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Abstract

Despite striking successes in identifying novel biomarkers for improved patient stratification and predicting disease progression,
numerous challenges remain in the effective integration and exploitation of multiomic data in biomedical applications beyond cancer,
for which most bioinformatics strategies are developed and validated. That focus on cancer severely limits the effective development
and advancement of algorithms in machine learning and artificial intelligence that do not suffer degraded out-of-domain performance.
Generalizability and interpretability of models, however, are also required for robust insights that may translate into clinical practice.
Work across different independent datasets is critical for establishing models robust towards unwanted variation in assays, protocols,
and cohort populations. Disease-specific context like ethnicity, socioeconomic background, sex, lifestyle, disease phase, and tissue type
also strongly affect molecular profiles. We here discuss atherosclerotic cardiovascular disease (ASCVD) as a high-impact non-cancer
use case for the challenges remaining in the development and application of the latest bioinformatics approaches to multiomics data
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integration. ASCVD remains the leading cause of death globally. Disease aetiology, progression, and therapy outcome depend on a
complex interplay of genetic, environmental, and lifestyle factors. Integrating these diverse data types effectively remains a challenge
but holds transformative potential for personalized medicine. Discovery and access to data of sufficient diversity and extent form key
bottlenecks. We here compile a first comprehensive overview of key data sets in ASCVD to complement the established cancer-focused
resources as a foundation for future effective development and application of state-of-the-art bioinformatics tools for multiomic data
integration.

Keywords: multiomic data integration; algorithm generalizability; data diversity; common data resources; atherosclerotic cardiovascu-
lar disease (ASCDV)

Effective multiomic data introduction
While significant progress has been made in identifying novel
biomarkers for better patient stratification and predicting disease
progression, many challenges remain in effectively integrating
and utilizing multiomic data in biomedical applications beyond
cancer. Most bioinformatics strategies are developed and vali-
dated specifically for cancer that severely limits the effective
development and advancement of algorithms in machine learn-
ing and artificial intelligence that do not suffer degraded out-
of-domain performance. For translation into clinical practice,
however, models that generalize to new cohorts are required.
For robust insights, interpretable models are needed. Both issues
remain open areas of research. We here chose atherosclerotic car-
diovascular disease (hereafter, ASCVD) to discuss a high-impact
non-cancer use case for the challenges remaining in the develop-
ment and application of the latest bioinformatics approaches to
multiomics data integration.

ASCVD is the leading cause of death accounting for 85% of the
17.5 million cardiovascular deaths in 2019 (WHO, Cardiovascular
Diseases (CVD)) [1]. The aetiology of atherosclerosis and its acute
consequences like myocardial infarction and stroke are highly
multifactorial, involving a complex genetic component [2] and a
less explored set of environmental/lifestyle factors (diet, physical
activity, stress levels, physical environment including pollutants)
[3] that influence various organs and cell types.

Recent technological advancements across various research
domains have led to the era of high-throughput approaches,
resulting in the collection of data at an unprecedented scale and
detail, commonly known as the Big Data era [4], which has the
potential to transform health outcomes as it can disentangle the
complexity involved. Sources of Big Data are diverse and can
include both molecular data from ‘omics’ technologies, lifestyle,
environmental, and socioeconomic factors defined as exposome
which also influence disease risk and progression. The latter can
be retrieved from epidemiological studies, national registries, or
electronic health records (EHRs). Omics data, in turn, constitute
the genome-scale profiles of particular types of biological data,
such as mRNA or protein expression or DNA methylation (cf.
Table 1). They can characterize samples from human patients,
relevant animal/cell-based models or, in the case of microbiomes,
a collection of organisms. The digital transformation in cardio-
vascular medicine is also accelerated with the introduction of
electronic medical records, telemedicine, health-related smart-
phone applications, or wearable sensors, which enable the rapid
collection of large amounts of complementary data.

Big Data Analysis requires powerful strategies to draw useful
information from all the data. Machine learning (ML)/artificial
intelligence (AI), in particular, can be used to learn from data,
complementing more traditional statistics-based algorithms. Irre-
spective of model type, generalizability of models established in
one or several related studies to new cohorts remains a challenge.
A hope is that by integrating diverse and complementary multi-
modal data, patterns and associations that are challenging to dis-
cern in single-modal data will become easier to identify robustly.

This can indeed be expected due to the different noise and bias
characteristics of different modalities that thus contribute differ-
ent views of a complex biological state, and this is particularly
critical for the heterogeneous disease clusters encompassed by
ASCVD. Analysing these complementary views jointly aims to
improve our understanding of the diverse processes leading to
ASCVD, whether these are molecular drivers or the influence of
lifestyle on cardiovascular outcomes. Translational applications
will enhance patient care through the discovery of biomarkers for
patient stratification and personalized therapies, while accelerat-
ing the development of novel treatments by the identification and
validation of novel potential drug targets.

Notwithstanding its promise, the field struggles with a num-
ber of challenges. While natural language processing and other
AI/ML algorithms provide the tools to leverage information from
unstructured clinical data [5, 6], differences between EHR plat-
forms, inclusion of studies with EHR in non-English or non-Latin
alphabet text, and varying utilization of free text by physicians
are problematic. The field suffers from lack of interoperability
of databases, different definitions applied in databases and reg-
istries, and different laboratory techniques and research subject
recruitment criteria requiring harmonization. Additionally, atten-
tion to preanalytical variables and uniform data processing proce-
dures are critical for most -omic analyses aside from genomics [7,
8]. Prospective studies, data sharing, international consortia, and
deposition of large CVD-related datasets in a common database
such as the Database of Genotypes and Phenotypes (dbGaP) [9]
or the European Genome-Phenome Archive [10] will help mitigate
some of these challenges facilitating clinical validation. Federated
data analysis initiatives such as DataShield (https://datashield.
org/) [11] may help overcome data security and privacy issues that
are currently hindering collaborations.

Multiomic data in ASCVD research
The revolution in the availability of genomic data driven by the
reduction of sequencing costs and exponential developments in
molecular technologies resulted in an unprecedented accumula-
tion of data availability for genomic, transcriptomic, epigenomic,
proteomic, metabolomic, and lipidomic measurements even in
the context of ASCVD. Multiomic studies integrate those diverse
biological data layers to create a comprehensive view of biolog-
ical processes and disease mechanisms as each omic data type
provides complementary information and a more comprehensive
view of patient health status.

