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ABSTRACT: Hypertension remains the most prevalent modifiable risk factor for cardiovascular morbidity and mortality worldwide, 
yet rates of effective blood pressure control remain persistently suboptimal despite the availability of multiple therapeutic 
options. This gap reflects fundamental limitations of current care models, which rely on episodic measurements, population-
based treatment algorithms, and incomplete representation of the biological, behavioral, and social complexity underlying 
blood pressure regulation. Artificial intelligence (AI) offers a transformative framework to address these challenges by 
enabling the integration of longitudinal, multimodal data and modeling nonlinear, dynamic relationships that are difficult 
to capture with conventional approaches. This systematic review synthesizes emerging evidence on the application of AI 
across the hypertension care continuum, including risk prediction, phenotyping, blood pressure measurement, wearable-
based monitoring, clinical trial analysis, population health modeling, detection of secondary hypertension, behavioral and 
adherence interventions, and multi-omics–driven precision medicine. We highlight the methodological foundations required 
for clinically meaningful AI, emphasizing robust ground-truth definitions, external and temporal validation, interpretability, 
workflow integration, and equity-aware design. The review also examines the promise and limitations of natural language 
processing, cuffless blood pressure technologies, and AI-guided decision support systems, alongside ethical, regulatory, 
and implementation challenges. Collectively, current evidence suggests that AI has the potential to shift hypertension 
management from a reactive, threshold-based paradigm toward a more predictive, personalized, and patient-centered model. 
Realizing this potential will depend on rigorous validation, thoughtful implementation, and sustained alignment with clinical, 
ethical, and equity principles.
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Hypertension remains the most prevalent modifiable 
risk factor for cardiovascular morbidity and mortal-
ity worldwide and continues to impose a substan-

tial clinical and public health burden despite decades 
of therapeutic advances. Global estimates indicate that 
more than 1 billion adults are affected, yet rates of 
awareness, treatment, and effective blood pressure (BP) 
control remain persistently suboptimal.1 Even in high-
income countries with broad access to health care, fewer 
than half of treated patients achieve recommended BP 
targets.2 This persistent gap between available therapies 
and real-world outcomes highlights fundamental limita-
tions in current hypertension care paradigms and under-
scores the need for more precise, adaptive, and scalable 
approaches.

A central challenge in hypertension management is 
the intrinsic complexity and heterogeneity of BP regula-
tion. BP is a dynamic physiological variable influenced by 

genetic predisposition, neurohormonal signaling, vascular 
structure, renal function, lifestyle behaviors, psychosocial 
stress, environmental exposures, and social determinants 
of health. Traditional clinical models, which rely largely 
on episodic office measurements and population-based 
treatment algorithms, are poorly equipped to capture 
this multidimensional and time-varying complexity.3 As 
a result, clinically meaningful patterns such as masked 
hypertension, nocturnal nondipping, exaggerated BP 
variability, and heterogeneous treatment responses 
often remain undetected.4 These limitations contribute to 
delayed diagnosis, inappropriate therapeutic intensifica-
tion or inertia, and residual cardiovascular risk.

Artificial intelligence (AI) offers a fundamentally dif-
ferent analytic framework capable of addressing many 
of these challenges. By design, AI systems can integrate 
high-dimensional data from diverse sources, including 
electronic health records (EHRs), laboratory results, 
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imaging, wearable sensors, genomics, and environmental 
data, while modeling nonlinear relationships and inter-
actions that are difficult to capture using conventional 
statistical approaches.5–7 In hypertension, this capac-
ity enables the identification of latent phenotypes, risk 
trajectories, and response patterns that extend beyond 
traditional classifications based on static BP thresholds.

A key rationale for AI in hypertension lies in the lon-
gitudinal nature of the disease.8 Hypertension typically 
develops over years or decades, progressing from subtle 
BP elevations to sustained hypertension and ultimately to 
hypertension-mediated organ damage. Conventional clini-
cal encounters provide only sparse snapshots of this trajec-
tory, limiting opportunities for early intervention.9 AI models 
trained on longitudinal data can detect early deviations from 
individual baselines, characterize BP trajectories over time, 
and identify individuals at risk for progression before clini-
cal thresholds are crossed. This capability supports a shift 
toward earlier, more proactive management strategies.

AI is also well-suited to addressing variability in treat-
ment response, a persistent challenge in hypertension 
care. Patients with similar baseline BP and comorbidity 
profiles often respond differently to the same antihy-
pertensive therapy, reflecting underlying biological and 
behavioral heterogeneity. AI-based analyses of clinical 
trial and real-world data have demonstrated substantial 
heterogeneity in treatment effects, suggesting that uni-
form BP targets and stepwise treatment algorithms may 
not be optimal for all patients.10–12 These insights provide 
a rationale for AI-driven precision approaches aimed at 
tailoring therapy intensity and drug selection to individual 
risk-benefit profiles. From a systems perspective, AI also 
offers tools to improve population-level hypertension 
management. Health systems increasingly rely on large-
scale electronic data repositories, yet extracting action-
able insights from these data sets remains challenging. 
AI models can be applied to identify patients with uncon-
trolled hypertension, predict health care utilization, and 
support risk stratification at scale.13 When coupled with 
clinical decision support, these tools have the potential to 
enhance guideline adherence, reduce therapeutic iner-
tia, and optimize resource allocation across populations. 
Importantly, the rationale for AI in hypertension is not lim-
ited to technical performance but extends to addressing 
equity and access. 

Hypertension disproportionately affects older adults, 
racial and ethnic minorities, and individuals with lower 
socioeconomic status, groups that are often underrep-
resented in clinical trials and underserved by traditional 
care models.14 Different AI systems (described in detail in 
Table 1), when developed and validated responsibly, offer 
the potential to identify high-risk individuals earlier and 
support targeted interventions. At the same time, inap-
propriate use of AI risks reinforcing existing disparities, 
underscoring the importance of ethical and equitable 
design from the outset.

Therefore, the rationale for applying AI to hyperten-
sion care rests on the mismatch between the complexity 
of BP regulation and the limitations of current clinical 
approaches. By enabling integration of longitudinal, mul-
timodal data and supporting individualized risk assess-
ment and treatment strategies, AI has the potential to 
transform hypertension management from a reactive, 
population-based model to a more precise, predictive, 
and patient-centered paradigm.15–17 Whether this poten-
tial translates into improved outcomes will depend on 
rigorous validation, thoughtful implementation, and sus-
tained alignment with clinical and ethical principles.

METHODS
This systematic review, registered in PROSPERO (Prospective 
Register Of Systematic Reviews; CRD420261296095), was 
conducted to identify and synthesize original studies apply-
ing AI, including machine learning (ML) and deep learning, 
to hypertension detection, classification, risk prediction, prog-
nosis, treatment optimization, and clinical decision support in 
adult populations. We searched PubMed/MEDLINE, Embase, 
Web of Science, Scopus, and the Cochrane Library from incep-
tion without date or language restrictions using combinations 
of the following keywords and related terms: “hypertension,” 
“high blood pressure,” “artificial intelligence,” “machine learning,” 
“deep learning,” “neural network,” “predictive modeling,” “risk 
prediction,” “classification,” “detection,” and “clinical decision 
support.” Reference lists of eligible articles were also screened. 
Observational studies and clinical trials applying AI-based 
approaches were included, with comparators consisting of 
conventional clinical assessment, traditional statistical models, 
established risk scores, or no AI approach; reviews were used 
only to identify additional references. Primary outcomes were 
model performance metrics (eg, discrimination, calibration, 
accuracy) and measures of clinical utility, including impact on 
BP control or treatment decisions, while secondary outcomes 
included data sources, algorithm types, development and 
validation strategies, and reported limitations or biases. Two 
investigators independently screened studies, extracted data, 
and assessed risk of bias using Prediction Model Risk of Bias 
Assessment Tool for predictive models and the Newcastle–
Ottawa Scale for observational studies, resolving discrepancies 
by consensus. Given expected heterogeneity in populations, 
data modalities, algorithms, and outcome reporting, findings 
were synthesized narratively, emphasizing methodological rigor, 
external validation, interpretability, and clinical applicability.

