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Abstract

This paper presents a preliminary descriptive analysis and an evaluation design for Random
Forest and Extreme Gradient Boosting (XGBoost) to identify unplanned inpatient readmission
risk at RSUD Langsa. Aggregate counts were extracted from the research proposal for index
discharges between July 16, 2024 and June 16, 2026. The screened cohort comprised 34,122
episodes from 25,821 patients, including 2,870 unplanned readmissions occurring more than
24 hours and up to 30 days after discharge. The readmission proportion was 8.41%, compared
with 13.63% among chronic-disease episodes and 6.94% among nonchronic episodes.
Patients aged 60—74 years had a proportion of 13.78%. An analytical all-negative classifier
would achieve 91.59% accuracy while detecting no readmissions. This supports evaluating
precision—recall performance, recall, F2-score, and calibration rather than accuracy alone. The
planned experiment uses patient-level splitting, nested cross-validation, and comparisons of
unadjusted training, SMOTE-NC, and class weighting. As trained-model outputs and
individual predictions are unavailable in the proposal, empirical superiority of either algorithm
cannot yet be established. This stage contributes a descriptive outcome profile and an
evaluation framework that accounts for class imbalance and predictor availability at discharge.
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Introduction

Unplanned readmission warrants attention because it creates a renewed need for inpatient
care after discharge. Risk prediction can help identify patients who require a review of
discharge plans or more intensive follow-up. Model quality, however, depends on the outcome
definition, completeness of service histories, and evaluation procedures. Reviews of
readmission models document methodological variation and limitations in predictive
performance across studies [1], [2].

Fachrurazy’s research proposal reports preliminary observations involving 41,642 index
episodes from 29,595 patients at Langsa Regional General Hospital (RSUD Langsa). After
sequential screening, the main cohort comprised 34,122 episodes from 25,821 patients [3].
Unplanned readmission occurred in 2,870 episodes. These aggregate counts form the basis of
the descriptive analysis in this paper; individual hospital information system records were
unavailable for reanalysis.

Random Forest combines decision trees using bootstrap sampling and random feature
selection [4]. XGBoost builds tree models sequentially through optimization and regularization
[5]. Both approaches can model nonlinear relationships, but this capability does not guarantee
superior performance in every hospital. Sharma and colleagues demonstrate the need to
evaluate machine learning against conventional comparators in the readmission setting [6].

An Indonesian study of patients with heart failure provides context for applying machine
learning to readmission outcomes [7]. Findings from a disease-specific cohort, however, do not
directly apply to populations spanning multiple diagnoses. This paper aims to analyze the
aggregate profile of RSUD Langsa, explain the implications of class imbalance, and define a
comparison of Random Forest and XGBoost that can proceed when individual records become
available. The results distinguish completed descriptive calculations from the planned model
evaluation.

Literature Review

A readmission definition must specify the observation window, type of readmission, and
facilities covered. The algorithm developed by Horwitz and colleagues provides a basis for
identifying planned readmissions in claims data [8]. Its adaptation to RSUD Langsa requires
mapping local diagnoses and procedures, particularly scheduled services. The LACE index is
an established comparator for predicting early death or unplanned readmission [9]. Since its
original target is a composite outcome, any application to readmission alone requires explicit
explanation.

Five publications inform the data-processing and algorithm-evaluation context. Aulia and
colleagues used K-Means to group medical records by disease type [10]. Hamzah, Sitorus, and
Khairul compared C4.5 and Naive Bayes for diabetes identification [11]. Barutu and colleagues
compared C4.5 and Random Forest for diarrheal disease prediction [12]. These studies provide
health analytics context, but none evaluates readmission outcomes.

Hermawan, Igbal, and Sarif compared Random Forest, XGBoost, and an ensemble using
graduate tracer-study data [13]. Ernawati and colleagues evaluated Random Forest and K-
Nearest Neighbors for poverty classification [14]. These two studies inform methodological
choices and metric reporting rather than clinical evidence. Their numerical findings are not used
to estimate model performance at RSUD Langsa.

Research Methodology

The study follows five stages: problem formulation, methodological design, data
preparation, comparative evaluation, and reporting [3]. Figure 1 summarizes the activities and
outputs. Figure 1 details the proposed analytical workflow and shows how the test set remains
separate from model development. At this stage, the available evidence supports aggregate
descriptive analysis; individual-record modeling remains pending.
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Figure 1. Research Stages

The research consists of five stages: problem formulation, methodological design, data
preparation, comparative evaluation, and reporting. These stages define the research objectives,
establish the evaluation protocol, prepare patient data, compare Random Forest and XGBoost,
and communicate the findings. Model training and performance testing remain planned.

1. Planned Preprocessing and Data Partitioning

Individual records will be split 80:20 at the patient level, stratified by whether a patient
has experienced readmission. All episodes belonging to a patient must remain in the same
partition. The 80:20 ratio refers to patient allocation, so actual episode counts need not follow
that ratio exactly. Pseudonymized patient identifiers will serve as grouping keys and will not
enter the models as predictors.

Imputation, rare-category grouping, categorical encoding, and resampling will be fitted
only on the training portion of each fold. Numerical variables will use median imputation, while
categorical variables will use mode imputation. SMOTE-NC will precede one-hot encoding to
preserve valid categorical values [15], [16]. Leakage prevention follows the principle of
separating model training from evaluation [17].