The heterogeneity and complexity of data generated from
different omic platforms pose significant challenges in terms of
data integration. Multiomic data is typically highly dimensional
and, whether analysed individually or in combination, such
data require analytical techniques that can accommodate high-
dimensionality of analysed datasets. Most of the methods for
multiomic data analysis, however, are developed and validated
on cancer data, reflecting the higher awareness repositories
like the GDC data portal [12], which simplify discovery and

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/26/5/bbaf526/8280445 by U

niversity of M
alta user on 27 February 2026

https://datashield.org/
https://datashield.org/
https://datashield.org/


Bottlenecks in advancing and applying multiomic data integration | 3

Table 1. Overview of selected -omic technologies

-Omic layer Description

Genomics Data from whole-genome sequencing can be from next-generation sequencing of DNA (short reads) and third-generation
sequencing (long reads)
There is also sequencing of the protein-coding parts alone (exome sequencing) and microarray data which includes
polymorphisms spread across the genome

Epigenomics Focuses on the various modifications of DNA bases and chromatin accessibility on a whole-genome scale
Transcriptomics Sequences and levels of the entire repertoire of RNA transcripts in a given cell type, tissue, or condition

May include both protein-coding and non-coding RNAs
In bulk transcriptomics, data from tissues with various cell populations are analysed, whereas single-cell transcriptomics
are used to study effects in different cell types and states

Epitranscriptomics Addresses the multiple chemical modifications to RNA molecules that influence their structure and function
Proteomics Focuses on the variety of proteins produced by cells or tissues under certain conditions and on post-translational protein

modifications (PTMs) such as phosphorylation
Metabolomics Explores the variety of molecules produced by metabolic pathways, including lipids (lipidomics)
Microbiomics Characterizes the complex microbial communities which are present in humans and impact health and disease including

ASCVD

download of relevant datasets. Data from other domains, such
as cardiovascular disease, exhibit different biomedical patterns
and confounders, leading to critical problems in algorithm
generalization and out-of-domain performance. For example,
structural and compositional ASCVD data that derive from
imaging of vascular cross-sections can complement omics data,
in which case, optical measurements of plaque morphology and of
regional cellular composition further increase the dimensionality
challenges of analysis [8, 13]. In this section, we discuss specific
challenges related to analysing ASCVD. We also provide a first
comprehensive overview of common datasets in ASCVD to
complement the established cancer-focused resources as a
foundation for future effective development and application of
bioinformatics methods for multiomic data analysis.

While in this review we focus on multiomic data integra-
tion from bulk samples, where omics data represent measure-
ments averaged across many cell populations, it is worth noting
the advancements in single-cell technologies and the increasing
availability of single-cell data, which are discussed at length
in recent technological reviews, covering transcriptomic, epige-
nomic, and proteomic profiles [14]. Despite the promise of addi-
tional high-resolution insights, single-cell data also bring a variety
of biological and technical sources of noise, requiring sophisti-
cated analysis tools [15].

Single-cell, single-modality analyses have also successfully
been applied in the context of ASCVD, such as in recent
studies advancing our understanding of atherosclerotic plaque
composition and cellular heterogeneity, uncovering distinct
cellular subpopulations within plaques, such as macrophage
subsets (e.g. pro-inflammatory M1 and anti-inflammatory M2),
smooth muscle cell phenotypes, and T-cell diversity. By analysing
individual cells within plaques, researchers have identified
distinct macrophage subpopulations, such as pro-inflammatory
and foam cell phenotypes [16], as well as smooth muscle cell
transitions contributing to plaque stability or vulnerability [17,
18]. Additionally, scRNA-Seq has revealed the role of endothelial
cell activation and T-cell diversity in driving inflammation
and plaque progression [19]. ScRNA-Seq technology has since
been used to construct an atherosclerosis cell atlas of mice
and humans, including immune cells, such as monocytes/-
macrophages, dendritic cells, T cells, B cells, and natural killer
cells, and non-immune cells, such as vascular smooth muscle
cells, endothelial cells, pericytes, and fibroblasts [20].

Computational methods have subsequently also been devel-
oped for multiomic data integration at the single-cell level [21]
that have been applied to large-scale cancer data successfully
[15, 22]. The latest computational approaches have also explored
multimodal generative models for single-cell data trained on
related corpuses [23]. These methods are just beginning to be
applied also to ASCVD [24, 25], and it will be interesting to
see how such approaches translate to ASCVD cohorts more
generally.

ASCVD-focused data sources
There is an increasing number of resources available when it
comes to datasets for ASCVD. These include specific ASCVD
datasets with data from patients with ASCVD or its effects from
major studies such as the Framingham Heart Study [26], the
Atherosclerosis Risk in Communities (ARIC) study [27], the Early-
Onset Myocardial Infarction (EOMI) study [28], and many oth-
ers. There are also plaque datasets such as Athero-Express [29]
and the Biobank of Karolinska Endarterectomy (BIKE) [30]. Then,
there are large population studies which are not specifically on
ASCVD, but which include data on ASCVD-related phenotypes—
such as the UK Biobank [31], FinnGen [32], the China Kadoorie
Biobank [33], and TOPMED [34]. Finally, advancements in single-
cell technologies now allow profiling at single-cell resolution.
Resources such as the Athero-Express and BIKE biobanks have
begun to incorporate single-cell RNA sequencing (scRNA-Seq)
datasets into the context of atherosclerotic plaque biology; how-
ever, the amount of samples available is still much lower than
for bulk omics data, and this limitation is exacerbated by single-
cell data being noisier and thus requiring more samples for suffi-
ciently powered statistical analyses.

A description of the major datasets, the sample sizes, and
different omics data available for each one, the different sample
sources, and the means of accessing the data are shown in Table 2.
Though there are numerous ASCVD databases, different collec-
tions have been set up to answer different research questions, by
different groups, and at different time points. The data available
vary by type of sample collected (peripheral blood, local blood,
plaque), the disease phenotype used to classify cases (patients
undergoing endarterectomy, early-onset MI, atherosclerosis, coro-
nary artery disease, coronary heart disease, and stroke), and the
-omic technology used for data generation (GWAS versus exomes
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versus genomes; bulk RNA-Seq versus scRNA-Seq; targeted ver-
sus untargeted proteomics and metabolomics). Thus, there is
no standardization between the collections making integrated
analysis across different datasets more complex since this vari-
ability needs to be accounted for. Furthermore, there are very few
datasets for which all -omic layers are available, and for most
datasets, -omic data have not been generated for the entire col-
lection yet. This, unfortunately, limits integrative analysis within
datasets due to missing layers or decreased sample sizes. A fur-
ther consideration is whether the different -omic data layers were
generated from the same sample or from samples collected at
different time points. This information is not generally readily
available, however, it is a very important consideration when
analysing RNA, protein, and metabolite data. Of these data types,
the transcriptome has been more widely studied and there are
multiple reports highlighting the effect of preanalytical variables
on RNA levels [7] highlighting an additional layer of variability
that needs to be accounted for during integrative analysis.

The challenges of working with ASCVD data
Analysis of ASCVD multiomic data has a number of unique
considerations that are not necessarily relevant to many other
conditions.