Nonstandard Abbreviations and Acronyms

AI	 artificial intelligence
BP	 blood pressure
EHR	 electronic health record
LLM	 large language model
ML	 machine learning
NLP	 natural language processing
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METHODOLOGICAL FOUNDATIONS OF AI 
IN HYPERTENSION: FROM ALGORITHM 
DEVELOPMENT TO CLINICAL RELEVANCE

The successful application of AI to hypertension hinges 
on methodological rigor, transparency, and clinical rel-
evance. Although early studies often emphasized algo-
rithmic novelty or statistical performance, it has become 
increasingly clear that model development must be 
grounded in robust data curation, appropriate validation 
strategies, and clinically meaningful end points to ensure 
translational value. Hypertension represents a particu-
larly challenging domain for AI because BP is a dynamic, 
context-dependent physiological variable influenced by 
behavioral, environmental, and biological factors that are 
inconsistently captured in clinical data sets.

ML methods applied to hypertension span supervised, 
unsupervised, and deep learning approaches, including 
logistic regression extensions, random forests, gradient 
boosting machines, support vector machines, and neu-
ral networks.18 Supervised learning remains the most 
widely used paradigm, particularly for predicting incident 
hypertension, classifying BP phenotypes, or estimat-
ing treatment response. Ensemble-based methods and 
tree-based algorithms frequently outperform traditional 
regression, largely due to their ability to model nonlin-
ear relationships and higher-order interactions among 
predictors.19,20

A central methodological concern in hypertension-
focused AI research is the definition of ground truth. 
BP labels are often derived from office measurements 
recorded in EHRs, which are susceptible to white-coat 
effects, masked hypertension, measurement error, and 

Table 1.  Artificial Intelligence Nomenclature and Methodological Approaches in Hypertension Research.

Term Definition
Typical applications in 
hypertension Data sources Key strengths Key limitations

AI A broad term describing 
computational systems that 
perform tasks requiring human 
intelligence

Risk prediction, phenotyping, 
decision support

EHRs, trials, 
wearables

Integrates complex, 
multimodal data

Conceptually broad; 
heterogeneous 
methods

ML A subset of AI in which 
algorithms learn patterns from 
data

Incident hypertension 
prediction; BP control modeling

EHRs, cohorts Flexible; scalable Dependent on data 
quality and labeling

Supervised 
learning

Machine learning using labeled 
input–output pairs

Prediction of BP control; 
secondary hypertension 
detection

EHRs, registries Direct clinical 
prediction

Requires accurate 
ground truth

Unsupervised 
learning

Machine learning identifying 
patterns without predefined 
labels

BP trajectory clustering; 
phenotype discovery

Longitudinal BP 
data

Identifies latent 
subgroups

Limited clinical 
interpretability

Penalized 
regression

Regression with regularization 
to reduce overfitting

hypertension risk prediction; 
feature selection

Cohorts, EHRs Transparent; clinically 
interpretable

Limited nonlinear 
modeling

Random forests Ensemble of decision trees Risk stratification; secondary 
hypertension screening

EHRs, trials Captures nonlinear 
interactions

Reduced 
interpretability

Gradient boosting 
machines

Sequential tree-based 
ensemble learning

BP control prediction; 
population modeling

EHRs, claims High predictive 
accuracy

Calibration challenges

Support vector 
machines

Margin-based classification/
regression

hypertension classification; 
phenotype discrimination

Cohorts, 
wearables

Effective in high-
dimensional data

Parameter sensitivity; 
opacity

Neural networks 
and deep learning

Multi-layered neural 
architectures

BP estimation; wearable signal 
analysis

Wearables, 
physiological data

Captures complex 
temporal patterns

Large data needs; 
black-box behavior

NLP AI methods for extracting 
information from free text

hypertension phenotyping; 
adherence detection

Clinical notes Unlocks unstructured 
EHR data

Language variability

Predictive 
modeling

AI-based forecasting of future 
outcomes

Incident hypertension; 
progression risk

Longitudinal data 
sets

Enables early 
intervention

Requires external 
validation

Phenotyping Data-driven classification into 
subgroups

Masked hypertension; resistant 
hypertension

BP trajectories, 
EHRs

Supports precision 
care

Often exploratory

Causal inference 
methods

AI/statistical tools estimating 
treatment effects

Individualized BP targets Trials, registries Addresses 
heterogeneity of effects

Strong assumptions 
required

XAI Methods improving the 
interpretability of AI outputs

Clinical decision support EHR-based 
models

Improves clinician trust Partial transparency 
only

Human-in-the-
loop AI

AI systems supporting, not 
replacing, clinicians

BP management decision 
support

Clinical workflows Enhances safety and 
accountability

Requires workflow 
integration

Digital twin Virtual patient model simulating 
interventions

Treatment response modeling Multimodal 
longitudinal data

Personalized simulation Largely experimental

AI indicates artificial intelligence; BP, blood pressure; EHR, electronic health records; ML, machine learning; NLP, Natural language processing; and XAI, explainable AI.
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inconsistent protocols. These limitations introduce noise 
and misclassification that can propagate through train-
ing pipelines and inflate apparent model performance. 
Models trained exclusively on office BP readings exhibit 
reduced accuracy when applied to ambulatory or home 
BP data, underscoring the importance of integrating 
longitudinal and out-of-office measurements whenever 
possible.21

Validation strategies represent another critical deter-
minant of model credibility. Many early AI studies in 
hypertension relied on internal validation alone, typi-
cally using random train-test splits that fail to account 
for temporal drift, practice variation, or population differ-
ences. Contemporary guidance increasingly emphasizes 
the necessity of external validation across independent 
cohorts and health care systems, as well as temporal 
validation that reflects real-world deployment conditions. 
In cardiovascular medicine more broadly, lack of exter-
nal validation has been identified as a major barrier to 
clinical adoption of AI tools, with hypertension serving as 
a paradigmatic example.22 There is growing consensus 
that AI models must be evaluated using clinically action-
able outcomes including sustained BP control, reduction 
in BP variability, prevention of progression to stage 2 
hypertension, and mitigation of hypertension-mediated 
organ damage. Models demonstrating excellent statisti-
cal performance but lacking linkage to downstream clin-
ical decisions or outcomes are unlikely to improve care, 
regardless of their computational sophistication.23 Model 
interpretability is particularly important in hypertension 
management, where therapeutic decisions are nuanced 
and often require clinician judgment. Black-box mod-
els that provide predictions without explanatory context 
risk undermining clinician trust and may obscure biases 
embedded in training data. Interpretable ML techniques, 
including feature importance analyses, SHAP (Shap-
ley Additive explanations) values, and causal inference 
frameworks, have therefore gained prominence.24 These 
approaches allow clinicians to understand how specific 
factors (such as age, body mass index, renal function, 
medication adherence, and socioeconomic variables) 
contribute to predicted hypertension risk or treatment 
response.25 Clinical deployment further requires integra-
tion into existing workflows and EHR systems. Studies 
evaluating AI-based clinical decision support for hyper-
tension have shown that standalone tools, even when 
accurate, are rarely adopted unless seamlessly embed-
ded into clinical workflows and accompanied by clear 
recommendations rather than abstract risk scores.26 
Importantly, human-in-the-loop designs, in which clini-
cians retain decision authority while being augmented 
by AI-generated insights, have been proposed as a 
pragmatic and ethically sound model for hyperten-
sion care.27 Regulatory and ethical considerations also 
shape methodological standards. Because hyperten-
sion disproportionately affects minorities, elderly, and 

socioeconomically disadvantaged populations, AI mod-
els trained on nonrepresentative data sets risk perpetu-
ating or amplifying existing disparities.28 Methodological 
frameworks increasingly recommend stratified perfor-
mance analyses and bias audits to ensure equitable 
model behavior across demographic subgroups. This 
concern has been echoed in recent consensus state-
ments on trustworthy AI in cardiovascular medicine, 
which emphasize transparency, accountability, and fair-
ness as core methodological principles.29,30 Method-
ological excellence in AI-driven hypertension research 
requires far more than algorithmic performance: robust 
ground-truth definitions, external and temporal valida-
tion, clinically meaningful end points, interpretability, 
workflow integration, and equity-aware design are all 
essential prerequisites for translation. Without adher-
ence to these principles, AI risks remaining an academic 
exercise rather than a transformative tool in hyperten-
sion care. Recent reports have also shown the applica-
tion of AI to pulmonary hypertension31–49 and to portal 
hypertension.50–54

