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ABSTRACT
Introduction: Cardiovascular diseases (CVDs) are chronic, heterogeneous diseases which are generally
classified according to clinical presentation. However, the arrival of big data and analytical methods
presents an opportunity to better understand these disease entities.
Areas covered: This review article highlights: (1) the potential of a big data approaches with emerging
technology to explore the heterogeneity of CVDs; (2) current challenges of a big data approach; and (3)
the future of precision cardiovascular medicine.
Expert commentary: Overall, most of the current data utilizing big data techniques remain largely
descriptive and retrospective. Precision medicine, or N-of-1, approaches have not yet allowed for con-
sistent interpretation since there is no ‘standard’ of how to best apply treatment approaches in a field
where evidence-based medicine is based largely on randomized controlled trials. The risk score and
biomarker-based approaches have been utilized with some ‘validation’ studies, but more in-depth
biomarkers (i.e. pharmacogenomic biomarkers) have failed to demonstrate incremental benefits.
Exploring novel CVD phenotypes by integrating existing medical variables, multi-omics, lifestyle, and
environmental data using artificial intelligence is vitally important and may allow us to digitize future
clinical trials, potentially leading to novel therapies.
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1. Heterogeneous cardiovascular diseases

Cardiovascular diseases (CVDs) are chronic, heterogeneous
diseases that have generally been identified and categorized
into phenotypes according to their clinical presentation.
However, due to the complexity of chronic CVDs, it is likely
that multiple independent etiologies manifest similarly in the
clinic. This ultimately results in differing responses to standar-
dized treatment regimens, which are derived from broad dis-
ease characterizations. Understanding the reasons for these
differences presents an avenue through which to improve
patient care. Although the heterogeneous pathophysiology
of CVDs has been extensively studied, the emergence of new
analytical methods drawn from the statistical and computer
science communities presents a powerful tool for better
understanding. CVDs are associated with multiple phenotypes
that result from genetics, metabolomics, environmental, and
behavioral or lifestyle perturbations [1,2]. Hypertension, atrial
fibrillation (AF), heart failure with preserved ejection fraction
(HFpEF), Takotsubo syndrome, Cardiorenal syndrome, and
spontaneous coronary artery dissection are known to be het-
erogeneous in their etiology and pathophysiology, and differ-
ent phenotypes may respond to treatment in different ways
[3–7]. Most clinical research studies are based on current
clinical diagnosis and known validated parameters to investi-
gate endpoints or outcomes. However, many parameters are

not well-validated, and there are some emerging variables or
combinations of variables that could potentially be used as
guided parameters for prognosis and treatment in order to
replace older metrics [8–10]. The diagnostic criteria of diastolic
dysfunction or HFpEF, for example, are not well-defined, and
the guidelines have varied over time [8,11]. Recent studies
have demonstrated that an artificial intelligence (AI) method
involving high-dimensional unsupervised clustering may have
the potential to classify heterogeneous clinical CV conditions
more accurately than current diagnostic criteria [6,12].