ASCVD is a dynamic process with distinct phases and each
phase has independent characteristics [35, 36], making compar-
isons of variables such as RNA, protein, and metabolites chal-
lenging. Prior to plaque rupture, the individual has a blood com-
position and a genetic background that contribute to plaque
development and is representative of risk. Blood cell composi-
tion, cytokine production, and endothelial damage all contribute
to the developing plaque which leads to changes in cell type
composition, cytokine, and lipid content. Upon plaque rupture,
the contents of the plaque are released into the bloodstream
triggering atherothrombosis and platelet activation with blood
clots blocking blood flow to the heart or brain. This, in turn, leads
to necrosis which can result in further changes in blood compo-
sition. Thus, except for static genomic sequence data, timing of
dynamic samples like blood sampling with respect to acute events
(pre-acute phase, during the acute phase, post-acute phase, and
timing from the event which can be stroke or myocardial infarc-
tion) is crucial when studying omics data as different times from
event will result in considerable differences in relevant molecules
and cell types. Additionally, it is becoming clearer that plaque
development is not a uniform process but can proceed in waves
of activation depending on insults that increase progression [37],
and this needs to be taken account already at the stage of study
design.

Testing for multiomic studies is best conducted on the same
sampling. Ideally, considering that atherosclerosis is a dynamic
process, sampling should be repeated at various intervals, but
generally this is not possible due to the high costs involved.

There are several tissues that are relevant to ASCVD, the most
important being the atheroma in arterial walls. This is gener-
ally inaccessible, though some studies on plaque or atheroscle-
rotic tissue do exist (e.g. Athero-Express [38], the Stockholm–
Tartu Atherosclerosis Reverse Network Engineering Task STAR-
NET [39]). Most studies in humans, however, focus on systemic
effects caused by changes in cell types and molecules in the
circulation. Other organs will also suffer changes, particularly
those associated with consequences of risk factors for ASCVD
such as the pancreas, liver, and kidneys, whereas the involvement
of yet other organs and tissues such as bone marrow is also
being recognized as relevant [37]. Even different parts of a plaque

and different plaque types have been shown to have different
cellularity and protein composition which has implications for
multiomic studies [40].

Compared to other conditions, systemic differences in RNA,
protein, and metabolite expression might not be as severe as e.g.
in cancer or sepsis. This may be further complicated by the fact
that the aetiology of ASCVD is very varied and one may expect
this to be reflected in the multiomic data.

Risk factors for ASCVD and even symptoms of acute events
such as myocardial infarction have been shown to differ in men
and women. Women tend to suffer from myocardial infarction at
an older age than men, on average ∼10 years older. This could
be because of different effects of oestrogen and testosterone on
risk for ASCVD, besides different risk factors such as response to
stress, diet, and other lifestyle factors [41, 42]. It is therefore always
critical that datasets record sex and present results and data by
sex [43]. For women, menopausal status and day of ovarian cycle
are also expected to influence multiomic data (except for genomic
sequence data). Considering all these factors, the importance of
good metadata describing not only sample types, tissues or cell
types, methods of analysis, and year of sample collection, but
also stage of disease and the timing of sampling with respect to
acute events cannot be overemphasized. Ethnicity is also a highly
relevant factor and should be recorded in metadata.

Furthermore, ASCVD is highly complex in which environmen-
tal and lifestyle factors have a strong influence on risk factors
and are known to influence levels of -omic variables, at least in
some tissues such as blood [44]. Therefore, ideally, factors such as
family history, smoking status, diabetes, use of relevant medica-
tions such as statins, anthropometric measurements indicating
e.g. obesity, history of previous cardiometabolic complications
during gestation, ethnicity, and other relevant factors (besides of
course sex and age) that can modify risk should be included in
databases to allow for their inclusion in data analysis if deemed
necessary [8].

An issue that affects all -omic studies is the lack of data from
many populations. There is a bias in the populations studied, and
the datasets that are available come mainly from developed coun-
tries, while other regions of the world are totally unrepresented. It
has been recommended to include more diverse populations for
omics studies [45]. Africans e.g. have greater genetic variation but
are largely understudied, as are many Mediterranean populations.
Additionally, environmental and lifestyle influences vary widely
across the world.

Multiomic data sharing
Data sharing is crucial in biomedical sciences as collaboration is
especially important for understanding complex diseases, devel-
oping new treatments, and improving patient outcomes. It is par-
ticularly important to advance research related to rare diseases,
such as rare cardiac conditions [46], which requires compilation
of resources from different experimental and clinical centres to
allow meaningful research conclusions [47]. For example, meta-
analysis of genome-wide association datasets can uncover rare
cardiovascular risk factors that individual studies might miss [45].

Sharing datasets across different studies requires ensuring
that all measurements are standardized and normalized which
is essential for multiomic data to be comparable across different
studies [48]. To ensure reproducibility and interpretability across
different studies and platforms, each dataset needs to be
accompanied with relevant metadata describing information
about the experimental design. The metadata reporting standard
guidelines help researchers on how to correctly document
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experimental designs, treatments, and analyses, typically through
Minimum Information Guidelines like MIAME for microarray
experiments [49]. These standards ensure that experiments are
understandable and replicable by other scientists, with similar
guidelines developed for other omics data types such as MIAPE,
MIGS-MIMS, and MINSEQE [50]. Another initiative promoting
transparency, accessibility, and reusability of research results is
the FAIR (Findable, Accessible, Interoperable, and Reusable) open
access initiative [51]. FAIR principles guide researchers in making
their data and software findable, accessible, interoperable, and
reusable. While these principles promote scientific collaboration
and knowledge sharing, implementing them can be challenging
due to fragmented data, accessibility issues, and the need for
significant resources and infrastructure.

The General Data Protection Regulation (GDPR), implemented
by the EU in 2018, significantly impacts multiomic data sharing
and AI/ML use in healthcare by classifying genetic, biometric,
and health data as sensitive. Data pseudonymization (replacing
identifiable information with pseudonyms) is not applicable in
the case of multiomic analysis as the personal information is
inherently encoded in such datasets [52–54]. As the raw data pose
a higher risk of identification compared with processed data, a
potential solution is sharing aggregated data on a cohort level.
While such an approach removes the risk of identifying individual
patients, at the same time it results in the loss of patient-level
information, which can significantly reduce its utility for research
into individual differences associated with biological changes and,
consequently, its utility in personalized medicine approaches [55].
Federated learning [56] offers a promising alternative by enabling
collaborative analysis across multiple institutions without shar-
ing raw data, thus protecting patient privacy while preserving the
individual information needed for personalized medicine.

Approaches to data integration in ASCVD
With the increasing availability of large-scale biomedical data
and modern AI/ML algorithms, great hope has been placed in the
search for intricate relationships in the molecular characteriza-
tion of complex diseases and, in particular, the integration of the
complementary assays in multiomic datasets. Despite the high
societal impact of ASCVD, studies have predominantly focused
on cancer data [57, 58]. Large open repositories of cancer data
[12, 59] have been instrumental in enabling the development and
validation of integrated analysis methods. With the increasing
collection of multiomic data for cardiovascular patients, there is a
growing interest in applying the latest modern integrated analyses
approaches also in this domain. Reitz et al. [60] discuss recent
developments in multiomic analyses and network biology applied
to cardiovascular diseases, with insights regarding gene regula-
tory networks, protein–protein interactions, signalling networks,
and metabolic networks in the heart.

