
The Science of Precision Prevention:
Research Opportunities and Clinical Applications to Reduce Cardiovascular Health 

Disparities

Thomas A. Pearson, MD, PhD, MPHa, Debbie Vitalis, MPH, PhDb, Charlotte Pratt, MSC, 
PhDb, Rebecca Campo, PhDb, Antonis A. Armoundas, PhDc, David Au, MD, MSd, Bettina 
Beech, DrPH, MPHe, Olga Brazhnik, PhDb, Christopher G. Chute, MD, DrPH, MPHf, Karina 
W. Davidson, PhDg,h, Ana V. Diez-Roux, MD, PhD, MPHi, Lawrence J. Fine, MD, DrPHb, 
Davera Gabriel, RNj, Peter Groenveld, MD, MSk, Jaclyn Hall, PhDl, Alison B. Hamilton, PhD, 
MPHm, Hui Hu, PhDn, Heng Ji, MA, MS, PhDo, Amy Kind, MD, PhDp, William E. Kraus, 
MDq, Harlan Krumholz, MD, SMr, George A. Mensah, MDs, Raina M. Merchant, MD, MSHPk, 
Dariush Mozaffarian, MD, MPH, DrPHt, David M. Murray, PhDu, Dianne Neumark-Sztainer, 
PhD, MPHv, Maya Petersen, MD, PhDw,x, David Goff, MD, PhDb

aCollege of Medicine and College of Public Health and Health Professions, University of Florida 
Health Science Center, Gainesville, Florida, USA;

bDivision of Cardiovascular Sciences, National Heart, Lung, and Blood Institute, National 
Institutes of Health, Bethesda, Maryland, USA;

cCardiovascular Research Center, Massachusetts General Hospital and Broad Institute, 
Massachusetts Institute of Technology, Cambridge, Massachusetts, USA;

dCenter of Innovation for Veteran-Centered and Value-Driven Care, University of Washington, 
Seattle, Washington, USA;

eUH Population Health, University of Houston, Houston, Texas, USA;

fJohns Hopkins Medicine, Institute for Clinical and Translational Research, Baltimore, Maryland, 
USA;

gInstitute of Health System Science, Feinstein Institutes for Medical Research, Northwell Health, 
New Hyde Park, New York, USA;

hFeinstein Institutes for Medical Research, Northwell Health, Manhasset, New York, USA;

iUrban Health Collaborative, Drexel Dornsife School of Public Health, Philadelphia, Pennsylvania, 
USA;

jBiomedical Informatics and Data Science Section, Johns Hopkins University School of Medicine, 
Baltimore, Maryland, USA;

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

ADDRESS FOR CORRESPONDENCE: Dr Thomas A. Pearson, Department of Epidemiology, University of Florida, 2004 Mowry 
Road, Gainesville, Florida 32610-0231, USA. tapearson@ufl.edu. 

The authors attest they are in compliance with human studies committees and animal welfare regulations of the authors’ institutions 
and Food and Drug Administration guidelines, including patient consent where appropriate. For more information, visit the Author 
Center.

HHS Public Access
Author manuscript
JACC Adv. Author manuscript; available in PMC 2024 February 19.

Published in final edited form as:
JACC Adv. 2024 January ; 3(1): . doi:10.1016/j.jacadv.2023.100759.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.jacc.org/author-center
https://www.jacc.org/author-center


kCenter for Health Care Transformation and Innovation, University of Pennsylvania Perelman 
School of Medicine, Philadelphia, Pennsylvania, USA;

lDepartment of Health Outcomes and Biomedical Informatics, Institute for Child Health Policy, 
College of Medicine, University of Florida, Gainesville, Florida, USA;

mCenter for the Study of Healthcare Innovation, Implementation & Policy, VA Greater Los Angeles 
Healthcare System, Los Angeles, California, USA;

nChanning Division of Network Medicine, Department of Medicine, Brigham and Women’s 
Hospital and Harvard Medical School, Boston, Massachusetts, USA;

oDepartment of Computer Science, University of Illinois Urbana-Champaign, Champaign, Illinois, 
USA;

pCenter for Health Disparities Research (CHDR), University of Wisconsin School of Medicine and 
Public Health, Madison, Wisconsin, USA;

qDuke Molecular Physiology Institute, School of Medicine, Duke University, Durham, North 
Carolina, USA;

rInstitute for Social and Policy Studies, of Investigative Medicine and of Public Health (Health 
Policy), Yale University, New Haven, Connecticut, USA;

sCenter for Translation Research and Implementation Science, National Heart, Lung, and Blood 
Institute, National Institutes of Health, Bethesda, Maryland, USA;

tFriedman School of Nutrition Science & Policy, Tufts University, Medford, Massachusetts, USA;

uOffice of Disease Prevention, National Institutes of Health, Bethesda, Maryland, USA;

vDivision of Epidemiology and Community Health, School of Public Health, University of 
Minnesota, Minneapolis, Minnesota, USA;

wDivision of Biostatistics, and UCSF-UC Berkeley Program in Computational Precision Health, 
School of Public Health, University of California-Berkeley, Berkeley, California, USA;

xUniversity of California-San Francisco, San Francisco, California, USA.

Abstract

Precision prevention embraces personalized prevention but includes broader factors such as social 

determinants of health to improve cardiovascular health. The quality, quantity, precision, and 

diversity of data relatable to individuals and communities continue to expand. New analytical 

methods can be applied to these data to create tools to attribute risk, which may allow a better 

understanding of cardiovascular health disparities. Interventions using these analytic tools should 

be evaluated to establish feasibility and efficacy for addressing cardiovascular disease disparities 

in diverse individuals and communities. Training in these approaches is important to create 

the next generation of scientists and practitioners in precision prevention. This state-of-the-art 

review is based on a workshop convened to identify current gaps in knowledge and methods 

used in precision prevention intervention research, discuss opportunities to expand trials of 

implementation science to close the health equity gaps, and expand the education and training 

of a diverse precision prevention workforce.
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The development of new types of data and data analytic tools promises new opportunities 

across the spectrum from preventive to curative medicine. Precision prevention has emerged 

with the aim to use data analytics to identify and provide the right preventive intervention 

for the right person or population at the right time and place. This approach moves from 

strategies based on average effects and risks to individual effects and risks.

