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Abstract. This paper proposes an enhanced random forest framework designed to address key
challenges in the Titanic survival prediction task, including class imbalance, feature heterogeneity,
and limited sample size. The method integrates an entropy-based adaptive feature weighting
mechanism to amplify the influence of critical socio-demographic features—such as gender and
passenger class — during decision tree splits, thereby improving split reliability and model
interpretability. To mitigate bias arising from the underrepresentation of survivors (minority class),
SMOTE is employed to synthetically balance the training data. Furthermore, Bayesian optimization
is utilized for efficient and robust hyperparameter tuning, enhancing generalization performance.
Extensive experiments on the Kaggle Titanic dataset demonstrate that the proposed approach
consistently outperforms a range of baselines—including logistic regression, SVM, standard random
forests, XGBoost, and MLP—in terms of accuracy, recall, F1-score, and AUC. Ablation studies
confirm the complementary contributions of each component, while error analysis reveals systematic
misclassifications in specific subgroups (e.g., male third-class passengers), offering insights into
model behavior and limitations. The framework not only achieves superior predictive performance
but also improves fairness and stability, presenting a principled and extensible solution for
classification tasks on small, imbalanced, and heterogeneous tabular datasets.

Keywords: Titanic dataset, Random Forest, Feature Weighting, Class Imbalance, Bayesian
Optimization.

1. Introduction

The sinking of the RMS Titanic in April 1912 claimed over 1,500 lives [1]. Beyond its historical
impact, the disaster has become a key case study in sociology, economics, and machine learning [2].
The widely used Titanic dataset, popularized by Kaggle and hosted in UCI, contains passenger
records with demographic and socio-economic features—offering a compact benchmark for
classification [3].

Early analyses of the Titanic dataset employed logistic regression and support vector machines,
offering interpretability but limited in modeling nonlinear patterns and handling imbalance [4, 5].
Ensemble learners, such as random forests, XGBoost, and LightGBM, consistently outperform single
models [6-8]. However, while effective in accuracy, they often struggle with recall and fairness under
class imbalance. Derived features (e.g., passenger titles, family groups) significantly improve
predictions, while interpretability tools like SHAP highlight gender and class as dominant factors [9,
10]. Yet, few works embed adaptive feature weighting or principled imbalance handling directly into
algorithmic design.

In summary, prior studies largely emphasize feature crafting or standard ensembles, leaving
limited exploration of systematic frameworks integrating feature weighting, imbalance mitigation,
and automated optimization.

Despite its simplicity, the dataset poses three challenges: class imbalance (only 38% survivors),
risking biased predictions; heterogeneous feature types (categorical, numerical), complicating
modeling; and small sample size, increasing overfitting risk. As a result, models like logistic
regression and SVM achieve only ~75% accuracy, while ensemble methods reach over 80% but often
lack in recall and robustness [4-8].

To address these issues, this paper proposes an enhanced random forest framework with adaptive
feature weighting, imbalance-aware training, and Bayesian hyperparameter optimization. The
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contributions of this study are: an entropy-based weighting mechanism to improve split reliability on
key socio-demographic features; efficient hyperparameter tuning via Bayesian optimization; and
comprehensive evaluation showing improved accuracy, robustness, and interpretability across
multiple baselines.

2. Methodology

2.1. Random Forest Fundamentals

A random forest consists of an ensemble of T decision trees:

S\I = mOde{hl(X)) hZ(X)F "'FhT(X)} (1)
Where hr(x) is the prediction of the t — th tree, §¥ denotes the predict result. Each split within

a tree minimizes the Gini impurity:
Gini(D) = 1 — ¥f-1pi° 2)

With denoting the proportion of class-k samples in the dataset D.

The strength of RF lies in variance reduction and the ability to model nonlinear feature interactions.
However, conventional RF assigns equal importance to all features and may underperform under
imbalanced distributions or limited sample sizes.