Several recent works have shown that the combination of
multiomic data can help study the complex biology of ASCVD
and already improve clinical prediction models [61]. The Fram-
ingham Heart Study, a multigenerational cohort, is a corner-
stone of cardiovascular research [26]. Recent analyses within this
cohort combined genome-wide association studies (GWAS), DNA
methylation, and transcriptomic data to investigate subclinical
atherosclerosis and myocardial infarction. This approach revealed
important associations with genes such as AHRR and EXOC3,
which are linked to smoking and platelet function, and FYTTD1
and PINK1, which are involved in cardiac tissue homeostasis [26].
These findings have improved predictive models for coronary

atherosclerosis and myocardial infarction beyond traditional risk
factors. Similarly, the Athero-Express Biobank provides both bulk
and single-cell RNA sequencing data, as well as whole-genome
methylation and proteomics profiles, on samples of atheroscle-
rotic plaques obtained at endarterectomy. This has enabled the
identification of unstable plaque biomarkers, including osteopon-
tin and galectin-3. In addition, genetic analysis revealed that the
rs13168867 variant in the OSMR gene was significantly associ-
ated with increased plaque vulnerability, characterized by higher
intraplaque fat and lower collagen [61]. This provides a molecular
basis for the assessment of future cardiovascular event risk. In
parallel, the GCAT|Genomes for Life project in Catalonia pro-
vides a population-wide perspective through the integration of
genomic, transcriptomic, and metabolomic data together with
environmental and electronic health data. A microbiome anal-
ysis of this cohort revealed that genetic variants regulating the
expression of PCSK9, APOB, and LPL modulate the plasma lipid
species that mediate cardiovascular risk. This demonstrates how
different omics can help uncover metabolic pathways and gene–
environment interactions relevant to ASCVD pathogenesis and
therapeutic prioritization [62]. Taken together, these studies illus-
trate the translational power of diverse modern ASCVD datasets.

While the value of complementary molecular modalities is
thus increasingly recognized and the collection of matched pro-
files are becoming more standard, they are typically still mostly
analysed separately, with results only combined in the discussion
stage. While it is clear that this can already leverage some of
the value of complementary profiles, it still misses the opportu-
nity for identifying cross-modality patterns promised by a fully
integrated joint analysis of complementary profiles, and this is
a generic limitation, not just limited to ASCVD. With integrated
methods mostly developed and validated on cancer data, however,
truly integrated analyses of ASCVD data are emerging only very
recently [63], and it remains to be seen which of the methods
originally established on cancer data can successfully be applied
to ASCVD in general.

In recent years, there have been several review papers focusing
on different methods of data integration. Huang et al. [64] com-
pared supervised, semi-supervised, and unsupervised methods,
while others have focused on discussing early, middle, and late
integration approaches reflecting when input data integration is
performed relative to the actual inference process, be that AI/ML
or statistical tests [65–67].

In early-stage integration (Fig. 1), individual omic data are
merged first into a single integrated dataset. Analysis is then per-
formed using factor analysis [68, 69] or other statistical or AI/ML
techniques [70–72]. Even though early integration allows AI/ML
models to discover interactions between different omic layers, the
resulting concatenated matrix is high dimensional, complex, and
requires significant processing to facilitate integration and does
not consider data distribution of each omics.

Middle integration is transformation based. Transformation
can either be performed independently (mixed integration)
or jointly (intermediate integration) resulting in a reduced
complexity of the multiomic dataset. In mixed transformation,
each omic layer is transformed independently into a simpler
representation followed by integrating the transformed layers
into one joint transformation. The transformation can either
be kernel based (mathematical functions that transform data
into higher dimensional space in which linear relationships may
be found within the dataset) [73, 74], graph based [75], or by
using deep learning approaches [76]. In intermediate integration,
data are combined in the actual inference model such as in the
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Figure 1. Early, middle, and late integration of multiomic data.

network-based approaches [77–80]; matrix factorization methods
including structural learning and integrative decomposition
(SLIDE) [81], non-negative matrix factorization (NMF) [82], and
joint NMF [83]; and latent variable models such as multiomics
factor analysis (MOFA) [69], canonical correlation analysis (CCA)
[84], and sparse supervised multiple CCA (SSMCCA) [85]. These
methods, in general, produce novel representations that include
shared omic-specific representations common to all omics and
some that are omic specific.

In late integration, outputs of individual models trained sep-
arately for different data layers are combined [86]. The main
advantage of this strategy is reusing already developed models
that are possibly tailored for each omics type. The obvious chal-
lenge is determining how to effectively combine individual results.
Furthermore, the main disadvantage of late integration strategy is
that it fails to discover interactions between different omic layers,
making it less effective compared to early or middle integration
approaches.

Common ML pipelines comprise multiple steps, including
(1) data preprocessing, e.g. data cleaning, normalization, and
optional handling of missing values; (2) optionally feature
selection or dimensionality reduction; (3) linking different
multiomic source variables for data integration; (4) application
of ML methods depending on the task (classification, regression,
clustering); and (5) analyses for an interpretation of discovered
patterns and a post hoc evaluation of results. At each step, a
wide range of methods can be employed, from frequentist to
Bayesian statistics, classical ML, or recent approaches utilizing
so-called deep learning. Applications of the latter to multiomic
data integration have been reviewed extensively [76].

Data processing and transforms
Before applying any ML algorithm, the data need to be examined
and where necessary preprocessed, including steps for quality
control and mitigating technical artefacts. Specifically, for any
data integration, data from different sources need to be made

comparable by transformation, a process called ‘normalization,’
with the aim of removing differences between modalities, tech-
nologies, laboratories, or even experimental batches that are not
relevant to the biomedical question investigated. This remains a
non-trivial task, however, because it first depends on the biomed-
ical question investigated (age, for instance, may be a confounder
or an explicit study parameter), and it is easy to inadvertently
remove true biological heterogeneity [87] which may be partic-
ularly relevant for CVD. Specifically, when control samples were
included in the experimental design, probabilistic factor analysis
by far outperformed other normalization approaches in removing
laboratory artefacts and improving inter-laboratory concordance.
It is therefore highly recommended to systematically include
sufficiently many control samples in the experimental design to
allow for subsequent normalization by probabilistic factor analy-
sis (github.com/PMBio/peer) [88, 89]. Where biomedical standard
controls are not naturally available in a study, even the inclusion
of fixed technical controls can serve this purpose.

