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ABSTRACT ARTICLE INFO

Heart failure mortality-outcome prediction requires models
that are both clinically sensitive and methodologically re-
liable, especially when class imbalance and data leakage
can distort performance estimates. This study proposes an
efficient leakage-controlled GGO-XGBoost framework for
binary mortality-outcome prediction using the UCI heart
failure clinical records dataset. The outcome is defined
by DEATH_EVENT, where class 0 indicates survival during
follow-up and class 1 indicates death during follow-up. The
proposed framework combines pipeline-based preprocess-
ing, training-only imbalance handling, and stability-aware
Greylag Goose Optimization for tuning XGBoost hyperpa-
rameters. Logistic Regression, SVM, Random Forest, and
baseline XGBoost are used as comparative models under the
same evaluation protocol. On the independent test set, the
optimized GGO-XGBoost model achieved AUC 0.8768, re-
call 0.7895, F1-score 0.7317, accuracy 0.8167, and precision
0.6818. These results suggest that constrained metaheuristic
optimization can improve clinically relevant classification
behavior in imbalanced heart failure outcome prediction, pro-
vided that leakage control and conservative model selection
are carefully maintained.
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1 Introduction
Heart failure mortality-outcome prediction is a clinically meaningful binary classification problem because
the outcome is directly related to follow-up prioritization, early warning decisions, and patient monitoring. In
this paper, the phrase “survival prediction” refers to prediction of the observed binary survival/death outcome
label in the dataset. It does not refer to classical survival analysis models such as Cox regression or Kaplan-
Meier estimation. This distinction is important because the implemented model predicts DEATH_EVENT as a
class label rather than estimating a time-dependent hazard function.
In this setting, false negatives are particularly costly: a patient who later experiences a death event may
be classified as low risk and may therefore receive insufficient clinical attention. Recent studies on heart
disease prediction have emphasized that medical machine-learning models must be developed with careful
preprocessing, robust validation, and explicit attention to class imbalance rather than relying only on
the choice of classifier [1]. Sensor-oriented and Internet of Medical Things frameworks also show that
cardiac prediction models should be reproducible, compact, and interpretable enough to support practical
decision-making environments [2].
The present work focuses on the public UCI heart failure clinical records dataset. The prediction target is
DEATH_EVENT: class 0 means that the patient survived during the follow-up period, whereas class 1 means
that the patient died. The input space contains 12 clinical attributes: age, anaemia, creatinine phosphokinase,
diabetes, ejection fraction, high blood pressure, platelets, serum creatinine, serum sodium, sex, smoking
status, and follow-up time. The dataset contains 299 records and is moderately imbalanced, with 203 survival
cases and 96 death-event cases. These properties make leakage control, fold-level stability, and conservative
model tuning essential.
This study proposes an efficient GGO-XGBoost pipeline. The implementation downloads the dataset directly
from the UCI repository, splits the data before fitting any preprocessing object, and embeds imputation,
scaling, encoding, class balancing, model training, hyperparameter optimization, and evaluation in a unified
pipeline. Logistic Regression, SVM, Random Forest, and baseline XGBoost are retained as baselines under
the same data split, preprocessing procedure, balancing mechanism, and evaluation metrics. The final
XGBoost model is tuned by Greylag Goose Optimization (GGO). The contribution is therefore not merely a
tuned classifier, but a compact and reproducible binary mortality-outcome prediction workflow for tabular
clinical data.

2 Related Work
Prior research on cardiac prediction has moved from conventional tabular machine learning toward hybrid
optimization, reduced-feature models, deep learning, and explainable AI. A systematic review of machine-
learning models for heart disease prediction reports that performance is strongly affected by preprocessing,
feature selection, validation design, and class-imbalance handling, especially when public datasets are
heterogeneous or class-imbalanced [1]. This finding is important for the present study because the UCI heart
failure dataset is class-imbalanced; a model can easily appear stronger than it is if preprocessing, sampling,
or feature engineering is performed before the train-test split.
Feature-sensitized and sensor-based prediction systems have highlighted the value of compact models that
can be connected to practical monitoring environments [2]. Optimization-based feature selection has also
been explored for early cardiovascular detection, including a snake-optimization feature-selection framework
designed to improve rapid disease identification [3]. App-based reduced-feature prediction and explainable
AI systems show a related trend: a clinically useful cardiac model should be accurate, light enough to deploy,
and understandable to users rather than only optimized for a single headline score [4]. These studies support
the design choice of combining a disciplined pipeline with an optimization strategy rather than training an
isolated classifier.
Explainable and advanced learning approaches have expanded this literature. XAI-HD introduced an
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explainable artificial-intelligence framework for heart disease detection and reinforced the need for transparent
predictions in medical classification [5]. Transformer-based deep learning has been used for incident
heart-failure prediction, showing that more expressive architectures may be useful when richer longitudinal
clinical records are available [6]. Stacking ensembles with K-fold cross-validation have also been applied
to improve stability in heart-disease prediction [7]. Other studies have investigated ant-colony-optimized
neural models, hybrid deep learning with wavelet-based medical-imaging features, and reliable interpretable
AI for acute myocardial infarction prognosis [8–10].
The gap addressed in the present work is narrower and practical. Instead of proposing a high-capacity
deep architecture, the study focuses on a public clinical dataset and asks whether a carefully constrained
metaheuristic search can improve clinically relevant metrics while preserving leakage control. The resulting
framework connects five components that are often treated separately: split-before-fit validation, pipeline-
based preprocessing, training-only class balancing, stability-aware GGO optimization, and independent
test-set reporting.

