive power than our score derived from the logistic regres-

sion. The advantages of these methods is their ability to use more information that cannot be

used with classical statistical methods such as logistic regressions, and in particular textual

information in electronic patient records. Future works should use all the data relevant in hos-

pital databases and these new methods to improve the level of prediction.

A substantial amount of data (e.g., polypharmacy, socio-economic status, and self-reported

functional status) has been reported as predictive of rehospitalization [9,20,61–63], though it is

not currently available in the French PMSI database. Future works should explore how to sys-

tematically collect this data in the other available databases in hospitals (e.g., electronic medical

records) and if such data could improve the accuracy of our predictive rehospitalization risk

score based on the PMSI database.

Another perspective of our research would be to disentangle rehospitalizations for a previ-

ously known affection from those for other and unknown affection, and thus to better precise

the part of avoidable hospitalizations. This difference has been explored by Halfon et al. [41]

who developed the SQLape [64] algorithm to identify avoidable hospitalizations based on spe-

cific diagnosis and specific interventions.

Lastly, the majority of predictive risk scores are based on data at discharge while they should

ideally give information early enough during the hospitalization to trigger transitional care

intervention [20]. While these instruments based on discharge data have been proven to lead

to greater models with better performance [20,65] than models based solely on admission

data, some authors have argued that this improvement was limited [65]. To address this dual-

ity, an interesting perspective study would be to implement real-time predictive rehospitaliza-

tion risk scores during hospitalization, updated for all new available data, then to propose early

alerts for high risk of rehospitalization. Recent works reported that machine learning methods

can be used in real-time predictions using routinely collected clinical data exclusively, without

the need for any manual processing [66].

Conclusion

The 3.5% unplanned rehospitalization rate was substantially lower in our study than that of

studies performed in other countries, suggesting that universal insurance coverage may be a

key factor for controlling rehospitalization. Despite this low unplanned rehospitalization rate,

our findings likewise indicate that the possibility of unplanned rehospitalization remains high

for patients with certain characteristics, suggesting the interest of proposing targeted interven-

tions for patients at the greatest risk. We also developed an easy-to-use predictive rehospitali-

zation risk-score of unplanned 30-day all-cause rehospitalizations with satisfactory

discriminant properties. Future works should, however, explore if other data available in elec-

tronic medical records and other databases could improve the accuracy of our predictive

rehospitalization risk score based on medico-administrative data. Finally, further research is

required to determine whether such quantification risk modifies in fine in real-life patient care

and outcomes.
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de ré-hospitalisation et de coordination [Internet]. Available from: http://solidarites-sante.gouv.fr/soins-

et-maladies/qualite-des-soins-et-pratiques/qualite/les-indicateurs/article/re-hospitalisation-coordination

30. Bottle A, Aylin P, Majeed A. Identifying patients at high risk of emergency hospital admissions: a logistic

regression analysis. J R Soc Med. 2006 Aug; 99(8):406–14. https://doi.org/10.1258/jrsm.99.8.406

PMID: 16893941

31. World Health Organization. ICD-10 Version:2010 [Internet]. [cited 2017 Nov 10]. Available from: http://

apps.who.int/classifications/icd10/browse/2010/en

32. Quan H, Sundararajan V, Halfon P, Fong A, Burnand B, Luthi J-C, et al. Coding algorithms for defining

comorbidities in ICD-9-CM and ICD-10 administrative data. Med Care. 2005 Nov; 43(11):1130–9.

PMID: 16224307

33. ATIH. Manuel des GHL- version 11d [Internet]. [cited 2018 Nov 19]. Available from: https://www.atih.

sante.fr/manuel-des-ghm-version-11d

Predictive risk score for unplanned 30-day rehospitalizations in France

PLOS ONE | https://doi.org/10.1371/journal.pone.0210714 March 12, 2019 15 / 17

http://www.ncbi.nlm.nih.gov/pubmed/28253467
https://doi.org/10.1371/journal.pone.0184253
http://www.ncbi.nlm.nih.gov/pubmed/28863195
https://doi.org/10.1186/1472-6963-10-338
http://www.ncbi.nlm.nih.gov/pubmed/21144042
https://doi.org/10.1186/1472-6963-10-1
http://www.ncbi.nlm.nih.gov/pubmed/20044945
http://www.ncbi.nlm.nih.gov/pubmed/18981488
https://doi.org/10.1001/jamainternmed.2013.3023
http://www.ncbi.nlm.nih.gov/pubmed/23529115
https://doi.org/10.1001/jama.2011.1515
https://doi.org/10.1001/jama.2011.1515
http://www.ncbi.nlm.nih.gov/pubmed/22009101
https://doi.org/10.1371/journal.pone.0180767
http://www.ncbi.nlm.nih.gov/pubmed/28700736
https://doi.org/10.1002/jhm.2271
http://www.ncbi.nlm.nih.gov/pubmed/25303367
https://doi.org/10.1136/bmj.g2329
http://www.ncbi.nlm.nih.gov/pubmed/24687184
https://doi.org/10.1002/jhm.2213
http://www.ncbi.nlm.nih.gov/pubmed/24945696
http://www.ncbi.nlm.nih.gov/pubmed/12511380
https://doi.org/10.1056/NEJMp048210
http://www.ncbi.nlm.nih.gov/pubmed/15564541
http://solidarites-sante.gouv.fr/soins-et-maladies/qualite-des-soins-et-pratiques/qualite/les-indicateurs/article/re-hospitalisation-coordination
http://solidarites-sante.gouv.fr/soins-et-maladies/qualite-des-soins-et-pratiques/qualite/les-indicateurs/article/re-hospitalisation-coordination
https://doi.org/10.1258/jrsm.99.8.406
http://www.ncbi.nlm.nih.gov/pubmed/16893941
http://apps.who.int/classifications/icd10/browse/2010/en
http://apps.who.int/classifications/icd10/browse/2010/en
http://www.ncbi.nlm.nih.gov/pubmed/16224307
https://www.atih.sante.fr/manuel-des-ghm-version-11d
https://www.atih.sante.fr/manuel-des-ghm-version-11d
https://doi.org/10.1371/journal.pone.0210714


34. van Walraven C, Dhalla IA, Bell C, Etchells E, Stiell IG, Zarnke K, et al. Derivation and validation of an

index to predict early death or unplanned readmission after discharge from hospital to the community.

CMAJ Can Med Assoc J J Assoc Medicale Can. 2010 Apr 6; 182(6):551–7.

35. van Walraven C, Wong J, Forster AJ. LACE+ index: extension of a validated index to predict early

death or urgent readmission after hospital discharge using administrative data. Open Med Peer-Rev

Indep Open-Access J. 2012; 6(3):e80–90.

36. Moons KGM, Harrell FE, Steyerberg EW. Should scoring rules be based on odds ratios or regression

coefficients? J Clin Epidemiol. 2002 Oct; 55(10):1054–5. PMID: 12464384

37. All. Data Mining et statistique décisionnelle—TUFFERY Stéphane [Internet]. Technip. [cited 2017 Mar
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