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Introduction

Nguyen Thanh Huy , Pham Quang Minh , Le Thi Bich , Tran Van Nam1* 1 2 3

At present, the majority of healthcare spending is driven by chronic patients who experience multiple readmissions
due to their underlying conditions. Implementing individualized prevention frameworks could optimize the clinical
management of this demographic. This study aimed to generate localized predictive models utilizing interpretable
machine learning approaches to provide early identification of individual unscheduled hospital readmissions. To
achieve this, a retrospective case-control investigation was performed, utilizing patient readmission data spanning
2018–2019. Following the cleaning and curation of the initial data repository (n = 76,210), the final sample size
comprised n = 29,026 participants. A machine learning analysis evaluated multiple algorithms, employing unscheduled
hospital readmission as the dependent variable, alongside local model-agnostic interpretability techniques.

The results demonstrated a 13% rate of unscheduled hospital readmissions. Statistically significant variations were
identified regarding patient age and length of hospital stay (p < 0.001 in both instances). A logistic regression
framework highlighted chronic therapy (odds ratio: 3.75), a history of diabetes mellitus (odds ratio: 1.14), and length of
stay (odds ratio: 1.02) as statistically meaningful predictors. Machine learning algorithms demonstrated superior
performance concerning sensitivity and complementary evaluation metrics. Within this analytical framework, length of
stay and patient age emerged as the primary determinants for forecasting unscheduled readmissions. Notably, other
clinical indicators, such as documented allergies and histories of adverse drug reactions, also demonstrated predictive
relevance. Individualized prognostic models exhibited high sensitivity. In conclusion, this investigation identified critical
determinants governing unscheduled hospital readmissions, highlighting the prominence of age and hospitalization
duration. A personalized risk assessment framework capable of predicting readmissions with high accuracy was
established. Future investigations should incorporate a broader array of clinical parameters to further optimize the
predictive capacity of this model.
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Materials and Methods

Patients presenting with elevated comorbidity profiles frequently encounter a higher incidence of therapeutic
complications, extended hospitalizations, increased surgical liabilities, predictable readmission patterns, and substantial
utilization of healthcare resources and clinical services [1]. Consequently, forecasting these types of clinical complications
could substantially optimize the delivery of healthcare services. Currently, the vast quantity of data collected during
inpatient admissions offers an opportunity to address these challenges. Unfortunately, clinical departments—most notably
emergency and surgical units—frequently experience overcrowding, which degrades care quality due to excessive clinical
demand. To optimize resource management within these units, establishing a system to predict which patients will require
repeated utilization of these services would be highly advantageous.

To date, numerous diagnostic instruments have been engineered to evaluate the probability of hospital readmission,
among which the Charlson Comorbidity Index [2, 3] remains the most comprehensively evaluated. In accordance with the
methodology outlined by the National Health System for the evaluation of inpatient care, an unexpected hospital
readmission (UHR) is defined as an unplanned admission via the emergency department following a prior discharge from
the same facility [4].

Readmissions are shaped by patient comorbidities and the specific morbidities managed during hospitalization. These
events can serve as indicators of clinical stability during the progression of a disease, where readmission might be
triggered by post-discharge complications that reflect substandard patient follow-up. Conversely, readmissions may also
relate to immediate clinical stability, wherein premature hospital discharge precipitates a subsequent return to the facility
[5]. Consequently, the Minimum Basic Data Set Register categorizes readmissions into two distinct intervals: those
occurring within seven days of discharge, and those taking place between the second week and the 30th post-discharge
day, which represents the focal point of this investigation. Given that readmissions within the first week are often tied to
deficient acute clinical care, the subsequent period involves a more complex array of contributing factors.

In recent years, traditional data analysis has faced major obstacles stemming from inadequate statistical power and a
shortage of advanced computational methods, which has constrained the thorough evaluation of extensive datasets and
precise predictive modeling [6]. However, the emergence of modern computing technologies facilitates the
implementation of diverse algorithms and machine learning methodologies supported by Artificial Intelligence, enabling
more efficient and scalable processing of complex information [7]. This computational progression not only increases the
analytical depth but also underpins the generation of more precise predictive frameworks through advanced machine
learning workflows. The medical sector has long endeavored to integrate machine learning workflows into data
management and clinical decision-making protocols [8]. This domain is undergoing rapid evolution due to machine
learning, which facilitates the prediction, management, and diagnosis of pathological conditions with increased accuracy
and dependability [9, 10].