3 Materials and Methods

3.1 Dataset and target definition

The dataset used in this work is the heart_failure_clinical_records_dataset. It is downloaded
directly inside the code from the UCI repository; therefore, no local dataset upload is required to reproduce
the experiment. After reading the data, the target column DEATH_EVENT is separated from the 12 predictors.
Class 0 denotes survived/no death during the follow-up interval, and class 1 denotes death event. The
stratified 80/20 split produces 239 training records and 60 independent test records. The training subset
contains 162 survival cases and 77 death-event cases, while the test subset contains 41 survival cases and 19
death-event cases.
The feature time is retained as an input in the implemented version because it is part of the original dataset
and the supplied code uses all predictors after separating DEATH_EVENT. However, time represents the
follow-up duration recorded after patient inclusion. Therefore, from a deployment perspective, its clinical
availability at the intended prediction moment must be checked carefully. The present article reports the
model exactly according to the implemented code, while noting that future prospective use should define
whether time is known at prediction time or should be excluded for a strictly baseline-risk setting.

3.2 Preprocessing and class-imbalance handling

All transformations are performed inside a pipeline. Numeric predictors are imputed with the median and
scaled using RobustScaler. This choice is appropriate for clinical variables such as creatinine phosphokinase,
platelets, serum creatinine, and follow-up time, which may contain skewness or outlying values. Categorical
predictors, including anaemia, diabetes, high blood pressure, sex, and smoking, are imputed with the most
frequent value and converted by one-hot encoding. The preprocessing object is never fitted on the full
dataset before splitting.
The training minority-class ratio is approximately 0.322, so the code activates SMOTEENN. SMOTEENN
combines synthetic minority oversampling with edited-nearest-neighbor cleaning. In this study, it is
inserted after preprocessing and before the classifier inside the imbalanced-learning pipeline. Consequently,
resampling is performed only during training folds or the final training fit. The validation folds and
independent test set are not resampled. Baseline models include Logistic Regression, SVM, Random Forest,
and baseline XGBoost. Each baseline is trained and assessed under the same split, preprocessing, balancing,
cross-validation, and test-set evaluation protocol as the final model.
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3.3 GGO-XGBoost optimization
The final model is an XGBoost classifier optimized by Greylag Goose Optimization, a nature-inspired
population-based algorithm [11]. Each candidate solution represents a nine-dimensional XGBoost hyperpa-
rameter vector: number of estimators, maximum depth, learning rate, subsample ratio, column-sampling
ratio, L2 regularization, minimum child weight, gamma, and L1 regularization. The search space is
intentionally conservative to reduce overfitting on a clinical tabular dataset: estimator count is limited to
50–220, maximum depth to 2–4, learning rate to 0.01–0.12, subsampling and feature-sampling ratios to
0.70–0.95, L2 regularization to 1–50, minimum child weight to 3–15, gamma to 0–5, and L1 regularization
to 0–10.
The baseline XGBoost configuration is included as one member of the initial population so that the optimizer
begins from a credible reference point rather than from purely random candidates. The code evaluates
five GGO meta-configurations: population/iteration pairs of 6/6, 8/8, 10/8, 10/10, and 12/10. The best
selected configuration is population size 12 and 10 iterations, with best cross-validation fitness 0.843299.
The selected XGBoost parameters are n_estimators=142, max_depth=2, learning_rate=0.112159,
subsample=0.791598, colsample_bytree=0.838472, reg_lambda=1.054215, min_child_weight=4,
gamma=0.012208, and reg_alpha=0.815770.
The implemented fitness function is computed from stratified five-fold cross-validation on the training data.
It rewards discrimination, sensitivity, F1-score, and accuracy, while penalizing fold-level instability and
excessive complexity. For a candidate hyperparameter vector 𝒙, the base score is

