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Abstract
Background

Hypertension is a leading modifiable risk factor for cardiovascular disease, yet the optimal systolic blood pressure (SBP) target for an
individual adult remains uncertain: fixed, aggressive targets can cause cerebral hypoperfusion, orthostatic hypotension, falls and
cognitive harm, whereas the optimal target varies with biological vascular aging. Explainable machine learning could tailor blood-
pressure care by integrating a marker of vascular aging, but such a clinical decision support system has not been evaluated.

Methods

Using the Framingham Heart Study Offspring and Third Generation cohorts (baseline 1998-2011), we developed and internally
validated an explainable machine learning clinical decision support system that predicts the SBP target associated with the lowest risk
of major adverse cardiovascular events (MACE). Eight algorithms were compared; features were selected with the variance inflation
factor and least absolute shrinkage and selection operator (LASSO) regression; the best model was interpreted with SHapley Additive
exPlanations (SHAP) and evaluated by discrimination, calibration and decision curve analysis.

Results

After exclusions, 3912 participants were in the development cohort and 1658 in the internal validation cohort. LASSO selected eight
predictors including carotid-femoral pulse wave velocity (cf-PWV), a marker of vascular aging. Random forest performed best
(development area under the receiver operating characteristic curve [AUC] 0.74; validation AUC 0.73). SHAP identified cf-PWV as the
dominant feature, with a threshold effect near 9.2 m/s above which the recommended target was relaxed. Decision curve analysis
showed net benefit across a broad range of threshold probabilities.

Conclusions

Integrating cf-PWV into an explainable machine learning framework supported tailored SBP targets for adults with clinically useful
performance, offering an objective, vascular-aging-based approach to mitigate overtreatment risks. The web-based calculator
translates the model into a shared-decision tool that keeps clinicians in the loop.

Background

Hypertension is one of the most prevalent chronic conditions and a leading modifiable risk factor for cardiovascular disease, and its
prevalence rises steeply with age [ 2. It rarely occurs alone: many adults with hypertension also live with multimorbidity 3. Autonomic
dysfunction and orthostatic hypotension are common in this population, and adults with orthostatic hypotension are at increased risk
of falls M. Although intensive blood-pressure lowering reduces cardiovascular events on average [5.6] in older and frail adults it can

also precipitate cerebral hypoperfusion, symptomatic orthostatic dizziness with falls and fractures, and possible cognitive harm 7. The
optimal SBP target for an individual adult therefore remains uncertain, and the J-curve phenomenon cautions against uniform,

aggressive targets (€.

Chronological age is an imperfect proxy for biological risk. With advancing age, cardiovascular risk is more closely tied to vascular
aging, the structural and functional deterioration of the arterial tree, than to age itself [°!. Carotid-femoral pulse wave velocity (cf-PWV)
is the reference-standard measure of arterial stiffness and a widely accepted phenotypic marker of vascular aging [0l and it
independently predicts cardiovascular events beyond conventional risk factors 0, Although arterial stiffness increases with age, its
association with blood pressure and cardiovascular risk varies across individuals 4. Machine learning can model this nonlinear
relationship ['3], and explainable methods such as SHapley Additive exPlanations (SHAP) make the resulting recommendations
transparent (4], Integrating a marker of biological aging into a data-driven model therefore offers a more objective basis for tailoring
blood-pressure care than judgments based on chronological age alone.
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Using data from the Framingham Heart Study (FHS) 151 we aimed to develop and validate an explainable machine learning clinical
decision support system that integrates cf-PWV and clinical features to tailor SBP targets for adults, to compare eight algorithms, and
to interpret the best model with SHAP. We hypothesized that cf-PWV would show a threshold effect above which the recommended
target is relaxed, thereby mitigating the risk of overtreatment.