While earlier work has questioned the general transferability
of signatures from one technology to another, seeing that
microarray-derived signatures did well on RNA-Seq data but not
the other way around [90], more recent work, as part of the Critical
Assessment of Massive Data Analysis competition (CAMDA, www.
camda.info) comparative analysis experiments, demonstrated
that for modern models in some scenarios, signatures can
actually successfully transfer either way (table 5 from [91]).

Recent models trained on multiple modalities suggest that
combining matched modalities with a contrastive loss can also
improve the separation of relevant signals from artefacts for their
application to single modalities [92, 93].

Reproducibility, explainability, and interpretation
The variety of available data processing and modelling tools can
affect the end-to-end reproducibility of the whole analysis process
and its conclusions. In the context of translational medicine or
clinical applications, regulators have sought to establish best
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practice, such as in the MAQC and SEQC initiatives [88, 94–
96]. A need for accountability justifies extensive benchmarking
and a push towards explainable AI and interpretable ML (XAI),
either through intrinsically interpretable models such as trees
and ensembles of trees, or by complementing non-interpretable
‘black box’ models such as deep neural networks with post hoc
methods such as SHAP [97]. Together with reproducibility, inter-
pretability of predictive algorithms in clinical settings requiring
trust can contribute to critical accountability.

Common pitfalls and potential solutions
Despite recent advances and a wide-ranging literature, multiomic
data integration is still far from a solidified field with unified
approaches and well-established common solutions. First, for any
powerful data integration, the data need to be actually available
to researchers. While in the early days, it was the cost of genome-
scale assays that limited cohort sizes, nowadays clinical and
organizational issues are limiting, with most extensive cohorts
compiled by large national and international efforts. Even when
cohorts and assay data have been compiled, however, they can
be impractical to near impossible to access due to regulatory
or organizational hurdles, partly reflecting the need to protect
patient confidentiality and partly simply reflecting the work-
ings of complex institutions. Even in available datasets, parts
of data can be missing. Many algorithms require complete data
matrices and thus various imputation techniques for handling
missing data in bioinformatics have been explored in the context
of multiomic imputation [98–100], including deep learning/AI for
the integrative imputation of multiomic datasets [98]. Emerging
techniques from AI for synthetic data generation show promise
in mitigating missing or scarce data [101].

For complex and heterogeneous diseases, like ASCVD, there
is a need for more advanced analytical methods focusing on
a biomedical interpretation of the data [102, 103]. High sample
heterogeneity, complex underlying mechanisms, and the ‘curse of
dimensionality’ [104] from the genome-scale number of variables
versus the typical cohort sizes make the identification of relevant
patterns challenging. Besides collecting larger cohorts or sets
of cohorts, common techniques to help identify sparse signals
include model regularization and reduction of model complex-
ity by feature selection/engineering or dimensionality reduction.
While approaches like t-SNE [105] or UMAP [106] remain popular
and they do display some correlations within the underlying high-
dimension data, the transforms are arbitrary and do not actually
preserve local or global neighbourhood structures and can thus
be highly misleading [107].

While the addition of relevant datasets helps address these
challenges, strong variations remain between laboratories and
non-standardized protocols, from sample collection to data pro-
cessing as well as sample annotation (e.g. phenotypical/clinical
data). These can confound the sensitive detection of specific
biomedical signals [108]. Despite international efforts to standard-
ize data structures and semantics across the research commu-
nity [109, 110], per study harmonization is still required, and so
datasets need to be converted into a unified format and different
semantics mapped at significant cost, and largely relying on
manual curation [111]. This requires a thorough understanding
of study-specific designs and data, including standard operat-
ing procedures, data collection devices, data types and formats,
and content semantics [112]. Besides simple variations in col-
umn names, units of measurement, measurement devices, and
granularity (e.g. per month or per day), incompatible ontologies
require the greatest efforts in order to resolve e.g. inconsistent

terminology of conditions, medication, or questionnaires. Some
variables ideally do not require any processing, some require
harmonization, while others cannot be matched and have to be
omitted.

The development of tools for the identification of signatures
that robustly generalize to new cohorts remains a key challenge
in precision medicine [113]. In general, robust generalization can
fail due to two distinct errors in measurements and algorithms:
random stochastic errors, and the systemic effects of confounders
or other sources of bias. Data integration holds the potential
to overcome both issues by increasing the number of measure-
ments and bringing together complementary domains with dif-
ferent error characteristics: Vertical data integration can combine
measurements from different assays, such as gene expression
and DNA methylation. Horizontal data integration can combine
measurements from different cohorts, bringing together results
from different populations and clinics. It is therefore puzzling that
despite a plethora of new algorithms published over the years,
actual successful applications of data integration methods not
only remain rare but are even declining as a percentage of pub-
lished studies [80]. This apparent paradox is resolved by the obser-
vation that new tools are typically introduced on a small number
of datasets. Data-driven algorithms often tend to perform less
effectively in scenarios different from those for which they were
originally developed. This can be due to algorithms with high-
dimensional parameter spaces overfitting or hyperparameters
tuned to particular data characteristics and subsequently strug-
gling with new cohorts presenting out-of-distribution data. It can
be harder to identify such situations for ‘black box’ approaches
like AI techniques such as modern deep learning algorithms. A
critical first conclusion, thus, is that we need to raise the bar
for empirically testing algorithms. Until advanced approaches are
sufficiently tested and validated on a wider range of datasets,
any recommendation of standard tools will not stand the test
of time.

One approach that can increase the robustness of data-
driven approaches is the early integration of prior knowledge.
Specifically, a multi-partite graph-based algorithm that detects
differences in functionally known pathways in the context of
the disease of an individual patient has recently been shown
to do well on cancer data for a large variety of data types and
cohort sizes. The algorithm hierarchically fuses signals across
a cohort and across multiple data types into a patient–patient
network using an information theoretic similarity measure, while
incorporating functional knowledge from the beginning. The
algorithm performed consistently well in survival prediction and
the identification of relevant molecular mechanisms even on
small cohorts with 100–200 patients where other state-of-the-
art algorithms failed [80]. While the algorithm was tested for six
different data-type combinations and cohort sizes, all profiles
were from cancer patients, and stratification was evaluated for
survival analysis, complemented by discussions of implicated
molecular pathways. It will thus be interesting to see how well
it generalizes to other use cases and domains and, specifically,
complex cardiovascular cohorts.

From Big Data to clinical practice
In this section, we will examine best practices that ensure the
technically and clinically sound use of ASCVD Big Data in the
real-world (RW) and underline the necessity for enhancements
in the execution of integrative research which needs to incor-
porate increasingly recognized socioeconomic, lifestyle, and
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environmental factors [114–117] into the results of analysis
coming from multiomic assays.