𝐵(𝒙) = 0.40𝐴𝑈𝐶 + 0.30𝑅𝑒𝑐𝑎𝑙𝑙 + 0.20𝐹1 + 0.10𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦. (1)

The stability penalty is based on the standard deviations of AUC and F1-score across folds:

𝑃𝑠 (𝒙) = 0.10𝜎𝐴𝑈𝐶 + 0.05𝜎𝐹1. (2)

The complexity component follows the code-level definition:

𝐶 (𝒙) = 0.30
𝑛𝑒𝑠𝑡

220
+ 0.30

𝑑𝑚𝑎𝑥

4
+ 0.20

1
1 + 𝜆 + 𝛼 + 0.20

1
𝑤𝑚𝑖𝑛

, (3)

where 𝑛𝑒𝑠𝑡 is the number of estimators, 𝑑𝑚𝑎𝑥 is the maximum tree depth, 𝜆 and 𝛼 are the L2 and L1
regularization terms, and 𝑤𝑚𝑖𝑛 is the minimum child weight. The complexity penalty is then

𝑃𝑐 (𝒙) = 0.03𝐶 (𝒙), (4)

and the final objective maximized by GGO is

𝐹 (𝒙) = 𝐵(𝒙) − 𝑃𝑠 (𝒙) − 𝑃𝑐 (𝒙). (5)

This formulation matches the code: it rewards high AUC and recall most strongly, uses F1-score and accuracy
as secondary criteria, and discourages candidates that are unstable across folds or unnecessarily complex.

3.4 Leakage-control and validation protocol
Leakage control is a central part of the implemented method. The dataset is split before preprocessing,
resampling, hyperparameter search, and model selection. During cross-validation, the preprocessing
transformers are fitted only on the corresponding training fold. Median imputation, RobustScaler, most-
frequent categorical imputation, and one-hot encoding are therefore estimated from training data only. The
fitted transformations are then applied to the validation fold.
The same principle is used for class balancing. SMOTEENN is placed inside the imbalanced-learning
pipeline, not applied to the full dataset. Therefore, synthetic examples and edited-nearest-neighbor cleaning
are generated only from training data. The independent test set is held out from preprocessing fit, resampling,
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GGO fitness evaluation, model selection, and threshold-dependent reporting until the final evaluation. This
matters because applying resampling or scaling before the split would allow test-set information to influence
the learned representation and could inflate performance estimates.
The baseline and final models are compared using the same five test-set metrics: AUC, recall, F1-score,
accuracy, and precision. No threshold optimization was applied; recall, F1-score, accuracy, and precision
were computed using the default 0.5 decision threshold. Cross-validation on the training partition is used
only inside model development and GGO fitness evaluation; the reported performance comparison is based
on the independent test partition. The same random state is used for the train-test split, cross-validation,
SMOTEENN, tree-based models, and GGO search, which supports reproducibility of the reported results.

3.5 Code-derived implementation summary
The computational procedure follows the notebook blocks directly. Table 1 summarizes how the main code
blocks map into the implemented research workflow. Algorithm 1 then gives the formula-based GGO update
and selection logic used to tune XGBoost.

Table 1: Code-derived workflow used to build and evaluate the final model.

Code stage Role in the experimental workflow

Dataset loading and target
split

Download the UCI heart failure records, define DEATH_EVENT as the binary label,
and separate predictors from the target.

Train-test split and prepro-
cessing

Create the stratified 80/20 split, then build numeric and categorical preprocessing
branches inside a single pipeline.

Balancing and baselines Activate SMOTEENN when the training minority ratio is below 0.40 and evaluate
Logistic Regression, SVM, Random Forest, and baseline XGBoost under the same
protocol.

GGO fitness and search Encode XGBoost hyperparameters as normalized candidate positions, evaluate
them by five-fold training cross-validation, and optimize the stability-aware fitness
function.

Final evaluation and export Refit the selected GGO-XGBoost pipeline on the full training set, evaluate the
independent test set, save the model, and export the metric table and plots.

