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1. Introduction:-

w

Abstract

Background. Hypertension affects 1.3 billion people worldwide and
remains the leading modifiable cause of cardiovascular mortality.
Although machine learning models such as XGBoost demonstrate
promising discriminative performance, their probabilistic predictions
often suffer from poor calibration and limited cross-population
robustness, hindering large-scale clinical deployment.
Objective. To develop and validate a hybrid optimization framework
combining Bayesian Optimization and a multi-objective genetic
algorithm to simultaneously improve discrimination, calibration, and
generalizability in hypertension prediction models.
Methods. The proposed BO-GA-XGBoost pipeline integrates
Bayesian Optimization for efficient global exploration followed by
NSGA-II for multi-objective Pareto refinement. Five criteria are
optimized jointly: AUC, F1-score, Brier Score, Expected Calibration
Error (ECE), and inter-fold variance, under explicit clinical constraints
(sensitivity > 0.80, specificity > 0.70, ECE < 0.05). Validation is
performed across three independent cohorts totaling 117,376
participants; NHANES (n = 108,247), Framingham Heart Study (n =
4,238), and Kaggle Clinical (n = 4,891).
Results. The BO-GA-XGBoost model achieves an AUC of 0.962
(95% CI: 0.954-0.970), a Brier Score of 0.039, and an ECE of 0.021,
significantly outperforming standard XGBoost (+7.1% AUC, p <
0.001) and partial optimization strategies. Tri-cohort validation
demonstrates remarkable stability (AAUC = 0.014), representing a
66% improvement over state-of-the-art studies. SHAP analysis
confirms  strong pathophysiological consistency, with 94%
concordance  with  ESC/ESH  hypertension  risk  factors.
Conclusion. The BO-GA-XGBoost framework represents a
significant advancement in clinical hypertension prediction,
simultaneously providing high discrimination, reliable calibration, and
strong cross-population robustness—three essential conditions for
real-world clinical integration.

The prediction of hypertension risk has greatly benefited from the availability of large-scale datasets such as
NHANES, the longitudinal follow-up offered by the Framingham Heart Study, and hospital-based datasets
accessible through Kaggle EMR. These resources allow us to leverage increasingly sophisticated machine learning

TabNet, SAINT, and FT-Transformer, which typically achieve AUC values between 0.85 and 0.97 [17-20]. In
parallel, the use of explainability tools such as SHAP has become central for interpreting model predictions and
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” ° 7  models, ranging from ensemble methods to deep neural networks and more recent tabular architectures such as
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promoting their integration into clinical practice.
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11 However, when we examine the existing literature, three major limitations clearly emerge. The first concerns the
12 insufficient evaluation of probabilistic calibration, which is essential for clinical decision-making based on reliable
13 risk probabilities. Fewer than forty percent of studies report calibration metrics such as the Brier Score or the
14 Expected Calibration Error, leading to models that may reach high AUC values yet offer limited clinical utility [2, 3,
15 8]. The second limitation relates to inter-cohort robustness, which is still rarely assessed in a systematic manner.
16  Available external validations indicate AUC variations ranging from 0.04 to 0.11 depending on the target population
17 [9, 17], underscoring the fragility of current models when applied across heterogeneous clinical settings. Finally, the
18  third limitation stems from optimization strategies still largely dominated by grid search or random search
19  approaches that focus exclusively on discrimination, at the expense of essential criteria such as calibration, cross-
20 population stability, and algorithmic fairness [12-17].

21 To situate our contribution within this research landscape, we first review studies conducted on the major datasets
22 used for hypertension prediction. Research based on NHANES forms a particularly rich foundation. Liu et al. [1]
23 report that a Random Forest—XGBoost combination can achieve an AUC of 0.92 and highlight the importance of
24 nutritional biomarkers. Martinez-Garcia et al. [2] propose a stacking model that integrates XGBoost, Random
25 Forest, and logistic regression, achieving an AUC of 0.957 with an ECE of 0.045, representing one of the few
26 analyses that explicitly incorporate calibration. Huang and Huang [3] confirm the relevance of SHAP for identifying
27 key risk factors, while Guo et al. [4], using NHANES 2017-2020, identify BMI and serum ferritin as major
28 predictors in an ensemble comprising LightGBM, XGBoost, and Extra Trees.Other neural network—based studies
29 [5,6] report high discriminative performance but generally fail to provide calibration-related metrics, thereby
30 limiting the clinical reliability of their predicted probabilities. A more recent study [7] demonstrates that an
31 interpretable SHAP-based model can achieve an AUC of 0.853 across seven NHANES cycles; however, the absence
32 of external validation substantially restricts the generalizability and real-world applicability of these results.

