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Abstract: Nowadays, most of the health expenditure is due to chronic patients who are readmitted
several times for their pathologies. Personalized prevention strategies could be developed to improve
the management of these patients. The aim of the present work was to develop local predictive
models using interpretable machine learning techniques to early identify individual unscheduled
hospital readmissions. To do this, a retrospective, case-control study, based on information regarding
patient readmission in 2018-2019, was conducted. After curation of the initial dataset (n = 76,210), the
final number of participants was n = 29,026. A machine learning analysis was performed following
several algorithms using unscheduled hospital readmissions as dependent variable. Local model-
agnostic interpretability methods were also performed. We observed a 13% rate of unscheduled
hospital readmissions cases. There were statistically significant differences regarding age and days of
stay (p < 0.001 in both cases). A logistic regression model revealed chronic therapy (odds ratio: 3.75),
diabetes mellitus history (odds ratio: 1.14), and days of stay (odds ratio: 1.02) as relevant factors.
Machine learning algorithms yielded better results regarding sensitivity and other metrics. Following,
this procedure, days of stay and age were the most important factors to predict unscheduled hospital
readmissions. Interestingly, other variables like allergies and adverse drug reaction antecedents
were relevant. Individualized prediction models also revealed a high sensitivity. In conclusion, our
study identified significant factors influencing unscheduled hospital readmissions, emphasizing the
impact of age and length of stay. We introduced a personalized risk model for predicting hospital
readmissions with notable accuracy. Future research should include more clinical variables to refine
this model further.

Keywords: hospital readmission; chronic patient; machine learning; prediction; shap-values

1. Introduction

Patients with higher comorbidity levels experience a greater number of treatment
complications, longer clinical stays, heightened surgical risks, predictable readmissions, and
a substantial consumption of healthcare resources and services [1]. Therefore, prediction
of these kind of complications could significantly improve their health care. Nowadays,
there is a wealth of data on patients admitted to hospitals that may help. Unfortunately,
hospital departments, particularly emergency and surgical departments, are sometimes
overwhelmed, leading to an impaired quality of care due to excessive demand. To improve
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the management of these services, it would be highly beneficial to predict which individuals
will require these services again.

Currently, several tools have been developed to assess the probability of hospital
readmission, with the Charlson Comorbidity Index [2,3] being the most extensively stud-
ied. According to the methodology used in the National Health System for analysing
hospitalization, unexpected hospital readmission (UHR) refers to unexpected admissions
(emergency admissions) after a previous discharge from the same hospital [4].

Readmissions are influenced by patient comorbidity and the morbidity treated at the
hospital. They can indicate clinical stability in the course of the disease, where readmission
may be prompted by complications after discharge, reflecting inadequate patient follow-up.
However, readmissions can also be related to patient clinical stability, where early discharge
from the hospital may lead to a readmission [5]. For these reasons, the Minimum Basic
Data Set Register studies classify hospital readmissions into two periods: those occurring
during the first week after discharge and between the second week and the 30th day after
discharge, on which this work focuses. Since the first week will be associated with bad
clinical care, there will be many factors implied in unexpected hospital readmission in the
second period.

Data analysis has recently met significant challenges due to insufficient statistical
power and the lack of advanced computing methods, limiting the effective analysis of large
datasets and accurate predictive modelling [6]. However, the development of modern
computational technologies allows for the use of diverse algorithms and machine learning
techniques aided by Artificial Intelligence methods, enabling the processing of complex data
with greater efficiency and scalability [7]. This evolution in computing not only enhances the
depth of analysis but also supports the development of more accurate predictive models by
using advanced machine learning procedures. The healthcare sector has been working for
years to include machine learning procedures in data management and decision-making [8].
This sector is being transformed rapidly thanks to machine learning, which makes it
possible to predict, treat, and diagnose illnesses with better accuracy and reliability [9,10].

Considering the above comments, the main objective of this study was to assess the
effectiveness and efficiency of several machine learning algorithms in predicting unexpected
hospital readmission for a University Clinic Hospital. Additionally, this study aimed
to identify the characteristics of the population at higher risk of hospital readmission
through the emergency department to propose individualized risk criteria for personalized
prediction models.