4 Results and Discussion

4.1 Baseline and final-model comparison
Table 2 reports the independent test-set performance of the four baseline models and the final optimized GGO-
XGBoost model. All rows are evaluated on the same held-out test partition, using the same preprocessing
and leakage-controlled evaluation protocol. Baseline XGBoost achieved the strongest AUC, whereas the
optimized GGO-XGBoost model produced the best recall, F1-score, and accuracy. This comparison keeps
the final claim precise: the optimization did not improve global discrimination measured by AUC, but it
improved the threshold-dependent detection profile for the positive death-event class.
The baseline rows in Table 2 show that baseline XGBoost produced the highest AUC, equal to 0.908858, but
its recall was 0.684211. For mortality-outcome prediction, this limitation is meaningful because the positive
class corresponds to death-event cases. Random Forest produced an AUC of 0.863286, while Logistic
Regression and SVM achieved AUC values of 0.783055 and 0.759949, respectively. These values indicate
that nonlinear ensemble models were better suited to the dataset than the linear or kernel baselines under the
current preprocessing and balancing protocol.
The final GGO-XGBoost row in Table 2 shows a different trade-off. Its AUC was 0.876765, which is lower
than the baseline XGBoost AUC, but its recall increased from 0.684211 to 0.789474. Its F1-score also
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Algorithm 1 Formula-based GGO optimization for XGBoost hyperparameters.
Require: Training data D𝑡𝑟 , search domain Ω = [0, 1]9, population size 𝑁 , iterations 𝑇
Ensure: Best normalized position 𝒙∗, decoded XGBoost parameters ℎ(𝒙∗), and best fitness 𝐹∗
1: Initialize population P0 = {𝒙0

1, . . . , 𝒙
0
𝑁
} with 𝒙0

𝑖
∈ Ω.

2: Encode the baseline XGBoost configuration and set it as 𝒙0
1.

3: Evaluate 𝐹 (𝒙0
𝑖
) for all candidates using the leakage-controlled training pipeline.

4: Set 𝒙∗ = arg max𝒙0
𝑖
∈P0 𝐹 (𝒙0

𝑖
) and 𝐹∗ = 𝐹 (𝒙∗).

5: for 𝑡 = 0, 1, . . . , 𝑇 − 1 do
6: Compute progress 𝑞𝑡 = 𝑡/𝑇 and exploration factor 𝑎𝑡 = 1.5(1 − 𝑞𝑡 ).
7: Compute the flock mean 𝒙̄𝑡 = 1

𝑁

∑𝑁
𝑖=1 𝒙

𝑡
𝑖
.

8: for 𝑖 = 1, 2, . . . , 𝑁 do
9: Draw 𝒓1, 𝒓2 ∼ 𝑈 (0, 1)9 and 𝑢 ∼ 𝑈 (0, 1).

10: if 𝑢 < 0.50 then
11: Generate a guided candidate

𝒛𝑡𝑖 = 𝒙𝑡𝑖 + 𝑎𝑡 𝒓1 ⊙ (𝒙∗ − 𝒙𝑡𝑖 ) + 0.30𝒓2 ⊙ (𝒙̄𝑡 − 𝒙𝑡𝑖 ).

12: else
13: Generate a local exploratory candidate

𝒛𝑡𝑖 = 𝒙∗ + N
(
0, [0.08(1 − 𝑞𝑡 )]2𝐼

)
.

14: end if
15: if 𝑈 (0, 1) < 0.05 then
16: Apply mutation 𝒛𝑡

𝑖
← 𝒛𝑡

𝑖
+ N(0, 0.102𝐼).

17: end if
18: Project to the feasible domain 𝒙̃𝑡

𝑖
= ΠΩ (𝒛𝑡𝑖 ).

19: Decode 𝒙̃𝑡
𝑖

to XGBoost parameters ℎ(𝒙̃𝑡
𝑖
) and compute 𝐹 (𝒙̃𝑡

𝑖
).

20: if 𝐹 (𝒙̃𝑡
𝑖
) > 𝐹 (𝒙𝑡

𝑖
) then

21: 𝒙𝑡+1
𝑖
← 𝒙̃𝑡

𝑖
.

22: else
23: 𝒙𝑡+1

𝑖
← 𝒙𝑡

𝑖
.

24: end if
25: if 𝐹 (𝒙𝑡+1

𝑖
) > 𝐹∗ then

26: 𝒙∗ ← 𝒙𝑡+1
𝑖

and 𝐹∗ ← 𝐹 (𝒙𝑡+1
𝑖
).

27: end if
28: end for
29: end for
30: return 𝒙∗, ℎ(𝒙∗), and 𝐹∗.

Table 2: Independent test-set performance of baseline models and the final GGO-XGBoost model.