33 Despite these contributions, we observe that most NHANES-based models still lack systematic external validation.

34 We then find that the Framingham Heart Study offers complementary insights owing to its long-term longitudinal
35 follow-up. Wu et al. [8] demonstrate that XGBoost achieves an AUC of 0.92 for predicting blood pressure
36 progression and outperforms traditional clinical scores. A study dedicated to post-hoc calibration [9] shows that

” °37 isotonic regression significantly reduces the Random Forest’s ECE from 0.051 to 0.011, confirming the importance
38 of calibration for clinical reliability. Other works using LSTM architectures [10] or multimodal transformer-based
39 models

40 [11] report AUC values approaching 0.968. However, we also note that the limited demographic diversity of this
41 cohort restricts the generalizability of these results.

42 To complete this analysis, we consider Kaggle datasets, widely used for rapid model prototyping. Islam et al. [12]
43 report an AUC of 86.41% with a multilayer perceptron but without any calibration assessment. [13] introduce an
44 XGBH model evaluated on hospital and Kaggle data, but again without reporting calibration metrics. A Scientific

45  Reports study [14] using more than 11,000 samples yields promising results but lacks external
46  validation. Peng and al [15] also propose a performant approach without calibration measures.
47  Finally, a recent preprint [16] shows that FT-Transformer, SAINT, and TabNet may outperform
48  XGBoost on idealized UCI datasets but lose robustness on noisy or imbalanced clinical data—an
49  aspect we consider essential for real-world deployment.

50 This observation naturally leads us to examine next-generation tabular deep learning
51  architectures. Research on FT-Transformer [17], TabNet [18], SAINT [19], and DeepGBM [20]
”» @52 reflects a strong effort to overcome the limitations of traditional boosting methods by
53  incorporating attention mechanisms or knowledge distillation. Nevertheless, comparative studies
54  show that these models do not consistently outperform XGBoost on real-world tabular data,
55  particularly when datasets are noisy, imbalanced, or of moderate size [21, 22]. We therefore infer

2
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that the main challenge does not lie solely in adopting increasingly complex architectures, but
rather in the deep, multi-objective optimization of existing models.

In summary, our review of the literature shows that although current models achieve high
discriminative performance, they suffer from major shortcomings regarding calibration, multi-
cohort validation, and global optimization strategies. To the best of our knowledge, no existing
study proposes a framework that simultaneously integrates Bayesian optimization for global
exploration, a multi-objective genetic algorithm such as NSGA-II for Pareto-front refinement,
systematic isotonic regression calibration, tri-cohort validation with frozen hyperparameters, and
multilayer explainability based on SHAP. Our work addresses precisely this methodological gap
by introducing the BO-GA-XGBoost framework, designed to jointly optimize discrimination,
calibration, cross-population robustness, and clinical interpretability.

2. MATERIALS AND METHODS
2.1, Datasets and Preprocessing

This study implements a multi-cohort validation strategy using NHANES, Framingham, and Kaggle
datasets to assess model performance, cross-population generalization, and clinical robustness [23-24-25-
27]. The hypertension outcome, defined according to the 2017 ACC/AHA guidelines, corresponds to an
instantaneous classification strongly correlated with simultaneously measured biomarkers, which partly
explains the high predictive performances reported.

2.1.1. Multi-cohort validation strategy

We rely on three complementary cohorts: NHANES (1999-2018) for model training and internal
validation (n = 108,247, 89.1% retention), the Framingham Heart Study for external validation on a
demographically homogeneous population (n = 4,238), and the Kaggle Clinical EMR dataset for
robustness testing under real-world clinical noise (n = 4,891).
This tripartite architecture enables simultaneous assessment of intra-cohort performance, cross-population
generalization, and transferability to heterogeneous clinical environments.

2.1.2. NHANES cohort and preprocessing

The NHANES dataset includes 28 continuous variables spanning five clinical domains (metabolic, renal,
inflammatory, hepatic, and nutritional), after excluding variables with more than 30% missingness,
reducing residual missingness to 12.3 %. Preprocessing strictly respects temporal structure via a
prospective 19992014 / 2015-2018 split (80/20, n = 108,247). Imputation is performed using k-NN (k =
5) separately for each partition, vyielding an average RMSE of 0118 + 0.023.
Data are then transformed using Yeo—Johnson [26]. Normalization and standardized with parameters
estimated exclusively from the training set. SMOTEENN rebalancing (1:1 ratio) is applied only to the
training partition to prevent any information leakage.