2. Materials and Methods
2.1. Design

This was a retrospective, case-control study, based on information regarding pa-
tient readmission in 2018-2019. First, a data collection template was developed based
on previous studies related to unscheduled hospital readmissions (unexpected hospital
readmission). After obtaining approval from the Clinical Committee of the Hospital (date
30 April 2019) and those legally responsible for the centre, a process of anonymisation of
the data, which allowed to collect the variables required for the study excluding personal
information, was performed. In a subsequent phase, a preliminary dataset was received.
Data curation and statistical procedures are described below. All information obtained was
treated with strict confidentiality, in accordance with the Spanish Organic Law on Data
Protection (Organic Law 15/1999) and other relevant legislation in force.

2.2. Data Collection

The population selected for this study was focused on all persons who have been
attended by the emergency department of the University Clinic Hospital of Murcia (Spain)
and who have been admitted to the hospital through this department, which may be
considered as a readmission or non-readmission. The data recorded by the emergency
department during 2018 and 2019 were used for this study. Data for the years 2020-2022
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were not included due to COVID-19, as it could represent a deviation from the current
real situation.

From the collected dataset, all records belonging to the maternity and children’s
hospital, as well as all those related to obstetrics, gynaecology, paediatrics, neonatology,
schoolchildren, etc., services were excluded. Children under 14 years of age were also
excluded for this study. The same applies to some adolescents under 18 years of age
who usually receive medical care in special hospital units, for example, oncology and
child psychiatry.

The dataset included information regarding sociodemographic data, like sex, age, and
ZIP code, as well as other information regarding admission and discharge services. The
patient conditions were recorded by two different systems, the International Classification
of Diseases (ICD-10) and the Clinical Classification Software (CCS). Several variables
of the clinical history were also collected. Due to the high heterogeneity in the clinical
records, we were able to obtain reliable information only for hypertension, diabetes mellitus,
dyslipidaemia, and allergies history. Enolic and smoking habits were also recorded, and
chronic treatment, as well as any adverse drug reaction, were also recorded. Finally,
exploratory tests (radiography, ultrasound, or tomography) were also included in the
data set.

Initially, 76,210 patients were admitted in the hospital during the study period and
comprised the initial dataset. Two patients were excluded due to unknown sex. The lack
of information regarding admission service made us withdraw 883 patients. In this line,
the lack of information of the discharge service occurred in 424 patients. The lack of other
personal information (age or ZIP code) also excluded 51 individuals. As the present study
focused on those patients admitted from the emergencies service, after selecting these
patients, we obtained a revised dataset of n = 50,729 patients. The last steps to debug the
dataset were performed to exclude those patients with an age lower than 18 years (n = 8176)
and those derived from maternal services (n = 13,527). Finally, the curated dataset that
represents the data showed in this work included 29,026 individuals. Baseline information
about admission and discharge services is shown in Supplementary Table S1.

2.3. Outcome Variable

The primary outcome was unexpected hospital readmission between the second week
and the 30th day after discharge, which was computed based on patients’ record for
2018-2019. The information included only patients admitted directly from the emergen-
cies service.

2.4. Statistical Analyisis

Descriptive statistics for the sociodemographic and the other predictive variables
were calculated. Chi-squared tests were performed to test the association between the
unexpected hospital readmission and sex and the other categorical features. An unpaired
t-test was performed to analyse possible differences on age and days of stay attending
to the presence of an UHR or not. A multivariable logistic regression model was fitted
to examine the factors associated with UHR. Considering the high number of variables,
to avoid collinearity, this procedure was carried out in three steps. In a first model, the
association between UHR and the admission and discharge services was analysed. In a
second model, the influence of the patient’s disease was evaluated. In the third model, the
other clinical history data were evaluated. Finally, a combined model was determined by
backward steps with those variables with a significant influence on the previous models.
Adjusted odds ratios and 95% confidence intervals were reported. All data analyses were
performed using SPSS software, version 27.0 (IBM SPSS software, Armonk, NY, USA).
Graphs and figures were produced with GraphPad Prism 9.0 (Graphpad Software, Boston,
MA, USA) Probability maps were produced with Qgis 3.22 (https://qgis.org/, accessed on
7 July 2024).
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2.5. Machine Leaning Procedure
2.5.1. Data Cleaning and Pre-Processing

The data pre-processing stage is described in Figure 1. Initially, the dataset was orga-
nized into a target variable (UHR) and various input features. This study was conducted us-
ing Python library scikit-learn and RStudio (https:/ /posit.co/download /rstudio-desktop/,
accessed on 7 July 2024). For nominal variables with no inherent order, such as the Ad-
mission Service and Major Diagnostic Categories, we utilized OneHotEncoder, converting
them into multiple binary features. Ordinal variables like triage level were encoded using
LabelEncoder, maintaining their natural order which could be informative for the predictive
model. Numerical data underwent standardization via StandardScaler. Standardization
ensured that each feature contributes equally to the model’s predictions, thereby enhancing
overall performance.