2. Planned Experiments and Performance Measures

Random Forest and XGBoost will use the same features and partitions, with logistic
regression as a comparator. The proposal specifies nested cross-validation grouped by patient,
using 10 outer folds and 5 inner folds. Random search will examine 60 configurations for each
tree-based model, with PR-AUC as the selection criterion [18], [19]. Training without
imbalance correction, SMOTE-NC, and class weighting will be evaluated separately. The test
set will retain its original class distribution.
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The operational model is distinguished from the post-coding model. The complete LACE
index will serve as a comparator only when all its components are available. A score that omits
comorbidity must be described as an adapted LACE score rather than the standard index.
Comparisons must acknowledge the different information available to each version [3], [9].

Results
1. Cohort Screening and Outcome Distribution
Table 1. Sequential Screening of Episodes at RSUD Langsa

Stage Excluded r}i‘r)rilz(i):iensg Unique patients

Initial index episodes - 41,642 29,595
Transfer out or discharge against medical 1,997 39,645 28,534
advice

Scheduled procedures and thalassemia 2,516 37,129 28,033
Neonates aged <28 days 943 36,186 27,114
Discharge in November-December 2025 2,063 34,123 25,822
No diagnosis 1 34,122 25,821

A total of 7,520 episodes were excluded. Unique patients were recounted at each stage;
therefore, changes in patient counts cannot be equated with excluded episodes. The final cohort
contains 2,870 episodes labeled as readmission and 31,252 episodes without that label. The
recalculated positive-outcome proportion is 2,870/34,122 x 100% = 8.41%.

Outcome distribution Readmission by age

31,252

13.78

Number of episodes
Readmission (%)

10000 ~

2,870

Readmission No readmission <18 18-44 45-59 60-74 =75
Age group (years)

Figure 2. Outcome Distribution and Readmission Proportions

The figure shows that 2,870 of 34,122 inpatient episodes (8.41%) involved unplanned
readmission, while 31,252 (91.59%) did not. This class imbalance emphasizes the need to
assess recall and precision—recall performance alongside accuracy, ensuring that models
identify readmission cases rather than mainly predicting the majority class.

Readmission proportions generally increased with age, from 3.76% among patients
younger than 18 years to 6.19% at ages 18-44 and 11.93% at ages 45-59. The highest
proportion occurred among patients aged 60—74 years (13.78%), followed by a slight decline
among those aged 75 years or older (12.38%). This pattern supports examining age as a
candidate predictor. However, these descriptive findings do not establish an independent effect
of age because diagnoses, repeated episodes, and service characteristics have not been adjusted
for.

2. Readmission by Chronic Disease Status
Table 2. Readmission Proportions by Age Group and Chronic Disease Status
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Group Episodes Readmissions  Proportion (%)
Age <18 years 7,322 275 3.76
Age 18-44 years 12,418 769 6.19
Age 45-59 years 7,629 910 11.93
Age 60-74 years 5,727 789 13.78
Age 275 years 1,026 127 12.38
Chronic disease 7,521 1,025 13.63
Nonchronic 26,601 1,845 6.94

The table shows variation in readmission proportions by age and chronic disease status.
Patients aged 6074 years had the highest proportion (13.78%), while those younger than 18
years had the lowest (3.76%). Episodes involving chronic disease had a higher readmission
proportion (13.63%) than nonchronic episodes (6.94%), approximately twice as high. These
descriptive differences support examining both variables in predictive modeling, although their
independent contributions require further analysis.

Chronic disease 13.63% (1,025/7,521)

Nonchronic 6.94% (1,845/26,601)

T T T T T

T T
0 2 4 6 8 10 12 14 16
30-day unplanned readmission (%)

Figure 3. Readmission Proportions Among Chronic And Nonchronic Episodes

The readmission proportion was 1,025/7,521, or 13.63%, among chronic disease episodes
and 1,845/26,601, or 6.94%, among nonchronic episodes. The difference was 6.69 percentage
points, with a crude proportion ratio of approximately 1.96. This episode-level ratio does not
account for dependence between episodes from the same patient. Accordingly, the paper does
not report p-values or confidence intervals that assume independent episodes.

Discussion

The class distribution has direct implications for evaluation. A model optimized only for
accuracy may overlook most readmissions. PR-AUC, recall, F2-score, calibration, and the
number of patients flagged must be assessed to determine whether the model provides useful
additional information. Comparison with logistic regression will test whether the complexity of
tree-based algorithms yields a meaningful improvement on local data.

Differences between chronic and nonchronic episodes indicate outcome heterogeneity
that warrants subgroup evaluation. However, the proposal assigns final diagnoses to the post-
coding feature set. These descriptive findings do not justify including final diagnoses in an
operational model without evidence that the information is available at prediction time.
Maintaining this distinction aligns evaluation with intended use at discharge.

Observation within a single hospital limits the capture of readmissions across facilities.
In addition, the youngest age category includes children beyond the neonatal period. LACE and

Page 4324 of 4326



Fachrurazy et al.

adult prediction models must not be assumed to be validated across the entire age range.
Pediatric and adult performance should be evaluated separately or reported as subgroup
analyses before clinical implementation.

Conclusion

The proposal cohort includes 34,122 episodes with 2,870 unplanned readmissions
(8.41%). Readmission was more frequent among chronic disease episodes than nonchronic
episodes. An all-negative comparator achieves 91.59% accuracy with zero recall. Evaluation
must address positive outcomes, calibration, patient grouping, and predictor availability. The
relative performance of Random Forest and XGBoost remains unknown. Experiments using
individual records must be completed before reporting algorithm performance metrics and
plots.
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