As applied to the prevention of cardiovascular disease (CVD), there are many opportunities 

and challenges with the analysis of new types of individual and community data using 

qualitative and quantitative methods to develop more precise tools and strategies to prevent 

CVD. Although advances in cardiovascular prevention and care have led to a previous 

decline in CVD, the toll remains high. Reductions in age-standardized CVD mortality rates 

have stalled and even reversed in younger age groups, related to stagnant or increasing 

prevalences of cardiometabolic diseases such as obesity, diabetes, and hypertension with 

persistent geographic, economic, racial, and ethnic health disparities.1 Data science can 

potentially personalize prevention approaches in ways that could accelerate progress in 

addressing these and other health disparities. Thus, there is a timely need to test the efficacy, 

effectiveness, and implementation of precision prevention for health and health equity.2,3

These opportunities and challenges were the focus of a workshop on “The Science of 
Precision Prevention: Research Opportunities to Reduce Disparities in Cardiovascular 
Health” convened virtually by the National Heart, Lung, and Blood Institute (NHLBI) on 

December 5 to 7, 2022.4 The theme of the workshop aligns with several objectives in the 

NHLBI Strategic Vision.3 To develop this theme, the Workshop had 5 objectives:

• Convene investigators with diverse expertise in biological (basic, behavioral, 

population), clinical (ethics, disparities research, clinical trials, and 

implementation), and qualitative and quantitative (artificial intelligence (AI), 

biostatistics) sciences.

• Identify gaps in knowledge and methods as foci for future research and training.

• Discuss research opportunities and challenges that could potentially expand the 

number of trials that develop and test the application of precision data science 

tools.

• Expand ways to use precision prevention approaches to close the health equity 

gap.

• Explore ways to enhance the acquisition of precision prevention knowledge and 

skills in the training of the next generation of diverse researchers and other 

clinical and public health professionals.

This state-of-the-art review summarizes the information and discussions presented at the 

3-day workshop, which consisted of the following sessions/themes: Advances in Data 
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Science; Development and Validation of Tools and Their Applications; Application of Data 

Science in Interventions for Diverse Individuals and Communities; and Education and Skills 

Development and Training in Precision Prevention for a Diverse Workforce. The workshop 

also emphasized the convergence of data science and implementation science and the need 

to go beyond traditional approaches to embrace equity-focused, clinical- and community-

engaged implementation science. Each session included presentations from experts in the 

field and break-out/discussion sessions. A major goal was to define the state of precision 

prevention science and its best practices in research and training. Gaps in knowledge were 

identified as well as opportunities in precision prevention science research to address them. 

Trials employing precision prevention tools were discussed, along with study designs to 

address unmet burdens of CVD and the associated disparities in these burdens across 

communities.

DEVELOPMENT OF THE PRECISION PREVENTION CONCEPT

The focus on precision prevention builds on a prior JACC state-of-the-art review on 

precision health analytics5 which identified new sources and types of data from individuals 

and the application of analytical methods to create tools to support decisions by patients and 

clinicians in the well-established field of Precision Medicine. The review also identified new 

data resources and data science methods to create surveillance and health education tools 

for communities in the relatively newer field of Precision Public Health. Figure 1 presents 

the convergence of the multiple dimensions of Data Science, Precision Analytics, and 

Implementation Science, which includes health promotion, and system science approaches 

to create a more comprehensive body of knowledge, Precision Health. In this model, health 

promotion and disease prevention for conditions such as heart, lung, blood, and sleep 

disorders might be addressed at the individual, community, or a combination of levels.

This integration of individual- and community-level data, precision analytics, and 

implementation science supports current definitions of precision prevention.6–8 These 

expand the data types used in precision prevention to include “biologic, behavioral, 

socioeconomic, and epidemiologic data to describe and implement strategies tailored to 

reducing health conditions in specific individuals or populations.”6 precision prevention 

should be adapted to individuals’ or families’ differing economic or cultural circumstances.7 

Precision Prevention integrates public health with health professionals’ care by considering 

socioeconomic, psychological/behavioral, and environmental/cultural factors in creating 

programs to improve the quality of life of individuals and populations.8 The inclusion of 

social determinants of health (SDoH) in this framework recognizes the powerful effects of 

structural factors that influence health, such as related to geography, income, education, and 

structural racism. This integration8 underscores the opportunity for precision prevention 

to mitigate health disparities in individuals and communities. Figure 2 illustrates this 

integration of individual- and community-level data analytics, with implementation selecting 

the right intervention for the right person or community at the right time.

There are 3 integrating domains: Data Science, Analytic Sciences, and Implementation 

Science and Interventions (including health promotion), to develop a Conceptual Framework 

for the Workshop and for this Review (Figure 2). The Framework identifies recent advances 

Pearson et al. Page 4

JACC Adv. Author manuscript; available in PMC 2024 February 19.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



and opportunities in each of the 3 domains. Data Science provides a better understanding of 

the structure, function, meaning, and utilization of data and new data types such as SDoH 

and measures of diversity and disparities. Quantitative and qualitative methods offer many 

new methods to create tools to identify and quantify disease and risk.9 Implementation 

Science provides opportunities to define the feasibility, efficacy, and cost-effectiveness 

of new interventions, including their ability to promote health and reduce disparities in 

CVD risk factors in individuals and communities.10 A crosscutting theme is the education 

and training of the research and practice workforce to develop and apply advances in 

precision prevention. Opportunities likely remain in the interactions among domains, due 

to many investigators currently performing research limited to a single domain. New 

types of data and precision analytics should allow the creation of new intervention tools 

for implementation scientists, or the identification of the need for new data types, as 

opportunities for research expansion. The convening of experts in these 3 domains was 

an important goal of this workshop.