The real-world approach enables integrative Big
Data ASCVD research that is clinically valid and
fair
RW data from clinical sources encompasses information drawn
from various repositories linked to outcomes within a diverse
population of patients, in real-life contexts. These sources include,
but are not limited to, EHRs, health insurance claims, disease
registries, and patient surveys. A recent review [118] assessed best
practices and common difficulties regarding design, measure-
ment, analysis, and generalizability in the setting of RW studies
that evaluate safety and effectiveness of treatments in diabetes.
Similarly, all these qualities are also needed for integrative Big
Data studies of ASCVD to enable the translation of findings into
effective and actionable clinical insights for ASCVD patient strat-
ification and management, and in turn provide clinicians with
tools oriented to real-time decision support–based integration of
multiple data sources.

The most critical aspects for RW research having internal valid-
ity (i.e. the returned results are not due to chance, confounding,
or other sources of bias) of the changes in the analysed factor are
related to the design. The study design determines the structure
of the data and the best-suited analytical models. The design of
a RW study is different depending on whether the objective of
the study relates to causal inference of relevant exposures on
ASCVD, risk prediction, evaluation of diagnostic and prognostic
tests, effectiveness of pharmacological or other interventions
(possibly through emulated target trials) [119], or to inform
public health policies implementation (possibly through other
quasi-experimental data analysis methods) [120, 121]. Another
threat to validity is misclassification of ASCVD outcomes (i.e.
dependent variables) in EHRs [122]. Both measurement errors
and misclassification can lead to biased results, and relevant
exposures and covariates need to be identified already in the
design stage. In the section ‘Approaches to data integration in
ASCVD’, we have already stressed the importance of pre-analytic
and raw-data processing.

Importantly, already at the stage of experimental design one
needs to plan for the collection of information related to main
potential confounders and pre-clinical and other variables that
are known risk factors for outcomes, associated with exposure,
and not intermediary variables in associations between exposure
and outcome and which, if unbalanced, may introduce bias [7, 8].
Potential relations may be explored using approaches like vari-
ance partitioning. Multi-dimensional data visualization tools can
also play a supportive role for understanding patterns in data and
potential related artefacts [123, 124]. Data for men and women are
best analysed separately since there are pronounced non-trivial
sex-specific effects seen for atherosclerosis [125]. Where age is
not a variable of interest in the study, in case–control studies, an
accepted way of balancing age effects is frequency matching in
5- or 10-year age groups. When removing effects of covariates,
however, caution must be taken, as a blind selection of adjust-
ment covariates may introduce selection bias when covariates
are colliders rather than confounders [126]. Overall, a carefully
planned design which is suitable to the specific research question,
including the a priori consideration of all needed information,
is critical in the interpretation of complex datasets in ASCVD
research. This is already pertinent when deciding on the collection
times of samples: Levels of gene expression in blood in the days
just after an acute event such as myocardial infarction have been
shown to be very different to those in more stable states before

or several months after the event [127]. At what time samples
should be collected for RNA, protein, and metabolite profiling thus
depends on the research questions being asked. For instance, for
risk prediction the ideal is obtaining profiles a few years before
events through prospective or population studies, and when this
is not possible, it is important to validate findings in a prospective
setting at some later point. In contrast, for identifying health
complications following acute events such as heart failure after
myocardial infarction or risk of second myocardial infarction,
samples from right after the acute events are expected to more
clearly allow the identification of biomedically relevant signals.
Depending on the hypothesis examined, however, one may wait
until after the changes from the acute event itself subside to
study medium to longer term consequences. In summary, any
experimental plan must be aware that time to acute event is a
major determinant of molecular state in ASCVD.

Other issues that need to be considered from the beginning,
when planning experiments, are affected by EU laws and
directives prioritize health equity, ensuring fair access to
resources for all. Discrimination based on sex, gender, race,
ethnicity, and socioeconomic status is prohibited [128]. Health
disparities incur significant direct and indirect costs [129].
Socioeconomic factors strongly correlate with CVDs [130, 131].
ASCVD prediction models vary across subgroups [132, 133],
with inconsistent performance across race and gender [128,
133], potentially leading to unequal therapy distribution. Some
argue that AI/ML strategies could improve care for underserved
populations [134], but ensuring robustness across different
contexts is crucial. Robustness, outlined in the EU’s Ethics
Guidelines for Trustworthy AI [135], addresses the data shift
problem where models may overfit and underperform in RW
research. To combat this, models require diverse training data
and external validation in large independent cohorts, which
ensures trust. Current ASCVD risk forecasting methods may
mispredict risk for groups historically under-represented in
biomedical research, unintentionally harming them. In Europe,
the gold standard for 10-year ASCVD risk prediction, SCORE2
[132], and its adaptation to older ages, SCORE2-Older Person
(OP) [136], do not consider socioeconomic factors [128]. They
may underestimate risk for lower socioeconomic groups and
overestimate for higher ones, widening health inequality gaps. In
the USA, Kartoun et al. found disparities in risk prediction for atrial
fibrillation and ASCVD across subgroups [137]. CHARGE-AF score
performs well but shows higher discrimination for females and
unfairness for sex and race in intermediate age groups. Evaluating
risk models within subpopulations followed by recalibration is
crucial for guiding clinical decisions and informing policymaking.
Interestingly, the most recent Predicting Risk of Cardiovascular
Disease Events (PREVENT) risk calculator developed in the
context of large datasets and EHRs from 6.6 million individuals,
including 46 American cohorts [138, 139], is meant to be a
‘Universal Risk Calculator’ and has eliminated ‘race’ as a
predictor, and has included instead social determinants of health
as measured by the social deprivation index. PREVENT includes
other novel predictors such as a measure of cardiovascular-
kidney-metabolic health to better capture the effects of obesity,
diabetes, hyperglycaemia exposure, and kidney disease, and
for high-risk patients, urine albumin-to-creatinine ratio and
haemoglobin A1c. Importantly, the cardiovascular endpoint was
extended to include heart failure in addition to coronary heart
disease and stroke. While PREVENT has introduced substantial
conceptual changes in the field of prediction, future work
should test PREVENT for external validation in other global
populations.
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From classical to novel statistical methods to
assess clinically relevant cause–effect relations
and biological pathways
Classical statistical methods have become the mainstay of anal-
yses, including smart strategies to identify the most relevant
features, especially in the setting of high-dimensional omics data
analysis. Pairing the Iterative Sure Independence Screening (ISIS)
algorithm with shrinkage methods improves feature selection and
effect estimation, such as LASSO, Minimax Concave Penalty (MCP)
[140], and Smoothly Clipped Absolute Deviation (SCAD) [141]
regressions [142]. Elastic net improves coefficient estimation over
LASSO, but does not satisfy the oracle property [143]. MCP or SCAD
penalties tend to select only one predictor. Adaptive Enet (AEnet)
satisfies the oracle property and selects more than one correlated
feature [143, 144]. This together with Enet, AEnet, and MSAEnet
for feature selection and consistent coefficient estimation, and a
bootstrap approach for empirical confidence intervals for linear,
Cox, and logistic ISIS penalization methods have for instance
been compiled in the SIS R package [142] (https://github.com/
statcodes/SIS).