NATURAL LANGUAGE PROCESSING 
AND EHR-DERIVED PHENOTYPING IN 
HYPERTENSION
EHRs are among the richest data sources for AI applica-
tions in hypertension, yet much of its clinically relevant 
content resides in unstructured free-text narratives 
rather than structured fields. Progress notes, discharge 
summaries, referral letters, and nursing documentation 
frequently contain essential information regarding life-
style behaviors, medication adherence, adverse drug 
reactions, psychosocial stressors, and clinician reasoning 
that is either incompletely coded or absent from struc-
tured data sets. Natural language processing (NLP), a 
core subfield of AI, has, therefore, emerged as a criti-
cal tool for unlocking this latent information and enabling 
more precise hypertension phenotyping.43

Early NLP applications in cardiovascular medicine 
focused on rule-based systems and keyword extrac-
tion, but these approaches proved brittle and poorly 
generalizable across institutions. More recent meth-
ods leverage ML and deep learning architectures, 
including word embeddings and transformer-based 
models, to capture semantic context and clinical 
nuance. In hypertension, NLP has been used to iden-
tify patients with undiagnosed or poorly controlled 
disease, extract longitudinal BP trends described nar-
ratively, and detect clinician-documented barriers to 
BP control, such as medication intolerance or socio-
economic constraints.

One of the most impactful applications of NLP in 
hypertension has been the identification of disease 
status and phenotypes that are not reliably captured 
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by diagnostic codes. International Classification of Dis-
eases codes for hypertension have limited sensitivity 
and specificity, particularly in patients with borderline 
BP values, masked hypertension, or intermittent eleva-
tions.55 Studies using NLP to analyze clinical notes have 
demonstrated improved case detection and more accu-
rate classification of hypertension severity compared 
with code-based approaches alone.56,57 Beyond disease 
identification, NLP enables the extraction of behavioral 
and contextual determinants of BP that are otherwise 
difficult to quantify. Diet, physical activity, alcohol intake, 
sleep quality, stress, and medication adherence are fre-
quently described qualitatively in clinician notes but rarely 
captured as structured variables.58,59 ML models incor-
porating NLP-derived features reflecting these domains 
have shown improved performance in predicting hyper-
tension onset and poor BP control. Of note, ML models 
integrating unstructured EHR data consistently outper-
formed those relying solely on structured variables.19,60,61

NLP has also been applied to longitudinal EHR data 
to model disease trajectories. Hypertension is not a static 
diagnosis but rather a progressive condition characterized 
by evolving treatment strategies, fluctuating BP control, 
and cumulative organ damage. NLP allows the extraction 
of temporal information such as treatment intensification, 
clinician concern about rising BP, or documentation of 
resistant hypertension, enabling dynamic phenotyping 
over time. Studies using temporal NLP frameworks have 
demonstrated the feasibility of identifying patients at risk 
for progression to resistant hypertension before formal 
diagnostic thresholds are met. The integration of NLP 
with large language models (LLMs) represents a recent 
and potentially transformative development. LLMs can 
summarize longitudinal clinical narratives, reconcile con-
flicting information across notes, and generate structured 
representations suitable for downstream ML tasks.62–67 
Early evaluations suggest that such models may sub-
stantially reduce the burden of manual chart review while 
preserving clinical nuance. However, concerns regarding 
hallucinations, bias, and reproducibility remain significant, 
particularly in high-stakes applications, such as hyper-
tension management, where incorrect inferences could 
lead to inappropriate treatment decisions.68,69 LLMs are 
currently better suited for summarization and phenotyp-
ing support than autonomous decision-making.

LLMs and small language models differ primarily in 
scale, capability, and deployment trade-offs. LLMs are 
trained on very large data sets with billions of parameters, 
enabling broad language understanding, complex rea-
soning, and strong generalization across diverse tasks, 
but they require substantial computational resources and 
infrastructure. In contrast, small language models use far 
fewer parameters and more limited training data, mak-
ing them faster, cheaper, and easier to deploy on edge 
devices or in resource-constrained environments,70 albeit 
with reduced linguistic breadth and reasoning depth.

From a clinical perspective, NLP-derived phenotyp-
ing has important implications for equity and population 
health. Social determinants of health, including housing 
instability, food insecurity, and limited access to care, are 
frequently documented narratively rather than in struc-
tured fields. NLP provides a mechanism to systemati-
cally capture these factors and incorporate them into risk 
stratification and care planning. This capability is particu-
larly relevant in hypertension, where social and environ-
mental factors play a major role in disease development 
and control. Ethical frameworks for AI in cardiovascu-
lar medicine increasingly emphasize the importance of 
leveraging unstructured data to avoid systematic exclu-
sion of vulnerable populations.

Despite its promise, NLP-based hypertension phe-
notyping faces several challenges.71 Clinical language 
varies across institutions, specialties, and individual clini-
cians, necessitating careful model training and validation. 
Data privacy concerns, computational requirements, and 
the need for continuous model updating further compli-
cate deployment. Nonetheless, the growing maturity of 
NLP methods and their demonstrated ability to extract 
clinically actionable information position them as a cor-
nerstone of future AI-driven hypertension care.

So, NLP enables a shift from code-based hyperten-
sion classification toward richer, context-aware pheno-
typing that better reflects real-world clinical complexity. 
By integrating narrative data with structured EHR ele-
ments, NLP-enhanced AI models offer a more compre-
hensive understanding of hypertension risk, progression, 
and treatment response, thereby supporting more per-
sonalized and equitable management strategies.

BP MEASUREMENT: LIMITATIONS OF 
OFFICE-BASED ASSESSMENT AND THE 
EMERGENCE OF AI-ENABLED CUFFLESS 
TECHNOLOGIES
Accurate BP measurement is foundational to the diag-
nosis and management of hypertension, yet it remains 
one of the most problematic aspects of clinical care. 
Conventional office-based BP measurements, despite 
their widespread use, are subject to substantial variabil-
ity arising from measurement technique, observer bias, 
patient anxiety, environmental context, and temporal fluc-
tuations. These limitations have long been recognized, 
but their implications become particularly consequential 
when office BP values are used as ground truth labels 
for AI models. As a result, AI systems trained on office-
based measurements risk learning noise rather than true 
physiological signals.