An example of precision prevention that was discussed at the workshop is Precision 

Nutrition.11 Large numbers of deaths from chronic diseases have dietary origins, and 

similarly large proportions of U.S. children and adults are exposed to and affected 

by poor nutrition with accompanying persistent or increasing nutritional and health 

disparities.11,12 At the same time, there is strong scientific evidence for current dietary 

recommendations and rich emerging science on new dietary approaches. This provides 

opportunities for data collection, integration, and interpretation for the development 

not only of personalized recommendations. This evidence also informs broad public 

health recommendations addressing environmental determinants of poor nutrition such 

as accessibility and affordability of healthy diets, and social and cultural preferences to 

increase food and nutrition security in order to reduce diet-related diseases in individuals, 

families, communities, and nations.13

This convergence of sciences (data, analytics, and intervention implementation) also 

provides challenges and opportunities to address CVD disparities known to exist in 

individuals and communities in the United States and worldwide. These advances must 

be viewed and implemented through a “Health Equity Lens” that recognizes that access 

to knowledge and information is not enough: health-related behaviors and risk factors are 

influenced by a complex, larger network of social, cultural, neighborhood, economic, and 

policy forces. People, providers, and communities need information that they can understand 

and use, and that is culturally and linguistically appropriate.14,15 Reducing health disparities 

requires questions to be asked when data science and implementation science are considered 

in creating a precision prevention program: “Who is represented in the data sets? What, 
when, and for how long are data captured in data sets? How might differences in data quality 
contribute to bias? Which assumptions are used in modeling and harmonizing data sets and 
how free are they of implicit and explicit bias? How do findings inform clinical and public 
health strategies? Who is reached and served and for what outcome?” To help address these 

important questions, this review provides opportunities to advance precision prevention and 

crosscutting themes of diversity, equity, inclusion, and accessibility. Below, we discuss the 4 

opportunities: Opportunities in Data Science to Advance Precision Prevention; Quantitative 

and Qualitative Analytics; Development, Validation, Implementation, and Application of 
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Data Science in Precision Prevention Interventions (including health promotion); and 

Education and Training of Investigators and Consumers in Precision Prevention Research.

OPPORTUNITIES IN DATA SCIENCE TO ADVANCE PRECISION 

PREVENTION

Recent developments in data sciences have made available new types and sources of 

data, improved data quality, and generated larger sample sizes inclusive of more diverse 

individuals and communities to better describe the exposome.16 At the same time, these 

new types and sources of data often have increasing dissimilarities, potential for bias, and 

lack of comparability and compatibility. In contrast to the genome, a measure of inherited 

and unchanging DNA variation, the exposome may be defined as the sum of exposures 

experienced by an individual over a life-time. A key objective of precision prevention 

is to understand and quantify how these exposures relate to health. The data types with 

the potential to describe an individual’s or community’s exposome might be classified 

as a combination of environmental, sociocultural, psychosocial, behavioral, and biological 

exposures, with subclassifications of these broad categories17 (Figure 3).

An accurate and detailed measurement of the characteristics of places (eg, where a 

person lives, works, shops, and plays) can contribute greatly to an understanding of the 

exposome. Place provides a critical context that predicts and can independently impact 

health beyond individual-level determinants. Concerning health disparities, community 

characteristics describe physical, social, economic, and policy environments and their 

many intermediaries affecting health (Figure 4). The understanding of gene-environment, 

epigenetic-environment, microbiome-environment, and other environmental interactions 

and effects is at an early stage but should be considered when constructing models of 

determinants of and intervention effects on health outcomes. Exposome measures can serve 

as independent risk factors over and above the individual-level factors. Descriptors of 

the exposome can be constructed from data on residents or characteristics related to the 

place of interest, such as access to health care, healthy or unhealthy food sources, use of 

land including greenspace, crime, and safety, redlining and other measures of structural 

racism, and/or levels of air pollution. These data may be available from personal monitors, 

administrative sources, surveys, or other observations of the place of interest.

Many factors (eg, environmental, sociocultural, behavioral) are external to the individual’s 

unique biology. To be impactful, these exposome measures must meet the FAIR criteria: 

Findable, Accessible, Interpretable, and Reusable.18 Cloud computing platforms such as the 

NHLBI BioData Catalyst19 accelerates the process of finding and accessing data and enable 

interrogating large-scale data resources in extensive collaborations.

The interoperability of these data requires the harmonization of data syntax (acceptable data 

structure and quality standards) and data semantics (understanding of the meaning of the 

data). The consistency and comparability of each data type allow standardization for their 

inclusion in local or centralized databases referent to diverse communities. Multidomain 

data harmonization has been demonstrated to be practical and scalable20 when a single 

“common data model” is chosen as the harmonization target, such as the OHDSI OMOP 
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data model.21 The many applications include the linkage and layering of data and data tools 

to assess health and risk for disease within and between individuals and communities over 

time.

A successful example of the amalgamation of data linked to place and time to quantify 

the social exposome is the Area Deprivation Index (ADI).22 This social exposome metric 

uses 17 measures of the SDoH available to rank exposures of neighborhood disadvantage 

across a small discrete geography (ie, a census block-group) in a single time period. The 

ADI is harmonized for the full U.S., allowing comparisons of exposures between localities 

or regions. This assignment of an exposome measure linked to an individual’s residence 

in a specific area at a specific time has been associated with physiologic and pre-clinical 

measures, health care costs, and disease risk.23 The Neighborhood Atlas22 which displays 

differences in the exposome is an example of data democratization, allowing groups of 

persons defined by place and time to identify and compare their risks.24 The value of such 

comparisons to assess health equity is many fold,14 with 1 practical application using it to 

adjust for economic challenges affecting access to high quality health care.25

As illustrated by the Neighborhood Atlas and many other studies, place and time are 

critically important data for the linkage and layering of components and levels of the 

exposome. Spatial information has long been used to report data, especially in the U.S., 

at the county or 5-digit zip code levels. However, these geopolitical or mail delivery areas 

are not standard in size and are often quite large and heterogenous. More geographically 

precise measures of social exposome provide better accuracy, prediction of health outcomes, 

and overall utility for real-world resource targeting and applications. These more geoprecise 

measures may require additional linkage techniques including geocoding and 9-digit zip 

code cross-referencing. The precision of social exposure measurements may also be 

improved by collection of geolocation data related to where people actually spend their 

time (rather than their home address). The residents’ perception of the quality of their place 

of residence may also assist in the assessment of its contribution to their health. Increasingly, 

a wide variety of tools including software for AI or Machine Learning are available to 

link addresses or 9-digit zip codes with health data (eg, Electronic Health Records), SDoH 

(including race/ethnicity, socioeconomic status, and population density, transportation), and 

access to health services (eg, rurality, provider density, etc). Likewise, many environmental 

exposomes are now available by geographic location (eg, air pollution [PM 2.5], agricultural 

exposures/pesticides, water pollution). Similar to the ADI, these geo-linked measures cannot 

only characterize the community, but also be used as an exposome measure at the individual 

level. Geospatial data should be scrutinized for biases in data selection, missing data, or data 

collection locations favoring well-resourced communities or population subgroups.