Importantly, clinically relevant studies require robust metrics
for quality assessment and demonstrated added value to stan-
dard care. The choice and interpretation of metrics depend on
the outcome type, such as categorical (discrimination) or time-to-
event (prospective prediction). Approaches like ROC and AUC are
standard for categorical outcomes, but they overlook the complex
interplay of risks, benefits, and costs. Decision curve analysis
(DCA) [145] evaluates each threshold based on net benefits, con-
sidering defined harms and benefits and disease prevalence in
the population. DCA incorporates decision consequences into the
final metric for assessing clinical value.

A critical aspect of statistical analysis is the model building
strategy. In traditional epidemiology, multivariate analysis follows
a construct-based model building approach. In the setting of
hypothesis-based analysis, this uses a set of variables decided a
priori, and consistent with a given causal framework, as opposed to
automated variable selection methods, which have demonstrated
limitations [146, 147]. In this approach, a typical strategy is consid-
ering progressively adjusted models (from simpler to more com-
plex ones) and the impact of added variables on ASCVD risk and
outcome predictions and patient stratification. An alternative to
construct-based model building that has been recently brought to
the cardiovascular setting is the use of AI/ML models that can be
agnostically trained on vast amounts of written information (such
as in EHRs) to learn patterns and relationship between words and
sentences [148]. With respect to applications of AI/ML tools to the
analysis of complex health-related datasets, it will be challenging
but necessary to develop explainable AI algorithms. These algo-
rithms must undergo the same regulatory and safety standards as
medical products and achieve the precision of today’s physicians
and scientists in order to be socially accepted. In some fields, such
as dermatology, this has already been achieved by automated
image analysis, which often outperforms the diagnostic potential
of humans [149], but for many other fields the superiority of these
analysis methods has yet to be proven.

Another interesting area of evolving research interest focuses
on exploiting the wealth of available genomic data to pre-
dict potential drug targets, specifically, if genetic variants
have been identified using causal inference methods. For
this, there are quasi-experimental methods that use genetic
instrumental variants to elucidate cause–effect relationships,
in particular mendelian randomization and colocalization [150],
that can be applied to summarized data from genome-wide

association studies. Mendelian randomization assesses, under
strong assumptions, if genetic factors linked to an exposure
also affect the outcome, implying causation. Colocalization
investigates if two or more traits share the same genetic variants
at a specific locus. While colocalization is more robust compared
to Mendelian randomization, since it does not require such
restricting assumptions to be fulfilled, it does not allow to
estimate the causal associations and related standard errors.
The two approaches, however, can provide complementary
information on causal therapeutic targets [150] that can be
subsequently followed up using established pharmacogenomic
search engines (e.g. PharmaGKB, DGIdb, SIDER, STRING, STITCH,
DrugBank, and others). Hence, there are various informative data
sources and methods that can be used in Big Data integrative
ASCVD research, not only to explore cause–effect relations, but
also to elucidate biological implications of the research findings
through bioinformatic analysis.

Going beyond these classical approaches, there have been
considerable efforts at modelling mechanistic pathways to infer
causal relationships [151]. Specifically, the Hipathia approach
[152, 153] has recently been showcased in the COVID-19 Disease
Map Challenge at the CAMDA competition, powerfully demon-
strating the value of extracting disease-relevant mechanistic
pathways [154]. Notably, the method has also been employed
successfully in linking nanoplastic pollution to an increased risk
for ischemic cardiovascular disease [155], suggesting that this
approach may have high potential also in the field of ASCVD.

In summary, classical statistical methods complemented by
causal inference through Mendelian randomization and bioinfor-
matic biological pathways enrichment approaches provide pow-
erful tools to gain new biological insights and identify potential
therapeutic targets. As these methods continue to improve, they
will play an increasingly important role in both research and
clinical settings, advancing personalized medicine in the treat-
ment of cardiovascular disease [156]. Finally, it has to be stated
that the classical approach of measuring a few parameters for
thousands of probands in clinical trials cannot be the basis of
real personalized medicine, where rather measuring thousands of
parameters in a single person makes sense [157] in combination
with novel statistical methods and ML/AI approaches.

Seamless integration with healthcare systems
Clinically sound ASCVD Big Data research must empower clini-
cians, patients, and society. The final goal is not only better clinical
care, but also, precision prevention medicine. For this, ASCVD Big
Data analysis platforms need to be effectively integrated within
the healthcare systems. The COVID-19 pandemic has further
accelerated and promoted the integration of EHRs from diverse
data sources. As an example, the unCoVer project [158] demon-
strated effective RW research integration. Sponsored by Horizon
2020 during the COVID-19 onset, collaborators from 30+ institu-
tions collected and analysed data on patient care across Europe.
Datasets were harmonized using common data models, and made
available via remote access using Opal-DataSHIELD, preserving
privacy. A federated learning infrastructure (Fig. 2), compliant
with GDPR, enabled online access to COVID-19 records for anal-
ysis without the data leaving the partnering institution or dis-
closing patient’s personal information to analysts. This approach
ensures secure handling of sensitive patient data including multi-
party statistical analysis. For example, a study of baseline char-
acteristics of 14 236 COVID-19 patients admitted to 6 different
hospitals in Europe between 2020 and 2022 confirmed a greater
proportion of cardiovascular patients amongst those recorded as
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Figure 2. Secure federated computation and analysis of unCoVer data based on Opal-DataSHIELD infrastructure. unCoVer, unravelling data for rapid
evidence-based response to COVID-19. From [158] with permission.

in-hospital death (9.33% versus 44.9%) [159] with a pooled age-
/sex-adjusted odds ratio of 1.68 (95% CI: 1.40, 2.01) [160]. Results
have been found to be consistent across all epidemic waves in
Spain, after analysing EHRs from 13 974 patients and observing
a higher risk of death for patients with cardiovascular-related
conditions [161].

Beyond the unCoVer project, cross-centre data analysis under
GDPR constraints typically follows a structured workflow: (1)
harmonization of local data using common data models such
as OMOP Common Data Model (OMOP-CDM) [162] or HL7 FHIR
[163]; (2) implementation of secure local analysis nodes with
platforms like Opal and DataSHIELD, which allow remote, privacy-
preserving statistical analysis without individual-level data trans-
fer [11, 164]; (3) coordination via federated learning infrastruc-
ture that shares only model parameters or summary statistics
between centres, avoiding direct data sharing [165, 166]; and
(4) governance ensured through data use agreements, institu-
tional data protection officers, and compliance with GDPR ethical
and legal standards [167]. These steps enable secure, real-world
ASCVD research collaboration across institutions while maintain-
ing patient privacy and data sovereignty.