White-coat hypertension and masked hypertension 
exemplify the shortcomings of office BP assessment. 
White-coat hypertension, characterized by elevated 
clinic BP with normal out-of-office values, and masked 
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hypertension, in which clinic BP appears normal despite 
elevated ambulatory or home BP, are both associated 
with distinct cardiovascular risk profiles. Large obser-
vational studies and meta-analyses have demonstrated 
that masked hypertension carries a cardiovascular risk 
comparable to sustained hypertension, whereas white-
coat hypertension confers an intermediate risk. These 
phenomena undermine the reliability of clinic BP as a 
reference standard and pose significant challenges for 
AI-driven prediction and classification models.72–75

Ambulatory BP monitoring and home BP monitoring 
provide superior prognostic information compared with 
office measurements, particularly for predicting cardio-
vascular events and target-organ damage. Ambulatory 
BP captures circadian patterns, nocturnal dipping status, 
and short-term variability, all of which are powerful predic-
tors of adverse outcomes. AI models incorporating ambu-
latory or longitudinal home BP data have demonstrated 
improved performance in identifying high-risk hyperten-
sion phenotypes compared with models trained solely 
on clinic measurements. However, widespread adoption 
of ambulatory monitoring remains limited by cost, patient 
burden, and logistical constraints.76 The emergence of AI-
enabled cuffless BP technologies represents an attempt 
to overcome these limitations by enabling continuous, 
unobtrusive BP assessment (Table 2). These systems 
typically rely on surrogate physiological signals, such as 
photoplethysmography, electrocardiography, pulse tran-
sit time, pulse arrival time, or combinations thereof, with 
ML algorithms used to estimate BP values. Advances in 
wearable sensors and deep learning have accelerated 
development in this area, leading to growing interest 
from both researchers and commercial entities.77 Despite 
promising early results, cuffless BP estimation remains 
scientifically and clinically contentious. Many models 

demonstrate acceptable accuracy in controlled laboratory 
settings but perform poorly when applied across diverse 
populations, varying physiological states, or real-world 
conditions involving motion artifacts and environmental 
noise. A major challenge lies in calibration, as most cuf-
fless systems require periodic reference measurements, 
limiting their independence from traditional cuff-based 
devices. Interindividual variability in vascular stiffness, 
arterial geometry, and autonomic tone further complicates 
model generalizability. AI-enabled cuffless BP technolo-
gies are not currently guideline-endorsed for diagnosis 
or treatment titration, and consensus statements have 
emphasized that cuffless devices should not replace vali-
dated BP measurement methods in routine clinical care.78

From an AI perspective, the use of cuffless BP data 
introduces complex methodological considerations. 
Models trained to estimate absolute BP values may 
propagate systematic biases, whereas models focused 
on relative changes or trend detection may offer greater 
clinical utility. Some investigators have proposed that 
the primary value of cuffless technologies lies not in 
precise BP estimation but in identifying deviations from 
an individual’s baseline or detecting loss of BP control 
over time. This paradigm shift aligns with emerging con-
cepts of personalized longitudinal monitoring rather than 
population-based thresholds.79,80

Regulatory and validation frameworks for cuffless BP 
technologies are still evolving. Traditional validation proto-
cols were designed for cuff-based devices and may be 
ill-suited for AI-driven systems that adapt over time. Regu-
latory agencies and professional societies have called for 
standardized validation methodologies that account for 
demographic diversity, comorbid conditions, and real-world 
use scenarios. The lack of such standards remains a major 
barrier to clinical adoption and contributes to skepticism 

Table 2.  BP Measurement Modalities and Integration With Artificial Intelligence

BP measurement 
modality Data characteristics Role of AI Clinical advantages Major limitations Validation status

Office BP Sparse, episodic, 
protocol-dependent

Risk stratification; 
phenotyping

Widely available; guideline-
based

White-coat effect; masked 
hypertension; poor longitudinal 
resolution

Fully validated, but 
limited prognostic 
precision

Home BP 
monitoring

Repeated self-
measurements

Trajectory analysis; 
adherence detection

Better prognostic value than 
office BP

Patient technique variability; 
incomplete adherence

Validated for 
diagnosis and 
management

Ambulatory BP 
monitoring

Continuous 24-hour 
profiles

Circadian pattern 
analysis; phenotype 
classification

Strong outcome 
prediction; detects masked 
hypertension

Cost; patient burden Gold standard for 
out-of-office BP

Wearable 
physiological 
signals

High-frequency, real-
world data

Indirect BP trend 
modeling

Longitudinal monitoring; 
context awareness

Signal noise; motion artifacts; 
indirect estimation

Limited clinical 
validation

Cuffless BP 
estimation 
(AI-based)

Surrogate 
cardiovascular signals

BP estimation or trend 
detection

Potential for continuous 
monitoring

Calibration dependence; 
interindividual variability

Not recommended 
for routine clinical 
use

Longitudinal BP 
trajectories

Time-series BP data Variability and 
progression modeling

Captures disease dynamics Data completeness 
requirements

Supported in 
observational 
studies

AI indicates artificial intelligence; and BP, blood pressure.
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among clinicians.81 Equity considerations are particularly 
salient in this domain. Skin tone, peripheral perfusion, and 
vascular disease can affect photoplethysmographic sig-
nals, raising concerns about differential accuracy across 
racial and ethnic groups. AI models trained on nonrepre-
sentative data sets risk exacerbating disparities in hyper-
tension diagnosis and management if deployed at scale 
without appropriate bias assessment and mitigation strat-
egies.28 These concerns mirror broader discussions on 
fairness in digital cardiovascular health.

Although office-based BP measurement remains 
deeply entrenched in clinical practice, its limitations con-
strain both conventional care and AI-driven innovation. 
Ambulatory and home BP monitoring provide superior 
physiological insight but face implementation barriers. 
AI-enabled cuffless technologies offer an intriguing 
vision of continuous BP monitoring, yet substantial sci-
entific, methodological, and regulatory challenges remain 
unresolved. Future progress will depend on rigorous 
validation, transparency in algorithm development, and 
careful integration into clinical workflows, with a focus 
on augmenting rather than replacing established mea-
surement standards.

WEARABLES, LONGITUDINAL 
MONITORING, AND AI-GUIDED BP 
CONTROL
The increasing availability of wearable devices capable 
of continuous physiological monitoring has created 
new opportunities for AI to transform BP management 
from episodic assessment to longitudinal care. Unlike 
traditional clinic-based encounters, wearables gener-
ate high-frequency, real-world data streams that cap-
ture physiological variability across daily activities, sleep, 
stress, and environmental exposures. In hypertension, 
this shift from static to dynamic monitoring is particularly 
relevant, as BP regulation is inherently time-dependent 
and influenced by behavioral and contextual factors that 
are poorly represented in conventional clinical data sets.

Wearable devices commonly collect signals, such 
as heart rate, physical activity, sleep metrics, and 
photoplethysmography-derived pulse waveforms. When 
analyzed using AI methods, these signals can provide 
indirect insights into BP regulation and cardiovascular 
autonomic function. Several studies have demonstrated 
that ML models integrating wearable-derived features 
can identify individuals with uncontrolled hypertension 
or predict future elevations in BP with moderate to high 
accuracy. Importantly, these models often outperform tra-
ditional risk stratification approaches that rely on sparse 
clinic measurements alone.82–91

Longitudinal monitoring enabled by wearables 
allows for characterization of BP variability, a parameter 
increasingly recognized as an independent risk factor for 

cardiovascular events. Visit-to-visit and short-term BP 
variability have been associated with stroke, coronary 
disease, and mortality, independent of mean BP levels.92 
AI models applied to continuous or near-continuous 
wearable data can quantify variability patterns, identify 
abnormal trajectories, and detect early deviations from 
an individual’s baseline that may signal loss of BP control 
or poor adherence.12,93,94

AI has also been applied to wearable data to sup-
port treatment optimization and adherence monitoring. 
Changes in physical activity patterns, sleep duration, 
or heart rate dynamics following antihypertensive ther-
apy initiation can provide indirect markers of treatment 
response or adverse effects. ML approaches capable of 
integrating these signals over time may allow clinicians 
to distinguish true pharmacological nonresponse from 
poor adherence or lifestyle-related BP fluctuations.95–101

Despite these promising applications, several chal-
lenges limit the current clinical impact of wearable-based 
AI systems in hypertension. Data quality remains a major 
concern, as consumer-grade devices vary widely in sen-
sor accuracy, sampling frequency, and robustness to 
motion artifacts. Missing data, device nonwear, and user 
disengagement introduce biases that can degrade model 
performance over time. Moreover, most wearable-based 
studies have been conducted in relatively healthy, tech-
nologically engaged populations, raising concerns about 
generalizability to older adults, individuals with multimor-
bidity, or socioeconomically disadvantaged groups who 
bear a disproportionate burden of hypertension.