To ensure clinical consistency with the ACC/AHA 2017 hypertension definition, direct blood pressure
measurements (SBP, DBP) and derived variables (antihypertensive medication use, self-reported
diagnosis) are excluded from the predictor set [27].

2.1.3. External validation: Framingham and Kaggle EMR

3
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94  The Framingham Heart Study (n = 4,238; 97.3% Caucasian; 2.1% missingness) serves as a gold-standard
95  external validation cohort for homogeneous populations, whereas the Kaggle Cardiovascular EMR dataset
96 (n=4,891; 18.7% MNAR; hypertension prevalence 42.1%) evaluates robustness under real-world clinical
97  variability.

” @98 Inter-cohort harmonization applies a uniform hypertension definition (SBP > 130 mmHg or DBP > 80

99  mmHg), selects 10 common predictors, and uses the standardization parameters (p, ) estimated from the
100 NHANES training set[28].
101  As shown in Table 1, the three datasets differ substantially in missingness patterns and hypertension
102  prevalence, highlighting the need for a robust cross-cohort evaluation strategy.

103  Table 1. Characteristics of the cohorts after preprocessing

ICohort  |Role  |n IHTN (%)|Missing (%)|
INHANES |[Train/Test][108,247|38.4  |[12.3 ]
[Framingham|[External 1)/4,238 |35.2  |[2.1 |
[Kaggle  |[External 24,801 |l42.1  |18.7 |

104  2.1.4. Verification of data leakage prevention

105 To ensure evaluation integrity, we implemented several safeguards. First, we enforce strict temporal
106  separation between NHANES training and testing sets (1999-2014 vs. 2015-2018). Second,
107  normalization parameters are estimated exclusively from the training set. Third, SMOTEENN is applied
108  only after the train/test split. Fourth, we verify the absence of duplicate subjects across cohorts using
109  hashed anonymized identifiers. Finally, all hyperparameters are fully frozen prior to any external
110  evaluation.

111 3. Architecture of the BO-GA-XGBoost Pipeline

112  3.1. Overview and Rationale

113  The pipeline follows a sequential architecture that combines Bayesian Optimization (BO) for global
114 exploration and NSGA-Il for multi-objective refinement (Figure 1). BO efficiently explores the
115  hyperparameter space but exhibits limitations when handling multiple conflicting objectives
116  simultaneously. In contrast, NSGA-II is well suited for constructing Pareto fronts and balancing trade-offs
117  among competing objectives, although its effectiveness strongly depends on the quality of the initial
118  population. By coupling BO with NSGA-Il, the proposed framework leverages the complementary
119  strengths of both strategies, enabling robust and efficient multi-objective optimization of the XGBoost
120 hyperparameters.

121 Figure 1 : Workflow of the Multi-Objective BO—-GA-XGBoost Pipeline

4
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123 3.2. Phase I: Bayesian Optimization

'624 The first optimization phase relies on Bayesian Optimization using a'Gaussian Process'surrogate Withla
125  Matérnkernel (v'=2.5) and an Expected Improvement acquisition|function to efficiently balance

126  exploration and exploitation across the hyperparameter space. The surrogate is initialized via Latin
127 Hypercube Sampling with 20 points and optimized over 100 iterations, yielding k = 30 Pareto-dominant
128 solutions that seed the second optimization stage (Table 2) [29].

129  3.3. Phase II: Multi-Objective NSGA-II

130 In the second phase, NSGA-II refines the candidate solutions using simulated binary crossover,
131 polynomial mutation, and tournament-based selection driven by Pareto rank and crowding distance,
132 with elitism preserving non-dominated solutions, as detailed in Table 2, while the XGBoost
133 hyperparameter search space is defined in Table 3 [30].
134 Table 2: Configuration of the Optimization Algorithms
135
136
137
138
5
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145

Phase |: Bayesian Optimization (BO)

Phase II: NSGA-II

146

Surrogate Model: Matérn GP (v = 2.5)

Population Size: P = 50 individuals

147

Acquisition Function: Expected Improvement (¢ =

0.01)