Methods

This retrospective cohort study used the Framingham Heart Study (FHS) Offspring and Third Generation cohorts (baseline 1998-2011)
and was reported per the TRIPOD statement 16l we included participants aged = 18 years with cf-PWV measured at baseline,
complete blood pressure and treatment information, and complete follow-up, and excluded those with established cardiovascular
disease, missing key covariates, poor-quality cf-PWV (< 4 or > 25 m/s), pregnancy, or severe hepatic/renal impairment; the primary
outcome was major adverse cardiovascular events (MACE; first nonfatal myocardial infarction, nonfatal stroke, or cardiovascular
death). Candidate predictors included demographics, lifestyle, medical history, anthropometrics, laboratory measures, medications and
cf-PWV measured with the Complior SP device 071, Missing values (< 20%) were imputed by multiple imputation using chained
equations ['8] continuous variables were standardized, and the dataset was split 7:3 into development (n =3912) and internal
validation (n = 1658) cohorts. Multicollinearity was assessed with the variance inflation factor (VIF) ['%], and least absolute shrinkage
and selection operator (LASSO) regression [20] selected a sparse set of predictors. Eight algorithms were compared: logistic
regression, support vector machine, random forest ['3], decision tree, neural network, XGBoost 2", naive Bayes and k-nearest
neighbours. Discrimination was assessed with the area under the receiver operating characteristic curve (AUC) and the area under the
precision-recall curve (PRAUC), together with accuracy, sensitivity and specificity, and clinical utility was assessed with decision curve
analysis (DCA) 122 the best model was interpreted with SHAP "4l Analyses were performed in R version 4.3.1 23] and a two-sided P <
0.05 was considered significant. The overall study design is summarized in Fig. 1.

Results

Participants and baseline characteristics

The development cohort had a mean age of 58.2 + 9.5 years (52.4% men) and mean cf-PWV of 8.7 £ 2.1 m/s; 641 MACE events
occurred (16.4%) over a median follow-up of 12.5 years. The validation cohort had a mean cf-PWV of 9.1 + 2.4 m/s and a MACE
incidence of 17.1% (Table 1).
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Table 1

Baseline characteristics of the development and validation cohorts

Characteristic No MACE (n = MACE (n = P No MACE (n = MACE (n = P
3271) 641) 1375) 283)
Age, years, mean = SD 58.3+10.2 67.5+9.8 < 59.1+10.5 68.2+9.6 <
0.01 0.01
Male sex, n (%) 1647 (51.20) 403 (62.87) 0.08 1020 (74.19) 165 (58.23) 0.03
Diabetes, n (%) 1080 (27.61) 149 (23.33) 0.44  355(25.81) 104 (36.71) 0.14
Current smoking, n (%) 808 (24.7) 234 (36.5) 6 o 349 (25.4) 106 (37.5) 0.34
Alcohol use, n (%) 782 (23.91) 75 (11.67) 0.01  521(37.90) 68 (24.05) 0.06
Prior stroke, n (%) 290 (8.75) 85 (13.33) 022  211(15.32) 36 (12.66) 0.75
¥V3a|i33t circumference, cm, mean 81.6+9.4 89.3+10.1 0.65 76.1+9.6 89.8+10.3 0.51
BMI, kg/m2, mean + SD 22.13+5.99 26.35+8.50 0.45 22.85+4.97 25.60+£6.79 0.05
cf-PWV, m/s, mean = SD 8.25+1.23 13.24+£1.26 0.95 8.24+1.25 12.43+£1.08 0.26
LDL-c, mmol/L, mean = SD 2.78+0.97 3.24+0.88 0.34 2.31+0.89 3.13+0.65 0.51
HDL-c, mmol/L, mean + SD 1.21+0.34 1.02+0.37 0.13 1.25+0.22 1.05+0.37 0.24
TC, mmol/L, mean + SD 4.61+1.04 5.12+1.23 0.27 478 +1.37 5.24+1.29 0.95
TG, mmol/L, mean = SD 1.61+0.61 2.15+1.36 0.21 1.74+0.91 2.22+1.47 0.42
Albumin, g/L, mean = SD 34.6+2.09 35.1+3.2 0.04 34.7+3.1 35.2+2.2 0.03
Total protein, g/L, mean = SD 65.32+5.92 63.79 +£4.38 0.34 64.27 +4.87 65.17£3.82 0.66

Left three columns, development cohort (n = 3912); right three columns, internal validation cohort (n = 1658). MACE, major adverse
cardiovascular events; SD, standard deviation; BMI, body mass index; cf-PWV, carotid-femoral pulse wave velocity; LDL-c, low-density
lipoprotein cholesterol; HDL-c, high-density lipoprotein cholesterol; TC, total cholesterol; TG, triglycerides.