Integration of wearable-derived AI insights into clinical 
workflows represents another critical barrier. Clinicians 
face substantial cognitive and administrative burdens, and 
additional data streams risk exacerbating information over-
load unless translated into concise, actionable recommen-
dations. Studies evaluating clinician-facing dashboards for 
wearable data have shown that adoption depends heav-
ily on interpretability, relevance to decision-making, and 
alignment with existing care pathways. AI systems that 
merely report trends without clinical context are unlikely to 
influence hypertension management meaningfully.

Regulatory and ethical considerations further com-
plicate the deployment of AI-guided wearable systems. 
Many algorithms are continuously learning, raising ques-
tions about version control, reproducibility, and regulatory 
oversight. Additionally, wearable-derived data often origi-
nates outside traditional health care settings, creating 
challenges related to data ownership, privacy, and con-
sent. These issues are particularly salient in hyperten-
sion, where long-term monitoring may be required across 
decades of care.

Unfortunately, access to wearable technology is 
uneven, and reliance on such devices risks exclud-
ing populations with limited digital literacy or financial 
resources. AI models trained predominantly on data from 
wearable users may therefore underperform in precisely 
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those populations at highest cardiovascular risk.102 
Addressing this concern will require deliberate efforts 
to include diverse cohorts in wearable-based hyperten-
sion research and to design AI systems that complement, 
rather than replace, traditional care pathways.

Hence, wearable devices combined with AI offer a 
powerful framework for longitudinal BP monitoring and 
adaptive hypertension management. By capturing real-
world physiological variability, these systems have the 
potential to improve risk stratification, detect early loss 
of BP control, and support personalized treatment strat-
egies. However, substantial challenges related to data 
quality, workflow integration, equity, and regulatory over-
sight must be addressed before wearable-based AI can 
be fully integrated into routine hypertension care.

AI APPLIED TO CLINICAL TRIAL DATA AND 
POPULATION-LEVEL HYPERTENSION 
MODELING
Randomized clinical trials and large population-based 
cohorts represent some of the most valuable data 
sources for advancing hypertension care, yet their com-
plexity and scale pose analytical challenges that exceed 
the capabilities of traditional statistical approaches. AI 
offers powerful tools for extracting deeper insights from 
these data sets by modeling nonlinear relationships, 
high-order interactions, and heterogeneity of treatment 
effects. In hypertension research, AI-driven analyses of 
trial and population data have been increasingly used to 
refine risk stratification, identify responder subgroups, 
and simulate personalized treatment strategies.103–105 
ML approaches applied to clinical trials have included 
random forests, gradient boosting machines, and causal 
inference frameworks designed to estimate individual-
ized treatment effects; these methods attempt to move 
beyond average treatment effects toward precision 
hypertension, in which BP targets and treatment intensity 
are tailored to patient-specific risk profiles.106–111 These 
approaches can identify patient subsets with differential 
risk-benefit trade-offs, although prospective validation 
remains limited. AI has been extensively applied to large 
observational cohorts and real-world data sets to model 
hypertension prevalence, incidence, and outcomes at the 
population level.112,113 National health surveys, insurance 
claims databases, and EHR repositories provide longitu-
dinal data on millions of individuals, enabling ML models 
to detect patterns and trends that inform public health 
strategies; AI-based population models have been used 
to predict geographic variation in hypertension burden, 
forecast future prevalence under different intervention 
scenarios, and identify communities at heightened risk 
due to socioeconomic and environmental factors.114,115

A major advantage of AI in population-level hyper-
tension modeling is its ability to integrate diverse data 

sources, including clinical variables, demographic char-
acteristics, environmental exposures, and social determi-
nants of health. Studies incorporating neighborhood-level 
deprivation indices, air pollution data, and access to 
health care services have demonstrated improved pre-
diction of hypertension incidence and control rates com-
pared with models based on clinical data alone.116 These 
findings highlight the potential of AI to inform targeted 
prevention strategies and resource allocation.

Despite these advances, the application of AI to trial 
and population data raises important methodological and 
interpretative challenges. Clinical trial data sets are typi-
cally curated under strict protocols and may not reflect 
real-world populations, limiting the external validity of AI-
derived insights. Conversely, observational data sets are 
subject to confounding, missing data, and measurement 
bias, which can mislead ML models if not appropriately 
addressed.110,117 AI-driven subgroup discovery in trials 
may generate spurious findings unless guided by sound 
causal reasoning and subjected to rigorous validation.

Another emerging application is the use of AI to simu-
late hypothetical treatment scenarios and policy inter-
ventions at the population level. Digital twin models and 
counterfactual simulations have been proposed as tools 
to estimate the impact of alternative BP targets, medica-
tion strategies, or screening programs on cardiovascu-
lar outcomes.13 Although conceptually appealing, these 
approaches remain largely experimental and depend heav-
ily on the quality and completeness of underlying data.

Ethical considerations are particularly salient when 
AI is applied to population-level hypertension modeling. 
Decisions informed by such models may influence pub-
lic health policy, reimbursement, and access to care. If 
models are trained on biased or incomplete data, they 
risk reinforcing existing health disparities.118,119 What is 
needed is instead transparency, stakeholder engage-
ment, and ongoing monitoring of AI systems used in 
population health applications.

In summary, AI has expanded the analytical toolkit avail-
able for extracting value from hypertension trials and large-
scale population data sets. By uncovering heterogeneity 
of treatment effects, modeling complex interactions, and 
integrating multilevel determinants of health, AI has the 
potential to inform more nuanced clinical guidelines and 
public health strategies. However, careful methodological 
design, causal awareness, and prospective validation are 
essential to ensure that AI-derived insights translate into 
meaningful improvements in hypertension outcomes.

AI FOR THE PREDICTION AND 
PREVENTION OF INCIDENT 
HYPERTENSION
Preventing the development of hypertension represents 
a critical yet underdeveloped frontier in cardiovascular 
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medicine. Traditional risk assessment approaches rely on 
static factors such as age, body mass index, family his-
tory, and baseline BP, which capture only a portion of an 
individual’s lifetime risk. AI offers the potential to identify 
high-risk individuals earlier and more accurately by inte-
grating longitudinal, multidimensional data and modeling 
complex, nonlinear trajectories that precede the clinical 
onset of hypertension.29,120,121

ML models for predicting incident hypertension have 
been developed using a wide range of data sources, 
including EHRs, health surveys, wearable devices, and 
population registries.122,123 These models commonly 
employ algorithms, such as random forests, gradient 
boosting machines, and neural networks, to capture 
interactions among demographic, clinical, behavioral, and 
laboratory variables.

Longitudinal data play a central role in AI-based pre-
diction of hypertension. Rather than relying on single 
baseline measurements, ML models can incorporate 
temporal patterns of BP, weight change, physical activity, 
and metabolic markers to identify trajectories associated 
with future hypertension. Subtle increases in systolic BP, 
rising BP variability, and changes in heart rate dynamics 
often precede the clinical diagnosis of hypertension, sug-
gesting a window of opportunity for early intervention.92

The integration of wearable-derived data has further 
enhanced predictive performance in some models. Con-
tinuous monitoring of activity, sleep, and physiological 
signals provides context-rich information that reflects 
daily behaviors and stress responses influencing BP 
regulation. AI models leveraging these data streams 
have been able to identify individuals at elevated risk for 
hypertension who would not be flagged by conventional 
risk assessment tools. These findings support the con-
cept that hypertension risk is dynamic and modifiable, 
rather than fixed by baseline characteristics alone.124

AI also enables identification of specific hyperten-
sion phenotypes during the preclinical phase. Masked 
hypertension, stress-related BP elevations, and early 
autonomic dysregulation are often missed in routine care 
but can be inferred from longitudinal patterns detected 
by AI. Recognizing these phenotypes early may allow for 
targeted lifestyle or pharmacological interventions before 
sustained hypertension develops.