On the basis of these considerations, the primary objective of this investigation was to evaluate the efficacy and
performance of multiple machine learning algorithms in forecasting unexpected hospital readmissions within a University
Clinic Hospital. Furthermore, this study sought to delineate the clinical profiles of patient populations at elevated risk for
emergency department readmissions, thereby establishing individualized risk parameters for personalized prognostic
models.

Design
This investigation employed a retrospective, case-control architecture using patient readmission records from the 2018–
2019 period. Initially, a specialized data extraction template was engineered based on prior literature concerning
unscheduled hospital readmissions (unexpected hospital readmissions). Following administrative authorization from the
facility's Clinical Committee (granted on April 30, 2019) and institutional leadership, data anonymization was executed to
capture the necessary study variables while strictly omitting personal identifiers. A preliminary dataset was subsequently
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delivered for processing. Data cleaning, curation, and statistical protocols are detailed in the subsequent sections. All
compiled information was managed under rigorous confidentiality safeguards, complying with the Spanish Organic Law
on Data Protection (Organic Law 15/1999) alongside concurrent statutory regulations.

 Data collection
The target cohort for this investigation comprised all individuals who received care at the emergency department of the
University Clinic Hospital of Murcia (Spain) and were subsequently hospitalized through this unit, categorized as either a
readmission or a non-readmission event. Analytical data spanned all emergency department registries from 2018 and
2019. Records from 2020–2022 were intentionally excluded to prevent confounding biases introduced by the COVID-19
pandemic, which could skew contemporary baseline realities.

From the gathered data repository, all registries originating from maternal and pediatric facilities—including obstetrics,
gynecology, pediatrics, neonatology, and school-age services—were removed. Patients younger than 14 years of age
were excluded from the analysis. Similarly, adolescents under 18 years of age who routinely received care within
specialized clinical units, such as pediatric oncology and child psychiatry, were likewise omitted.

The dataset compiled sociodemographic variables, including biological sex, age, and ZIP code, alongside administrative
metrics regarding admitting and discharging medical specialties. Pathological conditions were coded using two diagnostic
frameworks: the International Classification of Diseases (ICD-10) and the Clinical Classification Software (CCS). Multiple
clinical history variables were also harvested. Due to pronounced variance across medical records, reliable historical data
could only be systematically extracted for hypertension, diabetes mellitus, dyslipidemia, and allergies. Alcohol and
tobacco habits were documented, as were active chronic treatments and documented histories of adverse drug reactions.
Finally, diagnostic imaging orders (including radiographs, ultrasounds, and computed tomography scans) were
incorporated into the analytical file.

The initial raw database encompassed 76,210 patients admitted during the specified study timeframe. Two records were
omitted due to unrecorded biological sex. Missing documentation regarding the admitting service necessitated the
removal of 883 patients, while an absent discharge service record led to the exclusion of 424 individuals. Missing
demographic information (age or ZIP code) accounted for the removal of an additional 51 subjects. Because this study
specifically targeted individuals hospitalized via emergency services, selecting this subgroup yielded a modified dataset of
n = 50,729 patients. The final data cleaning steps involved removing patients under 18 years of age (n = 8,176) and those
associated with maternal specialties (n = 13,527). Ultimately, the curated analytical dataset tracking the population in this
study comprised 29,026 individuals.

Outcome variable
The primary target endpoint was unexpected hospital readmission occurring between the second week and the 30th post-
discharge day, which was calculated utilizing patient registries from 2018–2019. The extracted database was restricted
exclusively to individuals whose index admission originated directly from emergency services.

Statistical analysis
Descriptive statistics were computed for the sociodemographic attributes and all other potential predictive characteristics.
Chi-squared tests of independence were executed to evaluate the associations between unexpected hospital readmission
and biological sex, as well as other categorical variables. An unpaired t-test was conducted to determine potential
differences in patient age and length of stay based on the occurrence or absence of an UHR. A multivariable logistic
regression model was constructed to investigate variables independently associated with UHR.