2. Big data and precision medicine: where we are

The zeitgeist of the information age may be the use of so-
called ‘big data’ to analyze, interpret, and alter the human
condition. Biomedical science, and cardiovascular medicine,
in particular, is at the forefront of this movement. Central
components of the use of big data are effective strategies
for the challenges of storing, managing, and analyzing a multi-
tude of large of datasets. The term ‘big data,’ used in modern-
day scientific communities, medical literature, and at scientific
conferences, is frequently referred to as the 5 Vs (volume,
velocity, variety, veracity, and valorization), which cannot be
analyzed or interpreted using traditional data processing
methods [13]. However, the definition of big data is still
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tenuous and not well-established. Datasets do not necessarily
need to be a large number of observations, but they may be
considered ‘big data’ due to the potential of the data in the
context of innovation, how meaningful it is, if it is multidimen-
sional, and how its value will increase over time [14]. Examples
of big data include datasets combining human gut micro-
biome sequencing, genomics, metabolomics, proteomics,
transcriptomics, social media data, and data from standardized
electronic health records (EHRs) or precision medicine plat-
forms (e.g. AHA Precision Medicine Platforms or the UCSF
Precision Medicine Platform) [15,16]. Several decades of trans-
lational, epidemiological, and clinical multiethnic studies of
CVDs have been found to be largely inconsistent. With emer-
ging analytic technology, a big data approach would attempt
to classify heterogeneous CVDs that could facilitate precision
CV medicine [17]. To date, many curated and uncurated med-
ical and environmental databases are freely available to the
public which could be used for data analysis. Tables 1–3
demonstrate both known variables (i.e. clinical variables,
genetics or multi-omics variables) and potential latent vari-
ables, including environmental factors (i.e. media consump-
tion, transportation use, restaurant selection, or illicit drugs
use), epidemiological factors (i.e. Google Flu Trends) may be
explored in CVDs. Some particularly exciting resources for
precision medicine are the so-called ‘biobanks.’ These are
mass collections of biomedical specimens which may be
linked to retrospective EHRs in order to facilitate a wide variety
of retrospective analyses [18]. Well-curated biobanks like
Mount Sinai’s BioMe, Vanderbilt’s BioVU, Northwestern’s
NUgene, Penn Medicine’s BioBank, Stanford Cardiovascular
Institute’s Biobank (SCVI) and GenePool, or more recently the
massive UK BioBank (n = 500,000 patients) are exciting oppor-
tunities for biomedical discovery in precision medicine, and
they can be accessed by various innovative actors, public and
private, throughout the world. However, drawbacks for this
research are the often limiting data usage agreement policies
for these resources, which in some cases (i.e. Mount Sinai’s
BioMe), only allow use by faculty members from the partici-
pating institutions. As such, much of the research potential
from these important biobanks are siloed away, unable to
fulfill their great potential. A novel method of collecting big
data is using mobile health apps. Studies like MyHeart Counts
[19], Health eHeart [20], MyGene Rank [21], and the Apple
Heart Study [22] have used the app store as a recruitment
tool and iOS applications for data collection; using such an
approach, it is not uncommon to recruit as many as ~105

participants. Many such studies are designed to have an
open data portal accessible to qualified researchers [23–25].
Other study apps, like VascTrac, are applied to patients popu-
lated in a clinical setting [26]. In contrast, resources containing
uncurated or unprocessed big data are much harder to use,
but the application of big data into clinical decision-making
using emerging techniques drawn from the field of AI,
machine learning (ML), or deep learning (DL) has the potential
to transform the current practice of cardiovascular health
(CVH) into precision medicine [17,27,28]. Big data analysis
using AI allows us to classify heterogeneous CVDs into more
precise phenotypes of CVD, leading to personalized, targeted
therapy [29]. To date, big data holds great promise for

solutions in CV research in various aspects. First, big data can
be used to allow integration of EHR, multi-omic data, gut
microbiome sequencing, diet consumption diaries, physical
activity information, sleep habit information from wearable
technology, and emotional sentiments from social media
posts to determine the multidimensional associations
between these factors [30,31]. Second, the relationships
between variables from big data tend to show nonlinear
relationships, which require an advanced tool like AI for
sophisticated analysis. However, the main limitation of a big
data approach is the heterogeneity of multiple databases (i.e.
different ICD code versions, different diagnostic criteria, differ-
ent laboratories, and different software vendors) [32,33].
Therefore, the harmonization of data, particularly from differ-
ent databases, is needed before performing an analysis and
creating an automated prediction model for CVH recommen-
dations for individuals. In conclusion, a big data approach to
the study of heterogeneous CVD is currently challenging but
appears promising. Thus, future AHA/ACC/ESC guidelines may
be needed to take a big data approach into account.