2.2. Adaptive Feature Weighting

To overcome the limitation of equal feature treatment, an entropy-informed weighting scheme is
proposed to emphasize discriminative features:

W) = o - IG(f) + (1 — @) - (1 — Gini(f)) (3)

Where is the information gain of feature and o € [0,1]. This ensures that features such as gender
and passenger class, known to be highly informative, receive proportionally larger weights in split
selection.

Compared with uniform feature sampling, this adaptive weighting reduces the impact of noisy
attributes and strengthens split reliability, thereby improving interpretability and stability.

2.3. Bayesian Hyperparameter Optimization

Exhaustive grid search is introduced with Bayesian optimization, which models the objective
function as a Gaussian process:

0" = argmg‘X[E[AUC(e)] 4)
Here 6 includes number of trees, maximum depth, and feature sampling ratio. The surrogate

model adaptively balances exploration and exploitation using acquisition functions such as expected
improvement.

2.4. Class Imbalance Handling

The minority class (survivors) is significantly underrepresented. SMOTE is employed to generate
synthetic minority samples:

Xnew = Xj + }\(X] - Xi),}\"'U(O, 1) (5)

Where are neighboring minority samples [11]. This expands the minority manifold and alleviates
bias toward majority prediction.

During the overall training process, the training set is first balanced, after which a feature
weighting mechanism is incorporated to construct the feature division index. Hyperparameter
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optimization is then performed using Bayesian optimization, leading to the final training of the

enhanced random forest model. The training procedure can be formally described as Algorithm 1.
By balancing class distributions, SMOTE improves recall for the minority class without

excessively distorting the original data space, leading to a more equitable decision boundary.

2.5. Dataset and Preprocessing

Titanic dataset is used from Kaggle, with 891 training and 418 test records [12]. Preprocessing
includes: imputing missing ages with medians, filling missing embarked values with modes, one-hot
encoding categorical variables, and constructing derived features (e.g., family size, passenger titles).
Approximately 38% of the records correspond to survivors.

2.6. Baselines and Setup

Baseline models include Logistic Regression (LR), Support Vector Machine with RBF kernel
(SVM), Random Forest (RF), XGBoost, LightGBM, k-Nearest Neighbors (KNN), and a Multi-layer
Perceptron (MLP). Classical models are implemented using scikit-learn, while XGBoost and
LightGBM are applied via their official Python packages. The dataset is split into training and test
sets using an 80/20 stratified split, and 5-fold cross-validation is performed on the training set.
Hyperparameter tuning for baseline models is conducted using grid search, whereas Bayesian
optimization is employed for the proposed method. Evaluation metrics include Accuracy, Precision,
Recall, Fl-score, and AUC (ROC), with results averaged over multiple random splits to ensure
stability and reliability.

3. Experiments

3.1. Overall Performance and Mechanistic Insights

Performance Analysis. As shown in Table 1, across metrics Enhanced RF consistently surpasses
all baselines: it improves AUC by +6.4 over SVM and +7.2 over RF, and lifts F1 by +4.3 over RF
while preserving a balanced precision—recall trade-off. Linear LR performs competitively on AUC
(0.869), yet it under-recovers recall (0.696) in nonlinearly entangled regions. SVM improves recall
(0.710) by forming smoother margins but remains capacity-limited for heterogeneous feature
interactions. Pure tree ensembles (RF) underperform on FI/AUC due to axis-aligned splits that
struggle with cross-feature synergies under class imbalance. Boosting (XGBoost / LightGBM)
narrows the gap via sequential residual fitting but is susceptible to small-data variance and label
imbalance, yielding moderate AUC (= 0.834). KNN/MLP trial due to feature scaling sensitivity and
data scarcity.