Given the extensive number of independent variables and to mitigate the risks of multicollinearity, this modeling workflow
was executed in three distinct stages. The initial model evaluated the association between UHR and the respective



Huy et al. J Trustworthy Explain Intell Syst (2024) 3:49
Page 4 of 19

https://doi.org/10.68159/l466667269

admission and discharge medical specialties. The second model examined the predictive impact of the patient's primary
disease classification. The third model analyzed the remaining clinical history parameters. Ultimately, a consolidated final
model was derived via backward stepwise elimination, incorporating the variables that demonstrated significant predictive
value in the preliminary models. Adjusted odds ratios alongside their corresponding 95% confidence intervals were
reported.

All statistical procedures were carried out utilizing IBM SPSS software, version 27.0 (IBM SPSS software, Armonk, NY,
USA). Graphical representations were generated using GraphPad Prism 9.0 (Graphpad Software, Boston, MA, USA).
Spatial probability maps were constructed via Qgis 3.22 (https://qgis.org/, accessed on 7 July 2024).

Machine learning procedure
Data cleaning and pre-processing

The data pre-processing workflow is illustrated in Figure 1. Initially, the database was structured to isolate the target
variable (UHR) from the array of input features. This technical phase was executed using the Python scikit-learn library
and RStudio (https://posit.co/download/rstudio-desktop/, accessed on 7 July 2024). For nominal features lacking an
intrinsic ordering, such as the Admission Service and Major Diagnostic Categories, we applied OneHotEncoder to
transform them into sets of binary dummy variables. Ordinal attributes, such as emergency triage levels, were
transformed via LabelEncoder to preserve their sequential progression, which could yield valuable patterns for the
predictive architecture. Continuous numerical parameters were standardized using StandardScaler. This standardization
process guaranteed that every feature contributed uniformly to the model's objective function, thereby optimizing general
performance.

https://qgis.org/
https://posit.co/download/rstudio-desktop/
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Figure 1. Overview of the study design.

The dataset, comprising 29,026 records following curation, was partitioned into training (80%) and validation (20%)
subsets utilizing the .model_selection module. This split strategy, which allocated 23,205 entries for model training and
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Results and Discussion

5,821 entries for validation, was implemented to strike an optimal balance between robust model training and reliable
validation verification while optimizing computational resource usage.

Patient data anonymization constituted a fundamental phase of our preparation, executed to safeguard patient
confidentiality while ensuring dataset consistency. The de-identification strategies included the absolute deletion of direct
personal identifiers and the binning or aggregation of potentially traceable demographic features.

Machine learning analysis

For the quantitative evaluation of the dataset, this investigation deployed the SIBILA computational framework, an
analytical tool engineered to utilize High-Performance Computing infrastructures for the development and assessment of
diverse advanced machine learning models (Available at https://github.com/bio-hpc/sibila, accessed on 5 July 2024). This
workflow enables the execution of Artificial Neural Networks, Random Forests, and eXtreme Gradient Boosting
(XGBoost) models. These specific architectures were chosen due to their demonstrated efficacy in modeling the complex,
high-dimensional datasets characteristic of medical research.

A key attribute of the SIBILA platform is its embedded integration of model interpretability frameworks, which include
feature importance metrics, Local Interpretable Model-agnostic Explanations (LIME), and SHapley Additive exPlanations
(SHAP). These interpretability approaches are crucial for opening the "black box" mechanics of the utilized algorithms.
They are essential for clarifying both the global feature hierarchy and the local case-specific feature contributions within
the predictive architectures, ensuring a comprehensive understanding of the factors driving hospital readmission trends.

Additionally, SIBILA automatically generates detailed performance evaluations for each algorithm, placing a primary focus
on the Area Under the Receiver Operating Characteristic (AUC-ROC) curve. Supplementary metrics, such as sensitivity,
overall accuracy, and related indicators, were also systematically verified. The interpretability reports provided by SIBILA
serve as empirical evidence to guide potential clinical implementation.