@ CLINICAL DATA ACQUISITION:

e Demographics

e Admission/discharge

e Clinical history

e  Other antecedents...

PREPROCESS:

e Outliers

e Variance

e Correlation

e One hot encoding
° Label encoder

SIBILA:

e MACHINE LEARNING
(ANN, KNN, RLF, RF, SVM)

e INTERPRETABILITY
Featimportance, LIME, SHAP)

'\ mmmmmm" | PREDICIVE MODELS:
= e LOGISTIC REGRESSION
— e MACHINE LEARNING-GLOBAL
- e INDIVIDUALIZED MODELS
' (SHAP)

SHAP value

Figure 1. Overview of the study design.

The dataset, consisting of 29,026 records post-curation, was divided into training
(80%) and validation (20%) subsets using .model_selection. This allocation, resulting in
23,205 training and 5821 validation records, was chosen to balance model training with
adequate validation assessment while considering computational efficiency.
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Anonymization of patient data was a critical step in our methodology, conducted
to protect patient privacy while maintaining data integrity. Techniques employed for
anonymization included the removal of direct identifiers and the aggregation of potentially
identifiable information.

2.5.2. Machine Learning Analysis

In the quantitative exploration of the dataset, this study operationalized the SIBILA
computational framework, a computational tool designed for leveraging High-Performance
Computing architectures in the construction and assessment of various advanced machine
learning models (Available at https:/ /github.com/bio-hpc/sibila, accessed on 5 July 2024).
This framework facilitates the deployment of Artificial Neural Networks, Random Forests,
and eXtreme Gradient Boosting machines. These models were selected for their proven
efficacy in analysing complex, multidimensional datasets prevalent in healthcare research.

A distinctive feature of the SIBILA platform is the integration of model interpretability
techniques, including feature importance analysis, Local Interpretable Model-agnostic
Explanations, and SHapley Additive exPlanations. These interpretability techniques are
paramount for deciphering the operational mechanisms of the employed models. This is
essential for the elucidation of both the global influence and the local impact of features
within the predictive models, providing an exhaustive understanding of the determinants
influencing hospital readmission outcomes.

Furthermore, SIBILA generates comprehensive performance reports for each algo-
rithm, with a particular emphasis on the AUC of the ROC curve. In addition, other metrics
like sensitivity, accuracy, etc., were also evaluated. The interpretability outputs provided
by SIBILA are instrumental in providing empirical evidence for clinical application.

3. Results
3.1. Preliminary Analysis

Finally, after curating the initial dataset, the number of patients that were included
in the present study was 29,026 individuals. An initial assessment of the unscheduled
hospital readmissions (UHR) for the years 2018 and 2019 revealed an incidence of 14.3%
(n = 4145) in the population under the study. The age of those patients that were readmitted
was statistically significantly higher than those not readmitted (64.1 vs. 62.9, p < 0.001)
(Figure 2a). As age increased, the incidence of UHR also increased, although it is interesting
to highlight that in those people who were aged 80 or more years, the incidence of UHR
was lower than in those of 70-79 years (Figure 2b). Men tended to show a higher incidence
of unscheduled hospital readmissions than women, although in this case, the differences
did not reach the significance level (p = 0.139) (Figure 2c). The hospital stay was also longer
in the UHR group.

The hospital service with the higher number of UHR cases was internal medicine
(Supplementary Figure S1 and Table S1). This situation was also observed regarding
discharge service. Of note, several services like pneumology, maxillofacial surgery, and
rheumatology showed less than 5% of UHR. Attending to the ICD-10, the factors influencing
health status (ICD section XXI) and the diseases of the blood (ICD section III) showed
the higher UHR incidence. Following the CCS, those admitted with endocrine disorders
showed the higher UHR incidence.