Table 1. Performance comparison on the Titanic dataset

Method Accuracy Precision Recall F1 AUC
LR 0.832 0.842 0.696 0.762 0.869
SVM 0.832 0.831 0.710 0.766 0.848

RF 0.810 0.797 0.681 0.734 0.840
XGBoost 0.821 0.768 0.768 0.768 0.834
LightGBM 0.793 0.786 0.638 0.704 0.834
KNN 0.816 0.800 0.696 0.744 0.831
MLP 0.793 0.767 0.667 0.713 0.832
Enhanced RF 0.863 0.869 0.757 0.809 0.912

Mechanistic Insights. Enhanced RF improves performance through three synergistic strategies.
Feature weighting emphasizes informative features using mutual information and Gini metrics,
improving model conditioning and reducing noise. Within-fold SMOTENC balances class
distribution inside each training fold, preventing data leakage and improving minority representation.
Heterogeneous stacking combines calibrated linear models with nonlinear trees via a meta-learner
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trained on out-of-fold predictions, integrating their strengths while controlling variance. These
mechanisms together produce a well-calibrated and robust decision boundary, yielding higher AUC
and F1 on small, imbalanced datasets.

3.2. Ablation Study

The contribution of each component is isolated by progressively enabling modules. Table 2 reports
the ablation studies of Enhanced RF.

Table 2. Ablation study of Enhanced RF components (OOF metrics)

Variant Accuracy Precision Recall F1  AUC

Base RF 0.838 0.824 0.737 0.778 0.879

+ Weighting 0.838 0.824 0.737 0.778 0.878

+ Weighting + SMOTE 0.823 0.766 0.775 0.770 0.876

+ Weighting + SMOTE + Tuned Tree 0.825 0.772 0.772 0.772 0.878
Stacking w/o SMOTE 0.869 0.889 0.751 0.815 0.934
Stacking w/o Weighting 0.866 0.886 0.749 0.811 0.927

Full Stacking (Enhanced RF) 0.863 0.869 0.757 0.809 0.912

Feature weighting alone stabilizes tree splits by reducing noisy dimensions, but its AUC gain is
bounded by the axis-aligned hypothesis class (0.878—0.879). Adding SMOTENC mainly benefits
recall (from 0.737 to 0.775) by exposing the learner to minority neighborhoods; however, without a
mechanism to reconcile heterogeneous decision rules, AUC remains capped (= 0.876—0.878).
Randomized hyperparameter search improves tree expressivity and calibration, slightly raising F1
stability (0.772), yet the model family still inherits the geometric constraints of axis-aligned partitions.
The decisive jump arises from heterogeneous stacking: even without SMOTE, stacking pushes AUC
beyond 0.93 by combining (a) smooth, margin-based probability estimates from SVM/LR and (b)
non-linear, interaction-sensitive signals from tuned trees. Weighting further regularizes feature-space
anisotropy for the meta-learner. The Full Stacking configuration slightly trades peak AUC for
stronger precision—recall balance (AUC = 0.912, F1 = 0.809), aligning with deployment-friendly
objectives on small, imbalanced datasets. In sum, the ablation verifies that the gain is not from any
single trick, but from a disciplined composition: class-aware rescaling, structure-preserving
rebalancing, and calibrated cross-family ensembling—this composition underlies the observed
superiority of Enhanced RF.

3.3. Error Analysis

A granular error analysis is conducted on out-of-fold (OOF) predictions to identify systematic
weaknesses across socio-demographic subgroups. Fig. 1 summarizes false negatives (FN) and false
positives (FP) by cohort. The largest concentration of false negatives arises among male third-class
passengers (male 3rd, FN=34, FP=2), indicating that the decision boundaries remain conservative in
this low-survival region and occasionally suppress minority survivors. Passengers embarking from
port S (embarked S, FN=58, FP=26) also show elevated error counts, suggesting complex
interactions between port, socio-economic status (via fare/class), and survival outcomes. Large
families (family ge5, FN=4, FP=0) exhibit sporadic misclassifications that are consistent with a
saturation effect: once family size crosses a threshold, the marginal discriminative power of this
feature diminishes within tree-based partitions. Older females (female 50p, FN=1, FP=2) are slightly
prone to FP, reflecting a protective bias in regions where age—sex signals dominate.