Preliminary analysis
Following the rigorous curation of the source repository, the final analytical cohort for this study comprised 29,026
individuals. An initial evaluation of unexpected hospital readmissions (UHR) across 2018 and 2019 demonstrated an
overall incidence rate of 14.3% (n = 4145) within the observed population. The mean age of readmitted individuals was
statistically significantly higher than that of patients who did not experience a readmission (64.1 versus 62.9 years, p <
0.001) (Figure 2a). Although the rate of UHR generally scaled upward with advancing age, it is worth noting that
individuals aged 80 years or older displayed a lower incidence of UHR compared to the 70–79 age cohort (Figure 2b).
Male patients exhibited a higher trend toward unexpected readmissions than female patients, though this specific
demographic variation did not achieve statistical significance (p = 0.139) (Figure 2c). Furthermore, the duration of index
hospitalizations was significantly longer in the cohort that experienced an UHR.

https://github.com/bio-hpc/sibila
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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 (t-test p < 0.0001).

The clinical department accounting for the highest volume of UHR cases was internal medicine. An identical trend was
observed when evaluating the specific discharging services. Conversely, several departments—including pulmonology,
maxillofacial surgery, and rheumatology—demonstrated UHR rates below 5%. According to the ICD-10 diagnostic
framework, factors influencing health status and contact with health services (ICD section XXI) and diseases of the blood
and blood-forming organs (ICD section III) were associated with the highest UHR incidence rates. Under the CCS
classification, patients hospitalized for endocrine metabolic disorders experienced the highest frequency of UHR.

Wednesdays and Sundays represented the weekdays with the most prominent UHR rates. The baseline incidence of
UHR remained relatively stable across the months, though slight increases were discernible during the summer season
and throughout December. Hospitalizations initiated between 07:00 and 10:00 hours were linked to higher readmission
rates, whereas the discharge hour associated with the peak UHR incidence occurred at 05:00 hours. As anticipated,
individuals presenting with more severe medical histories were readmitted in greater proportions. Alcohol and tobacco
consumption patterns also correlated with unexpected readmission outcomes. Interestingly, former consumers of alcohol
and tobacco demonstrated higher UHR rates than active consumers or individuals who had never consumed these
substances (p < 0.001 across all comparisons)
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Lastly, we analyzed the spatial influence of patient residence locations on the likelihood of experiencing an UHR.
Remarkably, we identified several residential zones where UHR probabilities exceeded 0.8, whereas other geographical
sectors exhibited probabilities below 0.2, highlighting pronounced healthcare disparities between different neighborhoods
within the same municipality (Figure 3).

Figure 3. Observed (A) and machine learning (B) unscheduled hospital readmission (UHR) probability 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.

Prediction models of unscheduled hospital readmission
To forecast unexpected clinical returns, a multivariable logistic regression framework was engineered utilizing unexpected
hospital readmission as the dependent variable. Initially, a bivariate analysis was executed to filter out features lacking
statistical significance in relation to UHR. Consequently, three distinct logistic frameworks were constructed to better
characterize the specific predictors integrated into the forecasting architecture. To compile the final model, a stepwise
multivariable logistic regression was executed, restricting entry exclusively to variables that displayed a statistically
significant impact within the preceding models.

The final configuration (Table 1) demonstrated that active chronic therapy represented the attribute with the highest odds
ratio (OR), establishing that patients undergoing continuous chronic treatment experienced a 3.75-fold increased risk of
UHR. Individuals initially admitted to digestive surgery and hematology services also exhibited elevated liabilities for UHR
(OR: 2.99 and 2.27, respectively). Hospitalization duration was likewise retained in the model, indicating that each
additional day a patient remains hospitalized scales their probability of readmission upward by 2%.

Table 1. Multivariable logistic regression model to predict the unscheduled hospital readmission.
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Upper CI95% Lower CI95% Odd Ratio p. S.E. (B) B

Chronic therapy 9.699 1.451 3.752 0.006 0.485 1.322

Diabetes mellitus 1.221 1.055 1.135 0.001 0.037 0.127

Days of stay 1.029 1.012 1.020 0.000 0.004 0.020

CCS-16 0.658 0.082 0.233 0.006 0.530 −1.457

CCS-17 0.801 0.188 0.388 0.010 0.369 −0.946

Adm:Cardiology 0.793 0.312 0.498 0.003 0.238 −0.697

Adm:Digestive Surgery 6.500 1.376 2.991 0.006 0.396 1.096

Adm:Haematology 5.083 1.011 2.267 0.047 0.412 0.819

Adm:Oncology 2.322 1.073 1.578 0.021 0.197 0.456

Adm:Internal Medicine 0.991 0.603 0.773 0.042 0.127 −0.257

Dis:Digestive Surgery 0.963 0.220 0.460 0.039 0.377 −0.777

Dis:Pneumology 0.706 0.144 0.319 0.005 0.406 −1.143

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 classification performance, the statistical data indicated that the regression framework correctly identified
80.2% of verified UHR cases. The analytical performance parameters demonstrated strong sensitivity (0.81), whereas the
corresponding specificity remained constrained (0.42). This performance limitation prompted the adoption of a machine
learning workflow to combine predictive attributes into an enhanced prognostic framework for UHR.