Figure 52 shows the incidence of UHR attending to the date and time of admission and
discharge. Wednesday and Sunday were the days with higher UHR. The UHR incidence
was quite similar along the different months, although during summer and December, an
increase on UHR incidence was observed. When the admission was produced from 07:00 to
10:00 h, the incidence was higher, while the discharge time with higher UHR incidence was
observed at 05:00 h. As expected, those with worse clinical history tended to be readmitted
in higher proportion (Figure S3). Smoking and drinking habits were also related with
the unscheduled hospital readmission. Interestingly, former drinker and smoker patients
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Age (years)

showed higher UHR that current drinker/smoker and never drinker/smoker patients
(p <0.001 in all cases) (Figure S3).
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Figure 2. Characteristics of the population to the presence or not of unscheduled hospital readmission.
(a) shows the distribution of ages depending on whether they were readmitted or not. The distribution
of readmissions by age is shown in (b). The association with sex is also shown in (c). The distribution
of patients” days of stay based on readmission is also shown in (d). Those patients that were
readmitted were older (t-test p < 0.001) and stayed longer (¢-test p < 0.0001).

Finally, we evaluated the influence of the patient’s location on the probability of UHR.
Interestingly, we observed several locations with UHR probabilities higher than 0.8, while
in other regions, the probability was lower than 0.2, which indicates great disparities among
regions in the same city (Figure 3).

3.2. Prediction Models of Unscheduled Hospital Readmission

To be able to predict the unscheduled hospital readmission, a logistic regression model
was developed using unscheduled hospital readmission as dependent variable. First, a
bivariate analysis was conducted to exclude variables without statistical significance re-
garding UHR (Supplementary Table S2). Consequently, we developed three logistic models
to better identify those features involved in the prediction model (detailed information is
shown in Table S3). To develop the final model, a stepwise multivariable logistic regression
including only those variables with statistically significant effect on the previous models
was performed. The final model (Table 1) revealed that chronic therapy was the feature
with higher odds ratio (OR), in the sense that those patients undergoing a chronic therapy
had a 3.75 increased risk of UHR. Those patients admitted from digestive surgery and



Mach. Learn. Knowl. Extr. 2024, 6 1659

haematology also showed increased risk of UHR (OR: 2.99 and 2.27, respectively). The
length of stay was also included in the model, since every day a patient spends in the
hospital, their risk of being readmitted increases by 2%.

B

I o-o2 [ 02-04 04-06 [ os-o.s [ o8-+ B o-o2 I 02-04 04-06 [ os-os [N os-1
TRUE UHR PROBABILITY ML PREDICTED UHR PROBABILITY

Figure 3. Observed (A) and machine learning (B) unscheduled hospital readmission (UHR) probabil-
ity attending to the ZIP code. Colour scale represents probability of unscheduled hospital readmission,
with green colour showing the lowest probability and red colours showing the highest.

Table 1. Multivariable logistic regression model to predict the unscheduled hospital readmission.
The detailed procedure is described in Supplementary Table S3.

Odd Lower Upper

B S.E. (B) p- Ratio CI95%  CI95%
Chronic therapy 1.322 0.485 0.006 3.752 1.451 9.699
Diabetes mellitus 0.127 0.037 0.001 1.135 1.055 1.221
Days of stay 0.020 0.004 0.000 1.020 1.012 1.029
CCs-16 —1.457 0.530 0.006 0.233 0.082 0.658
CCs-17 —0.946 0.369 0.010 0.388 0.188 0.801
Adm:Cardiology —0.697 0.238 0.003 0.498 0312 0.793
Adm:Digestive 1.096 0.396 0.006 2991 1.376 6.500
Surgery
Adm:Haematology 0.819 0.412 0.047 2.267 1.011 5.083
Adm:Oncology 0.456 0.197 0.021 1.578 1.073 2322
Adm:Internal ~0257 0127 0.042 0.773 0.603 0.991
Medicine
Dis:Digestive Surgery —-0.777 0.377 0.039 0.460 0.220 0.963
Dis:Pneumology —1.143 0.406 0.005 0.319 0.144 0.706

B: standard coefficient. S.E.: standard error. CI: confidence interval. Adm: admission service. Dis: discharge
service. CCS: clinical classification software diagnosis: 16: injuries and poisoning. 17: symptoms; signs, and
ill-defined conditions and factors influencing health status.