Long COVID has now emerged as a global epidemic with
persistent symptoms, including cardiovascular ones [168].
Visualization of the heart and blood vessels reveals indications
of post-infectious perimyocarditis leading to ventricular failure,
arterial wall inflammation, or microthrombosis in specific patient
groups [169], persisting for weeks or months after SARS-CoV-2
infection resolves. In this setting, reinforcing primary/primordial
cardiovascular prevention is crucial due to the increasing car-
diovascular burden (both COVID related and unrelated). ASCVD
Big Data research should, thus, prioritize primordial prevention
interventions targeting modifiable behavioural risk factors.
The growing use of smartwatches and health apps [170–172]
allows individuals to input lifestyle and clinical data, potentially
aiding AI/ML tools in predicting effective lifestyle changes or

preventive medication for disease prevention. Users typically
consent to data usage, simplifying ethics approvals. Expectations
are for increased device usage, offering self-empowerment and
personalized precision healthcare. Combining smartphone/s-
martwatch data with lifestyle and clinical factors can enhance
AI algorithms for predicting synergistic lifestyle changes. This
could lead to individually optimized, mild lifestyle suggestions
for reaching target health values more effectively than generic
advice.

Integration of EHRs and genetic data is the next step for ASCVD
prediction and prevention in the clinical setting. Big Data stud-
ies demonstrate the power of polygenic risk scores (PRS) for
diseases like ASCVD [173–175]. A Finnish study combined PRS
with clinical risk scores, using a digital platform to communicate
absolute risk to individuals [176]. After 1.5 years, higher baseline
ASCVD risk correlated with positive health behaviour changes.
This highlights the importance of empowering patients and clin-
icians with accurate risk estimates [177]. To effectively bridge
multiomic insights into clinical practice, future cardiovascular
risk models should be recalibrated to incorporate the PRS and
other omics-derived biomarkers alongside traditional factors like
age, cholesterol, and blood pressure. Embedding these enhanced
risk calculators directly into EHR systems could enable real-time,
automated risk assessment during clinical encounters. For exam-
ple, a patient’s integrated risk score—derived from both clinical
and omics data—could be displayed in the physician dashboard
with actionable alerts, supporting shared decision-making for
preventive therapies. Furthermore, omics-informed tools must be
designed with clinician usability in mind, minimizing workflow
disruptions while maximizing interpretability and clinical rele-
vance. These advancements would move precision medicine from
research into routine care, especially in cardiology where risk
stratification is central to long-term outcomes.

Overall, integration of multiomic Big Data, including not only
genomics, but also epigenomics, transcriptomics, proteomics, and
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metabolomics, can enhance precision and personalized health-
care. Social and health insurance systems must adapt to new
technologies to capitalize on long-term cost savings. However,
such approaches might impose an administrative burden on clini-
cians. According to the Phillips Global Future Health Index Report
2020, young medical professionals are driving the adoption of new
technologies, but many feel unprepared to use digital data for
patient care [178]. To truly impact clinical care and reduce bur-
dens, these technologies must seamlessly integrate into existing
healthcare systems, leveraging interoperable EHRs standards like
Fast Healthcare Interoperability Resources (FHIR) to present data
in user-friendly formats using ML. The USA leads the change, with
a major proportion of healthcare providers already embracing
the FHIR standard. In addition to FHIR, there are other interoper-
ability standards for digital health such as the OMOP, OpenEHR
[179], and Systematized Nomenclature of Medicine (SNOMED)
[180]. The integration of automated tools for analysing medi-
cal Big Data offers the potential to alleviate the workload of
healthcare professionals while enhancing the quality of care. This
approach empowers clinicians to prioritize the human aspect of
the patient–doctor relationship [181], resulting in a heightened
standard of care.

Conclusions
Despite recent therapeutic advances, atherosclerotic cardiovas-
cular disease still remains the leading cause of death world-
wide, requiring further research and innovative strategies in order
to improve prevention, diagnosis, and treatment. The establish-
ment of high-throughput sequencing and omics technologies has
enabled the generation of large datasets that capture molecular
factors related to ASCVD development across different -omics
dimensions. Integrative analyses of those datasets with AI/ML
techniques offer unprecedented potential to identify key molec-
ular pathways and new biomarkers to improve risk stratification
and support personalized treatment. In practice, however, robust
multiomic data integration remains challenging.

Technical and experimental biases already introduced during
data collection complicate the integration process and require the
careful application of appropriate preprocessing and normaliza-
tion techniques to combine data in a meaningful way. Whenever
possible, control samples should be included systematically in
experimental designs to allow for more powerful normalization
methods, even if only technical controls are feasible in a study.
In addition, ASCVD is a very heterogeneous disease, influenced
not only by genetic factors, but also important environmental,
lifestyle, and socioeconomic aspects which need to be taken into
account during the analysis. Recent advances on mechanistic
models that highlight potential molecular causes may be of great
value to the development of novel therapeutic interventions.
Those approaches are complemented by black box models from
AI/ML that can show superior predictive power and sensitivity
in picking up subtle patterns from training data de novo. In this
context, issues related to data privacy and ownership still hinder
the exchange and collaborative use of multiomic data across
different studies, which complicates such validations, especially
across populations. This is largely a policy issue, which is of course
affected by ethical, legal, social, and last but certainly not least,
commercial considerations.

Currently, most AI/ML models are developed and validated
on cancer data; therefore, generalization testing is necessary
to ensure that these patterns reflect the underlying biomedical
mechanisms and will robustly work also on cohorts from different

times, populations, and clinics. Future research thus needs to
focus on an improved validation of advanced methods. That is
critical because overfitting can be hard to detect in data-limited
scenarios, and this is particularly true for the high-dimensional
increasingly popular ‘black-box’ AI techniques. This relies on the
collection of benchmark datasets from diverse domains. Discov-
ery and access to such data of sufficient diversity and extent
form key bottlenecks in the advancement and effective applica-
tion of bioinformatics methods for multiomic data integration.
Awareness of and access to the currently available key datasets
in ASCVD, as well as a concerted push by practitioners and
researchers alike for increasing the data commons supporting
ASCVD, is therefore critical for progress in the field.

Establishing catalogues of multiomic data repositories beyond
cancer, harmonized protocols, better data-sharing practices, and
greater acceptance of federated learning will accelerate the effec-
tive application and development of the latest bioinformatics
methods for omics data integration. The expected improvements
in disease prediction, prevention, and patient outcomes will mark
a transformative shift towards precision medicine in and beyond
atherosclerotic cardiovascular disease.

Key Points

• We discuss challenges and opportunities in the rapidly
evolving field of machine learning and artificial intelli-
gence for multiomic data integration.

• Key bottlenecks include discovery and access to data,
as bioinformatics approaches are typically established
on cancer data, with correspondingly degraded out-of-
domain performance.

• We provide, for the first time, a high-value overview and
details of available ASCVD datasets.

• We highlight specific characteristics of multiomic
ASCVD data analysis.

• We examine best practices that ensure the technically
and clinically sound use of multiomic data in the real-
world applications, including considerations specific to
ASCVD.
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