The empirical findings demonstrated that the Random Forest (RF) model exhibited the strongest predictive capacity
among the candidate architectures, achieving an Area Under the Curve of 0.986. The model attained an overall accuracy
of 94% alongside a specificity of 91%. Consequently, the Random Forest framework was chosen as the definitive
predictive system.

Predictive attributes were ordered by their relative contribution to UHR forecasting based on the SHAP values derived
from the model's outputs. Length of stay emerged as the primary determinant, mirroring its inclusion in the logistic
framework and substantiating that prolonged hospitalizations correlate with an increased likelihood of UHR. The
subsequent attribute in the feature hierarchy was patient age; however, in this context, the direction of its association was
less uniform compared to length of stay.

Within the machine learning model, a history of allergies displayed a monotonic relationship with UHR risk. Notably,
documented histories of adverse drug reactions and specific patient ZIP codes also represented crucial components for
predicting UHR. The global impact and directional trends of the remaining features are illustrated in Figure 4.



Huy et al. J Trustworthy Explain Intell Syst (2024) 3:49
Page 10 of 19

https://doi.org/10.68159/l466667269

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.

Leveraging the superior precision and sensitivity profiles of the Random Forest configuration, we introduced an
individualized risk factor profiling framework to clarify specific UHR predictions at the single-patient level. The clinical
application of this personalized risk profiling tool is demonstrated for a patient who experienced an UHR (Figure 5a)
alongside an individual who did not experience a readmission (Figure 5b). In both instances, the computed probability
reached 0.999.

In the case-specific prediction of UHR, a documented history of allergies and dyslipidemia represented the most powerful
features, driving an upward shift in the computed probability of readmission. Length of stay and active chronic regimens
were similarly associated with heightened UHR risk for this specific individual. Conversely, for this same patient, an
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advanced age of 92 years exerted an inverse, protective effect on the calculated readmission probability, which
underscores the clinical importance of generating localized, patient-level interpretable explanations. In the alternative
scenario (Figure 5b), the absence of active chronic regimens and the lack of a hypertension history served as the
primary determinants driving a lower risk calculation for UHR.
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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.

The deployment of machine learning (ML) architectures within healthcare infrastructures has generated substantial
clinical interest in recent years, presenting viable pathways for advancing patient outcomes and maximizing resource
allocation efficiency [8]. In this study, we sought to address the persistent challenge of hospital readmissions through the
design and cross-validation of an individualized, interpretable ML framework. This predictive structure was engineered to
calculate the likelihood of an unexpected return within a 30-day post-discharge window. This prognostic model is intended
to guide targeted clinical strategies to mitigate readmission rates.

An initial assessment of the target metrics revealed a 14.3% baseline UHR incidence across the examined sample. This
frequency aligns with observations reported in prior literature evaluating cohorts older than 65 years, which document
readmission rates ranging between 10.7% and 24.8% [11-14]. Large-scale epidemiological investigations, such as the
seminal study by Jencks et al., demonstrated that among 2,961,460 discharged beneficiaries, 19.6% experienced a
readmission within the initial 30 days post-discharge, with the proportion rising to 34% by the 90th post-discharge day
[15].

Individuals falling within the 70–79 age interval exhibited a higher baseline incidence of unexpected hospital readmissions
relative to the rest of the study cohort. Advanced age is widely categorized as a prominent risk factor for early hospital
readmissions, with readmission risks escalating alongside chronological age, particularly among populations over 65
years. Multiple large-scale epidemiological investigations involving adult cohorts and individuals ≥ 65 years have
validated this positive correlation [16-18].