Regarding diagnostic performance, the data revealed that the model was able to
properly diagnose 80.2% of UHR cases. The indicators showed high sensitivity (0.81),
although the specificity was low (0.42). This situation motivated the use of a machine
learning framework to integrate features into a predictive model of UHR.
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Days of stay [791.661]

To evaluate the validity of all the machine learning algorithms in the test set (n = 23,205),
the receiver operating characteristic (ROC) curve and Area Under the Curve (AUC) of the
models are shown in Supplementary Figure S4. The other evaluation metrics, including the
accuracy, specificity, precision, and recall for the models, are presented in Figure S4. The
findings demonstrated that the Random Forest (RF) algorithm performed best among the
prediction models, with an Area Under the Curve of 0.986. The corresponding accuracy
was 94% and the specificity was 91%. Therefore, the Random Forest model was selected as
the best predictive model.

The features were ranked by their relative importance to UHR prediction according
to the SHAP values of the model predictions. The days of stay were the most important
feature, which was also included in the logistic model, clearly indicating that longer stays
were associated with higher UHR probability. The next feature, in order of relevance was
age; however, at this time, the sense of the association was not as clear as with the previous
feature. In the ML model, history of allergies showed a monotonic relationship with UHR.
Interestingly, history of adverse drug reactions and ZIP code were also important features
to predict UHR. The relevance and sense of the other features are shown in Figure 4.

Global Interpretation using SHAP

High

Age [579.674]

Allergies [419.376]

Adverse drug reaction [403.453]

Zip Code [377.517]

Smoking habits [318.404]
Triage level [316.632] .

Chronic treatment [312.412]

Feature value

Hypertension [292.393]
Admission Service 22 [285.671]

Diabetes History [281.177]

Discharge Service_16 [244.123]
Sex [227.476]
Dyslipemia [222.036]

Discharge Service_10 [218.124]

—0.4 ~0.2 0.0 0.2 0.4
SHAP value (impact on model output)

Figure 4. The impact of the input features on unscheduled hospital readmissions predictions. In the
figure, each dot represents the effect of a feature on the prediction for one patient. The redder the
colour of the dots is, the higher the value of the features is, and the bluer the colour of the dots is, the
lower the value of the features is. Dots to the left x-axis represent patients with values of the features
decreasing unexpected hospital readmission prediction, and dots to the right x-axis represent patients
with values of the features increasing unexpected hospital readmission prediction.
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Based on the higher accuracy and sensibility of the Random Forest model, we proposed
a personalized risk factor analysis tool for explaining the UHR prediction for a specific
individual. We showed the application of the personalized risk factor analysis method
in one patient with UHR (Figure 5a) and one patient that was not readmitted (Figure 5b).
In both cases, the probability was 0.999. In the individual prediction of UHR, history of
allergies and dyslipidaemia were the most influential features, indicating an increasing
impact on the probability of UHR. Days of stay and chronic treatment also were associated
with UHR risk in this patient. However, in this individual, an age of 92 years had an
inverse impact on the probability of UHR, which highlights the relevance of developing
local interpretable explanations at individual-level. In the opposite direction (Figure 5b),
not having chronic treatment and not having hypertension were determining a lower risk
of UHR.

a

Allergies =YES +0.28
Dislipemia =YES +0.25

Age =92

Days of stay = 17

Adm:Internal Medicine= YES

Chronic Treatment = YES

Dis:Intensive Medicine= YES

Adverse Drug Reaction=YES

Smoking = NO

Sum of 23 other features +0.01

- uvn 01
b SHAP value

Chronic Treatment=NO —0.12

Dis:Intensive Medicine=YES  _( 12

Days of stay = 13

Allergies = NO

Dis:Oncology = NO

ZIP Code = 30,999

Adverse Drug Reaction = NO

Dis:Internal Medicine= NO

Alcohol intake = Eventual

Sum of 23 other features

012 -010 -008 -006 -00a -002 000

SHAP value

Figure 5. Examples of individualized unscheduled hospital readmissions (UHR) prediction. (a) is an
example of personalized risk factor analysis for a patient in the test set identified as UHR. (b) is an
example of personalized risk factor analysis for an individual identified as no-UHR.