The workshop identified several research opportunities. 1) Considerable data remain 

in forms limiting their inclusion/analysis in large, inclusive datasets, or not viable for 

characterization of the exposome or definition of health outcomes. The risks in analyzing 

heterogeneous or unharmonized data such as clinical and genomic data should be better 

understood. Synergies between federated and centralized data repositories should be 

explored. 2) Current data science efforts to convert unstructured scientific, clinical, and 

sociocultural data to structural knowledge might use natural language processing, machine 

Pearson et al. Page 7

JACC Adv. Author manuscript; available in PMC 2024 February 19.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



learning, and other methods.9 The development of these data science methods must meet 

the syntactic and semantic harmonization standards to allow their applications to both 

individuals and communities.18 3) The influences of SDoH and demographic factors on data 

collection methods and systems need to be examined to assure health equity in precision 

prevention research and interventions (see Development, validation, implementation, and 

application of data science in precision prevention interventions section).

QUANTITATIVE AND QUALITATIVE ANALYTICS: OPPORTUNITIES FOR 

PRECISION PREVENTION

The rapid improvement in data sources, ie, data quality, new types of data, the inclusion 

of larger and more diverse populations, and linkage in space and time, has in turn 

created opportunities for new precision analytic tools (Figure 2). In parallel with these 

advances in data sources, precision analytics have involved quantitative and qualitative 

methods to develop diagnostic and prognostic tools.5 Large databases, such as Electronic 

Health Records, have been analyzed to objectively identify phenotypes (risk factors, case 

definitions) in many persons receiving healthcare services.

The availability of multiple longitudinal cohorts with similar baseline and outcome data 

have been especially strong contributors to the development of predictive models and 

risk scores in both individuals and communities. AI and Machine Learning have been 

used to improve risk prediction, for causal analysis to identify potentially intervenable 

determinants of risk, and for phenotyping for broad/heterogeneous and poorly understood 

diagnoses.9,10 Many other mathematical methods can be applied to large datasets with 

exposome and outcome data. One example of potential importance in disparity research 

would be mediation analysis, in which racial, ethnic, and geographic disparities could be 

analyzed as to which and how much specific factors account for the disparity, thereby 

defining and prioritizing targets for possible intervention. Some datasets may benefit from 

a systems science approach to its analysis. One product of these analyses would be tools 

which could be incorporated into interventions applicable to individuals and populations, 

and tested for efficacy, safety, and cost in implementation research studies.

With the availability of raw population-level data, orders of magnitude larger and more 

diverse than classic case-control or cohort research studies, various computer-driven 

statistical/machine learning methods can be applied to identify individuals with phenotypes. 

These computerized phenotypes can then be used either as risk factors/risk markers for 

a disease or for the definition of cases of disease (Figure 5).26 The larger size of the 

populations potentially accessed allows subgrouping of the population by age, sex, race, 

and other diversity characteristics as well as clusters of phenotypes that could be used with 

sufficient statistical power for precision prevention and meaningful risk comparisons. An 

important quality control feature of computerized phenotyping is identifying selection bias 

in subgroups, which could affect their inclusion as a case or an at-risk individual. Some 

phenotypes require sensitivity and specificity analysis against known cases and noncases 

before inclusion in larger databases.
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Predictive modeling has been another application for multiple kinds of data. Instead of using 

cross-sectional samples, these analyses have used data from longitudinal cohorts to create 

risk scores in individuals and in communities. The best-known example of a risk score 

is the Framingham Risk Equation from the NHLBI-supported Framingham Heart Study, 

pioneering the application of multiple regression analyses to include demographic (eg, 

age, sex), physical measurements (systolic blood pressure), laboratory measurements (total 

cholesterol, HDL cholesterol), and behavioral factors (cigarette smoking).27,28 A limitation 

of the Framingham Heart Study is its lack of a racially and ethnically diverse sample. The 

Framingham risk equations have been refined by adding data from several other cohort 

studies, creating the ACC/AHA Pooled Cohort Equations.29,30 These epidemiologic tools 

have been incorporated with clinical data such as imaging coronary artery calcium and with 

genomic data to provide a more comprehensive modeling tool for the assessment of CHD 

risk.31

A more recent variation of a predictive risk score illustrating the combination of data 

from diverse sources predicts health rather than disease: the CVH Score (AHA Life’s 

Essential 8).32,33 In addition to its primary outcomes of the absence of CVD, the CVH Score 

accessed data from 3 prospective cohort studies (recruited 1976–1989) and the 2005 to 2016 

National Health and Nutrition Education Surveys, which provided CVH metrics measured 

with the same questions. The risk score uses demographic and 8 CVH measures: physical 

measurements (blood pressure, body mass index), laboratory data (hemoglobin A1C, blood 

lipids), and health behaviors (nicotine exposure, physical activity, diet, and sleep) to create 

an overall CVH score. This model performs well in internal validation, but less well in 

external validation in different study populations using differing methods for measurement 

of CVH. Some retraining and validation are needed for specific research or clinical uses, but 

generally it has value in estimating overall CVH risk.34

Such predictive risk equations using aggregation of individuals’ data might also be used 

to assess the risk of communities, especially after customization to take into consideration 

various aspects of diversity (eg, rural vs suburban vs urban). Community-wide data such 

as level of SDoH or ADI, could be added to risk prediction equations calculating an 

individual’s risk score. This collective characterization and quantification of digital data can 

be used to assess the structure, function, and dynamics of an individual or population (Figure 

6).35 The customization of tools for diverse communities is of importance for community 

engagement. This may be facilitated by diversity in the team and its leadership who are 

designing the tools, as well as a community advisory board consisting of stakeholders. 