Feature selection and model performance

After collinearity filtering, LASSO selected eight predictors: cf-PWYV, age, pulse pressure, diabetes, antihypertensive use, total
cholesterol, HDL-c and estimated glomerular filtration rate (eGFR). Random forest showed the best overall performance (development
AUC 0.74; validation AUC 0.73) (Table 2, Fig. 2).
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Table 2
Performance of the eight machine learning models

Model AUC PRAUC Accuracy Sensitivity Specificity AUC PRAUC Accuracy Sensitivity Specificity
(dev) (dev) (dev) (dev) (dev) (val) (val) (val) (val) (val)

Logistic 0.69 0.49 0.71 0.17 0.93 0.70 0.49 0.71 0.09 0.93

regression

Support 0.69  0.51 0.73 0.46 0.97 0.71 0.52 0.73 0.43 0.96

vector

machine

Random 0.74  0.58 0.75 0.78 0.92 0.73 0.58 0.77 0.80 0.92

forest

Decision 0.64 045 0.72 0.39 0.88 0.62 0.41 0.70 0.80 0.85

tree

Neural 0.53  0.31 0.69 0.67 0.91 0.52 0.29 0.70 0.54 0.98

network

XGBoost 0.67 047 0.68 0.56 0.77 0.63 0.43 0.68 0.67 0.80

Naive 0.70 0.48 0.71 0.36 0.91 0.69 0.49 0.72 0.33 0.92

Bayes

K-nearest 0.68 0.50 0.69 0.56 0.82 0.68 0.48 0.70 0.67 0.83

neighbours

dev, development cohort; val, internal validation cohort. AUC, area under the receiver operating characteristic curve; PRAUC, area under
the precision-recall curve.

Model interpretation and clinical utility

SHAP identified cf-PWV as the dominant feature, with a threshold effect near 9.2 m/s above which the recommended target was
relaxed (Fig. 3). Decision curve analysis showed net benefit across a broad range of threshold probabilities (Fig. 4). Compared with the
Framingham risk score variables, the model using the top three SHAP variables (cf-PWV, age and pulse pressure) achieved the highest
AUC (0.73) (Table 3).

Table 3
Comparison of random forest models with different feature sets
Model Variables AUC PRAUC Accuracy DCA net-benefit threshold probability
Model 1 10 variables 0.72 0.57 0.75 0.33-0.57
Model 2 5 variables 0.70 0.55 0.74 0.32-0.66
Model 3 3 variables 0.73 0.54 0.74 0.29-0.74
Model 4  Framingham score  0.54 0.31 0.71 0.00-0.00

Model 1: cf-PWV, age, pulse pressure, TC, HDL-c, BMI, eGFR, diabetes, sex and alcohol use. Model 2: cf-PWV, age, pulse pressure, TC
and HDL-c. Model 3: cf-PWYV, age and pulse pressure. Model 4: Framingham risk score variables. AUC, area under the receiver operating
characteristic curve; PRAUC, area under the precision-recall curve; DCA, decision curve analysis.

Web-based decision-support tool

An interactive web-based calculator was developed so that clinicians and caregivers can enter basic information and cf-PWV to obtain
a recommended individualized SBP target with a confidence interval and a visual explanation of the recommendation (Fig. 5).