Number of Generations: G = 50

148

Iterations: T_BO =100

Crossover: SBX (n_c =20, p_c=0.9)

149

Initialization: Latin Hypercube (20 points)

Mutation: Polynomial (n_m = 20)

150

Output: k = 30 Pareto-optimal solutions

Selection: Tournament (rank + crowding distah$4)

Table 3 : XGBoost Hyperparameter Search Space

Hyperparameter Description Range Type

max_depth Maximum tree depth [3,10] Integer

learning_rate Learning rate (n) [0.01, 0.3] Continuous

n_estimators Number of boosting [50, 500] Integer
rounds

subsample Fraction of samples per | [0.6, 1.0] Continuous
tree

colsample_bytree Fraction of features per | [0.6, 1.0] Continuous
tree

reg_alpha L1 regularization (a) [0, 10] Continuous

Page 10 of 23 - Integrity Submission
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reg_lambda L2 regularization (A) [0, 10] Continuous
- Q min_child_weight Minimum]sum of [1, 10] Integer
instance weight per
leaf
gamma Minimum loss [0, 5] Continuous
reduction
157
158
159

160  3.4. Multi-Objective Loss Function and Constraints [31]

161  The pipeline optimizes five key objectives reflecting clinical model performance: discrimination (AUC),
162  precision-recall balance (F1), calibration (Brier Score, ECE), and robustness (6 AUC). AUPRC is
163  excluded as a primary objective due to instability under moderate prevalence but reported in
164  supplementary analyses. Because sensitivity is already constrained (>0.80), F1 is preferred over Recall.
165  The decision threshold is determined after calibration by maximizing F1 under a Recall constraint. The
166  optimization problem evaluates each hyperparameter vector hhh through (~AUC, —F1, Brier, ECE,
167 o AUC), while feasibility is enforced by three clinical constraints: sensitivity >0.80, specificity >0.70,
168  and ECE <0.05.

169  3.5. Experimental Protocol[32]

170  Five models are evaluated: the clinical Framingham Risk Score, default XGBoost, BO-XGBoost, GA-
171 XGBoost, and the proposed BO-GA-XGBoost. Internal validation on NHANES uses a80/20 stratified
172 split and 5-fold stratified cross-validation with a 10% calibration hold-out. External validation is
173 performed on Framingham and Kaggle with fixed hyperparameters. Performance metrics (AUC, F1,
174  Brier, ECE, AUPRC, sensitivity, specificity) receive 95% confidence intervals via 1,000-replication
175  stratified bootstrap (BCa correction). Statistical comparisons include DelLong tests with Bonferroni
176  adjustment, TOST equivalence testing (6 = 0.03), and McNemar’s test for paired classification
177  differences. This protocol ensures robust, reproducible, and clinically grounded evaluation of the
178  proposed multi-objective optimization pipeline.

179
180

181 4. RESULTS

182  4.1. Overview of Performance

183  Table 5 highlights the consistent superiority of the BO—-GA—-XGBoost model across all evaluated cohorts

- @84 and metrics. On the NHANES test set, the model achieves an AUC of 0.962, indicating excellent
185  discriminative ability, and this performance remains remarkably stable in external validation, with only
186  minimal decreases observed in the Framingham (0.954) and Kaggle (0.948) cohorts. This limited drop is
187  reflected in the low cross-cohort AAUC (0.014), demonstrating strong generalizability.

7
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188  Calibration results further reinforce the robustness of the model: the ECE remains below 0.03 in all
189  datasets, with the best value on NHANES (0.021). These values reflect well-aligned predicted
190  probabilities and observed risks, contrasting sharply with typical deterioration in calibration when models
191  are transferred across populations.

192 The F1-scores—ranging from 0.916 (NHANES) to 0.901 (Kaggle)—confirm balanced precision—recall
193  performance, while the Brier Scores remain low, indicating accurate probability estimates. Sensitivity and
194  specificity also remain within clinically acceptable ranges across all datasets, reinforcing the clinical
195  reliability of the model.

196  Overall, the table demonstrates that the proposed BO-GA-XGBoost pipeline not only outperforms
197  baseline models but maintains high discrimination, strong calibration, and stable performance across
198  heterogeneous cohorts, meeting key requirements for real-world clinical deployment.

199  Table 5: summarizes the comparative performance of the four models across the three cohorts. The
200 BO-GA—XGBoost model consistently outperforms all alternative approaches on every evaluated metric,
201  with particularly notable gains in calibration (ECE = 0.021) and cross-cohort robustness (AAUC = 0.014).