This advisory board may identify additional data sources that may be used to provide local 

adjustments of the tool, with an intentional focus on equity with attention paid to avoiding 

possible biases in the use of tools. The advisory board may also assess the level of technical 

sophistication required, allowing it to be adjusted to meet individual users’ needs.

AI has been used to analyze large, heterogeneous datasets for application to a wide range of 

research questions. Implementing AI tools requires developing trust in AI solutions (Figure 

7). Potential stakeholders would benefit from impartial, transparent, accountable, private/

secure, and reliable AI.10 Validation, regulatory approval, and stakeholder acceptance of AI 

technology will be necessary before its implementation in clinical or community settings.10
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Several recently developed mathematical applications show great promise for contributions 

to precision prevention. Mediation analysis, which is a subset of causal methods can be 

applied to identify and quantify the extent to which a single factor may be causally related 

to disease outcomes.36,37 Mediation analysis should clarify strategies to reduce confounding, 

the need and use of interaction terms, and assumptions of the analysis’ final model. Of 

particular interest in precision prevention is the description, rank-ordering of the relative 

strengths, and independence of individual factors in a multivariate risk model when applied 

to the disparity. The risk associated with race, ethnicity or place of residence can be 

broken down into the proportions mediated by potential intermediating factors. Individual 

SDoH, behaviors, comorbidities, and geospatial factors identified as causal mechanisms 

contributing substantially to disease risk could then be prioritized for their inclusion in 

individual or community-wide interventions.38 In addition, tools are needed to understand 

intervention effect heterogeneity and optimal assignment of interventions based on an 

individual or community characteristics. AI methods may be used for causal and mediation 

analyses of intervention effects and to identify the “right intervention for the right person at 

the right time.” Such methods could identify intervention effect heterogeneity and optimal 

assignment of prevention interventions in response to different forms of risk prediction.

DEVELOPMENT, VALIDATION, IMPLEMENTATION, AND APPLICATION OF 

DATA SCIENCE IN PRECISION PREVENTION INTERVENTIONS

Implementation Science, the study of methods to promote the adoption and integration 

of evidence-based practices, interventions, and policies into routine health care and 

communities, and its convergence with data science is long overdue. Importantly, all 

implementation science requires a careful assessment of the community’s research priorities, 

needs, and organizational readiness to change. The thorough identification of community 

needs, prioritization, and willingness to engage using the principles of community-

based participatory research is an important way to assure that prevention intervention 

implementation will be successful. It is also useful to address the targeted health issue as 

part of the intervention generation to identify barriers and social factors affecting adoption, 

adherence, sustainability, and satisfaction with the proposed intervention.

Precision prevention tools, including computerized phenotypes, risk equations/scores, AI 

output, and mediation analyses are the products of quantitative and qualitative analyses 

to optimize their functionality in the context of the data used to develop them. Yet, each 

tool requires further validation as feasible/acceptable and safe/efficacious when applied to 

real-world settings, including engagement of diverse individuals and communities (Figure 

2). Implementation science examines how to intervene to implement best practices.39 

Implementation typically targets one or more levels at which the best practices will 

be used, including individuals (patients or family members, or health care providers) 

or groups (clinics, hospitals/health systems). Community and/or societal factors, whose 

presence is suggested by variable implementation rates of the same guidelines, should 

be better understood as influences on guideline implementation across communities.39 

Implementation research may vary by the tool or intervention being assessed, the 

characteristics of the implementation team, and the nature of the implementation process 
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itself (Figure 8). The measures of implementation are usually the behavior change of the 

targeted group to elicit more healthy outcomes. It is emphasized that the target is not the 

condition or outcomes of the diseases under care, as already established as best practices 

by clinical trials. Rather, the target of analysis in implementation research is often the 

practices rather than the health outcomes, although hybrid designs are often used to study 

the two in tandem.40 Various measures of efficacy might be collected, including patient- 

or community-level behavioral measures of adherence/compliance, or process measures of 

care provision and outcomes of disease risk. The cost of the implementation, often related 

to its feasibility, might also be considered, and can also be an important product of an 

implementation research study.

The NIH Stage Model for Behavior Intervention Development describes the process of 

intervention generation and validation for implementing prevention interventions (Figure 9). 

Stage 0 consists of the basic science basis for the intervention, best described in a conceptual 

model of molecular pathways or mechanisms involved in health/wellbeing and disease/risk. 

For example, the personalization of a cardiovascular risk reduction plan might involve 

consideration of genetic, pharmacologic, and lifestyle behavior medicine (Figure 10). In the 

model, the efficacy of behavioral intervention may be influenced by the interaction with 

genetic predispositions, pharmacologic options, or the interaction of the two (Figure 10). At 

the community level, environment and SDoH may provide a similar model to interact with 

healthy lifestyles. This process involves mapping out behavioral, social, socioeconomic, 

and environmental exposomes. An assessment of community or organizational readiness 

in tandem with community members to address the targeted health issue is part of the 

intervention generation to identify barriers and social factors affecting adoption, adherence, 

sustainability, and satisfaction with the proposed intervention. The next stages at the 

individual or community levels would then require some testing of effectiveness, usually 

in clinical or community research settings. The intervention then would need individual or 

community engagement, through qualitative research in partnership with diverse community 

or organizational representatives or subpopulations of patients whose participation will be 

crucial to tailor the intervention for lifelong prevention intervention implementation.

Implementation studies have several important considerations, including to whom the 

intervention is being delivered (single participants, multiple participants individually, groups 

of participants, or organizations). The intervention could be delivered electronically or 

face-to-face, by a single agent (provider, therapist, etc), by a team of agents, or by 

different agents over time. Some of the questions to consider include: Will participants 
be individually assigned to study arms, or in a group (such as communities)? Will the 
intervention be delivered independently or nonindependently to participants? The responses 

to these questions may favor 1 study design over the other (Table 1).

The first group of study designs in Table 1 entails individual assignment and independent 

delivery. Individual assignment requires random or nonrandom assignment of individual 

participants to study arms. Independent delivery requires that participants receive the 

intervention individually rather than in a group format; it also requires that participants do 

not interact with other participants or with a shared intervention agent. The best-known 

design that includes these features is the randomized clinical trials (RCT) as in drug 
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trials where participants receive their medication individually, do not interact with other 

participants, and do not interact with a shared intervention agent.