3. Data processing step

In general, there are several steps required to apply big data
to cardiovascular medicine (Figure 1). First, and most impor-
tantly, the discovery of datasets pertinent to the task at hand
is required. This may include searching the wide variety of
databases that are already available (Tables 1–3). De-identifi-
cation is a crucial step for data privacy to protect patient
information according to the HIPAA Privacy Rule, although
this should generally be performed before the data is released
[34]. Nonetheless, researchers re-using data have an obligation
to maintain the confidentiality of any patient records they may
analyze and to take appropriate steps to safeguard their data.
Second, synchronization between different databases can gen-
erate new insights of disease pathogenesis, particularly het-
erogeneous diseases [35]. There are many data warehouse
management tools that can be used to assist with database
integration such as Google’s visualizer [36], Galaxy [37], Spark
SQL [38], Amazon Redshift [39], BIME Analytics [40], and
Google BigQuerry [41]. However, there are certain limitations.
First, the integration between different databases, particularly
those including clinical variables and lifestyle variables, is still a
limitation because of the heterogeneity in any number of
variables which may be shared among those databases. For
example, participant IDs (or even participants) are usually not
shared across different freely available resources – in many
cases, this makes patient-level analyses impossible. Second,
these datasets have generally not been designed to work
well together in the context of file format, columns/rows,
transformation, or distribution. Third, some databases such
as toxicology or metagenomics are designed primarily for
the experts in those fields using specific terminology which
may be hard to explore or combine without publicly available
resources such as wiki-style websites. Fourth, data imputation
is a quality control step that can be applied to improve data
quality and accuracy after analysis [35,42,43]. Fifth, data mod-
eling is a common term used in ML [44]. It is a model that
needs to be generated. In general, the implementation of
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existing models (algorithms) is commonly used, as it is much
easier and sufficient algorithms already exist which may be
applied to important problems. Finally, an exploratory analysis
is based on data-driven hypotheses rather than investigator-
driven hypothesis [45]. For example, there have been papers
showing clustering of phenotypes (phenomapping) [6], there
are papers using systems biology methods to look at distinct
endophenotypes [46], and there are also papers dissecting out
response predictors with patterns [47].

4. Current challenges

It is important to delineate some of the challenges of imple-
menting a big data approach in cardiovascular medicine. First,
integrating big data into clinical trials is challenging because
clinical trials are usually designed under ideal conditions,
among select patients, and monitored by highly qualified
physicians [48]. In order to perform analysis using big data
with traditional statistical methods could be difficult. Smart
clinical trials that are guided by AI to recruit patients (e.g.
Deep 6 AI), do dynamic matching (e.g. SYNERGY-AI;
NCT03452774), or to do direct targeted therapy are also pro-
mising [49]. Second, heterogeneity and disparities of different
datasets can be challenging to utilize. Third, latent variables
might have been ignored in those heterogeneous diseases in
previous studies. Briefly, latent or unknown variables can be
categorized into hidden medical variables and lifestyle vari-
ables. Hidden medical variables could act as new parameters
to characterize accurate myocardial function, novel serum
metabolites, or new parameters for subclinical arteriosclerosis
[9,10]. HFpEF, for example, could potentially be subcategor-
ized into more mechanistically and molecularly homogenous,
discrete genotypes, phenotypes, and etiologies [6,11]. Lifestyle
variables are often quite novel because most studies have not
included high-definition lifestyle variables in their analyses
[50]. However, integrating deeply phenotyped lifestyle factors
into medical records can be difficult because of data privacy
and the lack of publically available application programming
interfaces for consumer devices to interact with EHRs [51].