202
1] 12 LE!
2 £7504
Q.
206
207
208
209
210
211
212
213
214

('TJ turnitin

Metric NHANES Test Framingham Kaggle (External)
(External)

AUC 0.962 [0.954-0.970] | 0.954 [0.943-0.965] | 0.948 [0.936-0.960]
F1l-score 0.916 [0.908-0.924] | 0.908 [0.894-0.922] | 0.901 [0.885-0.917]
Brier Score 0.039 [0.035-0.043] | 0.044 [0.039-0.049] | 0.048 [0.042—-0.054]
ECE 0.021 [0.017-0.025] | 0.024 [0.019-0.029] | 0.028 [0.022—-0.034]
AUPRC 0.941 [0.932-0.950] | 0.933[0.920-0.946] | 0.926[0.911-0.941]
Sensitivity 0.909 [0.898-0.920] | 0.897 [0.882—0.912] | 0.891 [0.874-0.908]
Specificity 0.874 [0.862-0.886] | 0.866 [0.850—-0.882] | 0.858 [0.840-0.876]

Notes: AUC = Area Under the ROC Curve; FHS = Framingham Heart Study; F1 = F1-score; Brier = Brier
Score; ECE = Expected Calibration Error; AAUC = cross-cohort AUC variability. Malues in parentheses

represent 95% confidence intervals.
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4.2 Discriminative Ability

On the NHANES cohort, the BO-GA-XGBoost model achieved an. AUC of 0.962 (95% CI:
0.954-0.970), significantly outperforming the standard XGBoost according to the DelLong test
(AAUC = +0.071, p< 0.001), as illustrated in Figure 2. Comparisons with partial optimization
strategies further confirm the added value of the hybrid approach, with BO-XGBoost (AUC =
0.937, p< 0.01) and GA-XGBoost (AUC = 0.928, p< 0.01) both remaining inferior to the
proposed model (Figure 2).

The balance between precision (0.923) and recall (0.909) yields an F1-score of 0.916 (95% CI:
0.908-0.924), demonstrating a strong ability to accurately identify hypertensive patients without
generating an excessive number of false positives—an essential requirement for screening-
oriented clinical applications.

Figure 2. Comparative ROC Curves of the Four Models Across the Three Cohorts
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4.3. Cross-Cohort Generalization

Generalization ability represents a central outcome of this study. The BO-GA-XGBoost model exhibits a
AAUC of 0.014 (95% CI: 0.009-0.019), corresponding to a 66% reduction in inter-cohort variability
compared with the study by [33], which reported a AAUC of 0.041 across two cohorts.
Pairwise decomposition reveals remarkable stability:

e NHANES vs. Framingham: |AAUC| = 0.008
e NHANES vs. Kaggle: ]AAUC|=0.014
e Framingham vs. Kaggle: |JAAUC| = 0.006

DelLong tests between cohorts show no significant differences (p = 0.14 for NHANES-FHS; p = 0.09 for
NHANES-Kaggle), a necessary—though not sufficient—condition for envisioning multi-site clinical
deployment.

4.4. Calibration Quality [31]

Beyond discrimination, accurate probability calibration is essential for clinically meaningful risk
stratification. As illustrated in Figure 3, the BO-GA-XGBoost model achieves excellent
calibration performance, with a low Brier score (0.039) and an Expected Calibration Error of
0.021, well below the 0.05 threshold considered acceptable in medical prediction. Brier score
decomposition (Figure 3) further shows that the performance gain results from complementary

10
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258  improvements in both discrimination (72%) and calibration (28%), confirming the clinical
259  reliability of the proposed approach.

260
(A) NHANES (B) Framingham Heart Study (C) Kaggle
(n=108,247) (n=4,238) (n=489])
— m U 10
1003 Zone I
== Perfect Calitration
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6 GAGBoust (ECE=0.040)
@ 80.GANGRoost ECE=0.021) 0 0
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2061 2061
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20447 2 044
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0271 021
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. 1/ RSN S [
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261 Predicted Probabilty Predicted Probabilty Predicted Probabilty

262 Figure 3. Calibration performance of the BO—~GA-XGBoost model

263
264
265
266
267
268

269  4.5. Fairness and Subgroup Analysis

270  The stratified analysis evaluates performance stability across sex, age (< 50 years vs. > 50 years), and
271  ethnic groups. Subgroup AUC values range from 0.958 to 0.965, with a maximum difference of
272 0.007below the 0.02 threshold proposed by Chen et al. [34] for characterizing satisfactory algorithmic
273 fairness.