The Multiphase Optimization Strategy studies are useful for building an intervention that 

has these features with several phases in which individual intervention components are 

identified. A conceptual model is developed for the mechanisms by which the intervention 

components are expected to affect the outcome.41 The components are tested individually 

and in combination to identify the most promising components, which are then incorporated 

into an optimized intervention to be tested with an RCT.

The Sequential, Multiple Assignment, Randomized Trials design uses adaptive interventions 

which has a sequence of prespecified rules and decision points to guide modifications of the 

intervention during the trial, usually with 2 or more stages of randomization at each decision 

point.42 This design is useful to identify a sequence of steps leading to the optimal outcome.

The Regression Discontinuity Design is helpful where randomization is not possible. It 

assigns participants according to a cut-off in a quantitative score and models the relationship 

between the assignment variable and the outcome.43 If analyzed correctly, it can provide 

evidence as strong as from an RCT.44

N-of-1 Trials randomize 2 or more interventions to single participants in a multiple cross-

over design.45 The design can be used to compare several interventions to identify that 

individual’s optimal intervention. All these designs involve independent assignment of 

participants and independent delivery of the intervention. When independent assignment of 

participants and independent delivery of the intervention is not possible, the parallel group 

or cluster-randomized trial design is optimal.46 Groups or clusters such as communities, 

worksites, schools, or clinics, are randomized to study arms. Observations in members of 

the same group or clusters will not be independent and will have a positive intraclass 

correlation. This should be considered during planning to adjust power and sample size.46

The Individually Randomized Group-Treatment Trials randomize participants to 

interventions but entail interaction among participants or with a shared intervention agent 

post randomization.46 Behaviors observed among members who interact with each other, or 

a shared intervention agent will not be independent and that needs to be considered during 

planning. Many study designs involving individuals (Multiphase Optimization Strategy, 

SMART, Regression Discontinuity Design) can be adapted to the assignment of groups or 

clusters.40,47

Finally, the Stepped Wedge Group Cluster-Randomized Trial starts with groups in the 

control condition with cross-over to the intervention in random order and stepped schedule, 

with all groups receiving the intervention before the end of the study. Observations from 

members of the same group will not be independent.46 Because of several difficulties with 

this design, it is recommended to be used only if a parallel group-randomized trial is not 

possible.

For implementation in widely diverse groups, it is important to confirm the 

generalizability and heterogeneity of intervention and implementation effectiveness through 
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community engagement. Prior analyses of the implementation of cardiovascular guidelines 

acknowledged that each intervention at the patient, provider, or clinic level is likely to be 

implemented in a unique setting which may impact its effectiveness even if implemented 

identically across settings.39 This requirement for diversity/equity/inclusion to demonstrate 

feasibility and efficacy may mitigate disparities in the later dissemination of guidelines. The 

replication of similar interventions in diverse settings would provide greater assurance that 

the benefits of the intervention are not biased or uneven, depending on who receives them.

The poor performance of a tool may elicit a search for additional data sources to improve 

the efficacy of the tool. An important question includes: Can precision prevention reduce 
disparities in cardiovascular risk in real world settings? Study design, data source selection, 

subject recruitment and participation, data collection, and statistical analysis should address 

critical questions in the planning stages. Who is represented in the data set to be used? 
What data are captured and for how long? What are the assumptions of the models and do 
they minimize bias? Who are reached and served, and for what outcome? How do findings 
inform clinical and public health practice and prevention? For individuals and communities, 

large and ongoing social inequities, as well as discrimination, probably contribute to the 

largest health disparities.

The uneven implementation and efficacy of preventive strategies and technologies likely 

also contribute. Data science has the potential to link patients more closely to health care 

providers via telemedicine and data portals, improving health behaviors via messaging, 

electronic coaching, and “nudges” which counteract implicit bias. Unique risk factors or a 

greater attributable risk of known factors in disadvantaged groups might be identified by AI 

or mediation analysis.

Can information technologies such as clinical decision support play a role in health disparity 

reduction by facilitating the implementation of evidence-based practices and policies in 

underserved individuals and communities?48 Likely the tools most widely implemented 

and validated in clinical care are the predictive models and risk scores, including those 

which incorporate clinical, imaging, and genomic data.30,31 An example of disparity 

mitigation in hypertension control is persistent hypertension identification from electronic 

health records.49 Another example of precision prevention addressing health disparities 

is the Sustainable East African Research in Community Health Program (SEARCH),50,51 

which addressed the issue that the people most in need of cardiovascular health services 

(eg hypertension detection and management) in rural East Africa were not engaging in 

clinic-based services as a one-size-fits-all model. The SEARCH approach expanded health 

campaigns and health worker services for HIV and other diseases to include hypertension 

and demonstrated a 21% reduction in population-level hypertension mortality in a cluster 

randomized trial.50,51 SEARCH is now evaluating a data-driven machine learning approach 

to tailoring hypertension services for individual needs leveraging community health workers. 

Several other analytic tools, notably the ADI and Natural Language Processing (a form 

of AI), are examples of clinical applications with promise to reduce health disparities, but 

require validation of efficacy and cost effectiveness.
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EDUCATION AND TRAINING OF INVESTIGATORS AND CONSUMERS IN 

PRECISION PREVENTION RESEARCH

An underlying premise of this Workshop is that precision prevention as a field must continue 

its evolution from observations/predictions to intervention and implementation to reduce 

the burden of diseases and related disparities. The Workshop’s Conceptual Model implies 

that expanding quality, quantity, and types of data along with the rigorous development of 

quantitative and qualitative analytical methods will set the stage for new investigators to 

construct and validate interventions that they can implement in real-world settings (Figure 

2).

The convergence of data science and implementation science should be included in the 

training of researchers and clinicians. The cross-cutting theme of Education and Training 

identifies at least 2 workforce requirements for the application of data implementation 

sciences, including health promotion interventions, to occur. First, there needs to be 

integration of the 3 domains (Figure 2) leading to the expansion of a research workforce 

producing novel and evidence-based methods easily utilized by clinicians, community 

leaders, and policy makers. The second need is the education and training of the clinicians, 

community leaders, and policy makers as consumers who understand the utility and 

potential impact of precision prevention interventions as applied to their patients and 

communities.