Discussion
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We developed and internally validated an explainable machine learning clinical decision support system that integrates cf-PWV, a
marker of vascular aging, to tailor SBP targets for adults. Random forest performed best (AUC 0.74 and 0.73), and cf-PWV showed a
threshold effect near 9.2 m/s above which the recommended target was relaxed, providing a data-driven account of the J-curve and a
mechanism to mitigate overtreatment risk.

Vascular aging, tailored targets and model performance

Random forest is well suited to structured tabular data because it captures nonlinear interactions without prespecified functional
forms [24. The leading predictors have clear pathophysiological meaning: cf-PWV reflects arterial remodeling and vascular fibrosis, and
age and pulse pressure reflect vascular aging and early wave reflection 251 \which makes standardized cf-PWV measurement central to

reliable prediction 261 Because cf-PWV captures biological rather than chronological aging, the model can distinguish adults for whom
a conventional low target may be excessive from those for whom it remains appropriate.

Shared decision-making in blood pressure care

A key aim of the system is to augment rather than replace clinical judgment 271, The web-based calculator presents the recommended
SBP target together with a visual explanation of each feature's contribution, so that clinicians, nurses, patients and families can engage

in shared decision-making about whether a target should be relaxed or intensified (28], Making the reasoning transparent can reduce
adults' concerns about medication adjustment and thereby improve adherence to the agreed care plan.

Ethics, equity and human-in-the-loop oversight

The FHS cohort is predominantly White and was assembled in a research setting, so deployment in diverse community clinical settings
requires explicit monitoring for algorithmic bias, because models trained on non-representative data can inherit and even amplify

disparities 291, Ethical and governance frameworks for health Al require such oversight 1301, we therefore emphasize a human-in-the-

loop design: the tool offers a recommendation and an explanation but leaves the final decision to clinicians and patients, so that

subjective comfort, symptoms such as dizziness, and individual preferences are not displaced by automated outputs [27],

Care workflow and accessibility

For the system to reach routine clinical care, cf-PWV measurement must move from specialized laboratories into community clinics,
residential care settings and home monitoring 311, portable devices and cuff-based surrogate estimates, together with remote blood-
pressure monitoring 32 could lower the technical barrier and extend tailored blood-pressure care into everyday chronic-care workflows
(33]

Limitations

The FHS cohort is predominantly White and includes adults younger than 60 years, so external validation in more diverse populations
is needed; reference values for arterial stiffness also differ across populations 34 3%, The model is static and based on a single
baseline assessment; integrating longitudinal PWV, ambulatory blood pressure and wearable data could support dynamic adjustment

of the target over time 132 36l Prospective validation is required before deployment 371,

Conclusions

We developed and internally validated an explainable machine learning clinical decision support system that integrates cf-PWV, a
marker of vascular aging, to tailor SBP targets for adults. Random forest outperformed the other seven algorithms and the
Framingham risk score variables (AUC 0.74 and 0.73).

SHAP revealed a threshold relationship between arterial stiffness and the recommended target, providing a data-driven mechanism to
mitigate overtreatment risks in multimorbid patients. The web-based calculator translates the model into a shared decision-making
tool; future work should validate it prospectively in diverse populations, integrate wearable and home monitoring, and maintain human-
in-the-loop oversight so that Al supports rather than replaces clinical judgment.
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Study design flowchart

Participant selection, data preprocessing, model development, validation and clinical translation.
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Figure 2

Comparison of eight machine learning algorithms

ROC curves, AUC boxplots, precision-recall curves, PRAUC boxplots and accuracy boxplots in the development and validation cohorts.
LR, logistic regression; SVM, support vector machine; RF, random forest; DT, decision tree; NN, neural network; NB, naive Bayes; KNN, k-
nearest neighbours.
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Figure 3

SHAP feature analysis of the random forest model

SHAP values quantify the contribution of each feature to the predicted outcome.
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Decision curve analysis in the development and validation cohorts

(a) Development cohort; (b) validation cohort. The dashed lines represent the treat-all and treat-none strategies.
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Figure 5

Interactive web-based prediction calculator

The calculator outputs the recommended individualized SBP target and visualizes feature contributions.
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