274 These results suggest an absence of major disparities in predictive performance, although they do not
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275  guarantee the absence of bias in a causal sense. A complementary analysis of calibration errors across
276  subgroups would be desirable to further assess probabilistic fairness.

277  4.6. Clinical Interpretability via SHAP[33]

278  Figure 4 presents the SHAP-based interpretability analysis of the BO-GA-XGBoost model across four
279  complementary panels, demonstrating both global and local explainability of the proposed hybrid
280  approach. The summary plot (A) reveals that age, pulse pressure, and BMI are the most influential
281  predictors, with high feature values consistently associated with increased hypertension risk, while low
282  HDL-C values contribute positively to risk prediction, which is clinically coherent. The mean variable
283  importance (B) confirms age as the dominant predictor ([SHAP| = 0.187), followed by pulse pressure
284  (0.143) and BMI (0.128), collectively representing over 50% of the model's total predictive contribution.
285  The waterfall diagram (C) illustrates individual-level explainability for a high-risk patient aged 68 years,
286  showing how cumulative contributions from multiple risk factors—including elevated pulse pressure (72
287  mmHg), obesity (BMI = 31.2 kg/m?), and active smoking—yield a final predicted probability of 0.81.
288  Category-level aggregation (D) demonstrates that cardiovascular, demographic, and lipid factors
289  collectively account for over 56% of the model's predictive power, aligning with established clinical
290  knowledge on hypertension etiology. The calibration quality, evidenced by an ECE of 0.021 and a Brier
291  score of 0.039, ensures reliable probability estimates for cardiovascular risk stratification in clinical
292  practice. These metrics indicate that the predicted probabilities closely match observed outcomes, a
293  critical requirement for informed clinical decision-making. Furthermore, the SHAP analysis reveals a
294  94% concordance between the variables identified as influential and the established risk factors according
295  to ESC/ESH guidelines. This strong alignment with international recommendations reinforces the model's
296 clinical validity, transparency, and acceptability among practitioners for real-world deployment in
297  hypertension screening programs.

298

299

300

301

302

303
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310
311 5. DISCUSSION
312 5.1. Summary of Contributions
313  The proposed BO-GA-XGBoost framework addresses the three major challenges identified in the
314  hypertension prediction literature. In terms of discriminative performance, the model achieves an AUC of
315  0.962, outperforming standard XGBoost by 7.1 percentage points (p < 0.001), owing to the sequential
316  hybridization strategy that combines Bayesian exploration in Phase | with multi-objective NSGA-II
317  refinement in Phase Il. Regarding robustness, the inter-cohort AAUC of 0.014 represents a 66% reduction
318 in variability compared with existing approaches, a stability further supported by non-significant DeL.ong
319  tests across the three evaluated populations. Calibration quality—demonstrated by an ECE of 0.021 and a
320  Brier score of 0.039—ensures reliable probability estimates for cardiovascular risk stratification in
321
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322  identified by the model and the established risk factors reported in ESC/ESH guidelines, thereby
323  strengthening the model’s clinical acceptability.

324
- °25 5.2 Comparative Summary of Recent Studies on Hypertension Risk Prediction
- a26 Table 4. Comparative Summary of Recent Studies on Hypertension Prediction

- Qz7 Table 4 provides a comparative overview of recent studies on hypertension and cardiovascular
328  risk prediction across five key dimensions: discriminative performance, calibration, external

”» @29 validation, optimization strategy, and methodological limitations. Classical ensemble models,
330 such as Random Forest and Gradient Boosting, typically achieve AUC values in the 0.89-0.92
331 range but rarely report calibration metrics and are often limited to single-cohort evaluations,
332 which constrains their clinical applicability [14,15]. More complex architectures, including deep
333 neural networks and hybrid clinical-ML models, can reach higher AUCs around 0.93-0.95, yet
334 they frequently suffer from limited interpretability, increased sensitivity to clinical noise, and a
335  substantial risk of overfitting in real-world settings [5,8,12,13,16].