Lifestyle variables may include dietary intake [52], physical
activity [30], sleep hygiene [53], air pollution [54], ergonomics
[55], income [56], domestic violence [57], working hours [58],
and workplace wellness [59]. To date, most recent research
has been collected on lifestyle variables mainly by question-
naires or interviews, leading to recall or social desirability
biases [60]. Advancement of wearable technology could be
used to track real-time activity and integrate those hidden
variables into a person’s medical history. For example, the
etiologies of HF readmission are heterogeneous and perhaps
related to medication compliance and dietary habits [61].
Integrating lifestyle variables could potentially track the main
problems with real-world variables rather than tracking them
inside of a hospital and preventing recall biases from patient
histories [60,62]. However, there remains a need to collect
better and more consistent data from wearable devices –
most consumer devices are not approved by the FDA for
clinical monitoring of patients, and this may be a limitation
in some cases. In addition, wearable devices have a number of
validation issues, and it is unclear if they motivate long-term
behavioral change [63,64]. For example, in a BEAT-HF trial, a
combination of remote patient monitoring with care transition
management did not reduce 180-day all-cause readmission
after hospitalization for HF [65]. Fourth, data quality, data
inconsistency, data instability, and validation of big data are
also barriers, and therefore the imputation of big data is
critical [66]. More data, more entropy, and more heterogeneity
result in lower-quality databases [67]. Therefore, the pre-ana-
lytic process of big data needs to be assessed and imputed
systematically. For example, though the methodology of redu-
cing heterogeneity in meta-analysis is not yet perfect, it can
reduce significant biases [68]. Fifth, some other limitations of a
big data approach are heterogeneity of multiple databases
(i.e., different ICD code versions, different diagnostic criteria,
different laboratories, and different software vendors) [13,14].
Hence, synchronizing existing data to generate meaningful
analysis can be very challenging. Sixth, although de-identifica-
tion seems to be a solution in big data research, studies have
shown that re-identification can be done in various ways. For

Figure 1. Big data process flow for cardiovascular medicine.
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example, anonymous genetic data stores could be unmasked
by matching their data to a sample of their DNA [69] or
matching social networks for information that might yield
insights into the genetic basis for complex human traits [70].
Seventh, to date there has been little evidence to suggest that
DNA testing has little or no impact in motivating behavior
change [71]. Therefore, the genomic information, or GWAS,
impacting long-term behavior change may still need hand
curation [72]. In addition, distinguishing signals from noise in
Omics data and software validation are required [73]. For
example, using different types of software (i.e. PLINK,
QCTOOL, Vcftools, BOLTs, or EPACTS) may reflect different
results. Lastly, another important challenge in the use of big
data in cardiovascular medicine is the ascertainment of caus-
ality from observational and retrospective studies. Most AI and
ML methods do not explicitly utilize a framework to model
causality. Consider the humorous case of age-related gray hair
and CVD. The presence of both gray hair, wrinkles, baldness,
and CVD are highly correlated [74–76]. However, if we were to
pursue this strong association in an attempt to design thera-
pies (e.g. hair dyes or wrinkle cream), we would be wholly
unsuccessful in preventing CVDs. This is an important limita-
tion that all big-data analyses must account for – however,
there do exist emerging methods to perform causal inference
from observational datasets, such as the parametric G formula
[77]. We recently completed one application of the parametric
G formula, in which we used retrospective EHR data to
demonstrate the relative correctness of a clinical trial for
hypertension that had been called into question [78].
However, EHR data also has some limitations, such as the
accuracy of ICD 9 codes [79–81].

5. Implementation of big data in clinical practice

Several resources are still the main starting points for any big
data search in cardiovascular medicine. The utilization of these
datasets could facilitate precision CV medicine. The integration
of the Internet of Things, social media, Omics and big data
technologies, and AI could create a new concept of smart
health, integrating real-world variables into hospital-related
variables, and leading to improved quality of patient care
and hospital workflow [82–85]. Today, with the help of the
Internet, there are many types of websites providing either
datasets for public use or data search (Tables 1–3). The imple-
mentation of big data analytics that links these databases
together is crucial. However, there may be some barriers or
restrictions. Academic institutions usually have many
resources and can provide their own biobank (i.e. the Mayo
Clinic Biobank, Cleveland Clinic’s Biorepository, SCVI Biobank,
Mount Sinai’s BioMe, Vanderbilt’s BioVU, or Northwestern’s
NUgene). Most biobanks are designed so they can be accessed
by various innovative actors, public and private, throughout
the world. Integration of these biobanks in ongoing research is
worth exploring. Training in bioinformatics or coordinating
with data scientists is also important [86]. In addition, using
online community support for data analysis such as Github,
Stack Overflow, Kaggle, and Biostars is increasingly recognized
and utilized in the medical community. Previous research has

acknowledged many confounders in clinical research; how-
ever, none of them have mentioned real-world lifestyle factors
such as seafood/cereal/coffee consumption, watching movies,
playing video games, or personal hygiene. These real-world
factors could potentially be confounders in CVD burdens, for
example, HF readmission, recurrent AF, labile INR, statin sensi-
tivity, or stent thrombosis. These integrations can increase
dimensional research into new translation research by includ-
ing real-world environmental factors.