From a prevention standpoint, AI-driven risk prediction 
models have the potential to inform personalized inter-
vention strategies. Rather than applying uniform lifestyle 
recommendations to broad populations, AI could identify 
which individuals are most likely to benefit from specific 
interventions, such as weight loss, dietary sodium reduc-
tion, increased physical activity, or stress management. 
Early studies using ML to model response to lifestyle 
interventions suggest that personalized approaches 
may yield greater BP reductions than generic recom-
mendations, although robust prospective trials are still 
needed.125,126 Despite these advances, several challenges 

limit the current utility of AI for hypertension prevention. 
Many predictive models are developed and validated ret-
rospectively, raising concerns about overfitting and opti-
mism bias. External validation across diverse populations 
remains inconsistent, and few models have been tested 
in prospective interventional settings. Furthermore, pre-
dictive accuracy does not automatically translate into 
improved outcomes unless coupled with effective, scal-
able prevention strategies and patient engagement.

Ethical and equity considerations are especially impor-
tant in preventive applications. AI-based risk prediction 
could inadvertently stigmatize individuals or communities 
labeled as high risk, especially if underlying social deter-
minants are not addressed. Conversely, failure to include 
diverse populations in model development may result 
in underestimation of risk in groups already dispropor-
tionately affected by hypertension. Ethical frameworks 
for AI in preventive cardiology emphasize transparency, 
fairness, and shared decision-making to ensure that 
predictive tools support, rather than undermine, patient-
centered care.

AI has demonstrated considerable promise in predict-
ing the development of hypertension well before clini-
cal diagnosis, enabling a shift toward earlier and more 
precise prevention strategies. By integrating longitudinal 
clinical data, wearable-derived signals, and behavioral 
information, AI-based models can identify high-risk tra-
jectories and inform personalized interventions. Realizing 
this potential will require prospective validation, integra-
tion with preventive care programs, and careful attention 
to ethical and equity considerations.

AI FOR THE IDENTIFICATION OF 
SECONDARY HYPERTENSION
Secondary hypertension accounts for a minority of hyper-
tension cases overall, yet it represents a clinically critical 
subgroup because targeted treatment can be curative or 
substantially modify disease trajectory. Despite its impor-
tance, secondary hypertension remains markedly under-
diagnosed in routine practice, largely due to nonspecific 
clinical presentations, fragmented diagnostic pathways, 
and limited clinician awareness. AI offers a promising 
approach to improving detection by systematically ana-
lyzing complex clinical patterns that are difficult to recog-
nize through conventional evaluation alone.

Primary aldosteronism is the most common form of 
secondary hypertension and exemplifies the diagnostic 
challenges that AI may help overcome. Epidemiological 
studies suggest that primary aldosteronism affects a 
substantial proportion of patients with resistant or severe 
hypertension, yet the majority of cases remain undiag-
nosed. AI-based models leveraging EHR data have dem-
onstrated the ability to identify patients at high likelihood 
of primary aldosteronism by integrating laboratory values, 
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medication patterns, BP trajectories, and comorbidities. 
These models can flag candidates for confirmatory test-
ing earlier and more consistently than rule-based screen-
ing approaches.127,128

ML approaches applied to primary aldosteronism 
detection often use ensemble methods or penalized 
regression to account for correlated predictors and miss-
ing data. Variables such as hypokalemia, suppressed 
renin activity, resistant hypertension, and early onset dis-
ease contribute to model predictions, but AI systems can 
also detect subtler patterns, including medication esca-
lation trajectories and repeated borderline laboratory 
abnormalities.129,130

Beyond primary aldosteronism, AI has been explored 
for identifying other causes of secondary hypertension, 
including renal artery stenosis, chronic kidney disease–
related hypertension, and endocrine disorders such 
as Cushing syndrome and pheochromocytoma.8,131,132 
Although these conditions are less prevalent, delayed 
diagnosis carries substantial morbidity. AI models trained 
on large EHR data sets can integrate imaging reports, 
biochemical data, and clinical notes to identify patients 
with patterns suggestive of secondary etiologies who 
may benefit from targeted evaluation.

NLP plays a particularly important role in this context, 
as many diagnostic clues for secondary hypertension are 
embedded in unstructured clinical narratives. References 
to episodic symptoms, refractory BP despite adherence, 
or clinician concern about atypical features are often 
documented in free text rather than structured fields. 
NLP-enabled AI systems can extract these signals and 
incorporate them into predictive frameworks, enhancing 
diagnostic sensitivity without requiring additional clinician 
input.133

Despite encouraging results, several challenges limit 
the widespread adoption of AI for secondary hypertension 
detection. Prevalence is low for many secondary causes, 
creating a class imbalance that complicates model train-
ing and evaluation. False positives may increase down-
stream testing and health care costs if models are not 
carefully calibrated; furthermore, diagnostic labels used 
for training are often incomplete or inaccurate, reflecting 
real-world underdiagnosis rather than the true absence 
of disease.134 These factors necessitate cautious inter-
pretation of model outputs and reinforce the importance 
of human oversight.

Clinical integration is another major consideration. 
AI-based alerts identifying patients at risk for secondary 
hypertension must be presented in a manner that sup-
ports clinician workflow and decision-making (Figure). 
Systems that generate frequent or nonspecific alerts risk 
contributing to alert fatigue, undermining their intended 
benefit.12 Successful implementation will likely require 
integration with clinical pathways that specify recom-
mended next steps, such as targeted laboratory testing 
or referral to specialists.

Access to diagnostic testing for secondary hyper-
tension varies widely across health care systems and 
populations. AI tools that preferentially identify patients 
already engaged in care or with extensive laboratory 
testing may inadvertently widen disparities. Ensuring that 
AI-driven screening approaches are applied equitably will 
require careful attention to data representativeness and 
implementation context.135

Thus, AI offers a powerful means to improve the detec-
tion of secondary hypertension by synthesizing complex 
clinical information and highlighting patients who warrant 
targeted evaluation. Although early studies demonstrate 
promising diagnostic performance, translation into rou-
tine practice will depend on robust validation, thought-
ful integration into clinical workflows, and attention to 
ethical and equity considerations. When appropriately 
implemented, AI-driven approaches have the potential 
to substantially reduce underdiagnosis and improve out-
comes in this high-impact subgroup of patients.

AI-ENABLED BEHAVIORAL, ADHERENCE, 
AND THERAPEUTIC INTERVENTIONS IN 
HYPERTENSION
Behavioral factors and medication adherence are among 
the most important yet least reliably addressed deter-
minants of BP control. Lifestyle behaviors, such as 
diet, physical activity, alcohol consumption, sleep, and 
stress, profoundly influence BP regulation, while long-
term adherence to antihypertensive therapy remains 
suboptimal across health care systems. AI offers new 
opportunities to address these challenges by enabling 
personalized, adaptive interventions that respond to indi-
vidual behavior patterns and treatment responses over 
time.

AI-driven digital health interventions have been 
developed to support lifestyle modification in individuals 
with or at risk for hypertension.136 These systems often 
integrate data from smartphones, wearables, and self-
reported inputs to deliver tailored feedback, reminders, 
and educational content.137

ML algorithms can adapt intervention strategies based 
on user engagement, behavioral responses, and physio-
logical signals, thereby moving beyond static educational 
programs. For example, smartphone-based hyperten-
sion management platforms have used reinforcement 
learning models to adjust the timing and frequency of 
medication reminders according to individual adherence 
patterns, reducing notification fatigue while maintaining 
engagement.138,139 Similarly, remote BP monitoring pro-
grams integrated within health systems have deployed 
ML models embedded in EHRs to identify patients at 
risk of persistent uncontrolled BP and dynamically tailor 
outreach intensity (escalating from automated messages 
to pharmacist or nurse-led teleconsultations when home 
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BP trends fail to improve).140,141 Wearable-enabled inter-
ventions have also incorporated algorithms that analyze 
activity levels, sleep patterns, and heart rate variability 
to personalize lifestyle prompts, such as recommending 
brief walking sessions after detecting prolonged sed-
entary behavior or stress-related physiological changes 
associated with BP elevation.142,143 AI-enhanced 
approaches may achieve modest but clinically meaning-
ful reductions in systolic BP, particularly when combined 
with human support, as hybrid models allow clinicians to 
contextualize algorithm-driven adjustments and reinforce 
behavioral change.144