336 Recent transformer-based and advanced tabular models (FT-Transformer, TabNet, SAINT,
337 DeepGBM) report near-perfect performance on idealized or UCI-type datasets (AUC = 0.99), but
338 their accuracy drops markedly when applied to noisy clinical or registry data, with AUCs
339 typically between 0.88 and 0.92 [17-22]. This degradation highlights the gap between
340 benchmark performance and robust deployment in heterogeneous healthcare environments.

341 A critical weakness across most published studies is the systematic under-reporting of calibration
”» @42 metrics. As emphasized by Van Calster et al., calibration remains the “Achilles heel” of clinical

343  prediction models [31]. Only a small subset of works report Brier scores or ECE, and when they

344  do, ECE values often remain > 0.06, indicating suboptimal reliability of predicted probabilities.

345 In contrast, the proposed BO-GA-XGBoost framework combines multi-objective optimization

346  and multi-cohort validation to achieve simultaneously high discrimination (AUC = 0.962), strong

347  calibration (Brier = 0.039, ECE = 0.021), and reduced inter-cohort variability (AAUC = 0.014),
- @48 positioning it favorably relative to the current state of the art.

351
352
353
354
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356  Comparative Summary of Recent Studies on Hypertension Risk Prediction
Study Dataset Model / AUC Calibration | Validation | Optimization | Main Limitations
(Ref.) Approach (Brier / Strategy

ECE)

Pal and KNHANES Random 0.892 | Not None Grid Search No calibration;
al.,2022 Forest reported single cohort
[14]
Peng and | Hospital Gradient 0.901 | Not None Grid Search | Overfitting risk;
al., 2022 cohort Boosting reported no explainability
[15] (China)
Mir and UK Biobank | XGBoost + 0.923 | Not None Random Limited
al., 2024 LASSO reported Search robustness; no
[16] calibration
Lopez- Hospital Deep Neural | 0.934 | Not None Not Poor
martinez EMR Network reported specified interpretability;
andal,, unstable training
2022 [5]
Wu and Longitudinal | LSTM 0.941 | Not None Not Sensitive to noise
al., 2023 clinical data reported specified
(8]
Islam and | Kaggle HTN | Voting 0.953 | Not None Manual Public data bias
al., 2022 Ensemble reported tuning
(12]
Islam et Kaggle HTN | CNN + 96.2% | Not None Not Limited
al., 2023 Autoencoder | (Acc.) | reported specified generalizability
(13] + SHAP
Khandare | Japanese XGBoost 0.918 | =0.06 ECE | Limited Grid Search | Suboptimal
and cohort (clinical) external calibration
Sharma
al., 2020
(18]
Proposed | NHANES + Hybrid 0.962 | 0.039/ Multi- Bayesian + Computational
BO-GA- Framingham | XGBoost 0.021 cohort NSGA-II cost
XGBoost | + Kaggle
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357
358
359
360
361
362
363

364 Conclusion

365 This study introduces an innovative methodological framework for hypertension risk prediction, built on a
366  synergistic hybridization of Bayesian optimization and genetic algorithms applied to the XGBoost model. By
367 combining efficient global exploration through Bayesian optimization with multi-objective refinement via NSGA-I1I
368 within a multi-constraint objective function, our approach successfully overcomes the limitations of traditional
369 hyperparameter tuning and existing predictive models. The results obtained across three independent cohorts—
370  NHANES, the Framingham Heart Study, and Kaggle Clinical—demonstrate high discriminative performance (AUC
371 = 0.962), exemplary native calibration (ECE = 0.021), and an inter-cohort robustness rarely observed in the
372 literature (AAUC = 0.014), representing an improvement of more than 60% over prior studies.

373 Beyond quantitative performance, the SHAP analysis highlights a strong concordance with known
374 pathophysiological mechanisms, reinforcing the explanatory power of the model and its potential for clinical
375 adoption. The stability achieved despite heterogeneity in populations, variable distributions, and clinical definitions
376 further attests to the model’s generalizability—an essential requirement for large-scale preventive medicine
377  applications.

378 By integrating advanced optimization, multi-cohort validation, and interpretability, this study represents a significant
379  contribution to clinical Al for cardiovascular risk prediction. Future work may extend this framework to multimodal
380 models combining tabular data, physiological signals, and imaging; explore additional bio-inspired optimization
381  strategies (PSO, CMA-ES, ACO); and embed the model within decision-support—oriented Health Al architectures.
382 In this perspective, our approach paves the way for more reliable, equitable, and generalizable predictive systems
383 capable of supporting personalized cardiovascular disease prevention at the population level.
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