4. Discussion

The implementation of machine learning (ML) models in healthcare settings has
achieved substantial interest in recent years, offering promising advances for improving
patient outcomes and optimizing resources utilization [8]. In the present study, we at-
tempted to address the critical issue of hospital readmissions through the development
and validation of an individualized interpretable ML model. This model aimed to predict
the likelihood of readmission for 30 days after discharge. The present model will facilitate
targeted interventions to reduce readmission rates.
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A first evaluation of UHR data revealed an incidence of 14.3% in the studied popula-
tion. This result was similar to that obtained in most studies in people over 65 years, with
values between 10.7% and 24.8% [11-14]. Large population studies, like the work of Jencks
et al., found that of the 2,961,460 beneficiaries who had been discharged from the hospital,
19.6% were readmitted within the first 30 days post-discharge, and 34% before 90 days [15].

Patients aged between 70 and 79 years suffered a higher incidence of unscheduled
hospital readmissions than the rest of the study population. Age is classified as a risk
factor for early readmissions, with a greater risk of readmission as age increases, mainly
in those over 65 years of age. Several population-level studies carried out in adults and
people > 65 years have reinforced this association [16-18]. However, other studies have
not found this relationship [19,20]. Even when assessing age within a predictive model of
readmission risk, most researchers have not found an association strong enough to include
it in the final predictive model [21]. Interestingly, in the present work, people over 80
were less likely to be readmitted. This may be due to higher mortality or greater hospital
care in these people [22]. It is important to remember that the group of older people is
highly heterogeneous; for example, the presence or absence of frailty could determine the
prognosis of these patients. As Liperoti et al. suggested, the identification of frailty among
older adults should be considered relevant to provide individualized strategies of care [23].
In our population, as in others in the literature, men entered more frequently [24,25].
However, sex has been found not to be relevant in other studies [17,26].

The service with the highest number of cases and, at the same time, with the highest
number of UHR was internal medicine. There is little information about this regard, but a
lower (5%) readmission rate was found in an earlier retrospective cohort study conducted
by Fabbian et al. [27]. However, the mean age of this previous study was lower than that of
our work. On the other hand, those with a worse medical history tended to be readmitted
at a higher rate. This issue was also previously described, especially in chronic heart failure,
chronic obstructive pulmonary disease (COPD), and diabetes mellitus [28]. Smoking and
drinking habits were also related to UHR. Tobacco is the main cause of preventable death
and has a special importance in the development of COPD. In fact, in a comparative analysis
Europe and the United States readmission rates, COPD was shown to be a leading cause of
hospital readmission rates [29]. The incidence of unscheduled hospital readmissions was
quite similar throughout the different months, although during summer and December,
an increase in the incidence of UHR was observed. Regarding time, the UHR incidence
was higher at the morning. To the best of our knowledge, no earlier studies have been
found that evaluated a relation between time of admission/discharge and UHR probability;
therefore, these results leave an open line of research for future work.

As the main goal of this work was to develop a predictive model of UHR, as a first step,
a multivariate logistic regression model was estimated. This predictive model deduced
that patients with chronic therapy had a 3.75 higher risk of UHR. This result supports those
of Morandi et al., who found that the consumption of >7 drugs increased the risk of early
readmission in chronic patients in a post-acute rehabilitation unit [30]. On the other hand,
this analysis also included length of stay in the model, since each additional day a patient
spends in the hospital, his/her risk of readmission increases by 2%. This variable gained a
lot of interest in the first works evaluating UHR, since it was thought that high-risk patients
with an inappropriately “short” stay could have a higher rate of readmissions linked to
low-quality hospital care [31]. However, most studies have described the opposite, with an
increased risk of readmission in longer stays [32]. It cannot be ruled out that longer stays
occur in those patients with pathologies that require certain hospital services with a greater
probability of urgent readmission. In fact, those patients from the digestive surgery unit
had a three-fold higher probability of UHR [33]. In contrast, those patients admitted in the
cardiology unit showed a 50% lower probability of UHR, which may show a better hospital
care in this service, or simply a lower probability of complications related to the patients’
conditions [34].
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Considering the low performance in several metrics of the logistic model, a ML
procedure was developed. The results showed that the Random Forest algorithm performed
best among the prediction models selected for this study. Through this procedure, days of
stay were identified as the most relevant factor. Again, this result is of great interest, since,
in general, we can suppose that a short stay can be associated with inadequate care, or an
imprecise diagnosis; however, a longer stay, in our case, was not associated with better
patient care [35]. Interestingly, those patients with history of allergies were also at higher
probability of unscheduled hospital readmissions [36].