Model AUC Recall F1-score Accuracy Precision

Baseline XGBoost 0.908858 0.684211 0.684211 0.800000 0.684211
Random Forest 0.863286 0.631579 0.631579 0.766667 0.631579
Logistic Regression 0.783055 0.631579 0.615385 0.750000 0.600000
SVM 0.759949 0.631579 0.585366 0.716667 0.545455
GGO-XGBoost (final) 0.876765 0.789474 0.731707 0.816667 0.681818
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increased from 0.684211 to 0.731707, and its accuracy increased from 0.800000 to 0.816667. Precision
remained essentially comparable, changing from 0.684211 for baseline XGBoost to 0.681818 for GGO-
XGBoost. Therefore, the optimized model shifted the decision behavior toward improved positive-class
detection without a meaningful precision loss. This is the central result of the experiment and avoids
overclaiming superiority across all metrics.

4.2 Confusion matrix and curve-based analysis

Figure 1 reports the independent test-set confusion matrix. The final GGO-XGBoost model correctly
classified 34 of the 41 survival/no-death cases and 15 of the 19 death-event cases. It produced 7 false
positives and 4 false negatives. From a clinical screening perspective, the false-negative count is especially
important because it represents death-event patients predicted as lower-risk. The model missed 4 such cases
and detected 15, which matches the recall value of 0.789474 reported in Table 2.

Figure 1: Confusion matrix of the final GGO-XGBoost model on the independent test set. The matrix
contains 34 true negatives, 7 false positives, 4 false negatives, and 15 true positives.

The ROC curve in Fig. 2 reports AUC 0.88, showing that the optimized model maintains useful ranking
ability between survival and death-event cases across classification thresholds. This value is consistent with
the exact test AUC of 0.876765 in Table 2. Although baseline XGBoost produced a higher AUC in Table 2,
the optimized model produced a more recall-oriented threshold-dependent profile, which is valuable when
the cost of missing positive cases is high.
The Precision-Recall curve in Fig. 3 reports average precision 0.72. This curve is particularly informative
for the present task because the death-event class is less frequent than the survival class. While ROC-AUC
measures ranking ability across both classes, Precision-Recall analysis focuses on retrieval quality for the
positive class. The AP value of 0.72 confirms that the final model provides a usable positive-class retrieval
profile, although it also shows that the model is not perfect and should be externally validated before clinical
deployment.
The classification report further supports this interpretation. For the survival/no-death class, precision was
0.89, recall was 0.83, and F1-score was 0.86 with support 41. For the death-event class, precision was
0.68, recall was 0.79, and F1-score was 0.73 with support 19. The weighted F1-score was 0.82. These
values show that the final model is stronger at identifying survival cases, but the GGO-tuned configuration
improves positive-class detection compared with the baseline XGBoost threshold profile. Overall, the results
suggest a balanced and clinically reasonable trade-off: the model sacrifices a small amount of AUC relative
to baseline XGBoost but gains sensitivity and F1-score for the clinically critical death-event class.
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Figure 2: ROC curve of the final GGO-XGBoost model on the independent test set. The curve reports AUC
0.88, consistent with the exact test AUC of 0.876765.

Figure 3: Precision-Recall curve of the final GGO-XGBoost model on the independent test set. The average
precision is 0.72 for the positive death-event class.
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5 Conclusion
This paper developed a leakage-controlled GGO-XGBoost pipeline for heart failure mortality-outcome
prediction as a binary classification task. The workflow directly downloads the UCI dataset, separates the
DEATH_EVENT target, applies preprocessing and SMOTEENN only inside the training pipeline, evaluates
four baseline models, and optimizes XGBoost using a stability-aware GGO procedure. The methodology
explicitly protects the independent test set from preprocessing fit, resampling, optimizer selection, and
model-development decisions. This point is essential for medical datasets, where even minor leakage can
create optimistic results.
On the independent test set, the final model achieved AUC 0.876765, recall 0.789474, F1-score 0.731707,
accuracy 0.816667, and precision 0.681818. The model detected 15 of 19 death-event cases and missed 4.
These results show that the optimized model favors detection of death-event cases, which is appropriate
for a screening-oriented binary mortality-prediction task. The main claim is therefore deliberately limited:
GGO-XGBoost improved recall, F1-score, and accuracy over baseline XGBoost, but it did not improve
AUC. Future work should test the same pipeline on larger external cohorts, assess calibration and threshold
selection in clinical settings, and examine whether the follow-up-time variable is available at the intended
prediction moment.
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