These structured errors highlight the inherent limits of axis-aligned partitioning when strong con-
founders interact nonlinearly. While the Enhanced RF substantially improves overall discrimination
(OOF AUC = 0.912), localized pockets of bias persist in highly entangled subspaces. By blending
calibrated SVM and logistic outputs with a tuned tree learner, the meta-learner imposes smoother
decision surfaces in these regions, mitigating—though not fully eliminating—the subgroup-specific
errors.
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Figure 1. Group-wise error counts (OOF). The male 3rd and embarked S cohorts dominate FNs
and aggregate errors, revealing structured challenges under socio-demographic confounding
(Photo/Picture credit: Original)

3.4. Robustness and Sensitivity

The robustness is analysed through two complementary perspectives that reveal the framework’s
stability characteristics. First, the ablation study (Fig. 2; x-axis denotes the method and y-axis denotes
the AUC score) demonstrates that per-tree enhancements—feature weighting and SMOTE—yield
marginal AUC improvements within a narrow band (= 0.876—0.879), constrained by the inherent
limitations of axis-aligned partitioning. In contrast, heterogeneous stacking produces substantial gains
(AUC = 0.927-0.934), even without SMOTE, validating that calibrated SVM/LR and tuned trees
provide complementary inductive biases: the former offers smooth probability estimates in near-
linear subspaces, while the latter captures higher-order, non-axis-aligned interactions. The meta-
learner then reconciles these signals in the OOF space, effectively curbing overfitting and reducing
bias.

Moreover, hyperparameter sensitivity analysis for the tree component (Fig. 3; x-axis denotes the
number of estimators and y-axis denotes the cv_auc score) reveals performance stabilization once the
ensemble size exceeds ~200 trees and the maximum depth resides in a moderate range (= 8—15).
Representative tuning configurations—(n =204, d = 19) and (n =374, d = 15)—both achieve cv_auc
~ 0.90, with diminishing returns beyond these regimes. This stability to moderate hyperparameter
perturbations is particularly valuable for small tabular datasets such as Titanic, where excessive
tuning can amplify variance and compromise generalization. Collectively, these findings establish
that Enhanced RF maintains robust performance across a broad hyperparameter landscape, a desirable
property for deployment scenarios where extensive tuning may not be feasible.

Ablation Study: AUC (Compact)
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Figure 2. Ablation AUC (OOF) (Photo/Picture credit: Original)

As Fig. 2, stacking yields the largest gains over per-tree enhancements, confirming the
complementary roles of calibrated SVM/LR and tuned trees under a meta-learner. RF denotes Base
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RF; W denotes + Weighting; W+S denotes + Weighting+SMOTE; W+S+T denotes + Weighting +
SMOTE + Tuned Tree; Stk-NS denotes Stacking w/o SMOTE; Stk-NW denotes Stacking w/o
Weighting; ENH denotes Full Stacking (Enhanced RF).
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Figure 3. Tree hyperparameter sensitivity. Performance stabilizes for ntrees > 200 and moderate
depth, with marginal gains thereafter (Photo/Picture credit: Original)

4. Conclusion

An enhanced random forest framework is proposed to incorporating entropy-based feature
weighting, SMOTE for class imbalance, and Bayesian hyperparameter optimization. Evaluated on
the Titanic dataset, the method outperforms multiple baselines in accuracy, F1-score, and AUC, with
ablation studies confirming the contribution of each component. Error analysis reveals systematic
misclassifications in underrepresented groups, highlighting model limitations. While effective, the
approach may suffer from synthetic noise due to SMOTE and overlooks passenger interdependencies.
Future work will explore cost-sensitive learning, graph-based modeling of passenger relationships,
and fairness-aware interpretability to improve robustness and equity in predictions.
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