In contrast, alternative studies have failed to identify a significant correlation [19, 20]. Furthermore, even when
incorporating age parameters into predictive readmission models, the majority of investigators have not observed an
association substantial enough to justify its retention in final risk frameworks [21]. Interestingly, in our study, individuals
exceeding 80 years of age demonstrated a lower probability of readmission. This divergence may stem from elevated
mortality rates or more intensive specialized institutional care delivered to this specific demographic [22].

It remains critical to recognize that the elderly population displays marked heterogeneity; for example, the presence or
absence of clinical frailty can fundamentally alter patient prognoses. As noted by Liperoti et al., the systematic
assessment of frailty among older individuals is vital for designing personalized healthcare pathways [23]. Within our
study cohort, matching broader trends in published literature, male patients experienced a higher frequency of
hospitalizations [24, 25]. However, biological sex has been reported as non-influential in alternative investigations [17,
26].

The medical specialty accounting for both the highest volume of total cases and the highest absolute number of UHR
events was internal medicine. While limited published data exist concerning this specific department, an earlier
retrospective cohort analysis by Fabbian et al. documented a lower readmission rate of approximately 5% [27].
Nevertheless, the mean age characterizing that historical sample was lower than the average age observed in our current
investigation.

Concurrently, individuals presenting with more complex medical histories were readmitted at a higher rate. This clinical
pattern has been widely documented, particularly among cohorts managing chronic heart failure, chronic obstructive
pulmonary disease (COPD), and diabetes mellitus [28]. Tobacco and alcohol consumption habits were similarly
associated with UHR outcomes. Tobacco exposure remains the leading source of preventable mortality globally and
figures prominently in the pathogenesis and exacerbation of COPD. Indeed, comparative assessments of readmission
metrics between European and United States infrastructures highlight COPD as a leading driver of hospital readmission
rates [29].
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The baseline frequency of unexpected hospital readmissions remained relatively consistent across the calendar months,
though noticeable spikes in UHR incidence were recorded during the summer period and throughout December.
Temporally, UHR incidence peaked during morning admission hours. To the best of our knowledge, no prior investigations
have systematically evaluated the relationship between the exact hour of admission or discharge and the resulting UHR
probability; hence, these findings establish a novel avenue of inquiry for future research.

Given that the central objective of this research was to construct an effective predictive framework for UHR, an initial
multivariate logistic regression model was estimated. This model indicated that individuals subjected to ongoing chronic
therapy experienced a 3.75-fold higher risk of UHR. This finding aligns with evidence from Morandi et al., who observed
that the administration of ≥ 7 medications escalated the probability of early readmission among chronic patients within a
post-acute rehabilitation setting [30].

In addition, the duration of hospitalization was integrated into the predictive model, demonstrating that each
supplementary day spent in the hospital increases a patient’s risk of readmission by 2%. This continuous variable
attracted substantial interest in foundational UHR literature, as investigators initially hypothesized that high-risk individuals
subjected to an inappropriately "short" hospitalization would display elevated readmission rates driven by suboptimal care
quality [31]. Nevertheless, the majority of subsequent empirical investigations have reported the inverse relationship,
showing an escalated risk of readmission associated with prolonged stays [32].

It remains plausible that extended hospitalizations are concentrated among individuals suffering from severe pathologies
that require specific medical specialties inherently tied to a higher frequency of emergency readmissions. For instance,
patients discharged from digestive surgery units exhibited a three-fold greater likelihood of experiencing a UHR [33].
Conversely, individuals admitted to cardiology services demonstrated a 50% lower probability of UHR, which may reflect
superior clinical management within this specialty or a lower baseline susceptibility to complications related to the
underlying cardiac conditions [34].

To address the constrained performance of the logistic framework across several validation metrics, a machine learning
workflow was developed. The empirical findings demonstrated that the Random Forest architecture yielded the highest
predictive capacity among the candidate models evaluated. Within this algorithmic workflow, the length of stay was
identified as the most prominent predictor. This outcome is highly noteworthy because it challenges the conventional
assumption that brief hospitalizations reflect incomplete care or diagnostic errors; in this cohort, extended hospitalizations
were not associated with improved patient outcomes [35]. Furthermore, individuals with a documented history of allergies
also exhibited an increased probability of experiencing an unscheduled readmission [36].