The strong demand for all types of data scientists has persisted for many years, with 

recognized workforce shortages in biostatisticians, informaticists, epidemiologists, computer 

scientists, applied mathematicians, interventionists, and those with clinical trial expertise. In 

addition, for those disciplines traditionally not intersecting with data science such as applied 

social scientists and implementation scientists, data science training will provide immense 

opportunities for precision prevention interventions supported with data science tools.

For all these disciplines, the current didactic education and mentored research training in 

each discipline may not include the knowledge, skills, and attitudes which would equip the 

trainee to contribute to the implementation of precision prevention science as part of their 

research and/or clinical career. An optimistic trend is the establishment of implementation 

science research units, certificates in clinical trials, and graduate degree programs. An 

important question is the extent to which these programs have didactic courses and mentored 

research in precision prevention science or can provide the level of quantitative or data 

science training needed to support a precision prevention paradigm.

Furthermore, addressing health disparities in all training efforts is crucial to ensure that 

interventions reach individuals and populations at greatest need. While it is crucial to 

address the broad SDoH factors (eg, poverty, racism), AI tools such as Large Language 

Models may help to identify and address the specific needs and goals of individuals and 

communities. Although AI tools may help determine the right treatment at the right time 

for individuals, it should be employed with vigilance to avoiding unintended harms for 

vulnerable populations. Additional tailoring of interventions to individuals and population 

groups with greater needs, may improve outcomes and reduce disparities.
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Given that engagement of community stakeholders can greatly increase the likelihood of 

developing and implementing interventions that meet the needs of communities, training 

on how to engage appropriate stakeholders in designing interventions, interpreting findings, 

and disseminating to larger population groups will be important. While some principles 

should be included across training for different groups, other aspects of training will need 

to differ in accordance with who is getting trained. For example, training programs for 

researchers interested in engaging in precision prevention research will need to provide skill 

development in areas such as multilevel observational research, intervention research, and 

appropriate analyses and implementation study designs. Considering the pace of this area 

of study, a specific focus on training that is adaptive and incorporates fundamental skills as 

well as insights from areas which are rapidly evolving will be important.

Training of clinicians interested in precision prevention should address SDoH, 

implementation science, clinical trial designs, biostatistics, and grant writing. Training 

of community stakeholders and policymakers should focus on democratizing precision 

prevention, clarifying the meaning of precision prevention vs precision medicine, and 

gaining community trust. Training needs in precision prevention will become clearer as 

this area develops further to improve the health of the public, and particularly those from 

historically marginalized backgrounds and those whose needs have not been adequately met, 

being the driving force.

The opportunities afforded by precision prevention training programs are considerable. This 

training emphasizes the benefits of multilevel approaches to understand broad SDoH and 

individual, genetic, and behavioral factors. Training for both observational (prediction) and 

interventional (disease prevention and health promotion) studies could be obtained. The 

inclusion of community engagement in training the workforce would favor more holistic 

research inclusive of all community segments, rather than those with greater resources and 

fewer needs, and recognize the heterogeneity and inequities within populations. The training 

should allow learning about and implementing novel analytic methods, and effective study 

designs, especially if tailored to individual trainees’ research projects. Such study designs 

would involve collaborations with investigators and trainees from diverse sociocultural 

backgrounds and a broader range of disciplines and methodologies. This newly acquired 

knowledge and skills should contribute to career development and opportunities for external 

funding, including NIH and nongovern-mental sources.

Training in emerging and cross-disciplinary sciences also brings challenges. The discipline 

of precision prevention needs to have a consensus on what it entails, as attempted in Figure 

2. The tension between individual vs community approaches is a healthy one, but broadens 

the knowledge and skills required. Privacy and other ethical issues should also be considered 

as the precision of data increases. There is a need for continuing education of established 

investigators in novel study designs and data analytic methods. The uncertainties of funding 

for precision prevention persist, requiring considerable development time and effort before 

the funding and initiation of study protocols. The costs of precision prevention knowledge 

and skill development for investigators and practitioners has not been explored, but the 

didactic and experiential learning of health care providers should be considered in light of 

the healthcare costs potentially reduced by mitigation of health disparities.
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Knowledge, skills, and abilities required for investigators and practitioners will be necessary 

to develop curricula and training programs in precision prevention. The 3 domains proposed 

in Figure 2 recommend the inclusion of data science, population sciences (ie, epidemiology, 

demography, exposome measurements, qualitative tools, sociology with recognition of 

health inequities and SDoH), analytical sciences (ie, biostatistics, computer science, clinical 

trial methods, machine learning and AI, applied mathematics), implementation science 

(ie, study design, intervention development, engagement of participating individuals and 

communities, implementation evaluation, outcomes assessment), as well as Research Ethics/

Protection of Human Subjects.

The coursework should emphasize the integration of domains to produce unique data 

sets, effective clinical and community-engagement tools, as well as culturally appropriate 

applications in real world settings. Additionally, engaging and training a diverse research 

workforce is paramount to moving precision prevention science forward as this will allow 

creative and diverse solutions to scientific challenges, foster scientific innovation, and 

enhance public trust necessary for working with vulnerable populations.

Another challenge is the education and training of healthcare providers, community leaders 

and change agents in applying precision prevention research. This group also includes 

policymakers who might provide legislative support for precision prevention interventions. 

The means to identify individuals and communities with elevated risks begins the precision 

process, ie, the identification of the right recipient for the right intervention at the right time.

The identification of data sources should include what each has to offer. The different 

approaches to prevention in individual vs communities should be understood. The basic 

tenets of diversity, inclusion, and equity should be operative. The tailoring of the preventive 

approaches should be emphasized for high-risk individuals and communities with different 

needs, cultures, and resources. The feasibility and effectiveness of precision prevention 

research studies should be relatable to other high-risk individuals or communities. Basic 

skills to successfully build partnerships with community leaders and members to promote 

community participation in research should be part of the training of all research team 

members. Sources of data, expertise, and financial resources should be identifiable in the 

local setting. Workshops and other forms of curricula should be tested and made accessible 

to stakeholders.