A key advantage of ML-based predictions over traditional models lies in their ability
to uncover and use variables that may not initially appear relevant, thereby enhancing the
predictive accuracy. The present machine learning model has notably found several of such
features as crucial for prediction, with ZIP code being a prime example. Traditional location
studies, often conducted at the national level, have been instrumental in pinpointing
regions with heightened disease incidence or prevalence. Nonetheless, our data facilitate
more granular, regional analyses, revealing specific zones with an elevated probability of
UHR, as in this study. This granular approach offers unprecedented insights, enabling the
identification of areas where either post-hospital or primary care may be lacking, potentially
contributing to higher readmission rates. Such findings underscore the superiority of
machine learning methodologies in not only discerning subtle, yet impactful patterns
within data but also in aiding the strategic enhancement of healthcare services to address
and mitigate factors leading to increased unscheduled hospital readmissions rates [37].
Nevertheless, although all these parameters are important and should be considered to
predict UHR, it is even more relevant to develop an individualized prediction of the UHR
risk. Until recently, developing individual prediction models was very expensive regarding
time and computing resources. Currently, we can identify the most important risk factors
for each individual. For instance, in the example described previously, dyslipidaemia was
identified as the most significant factor associated with UHR in a particular patient, while
the ML or the logistic models did not identify this variable.

In this study, we have pioneered an individualized ML model that significantly en-
hances patient care by tailoring treatment plans to individual needs upon hospital admis-
sion. This model stands apart from traditional, non-interpretable models by offering a clear
understanding of the factors influencing its predictions, thereby ensuring more precise
and personalized care. The adoption of this innovative approach is pivotal in reducing
unplanned hospital readmissions, a critical issue in clinical practice and the discharge
process that imposes substantial economic and healthcare burdens. For instance, in the
United States, annual costs for hospital readmission reach USD 41.3 billion, making it one
of the costliest events to treat nationwide [38]. In our location, although the health system
is complex since management is decentralized, it is estimated that the costs of hospital
readmission reach EUR 500 million annually [39]. Moreover, UHR adversely affect the
quality of life of patients and their families. By integrating interpretable and individual-
ized models, we not only advance patient care but also contribute to a more sustainable
healthcare system by mitigating the negative implications of UHR.

Several limitations should be considered at this time. The association of some factors
with rehospitalization does not mean the identification of causal relationships, and therefore,
we cannot affirm that the variables that define the predictive models are the causal factors
of that readmission. Additionally, recall bias can affect future data collection. Another
limitation derives from the origin of the data. The data obtained in this study are valid
for the geographical area, so the performance of the present ML prediction model should
be evaluated in other locations before its implementation. Although we have collected
enough individuals in the final dataset, and even a much larger sample than in other works
developing predictive models [37,40,41], it could be of interest to evaluate similar data from
different regions to confirm the extrapolability of the current model. Finally, the presence
of latent features that may be affecting hospital readmission and that have not been taken
into account in this project, such as the exact values of certain biochemical or clinical tests,
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could improve the machine learning model that we have obtained. In addition, it could
be of great interest to include prognostic factors at discharge, like cognitive functioning, a
situation that could be of specific relevance to older people and specific hospital services,
as described by Fusco et al. [42].

However, we wanted to remember that, precisely, one of the objectives was to be able
to determine, with basic variables and without added cost, the probability of readmission.
Our model showed an AUC of 99%, demonstrating high data reliability.

5. Conclusions

Our analysis leveraged descriptive statistics to illuminate the demographic traits and
the associated risk probabilities of emergency hospital admissions. Notably, we observed
that most readmissions occurred before reaching 80 years, with factors such as the patient’s
locality and sex playing a pivotal role. To tackle the challenge of predicting UHR, we
conducted a multivariate analysis focused on various demographic characteristics. The
duration of the hospital stay emerged as the primary predictor for readmission, indicating a
direct correlation between longer stays and increased readmission risks. Additional signifi-
cant factors included a history of diabetes mellitus, allergies, or adverse reactions to drugs.
The centrepiece of our study is the development of an individualized risk model, designed
to offer personalized risk predictions for hospital readmission. While the current model
showcases high accuracy and reliability, further enhancement is recommended through the
inclusion of additional numerical variables, such as biochemical or clinical parameters. This
would allow for a more comprehensive analysis and improve the model’s effectiveness.
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