6. Expert commentary

Though many of the technical issues for a big data approach
remain to be solved, the potential for big data analysis to
improve cardiovascular quality of care and patient outcome
is tremendous. To date, the key findings from previous studies
in this field are inconclusive. For example, strong evidence
that the attempt to change behavior using either wearables
or genomic information is lacking. The ultimate goal of big
data analysis is to unify heterogeneous databases into homo-
genous databases using advanced computational power, such
as AI. In addition, we believe that big analysis using AI will
advance clinical trials in the context of recruiting patients,
distributing drugs randomly and fairly between two arms,
assisting drug delivery, and predicting outcomes of trials in
advance. However, the biggest challenge is to combine het-
erogeneous variables from various datasets and implement
these into clinical practice. In addition, there are candidate
genes, novel biomarkers, and parameters emerging every day,
which makes it almost impossible for current guidelines to
remain current. Moreover, decision-making using these novel
profiles without guidelines can be challenging and may face
ethical dilemmas. Future studies should integrate big data
analysis to better explore the robustness of novel CVD phe-
notypes and smart clinical trial design for targeted therapy.
Targeting components of the CVD phenotypes such as specific
genes, specific metabolites, and the specific gut microbiome
in CVD may prove to be valuable. This phenotype-based clas-
sification system could be helpful for the identification of new
biomarkers and potential targeted therapies, and it may lead
to the development of tailored/customized future clinical
trials.

7. Five-year view

In the realm of the big data era, genetic polymorphisms,
plasma metabolomics, and proteomics may help to identify
new biomarkers and potential novel therapeutic targets for
CVH. We hope and believe that these tools will soon emerge
as best practices in day-to-day clinical medicine. The next step
is to create on-demand predictive analytics in clinical practice
using the results of a big data approach, which shows great
promise in cardiovascular medicine. In clinical practice, the
implementation of sophisticated analytics tools with ‘omic’
data, the human microbiome, physical activity, environmental
factors, and lifestyle factors might help identify novel pheno-
types of CVD patients. Today, genetic risk scores are starting to
stratify patients based on risk before the disease presents
[87,88]. A big data approach could potentially transform
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medicine into a more personalized approach using sophisti-
cated algorithms generated from a combination of real-world
factors and medical variables to calculate the risk and benefits
of CVH-related behaviors in individuals. For example, taking
into account a persons patterns of dietary intake, medication
compliance, and daily life activities using wearable technol-
ogy, storing this data in a secure system (i.e. cloud or block-
chain), and transferring it to an EHR could generate a
predictive analysis with prompt recommendations in regards
to maximum fruit intake and minimal carbohydrate intake for
individuals in their discharge summary. The results of this type
of analysis would be transferred to primary care physicians,
collected in wearable technology with warning messages, and
could appear in a patient’s history in the EHR system. This
proposed model could potentially be a modifiable factor to
weigh CVD risk and benefit based on individuals.

Key issues

● A phenotype-based classification using multi-omics, life-
style, and environmental data with new analytical methods
and high computational power could potentially transform
future clinical trials.

● Data cleaning and data imputation are keys to unlocking
big data analysis.

● The data, so far, on both wearables and genomic informa-
tion evoking long-term behavior change is negative or, at
best, neutral.

● Biobanks and curated public databases may play an impor-
tant role in big data analysis.

● Although there are many limitations to the proposed
approach that have already been clearly tested, there is
tremendous potential for big data analysis to improve car-
diovascular quality of care and patient outcome.
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