SYNTHESIS OF OPPORTUNITIES FOR PRECISION PREVENTION

The Central Illustration depicts the various components of precision prevention for Precision 

Health, relevant to both Precision Medicine in individuals and Precision Public Health 

in communities.1 Crosscutting themes identified in this Workshop include processes to 

integrate data and implementation sciences, and interventions to address health disparities.

The Workshop also addressed gaps in data sources, quantitative and qualitative analysis 

methods, validated interventions, and study methods and design for studies on intervention 

feasibility and effectiveness. A list of research training opportunities were also identified in 

the Workshop.4
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Finally, what would an ambitious, high-risk/high reward precision prevention research 

program (aka Moonshot Trial) look like? Given the considerations of this workshop, the 

conditions most worthy of deliberation would be those with poor outcomes and those 

that are amenable to prevention. While the underlying disease burden may be a factor, 

an important characteristic would be demonstrated disparities in subpopulations and/or 

communities. Also for consideration are the 3 domains from the precision prevention 

Conceptual Model (Figure 2). Research questions for “moonshot trials” would include the 

following: Can data be accessed? What qualitative and/or quantitative analytic methods can 
be used to identify unique risk predictors or outcomes? Can AI methods be used in novel 
databases to create better measures of risk or outcomes? Can a precise intervention be 
developed? Can implementation science methods be used to demonstrate the feasibility 
of the intervention and its effectiveness in reducing the burden and disparity of the 
condition? The trial components would likely begin with identification and participation 

of a population, or clusters of communities at increased risk for the target CVD condition.

The study population should have an increased CVD risk (eg, certain dietary, other adverse 

lifestyle, epigenetic, social determinant, and/or other exposome factors). Additionally, 

analytic methods could be used to help identify communities or individuals at high risk. 

Analytic methods may be available or developed with or without validation to assess risk or 

change in risk over time, for application as a decision-making tool to build an intervention in 

the high-risk individual or community, particularly those with health disparities.

The implementation science study would have several goals: implementation of the 

intervention inclusive of most individuals or communities, improvement of measures of 

intermediary risk reduction over the short term, reduction of CVD outcomes in the 

individuals and/or communities participating in the intervention and demonstrated reduction 

or elimination of the disparities of CVD outcomes as described before the intervention. 

The specific study design will vary widely depending on the research questions, condition, 

individual vs community-level participation, the intervention selected for testing, and the 

outcomes measured. Studies with the same design and similar participants performed in 

different settings (eg, clinical vs community, different target populations, with various 

SDoH, etc) might be necessary to fully understand the generalizability, feasibility, and 

effectiveness of the intervention on the condition.

CONCLUSIONS

This report of a Workshop4 entitled: “The Science of precision prevention: research 
Opportunities and Clinical Applications to Reduce Disparities in Cardiovascular Health” 
reviews the state of the science and best practices for Precision Prevention Research. 

Investigators with diverse expertise in biological, clinical, quantitative, and public health 

sciences identified expanding opportunities to describe better the exposome in large 

populations in a manner that recognizes and advances diversity, equity, and inclusiveness.

The wealth of new data that are increasingly becoming available can be used in qualitative 

and quantitative analyses to create new estimates of individual or community risk and 

other tools that support clinical decisions, community policies, or other interventions. 
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These data and tools must advance the state-of-the-art beyond prediction to prevention, 

in which interventions can demonstrate changes in individuals’ or communities’ behaviors 

and burdens of disease. Implementation science methods and clinical trials are needed 

to validate that prevention goals and outcomes can be attained, and that they can be 

implemented in diverse groups and lead to sustainable improvement in health and reductions 

in health disparities. A larger, well-trained, and diverse scientific workforce with knowledge 

and skills to expand precision prevention research is needed. Likewise, practitioners in 

clinical medicine and in public health require knowledge and skills to co-create and apply 

appropriate, effective precision prevention practices at the right time in the right individuals, 

families, and communities (Figure 1).
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HIGHLIGHTS

• Cardiovascular risk assessment and prediction needs to progress to risk 

intervention and reduction.

• Opportunities for precision prevention are enhanced by new data sources, new 

analytic methods, and new applications such as implementation science and 

health promotion.

• Precision prevention can develop and validate interventions tailored to 

individuals or communities at high risk.

• Cardiovascular precision prevention implements the right intervention in the 

right individual/community at the right time.
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FIGURE 1. 
Precision Health as the Data-driven Merger of Precision Medicine and Precision Public 

Health
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FIGURE 2. 
Intersection of 3-Dimensions as the Conceptual Framework for Precision Prevention
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FIGURE 3. 
The National Institute of Minority Health Research Framework Including Domains and 

Levels of Influence
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FIGURE 4. 
Conceptual Model of Pathways in Which Residential Segregation Can Lead to Poor Health 

Outcomes
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FIGURE 5. 
Methodological Challenges in Health Studies of Spatial and Contextual Exposomes
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FIGURE 6. 
Role of NIH BioData Catalyst Consortium Using Data Harmonization to Discover 

Diagnostic Tools and Therapeutic Options
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FIGURE 7. 
Stakeholders and Benefits of Trustworthy Artificial Intelligence/Machine Learning in Health 

Care
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FIGURE 8. 
Modified Consolidated Framework for Implementation Research for Studying Process 

Design
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FIGURE 9. 
The NIH Stages Model of Behavior Intervention Development
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FIGURE 10. 
Interaction of Genetics and Pharmacology in Personalized Lifestyle Medicine
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CENTRAL ILLUSTRATION. 
Dimensions of Precision Prevention
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TABLE 1

Designs Applicable for Precision Prevention Intervention Studies

Individual assignment and independent delivery

 Randomized clinical trials

 Multiphase Optimization Strategy Trials (MOST)

 Sequential Multiple Assignment, Randomized Trials (SMART)

 Regression Discontinuity Design (RDO)

 N-of-1 Trials

Assignment of groups or nonindependent delivery

 Stepped wedge group-or-cluster randomized-trial

 Individually randomized group-treatment trial Groups or cluster-based MOST, SMART, and RDD trials
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