A major advantage of machine learning-driven forecasting over classical statistical models is its capacity to identify and
leverage implicit features that may initially seem clinically trivial, thereby enhancing overall predictive accuracy. The
machine learning architecture engineered in this study identified several subtle features as vital for risk calculation, with
the patient's ZIP code serving as a primary example. Traditional geospatial investigations, which are typically executed at
a broad national scale, have been useful for locating regions with elevated disease incidence or prevalence.

However, our dataset permits more granular, localized analyses that isolate specific intra-urban zones characterized by a
high probability of UHR. This localized strategy offers unprecedented operational insights, exposing specific geographic
neighborhoods where post-discharge continuity or primary healthcare services may be insufficient, thereby driving
readmission trends. Such outcomes highlight the capability of machine learning techniques not only to detect subtle, high-
impact data patterns but also to inform the strategic optimization of healthcare resources aimed at reducing unscheduled
readmission rates [37].

Nevertheless, while these collective parameters are highly informative and essential for predicting UHR, establishing
individualized risk projections represents a more critical advancement. Until recently, generating personalized, patient-
level predictive models was highly constrained by prolonged processing times and intensive computational resource
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Conclusion

demands. Today, it is possible to isolate the most influential risk determinants unique to each individual. For example, in
the case study presented previously, dyslipidemia was identified as the most dominant feature associated with UHR in
that specific patient, despite the fact that neither the global machine learning framework nor the logistic regression model
isolated this variable as a major predictor.

In this investigation, we have developed an individualized machine learning model designed to optimize patient care by
tailoring clinical follow-up strategies to individual needs at the point of hospital admission. This framework differs from
traditional "black-box" models by providing a clear explanation of the features driving its case-specific predictions, thereby
supporting more precise and personalized clinical workflows. Deploying this innovative approach is key to reducing
unplanned hospital readmissions, which represent a persistent challenge in clinical practice and discharge planning that
imposes heavy financial and operational burdens on healthcare systems.

For instance, within the United States, annual expenditures linked to hospital readmissions reach USD 41.3 billion,
positioning them among the most expensive healthcare events nationwide [38]. In our specific region, although the
healthcare system is highly complex due to decentralized management, estimates suggest that hospital readmissions
generate approximately EUR 500 million in annual costs [39]. Beyond financial metrics, UHR events severely diminish the
quality of life for patients and their care circles. By integrating interpretable, individualized models, we can simultaneously
advance patient care and foster a more sustainable healthcare infrastructure by mitigating the adverse effects of UHR.

Several limitations must be acknowledged in interpreting these findings. First, identifying a correlation between specific
risk factors and rehospitalization does not establish definitive causal relationships; thus, we cannot conclude that the
variables defining our predictive models are the direct causes of readmission. Second, retrospective data gathering may
be susceptible to recall bias during clinical documentation. An additional limitation stems from the geographical origin of
the source data. The data utilized in this study are representative of a specific regional population, meaning the baseline
performance of this machine learning model must be validated in diverse external geographical regions prior to
widespread implementation.

Although our final curated dataset included an extensive patient sample—substantially exceeding the sample sizes of
many previous works focused on readmission modeling [37, 40, 41]—evaluating equivalent datasets from disparate
healthcare jurisdictions remains essential to confirm the generalizability of the current model. Finally, the presence of
unmeasured latent features that could influence readmission outcomes—such as exact longitudinal values from
biochemical panels or specialized clinical assays—might further refine the machine learning model. Furthermore,
incorporating functional prognostic indicators at the time of discharge, such as cognitive performance scores, would be
highly valuable; this layer is of particular relevance to geriatric cohorts and specific medical specialties, as detailed by
Fusco et al. [42].

Nevertheless, it is important to emphasize that a core objective of this study was to calculate readmission probabilities
utilizing readily available, basic clinical variables without adding operational or financial costs to the facility. Our optimized
model achieved an AUC of 99%, demonstrating excellent reliability and predictive performance using standard
administrative and clinical records.

Our investigation utilized descriptive statistics to clarify the demographic profiles and baseline risk probabilities associated
with emergency hospital admissions. Notably, the data revealed that the majority of readmission events occurred in
patients under 80 years of age, with the patient's place of residence and biological sex acting as key contributing factors.
To address the challenge of forecasting UHR, we executed a multivariate analysis targeting an array of demographic and
clinical characteristics.
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