Medication adherence represents a critical target 
for AI-based interventions. Nonadherence contributes 
substantially to apparent treatment resistance and poor 
BP control, yet it is difficult to detect using routine clin-
ical data.145–150 AI models trained on prescription refill 
patterns, visit frequency, and longitudinal BP trends 
have been shown to identify patients at high risk for 
nonadherence. By distinguishing likely nonadherence 
from true pharmacological resistance, these models 
can inform more appropriate clinical responses, such 
as adherence counseling rather than medication esca-
lation.151 Conversational agents and chatbot-based 
interventions represent a growing area of interest in 

hypertension management. These systems use NLP 
to interact with patients, provide education, reinforce 
adherence, and support self-management behav-
iors.152–154 Randomized trials evaluating conversational 
agents for hypertension have reported improvements 
in medication adherence and patient engagement, 
although effects on BP reduction have been vari-
able.155,156 These findings suggest that AI-driven com-
munication tools may be most effective as adjuncts to, 
rather than replacements for, clinician-led care.157

AI has also been applied to optimize antihypertensive 
therapy selection and titration. Traditional treatment algo-
rithms are largely guideline-driven and population-based, 
offering limited personalization beyond broad comorbid-
ity categories. AI models trained on clinical trials and 
real-world data have been used to predict individual 
responses to specific drug classes, estimate the risk of 
adverse effects, and simulate alternative treatment strat-
egies. Such approaches aim to identify the most effective 
therapy for a given patient while minimizing trial-and-
error prescribing.

Decision support systems incorporating AI-generated 
recommendations have shown promise in improving BP 
control when integrated into clinical workflows. Systems 
that provide patient-specific treatment suggestions, 

Figure. Workflow diagram illustrating how an artificial intelligence (AI)-enhanced intervention in hypertension operates. 
BP indicates blood pressure; and EHR, electronic health records.
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highlight uncontrolled BP patterns, or prompt timely 
medication intensification have been associated with 
improved guideline adherence and BP outcomes in 
some studies. However, success depends heavily on 
clinician trust, interpretability of recommendations, and 
alignment with existing care processes.158 Despite these 
advances, several limitations constrain the current impact 
of AI-enabled behavioral and therapeutic interventions. 
Engagement with digital tools often declines over time, 
reducing long-term effectiveness. Many studies are of 
short duration and involve motivated participants, limiting 
generalizability. Additionally, AI systems that rely heavily 
on patient-generated data may exclude individuals with 
limited digital access or literacy, raising concerns about 
equity and scalability.159

Ethical considerations are particularly salient in this 
domain. Behavioral interventions powered by AI may 
influence patient choices in subtle ways, raising ques-
tions about autonomy, transparency, and informed con-
sent. Furthermore, the use of predictive models to identify 
nonadherence must be handled sensitively to avoid stig-
matization or erosion of trust. Ethical frameworks for AI in 
cardiovascular care emphasize the importance of shared 
decision-making and clinician oversight when deploying 
such tools.160 AI–enabled interventions targeting behav-
ior, adherence, and therapeutic decision-making hold 
significant promise for improving BP control. By per-
sonalizing interventions, detecting barriers to adherence, 
and supporting more precise treatment selection, AI can 
address key drivers of uncontrolled hypertension. Real-
izing this potential will require sustained engagement 
strategies, rigorous evaluation, and careful integration 
into patient-centered care models.

MULTI-OMICS, GENOMICS, AND 
PRECISION HYPERTENSION ENABLED BY 
AI
Hypertension is a biologically heterogeneous disorder 
arising from complex interactions among genetic sus-
ceptibility, molecular pathways, environmental exposures, 
and behavioral factors. Traditional clinical classifications 
based on BP thresholds fail to capture this underlying 
diversity, contributing to variable treatment responses 
and inconsistent outcomes. AI has emerged as a power-
ful tool for integrating multi-omics data and uncovering 
biological mechanisms that may enable a transition from 
population-based hypertension management toward 
precision medicine.

Genome-wide association studies have identified 
hundreds of genetic loci associated with BP regulation, 
yet the individual effect sizes of most variants are small, 
limiting their clinical utility when considered in isolation. 
AI-based approaches, including ML and deep learning, 
have been applied to large-scale genomic data sets 

to model complex gene–gene and gene–environment 
interactions that influence hypertension risk.161 Polygenic 
risk scores derived using advanced computational meth-
ods have demonstrated improved prediction of incident 
hypertension compared with traditional genetic risk mod-
els, particularly when combined with clinical and lifestyle 
factors.162 Transcriptomics, proteomics, and metabolo-
mics offer complementary insights into the molecular 
processes underlying BP regulation. AI methods are 
particularly well-suited to these high-dimensional data 
sets, where traditional statistical techniques struggle with 
multicollinearity and noise. Integrative analyses using ML 
have identified molecular signatures associated with salt 
sensitivity, vascular remodeling, and neurohormonal acti-
vation, providing potential targets for novel therapeutic 
interventions.163–170 These studies illustrate how AI can 
facilitate hypothesis generation and accelerate biological 
discovery in hypertension research.

Single-cell and spatial omics technologies have further 
expanded the scope of precision hypertension research 
by enabling cell-type–specific analysis of gene expres-
sion in vascular, renal, and cardiac tissues. AI-driven 
clustering and pattern recognition methods have been 
used to identify distinct cellular states and regulatory 
networks implicated in BP control.165 These approaches 
have revealed previously unrecognized roles for specific 
vascular smooth muscle cell phenotypes and renal tubu-
lar cell populations in hypertension pathogenesis.

AI has also been applied to link genetic variation with 
pharmacological response, an area of particular relevance 
for antihypertensive therapy.8,159 Pharmacogenomic 
studies using ML have explored associations between 
genetic profiles and response to drug classes such as 
beta-blockers, renin–angiotensin system inhibitors, and 
calcium channel blockers.171–175 Although results remain 
preliminary, these studies suggest that AI-guided phar-
macogenomics could eventually inform individualized 
drug selection and dosing strategies in hypertension.

Despite rapid advances, significant barriers remain 
to the clinical translation of AI-enabled precision hyper-
tension. Most omics studies are conducted in research 
cohorts that lack phenotypic depth, longitudinal follow-
up, or ethnic diversity.176,177 The integration of multi-omics 
data with clinical information is computationally and 
methodologically complex, and reproducibility across 
cohorts remains a concern. Furthermore, the incremental 
predictive value of omics-informed AI models over con-
ventional clinical models is often modest, raising ques-
tions about cost-effectiveness and scalability.178

Genetic and omics data sets disproportionately repre-
sent individuals of European ancestry, which may limit the 
applicability of AI-driven precision tools in more diverse 
populations.179,180 Without deliberate efforts to broaden 
representation, precision hypertension approaches risk 
exacerbating existing disparities in cardiovascular care. 
Ethical frameworks emphasize the need for transparency, 
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equitable data inclusion, and patient engagement in the 
development and deployment of genomics-informed AI 
systems.181

AI has substantially expanded the analytical capacity 
required to integrate multi-omics data and unravel the 
biological complexity of hypertension. By enabling the 
discovery of molecular pathways, genetic risk profiles, 
and potential therapeutic targets, AI supports the vision 
of precision hypertension.182 However, translation into 
routine clinical practice will require rigorous validation, 
diverse population representation, and a clear demon-
stration of clinical utility beyond existing risk assessment 
and treatment paradigms.

CLINICAL DECISION SUPPORT, ETHICS, 
EQUITY, AND IMPLEMENTATION 
CHALLENGES IN AI-DRIVEN 
HYPERTENSION CARE
The ultimate clinical value of AI in hypertension depends 
on its successful integration into decision-making pro-
cesses that improve patient outcomes without increas-
ing burden, bias, or inequity (Table 3). Clinical decision 
support systems represent the primary interface through 
which AI insights are translated into action, yet their 
effectiveness hinges on thoughtful design, transparency, 
and alignment with real-world workflows.183,184 In hyper-
tension care, where management decisions are frequent, 
longitudinal, and context-dependent, poorly implemented 
AI tools risk exacerbating alert fatigue, clinician skepti-
cism, and unintended harm.

AI-driven clinical decision support systems in hyper-
tension have been designed to assist with tasks such 
as identifying uncontrolled BP, recommending treat-
ment intensification, prioritizing high-risk patients, and 
supporting adherence monitoring.136 Decision support 
seems to be most effective when it delivers concise, 
patient-specific recommendations rather than abstract 
risk scores or probabilistic outputs.185,186 Clinician trust is 

strongly influenced by interpretability and perceived clini-
cal relevance, underscoring the importance of explain-
able AI approaches in this domain. Human-in-the-loop 
models are increasingly viewed as essential for the 
responsible deployment of AI in hypertension manage-
ment.187 Rather than replacing clinical judgment, AI sys-
tems are most effective when they augment clinician 
expertise by highlighting patterns, risks, or options that 
may not be readily apparent. This collaborative paradigm 
allows clinicians to contextualize AI recommendations 
within the broader clinical picture, incorporating patient 
preferences, comorbidities, and social factors that may 
not be fully captured by algorithms.

Ethical considerations permeate every stage of AI 
development and deployment in hypertension care; data 
privacy is a central concern, particularly as AI systems 
increasingly rely on continuous monitoring, wearable 
devices, and patient-generated data collected outside 
traditional health care environments.188,189 Transparent 
data governance, clear consent processes, and robust 
security measures are necessary to maintain patient 
trust and comply with regulatory standards.

Bias and fairness represent some of the most press-
ing ethical challenges. Hypertension disproportionately 
affects racial and ethnic minorities, older adults, and 
individuals of lower socioeconomic status.28,190 AI mod-
els trained on nonrepresentative data sets may under-
perform or behave unpredictably in these populations, 
potentially reinforcing existing disparities in diagnosis 
and treatment. Multiple analyses have demonstrated that 
algorithmic performance can vary significantly across 
demographic subgroups unless explicitly addressed dur-
ing model development and validation.191,192

Equity considerations extend beyond algorithmic bias 
to issues of access and implementation.193 AI-enabled 
hypertension tools often depend on digital infrastructure, 
wearable devices, or frequent health care engagement, 
which may be less accessible to vulnerable populations. 
Without deliberate design and policy interventions, AI-
driven care models risk benefiting already advantaged 

Table 3.  Ethical, Regulatory, and Equity Considerations in AI-Driven Hypertension Care.

Domain Core issue Potential risk Evidence-based concern Mitigation strategies

Data bias Nonrepresentative training 
data sets

Reduced accuracy in minority 
populations

Documented performance variation 
across demographics

Diverse cohort inclusion; 
subgroup validation

Transparency Black-box models Loss of clinician trust Limited interpretability impairs adoption Explainable AI; clinician-in-
the-loop systems

Privacy Continuous data collection Breach of patient confidentiality Wearables and EHR linkage increase 
exposure risk

Robust governance; 
consent frameworks

Clinical responsibility Algorithm-driven 
recommendations

Automation bias Overreliance may impair judgment Decision support rather 
than automation

Regulatory oversight Adaptive learning systems Inconsistent performance over 
time

Existing frameworks are not designed for 
evolving models

Postdeployment 
monitoring; version control

Health equity Differential access to digital 
tools

Widening disparities Unequal access to wearables and AI 
platforms

Hybrid care models; 
equity-focused evaluation

AI indicates artificial intelligence; and EHR, electronic health records.
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groups while leaving others behind.154 Equity-oriented 
frameworks advocate for inclusive data collection, com-
munity engagement, and evaluation of real-world impact 
across diverse settings. Regulatory and implementation 
challenges further complicate translation into routine 
practice.194 Many AI systems evolve through continuous 
learning, raising questions about version control, repro-
ducibility, and regulatory oversight.195 Existing medical 
device frameworks are not fully adapted to adaptive algo-
rithms, creating uncertainty for developers, clinicians, and 
health systems.194 In hypertension care, where long-term 
safety and consistency are paramount, these challenges 
must be addressed before widespread deployment.

Implementation science perspectives highlight that 
technical performance alone does not guarantee clini-
cal impact.196 Successful integration of AI into hyperten-
sion care requires attention to clinician training, workflow 
redesign, reimbursement models, and organizational cul-
ture. Studies of digital health interventions consistently 
demonstrate that systems co-designed with clinicians 
and patients are more likely to be adopted and sus-
tained.197 Clinical decision support systems powered by 
AI have the potential to enhance hypertension manage-
ment, but their success depends on ethical, equitable, 
and context-sensitive implementation.26,198 Human over-
sight, transparency, bias mitigation, and alignment with 
clinical workflows are essential to ensure that AI serves 
as a tool for improving care rather than a source of unin-
tended consequences.

Regulatory oversight of adaptive AI-based clinical 
decision support tools is rapidly evolving, particularly 
under frameworks developed by the US Food and Drug 
Administration for software as a medical device. Continu-
ously learning algorithms challenge traditional premar-
ket review models, which are based on static versions of 
devices, prompting consideration of lifecycle-based regu-
latory approaches that incorporate predefined change 
control plans, postmarket monitoring, and real-world 
performance surveillance.199 Clear guidance on account-
ability, documentation of algorithm updates, and transpar-
ency in performance across subgroups will be essential 
to ensure safety and maintain clinician and public trust. In 
addition, clinician training and AI literacy represent criti-
cal, and often underestimated, determinants of success-
ful implementation. Many clinicians receive limited formal 
education in data science, algorithmic bias, or model 
interpretability, which may hinder appropriate use or foster 
overreliance and skepticism. Structured educational ini-
tiatives, interdisciplinary collaboration, and integration of 
AI competencies into continuing medical education may 
help bridge this gap and promote responsible adoption.200

CONCLUSIONS
AI represents a powerful and rapidly evolving paradigm 
in hypertension research and clinical care. Across the 

continuum from risk prediction and early detection to 
phenotyping, treatment optimization, and long-term man-
agement, AI offers tools capable of integrating complex, 
longitudinal, and multimodal data in ways that surpass 
traditional analytical approaches. The literature reviewed 
herein demonstrates that AI tools can improve the pre-
diction of incident hypertension, enhance detection of 
secondary causes, support personalized behavioral and 
pharmacological interventions, and deepen biological 
understanding through multi-omics integration.

At the same time, this body of evidence underscores 
that most AI applications in hypertension remain at an 
early stage of translation. Many models are retrospec-
tively developed, inconsistently validated, and insuf-
ficiently evaluated in diverse real-world populations. 
BP measurement variability, data quality limitations, 
and challenges in workflow integration continue to 
constrain clinical impact. Importantly, the promise of 
AI will not be realized through algorithmic sophistica-
tion alone, but through rigorous validation, prospective 
evaluation, and thoughtful implementation grounded in 
clinical reality.

Ethical considerations, particularly those related to 
equity, transparency, and patient autonomy, must remain 
central as AI-driven hypertension care advances. With-
out deliberate efforts to address bias, representation, 
and access, AI risks perpetuating existing disparities in 
cardiovascular health. Conversely, when developed and 
deployed responsibly, AI has the potential to support 
more precise, proactive, and equitable hypertension care.

In conclusion, AI should be viewed not as a replace-
ment for clinicians or established guidelines, but as an 
enabling technology that augments human judgment 
and supports data-informed decision-making. Contin-
ued interdisciplinary collaboration among clinicians, data 
scientists, ethicists, and policymakers will be essential to 
translate AI’s promise into meaningful improvements in 
hypertension outcomes.
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